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1 Introduction

We consider constructions of multivariate distributions, introduced in Hendriks and
Landsman (2017), generated from multiply monotone functions; see Williamson (1956).
This family includes a multivariate Pareto distribution as a special case. The Pareto
is an important and well-known distribution due to its ability to capture heavy-tailed
phenomena, see e.g. Mardia (1962), Arnold (1985) and Embrechts et al. (1997). Further-
more, truncation is an inherent feature of the peaks over threshold method used to study
extreme value distributions and relevant to statistical theory in general. More recently,
the multivariate Pareto distribution has received considerable attention in finance and
insurance; see e.g. Chiragiev and Landsman (2007), Asimit et al. (2010), Vernic (2011)
and Alai et al. (2016). In the latter, the nature of the application required the multi-
variate distribution to be truncated, yielding some interesting theoretical results as well
as estimation procedures.

Applications in actuarial science, for both life and general insurance, often require
truncated distributions. It is well-known that for general insurance, claims are often
subject to a deductible. This is an important feature of the data, which needs to be
addressed appropriately by the claims severity distribution. For joint lifetime modelling,
as in Alai et al. (2016), relevant data is conditional upon individuals surviving to a
certain age; for example, the pension age. Public pension sustainability, the shift in
employer-sponsored pension plans from defined benefit to defined contribution, and
the buying-out of existing pensions via the purchase of bulk annuities are all very
important consequences of changes in longevity that can be captured via an appropriate
dependence structure between lives. With this application in mind, we establish tools
that allow for a richer variety of dependence between lifetimes, whilst addressing the
inherent truncation in the data. This is instrumental in the pricing and risk management
of life-benefit products such as bulk annuities.

In this paper, we study the effect of both univariate and multivariate truncation
on distributions generated from multiply monotone functions. We consider the impact
of truncation on parameter estimation techniques that rely on moments and quantiles.
Following Hendriks and Landsman (2017), let X = (X3,...,X,) be a multivariate
random vector with strictly positive components X; > 0 such that its joint survival
function is given by

P(X1>I1,,Xn>$n):h(2)\l$z), SL’lZO, (1)
=1

for \; > 0,Vi, where h is d-times monotone, d > n. That is, for k € {1,...,d},
(—=DFr®(z) >0, z>0. (2)

In the special case that \; = 1, Vi, we retrieve the Schur-constant survival function;
see e.g. Caramellino and Spizzichino (1994) and Nelsen (2005). To ensure we have a
survival function with a well-defined inverse, we assume h(zx) is strictly decreasing for
x > 0. The joint density of any subset of X exists and can be found by taking the
derivative of the function h an appropriate number of times. For example, the density
of X is given by

i=1
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and the density of X; is given by

The marginal survival function of X; could be determined from the density above, or
directly from the joint survival function as follows:

P(Xl>l'z) = P(Xl >0,....X,_1>0,X; >l’z‘,X¢+1 >0,...,X, >O)

It is clear that the function h always behaves as a survival function, whether for the
n-variate joint distribution, a univariate marginal distribution, or anything in between.

As such, we require
h(0) =1, lim A(x) = 0. (3)

T—00

Relationship to Archimedean Survival Copulas

The requirements on h are identical to those of Archimedean copula generators, and
hence, the multivariate distribution we consider has intimate links with this family of
copulas. In general, the literature on copulas is vast; they represent a very important
tool in the dependence modelling arsenal; see e.g. Frees and Valdez (1998), Nelsen
(1999), McNeil et al. (2005) and McNeil and Neslehova (2009) as well as Genest and
Rivest (1993), Genest et al. (1995) and Hofert et al. (2012) for more on estimation
procedures.

In order to showcase the various forms of dependence that can be attained via
the construction of Hendriks and Landsman (2017), which includes both positive and
negative dependence, we demonstrate the effects of selecting well-known Archimedean
copula generators to form distributions as given by Equation (1). In each case, we
demonstrate the necessary steps to address truncation and provide explicit expressions
to obtain parameter estimates.

