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Abstract

The aim of this thesis is introducing higher order statistics into the claims reserving pro-
cess. After establishing the standard chain ladder model from [WMO08], estimators for the
skewness and kurtosis of the reserve risk distribution are developed. The derivation of
these estimators is built on the work in [Morl2] and [Morl3]. The estimators are then
used in a model framework to simulate the whole reserve risk distribution, which allows
for the application of other statistics such as the Value at Risk.
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Chapter 1

Introduction

Claims reserving is one of the most important tasks for every non-life insurance company.
There are many different ways to tackle the claims reserving problem, with the most fam-
ous and probably most used one being the chain ladder model.

While this model was initially only an algorithm to get a best estimate for the reserves, the
introduction of stochastic models by Mack and later Wiithrich went one step further to
measure the volatility of these estimators. With the concept of the MSEP (mean squared
error of prediction) applied to the claims reserving model we now have a good sense of
the first two moments of the reserve risk distribution.

But knowing only these two moments leaves a lot to be desired since two distributions
can coincide in both but still bear wildly different risks, especially where the tails of the
distribution are concerned.

In the modern actuarial world, where these tails of the distributions gain more and more
importance (the measurement of the Value at Risk being the prime example) it is import-
ant to get finer measurements for the volatility of our data.

Building on two papers by Dal Moro we will find estimators for the skewness and the kur-
tosis of individual elements of the claims triangle and use them in a stochastic simulation
to simulate the ultimate claims.

In doing so we are not only able to estimate higher order statistics of the claims reserves
from the simulation but can also compute other key figures fo the reserve risk distribution,
such as the Value at Risk or the Expected Shortfall.



Chapter 2

The stochastic model !

2.1 General notation and the definition of the model

In this section we will design a stochastic model that allows us to describe the stochastic
claims reserving process in a formal way. It is taken from [WMOS8|, where it is presented
as a theoretical foundation for the claims reserving problem. While this formalization is
not absolutely necessary for practical calculations, it still serves as a good mathematical
background for the following chapters.

We assume N € N claims with accompanying 71,...,Tn reporting dates, where T; <
Ti+1, Vi =1,...,n. Each reporting date T; initiates a time-series process (Ti,j)jzo-

For ¢ fixed but arbitrary, we define T; = T; o < T;1 < --- < T; n, as the time points,
where an action for the i-th claim is observed. This can be anything, from a payment or
a new reserve estimation to any other new information concerning claim 7. 7T} y, denotes
the settlement date of the i-th claim. We set T; n,4x = oo fiir £ > 1.

In our stochastic model we have two stochastic processes associated with the time series
(T3.)j>0- At each time point T; ; we have:

_ J Payment at time 7} ; for the i-th claim
no 0, if there is no payment at time 7; ;

{new information at time 7j ; for the ¢-th claim
VR

0, if there is no new information at time T; ;

For T; ; = co we set X; ; =0 and I; ; = 0.

IThis chapter follows [WMOS].
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Now we can define the stochastic processes relevant for the claims reserving process.

e The payment process of the i-th claim:
Based on (T} ;, X; j)j>0 we define the cumulative payment process C;(t) by

Ci(t):= Y. Xij (2.1)
J€{k;Ts, <t}

where C;(t) = 0 for t < T;. The absolute claim amount is then given by
CZ(OO) = CZ(Tz,NL) = ZXi’j
§=0

The reserve for future payments for the i-th claim is calculated as

Ri(t)=Ci(00) = Ci(t) = Y Xy, (2.2)

JE{k;T >t}

2.1.1 Remark. We note that R;(t) is a random variable, which we will later try to pre-
dict from the data available at time t. One possible method is to use the conditional
expectation as an estimator. This estimator is called claims reserve for outstanding li-
abilities and its calculation (and measuring its volatility) will be the aim of the following
chapters.

e The information process of the i-th claim:
The information process is given by (T} ;,1; j)j>0-

e The settlement process of the i-th claim:
The settlement process is given by (T5 ;, 1 j, Xi j)j>0-

We denote the aggregated processes of all claims by

N

C(t) =Y _Ci(t), and (2.3)
z;l

R(t) = Z Ri(t) (2.4)

C(t) denotes all payments for the N claims up to time ¢ and R(t) the sum of all future
payments at time £.

Now we will consider the reserving problem as an estimation problem. First we define an
information o-algebra, which is generated by the settlement process.

F=o({(Ti;, Lij, Xij) : 1<i < N,j>0,T;; < t})

Quite often there is also external information, which has to be taken into account (for
example a-priori estimates of the responsible actuary, some sort of “expert judgement” or
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external economic indices like inflation and legislative changes). We combine these ex-
ternal factors into one filtration (€;);>0. The entire information available to the insurance
company at time ¢ is then given by

.Ft = O'(./_‘.tN X 8)
Our estimation problem consists of estimating the conditional distribution
P[C(o0) € «|F].

To achieve this we will find estimators for the first four (central) moments of each cu-
mulative claim C;(s) conditional on Fy_; for each s > 0. Then we will use a simulation
method to obtain an estimate for the conditional (on F;) cumulative distribution function
for the ultimate claim. We define the first four conditional central moments as

it (C(00)|Fr) = E[C(c0)|F),
i (C(00)|Fy) = E[(C(00) — py”)?|Fi] = V[C(00)| 7,
i (C(00)|Fy) = E[(C(00) — V)P |7,
) (C(00)|Fy) = E[(C(00) — )| 7]

where o, = M§2) is the standard deviation.

2.1.3 Definition. The conditional kurtosis of a random variable is defined as

u® u®
Kurt (C(00)|F) = =4 = —

ot (u@) i
(2)

where o; = 1/, is again the standard deviation.

Before we will calculate the above estimators we will introduce the standard notation of
the claims reserving problem.

2.2 Notation of the claims reserving problem

Past claims and outstanding liabilities can be depicted in a so called claims triangle, which
applies the claims on a two-dimensional axis. See table 2.1 for an illustration.

The y-axis represents the accident years and the x-axis the development years. The most
recent accident year is denoted by I and the last development year by J. Therefore we
have ¢ € {0,...,I} and j € {0,...,J}. We will denote the entries of the triangle matrix
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Table 2.1: Claims triangle

Explanation
observed data
lower triangle to be predicted

Table 2.2: Color table for table 2.1

by X; ;. Possible interpretations for X;; can be found in table 2.3. Under standard
annotation we consider X;; as incremental data. An often used alternative is to use
cumulative data, which is then given by

J
Cij= Z Xik
k=0

Incremental claims Cumulative claims
X j incremental payments < (;; cumulative payments
X j number of reported claims < (;; total number of reported claims

with AY ¢ and DY j for AY i up to DY j
X;,; change of reported claim amount < Cj; claims incurred

Table 2.3: different interpretations for X; ; and C; ;

2.2.1 Stipulation. For ease of notation and interpretation we set X; ; as incremental pay-
ments and C; ; as cumulative payments for the rest of this paper. All results apply to all
other interpretations as well.

Typically the claims triangle is separated into two parts at time I. The upper triangle
(or trapezoid if I > J, which means that we have more accident years than development
years) contains observed values X; ;, where i 4+ j < I. On the contrary the lower triangle
is empty a priori and has to be filled with our estimates for the future values X; ;, where
145> 1.
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Formally we have the following two sets

Dr={X;;:i+j<I1,0<i<I,0<j<J} (2.5)
Df ={Xij:i+j>1,0<i<I,0<5<J} (2.6)

where Dy is the set of observations (the upper triangle in table 2.1) and D$ the unknown
future set of data (the lower triangle in table 2.1) that has to be estimated from Dy .
The accounting years are found on the diagonals ¢ + j = k,k > 0. The accompanying
incremental payments for accounting year k are then given by

Xp= Y Xij, k=1,... L
itj=k

They are situated on the (k + 1)-th diagonal of the development triangle.
Outstanding liabilities for the accident year i at time j are then calculated by

J
Rij = Z Xig=0Cig—Cij, i=0,...,1
k=j+1

Table 2.4: Claims triangle

Range Explanation
red diagonal current accounting year

(incl. red diagonal) | D,
lower triangle (excl. red diagonal) | DY

Table 2.5: Color table for table 2.4
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2.2.2 Model assumptions. We will assume for the rest of this paper that
I=J

and with that X; ; =0, Vj > J.

This assumption has no impact on any results (which all also hold true in the general
case), but simplifies the notation in the following chapters.

Note that we will still use both I and J in the formulas and proofs to make the thought
process behind the derivation of the formulas clearer and to make it easier for the interested
reader to adapt the estimators and the simulation model introduced in chapter 5 for the
more general case, where I # J.



Chapter 3

The chain-ladder method !

3.1 Framework

The chain ladder method is probably the most famous claims reserving method. Together
with the Bornhuetter-Ferguson method it is the most commonly used method in insurance
practice, as it is easy to implement and understand. Both methods can be seen solely as
an algorithm to arrive at an estimate for the claims reserves. But if we want more than
just a best estimate (say we want to quantify the volatility of our prediction), we need to
define an underlying stochastic model.

Hence in this chapter we will first define this model and then use that framework to
estimate the second moment of the claims reserving distribution. Thereupon we will
derive an estimator for the mean square error of prediction in section 3.3, which means
that we not only try to estimate the variance of the underlying process (C; ;)i j>0 but

~

also of the estimators (CEJL )i.jeps. The derivation of skewness and kurtosis estimators is
then the aim of chapter 4.

3.2 The stochastic model

There are many different ways to arrive at the chain ladder estimators. We want to follow
the distribution-free method presented in [WMOS8], which was first introduced by Thomas
Mack in [Mac93].

In the distribution-free method cumulative claims are linked together by so called devel-
opment factors. Our aim will be to estimate the ultimate claims amount C; ; and with it
the outstanding claims reserve

Ri=Ci;—Ciri (3.1)

for i =1,...,1 (observe that Ry = 0 because of model assumptions 2.2.2).

IThe structure and notation of this chapter follow [WMO08], with the proofs being newly performed.

8
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3.2.1 Model assumptions (distribution free chain ladder model).
e Cumulative claims C; ; of different accident years ¢ are independent. (3.2)
e There exist development factors fy,..., f;—1 > 0, so that
V0<:<TI and V1< 5 <J we have
E[Ci;lCi0, .., Cij-1] = E[Ci;|Cij1] = fi—1Cij-1. (3.3)
3.2.2 Remark.

e Model assumptions 3.2.1 describe the basic assumptions necessary to use the chain
ladder algorithm. These assumptions are sufficient to find an estimator for the condi-
tional expectation, but we will have to expand them step by step for the calculation
of the higher-order moments.

e Independence between claims of different accident years is a basic assumption of
nearly all claims reserving methods. Because of this assumption, effects stemming
from different accounting years should be eliminated from the underlying data.

e The factors f; have varying names in technical literature like development factors,
chain-ladder factors, link ratios and so forth. Our main goal will be to first estimate
these factors and then quantify their volatility.

Let Dy ={C;; :i+j <I1,0<1I,0<j<J} denote the set of observations at time I (see

(2.5)).

3.2.3 Lemma. Under model assumptions 3.2.1 we have
E[Ci,s|Dr] = E[Ci,5|Ci1—i] = Cir—i fr—i -+ fr-1 (3.4)
fori=1,...,1.

Proof. The proof consists of an iterative application of (3.3) and the attributes of the
conditional expectation. D; is an increasing sequence of sets (ie. D; C D;, Vi < j),
which means that the sequence (¢ (D;))g<;<; is an filtration and we can use the tower
property. It follows that

E[C;,;|D1] = E[E[C; s|Ds-1]|Di]
3.2
@) [E[Ci,7|Ci0,--.,Ci7-1]|D1]
W EE(C;s1Ci-1]D1]

3.3
2 fr-1 E[Ci 7-1|Dy]

= fr—i -+ f1-1 E[Cs1-|Dj]
Ci,1—iCDy)
(CrraePr fr—i - f1-1 Cir—;

(3.2)+(3.3)
] = E|

With the same argument we get E [C; ;|D; C;.71Ci 1—i]. a
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With lemma 3.2.3 we get an algorithm to estimate the ultimate loss C; ; of an accident
year, provided we know the development factors f;. The claims reserve for outstanding
liabilities is then calculated by

~

R, =E[Ri)|Di) =E[C; s|D1] = Ciy—i = Cig—i (f1—i -+ fs—1—1) (3.5)

This estimator is generally called the best estimate for the claims reserve of accident year
1 based on information Dj.

In practice the development factors f; are unknown and therefore have to be estimated
from the data too.

3.2.4 Estimator (Development Factors). We will estimate the factors f;, j =0,...,J—1
by (see lemma 3.2.6 for the reasoning behind this).

I—j—1

I—j—1
. Yizo  Cigt _ Ci; Cijt1
o e = > = i
Zi:o Ci,j i=0 k=0 Ck,j CW

(3.6)

Observe that the chain ladder factors are a weighed average of the individual development

factors o
Fijp = —225 3.7
,]+1 017] ( )

3.2.5 Definition (Chain Ladder Estimator). For i = 1,...,Jand j=I1—i+1,...,J
the chain ladder estimator for E [C; ;|D;] is then given by

alCJL =E[CijID1) = Cisci f1—i -+ [i1 (3.8)
We will now define a new set of observations as
By ={Cij:i+j<I0<j<k}CD; (3.9)

We have B; = Dy, the set of all observations at time I. By, represents the set of information
up to development year k (see table 3.1).

3.2.6 Lemma. Under model assumptions 3.2.1 we have

(i) E [E‘B]} = fj, i.e. fj is an unbiased estimator for f; given Bj,
(i) E {f]} = fj, i.e. f] is an (unconditionally) unbiased estimator for f;,

(iii) E [fo f]} =K {fo} - E [f]}, j=0,...,J—1, i.e. the fj are uncorrelated,

(iv) IE{@CJL‘C”_J = E[Ci7J‘D[:|, i.e. @CJL is an unbiased estimator for E|:Oi7J’D]:|
( = ]E[Ci,J’Cz',I—z‘D given Cy 1,

(v) E {6«5‘}} =E |:Oi7J:| , i.e. éSJL is an (unconditionally) unbiased estimator for E |:CZ‘,J:| .
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Co,s

Ch,7-1

)

Table 3.1: Claims triangle with By in blue

Proof.

(i) C;,; is measurable with respect to (w.r.t) B; Vi =0,...,I —j — 1, which leads to

I—j—-1
Ei:o C'i,j+1
I—j—1
Zi=o Ci,j

EUH@]:E[ 5

Bv] _ Zf;g_lE Cij+1|Bj] (3.3) Ef;g’"lci,j fi _
’ >z Cay Yl Ciy
i B |5 =E[E[A]5]] 2 5

(iii) We know that f; is measurable w.r.t. B; for i < j (x). If we use the attributes of
the conditional expectation iteratively we get

o A B 3 R A )
CE[fo - S| YRR - Fa] B[R]
= .=E|f] - E[f]
(iv) With the same argument as in lemma 3.2.3 we have

E|CSF

Ci,ki} @ g {Ci,lfi Froi - fra Ci,Ifi]
=E {Ci,l—i fimi - fr2E [f]—l‘BJ—1

U r[ech, ]

-]

=Cir—i fi—i -+ fr-1 =E[C;;|Di]
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(v) E[CCH] =E[B[ECF|Crii]] @i,

3.2.7 Remark.

e We have shown the uncorrelatedness of the estimators fj, but it has to be emphasized
that this does not implicate independence of the factors. In fact it can be shown
that the squares of two consecutive estimators f; and f;;, are negatively correlated
(for further information see [WMOS]).

e Lemma 3.2.6 shows that our estimators fj are unbiased estimators of the develop-
ment factors and thereby justifies our choice in estimator 3.2.4. In [WMO0S] it is
further shown, that under certain conditions, the choice (3.6) fulfills an optimality
condition amongst all unbiased estimators.

3.3 Mean square error

In the previous section we have established best estimates for the claims reserves, but we
are also interested in their volatility. The aim of this chapter is to estimate the second
moment of these estimators by introducing the concept of the mean square error of predic-
tion. Building on this foundation we will then also calculate higher moments and estimate
the full reserve risk distribution in the subsequent chapters.

3.3.1 Definition (conditional MSEP). The conditional mean square error of prediction
of an estimator X for X is defined by
7

msepy |p ()?) = V[X|D] + ()? ~E [X\D])2 (3.10)

msepxip (¥) =B |(% - x)°

For a D measurable estimator X we have

3.3.2 Remark. We can now interprete the two terms on the right hand side of eq. (3.10)
separately

e The first term is generally called conditional process variance (stochastic error) and
describes the volatility within the stochastic model. This means that this part
cannot be eliminated by further refinement of our estimator.

e The second term is the parameter estimation error. It reflects the uncertainty in
the estimation of the parameters and the estimation of the conditional expectation.
This factor should generally decrease as the number of observations increases, but
it should be noted that in many practical situations it remains positive and never
disappears entirely.
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e We can see our first problem here very clearly. To calculate the parameter estimation
error we would have to know the exact value of E [X|D], which we do not have (we

have estimated it by X ). Therefore we cannot use a straightforward approach for
this calculation. One way to proceed is to study the possible fluctuations of X
around E [X|D].

We will now expand our model assumptions to be able to find estimators for the second

moment.

