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Abstract. Operational risk is one of the core risks of every insurance company under the
Solvency Il frameworkand can be defined as the financial losses occurred due to
incorrectly defired systems or processes; failures in IT system, human mistakes or other
external processe3he researclis performed in order to assess the capital to cover
possible losses due to the occurrence of the operational ristiskaband nature of an
operatiorl risk. We have shown that operational risks can be modelle#édwytscopula

and estimatedail dependence in each situation for modelling distributions with heavier
tail area. The model is preparedona-honf e i nsurance companyds exampl e a
on the recorded data from lodatabase¢hat encompasses historical information of five
main operational sulisks: legal, informational, organizational, human resources and
expense risk.
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1 Introduction

The fact is that the requirements of the Solvency Il Directive are not just about
capital of an insurance company but about risk assessment through the
implementation and enhancement of risk measent and risk management.
Also, the Solvency Il regime requires higher capital compared with the
requirements of the Solvency | Directive that should ensure the solvency and
financial stability of each insurance compaMoreover, the new requirements

of the Solvency Il Directive, which will come in force from 1st January 2016,
set a lot of challenges to every insurance company in the European Union
member states in relation to the establishment of more sensitive and
sophisticated risk coverage in order ensure solvency and the safety of
policyholders.Based on the requirements of tBelvency Il Directive, the
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insurance companies should hold the appropriate amourdpitialthat could
ensure safety of policyholders and beneficiarid® target of thd research is to
study the improvement possibilities of the operational risk measurement under
the Solvency Il regime. The object of this paper is measurement of operational
risk. Operational risk is the change in valfecapital neededauseddy the fact

that actual losses, incurrdbm inadequate or failed internal processes, people
and systems, or from external events, including legal risk but excluding strategic
and reputational risksSince 2001, when dament about operational risks
Sound Practicesof the Management and Supervision of Operational Ris&
published byBasel Committee on Banking Supervisi@h operational riskhas
beenin the centreof interest ofmathematiciansBecause needed capital for
different risks in banks is estimatdyy risk measure/aR (what is 99.9% in

banks and 99.5% in insurancé seems natural to use the same measure for
operational risk tooBut the problem is tha¢¥aR measure is no& coherent risk

n n
measure VaR,(§ R ¢ §VaR( B, where R, il {1,2,...n} are different

i=1 i3
risks Thereforedifferent bounds foWaRof a portfolio of riskscan be foundn
ChavezDemoulinet al. [5] or improved bonds in Embrechts and Puccetti J10
Further different copulas (Gumbel, Gaussiargravused for analysis of risk
across a nogymmetric matrix of loss data in Embrechts and Puccetfi].[
Extreme valugheory was usetb evaluate operational risks in-Elamalet al.
[9], ChavezDemoulinet al. [6]. Our aim in thispaperis to show that lsew t-
copula can be used ®stimateVaR of portfolio of different operational risks
including confidence intervals for such as risk measure \l&R and finally
calculate estimas of tail dependence for risks and for portfo@e have
worked out our méiodology using data basis of recorded operational risks
during one year in one insurance company of Latvia.

2 Construction of skewt-copula

We are going to model the joint distribution of differeisks via skewt-copula

to show advantage offie last ore. Usually operational risklata have univariate
marginals with skewed distributions of different typeBo construct a
multivariate model with certain dependence structure and different marginals
copula theory has been the only tool at hand soBfar most of the suggested
copulas are symmetrig¢o join skewed marginals into a multivariate distribution
it seems more natural to use a skewed multivariate distribufibere exist
many different modifications and extensions of the standard multivatriate
distribution. An overview of these distributions is given in Karm Nadarajah
[15], Ch. 5.We haveconstructedskew t-copulabased on the multivariate
distribution and skewrdistribution introducedh Azzalini andCapitanio [ and
corresponding copulasonstructed using these distributions.otation t, , is

usedwhen we talk aboutlensity of thep -variate t -distribution withn degrees



of freedom anchotafon g,, is used forthe density othe p -variate skewt -

distribution with 7 degrees of freedonSimilar notatios areused for the
distribution functions.

DEFINITION 1 A pdimensional random vectorX :(Xl,...,Xp)T is said to

have pvariate tdistribution with 7 degrees of freedom, mean vectrand

positive definitematrix £, if its density function is given byAZzalini and
Capitanio[1]):

AR o
1 @2
tpn(X,S, 5_ g 2 N—l é (X 8) nE( X ) l;l . (1)
(0 r)ZGa; g © :

Next we give the definition of the-dimensional skewtp’n -distribution
(Azzalini andCapitanio[1]).

DEFINITION 2. A random pvector X :(xl,...,xp)T has pvariate skewt -
distribution with parameters , U and E , if its density function is of the for
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where Q denotes the quadratic form

Q=(x €)" E( x-)
and W is the p® p diagonal matrix W = (dj \/-_T?), i,j=1...p, wheregj is
the Kronecker delta.‘l’lﬁ+p((')') denotes the distribution function of the central

univariate t - distribution with 77+ p degrees of fredom.

The skew t-copula isintroducedin Kollo and Pettere [13 As marginal
distributions of the business lines are skewed, a skewed copula will be a natural
model to give a good fit with the data.

DEFINITION 3 A copuleC,, is cdled skew tpﬂ—copula with
parameters ,EZ, U, if

Con(ty, Uy 2, B Y Gy (G fUiM, St @G s oM peS p)AE B

where Gb},(ui;/m, §, 4, il {1,2,...,p} denotes the invee of the univariate
skew tl[m -distribution function andG,,is the distribution function of -p

variate skevvtpﬂ -distribution with density (2).
The corresponding copula density functien i
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where the density functiongpﬂ(f}:, E X RP - R is defined by (R and

CpnlUie, B YF

function Gl';(ui;ny, §, ;4 is as in Definition 3.
We are going to apply the sketacopula in a special case e the shift
parametere = (. To find a model for our data we have to estimate the

parametersZ and U. For that, we shall apply the method of moments.
ParameterdZ and U are estimated from the first tveamplemoments(Kollo

and Pettere[13]). Let X and S, denote the sample mean and the sample
covariance matrix, respectively. Then the estimates are
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where
b= B, (5)
b(n)

with i = (a{j [ I%), i,j=1,..p, Wheredij is the Kronecker deltand
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We have to assume formula (4)that s > 2.
Variable 17 is possible to estimate between evewy variables using fanula
from Kotz and Nadarajah [15

3*- (n-2)( nd)m, (%) m(X)) O (6)



where m,( X) denotes the sample estimatbthe fourth order moments of
random variabléX, , il {1,2}. The estimates are closest integers to the

solution of equation (6) and can be found fok> 4.

3 Tail dependence for skewti distribution

Let us assume that(X;, X,) is a two-dimensionalvector wth univariate
marginal distributiors functions F(x) and F,(x). Then the upper tail
dependence coefficierg

y =lim 4()

where/, (U)=P(R(¥ >/ KB(¥ B.
Similarly is definedhe lower taildependenceoefficient

7 =lim ()
where/ (U)=P(FE(X <u/ BE(® 9.
For symmetricelliptical distributiors /, = { = , for normaldistributions
equals zeroFor twadimensionat-distribution with  degrees of freedom

)

where is the distribution function of standarddistribution with

degrees of freedoifsee Demartand McNeil [7)

It is proved inBortot [J] thatit is sufficient to study the upper tail dependence
as the lower tail dependence coefficient is determined by the upperTone.
follow Bortot [J] let us deote by

and (8)

Assume that . Then

or