In some detail, provided that h satisfies the conditions in Equations (2) and (3), it
is the generator of an Archimedean survival copula. In Hendriks and Landsman (2017),
it is shown that a multivariate distribution is identically specified either through the
Archimedean survival copula with generator h whose marginal survival distributions
also follow the functional form of h, or through the joint survival function as given by
Equation (1).

Let the marginal distributions of the X; have survival functions that are given by
P(X; > x;) = h(\z;) = p; and apply Archimedean survival copula C' with generator h,

Clpr, . ypa) = h(h™ (p1) + ... + b7 (Do),

where h~! is the inverse of h such that h(h~!(p)) = p and h is d-times monotone, d > n;
see e.g. Nelsen (1999) and McNeil and Neslehova (2009). Consequently, we have that

P(X1>$1,..‘,Xn>$n) =

(P(X1 > x1),...,P(X,, > x,))

(p1, .- ;pn)

(h™" (1) + .+ 57 (pn))

(R Alxl 4 b (M)
= h()\lxl +...+A xn)

[
= = )
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The other direction is shown similarly, and hence the two constructions are equivalent.

Organization of the paper: In Section 2 we consider the truncated moments and
quantiles of the univariate distribution generated by h. We address the effect of multi-
variate truncation on the moments of the marginal distributions as well the distribution
of the minimum and maximum in Section 3. We consider some examples of multivariate
distributions in Section 4, providing all the necessary details for moment and quantile
estimation procedures. In Section 5 we consider the quantile-based estimation proce-
dure and address the problem of selecting optimal quantile levels. Section 6 concludes
the paper.

2 Univariate Truncation

In the following two sections, we derive some relevant properties of multivariate distri-
butions specified via the joint survival function. We address, first, univariate truncation
of the marginal distribution, followed by multivariate truncation.

2.1 Multiply Monotone Generator h
For X = (Xy,...,X,) with strictly positive components X; > 0, we have

P(X1>Z'1,,Xn>$n):h(2)\2$z), 551207
i=1

A; > 0,Vi, where h is d-times monotone, d > n. We refer to h as the multiply monotone
generator of the multivariate distribution of X. We presently introduce the antideriva-
tives of h, of which we make ample use below.

M) = - / " hiy)dy,

hD(z) = —/:O{—/yoo h(z)dz}dy,

and so on. Recursively, we have that

h(_k)(:v) _ _/ h(_(k_l))(y)dy.

We generally apply the antiderivatives with argument Ax + ¢ for constants A and ¢;
substitution yields

KP Az +¢) = / (=DARE=D) Ay + c)dy.

2.2 Moments of the Truncated Marginal Distribution

Consider the truncation of X; with truncation point 7, . X; = X;|X; > 7. We refer to
this as univariate truncation since nothing is claimed about the level of the remaining
marginal distributions X, j # 4; we address multivariate truncation in Section 3. We
provide a useful result for the raw moments of X; and ,.X;.
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Theorem 1 Consider X = (X1, ..., X,) with strictly positive components and marginal
survival functions h;(\ix;), \i > 0, Vi, for d-times monotone h;, d > n. If finite, the k'
raw moment, which we denote ay, for k € {1,2,...,d}, of X; and ;X; = X;|X; > 7,
T >0, are given by

(0
(X)) = (—1)FK Ak( ),
k (=)
. P T W)
X‘ = . . 1 _1 Jk—j 1 i ?
Al = AT ijo( A T VA

where hg_k) () =— [~ hz(-_(k_l))(y)dy and hEO)(x) = hi(z).

Proof. We prove the result directly. In general, we assume integrals corresponding to
finite moments are well-defined; for specific h;, one can be more precise and relate the
existence of moments to values of the canonical parameter 6.

ar( X;) = hy(r) ! / FNAY ) da

Apply integration by parts with u = 2 and dv = (—1))\ih§1) (\ix)dz; consequently,
du = ka*~dz and v = —h\" (\;z).

R / km’f—lhg‘])(Aix)dx}.