3.3.8 Model assumptions.
e Cumulative claims Cj ; of different accident years i are independent.

° (Ci,j)jzo form a Markov chain. There exist factors fy,..., f;—1 > 0 and variance

parameters 03,...,0%_; > 0 such that

VO<:<TI and V1 <j<J we have
E[Ci;|Cij-1] = fj-1Cij-1, (3.11)
V[C;|Cij-1] = 05_1Cij1. (3.12)

3.3.4 Estimator. We define the estimators for the 0]2- for0<j;<J—2by

1 ! C 2
- i+l
e () i

i=0 b

3.8.5 Remark. Note that we do not have enough data to estimate & ;_1, which would only
be possible with the above formula if I > J. So a different approach has to be used to
estimate the last variance factor. We will choose the extrapolation introduced in [Mac93]

which states

(35 5)°
051 =min§ =557 5,55 (3.14)
9J-3

3.3.6 Lemma. Under model assumptions 3.3.83 we have

(i) E [O'j |B]] =03, i.e. 05 is an unbiased estimator for o given B;,

(ii) E [3]2-] =03, i.e. G5 is an (unconditionally) unbiased estimator for o7,

Proof. (i) We have
I—j—1 2
1 Ci ~
E&2B]l=F|—" E P (Y b s
[GJ |BJ] [I _] -1 P Cla] ( Ci,j fJ

I—j—1 2
_ 1 Cijy1 7
T —j—1 Z CWE ( Ci,j fj)

1=0
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hence we will calculate the conditional expectations in the sum fori =0,...,I—j—1.

We have
Cijt1 7 ? Ci,j+1 T A :
(G- 5) (S -5- (5-5)
Ci;j ? Ci; 2 2 2
(St -5) || 22| -5) (B-5)|s]+E[(B-5)5)]
We will now calculate each of these terms separately. Using model assumptions 3.3.3

we have )
Cijir _ 4
Cfl’] J

The independence of different accident years yields

Cij+1 n Cij+1 7+
]EKJ*_JL) fi—fi B-] :Cov< JHL f
Ci,j J ( J J) J Ci,j J

E

B;

Bj] &

=E B,

2

Bj] (312) 95 (3.15)

E
Ci,j

Cij

B, (611 |:Ci,j+1

‘)

I—j—1
36) oy (Ci,j+1 i Ch,j Crj+1

L T—j—1 )
Ci; 0 Zk:o Ch.j Ch,;j

)
)

I—j—1

_ Cij+1 Ch,j Cnj+1

= Cov o i -
=0 ii Yo Chyj n,j

‘)

(3.2) Ci; Cij+1 Cijs1
= T—j—1 Cov C’ ) C
S G

Cij Cij+1
= Ifjfi v j ] B;
Zk:o Ck7j C’L’j
2
3. o5
. — (3.16)
Zk:o Cr.j

where Cov denotes the covariance which is defined in eq. (5.6). For the last term

el(5-5)|s] -2 [(5-2[5))"ls)]

=V [fj Bj:|

(39) l b0 Criir |y
I—j5—1 J
k*{) Clw
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2 i
(3.12) ( 1 ) 52 (IXJ:IC >
= ey — i k,j
Sk=0 Ok ! k=0

o2
= 45— (3.17)
>ich Chy
Putting all of this together we have
Ciiz1 = 2 (3.15)+(3.16)+(3.17) 1 1
E (lm-_f> B, -1 o2 - (3.18)
G 7|7 T\Cii i Oy
Thus we can conclude
I—j—1 2
1 Ciit1 =
IE A2, | = = i ]E LIt — Jj j
[UJ |BJ] I—j—1 2 Ci;j ( Ci Ii| |Bj

I—j—1
(3.18) 1 9 1 1
17]71 g )J UJ (Cl,] I—j—1 Ck]

i=0 k=0
2 ', a,
TI-j-1 Z 1= I—j=1 ~
i=0 Zk:o k.j
9 I—j—1
_ 9 I—j— Z Cw
I=j-1 = TiTh Oy
o2 ZI—g—l C
_ j [—j— Zi=0 i
I-j-1 Zi:{) lclw
2
g
=9 (I-j-1
]_j_l( ji—1)
2

(ii) Using item (i) and the tower property of the conditional expectation we have

B [53] = £ £ [57]8,]] = o7

From the above proof we can deduce the following equation

~ 2 2
ST B 1 R 1 1 A B
Z'L:O Cij
We will need this equation later on in the derivation of the conditional estimation error
and the derivations of the skewness and kurtosis estimators. R
Our aim for the rest of this chapter is now to find an estimator for the MSEP of Cl-(f 2
where i =1,...,1.
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We have
N ~ 2
msepc, |p, (C’fjf‘) =E [(CZCJL - Ci,J) ’DI:|
3.10 A
PV (G 1) + (CCF — E[C:a1D1)) (3.20)
for single accident years and
I I 1 2
msepsr_ ¢, ip, (Z cf}) =E (Z CoF=>" CZ,J> D; (3.21)
i=1 i=1 i=1

for aggregated accident years.

3.3.1 Conditional Process Variance

3.3.7 Lemma. Under model assumptions 3.3.3 the conditional process variance for the

ultimate claim amount C; j of a single accident year i with i =1,...,1, is given by
VI[C; = (E[C;i.j|C; 1-i] 3.22
Cui=Eleucs i 8 e
Proof.

VI[Ci s|D1] = V[C; 4|Ci 1]
=E[V[C; s|Cis-1]|Cs1—:) + V[E[Cs,1|Cs,5-1]|Ci 1-4]
=05 1 E[Ciy1|Cis—i] + f5_1 VICij-1|Ci1—i]
J—2
= 0371 Ci,jfi H fm + f3—1 \% [CZ-’J,1|CZ"[,Z-} . (3.23)

m=I1—1
We can now do the same procedure for V[C; j_1|C; ;4] to get

J—3
V[Ci7-1|Ciz—il = 05_5 Ci1— H fn + £5_5 V[Ci y—2|Ci1-i] .

m=I—1

Iterating this until we get V[C; ;—;|C;1—;] (= 0) on the right hand side of the above
equation we get

J-1 J— -1
V[Ci,J|DI]: i,I—1i Z H fn H fm

j=I—in=j+1 m—Ifi

J—1 —
:Z H an']E 13‘011 1,]

j=I—in=75+1

2
= 4 Cl z
( [ J‘ 1 Z f2 ZleZI z]

j=I—1
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3.3.8 Estimator. Our estimator for the conditional process variance is then

V[Cis|Di] =E [(Ci,J -E [Q‘,J\DI])Q’DI}
(3:22) 2 1 3]2
(c ) 3 Fréer (3.24)

j=I—1i

where for ease of notation in the formula CF ;= Cj r_;.
We can also use eq. (3.23) to get the recursive formula

V[C;j|Dr) =V [Cija|Dy) F2y +53., CEF L,
Vi=T—i+1,...,J

where V[ ;.1—i|Dr] = 0 and again Cl =01 .

Under model assumptions 3.3.3 different accident years are independent, which leads to

I
DI] = ZV[CN|DI}.
i=1

Therefore we estimate the conditional process variance for aggregated accident years by

] = Z@[Cwm,}.

I

>

i=1

\Y%

I

> Cis|Dy

i=1

v

3.3.2 The parameter estimation error for single accident years

To calculate the MSEP we now need to find an estimator for the second term of eq. (3.20).
This estimator will tell us about the accuracy of the chain ladder estimators f;. We begin
by calculating

3.4)+(3. 8)

~ 2
2 (Fr --fJ_l—ff_i---fJ_l)
J—1 -
=Clr <H T2 107 fg> (3.25)
J

% J=I—1i J=I—1i

(aff—]E[Ci,ﬂDI]) (

Observe that while the factors fj are known at time I we do not know the factors f;, j =
0,...,J — 1 (that is why we had to estimate them in the first place), hence we cannot
compute eq. (3.25) directly. We will now use an analytic resampling approach, introduced
in [WMO8]. In this approach we will analyse the extent to which the estimators fj fluctuate
around the true values f;.

We start by focusing on resampling the following products

}?71’”'}‘?}717 ZzlvaI (326)
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AY/DY 0 1 I —1 I—i+1 J
0 Co.0 Co1 e Cor—i | Cor—it1 Co,s
1 0170
¢ : Cir—i
: . Cr-12
I Cra

Table 3.2: Claims triangle with D?i in green

First we again define a new subset of D; (see table 3.2 for a visualization)
DY ={Cr;€Ds:j>I1—i} CDr. (3.27)
Observe that E is Bj;+1 measurable. We will now conditionally resample in Dgi, which

formally means that we will sample under a different probability measure. For this we
will calculate the value of

e[

Bz_z} E[ﬁ_m‘&_m} ]E[f?,_l‘BJ_l} (3.28)

This means we are averaging the factors fj at every position j =1 —4,...,J — 1 on the
conditional structure. Note that eq. (3.28) depends on the observations in Dgi, because
we have that DY, N B; # O if j > I —i.

To formalize things we note that the estimated CL factors f] are in fact functions of
(Ck,j+1)k=0,....1—j—1 and (Ck j)k=0,...1—j—1 SO We can write

o~ o~ I=i=1c, -
fi = [i (Crjs1)r=0,...1—j—1, (Ch j)k=0,....1-j—1) = %

k=0 Ok,j

According to model assumptions 3.3.3 (C%, ;);>0 is a Markov chain, so we can write its
probability distribution as

APk (o, ..., 15) = K§ (dzo) K{ (2o, dw) KE (w0, 21, d2) -+ K (... 2y 1day)
= K (dzo) K (2, day) K (21, dag) - K 2y 1day)
In this resampling process we will now always keep the set of actual observations Cy, ; fixed

and resample the next step in the time series. This means that, given D, we consider the
following probability measures

I-1

dpPy, ((zk,j)kﬂgl) = H K" (Cro,dzpr) - K, (Crg—i—1, dpr—k)
k=0
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for the resampling of

I—j5—-1

J-1
2ok=0  Thj+l
II 7 H ((@k,j+1)k=0,....1—j—1, (Ck,j)k=0,....1—-j—1) H

I ] 1
j=I—i j=I— j=I—i Clw

The values C ; serve as a fixed volume measure for the resampled values of zy ;1.

3.3.9 Remark. [WMOS| also introduces other approaches to tackle the resampling problem,
but we will only focus on this one as it leads to a closed analytical formula for the MSEP
of the reserves.

To accomplish the resampling of the CL factors fj we introduce a time series assumption
to our model. Our new stronger model assumptions can than be defined as follows

3.3.10 Model assumptions (time series model).
e Cumulative claims C; ; of different accident years are independent
e There exist constants f; > 0, o; > 0 and random variables €; ;41 such that
Cijr1=1f; Cij+0; VCij €ijn (3.29)
Vie{0,...,I},and V j€{0,...,J — 1}

where ¢; ;11 are conditionally independent given By, with E [e; j11|Bo] = 0, E [5127j+1 ‘Bo] =
1 and P[Ci)j+1 > OlBO] =1V e {O,...,I}, and Vj € {0,...,]— 1}.
3.8.11 Remark.

e We can see that eq. (3.29) defines an autoregressive process. We will use it in our
derivation of the estimation error.

e The random variables €; ;41 are defined via the conditional probability measure
P[-|By]. All subsequent calculations are then done under this probability measure.

e Observe that we have C; ;41 > 0 almost surely under P[-|By] for our cumulative
claims. Note that a similar assumption also underlies model assumptions 3.3.3 to
make sense of the variance condition (eq. (3.12)).

e It can easily be verified that model assumptions 3.3.10 imply model assumptions 3.3.3.

We will now resample the observations for f/‘}_i, e f]_l, given the upper triangle D;.
To do this we generate a new set of observations Cj i1, given Dy, ¢ = 0,...,I and
j=0,...,J —1 using the formula

Cij+1=Ffi Cij+0j VCij &ijn (3.30)

with o; > 0 and &; j41 being an independent and identically distributed copy of €; j11,
given By.
Before we procede we define the following short notation

k
Hs =S Ci, (3.31)
=0

Now we can calculate our development factors under model assumptions 3.3.10.
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3.3.12 Estimator.

I—j—1
P _ 2izo Cijt1 (3.30)

I—j5—-1

Jj—
fit+ -1 1 j{: VCij Eija (3.32)

J T—j—1
>ico Ci S; %
We denote the probability measure of the resampled factors by P7, . With this we have
3.3.13 Lemma.

(1) the resampled estimates ]?;LZ-, cey J?f;q are independent w.r.t. to Pp ,

(i1) E% [A} fj forj=0,....,J—1, and

~\2 2 0',2- .
(iii) Ep, [(f]’f) ] = f; —|—[I,j71118_f0rj =0,...,J—1.

Proof. (i) We have that the &, ; are independent, given By C D;. From eq. (3.32) we
can see that the fI are real-valued functions of the &; ; and deterministic variables,
which immediately implies that (¢) holds true.

(ii) For j =0,...,J — 1 we have

I—j—1

> VCij B, [Eijial = £,

=0

Bp, [F] =i+ u-fquJ

since E [g; j+1]Bo] = 0 (4).

(iii) For j =0,...,J — 1 and using the conditional independence of &, ;(c) and
E [E%j_H‘BO] =1 (x) we have

Ej, {(f;ﬂ _
:fj2+E%f [([I i-lg Z \% ”5”“) ] +2E;31 [[If; 01] Z VCij €ij+1

I—j—1 2 I—j—1
< . N 2
—f]~2—|—‘(73)2 Ep, [( Z Vi j €i,j+1> :| T {J 1(]7; Z VCi; Ep, [Eij+1]
i=0

([I*J 1]Sj i=0
@) o] &
= fj 5 Vp, Z VCij €ij+1
([I Ji— 1]5) =0
J
©) o} iy
o
2R+ > Gy Ve, [l
([I—J—l]s_) =
J
2 )
Cpa g

([,,j,l]sj)z J
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2
_ 9%
U-i-lg

J

:f].z+

Using this and the fact that for independent random variables X1, ..., X,, we have

n

[1%|=I1E] - T ®XD° (3.33)

j=1

we can resample the estimation error

(€ ~ElCsD) = 21y (Frmi o Foor — fri o fima)

by calculating
~ - 2
021 iED, [(f;i"'f;l _fIfi"'fJfl) } =
21V, [fise B

e e (3] 115

Jj=I—1i j=I—1
- 2
—c? H ( ik ) H £ (3.34)
=i T—i-1q 1] :
j=I—i Jj=I—1

By replacing the unknown parameters by their estimates we can now define an estimator
for the conditional estimation error.

3.3.14 Estimator. We estimate the conditional estimation error for accident year i =
., I by
)

v[ecH D] = s, [(65F - EICis/D1)]

. ‘34) J—1 - 32 J—1 -
2 J
c?, (fj + ”‘J‘”S> - 11 5 (3.35)
j=I—i j j=I—i
This equation can be rewritten in a recursive form. We obtain for j =1 —i+1,...,J

@[égf‘pl] ~v|eok 1’2)1} ez [Ij_?f]; ﬁ <f3n+u—5—?n1]5)

j—1 m=I—1t

2 951 2
_V[ i,5— 1’7)1} (fj—1+ [I—j—jl]S >+Ci,l (T 1] H fm
i1

]lmIl

(3.36)
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3.3.15 Estimator (Mean square error of prediction for single accident years). Under
model assumptions 3.3.10 we have the following estimator for the conditional MSEP of
the ultimate claim for a single accident year i =1,..., 1

—~ ~ 2
msePc, | |p, (CZCJL> =E [(QCJL - Ci,J)

—1 ~
J 02

(3:20)+(3.24)+(3.35) 2 -1 52 J-1
o (Ci’J) Z 72 CL + i <fj + ;) - I
15 Cij i Pl

j=I—i

N2
By observing (CZC;L) =C?_, [T/=Z), 72 we can rewrite eq. (3.37) as

j=I—-i/j
52
J

J

~2 J—1

J—1
~ ~ 2 foi
—— CL CL J
msepPc, | |p, (Ci7j> = (Ci,J) E =~ é Tt I I
S -

j=I—1i j=I—1i

To get the Mack formula which we will need later on we do a linear approximation from
below. We have

oa

If we drop all cross products from H;’;}_Z (1 + M), which actually means devel-
j j

oping the Taylor series around point a = 0, we have

J—1 6_\2 J—1 32
J ~ J
11 | <1 + STg |~ 1+ EI == (3.39)
7 = J

which leads us to the following estimator.
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3.3.16 Estimator (Mack Estimator for the MSEP of single accident years). Under model
assumptions 3.3.10 we have the following Mack estimator for the conditional MSEP of the

ultimate claim for a single accident year i =1,...,1
e 2 J—1 (/7\2 1 1
e ACLY ._ (ACL J
mseP¢, ,|p, (Ci,J> = (C’LJ) E = Bor + Ti-1g (3.40)
j=1-i i \%ij i

o —

3.3.17 Remark. Note that the = in eq. (3.39) is in fact a >, so rfse\pcwmj (@CJL) is a

lower bound of msepg, |, |p, (QCJL)

3.3.3 MSEP for aggregated accident years

While model assumptions 3.3.10 state that different accident years are independent we

still have to take dependencies into account when aggregating the factors G%L, since they

are estimated from the same set of data (]?J and ¢; do not depend on ¢). We start with
the case of two aggregated variables and compute for 0 <i# k < T

w5ePo, 1, o, (CCF + OFF) = E [(55} 1O (Cist ck,j>)2‘p,]
LV (0, + CuylDi] + (GSF + CEF ~E[Cos + CrylDi])
Using the independence of different accident years the first term is simply
V[Ci g+ Cy jIDr] = V[C; 5|Dr] + V [+C 4| Di]
where we already have estimators for the individual terms. For the second term we get
(6 +CCF ~ElCiy + c,m-u),])2 = (o -k [ci7J|D,})2 +(C¢F-E [ck,jm,])Q
+2(CSF —E[CiyD1]) (CCE — E[Cyy1D1))

Combining these two equations yields

~ ~ ~ 2
ee— CL CL CL
msepciy‘]_;'_ck”l‘p[ (Cl,] + de ) = E |:(C’L,_] - Cl,J)

DI} {E [(5,5; —c)

+2 (@C]L ~E [Ci,J|D[]) (@CJL ~-E [c,“jm]])

)

—— ACL — ACL
= msepg, ,|p, (C’i)j ) + msepg, | |p, (—i—C’k’j)

+2(CF —E[CilD) (CCF —E(CusIDi))
(

We will now resample the development factors to get an analogous expression to eq. (3.34).
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Under P}, we resample the terms

(@CJL —-E [Q‘,J\DI]) (CA';?JL -E [Ck,j|D1]) =Ci - (J?I—z‘ e fro = fiie "fJfl)
Cr,1—k (fl—k e frer = froge fJ—l)

by calculating (without loss of generality we set i < k)

-1 -l -1 -1
Cir—i Ck1—x Ep, I 7- 11 5 - £

j=I—i j=I—1 j=I—-k j=I1—k
J-1 J—1 J—1 J—1
=Ci1-i Cra-k E%,{ fi H Ii— i f;
j=I—1 j=I—k j=I—1 j=I—k
-1 J-1 J—1 J—1
-1 # fi+ f; fj]
j=I—i j=I—k j=I—i j=I—k
I—i-1 o J-1 o J—1 J—1 R
=Ciri Ck,I—k{ E[fﬂ E[( J*) - H fi ]._.[ E[ J*}
j=I—k j=I—i j=I—i j=I—k
J—1 -l J—1 J—1
- En] I u+ 115 10 fy}
j=I—i j=I—k j=I—i j=I—k
I—i—1 J—1 2 J—1 J—1 J—1
oo I 6 TLE|(R)]- I #- T #+ 10 #]
j=1—k j=I—1i j=I—i j=I—1 j=I—1i
J—1 0_2_ J—1
= Ci,1-iE[Cy 14| D1] H < 2+ m) - H 13 (3.41)
j=I—i S; j=I—i

Plugging in our estimators we get

3.3.18 Estimator (Mean square error of prediction for aggregated accident years). Under
model assumptions 3.3.10 we have the following estimator for the conditional MSEP of

the ultimate claim for aggregated accident years i =1,...,1
I I I 2
—— ACL ACL
mSepEi Ci, 7| Dr <Z Ci,J) =E <Z OiJ — ZC@]) Dy
i=1 i=1 i=1
(3.41) !
3. —— ACL
= stepci,ﬂbl (Ci,J)
i=1
J—1 ~ 6_\2 J—1 -
~CL J
+ 2 Z Ci,I—i Ck,]—i (fj + [I_J_l]S> - fj
1<i<k<I j=I—1i j j=I—1i
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Analogously as in the derivation of eq. (3.39) we can do a linear approximation from below
to get the Mack Estimator presented in [Mac93].

3.3.19 Estimator (Mack MSEP for aggregated accident years). Under model assump-
tions 3.3.10 we have the following estimator for the conditional MSEP of the ultimate

claim for aggregated accident years i =1,...,1
—— AC —— AC
MSePs:, i s |Ds <Z ClJL) = stepcz‘,ﬂpf (Cl’]L)
i=1 i=1
J—1 b_\z
ACL ACL J
1<i<k<I j=I—iJj j



Chapter 4

Estimation of skewness and
kurtosis

Having established estimators for the first two moments in the previous chapter we now
want to estimate the skewness and the kurtosis of our claim reserves. Therefore we will
first expand the model assumptions and then find an appropriate estimator. Higher-order
moments often give us a more intricate look at the distribution of our random variable.
Especially when it comes to the tails of the distribution (which are often needed for Value
at Risk calculations), we can find better distributional fits than with just the first two
moments.

4.1 Estimation of the Skewness

4.1.1 Definition (Conditional Skewness). Following the notation from chapter 2 we
define the conditional third moment of a random variable A, given B as

u® (A1B) = E (A~ E[4|B])°|B] (4.1)
Then the conditional skewness is given by

Skew (A|B) = n 2 (AIB)
(V{AlB])®

Next we will expand our model assumptions to fit higher order moments.

4.1.2 Model assumptions.

e Cumulative claims C; ; of different accident years ¢ are independent.

IThe structure and notation of this chapter follow [Mor12] and [Mor13], with the proofs being newly
performed and resulting in slightly different estimators.

26
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. (Ci,j)jzo form a Markov chain. There exist factors fy,..., f;—1 > 0 and variance
parameters 03,...,0%_; > 0 such that
V0<i:<I and V1< j5<J we have
E[Ci;|Cij-1] = fi—1Cij-1, (4.3)
VI[C;;|Cij-1] =07 1Cij1.

o Skew (C; j+1|Dr) depends on j but does not depend on i.
From the last point in model assumptions 4.1.2 we can deduce
Vjied{0,...,J =1} 3v;Vied{0,...,I}:
v; = Skew (Ci j11|Dr)
_ 1 (Cij1lDr)
 (V[CignlDi)?
(a0 p® (Ciyj11|Dr)
(o)

This can be rearranged to

e

1® (Cij|Dr) = (o Cij)2, (4.5)

which means that the third moment of C; ;4 is proportional to (C,J)%

We will now use the special form of the above equation to define a modification of the
skewness in which we will incorporate the variance factors 0]2. From eq. (4.5) we have
that there exist factors 77 so that

3
1® (CijalDr) =77 (Ciy)? (4.6)
Vi=0,...,/and Vj=0,...,] -1
4.1.8 Remark. Note that
5 :
v = jy j=0,....,.J—-1 (4.7)
CAN

Before the next formula we want to generalize the short notation from eq. (3.31) to simplify
the notation in the proof.

4.1.4 Definition. We set i
(k] qlp] ._
iy, (19
i=0

and in accordance with eq. (3.31) we set

k
Mg, =Ml =3¢y (4.9)
=0
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4.1.5 Estimator. We will estimate v} for j=0,...,J —3 by

I—j—1
’ 03/2 & “ig+l _F
Z ] Ci; fﬂ
;= i=0 : 1; — — (4.10)
It Cw- > k=0 Cij— (Zk:% Ck,j)
Z j_l Ck . + 1_]_1 C 3
=0 =0 & (Zk 0 k,j)
4.1.6 Remark. Note that estimator 4.1.5 differs from the one given in [Mor12], which is
I—j—1 3
1 3 C . ~
~DM /2 i,j+1
DM _ o Zhitl  F
, (Zk:o k]) =0

) (Zilffl Cm‘)g

The form of eq. (4.10) results from the proof of lemma 4.1.7 and is very similar in form
to eq. (4.26). Therefore we will use estimator 4.1.5 from here on out.

4.1.7 Lemma. The estimator ¥* is a conditionally (and unconditionally) unbiased es-
timator for v*, which means that

(i) ]E[‘?;‘BJ] =~*forj=0,...,J -3
(i) ]E[‘?J*] =~*forj=0,...,J—3
where Bj ={Ci:i+k <I,0<k<j}CD;s (see eq. (3.9)).
Proof. To simplify the notation we define
By [ =E[IB;] and V;[] = V[IB; (411)

which means that all of the expectations are taken on the conditional probability measures
P(-|B;), where j =0...,J — 3.

(i) For j =0,...,J — 3 arbitrary but fixed we start by calculating

I—j— N3 15y IS
[ Z 03/2 < B _fJ) ] = Z 03/2 J+1 -3 Z [ C2J+1]
i=0

Ci i=0 i i VCi

1

(a) (b)
I—j—1

+3I§1 \/@Ej [}?Cz‘,j+1:| - Z C:,/J'QEJ' {}ﬂ
=0

=0

(e) (d)

We will now calculate each element of the above equation individually:
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(a) We have

L o2 (46)
v Ciy = 1 (Cijn|Dr)

=E; [C}, 1] = 3E; [C?; 1] E; [Cijy1] + 3E; [Cij1] E; [Cijia]” — Ej [Cijga)

=E; [C}j41] -3 (Vj [Cij1] +E; [Cz‘,j+1]2> E; [Cij41] + 2E; [Ci 1]
(4.3)+(4.4)

=" E; [CPi] =3 (07Ci; + [1CF;) [iCig +2fCY;

=E; [C}; 1] = 3fj07C7; — [7CE;

J

which yields
L )
* 3/2
(@)= > o7 (’Yj Cij +3f05C; +ffo’,j) (4.12)

=0 ,J

(b) By inserting the definition of f] and using the independence between different acci-
dent years (%) we have

I—j—1
2 (3.6) 1 2 3
E; [fjci,jﬂ] = WEJ' Z Ck,j+lci,j+1+ci,j+1
E:k:o Ck. k=0
ki
=L
o) &
* 2 3
= L | E; [Cij44] E; [Cr,j+1] +E; [CPj41]
k=0
ki
I—j—1
(4.12)+(4.3)+(4.4) « 32
= L (07Ci;+ £7C2) > (fiCry) +7; Ciy +3£05CE + f{C3;
oy
2 & 3 ~2 & w ~3 2 2 3 ~3
=L| fi0;Ci; Y Crs+[iC2; > Crg+n; Ciy +3f05C; + [7C;
o o

I—j—1 I—j—1
. 32
=L (fjo'?’ci,j > Cri+[iC D Cry+7; Cij +2fj032'03,j>

k=0 k=0

. 3/2
= [503Cis + 32 + L (3] € +2£03CE,)

so we have

I—j-1 x 32 212
1 v C 2f;05C7 .
(b)=3 ) £i03C 5+ 207 + — L — + (4.13)
i=0 VC%J T o i:% 1C%J i:é 16%4

(c) We again insert the definition of f; and use the independence between different
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accident years (%) to get

I—j—1 2
3.6 1
E; [J?]?Ci,jﬂ} @0 —— E [( > Ck,j+1> Cijt
j ) £

(E:iioil(jka =0
=M
—1 I—j—1k—
=ME; |Cij+1 ( Z Cijs1+2 Z g+ Cn,j+1>}
k=1 n=0
I—j—1 I—j—1k—1
=ME;|Ci 1+ Z (C% j+1Cij41) +2 Z Z (Ck,j+1 Cnjr1 Cijir)
o W 0
i—1
+23 (Cujnr Ci2,1'+1):|
n=0
I—j—1 I—j—1k—1
=ME; [Coia+ D (CRim1Cig11) +2 D D (Crjir Coypr Cigir)
= e
I—j—1
+2) (Cuir C2j1) +2 Y (Crgr Cij4a)
n=0 k=i+1
I—j—1 I—j—1k-1
=ME; |G+ Y (CRinCigr) 2 Y > (Crgsr Cayar Cigen)
= Wz A
I—j—1
+2 > (Crgrr Cijpa)
k=0
ki
- ) I—j5—1
= M(EJ‘ [Climal + D0 (B [CRy11] Bj [Cigial)
oy
—1k—1
+2 Z > " (E; [Crj+1] Ej [Co 1] By [Cjta])
'Z# e
+2 Z i [Crj+1] E [Ciz,j+1]))
k:;éz
3/2 rat
=M (5 G +3003C + [k + 5,0 Y (030 + F1CE)
=
IT—j—1k—1 I—j-1
+2f] Y Y (Chy Cnyj Cig) +2(05Cii + fFC25) fi Y cw)
k=1 n=0 k=0
k#Ai nAi ki

I—j—-1 I—j—1
(% C” + fi05C, ,J<3C,]+ S Crit2 > (),w>
k= k=

0 0
k#1 k#1
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I—j—1 I—j—1k-1 I-j-1
+fj307,,]< +ch]+2220k] n,j +C’L] ch])>

k=1 n=0
k#i nFi #i

I—j—1 I—j—1 I—j—1k—1
(v] .+ 3f,02C, S Cri+ff ”<Z Cij+2 Y. > (Ckj Cny >>

k=0 k=1 n=0
o2 I—j—1 I—j—1 2
=M |~ Ci; +3fj(7]2'0i,j Z Chr.j +f]:"’Ci,j < Z Ck,j)
k=0 k=0

which yields

I—j—1 I—j—1 I—j—1 2
(=3 > VG S VASL (7; O+ 3F,0°Cy > Crji+ £Ci; ( > ck,j)>
=0 (Zi . 101”) k=0 k=0
(4.14)
(d) For the last element we will use eq. (3.19) which states
E. [72 o} 2
J [fj ‘BJ} - Z{;gq Cij + fj'

Additionally we will use the fact that for independent random variables X1,..., X,
with expected value of zero and each with finite first three moments we have

n 3 n
(Z Xl-> =Y E; [X7] (4.15)

This follows from the fact that all cross products contain a factor of the form
E; [X;] (= 0) and are therefore zero.
We use this theorem on the centralized random variables C; ;11 —E; [C; j41] to prove

- -~ (43) Zf:g’l Ci 41 Zfé'*l Cij+1 \

E; (fj_]Ej [fj]) B\ s B | s
Zi:O Ci,j Zi:o Ci,j

_ _ 3

1 I—j—1
=73 E; < Ci7j+1 Z ]E 1g+1 >

L =0
1 [ /1—j—1 3
CEre ('3 cva-si0m)
[—5=1 . ) =
=0 5] L
I—j—1
(4.15) 1
ESEEE) E; |(Cig+1 —E; [Cigar))”]
iz Cm) =0
(4.6) y* I_j_lcs/z 4
p (4.16)
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Using all of the above we have

32

5 (7] [(5 -2 A1) o 7] 5] - ] ]

=5, (5w 7)) + 52, (5] 5] - 2m [7]

. I1—j—1 2
(4.16)+(3.19) ~y 3/2 o’ ) 5
= Zci,j+3<zj10+fj>fi—2fj
(Zz:_g_ CTJ) 1=0 Zi:o 1,5
. 1—j-1 fi0?
- P S e R

which yields

I—j—1 N I—j—1 f
J

3/2 vy 3/2 jo
@=> Cj|l——3 > Cri+357=1 5

3 J
i=0 (Zk de> k=0 k=0 k.j

Putting everything together we have

I—j5—-1 3
E; ZC/2< o fj)]—()—(b)Jr(C)—(d)
I—7—-1
1 3/2
=2 |gm (v €l + 35,0302, + 170
=0 1,]
3/2 o202
3 ( 2 32 ; Cig 210705,
] ij'jCij+fjcj
. ’ ? [I 1] [I-j-1]
Cij I= S; I= Sj
3/C; 5
+ V(o 6 855020, s+ e (U
-1l g
(")
e s DU
i | 7 . 1 N3 J I 1
(I = ”S) k=0 o S]
I—j—1

J
N 3/2
= D | 3h0iVC + O

=0

v Ci 20 23/2
3 J 5] VAl
( VG 170 [111]S+[111]Sj>
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3 3/2[] 1] 2 3/2
/ & f ;
_ o C“ 3
" ([I i- 1]5 )3 ,;) s, i

I—-j—1 . 3 CiJ’ 3 CZJ 03/2 —j— 3/2
; 71— [I_j—1]Sj + ([I—j—1]5j>2 - (I P 1]5) kzo

. 2

. T—i—1 ~3/2

« ) 55;3*10% ( k=0 Ck,j)
=y ({—-Jj—3+3 —

[I—j—l]sj)Q (u—j—ﬂSj)S
o _Iil (1 i >3+ e ( ”;c,?)

1]101” ( Iglc}w)

which proves [E; [ﬁ]* |Bj] = 7; and where we used the following equation for the last
equality

I—j—1 3 I—j—1 ~2 I-j-1 3
Cij ) im0 Ci; Ck,
Z (1 B [Ifj!f] ) =1=j=3+3 - 971] vl ka 0,1]

(#9) Using (i) we have E [ﬁ;] =E[E ﬁ]*‘BJH =~*forj=0,...,J —3.

=0

Qa

4.1.8 Estimator (Skewness estimator). By inserting our estimators into eq. (4.7) we can
estimate the skewness of development year j 4+ 1 by

¥ =—>%, Vj=0,...,J -3 (4.18)

Because the estimation is unstable if there are too few data points (which for the estimation
of the skewness is normally the case for the last two development years), we make the
simplification to estimate 7;_1 and J5_5 by

Nj-1=7j-2=0,

which assumes an underlying normal distribution. In the case of more accident years than
development years, i.e. I > J, it is possible to use eq. (4.18) for j > J — 2, because the
proof of lemma 4.1.7 is not dependent on j < J — 2. For each step that I is greater than
J we can estimate one more factor 7; with eq. (4.18).

4.1.9 Remark. Note that while our estimators ﬁj* and 832- are unbiased, this does not have
to be the case for 7;.
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4.2 Estimation of the Kurtosis

In this section we will cover the same steps as in the previous one but now we will adapt
them to the estimation of the kurtosis of a distribution.

4.2.1 Definition (Conditional Kurtosis). Following the notation from chapter 2 we define
the conditional fourth moment of a random variable A given B as

4@ (A|B) = E [(A ) [A|B])4‘B} (4.19)

The conditional kurtosis, as defined by Karl Pearson, is then given by

p(AB) _ p™(AB)

Rt AR = @ am)? ~ v

(4.20)

Next we will once more expand the model assumptions to allow us to find an estimator
for the kurtosis.

4.2.2 Model assumptions.
e Cumulative claims C; ; of different accident years i are independent.

° (Ciaj)jzo form a Markov chain. There exist factors fp,..., f;—1 > 0 and variance

parameters o3, ... 70371 > 0 such that
VO0<i¢<TI and V1 <j<J we have
E[Ci;1Cij-1] = f3-1Ci -1, (4.21)
V[Ci;|Cij-1] = 07_1Ci j-1. (4.22)
e Skew (C; j+1|Dr) depends on j but does not depend on 3.
e Kurt (C; j+1|Dr) depends on j but does not depend on .
Again we can use the last point to conclude
Vje{0o,...,J—1} 3k; Vie{0,...,I}:

Ry = Kurt (Cid#lltD[)
_ W (A]B)
(V]4|B))*
(4.22) u* (A[B)
S, 4 N2
(05 Cij)

This can be rearranged to

2
/14(4) (Ci7j+1|D]) = Ry (O'J2 Ci,j) s (423)
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which means that the fourth moment of C; ;11 is proportional to (Cm-)Q.