We use the result provided in Lemma 1 in Williamson (1956); it states that for d-times
monotone function f, lim, o 2% f(x) = 0 for k € {1,...,d}. Consequently, we have
that

ap(zX;) = hi(m)—l{ — "R (A)

1k [
- hi(An)—l{T’fh,(O)(An)Jr( A‘) / xk_l(—l)/\ihgo)()\,»x)dm}.

Notice that the remaining integral is exactly what we began with, only the power

of x and the level of function h; have each reduced by one. We relterate the same
procedure; apply the same integration by parts notlng that h f h

and therefore has the same relationship as hi with hi ; and ﬁnally, use the same
result given in Williamson (1956), noting that lim, :ck_lhg*l)()\ix) = 0 since hgil) is
(d + 1)-times monotone. We have that

(- X;) = hi(AiT)l{Tkhz(O)(M)

+ { E1p( —(_1)(;_1) /Toomk_Q(—l)/\ihg_l)(/\ix)dx}}

= = hi(\T)” {( DR (i) + (1)t )

Ai
P () KU ()
2 _k—2 % 2 k—1 %
+ (=1)*r k:(k:—l)/\—Z2 + o+ (1) )TI!T
—1)kkL [ ke
L U O';,f/ (—1)AhL 1))(/\ix)dx}.
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Finally, notice that the remaining integral, where the power of x has reduced to zero, is
hgfk)()\ﬂ); this produces the result for truncation, in order to show the result without
truncation, set 7 = 0 and note that 7;(0) =1. =

As a result of Theorem 1, the mean and variance, denoted pus, of , X;, if finite, are
given by

hi V()

T — —7
2h P () AP (M)

TXZ' == - .
palrXs) Xhi(nT)  Ah(\T)?

al(TXi) =

If we let the truncation point be zero, we retrieve the expectation and variance found
in Hendriks and Landsman (2017).

2.3 Truncated Quantiles

The use of quantiles is very important for estimating heavy-tailed distributions. We
provide a lemma below that is useful when considering the truncated minimum of X;
see Section 3.2.

Lemma 1 Consider X = (X1, ..., X,,) with strictly positive components and marginal
survival functions h;(Nz;), \i > 0,Vi, for d-times monotone h;, d > n. Let . X; =
X;|X; > 7. The quantile of level p for . X;, 0 < p <1, is given by

hi '((1 = p)hi(NiT))

q.x,(p) =

Ai
Proof. Consider the distribution function of ,Xj;,
TP > ) P(X; > 7) T P(X > 1) hi(wr)

Inverting this function produces the desired result. m

Remark 1 An interesting example to which the results of Theorem 1 and Lemma 1
apply is found in a multivariate random vector with strictly positive components X; > 0
such that its joint survival function is given by

P(X1 >[E1,...,Xn>$n):h(2h_1 (hz (/\Zl‘l))> s x; > 0,
=1

for \; > 0,Vi, where h and h;,Vi, are d-times monotone, d > n. We aim to study this
distribution in future research.

3 Multivariate Truncation

Presently, we consider applying n-dimensional truncation to the random vector X =
(X1,...,X,) with distribution generated by d-times monotone h, d > n, as given in
Equation (1). Let X = {X|X > 7}, where 7 = 7-1,, and . X; = {X;|X > 7}. Below,
we consider the moments of . X; as well as the minimum and maximum of X, Xy
and - X,).



Remark 2 Although subtle, notice that the left subscript, which indicates truncation, is
bold in the case of multivariate truncation and plain in the case of univariate truncation.
The difference is important, and only in the case of the truncated minimum do we find
that - Xy = + X(1); see Section 3.2.

3.1 Mixed Moments of the Marginals

To obtain the variance-covariance structure of the multivariate truncated model con-
sidered here, we require the mixed moments of the marginal distributions.