To find an estimator for the kurtosis we will now go the same way as in the last sec-
tion. First we use eq. (4.23) to define a modification of the kurtosis, appropriate for this
particular case. We deduce that there exist factors k7 so that

1@ (Cij41|Dr) = &5 (Ci ) (4.24)
Vi=0,...,/and Vj=0,..., I —1

4.2.3 Remark. Note that

Kj = —2 (4.25)
We will have to work a bit differently than in section 4.1 because we do not have an

expression for
9\ 2 ~ = 2
E[@)°[8)] = v [#318,] + (E[52]8,])

Trying to calculate V [EJQ-[B]-] becomes tricky very fast, because terms of the form

I—j5.1 2
Z Cu< = —fj)

B;

arise. Because the inner terms are not (proven to be) uncorrelated we cannot interchange
the sum and the variance and thus cannot proceed as in eq. (3.17). For this reason we
first have to assume to know the parameters o; for j = 0,...,J — 1 and will then define
our estimator in estimator 4.2.7

4.2.4 Estimator. We estimate x} for j =0,...,J —4 by

I—j5—1
Z c&( ’7“ fj)

Kj = ) 2
S e, | (EEa) -xhr
— +
v 1 ] Loy (Z{—g—1 Cij)
i= ;
L g It Igolhol
2-6 I—j—1 7 T4 I—j—1 7 T2 I—j—1 4
2\2 ( =0 Ci’j) ( i=0 CM) ( i=0 Cm)
~3(c?) - - S
%,

. 2
c, \' (ZEen) -z
1— ——= +
> |

(4.26)
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4.2.5 Remark. Note that estimator 4.2.4 differs from the one given in [Morl13|, which is

74]

I—j5-1 N\ 4 I—-j—1 ~2
Son (Gt oB) -8 @7 |2 o
C.

~DM
R

I

k=0

_f (1 G

T=j—1 0

i=0 k.j

The form of eq. (4.26) results from the proof of lemma 4.2.6 below and we will therefore
5

use estimator 4.1.5 from here on out.

4.2.6 Lemma. The estimator K* is a conditionally (and unconditionally) unbiased es-
timator for k*, which means that

(z)]E[ *| D) =kK* forj=0,...,J -4
(ii) ]E[E;‘] =k*forj=0,....,J—4
Proof. We will again use the short notations E; and V; which are defined as (see eq. (4.11))
E;[] =E[B;] and V;[]:=V[|B)]

(i) For j =0,...,J — 4 arbitrary but fixed we start by calculating

T—j—1 , (Ciin = I—j—1 1 \ I—j—1 1
53 (92-5)] -3 gmlta -1 L an et
=(a) =:(b)
I—j—1 I—j—1 I—5-1
+6 Z EJ |:C7,2]+1fj] —4 Ci,jE] |: ’L]+1f :| + Z |: :|
=0 =0 =0

=:(c) =:(d) =:(e)
We will now calculate each element of the above equation individually:
(a) Using part (a) of the proof of lemma 4.1.7 we have
5 €y 20 (D)
E; [Cijt1] — 4E; [CFj41] B [Cija] + 6E; [CF 1] Ej [Cijgr]® — 3E; [Cija]”
E; [Ci] —4 (VJC” +3fj0:Cl; + fiC )ijij
+6(05C; + f7 ”)fj Ci; —3f/C
i [Clia] =4 0 —12f705C2 5 — af)Cl; +6fj aICl +6fiCh —3f/CE;
i [Clor] = 495 1iC; °/2 — 67 32013] £iCl

E
E
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which yields

I—j—1
1 . 5/
(a): Z CT( 02 _"_4’}/‘7]{‘] /+6f2 203 +f4 )
i=0  bJ
I—j—1
- Ky 4475 fi\/Cij + 6f707Ci; + fC} ) (4.27)
i=0

b) By inserting the definition of f. and using the independence between different acci-
J
dent years (%) we have

i—1
(3.6) 1 J
|:f3 ;]+1:| I—j5—-1 J Z Ck,]+1Cz Jj+1 + Cz j+1
k=0 C’w k=0
ki
=L
o I—j—1
= L | E; [C};14] E; [Chj1] +E; [Cij44]
i
(4.27) rat
2
(( C” +3f,02C2, + f3C3 ) 3 (fiCry)
o

+RICE Ay [0 4+ 61202C3, +f;10;fj>
, I—j5-1 I—j5-1 I—j5-1
3/2
:L<y;qu,j > adct, Y- G
k=0 k=0
+’€;02 +371f] 0/2“‘3]02 203)

=7§ffj05,f+3f2 2C2, +ffC§j+L< “C2 437 £;C, °/2+3f2 203>

We conclude

I—j—1

* 5/2 25203
4 * 3/2 2 2.2 4 3 “jCQ + 37 f]C +3f;05C%;
(b) = <7'fjci,' +3fjo;Ci,; + f;Ch, +
2< C, f j 305G T 10 Zk 1Ck]

I—j—1 3/2 9

. k;Cij + 37 ;G +3f50

= 4 (i asiade ¢ gich, + St G e

i=0 k,j

(4.28)
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(c) Analogously to above we have

I—j—1 2
E, [Czj+lﬁ2] ) 1)E]' [( Z C’w+1> Clin
k=0

( I— j lck]
=M
—1k—1
=ME; zj+1<z Ck;+1+2 Z chy+lcn1+1>]
k=1 n=0
I—j—1 —1k—1
=ME;|Cijn+ D (CRymClim) +2 Z > (Crit1 Crygrr CFj11)
[ 2 "0
i—1
£25 (@ )|
n=0
I—j-1 I—j—1k-1
=ME;|Clia+ D> (CijnCin) +2 ) (Crgt1 Crjir C2 i)
k=0 k=1 n=0
ki ki nti
1 I—j—1
+2)  (Cngir Cija) +2 D (Crger Cijia)
=i k=i+1
I—j-1 I—j—1k—-1
=ME;|[Clim+ > (CRmaClipa) +2 Y > (Chjrr Cujia Cijia)
[ W2
I—j—1
+2 Z (Ck,j-H Cf’,j+1)
[

> (B [CR ] B [CF14])

+2 ) (E; [Cr,j+1] Ej [Cr 1] Bj [CF541])
Z E [CkJJrl]E [ ZJ+1])
=

M |K;C2; + 4y} £;C2 + 6f703C2; + £ G

I—j—1
+ (05 + £7C25) D (07Cks + [7CRy)
&
—j—1k—1
(JJC'L]—’_f]ClQ] f] Z Z (Cr,iCn.5)
k=1 n=0

k#i nFi
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I—j5—1
. B2
+2(’Yj Ci; +3ijfCZj+ffC¢3,j) fi Z Ck,
k:;éz

j—1
= M|&[C2 + 7 | 4£,C72 + 2077 1, Z Cri | + (637 Ci; Z Chi

k=0

_ 1

k#i k;ﬁz
—1k—-1
+ricE | c+ Z Crj+2 Z > " (Ck,;Cnj) +2Ci; Z Ch.j
f N2 2 o

I—j5—1 I—j5—1
+ a0t (608 + Y GGy Y Cuy

k=0 k=0
k#i k#i
I—j —
DD SCTCRRTENS S
k=1 n=0
k#i nFi k;&l

I—j—1
=M m;Cf,j—i—’y; 2f,C o/2+2(]”fj Z ij>

- e I—j-1
2
cper, (32t 3 k) <o |3 o
k=0 k=1 n=0 k;ﬁz
I—j—1 I—j—1k—1 I-j—-1
+ fiolCi; | 5CE; + Z Ci;+2 (Ck,;Cn.j) +5Ci; Z Cr.j
k=0 k=1 n=0 ];;#O

I—j—1 2
=M K;Cz]+’yj <2f]c +2f] i, Z ij>+fJ L](Z Ck,])
k=0

) I—j—1 I—j—1 2 I—j—1
+ (07)" Cis Z Crj | + fioF za( Ck]>+5f101 Z Ck,j

k;éz

which yields

=

] e 2 « 3/2
(C) B 612331 02 N 2,}/] f_]C / 27]‘ fjci,j f2 202
(I i-lg )2 ([Ifgfl]sj) [I*J*HSj [T—j— 1]5_

j J

+f;‘lci f2 QC’J‘F

2 i
(02)" Ciy izt ' Cy
izl 1 (4.29)

([,,j,l]sjf
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(d) For the next element we will use the results from the proof of lemma 4.1.7. We have

3
E; [Cegi 7] U(lck) ' 7J+1<Z waﬂ)
»J

=z

—zE ( z i +3 z z €1 Coi
o
I—j—1k—-1n—1
+6 Y > Crjtr Crjta Cm,j+1>:|
k=2 n=1m=0
I—j—1 I—j—1 I—j—1
4
=Z E;j|C; 41+ Z (o i+1Ci+1 +3 Z c} i+1 Cnjy1+3 Z Ci 1 c? G+l
va;(z) n;éz Ilcc;t(z)
I—j—11—j—1 I—j—1k-1
+3 > D CRir1 Cgrr Cigii+6 Y Y Clit Cryir Cjin
k=0 n=0 k=1 n=0
k#i  n#k k#Ai ni
I—j—1k—1n—1
+6 >N Crjr Cugir Congir Cijia
k=2 n=1m=0
) I—j—1
* 4 3 3
= 7 |B; [Clipa] + D B [CR 1] By [Ciyn] +3 Z i [Ciir1] Ej [Cnjta]
ﬁ;? n;éz
I—j—1
2 2
+3 E; [Ckj+1] B [Cj41]
k=0
ki

+3 > > EBi[CR 1) B [Crgir] By [Ciyira]

+6 Y Y By [C2i41] By [Chjra] By [Crjita]

k=2 n=1m=0

+6 Y > " E;[Crj+1) E; [Crj1] Ej [Com jia] E; [Ci,j+1]]
k#i n#Fi m#i

KjO2; + 47 [;C + 6£702C0 + £1CF,

I—j—1

. 3/2
+1,Cs > (95 O +38,03C7 4 G
k=0
ki
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I—j—1

+3 (’7] C’L] +3fJU] +fj ) Z ijnvj
o
I—j—1
+3(07Ci; + £7C2;) D (07Ck; + £7CR;)
k=0
hti

I—j—1I—j—1

+3 ) > (05Ck, + [{CR;) f7CuyiCiy

k=0 n=0
k#1 n#k
n#i
I —j—1k—-1
+6(05Ci; + f7C2) D > fiCkyCn
k=1 n=0
k#i nFi

I—j—1k—1n-1

+6fCis > > D CrjCunyCmi

k=2 n=1m=0

roadt 3/2 3/2I it
=Z |k;C2 4915 | 4G+ Ciy D G, Z Ch.j
k;z k;éz
I—j5—1 I—j—1 I—j5—1
2
+3(03) Ciy Y Crj+ f03C, (603j+6 > Cii+12Ci; > Chy
k=0 k=0 k=0
ki k#i ki
—1k—1
DI ILLNITE S SRR
k n=0 k=0 n=0
k;éi n#i k#i  n#k
n#i
I—j5-1 I—j-1
+ fiC; <02j+ S CRi+3CEH > Cy
i o
I—j—1 I—j—11—35—-1
+3Ci; Y Chj+3 Z > CiiCn
k;z k;ﬁz Z;ﬁk
n#i
I—j—1k—1 I—j—1k—1n—1
#0030 3 CusCoy 46 32 323 CusCnCns )
k=1 n=0 k=2 n=1m=0
k#£i n#i k#£i n#i m#i
I—j5—1 3/2 3/21 j—1
~ 2 et i (e 3 e > o)
I—j—1 I—j—1 I—j—1k
2
1300220, Y Oyt £202Ch, (6 Sy ch,jcn,j)
k=0 k=0 k=1 n=0

k#i
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I—j—1 I—j—1I—5-1 I—j—1k—1n-—1
+f;‘1 < Z ij+3 Z Z Ck] ”J+6 Z chkjcmjcma)

k=2 mn=1m=0
n;ék

I—j-1 I—j—1
3/2 3/2
"ch]‘F%fJ (Cw § Ch, E Ck])+3 UJ C'” E Ch,j
k=0

kjﬁz

I—j—1 2
+6fj20]2-C'¢,j< > Ok,]-) +f;-*ci,j(
k=0

We conclude

i1 3/2 3/2

* I
—y i CiJ /{;CZ] ’VJ fj (Ci,j Zk Ck ,J + 301] Zk Ck»j)

— ([zfjfusv)?’ * ([I*J'*l]S‘)
J J

2 I—j5—1
3(07)" Ciy S0 Ok 6/202C;
+ il + + fiCi;
[T—j—1 3 [I—5-1] A2y,
( J ]S-) Sj

J

3/2

I ke, ;5 fi (Cﬁj Sich O+ 30 ik C’“’j)

P ({I,j,usj)s * (H%]Sj)

2 I—j—1
3 (032) 0127] Zk:é Ck,j 6 20.202
+ k#i 4 217 i,J +f4
i 3 [I—j—1]
([I J 1]5«) SJ

(4.30)

(e) For the last element we will use egs. (3.19) and (4.17) which state

0.2
zf;é‘lo,]
I—j—1 2
(ple)e— 2 P L
E; |:f_] BJ} - (Z,I;(§71 Czj)3 Z E g 1C,J

Additionally we will use the fact that for independent random variables X, ..., X,
with expected value of zero and each with finite first four moments we have

<§;X> = Zn:]Ej [Xi] +6i§]@ (X2 E; [X2] (4.31)

i=1 =2 j=1

5 (78] - b 2

+ 3.

This follows from the fact that all other cross products contain a factor of the form
E; [X;] (= 0) and are therefore zero.
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We use this theorem on the centralized random variables C; j11 —E; [CMH] to prove
S Cin

. 4
~ ~1\4] @2 Sisd T Cign
E |(F; —E []; 2V g, i=0_ _E, A
AT J{( s | B
I— ] 1 I—j—1 ¢
= (ZF 4E1 [( Cijt1— z; E; [Ci,j+1]>]
i=0 = =
I—j—1 4
(Z Cij+1—Ej m+1]>

i=0

I—j—1 4]E] [
(Z'L 0 CZJ
I—

1 It
W ( E; [(Cij+1 — Ej [Cij1])Y]
i=0 4,7 =0

I—j—1i-1
+6 > > V[CiyrlV; [Cn,j+1}>

(4.31)

i=1 n=0
(4.24) 1 I—j—1 1 —j—1i-1
. 2
e ed G DECIRTIC N DI Dy
i 1=0 i=1 n=0

(4.32)

Using all of the above we have

5 (7] =5 [ (7 - [5]) "] a8 (7] [7] - o8, [ 5 7] + 38 [7)]

I—j—1 Cz I—j—1 Cé/? 2
=K 2= T H4fi |7 ZZ:Q = 5 +3 Ifjff +f}°’
(Z=c) (S i) Xis Cu
2\2 ~—j—1 i—1 2
o - _0Ci,;Cn,j o;
+6( J) 2171 .Zn704ﬂ _6f]< — +fj)+3f]4
(Ef:_é_l Ci,j) sy Cug
— g i 3/2
D Y e e 2 Gy fio3 1
=K : T T4f - 3 +6 T—j—1 + 7
(Zc) (T o) = G

(03)* Sl i CousCon
. 4
(x5 o)

which yields

I—j—1 I=j=1 a2 I=j=1
Z Cz2] K* k=0 k,i + 4fj'}/] k=0 k,é
i—0 ’ [I*jfl]s [I—j ]S
= j j
(4.33)

202 (02‘) I ] 1Zn OCkJ "J)

+ [+

+6W ([1_]_1]Sj)
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Putting everything together nearly all terms cancel each other out and we have

[Z et ( ”“—fj)}—<a>—<b>+<c>—(d>+<e>

ZJ
= > |5+ £/ Cij+6f707Ci; + fiC?

K;Cij + 37, f;CF + 3f202C2,
Zk:o 1Ck7]
* * 3/2
;G2 N 2 f,CY7 i fiChy | BfRaCE,
. 2 2 I—5—1 I—j5—1
([I—J—llsj) ([I—J I]S].) imimtlg - it
2 — i
(03)" Cia 42t Oy
+ [ICE 4 fio3C; + LA
(=s))
J
3/2 5
K”.‘C?’. ’Y]fj( 1,7 I] 1ij+307,,22 I] 1Ck])
J ] +

_4{([1111%)3 ([Ifjfl]sj)?’