Theorem 2 Consider X = (X1,...,X,) with distribution generated by d-times mono-
tone h via Equation (1), d > n. Let . X; = {X;|X > 7}. If finite,

B[ [[xF| = - Yo 1L
=1 ] i

E[ﬁerkl] — /\ST Z Z h( Zl 131) >\S7— H k jiTk,iji i‘;i’
=1 %

G120 Gn=0 i1 = Ji)!

where A\g = Z? i k=30 ki k€ {1,2,...,d}, and k; € {0} UZY; furthermore,
where h(F — [27 k=) (y)dy and h\9(z) = h(x).

Proof. We prove the result directly.

]E|:H TX’LkZ:| = h,()\ST)il / .o / (—1)” {Haj‘fl)\l} h(n) (Z )\lxl> dl’n e dxl
=1 T T i—1 =1

In the case there exist k; = 0, then, without loss of generality, for m < n, re-order the
X; such that k; >0 fori=1,...,m and k; =0 for : = m + 1,...,n. Evaluating the
integrals that subsequently correspond to k; = 0 is straightforward. Calculating each
integral reduces the level of the function A by one and changes the relevant portion of
its argument from \;z; to \;7, ultimately to become Ag7. For each integral we also lose
a factor of —\;. Consequently, we have that

B[t = [T °°<1>m{i1i‘l[lxm} p (zmﬁ > m) oy do

l=m+1

Consider the integral with respect to z,,, the relevant terms are h(™, —\,,, and zFn:
the remaining terms can be pushed out of this integral. The following remains:

/T OO(—1 (Z Ny + Z Aﬁ> Az,

l=m+1

Notice that this integral closely resembles the k" raw moment of . X,,; what is remark-
able is that the level of h is m, rather than one, and that the argument of A includes a
positive constant Z?;l Nz +d 41 ArT. This positive constant presents no difficulty,
in fact, neither does the level of h. Applying the same techniques used in Theorem 1,
we find this integral equal to

kzm (_1)jm7km—jm km' h(m_(jnl+1)) ( )\lxl + Zl =m >\l7-)
jm=0 (km = Jm)! )\]m



Substituting this back into our equation for E[H X k} and arranging the terms

i=1T

appropriately, we obtain

n km Em=jm | |

. _ T !
E[H*Xfl} = BT DL ) e

=1 Jm=0 m jm com

oo 1% m—1 m—1 n
/ - / (_1)(m—l) { H fﬂfl)\z} p(m=(im+1)) (Z Nz + Z /\ﬂ-) AZxpy—1 - - dzy.
T T =1 I=m

i=1

We proceed, as above, by addressing the integral with respect to x,,_1; again, we apply
the same techniques used in Theorem 1 and obtain

K km—1

n i - (_1)jm7_k-m—jm ! (_1)jm—17—km71_jmr*1 k1!
[Tt = oen 3 ST S )l
i=1 N

Jom=0 m 7.7771)! Gm_1=0 (km—l 7]m—1)!

m—2 m—2
/ / (m 2) {H zri }h(m (Gm+1)=(Gm—1+1)) (Z N+ Z )\IT> dTp—o -+ - dxy

i=1 =1 l=m—1

We continue in this way until we obtain
n Mo 1)Jirki=di .|
k; _ > Gi+) ) T i
5[] = aent 30 3 e T TR
=1 71=0 Im=0 =1 7

Notice that the sum and product may include terms corresponding to ¢ = m + 1 to
¢ = n since they do not alter the expression. Furthermore, notice that the level of
hy m =3 " (i +1) = =>" 51 = —>. 7, the latter equality since j, = 0 for
Il =m+1,...,n. This completes the result in the case of multivariate truncation, in
order to show the result without truncation, set 7 = 0 and note that h(0) =1. m

As a result of Theorem 2, we obtain, if finite, the mean and variance of - X; and the
covariance of . X; and X, 7 # j.

R (AgT)
Aih(AgT)
2hD(Ag7)  hED(AgT)?
Xh(AsT)  A2h(AgT)?
R (Agr) A (AgT)?
MAR(AsT)  Aidh(AgT)?

O-/l(TXi) = T —

(7 X3) =

COV(.,-XZ', TX]‘) =

If we let the truncation point be zero, we retrieve the expectation and variance found
above, and the covariance found in Hendriks and Landsman (2017).