_4 [yjfj\/ci,j +3f707C; + fiCF; +

+6

2 I—j—1
3(0'12') Cz‘z,j Zk:z) Ck,j 6 £2 202
k#i + f + f‘.lc’z.
3/2
Zk Zk Ch,; 3'2‘732'

+4f5;

> + .
( 71]Sj)5 [Iﬂfllsj
2 i _
(03) i N Ck,an,j}

(u—j—usj)4

I—j5—1 , I—j—1
J . (1 4Gy, 6 C?; 4G5 n C? >t Cﬁ,j)

2
kJ

([I i-llg. )4
J

+ £ +6

U*jfl]sj + ([I’jfl]Sj)Q ([I*jfl]Sj)S ([I*jfl]Sj)zl

I—i-1¢g \2 r-j-1¢\*
(")) ("))
n 6C2; >4t Sonzo CriCrna
([1717115,)4
J
2
. I—j—1 ~2
6 itz atited, (i G
_H;<1j4+ Yise 'Ch 4y +( 0 ﬂ)

([I—j—l]sj)z ([1 i- 1]5]_)3 (U—j—usj)

+ (o3

2)2 <6 Ci,j( {7 Chy fcy,j) 1203,j< L0 O fci,j)
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I

1—,7'—1]5

T—j—1 k-
4675 n 207 3 ey Ck,jcn,j>

M ([I—j—usj)?’ ([1—3'—1]5]_)4

g o 2 2
R =
=0

; (["1‘1]5.7.)2 ([I—j—usj)g

. 2
. . I—5—-1 ~2
65tz A il (Zi: c)
K]; <[ _ _] _4 Zz:O LV Z’L:O 2,3 0 J

GO (U—J‘—”sj)3+ (Fs)’

I—j—1 I—j—1
+3 (05)2 (2 _ 221‘:8 CZ'Q,J' _ 421‘:8 Ciz,j

(u—j—lJSj)Z (U—j—usj)2

4y, C

I—j—1 ~2 I—j—1 k-1 ) ]
¥ + 2 Zi:o Ci,j Zk:l ano C’w Ch,j
3

([Ifjfl]S]) ([Ifjfllsj)‘*

+

. 2 .
4 I—j5—1 2 I—35—1 ~4
(Tter) -si el

. 4
(Zf;(?*l Cm-)
I=i=1 2. I—j=1 3.
+3(07)" (2 —6 Z{f? 1oy EU’:?’ TN
) )
n 225:7371 CFi it on s CriCny )

([Ifjfl]sj)‘*

where we used the following equation for the last equality

I§1 [1_ Ci,

T—j—1
=0 im0 Cij

4

=I—j—4+ by Z =0

6t Ayl

and which shows that
E; [#}]B;] = &
(73) Using (i) we have E [Eﬂ =E[E [Ej |B;]] = k* for j=0,...,J —4.

([FH]SJ_)Q ([,,j,l]sj)s i ([Hfusj)“
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4.2.7 Estimator (Kurtosis estimator). By inserting our estimators into egs. (4.25) and (4.26)
we can estimate the kurtosis of development year j + 1 by

I—j—1 4

Ciji1 =
IEACE
=0

¥

" (32.)2 I—i 1 4 I—j—1 2 \2 I—j—1 4
J J C’ij (Zi:o Ci,j) _Ei:O Cm‘
1- ——= +
>0 Chkj

i1 . 4
=0 ) (Zf;{l Ci,j)
I—j1 I—j—1 I—j—1 I—j—1k—1
poler 2 Ol 2 Cly 2 % ChisCna
T i 7 +4 I—j—1 3 2 I—j—1 *
( Z Ci,j) ( Z Ci,j) ( Z Cz‘,j)
_3 (82-)2 i=0 i=0 =0
i i 4 (Zl—j—l Cg_)Q_Zlfjflcfl.
Ci j i=0 7,7 1=0 2,7
(1 By ) + ; 1
i=0 Zk:o Ck’J (Zf:_g_l C'ij)

(4.34)

for j=0,...,J —4.

Because the estimation is unstable if there are too few data points (which for the estimation
of the kurtosis is normally the case for the last three development years), we make the
simplified approach of estimating K;_1, Ky_2 and K;_3 by

Kj-1=Kj2=kKj3=3

This assumes an underlying normal distribution.

In the case of more accident years than development years, i.e. I > J, it is possible to use
eq. (4.34) for j > J — 3, because the proof of lemma 4.2.6 is not dependent on j < J — 3.
For each step that I is greater than J we can estimate one more factor ¥; with eq. (4.34).

*

4.2.8 Remark. Note that while our estimators #

to be the case for &;.

and 6'\?- are unbiased, this does not have

4.3 Skewness and kurtosis of the prediction error

Looking at our estimators for skewness and kurtosis from the previous sections we observe
that we do not have any estimators for the last development year J, which is why we use a
simplified normal distribution approach. This stems from the fact that we only have one
observation so it is not possible to quantify the volatility of the individual development
factors Fj j 11 (see eq. (3.7)).

This means that we cannot estimate the higher-order moments of the ultimate claims and
with that of the outstanding reserves. Additionally we do not have any estimators on
the higher order moments of the prediction error, which would be desirable since we do
not know the real values f; and o; for J = 0,...,J — 1 used in the estimators. Ideally
we would want something like the MSEP but for the third and fourth moment. However
trying to calculate this directly, one runs into analytical problems quickly.
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For this reason we will go another route and use a simulation approach to estimate the
distribution of the ultimate claims. This lets us then use empirical statistics to estimate
higher moments and also other functions like the quantile of the distribution. We can even
make histograms and compare them with fitted density curves of often used distributions
to compare the shape of the probability density. We will expand on this approach in the
next section.



Chapter 5

The simulation process '

The goal is now to predict the distribution of the ultimate claims C; ;, or equivalently of
the reserves R;, where ¢ = 1,...,1. Following the last chapter we will use a stochastic
model to estimate the distribution of the ultimate claims.

In our stochastic model we will simulate the unknown cumulative claims Cj ; for ¢ +j > I
by sampling them from a given distribution using moment matching and our estimators
for the first four moments. This way we will then have the full triangle of the cumulative
claims, where the lower half was simulated according to our model. We can then compute
statistics like the 99% quantile from the results of the simulation.

The idea behind this is that if the simulation number is high enough to get stable results,
the moments for each single CZSJ”” should follow our estimated moments, no matter which
distribution is used. This holds true because we used moment matching to estimate the
parameters for the distribution.

Let N be the number of simulations used. After running the simulation we will have N
simulated results for each ultimate claim C; j, with ¢ = 1,...,I. We can then use them
to get a measure of the volatility of the end reserves. We will discuss this in more detail
in section 5.2, but first we define the model specifications.

5.1 The model

If we want to use the MSEP calculations from section 3.3 in conjunction with the skew-
ness and kurtosis estimators from chapter 4 we need to integrate the respective model
assumptions into one combined assumption.

The following assumptions are our final expansion of the chain ladder model and will be
used for the simulation models described in sections 5.2, 5.4 and 6.4.

1The simulation model is based on the model introduced in [Mor12] and expanded upon in [Mor13].
It is adapted slightly to fit the Wiithrich model.

48
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5.1.1 Model assumptions (Simulation Model).
e Cumulative claims Cj ; of different accident years are independent

e There exist constants f; > 0, o; > 0,v; € R,(; > 0 and random variables €; j+1
such that

Cij+1=1; Cij +0; /Cij€ij (5.1)
Vie{0,...,I},and V j€{0,...,J -1}

where ¢; ;11 are conditionally independent given By, with E [; j41[Bo] = 0,
E[ef;41]Bo] =1, E [} ;11|Bo] =5, E [ed ;11| Bo] = #; and
[Ci7j+1 > 0|Bo] =1Vie {0,...,]}, and Vj S {0,...,J— 1}.
Model assumptions 5.1.1 imply model assumptions 3.3.10 and the assumptions on the
higher-order moments of the €; ;41 do not interfere with the MSEP calculations since

only the first two moments are needed there, so all results still apply. For the skewness
and kurtosis estimators we observe that eq. (5.1) yields

3
2

E |:(Ci,j+1 — ]E [Ci)j+1‘D]])3‘D[:| = (UJQCZJ) E [8?’j+1’D[]
3
= (07Ci;)" v
Similarly we conclude
E {(Ci,j—&-l -E [Ci,j+1\DI])4’DI} = (03Ci;)? E [¢] 41| D1]

Comparing these equations to egs. (4.5) and (4.23) we can conclude that model assump-
tions 5.1.1 imply model assumptions 4.2.2 and that we can use the estimators from
chapter 4.

We will denote the cumulative values simulated by our model by @SJ””, (1,7) € D§. We
can interpret them in two different ways, which influences the type of variance estimator
we use in the simulation.

o First we can interprete the éf;m as realizations of the cumulative values C; ;. Then we
set o N
v [C8m|Dy] = Cigor 551,

forj=1,...,Jandi=1—j+1,...,I and where for ease of notation

. Cij 0<i<I—jj=0,...,J
m’:{ gon =t (5.2)

@S;m I—-j<i<I,j=1,...,J

The problem with this approach is that it does not take the estimation error, arising
from not knowing the real values f; and s;, into account.
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e This is why we will use the second apprach from now on, where we interprete the
Cf]":"” as realizations of the estimated chain ladder values C,L%L. As an estimator for
the variance we derive a single step form of the MSEP estimator from section 3.3.
Generalizing eq. (3.37) we have (see also eq. (5.11))

R R 2
rr/lse\pci,jmf (ngL) =K [(Clcf - Ci,j) ’D[:l

2 Jj—1 52 Jj—1 -~ 52 i—l ~
_ (ACL m 2 m _
= (Ci,j) Z «\276@"‘01',14 H (fm+[17n1]5) Im
m=I—i Jm ~ij m=I1—1 m m=I—1

forj=1,...,Jandi=1T—j+1,...,I
The estimator Ifse\pcm,ml for C’ic)jL takes the prediction error at each timestep j =
I—i+1,...,7 into account. In our simulation model we simulate the claims triangle
column after column so at step j all values C.;_; are known. So for the variance

expression we only use a single step form of the above equation. First we define
Er;={Cip:i+k<I0<i<I,0<k<J}U{Cip:0<i<IL0<k<J}, (53)

which is visualized in table 5.1.

AY/DY 0 1 j-1 j J
0 0070 00,1 o000 000 007]‘ 500 e C()”]
1 Ci0 Ci7-1
I—=j : Crjj
I-j+1 : Ci—jtj-1 CFm.,
Cro11 :
I Cro oo . cym, Cyim

Table 5.1: &7 ;1 in green

For the values on the second diagonal we have

~ ~ 2
e CL CL
msePc, ., |p; (lej+17j) =E |:(Clj+1,j - C]7j+1’j) DI}
ACL 2 951 2 [ 2 574 >
= Cf—j+1,j) ) + (Cr—j+1,-1)" | fi-1 + =] - fioa
i1 Cr—jri—1 Sj1
~2 ~2
(3-3) 2 01 2 51
=" (Cr_iiqi_ — = L (Cy a1 —
( I-j+1,j 1) Cl—j+1,j—1 ( I—-j+1,5 1) [I_J]S

j—1
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=2

_C ~2 C 2 51
= Crjt1-1 051 + (Cr—js1-1)” o —
S,

. Cr_jy1.i—
= C[_j+17j—1 0'32-_1 <1 + W)

Jj—1

Based on this equation we define the following estimator for the variance of the @Sj””

s . ~ " Cii_
\% [Cﬁ;m‘gjyjfl} = msepci’j‘&,Fl (CE;L> = Ci,jfl 032-71 <1 + 137]1> (54)
k=0 Ck,j—1
forj=1,...,Jandi=1—-3+1,...,I. From here on forth we will use this expression

as the estimator of the variance to match the chain ladder MSEP in the overall result.

5.1.2 Remark. Note that we do not have estimators for the skewness and the kurtosis of
the chain ladder estimators CZCJL so we will take the estimators v; and x;, j = 1,...,J,
from the original time series process C} ;.

5.2 The simulation algorithm

We will now go through the simulation process step for step. See table 5.2 for the color
scheme used in this chapter.

Color Explanation

deterministic data
red data to be simulated at current step
green already simulated data

Table 5.2: Color table for this chapter

1. The first step of the simulation process is computing the values
‘]?j, /O'\j, :)/\j, //%j fOI"jZO,...,J—l.

Our claims triangle at this point looks like table 5.3.

We will now simulate each development year j = 1,...,J to fill up the claims tri-
angle. For each development year j we have constant skewness and kurtosis (see
model assumptions 4.2.2), which are given by the estimators 7;_; and kj_1. The
expected value and the variance differ for each accident year i and depend also on
the realizations at step j — 1.
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Table 5.3: Simulation step 1

So this means that at each step j =1,...,J we have
E [C{s,;:m’gl,j—l] =Cjj-1 fi-1,
~a -~ C 1 —1
Vv {Cf%m‘&, ‘—1] =Cij1 05 |1+ ==,
7T Y 120 Crj
Skew (CS5m[€15-1) =501,
Kurt (af]’:m‘&,j_l) = Ej_l,
for i = T —j+1,...,I and where the @J are defined as in eq. (5.2) and the

Erj—1 asin eq. (5.3). With these equations we can now simulate the whole triangle
development year after development year.

2. This means that in the second step we simulate Cy o by computing its mean, variance,
skewness and kurtosis and then sampling from a fitted distribution (for more specifics
on the sampling see section 5.4 and section 6.4). This leaves us with table 5.4.

3. At step k we have table 5.5. Note that we do not sample each OSim wwhere m =

m,k
i+ 1,...,1, individually but together, because of implicit correlations in the chain
ladder model, which we will discuss in section 5.3.
4. At the last point of our simulation we have table 5.6, where

Ri=Ciyj—Ciyifori=1,...,1

5. Now we can compute the total reserve by taking

I
TR=) R (5.5)
=1
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Table 5.4: Simulation step 2

AY/DY 0 1 - k - . J
0
1
i
CET
I o9 . oy

Table 5.5: Simulation step k

For comparison purposes we also define 'fﬁCL = Ele ﬁlc L as the total chain ladder
reserve.

If we repeat this simulation process N times we get N different reserves. Since we used
moment matching to simulate the data we have

R
(@8-

-3 (s[eer] i)
i=1

R

E[’fﬁ]:E

1

3

E

R

1
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Y (o] o)
=1

So our outstanding reserves (and with it the total reserve) have the same expectation as

the standard chain ladder estimator. Now we can use empirical estimators on our TR
to also compute higher moments or other statistics like a quantile (making Value at Risk
calculations possible).

AY /DY 0 1 o k . J R
0 0
1 @ik R
i R;
Coi
I Cim N Csim . Csim R,

Table 5.6: Simulation step J

5.2.1 Remark. It must be emphasized that while it is true that for the first four moments
of the ultimate claims the type of distribution used to simulate the Cf}m is not of any
importance (because of the use of moment matching) the same cannot be said for other
measures (like higher moments or even the whole empirical distribution function), as the
type of distribution used does influence these results.

We will now discuss two different ways to realize the above simulation model. The first
one was introduced in [Mor12] (and further enhanced in [Mor13|) and uses the Generalized
Pareto distribution (see appendix A.1.3) as the underlying distribution. One big short-
coming of this method is that since GPD only has three parameters we have to decide
which moments we want to fit the parameters to. For this reason we will then introduce
the Pearson System in section 6.1 and use this set of distributions in section 6.4 for a
simulation model incorporating all four of our moment estimators.

5.3 Correlation

According to model assumptions 4.2.2 claims of different accident years i are independent
of each other. While this holds true for the known claims C; ; we do have a dependency
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structure for our estimators éfff This can be attributed to the fact that their estimation

depends on the same set of data for each development year j (the factors f; do not depend
on 7).

If follows that we cannot simulate each @Cf independently but instead have to take
the dependency structure into account and simulate each column of the claims triangle
together. We will follow Dal Moro’s idea in [Mor12| to use the formula of the MSEP for
aggregated accident years to compute the linear correlation matrix. But instead of Mack’s
formula we will use the Wiithrich formula presented in estimator 3.3.18.

This approach will be explained in detail in section 5.3.2, but first we make some general
definitions.

5.3.1 General definitions
5.3.1 Definition. Let Xi,..., X, be n random variables. We define for i,k =1,...,n
ox, =V V[X],
as the standard deviation of the variable X;,
Cov (X;, Xy) =E[(X; —E[Xi]) (X — E[Xy])] (5.6)

as the covariance between two variables and
Cov (X, Xi)
0X,0X,

Corr (X;, Xi) =

as the linear correlation between the random variables X; and X.
The linear correlation matrix p is then the n x n matrix with the entries

Pik = Corr (Xi,Xk) .

The aim will now be to estimate the correlation matrices for each column j = 2,...,J of
the claims triangle (at time 1 we only simulate one value, hence we need no correlation
matrix). This means that at each point j we have to estimate the correlation for the red
area in table 5.7.

Observe that at each step j = 2,...,J we have to correlate the set of random variables

ACL ACL
(€850 CTF)
which has j entries.

5.3.2 Definition (Chain Ladder Correlation Matrices). The above means we are search-
ing for J — 1 matrices pt), where j = 2,...,J with the properties

e pl) €0, l]jxj

e For each i,k =1,...,5 we have

() — ACL ACL
Pive = Corr (Cri 5o Crjivn g
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AY /DY 0 1 . j . . J
0
1
I—j
~C
CI LJ+1,J
I %7

Table 5.7: Simulation step j

To make the notation a little easier we make an index shift and define the proxy variables

ﬁj,z where

rg) Corr (C’f]L,C ) (: p§91+j,k—1+j) (5.7)
forj=2,...,Jandi,k=T—j5+1,...,1.

5.3.2 The estimation method

Now that we have all the formalizations we can start with the estimation.
First note that the variance of the sum of n correlated random variables X;, where ¢ =
1,...,n is given by

(ZX) i V(X;)+2 Y Cov(Xi, Xx)
i=1 1<i<k<n

V(X)) +2 Y p(Xi Xi)ox,ox, (5.8)

1<i<k<n

,}
Il
—

I

If we take another look at eq. (3.21) we have

I I
MS€Py:, Ci.y|Ds (Z Ci,J) - step(;i,”p, (Ci*J>

i=1 i=1

—1 6_\2 J—-1
+2 Z CzIzCk]l H<J+W>—H}?
=1 j j=T—i

1<i<k<I J i

<



CHAPTER 5. THE SIMULATION PROCESS o7

If we compare eqgs. (5.8) and (5.9) we can observe that they are of similar form. If we

identify the MSEP with the variance of our factors @C I we can compare the coefficients
of the sums to get linear correlation estimators (for now only for time J). It follows that

N J—1 ™ G2 J-1
p Ciii CEr, (Hj—]i <fj + [I]]HS) —IL=r fj)
By —— — (5.10)
\/msepchﬂpl msepckyJ‘DI

We now have an estimator for the correlation matrix r{/? at time J. To get r/) for

j < J we simply have to generalize eq. (5.9) for every time-point j. This can easily be
done because of the multiplicative structure of the chain ladder method. Thus we have
(remember that we assume I = J)

wbe, o, (C5F) =% | (65 - i) o]

L 2 T a\m 2 b 72 a\'m 4 72
. j—1 2 j—1 2 J
= (C,J ) Z f2 CCL +Ci,l—i H <f7”+[1_7n_1]s7n> - ‘fm

m=1—1 m=1—1

fore=1—35+1,...,1 and

I I
mSepsy:. ¢; ;|D; Z Ci,j - Z msepg; ;|p, (Ci’j )
i=I—j+1 i=I—j+1

j—1 9 j—1
) Om /\2
+2 ) Czlzck:[z( II (fer[Iml]S)_ fm)' (5.12)
T—j+1<i<k<I m=I—i m i
Similar to above we conclude

5.3.3 Estimator (Correlation Estimator).

) Cir- ZCkI Z(Hm I 1(? +7[1 T ) | ) (5.13)

Z? e ——
msepcw_ |D; msepckvj |D;

Substituting back according to eq. (5.7) yields the estimators of the matrices pt/.

5.3.4 Estimator. For j = 2,...,J we estimate the entries of the correlation matrix pt/)
by
pf@i = f§]>y+z I—j+k? (5.14)

where i,k =1,...,75.

Having estimated the correlation matrices pU? for j = 2,...,.J we will use them to sample
correlated variables in our simulation process. We accomplish this by using a Gaussian
copula in combination with inversion sampling (see appendix A.2.1 and definition A.2.7).
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5.4 The GPD simulation

In this section we will introduce the GPD approach presented in [Mor13]. We follow the
general algorithm presented in section 5.2 and use the generalized Pareto distribution to
sample the C’f;m Since this distribution only has three parameters it is not possible to
use all our estimated moments for moment-matching. In [Morl3] it is suggested to use
the first two moments in any case and then choose which of the third or fourth moment
to use for the last equation.

For our samples we will fit the simulation to the skewness estimator, for different ap-
proaches consult the original paper.

5.4.1 Remark. In the original paper two models are introduced. One where the data is fit-
ted to a generalized Pareto distribution and one where it is fitted to a generalized extreme
value distribution. We will only discuss the first one here, since both implementations
follow the same structure. For further information consult [Mor12| or [Mor13].

The simulation follows the algorithm presented in section 5.2 but we will discuss in detail

what happens at each step j =1,...,J. As a reminder at step j we have the situation of
table 5.8.
AY/DY 0 1 e J e e J
0
1
I—j
ASim
I—j+1,5
I Fim N Cyim

Table 5.8: Simulation step j

At step j all parameters fj, o; and 7;, as well as the set &7 j_1 (see eq. (5.3)) are known.
So we can calculate the three moments of the Cf}m (the kurtosis is not needed here). We
have

~

E [éf§m‘5l,j—1} =Cijo1 fim

\% [Cg}-m‘g[,jfl} = Ci,jfl 0‘?,1 <1 + +1> ,

—j
k=0 Cr.j—1

Skew (@f}m’&,j_l) Wj—lv
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forj=1,...,Jandi=1—-j+1,...,1I.

We will leave out the conditional expectation from the following formulas as to not overload
the notation, but remember that all calculations are done on the conditional probability
measure P(-|€7 ;_1). In this model we suppose that Ci™ ~ GPD(pi j; s,5; ;). We use
the method of moments to estimate the parameters from the above equations. We have

~sim] _ A S Sij
E {Cz’,j } =Cyj-1 fi—1 = pij+ 1 7J§j , (5.15a)

~as ~ C. 1 | 32,
V|Coml =0 102 1+ L) = 2y , (5.15b)

e S G, ) =) —2)
. 21 + &) /T=2¢
Skew (C’f}m> =71 < (1+¢) 5 . (5.15¢)
’ 1-3¢;

We can then use egs. (5.15a) to (5.15¢) to calculate the parameters f; ;, s; ; and &;. Then

we use inversion sampling to sample the random variable @SJ”” If U; ; is a sample from
a uniform distribution on (0,1) we have that

v -1)

)

S -
é\vSim =+ J (
ij i

(5.16)

&
is a sample from a random variable X ~ GPD(u; j;s;,;;&;). To sample the variable U; ;
fori=I—j41,...,1 we follow a similar route as described in section 5.3. To estimate

the correlation matrix p¢/) Dal Moro uses the same coefficient comparison but with the
Mack formula for the MSEP instead of our approach with the Wiithrich formula. We will
state only the results here. Dal Moro estimates the correlation for each development year
j=1,...,Jandi=1—j+1,...,] with

Jj—1 ~2
UTTL

Szm Szm
Cy
kj = m 1
’ 2
meTei fm 2on—0  Cnm

\/msepc |DI ” \/msepc 1D; Cz, )

i—1
o — ~NCL cL o 1 1
msepg, |p (C’z ) (C ) = <A + > .
I J Z f]g CleL Zn:O 1 ka

k=I—1

A = (ASim ASzm
Corr (Ci,j ,C,w

where

We then use a Gaussian copula to sample the uniformly distributed random numbers
{Ur—j+14,---,Ur;} and use eq. (5.16) to calculate the set {CI 1 CS””}.



Chapter 6

Simulation with four moments

In this chapter we will define a set of distributions called the Pearson system, named after
the English mathematician Karl Pearson. One reason this system is a natural fit for our
simulation is that we have assumed constant skewness and kurtosis for each development
year j, 7 =1,...,J (see model assumptions 4.2.2). This fits naturally with the way the
Pearson coefficients are computed. In the Pearson system one can use the skewness and
kurtosis of a random variable to identify the type of Pearson distribution (see table 6.1).
Since both are constant for one development year j we have one type of distribution per
development year. The resulting variables then get shifted with the expected value and
the variance,which are also dependent on the accident year ¢ = 1,..., I, to match all four
moments (cf. section 6.3).

6.1 The Pearson System !

The Pearson system is a system of distributions, where for every member the probability
density function (pdf) f(z) satisfies the differential equation
1df a+zx

e A e — 6.1
fdz co+ 1z + cox? (6.1)

This means that the shape of the distribution depends on the parameters a, cg, ¢1, and cs.
We have that

o df

1z = 0 when z = —a or when f =0

e f is finite when —a is not a root of ¢y + c1x + c2z? =0

Since we are not just looking for any functions f : R — R but for probability distribution
functions we have the extra conditions that

f(x) >0, VzeR (6.2)

IThis derivation of the Pearson system is taken from [JKB94a]

60



CHAPTER 6. SIMULATION WITH FOUR MOMENTS 61

and -
/ F@)de = 1. (6.3)
From this we can deduce that lim,_, f(z) = 0 and that lim, % = 0. Pearson

classifies the distributions that solve eq. (6.1) into different types depending on the values
a, co, c1, and co. The solutions of eq. (6.1) depend on the nature of the roots of

co+ 1z 4 cox? = 0. (6.4)
We will now look at the different possible ranges of the above parameters to classify the

distribution into different types.

6.1.1 Pearson Type 0 - the normal distribution
If ¢; = co = 0 then eq. (6.1) simplifies itself to
dlog f(x)  a+w

dx Co
which is solved by
(z +a)®
=K _
f(z) exp ( 20

where K is the constant chosen so that f fulfills eq. (6.3). It also follows that ¢y > 0
and that K = /27¢g. This means that our distribution is a normal distribution with
expected value —a and variance c¢y. For further details on the normal distribution see
appendix A.1.1.

For the derivation of the other types we will suppose that the origin of the scale of X
has been chosen so that E[X] = 0. This assumption does not limit our derivations since
each random variable (with finite expectation) can be shifted, so that its shifted expected
value is zero.

6.1.2 Pearson Type 1 (akin to the beta distribution)
Let the roots of eq. (6.4) be denoted by a; and ay. We say that f is of type 1 if

ar,a0 €ER and a1 < 0 < as

This means that
co + 1+ cax? = —co(w — ay)(ay — )

and we can rewrite eq. (6.1) to

1df a+zx

?@ (. —ay)(ay — )
The solution of which is

flx)=K(z—a)™ (ag —x)"™ (6.5)
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with
a+a
m, = ———
Cz(az - al)
a -+ as
myg = —————
c2(ag — ay)

To satisfy eq. (6.2) we limit the range of the variable x to a1 < z < as so that both
x —a; and as — x are positive. Equation (6.5) represents a proper pdf if mqy,mg > —1
and corresponds to a generalized form of the beta distribution (see appendix A.1.4).

6.1.3 Pearson Type 2 (akin to the symmetrical beta distribution)
The second type is now just a special case of the first one. We say that f is of type 2 if

f follows the form (6.5) with m; = ms, which corresponds to a symmetrical generalized
beta distribution.

6.1.4 Pearson Type 3 (akin to the gamma distribution)
Type 3 corresponds to the case c; = 0 (and ¢; # 0). Then eq. (6.1) transforms to

dlog f(z) _  a+z 1 a—&
dzx T gtz e otz
which is solved by
m —x
f(xz) =K (co+ c1z)" exp (c) ) (6.6)
1
where ]
L —aqa
m= <
C1

For the range of x we set the boundaries

x>—2—‘; if ;1 >0,
x —< if e <O.

Cc1

Type 3 corresponds to a gamma distribution, which is defined in appendix A.1.5.

6.1.5 Pearson Type 4

The type 4 distribution which does not correspond to any standard distribution denotes
the case where eq. (6.4) does not have any real roots. We use the identity

co+c1x + cox? = Co +co (x + 01)2

&

2
with Cy = ¢g — i% and C7 = %Q. Then we can write eq. (6.1) as

dlog f(z) _ —(z+C1)—(a—Cy)

dz Co+ ¢y (z+ Cy)?
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From this we can conclude that

. 0] 7 7G*C1 4 [z+Ch
flz)=K [Cg + e (x+Cy) } exp e tan \/Q

(6.7)

6.1.6 Pearson Type 5 (akin to the inverse gamma location-scale
distribution)

For this type we consider the case where co + c12 + cox? is a perfect square, which means
that ¢? = 4cgco. Then we can rewrite eq. (6.1) to

dlog f(z) = z+a
dx CQ($+01)2
1 a—C’l

@+ C) o (x4 Cy)?

which leads to the solution

flz) = K (z+C1) "% exp (m) (6.8)

For the range of x we set the boundaries

{;1: >0 if =4 <,

Cc2

r<—C if =4 > 0.

C2

If @ = C; and |ca] < 1 then we have the special case
flz) =K (x+C1) % .

Equation (6.8) corresponds to an inverse gamma location-scale distribution (observe that if
we denote by X the random variable with pdf f then (X+C7)~! has a type 3 distribution).

6.1.7 Pearson Type 6 (akin to the F location-scale distribution)

Type 6 corresponds to the case where the roots of eq. (6.4) are real and of the same sign.
If both of them are negative, which means that we can write without loss of generality
that a1 < ag < 0, we can do the same analysis as we did for Type 1 (see eq. (6.5) to end
at

f(@) = K (z—a))™ (z — a2)™ (6.9)
where again
a -+ ap
m = —F—
82((12 - (11)
a + as
my = —————.
02((12 - a1)

We have x > ay as the expected value is greater than as. For eq. (6.9) to represent a pdf
we also need that mo < —1 and my + maq < 0.
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6.1.8 Pearson Type 7 (akin to the Student’s t location-scale dis-
tribution)

Lastly type 7 corresponds to the case where ¢; = a = 0, and ¢ > 0. This transforms
eq. (6.1) to

dlog f(x) x
dz T o+ con?
which leads to .
f(@) =K (co+ ca®) 2. (6.10)

An important distribution belonging to this family is the Student’s t distribution (see
appendix A.1.7). We can derive eq. (6.10) by a multiplicative transformation from a t
distribution with degrees of freedom é —1.

6.2 Identifying the types according to the moments >

The Pearson system is well-suited for our simulation model because the parameters
a,cg,c1, and ¢y can be expressed in terms of the moments of the distribution. We be-
gin by making some notational definitions. Let X be a random variable and denote its
moments by p, = p,(X) = E[X"]. Similarly we denote the centralized moments by
who=pl(X) =E[(X — E[X])"]. Additionally we define

By = [Skew(X)]? (6.11)
B2 = Kurt(X) (6.12)
We start our calculations by multiplying both sides of eq. (6.1) with 2" and rewriting it
to
d
z" (co + c12 + c22?) % +z" (a+2x) f(x)=0 (6.13)

By assuming that
r—Foo

2" f(r) ———= 0 forr <5

and integrating both sides of eq. (6.13) from —oo to +00 we obtain
—reople_y +[—(r+ 1) +alp.+[—(r+2)co+1p. =0 (6.14)

First we note that u{, = 1 and that (in this context) u’ ; = 1. By then putting r =
0,1,2,3 in eq. (6.14) we obtain four linear equation for our arguments a,co,c1, and co
with coefficients that are functions of uf, u5, u5 and pfy. We can shift the variable X so
that its expected value is zero, which leads to pj = 0 and u!. = u, for r > 2. Then we
arrive at the following formulas to calculate the coefficients from the moments

_ 485 — 351
1085 — 1253, — 18 12

Co (615)

2following [JKB94a|
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VB2 +3)
©= = 05, — 125, — 18 V2 (6.16)

2piafiz — 3p3 — 63
10papte — 1203 — 1843

Cy =

2P =361 —6
1089 — 125, — 18 (6.17)

We can use egs. (6.15) to (6.17) to calculate the Pearson coefficients (and identify the
type) given the moments of a random variable.

Most importantly for our simulation, it is now possible to classify the different types
depending only on the skewness and kurtosis of the underlying random variable. For this

we first define
_lad 1 B1(Bs +3)°
4 CoC2 4 (4,@2 - 3ﬂ1)(2,82 - 3[31 - 6)
and then classify each type in table 6.1.

Conditions on $; and (2
B1=0ApBy=3

k<0

ﬂ1:0/\ﬂ2<3
26— 381 —6=0
0<k<l1

k=1

k>1

B1=0A B2 >3

~
<
°
o

|| Y =W N O

Table 6.1: Pearson classification

6.3 Generating correlated samples from the Pearson
system in Matlab

Before we continue with the simulation model of the claims triangle, we will take a look
at the technical implementation used to create the outputs in chapter 7.

In the sampling process a modified version of the Matlab built-in pearsrnd® function
was used. This function generates random samples from the Pearson system given the
expected value, the standard deviation, the skewness and the kurtosis of the underlying
random variable.

To compute the Pearson coefficients and identify the type, pearsrnd proceeds similarly to
section 6.2, including the identification of the types after table 6.1. One very useful trait

3The pearsrnd function is part of the Statistics Toolbox 8.1
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of the Pearson system which will help us in the sampling process is that all Pearson types
except type 4 can be seen as transformations of standard distributions (see table 6.2).

Associated distribution

=
<
o
@

Normal distribution

Four-parameter beta

Symmetric four-parameter beta

Three-parameter gamma

Not related to any standard distribution

Inverse gamma location-scale

F location-scale

| | T | WO

Student’s t location-scale

Table 6.2: Pearson distributions

Before we state the algorithms to create Pearson samples we delve into the theory behind
them. Our goal is to create samples from a random variable X given the expected value
(denoted by ), the standard deviation (denoted by o), the skewness (denoted by v) and
the kurtosis (denoted by x).

First define the random variable € by

e = X; iy (6.18)
This means that
Ele] =0,
Vi =1,
Skew (5) Ske (X) =7,
Kurt (g) = Kurt (X) = &.

Observe that both € and X have the same Pearson type since only the skewness and
kurtosis are used in the identification (see table 6.1). This means we can sample ¢ and
transform the output according to eq. (6.18) to get samples of X.

6.3.1 Algorithm (Pearson sampling - basic version). To create a uncorrelated Pearson
sample we have

Input: The expected value (denoted by p), the standard deviation (denoted by o), the
skewness (denoted by ) and the kurtosis (denoted by &) of a random variable X and the

number of simulations N. The desired output is a sample vector ()A( Tye-- ,)A( N).

1. First calculate 81 = (7)2, B2 = Kk and the parameters a, cg, ¢1, and co to identify the
Pearson type of ¢.

2. Then calculate the roots a; and ay of eq. (6.4).

3. Afterwards calculate the necessary parameters (mj,mq or C7), sample from the
associated distribution (in our case with the related built-in function) and transform
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the output accordingly. If Pearson type 4 is identified, a rejection algorithm is
implemented to sample from the distribution.
At this step we get n samples (£1,...,En) of e.

4. In a final step we transform the random vector (€1,...,Ex) by setting

~

Xi:Uai+M7
fori=1,...,N.

Output: The output is then a random vector ()?1, .. .,)/(\' ~) sampled from a random
variable matching all input moments of X.

6.3.2 Remark.

e Reorganizing eq. (6.18) to
X =p+oe

and comparing that to eq. (5.1) we can see that this way of sampling is perfectly in
line with model assumptions 5.1.1.

e For further information on which transformations to use to relate each Pearson
type with their associated distribution consult [MI75], the Matlab documentation
or [Dev86]. [MI75] is the most detailed (in terms of sampling) of those and gives
algorithms to sample from each type of the Pearson system.

For the sampling of correlated variables some steps have to be modified. In contrast to
the above all correlated random variables have to be sampled together (otherwise there
would be no correlation). The new algorithm takes the linear correlation matrix p as
an extra input. It is also tailored to the special case that skewness and kurtosis of all
random variables are the same (which is the case in our simulation model - c¢f. model
assumptions 5.1.1).

In addition to the above it should also be stated that (let M be the number of random
variables) the Pearson parameters a, g, c1, and cg do not depend on j = 1,..., M since
for the ¢; all four input parameters are the same (cf. egs. (6.15) to (6.17)).