3.2 Minimum and Maximum of the Truncated Distribution

Consider, again, X = (Xj,...,X,) with distribution generated by d-times monotone
h via Equation (1), d > n. Let Xy = min(X), ;X = {X|X > 7}, and ,X) =
Xa)|Xa) > 7. Notice that the distribution of the truncated minimum is equal to the
minimum of the truncated joint distribution; that is ; Xy = - X (1) = min(-X). To see



this, consider the survival probability of the truncated minimum for = > 7,

P(TX(l) > :L‘) = P(X(l) > IE|X )
= P(X;> X >l Xy >T,0, X, > T)
= P( X1>Q§' ..,.,-Xn>x)
= P(Xq) > ).

It is more convenient to truncate the minimum, since the distribution of the minimum
is trivially obtained via survival function,

P(Xq >2)=PXi>z,...,X, > ) = h(As).

Therefore, the truncated moments of X,y can be found via Theorem 1 by replacing \;
with Ag. The mean and variance of the truncated minimum are given by

h(fl)()\sT)

(As)h(AsT)’

2hD(N\g7)  RED(AgT)?
(As)2h(AsT)  (Ag)2h(AgT)?

a (- Xq)) = T—

pa(- X)) =

Furthermore, we obtain the quantiles of ; X(;) via Lemma 1,

h™H (L= p)h(AsT))
As ‘

qu(1)(p> -

We can also consider the maximum of the truncated distribution, X,y = max(;X).
Notice that in contrast to the truncated minimum, the order of truncating and taking
the maximum is not reversible. Furthermore, in order to provide tractable equations
for moments of the maximum we require the constraint \; = \, Vi.

Corollary 3 Consider X = (X7, ..., X,,) with distribution generated by d-times mono-
tone h wvia Equation (1), d > n, and N\; = X for all i. Let X,y = max(X) and
X = max(X)|X > 7. If finite, the k™ raw moment, for k € {1,2,....d}, of X
and Xy, 7> 0, are giwen by,

no (—h)
i) = 0 )(—1)’%!’1@)&0),

- 2
=1

k

n () (s
ar(rXm) = h(nAT)_lz ”1( )Z k! : ,h (ii)ﬁ ),

pare —J)!

where KM (z) = — [ hEED)(y)dy and KO (z) = h(z).

Proof. We start with the distribution function of the maximum of the truncated
random vector and apply the inclusion-exclusion result for probability.

Pir<X<z-1,)
PX>T)

_ Xn]—l)i (Zb) h(m;(é;—) z)m'

1=0

P(TX(n) < IE) = P(X(n) < $|X > ‘T) =

9



Differentiate to find the density.

n

f X (@) = h(nAr) ™! Z(—l)i (?) AY(idz + (n — )AT)iN, x> T.

=1

Notice that the summation starts from ¢ = 1, since the term corresponding to ¢ = 0 is
zero. The k' raw moment is given by

ap(+X@m) = h(nAt)” / k Z ( )Mh V(i e + (n — i)A7)dx

= h(nar)™ ) (—1)"*! (") /Too (=i (idx + (n — i)A7)dx.

- 2
=1

We find ourselves in familiar territory; applying the techniques used in Theorem 1, we
find that the integral above is equal to

o K RCD ()
D ey A VR

§=0

which, when substituted into the equation produces the desired result; this completes
the result in the case of truncation, in order to show the result without truncation, set
7 =0 and note that A(0) =1. =

As a result of Corollary 3, we obtain, if finite, the mean and variance of + X(,).

po(r Xm) = Xn:(—l)i“( )(22’";%—2; {zn; z+1<‘)%}2

=1

4 Examples

We provide six examples of multivariate distributions generated by multiply monotone
functions h, which may be referred to as a multivariate Pareto, Clayton, Gumbel,
Frank, Ali-Mikhail-Haq (AMH), and exponential-Pareto distribution, respectively. The
generators of these distributions, for various suitable levels of #, are plotted in Figure
1; we return to this figure in more detail below.

4.1 Pareto Distribution

In order to obtain the multivariate Pareto distribution studied in, for example, Chiragiev
and Landsman (2007) and Alai et al. (2016), we define h such that

-

h(z) =(1+x)7%, x>0, 6eRH,

The function h is plotted in Figure 1a for several values of 6, where the greatest value
of # coincides with the heaviest tail, and so on. Of the six examples we consider, the

10



Pareto has the heaviest tail. For this reason, the first two antiderivatives of h exist only
if 0 is restricted to values less than one and one-half, respectively; they are given by

hD( )—6(1+x)T, 0<6<1,
0—1

02(1 + )% 1

=D (z) = -

@ =G-pe—n °<%<3

Figure 1: The generator function h.

1 10
09
0.8 08
07

0.6 06
h(x) h(x) 05

04 04
03
02 02

0.1

o

4 6 8 10 0 2 4 6 8 10

(a) Pareto, 6 € {0.25,0.50,1,2}. (b) Clayton, # € {0.25,0.50, 1, 2}.
hix) h(x)
(c) Gumbel, 0 € {1,2,4, 8}. (d) Frank, 0 € {—4,—1,1,4}.
h(x) hix)
(e) AMH, 6 € {—0.95,—-0.25,0.25,0.75}. (f) Exponential-Pareto, 0 € {1,2,4, 8}.

Consequently, we find the mean, variance, covariance and correlation of the marginal
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distributions of X using Theorems 1 and 2.

MNP+ A +07 = 1)

al(‘rXi): 01 _ 1 ) 0<0< L,

0~ 1()\ —i—)\ 1)\57‘) 1

X, i -

ﬂ2(‘r z) (9 1 )(9 1 ), 0<b< 9’
(720,24 A 20 2 Agr)? |

Cov(+X;,+X;) = <91_1)(01_2) , 0<0<§,
COI‘I"(TXz',TXj):G, 0<O< %

Notice that the correlation between any of the marginal distributions is always 6, pro-
vided that 0 < 6 < 3, and does not depend on the truncation point 7. Although not
particularly enhghtening, the correlation for the Pareto distribution can be found in
Figure 2a; we provide it for comparison’s sake.

If we apply the parametrization used in Alai et al. (2016) given by \; = o=, Vi and
0 = o', we obtain

o+71(n+a—1)

O{1<7-XZ') = o— 1 , o> 1,
oo + mn)?
N = 2
/’LQ(T ’L) (a o 1)2(a _ 2)7 Oé > 9
(0 + 7n)?
Cov(+Xi, - Xj) = @—1%a—2) a> 2,
Corr(+X;, +Xj) = l a> 2.
a’

Notice that the covariance disagrees with what is shown in Theorem 2 of Alai et al.
(2016), which appears to be the result of an error in the very last step of their proof.
However, it seems the only consequence of that error is that their reported correlation
should read * instead of +—2)2, their estimation results are not affected.

We presently consider three estimation techniques, two based on moments and one
based on quantiles. Although beyond the scope of this work, we aim to more thoroughly
consider the performance of these estimators and to compare them with maximum

likelihood estimators, where applicable, in future research.

Mean-Variance Estimation

We consider two estimation techniques based on the method of moments, which we
describe briefly. Consider data from a multivariate distribution governed by generator
h and suppose \; = \, Vi. Denote by XU the j* joint observation of the multivariate
truncated distribution, j € {1,...,m}. Furthermore, let X ) denote the minimum of
each joint observation and Xy the collection of 7 minima.

The first estimation technique is based on the sample means and sample variances of
the joint observations. Denote with a; and ms the sample mean and unbiased variance.

12



Correlation

Correlation

Correlation

Figure 2: The correlation between marginal distributions for 7 € {0, 1,2, 5}.
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(e) AMH.
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For each 7,

Trivially, the expectation of a; (X)) is given by o (»X1). The expectation of (X))
is also readily found.