6.3.3 Algorithm (Pearson sampling - expanded version). To create correlated Pearson
samples for the random variables (X,..., X)) we have

Input: The number of simulations N, the expected values (denoted by p;), the standard
deviations (denoted by o), the skewness and kurtosis (denoted by 7 and & respectively
and both not dependent on j) of M random variables X, j =1,..., M. Additionally we
have the linear correlation matrix p, where

Pij = Corr (Xl, X])
as an extra input. The desired output is NV samples of each of the Xj.

1. After calculating (31, B2 and the parameters a,cg,c1, and co, identify the Pearson
type (which is the same for all €; and with that all Xj)..

2. Then calculate the roots a1 and as of eq. (6.4).
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3. In the expanded version the sampling is done a bit differently from the base version
(except for Pearson type 4 where correlation is not implemented and the standard
built-in function from above is used). After calculating the necessary parameters
the sampling is done by using a gaussian copula and the algorithm presented in
appendix A.2.2. This means that for each i = 1,..., N we follow the following
procedure:

(a)

(b)

()

First we use p to sample from a uniform distribution via a gaussian copula
approach (see appendix A.2.1). This yields a vector (Uy,...,Upr), where U; ~
U(O, 1) and Corr ((]17 UJ) ~ Pigs Z,j = 17 RPN ,M.
Then we use the inversion method (see definition A.2.7) to get samples from
our associated distribution (with its cdf denoted by F}), which we will then
transform accordingly to fit the Pearson type. We will denote the transforma-
tion function by hg,. It is dependent on the Pearson type and its relation to
its associated distribution F}; (cf. remark 6.3.2).
That means we receive a sample (£1,...,€y7) where for i = 1,..., M we have
that

5 = by (F V).
If we do this N times (in fact computationally we can do it all at once) we have
N sets of vectors (éﬁm, e ’éz\:p) (n=1...,N).

4. In a final step we transform the sample vectors (§<1n>, e ,§<Mn>> by setting

"= Ujgé‘m T -

forn=1,...,Nand j=1,..., M.

Output: The output consists of IV sample vectors ()A(fm, . 7)?;;)), wheren=1,...,N,

sampled from random variables matching all input moments of each X; and where each
sample vector is generated using the input correlation matrix .

6.4 Simulation with the Pearson system

We will now go through the simulation step by step .

1. The first step of the simulation process is computing the values

fis 05, 75, and K;

forj=0,...,J —1.

2. Then we simulate the missing cumulative claims for each development year j =

1,..

., J to fill up the claims triangle. For each development year j we have constant

skewness and kurtosis (see model assumptions 4.2.2), which are given by the estim-
ators ;1 and kKj_1. The expected value and the variance differ for each accident
year 1.
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So this means that at each step j =1,...,J we have
E [éf;m’fgl,j—l] = Ai,j—l fi—1 = a; 5,
s ~ Cij-1
V {CSZ,m’(SI,j_l] = Ci,j—l 82'_1 1 + + = bi,jv
" ! > 5=) O
Skew (Cf;m’gj)jfl) = ajfl = Cj,
Kurt (af;m’é‘[d,1> = //%jfl = d],
fori=1—7j+1,...,I and where for ease of notation

5 Gy 0<i<I—jj=0,..J
MUCH T-j<i<Ij=1,...J

and &1 as in eq. (5.3). Now we can use ¢; and d; to calculate the Pearson
parameters 1 and (2 (see egs. (6.11) and (6.12)). With these we identify the
Pearson type and its associated distribution.

3. The claims triangle at step j looks like table 6.3. Our aim is to simulate the random

variables (C’ISETJ”+1 o

the linear correlation matrix p¥/) into algorithm 6.3.3 which identifies the Pearson

. 6151]’”) For this we input the parameters a; ;,b; ;, c;,d; and

type and creates the samples. The output is then IV sets of vectors ()? 1<">, X ;">)

(n=1...,N) which we combine into one sample matrix O by setting

~

GQ{L:X;@ Vk=1,...,jandn=1,...,N

The matrix ©) is a matrix of random variables with entries G)lgzl, wherek=1,...,j
andn = 1,..., N and where each column G)Q,Z is a sample from (é\ff’;bﬂﬁj, . 6;937”)
This means that if we fix the simulation number n we have

(n) ASi —_ oW

" CIir;L-&-i,j = @i,jn (6.19)

foreach j=1,...,J,i=1,...,jand n=1,...,N.

4. For the ultimate claims this gives us N simulations of the values @537”7 i=1,...,1.
If we want to compute a statistic of them we can do this directly with the simulated
values saved in @fJTZ As a first example we want to show the computation of the
best estimate reserves. We have

1 N
E[Cis] =5 > efn
n=1

and with that we can also calculate

B {1%] . [@,J} ~Cyqifori=1,...,1.
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AY/DY

0 1 j J
ASim
CI =gArilg
ASim ASim
ra - Crj

Table 6.3: Simulation step j

For ease of notation we will introduce another matrix. We will call it the reserve
matrix U{/) and define it by

v =e) ¢,

,n

fori=1,...,Jandn=1,...,N.

Each column of the matrix ¥(”/) represents one simulation of the outstanding reserve
for each accident year i.

6.5 Statistical Estimators

6.5.1 Estimator (Sample Estimators). We will now define the statistics used in chapter 7
to showcase the simulation. We have

E [}AB,} - % EN: v (6.20)
n=1
[R] = 3 (v B [R]) (6.21)
n=1
Std (E) =/V [Ei], (6.22)

Skew (:) = TG (V12 [E})g (6.23)
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s (o -8 [R))"

kP = 5
7 e 2 ?
(42 (w2 -5 [R]))
@(ﬁ-) - Nol (N )R 3N 1)) 43 (6.24)
! (N —2)(N —3) : ’ '
fori=1,...,1I.

These are the bias corrected empirical estimators used by Matlab. Additionally we will
calculate the Value at Risk of the outstanding reserve.

6.5.2 Definition (Value at Risk). The Value at Risk at significance level a of a random
variable X with cumulative distribution function Fx is defined as

VaR, (X) =inf{g e R: Fx (q) > a} (6.25)

6.5.3 Remark. The VaR,, is in fact just the a-quantile of the distribution Fx.

Since we do not have an analytical expression of the cdf F'x we will use a quantile estimator
to calculate the Value at Risk of our sample.

6.5.4 Algorithm (Matlab quantile function). The Matlab function quantile works the fol-
lowing way

(i) Let 2 be an n-element vector of samples from the random variable X. Then let y
be the sorted vector of x.

(ii) The sorted values y then correspond to the (0-5/n), (1:5/n),...,((n=0.5)/n) sample
quantiles of X.We now have three different scenarios.

If 0'5/n < P < (n— 0~5)/n:
(a) If there exists an i € {0,1,...,n — 1} such that
p= (n—0.5 — 1)/n

then quantile(x,p) = y(n — 7).
(b) Otherwise there exists a j € {0,1,...,n — 1} such that

(n—045—(j+1))/n <p < (n—O.S—j)/n

In this case quantile uses linear interpolation between the above values. We
have

quantile(x,p) = y(n—(j+1))+[p — @ =05=G+)/n] [y(n —j) —y(n — ( +1))]
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Else:

(¢) For the quantiles corresponding to probabilities outside of the above range,
quantile assigns the minimum or maximum values of X. This means that

1) if 0.5/,
quantile(x,p) = y(1) 1 p <%
y(n) if p> (n=05)/y,
6.5.5 Estimator (VaR Estimator). With the above definition of the function quantile

we then have
VaR, <I§Z) = quantile (\Ilgj,]>,a) (6.26)

6.5.6 Remark. The sampling process described in this section and in algorithm 6.3.3 can
be interpreted in two different ways. R

We can see algorithm 6.3.3 as a means to simulate the cumulative claims C’f]’m In this
case the variables €j, are only temporary variables used in the simulation process.
However we can also take eq. (5.1) from model assumptions 5.1.1 as the basis of our
simulation. We have assumed that

Cijr1=1; Cij+0; \/Cij€ijt
Vie{0,...,]},and V j€{0,...,J -1}

This means that we can also simulate the ¢; ;41 and then calculate @Sj”fl from them. We
have

e, = Guar1 = 15 Ciy
wr o /Ci;
_ Cijr1 —E[Ci;11|Di]
VI[Ci j+1|Di]

Comparing this to eq. (6.18) we can see that for a fixed j € {0,...,J — 1} we can interpret
the ey (k=1,...,j + 1) from algorithm 6.3.3 as samples of the ¢; j41 (i =1 —4,...,I)
and conclude that both interpretations yield the same result.



Chapter 7

Examples

We will now utilize both methods from the previous sections on different claims triangles
and compare the results against each other. Additionally we will also compare the results
to the standard chain ladder estimator and the MSEP estimator introduced in [WMOS].

7.1 Application of the simulation

For each of the following triangles we will first calculate all parameters and then run the
simulation models described in sections 5.4 and 6.4. The results of this run will then be
displayed in a table and interpreted subsequently. Additionally a histogram of the total
reserve is shown, featuring overlaid density curves of standard distribution functions.
The normal, lognormal and gamma distributions used below are fitted to the chain ladder
estimators via moment matching. The generalized extreme value distribution, which is
also displayed in the figure, is fitted to the data generated by the simulation via the
maximum likelihood method.

The simulation was realized in Matlab R2012b with the Statistics Toolbox 8.1 installed
and the number of simulations set to one million. A special thanks has to go to Nico
Schlémer for creating and sharing his Matlab script matlab2tikz, which was used in the
creation of the output histograms .

To get an idea about the duration of one simulation table 7.1 depicts the average runtime
per triangle for different simulation numbers. The second column denotes the time the
Pearson simulation from section 6.4 took, while the third column denotes the runtime
of both simulations (Pearson and GPD) plus the runtime for the creation of the output
tables and figures.

It can be downloaded from the Matlab file exchange - see http://www.mathworks.com/
matlabcentral/fileexchange/22022-matlab2tikz
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Nr. of simulations Pearson sim. Whole sim.
10,000 1.39 3.06

100,000 8.40 11.82
1,000,000 77.96 101.58

Table 7.1: Mean runtimes of simulation models in seconds

7.1.1 Example 1: Wiithrich Triangle
The first claims triangle is taken from [WMOS]. It is given by fig. 7.1.
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AY/DY 0 1 2 3 4 5 6 7 8 9
0 5,946,975 9,668,212 10,563,929 10,771,690 10,978,394 11,040,518 11,106,331 11,121,181 11,132,310 11,148,124
1 6,346,756 9,593,162 10,316,383 10,468,180 10,536,004 10,572,608 10,625,360 10,636,546 10,648,192
2 6,269,090 9,245,313 10,092,366 10, 10,507,837 10,573,282 10,626,827 10,635,751
3 5,863,015 8,546,239 9,268,771 9459424  9,592.399 9,680,740 9,724,068
4 5,778,885 8,524,114 9,178,009 9,451,404 9,681,692 9,786,916
5 6,184,793 9,013,132 9,585,897 9,830,796 9,935,753
6 5,600,184 8,493,391 9,056,505 9,282,022
7 5,288,066 7,728,169 8,256,211
8 5,290,793 7,648,729
9 5,675,568
7 1.4925 10778 1.0229 1.0148 1.007 1.0051 1.0011 1.001 1.0014
5; 135.253  33.8020  15.7596 19.8467 9.3362 2.0011 0.8232 0.2196 0.0586
3, 2.0465 0.2386 -0.5048 0.2291 0.2806 0.8868 0.383 0 0
R 5.2748 1.1998 1.9027 1.6792 0.9745 1.3181 3 3 3

Figure 7.1: Example 1: Wiithrich Triangle

A summary of the key figures can be found in fig. 7.2 while fig. 7.3 depicts a histogram
based on the simulation of the total reserve in comparison to fitted standard density
curves. As can be seen from the output, non of the standard distributions offer a good
fit to this distribution. The bimodal look of the histogram can probably be attributed
to most columns having Pearson type 1, which is akin to the beta distribution and has
bimodal properties when the parameters are low.
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(0]

Pearson Simulation Chain Ladder Estimators GPD Sim.
E[R)] W [R] | oRow (R) | REE | \fSeDno, | VaRow (ROPP)
1 15,126.54 270.46 15,756.56 15,126.29 267.51 15,580.26
2 26,258.40 918.07 28,394.48 26,257.45 915.24 27,999.92
3 34,543.18 3,063.16 42.312.91 34,538.47 3,058.74 41,371.50
4 85,303.14 7,626.96 102,341.29 85,301.62 7,628.15 105,991.36
5 156,473.23 33,340.02 211,659.83 156,494.25 33,341.22 226,987.61
6 286,217.67 73,443.48 436,572.98 286,121.02 73,466.90 448,429.77
7 449,045.30 85,383.18 633,065.90 449,166.98 85,398.21 636,457.12
8 | 1,043,246.40 | 134,181.85 | 1,331,729.34 || 1,043,242.44 | 134,336.55 1,349,585.88
9 3,950,621.30 | 410,783.86 | 5,146,276.79 || 3,950,815.25 410,817.59 5,377,532.99
Total | 6,046,835.15 | 452,739.29 | 7,368,874.51 6,047,063.77 462,960.58 7,522,123.05
Figure 7.2: Example 1: Summary
.10~
T
m simulated data
L4y [—fitted normal )
[Ifitted lognormal
fitted gamma
1.2 fitted GEV
= il
%
[

54 5.6

5.8

6 6.2

6.4 6.6

Total Reserve

6.8

Figure 7.3: Example 1: Simulation Output
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7.1.2 Example 2: Mack Triangle
The next triangle can be found in [Mac93] and is depicted in fig. 7.4.
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AY/DY 0 1 2 3 4 5 6 7 8 9
0 357,848 1,124,788 1,735,330 2,218,270 2,745,596 3,319,994 3,466,336 3,606,286 3,833,515 3,901,463
1 352,118 1,236,139 2,170,033 3,353,322 3,799,067 4,120,063 4,647,867 4,914,039 5,339,085
2 290,507 1,292,306 2,218,525 3,235,179 3,985,995 4,132,918 4,628,910 4,909,315
3 310,608 1,418,858 2,195,047 3,757,447 4,029,929 4,381,982 4,588,268
4 443,160 1,136,350 2,128,333 2,897,821 3,402,672 3,873,311
5 396,132 1,333,217 2,180,715 2,985,752 3,691,712
6 440,832 1,288,463 2,419,861 3,483,130
7 359,480 1,421,128 2,864,498
8 376,686 1,363,294
9 344,014
Iz 3.4906 1.7473 1.4574 1.1739 1.1038 1.0863 1.0539 1.0766 1.0177
5 400.3503  194.2598  204.8541 123.2189 117.1807  90.4753  21.1333  33.8728  21.1333
B 0.1961 0.3229 1.0196  -0.7557  0.8008  -0.0641 -1.948 0 0
R 1.7958 1.6328 2.559 1.4845 1.6243  -0.3701 3 3 3

&

Figure 7.4: Example 2:

Mack Triangle

A summary of the key figures can be found in fig. 7.5 while fig. 7.6 depicts a histogram
based on the simulation of the total reserve in comparison to fitted standard density
curves. From the numbers it seems that this is a very regular triangle, where each of the
distributions offers a reasonable fit.

Pearson Simulation Chain Ladder Estimators GPD Sim.
s[&] | \V[R] | VR (R) | RO | \fmomn, || VaRaw (RO77)
1 94,702.93 85,408.35 293,298.54 94,633.81 75,535.04 222,820.83
2 469,576.68 126,500.24 766,267.54 469,511.29 121,700.12 725,990.37
3 709,713.31 127,151.05 993,012.65 709,637.82 133,550.98 987,533.95
4 984,690.66 261,476.32 1,473,709.82 984,888.64 261,412.47 1,520,655.97
5 1,419,403.27 411,042.26 2,353,664.47 1,419,459.46 411,027.80 2,475,222.83
6 2,177,406.23 557,738.56 3,408,171.04 2,177,640.62 558,355.88 3,510,842.65
7 3,918,819.33 874,928.43 6,245,350.39 3,920,301.01 875,429.58 6,288,008.20
8 4,278,631.24 972,439.81 6,839,308.64 4,278,972.26 971,385.37 6,858,733.77
9 4,626,061.88 | 1,365,121.40 | 8,133,420.81 4,625,810.69 | 1,363,384.66 8,140,636.09
Total | 18,679,005.54 | 2,173,908.23 | 24,085,707.70 || 18,680,855.61 | 2,447,618.31 24,498,884.79

Figure 7.5: Example 2: Summary
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Density

1077

(s

1.2

1.4

m simulated data
—1fitted normal
[—Jfitted lognormal
fitted gamma
fitted GEV

1.6 1.8 2 2.2 24 2.6 2.8

Total Reserve

Figure 7.6: Example 2: Simulation Output
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7.1.3 Example 3: Dal Moro Triangle

This triangle is taken from [Morl13]. It is given by fig. 7.7.
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AY/DY 0 1 2 3 4 5 6 7 8 9
0 10,798 11,313 15110 15,163 14,232 14,063 12,050 12,163 11,624 12,942
1 11,595 13,743 15,143 15253 14,999 15468 12,007 13,086 13,122
2 11,724 13,621 15401 14,577 14,932 15052 13,156 12,847
3 11,820 13,666 14,915 14,269 14,933 15263 13,016
4 11,746 13,352 14,998 14456 14,915 15,042
5 11,641 13,182 14,858 14,721 14,788
6 11,557 13,186 14,811 14,898
7 11,552 13,159 14,887
8 11,525 13,061
9 11,522
7 1.1378 11416 0.982  1.0041 1.0118 0.8543 0.9996 0.9801 1.1134
5 3.9568 8.4241 3.1661 4.7823  1.976  2.008  2.3229 3.7369 2.3229
9, 17175 2.6942  -0.3731 -0.9838 -0.4009 -0.0872 -1.5418 0 0
R 5318  6.8202 0.787  2.0494 14971  1.2178 3 3 3

Figure 7.7: Example 3: Dal Moro Triangle

A summary of the key figures can be found in fig. 7.8 while fig. 7.9 depicts a histogram
based on the simulation of the total reserve in comparison to fitted standard density
curves. In this case we can see one of the major shortcomings of using a distribution like
the lognormal or the gamma distribution. Since they cannot take negative values into
account they are very bad fits for triangles where there are a lot of regresses.