Ela;(-XW)] = a1(+X1),
E[ma(- X)) = ay(+ X)) — E[; X1+ Xs].

The above two expectations on the left-hand sides can be replaced by averages over
the samples (i.e. average of the sample means and sample variances). The theoretical
expressions on the right-hand sides are obtained from Theorem 2. Hence, this system
of equations is able to yield estimates # and .

The second estimation technique is based on the sample average and unbiased vari-
ance of the minima

1 & :
a(- X)) = EZTX(%)’

Mo X)) = —— Y (X —a (X))

Since the sample of minima are independent and identically distributed, we have that

Ela(- X)) = ai(+Xq),
E[ma(- X))l = pa(-Xq))-

The sample mean and variance can be used on the left-hand sides above. The theoretical
expressions on the right-hand sides are obtained from Theorem 1. Hence, this system
of equations is able to yield estimates 0 and \.

Both of the above mean-variance estimation procedures were implemented in Alai
et al. (2016) specifically for the multivariate Pareto distribution. Notice that we have
presented them in the general case, and hence, they can be implemented for the remain-
ing five examples.

Quantile Estimation

In addition to the two mean-variance based estimation procedures above, we also inves-
tigate an estimation technique based on the sample quantiles of the observed minima
+X(1); see Alai et al. (2016) for an application of this estimation procedure to the multi-
variate Pareto distribution. Notice that the distribution of the minimum is straightfor-
ward; from Section 3.2, we know the survival function is given by h with adjusted scale
parameter Ag. This means we can apply Lemma 1 in order to obtain the quantiles. For
the Pareto, we have that

@x0, (01) = A5 (1= p) (1 + AsT) — 1).
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Solving for Ag, we obtain
(1-p)’—1
q(pi) — (L —pi) =07
Together with levels p; and p,, this produces the following equation that can be used
to find 6.

As =

a(p) = (L=p) 1 _alps) = (1 —po) 7

I=p)?—=1 — (I-p) -1
In order to estimate 6, replace theoretical quantiles, ¢(p;), with sample quantiles, q(p;),

-~

and solve numerically. Finally, Ag is estimated using # and sample quantile with level
p3.

N (1-p3) " —1

As = — =
q(ps) = (L= ps)~7

This estimation procedure depends on the function h, as such, we return to it in the
remaining five examples.

4.2 Clayton Generator

Closely related to the above multivariate Pareto distribution is the generator of the
Clayton copula. If we let h take the form of the Clayton generator, we obtain

h(m)z(l—l—@x)_%, r>0, 6eR,
1

1y -0

h (:c)—9<x 1).

The generator is plotted in Figure 1b for several values of 8, where, as is the case with
the Pareto, greater values of # correspond to heavier tails. The first two antiderivatives
are still easily found, but given the nature of the tails, demand restrictions on 6.

1+ 62)7
h(U(x):%’ 0<0h<1,
_ 14 0x)7 1
B () = 0 <=
@ =G-Da-1 *<’<3

These antiderivatives can be used to formulate mean-variance estimators as alluded to
above. Using Theorem 2, we find the mean, variance, covariance and correlation of the
marginal distributions of -X.

NN T

A7+ 0N AgT)? 1

TXZ' == ! . y O 9 =

(e X) = S g = 29) =7=3
BON 2N 2 4002, 2 Ag7)? |

Xi, .+ X) = —+ 3 L -
COV(T i T j) (1_0)2(1_29) s 0<9<2,
1

Corr(+X;, - X;) =0, 0<6< 7

Just as with the Pareto, the correlation in the case of the Clayton generator does not
depend on \; nor 7; see Figure 2b for the plot.
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Although we do not elaborate on the mean-variance estimators, we do consider the
quantile estimation procedure based on the minimum, » X(;). From Lemma 1, we obtain
the following quantiles, for 0 < p; < 1,

q.,.X<1)(pi) = 971 (((1 _pi)ie - 1))\51 + (1 — p¢)7907'> .
Solving for Ag, we obtain