Pearson Simulation Chain Ladder Estimators GPD Sim.
E [El] \/V {ﬁz] VaRggo, (§z> RCT \/HTSG\IORADI VaRooy (EZGPD)
1 1,488.23 453.06 2,540.15 1,487.85 388.25 2,146.75
2 1,172.13 792.71 3,049.27 1,171.72 690.74 2,623.90
3 1,180.31 793.63 2,996.01 1,180.80 773.18 2,808.48
4 -1,026.07 808.94 828.92 -1,025.14 823.27 775.24
5 -844.76 824.88 1,047.82 -844.54 856.26 1,057.70
6 -794.43 1,028.11 1,436.55 -793.65 1,048.07 1,471.49
7 -1,045.39 | 1,085.55 1,340.88 -1,047.39 1,106.83 1,388.41
8 800.59 1,449.33 5,254.27 800.58 1,458.81 5,034.94
9 2,389.95 | 1,527.24 6,979.04 2,391.25 1,537.31 6,749.34
Total | 3,320.56 | 3,945.01 12,829.78 3,321.48 4,889.25 13,827.66

Figure 7.8: Example 3: Summary
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Figure 7.9: Example 3: Simulation Output
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7.1.4 Example 4: Product Liability Triangle
This triangle is also taken from [Mor13] and it is given by fig. 7.10.

AY/DY | 0 1 2 3 4 5 6 7 8 9
0 199 246 360 404 401 321 328 340 332 342
1 1,312 1,181 1,347 1,390 1,511 1,686 1,860 1,689 1,680
2 493 700 817 740 912 903 897 902
3 391 487 1472 1,640 611 593 597
4 586 741 1,251 1,509 1,864 2,040
5 892 1285 1,556 1,720 1,828
6 654 1,644 2,060 2,270
7 379 906 1,255
8 705 950
9 384
7 1.4507 14072 1.0914 0.9627  1.046 1.0511 0.9501 0.9916 1.0301
5, 13809 14.849 29171 124593 3.2492 1.7349 2.0616 0.3062 0.0455
3, 1.0925 25375 -0.8514 -1.8146 -1.1706 0.3586 0.3009 0 0
% 31839 6.1203 2.881  3.5381 1.3946 0.7722 3 3 3

Figure 7.10: Example 4: Product Liability Triangle

A summary of the key figures can be found in fig. 7.11 while fig. 7.12 depicts a histogram
based on the simulation of the total reserve in comparison to fitted standard density curves.
Similarly to Example 3 the lognormal distribution offers a very bad fit because some of
the reserves are very low, or even negative in the case of accident year 3. Additionally the
total reserve seems to be negatively skewed, which means that even the normal distribution

overestimates the right side of the tail (cf. fig. 7.13).

Pearson Simulation Chain Ladder Estimators GPD Sim.
E [§1:| \/V [§1:| VaRggs, <§z> RET \/ IfS?PRZ\D, VaRggy, <§1GPD)

1 50.61 4.66 61.42 50.60 4.59 58.39

2 19.38 11.70 46.66 19.38 11.68 41.02

3 -17.57 56.89 125.66 -17.61 56.88 102.33

4 41.13 160.27 439.00 40.98 160.35 427.76

5 122.60 225.05 592.09 122.59 224.78 596.54

6 62.06 768.90 957.99 61.92 767.40 1,055.10

7 151.53 579.46 886.71 152.06 577.27 955.28

8 549.12 816.31 3,001.36 548.85 811.08 3,025.75

9 513.74 731.78 3,168.94 494.92 746.51 2,926.51
Total | 1,492.60 | 1,588.91 5,344.89 1,473.70 1,786.39 5,523.79

Figure 7.11: Example 4: Summary
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Figure 7.12: Example 4: Simulation Output

7.1.5 Comparing the methods

In fig. 7.13 we compare the different methods on the basis of the 99% Value at Risk. As
can be seen in the table it seems like there can be no one distribution which fits all claims
triangles. Especially the factor of negative reserves plays an important role in the choice
of the distribution.

The normal, lognormal and gamma distribution are chosen because they are the most
popular distributions used to estimate the claims reserve distribution in today’s insurance
practice. All three of them can be fitted to two moments. This is not true for the
generalized extreme value distribution, which has three parameters and was therefore
omitted from this comparison. The parameter estimation was done via moment matching
and using the chain ladder best estimate and MSEP developed in chapter 3.
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Example: | Pearson Simulation | GPD Sim. fitted Normal | fitted Lognormal | fitted Gamma
1 7,368,874.51 7,522,123.05 7,124,071.13 7,202,979.24 7,175,890.75
2 24,085,707.70 24,498,884.79 24,374,867.27 25,090,696.54 24,841,480.35
3 12,829.78 13,827.66 14,695.59 22,685.67 23,025.05
4 5,344.89 5,523.79 5,629.45 8,564.42 8,282.12

Figure 7.13: VaR,, of total reserve with o = 99%

Figures 7.14 and 7.15 compare the skewness and kurtosis of the above distributions. As
predicted the Pearson and the GPD model result in a similar skewness for the total
reserves. This does not hold true for the kurtosis, since the GPD model was not fitted to
the kurtosis estimators. The fitted distributions offer varying results, in which especially
the skewness and the kurtosis of the lognormal and gamma distribution for examples 3 and
4 stand out. These very high values can be explained by the fact that both distributions
have origin zero and are therefore not suitable for these claims triangles.

Example: | Pearson Simulation | GPD Sim. || fitted Normal | fitted Lognormal | fitted Gamma
1 1.2864 1.2687 0 0.2301 0.1531
2 0.2395 0.2486 0 0.3953 0.262
3 0.0976 0.0964 0 7.6056 2.944
4 -0.1062 -0.0393 0 5.4177 2.4244
Figure 7.14: Skewness of total reserve
Example: | Pearson Simulation | GPD Sim. || fitted Normal | fitted Lognormal | fitted Gamma
1 4.2242 6.3493 3 3.0943 3.0352
2 2.9897 3.0433 3 3.2791 3.103
3 3.0668 3.03 3 191.1785 16.0009
4 3.5123 3.7607 3 82.5934 11.8163

Figure 7.15: Kurtosis of total reserve

Overall the simulation model seems to give a good impression of the shape of the reserve
risk distribution and can help in finding better estimators and distributional fits in the
claims reserving process.



Appendix A

Mathematical Background

A.1 Distributions !

A.1.1 The Normal Distribution

A random variable X is said to be normally distributed, i.e. X ~ N(u,o?), if it has the
probability density function (pdf)

We have
E[X] = u,
V[X] = 2’
Skew (X) =0,
Kurt (X) = 3.

A.1.2 The Lognormal Distribution

We say a random variable X is lognormally distributed if Z = log(X) is normally distrib-
uted. We denote X ~ log N (i, o) and for the pdf it follows that

)= — e (_;[log(w);u])

For the moments we have

1
E[X"] = exp (r,u + 2r202>

!definitions and results taken from [JKB94a] and [JKB94b]

83
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which leads to

V[X] = exp (2u+ 02) (exp (02) -1),
Skew (X) = /exp (02) — 1 (exp (02) + 2) ,
Kurt (X) = exp (402) + 2exp (302) + 3exp (202) — 3.

A.1.3 Generalized Pareto Distribution 2

There are many different forms of the Pareto distribution. We will use a form conform
with [Mor13] to be able to use the moment estimators from the paper.

We say a random variable X follows a generalized Pareto distribution (X ~ GPD(y, s,¢))
if it has the cumulative distribution function

S

Flz)=1— <1+g(x_m>1/s

forz > p € R,s >0 and £ € R. For the moments we have

Em:ml—féﬁ
Vx-S
M= aa
Skew (X) = % ng_%
_ 3(3—5¢—487)
Kurt (X) = T Ter12er

A.1.4 Beta Distribution

We say a random variable X follows a beta distribution, noted X ~ Beta(p, ¢), if its pdf

is of the form )
B b=
fa) = B@O" gLy <<
T

where B(p, ¢) is the beta function B(p, q) = fol tP=1(1 —t)9=1dt. For more information on
the beta function see for example [AS65]. We have

_p
p+q
g
(p+a)’(p+qg+1)
x) = eV T ()
p+q+2

2to match [Mor13] the definition is taken from [EKMO03|

E[X]

)

Skew (
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3(p+q+1) [2(p+q)2+pq(p+q—6)]_

Kurt (X) = pa(p+q+2)(p+q+3)

A.1.5 Gamma Distribution

A random variable Y follows a generalized gamma distribution, noted Y ~ gGam («, 3,7)
if its distribution function is

e (~557)
Bl (a)

where a, 3 > 0 and > v and where T'() is the gamma function I'(a) = [~ t*~!e"dt.
For more information on the gamma function see for example [AS65]. For the standard
form of the the distribution we set ¥ = 0 and then have X ~ Gam («, 8) with the pdf

2 Lexp (—%)

fr(z)=

fx(l‘) = BO‘F(OZ) s Oé,ﬁ > 0.
We then have
E[X] = af,
V[X] = ap?,
2
Skew (X) = 7
Kurt (X) =3+ E
«

A.1.6 F Distribution

If X7, X5 are independent chi-square variables with degrees of freedom v; and vs, i.e.
X; ~ x;, for I =1,2, then the distribution of

()0

is the F distribution with v, s degrees of freedom. Its pdf is given by

v vi/2
PR /)1

f(CC) = B 1 1 " (vi+wv2)f2?
—UV1, <V
9 1, 9 2 (1 + 1/21;)

Its moments are given by

x> 0.

E[}(]:V;in7 Vo > 2,
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2v3 (v + vg — 2)

VI[X] = , vy >4,
Xl=2 (s — 22 (o —4) °
8(1/274) 21/1+V272
kew (X) =
SGW( ) (V1—|—V2—2)U1 V2—6 5 1/2>67
3 [W — 4+ 1 (1 — 6) [Skew (X))?
Kurt (X) = , Ve > 8.

1/2—8

A.1.1 Remark. For the definition of the chi-square distribution consult [JKB94al.

A.1.7 Student’s t Distribution
Let U ~U(0,1) and V ~ x2 then we have that

N
X =Y~
UV

follows a student t distribution with v degrees of freedom. It has the pdf
CT(3(w+1) 1
= /T F(%V) (1+ ﬁ>'/;rl

All odd moments of X are zero. We have

f(x)

E[X] =0,
v
X|=—— >2
vix]= Yo vz
Skew (X) = 0
3(v—2)
= —" >
Kurt (X) T v >4

A.1.8 Uniform Distribution on [0, 1]

A random variable X follows a uniform distribution on the interval [0,1], noted X ~
U(0,1) if its distribution function is

f(x) = 10,1

where 1pg 17 is the indicator function on [0, 1]. We have
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A.2 Correlation

A.2.1 Copula?

Copulas are used in mathematical statistics to describe dependencies between random
variables. In general it is not possible to determine the cumulative distribution function
(cdf) F of a d dimensional random vector X from just its margin F;, i = 1,...,d. They
have to be coupled in some way, which is where copulas come into place. First some
general definitions:

A.2.1 Definition. Let X = (X3,...,X ) be a d-dimensional random vector defined on
a probability space (92, F,P). Its properties are defined by its cumulative distribution
function

F(zy,...,zq) =P[Xy <z1,...,Xg < x4], x1,...,24 ER.

Then for i = 1,...,d the distribution functions F; of X; are called the marginal distribu-
tions of F' and can be calculated from F via

Fi(x;) = lim F(z1,...,xq),

DL ey i 15T 1 ey T —>00
which is sometimes also written as

Fi(x;) = F(00,...,00,&;,00,...,00).
A.2.2 Definition (Copula).

e A function C : [0,1]¢ — [0, 1] is called a (d-dimensional) copula, if there is a probab-
ility space (€2, F,P) supporting a random vector (Uy, ..., Uy) such that Uy ~ U(0, 1)
(the uniform distribution) for all k =1,...,d and

C(ur,...,Uqs) =P[Us <wuy,...,Ug <ugl, ui,...,ug €R

e On a probability space (2, F,P) let (Uy,...,Us) be a random vector on [0, 1] whose
joint distribution function (restricted to [0, 1]?) is a copula C : [0,1]¢ — [0,1]. For
i=2,...,d and indices 1 < j; < ... < j; <d the notation Cj, _j, :[0,1]* — [0,1] is
introduced for the joint distribution function of the random subvector (Uj,, ..., Uj,).
It is itself a copula and called an ¢-margin of C.

19

A.2.8 Remark. Note that for a random vector (Uy,...,Uy) € [0,1]¢ the values of its cdf
on R\ [0,1]? are completely determined by its values on [0, 1]¢. For this reason copulas
are only defined on the d-dimensional unit cube.

The theoretical foundation for the use of copulas is given by the Sklar’s Theorem. In short
it states that it is always possible to decouple a multivariate probability distribution into
its marginal distributions and a copula. Conversely it is possible to build a multivariate
probability distribution by combining given margins with a copula. These two elements
are then often easier to handle than the law of the joint probability distribution.

3following [MS12]
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A.2.4 Theorem (Sklar’'s Theorem). Let F' be a d-dimensional distribution function
with margins Fy,... Fy. Then there exists a d-dimensional copula C such that for all
(x1,...,2q4) € R? it holds that

F(zy,...,2q) = C (F1(z1),..., Fa(zq)) (A1)
If Fy,..., Fyq are continuous then C is unique. Conversely if C is a d-dimensional cop-
ula and Fy, ..., Fy are univariate distribution functions then the function F defined via

eq. (A.1) is a d-dimensional distribution function.
Let us now define the copula that we will use in our simulation

A.2.5 Definition (The Gaussian copula). On a probability space (2, F,P) let (X1,..., Xq)
be a normally distributed random vector with joint distribution function

1
F(xy,...,xq) = / (2#)*% det(E)*% exp (2(3 — )X (s — M)T> ds
Xfiizl(—oo,zi]

for a symmetric, positive-definite matrix ¥ and a mean vector g = (u1,...,uq) € RY,
s = (s1,...,54) and det(X) is the determinant of ¥. Denoting by 0% := ¥11,...,02 ==
344 > 0 the diagonal entries of 3, the marginal law F; of X; is a normal distribution with

mean f; and variance o;, I = 1,...,d. The copula C§%* of (X1,..., X ) is called the
Gaussian copula and is given by
CE™ (uy, ... ug) = F (Fy (w), ..., FyH(ug)) - (A.2)

Lastly we will state a general theorem that will help us in the next subsection.

A.2.6 Theorem. Let X be a random variable with a continuous cdf Fx. Then we have
o The random variable Y = Fx (X) is uniformly distributed, i.e. Y ~ U(0,1).
e Let U~ U(0,1), then Z = Fx'(U) follows the same distribution as X.

For the proof of this theorem we refer to [MS12] (where the more general case of a non
continuous cdf Fx is treated too). The second point of Theorem A.2.6 is the basis for an
often used algorithm to create pseudo random samples named inversion sampling.

A.2.7 Definition (Inversion Sampling). The inversion sampling method lets us generate
random samples of a random variable X which follows a cumulative distribution function
Fx. It requires a method to generate uniform samples.

To sample from a given random variable X via inversion sampling we have to follow these
steps

1. Create a sample u from a uniform distribution on the intervall [0, 1]

2. Use the (generalized) inverse function Fy! on u to get the value = F'(u). We
have that
Fx(z)=Fx (Fx'(u) =u

3. Then = can be taken as a random number drawn from the distribution given by Fx.
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A.2.2 Generation of random variables with the Gaussian copula

One of the practical applications of the above is, that it is possible to generate pseudo
random samples of a multivariate probability distribution with given marginals and a
copula.

We use the following algorithm to generate correlated random variables:

A.2.8 Algorithm.
Inputs: A set of correlated risks (Xi,...,X,) with marginal cumulative distribution
Functions F;, i = 1,...,n and a linear correlation matrix p € [0, 1]™*™.

1. If p is positive definite the Choleski decomposition is used to find a matrix C such
that p = CTC. In the case that p is only positive semidefinite calculate the spectral
decomposition of p, i.e. p = UAUT, where A = diag(A1,...,\,) is the diagonal
matrix consisting of the eigenvalues A1,..., A, of p and U is an orthogonal matrix,
and set C := A2 UT.

2. Generate n standard normal variables Y = (Y1,...,Y,).
3. Set Z=YC.

4. Set u; = ®(Z;) for i = 1,...,n, where ® is the cdf of the standard normal distribu-
tion.

5. Set )?7, = F;l(ul)

Output: The vector ()? 1ye-- ,)?n) forms a sample from a multivariate distribution which

A.2.9 Remark. Notes to some of the steps

e [tem 2 can be achieved multiple ways. We will use the built-in Matlab functions
for the creation of normal random variables. Generally the most used form is the
Box-Muller transformation method (see for example [Dev86]).

e Items 3 and 4 represent the copula part of the algorithm and generate a sample
vector U = (uq, ..., u,), where each u; is a sample of a uniformly distributed random
variable U; ~ U(0,1), ¢ =1,...,n (cf. Theorem A.2.6) generated by using the input
correlation p.

e Note that the linear correlation of the output is not exactly matching the input
correlation but is only an approximation. The application of the normal cumulative
distribution function in item 4 and the inverse cdf in item 5 lead to distortions.

e Item 5 is the inversion method and yields an output as described (cf. defini-
tion A.2.7).
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