(1-p) -1
0(q(pi) — (L —pi)=07)’

which, with p; and p, and their corresponding sample quantiles yields an equation for
0 able to produce 6,

As =

(1-p)'-1 _ (-p) "1
ap1) — (1—p)~0r  qps) — (1 —po)~0r

where ¢(p;) is the sample quantile. Finally, with ps and sample quantile g(ps), we have

T (1—p3)?—1
0(q(ps) — (1 —p3)~7)
Just as with the Pareto, the quantile estimation technique for the Clayton generator es-

timates ¢ first, using sample quantiles with levels p; and py, and subsequently estimates
Ag using 6 and sample quantile with level ps.

4.3 Gumbel Generator: Weibull Distribution

Let h be the generator of the Gumbel copula.

The plot of h for several values of # is given in Figure lc, where greater values of 6
correspond to heavier tails.

Remark 3 The consequence of letting h be the generator of the Gumbel copula produces
the well-known Weibull distribution; a result we use to readily generate observations in
the numerical example of Section 5.

The antiderivatives can be expressed using the incomplete gamma function; we need
not restrict 6 any further for these to exist. We have, for 6 > 1,

RV (@) = —00(0, b,
h=D(z) = 0(T(26, 27) — aT(0, 27)),

where I'(s, z) is the incomplete gamma function, given by
[(s,z) = / tte tdt.
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We provide some details.

S

W (z) = —/OO exp(—y?)dy.

Consider the substitution y = 2; we have dy = 02°~'dz and that < y < oo implies
1 . . ..
x9 < z < 00, since 6 is positive.

RV (z) = —/1 02"l *dz
0

= —9/ e dy = —QI’(H,:C%).

1
0

The second antiderivative is dealt with via the same substitution, followed by an appli-
cation of integration by parts.

W () = —/ —0T (0, y7 )dy

=0 / 0:°711(0, 2)dz.

1
0

Apply integration by parts, u = I'(6, z) and dv = 0297'dz; we have du = —20"le *dz

0
') oo
[ z29—1e_zdz>
x 6 20

and v = 2°.
R (z) = H(zoF(G, 2)
= 0(—2D(0,27) + (20, 27)),

since lim,_,., 2°T'(, 2) = 0 by applying L’Hopital’s Rule.

As a result of Theorem 2, we can obtain all the moments of interest required to
establish mean-variance estimators. We provide the mean, variance, covariance and
correlation of the marginal distributions -.X; below.

aq (TXZ) =T+ 96“1“(67 l{)a
po (- X;) = % <2F(29, KJ) — 2/4;9F(9, li) — Ge”F(G, /4;)2>,
Cov(+ X, +X;) = E(F(Q@ k) — k°T'(0, k) — 0" (0 /<;)2>
TGy TG )\1)\] ) ) ) )

(20, ) — KT (0, K) — 0e°T(0, )

COI‘I‘(TXi,TXj) = 59
2F(29, /s) — 2/<;9F(0, li) — He“F(Q, f<¢)

where £ = Ag79. In contrast with the previous two examples, the correlation is not
easy to interpret. It is still independent of the A;, but is no longer independent of the
truncation point 7. In Figure 2c¢ we plot the correlation for several values of 7. The
bold line represents the case with no truncation; as the truncation point increases, the
correlation decreases. From Figure 2c, it can be seen that the Gumbel generator is able
to produce correlation between zero and 0.5, with greater values of 6 corresponding to
higher positive correlation. The relationship between positive correlation and heavy tails
is expected; by defining the joint distribution via functional form A given in Equation
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(1), it implies that having strong positive correlation is related to obtaining high joint
survival probabilities for large values.
From Lemma 1, we obtain the quantiles of . X(;) for 0 < p; < 1.

_1 1\ ?
QTX@)(pi) = <— In(1—pi)Ag® + Tg) :

which, with p; and p, and corresponding sample quantiles g(p;) and g(ps) yield an
equation for # able to produce 6,

In(1 —py) _ In(1 — p9)
70 —q(p1) 70 — q(p2)

Solving for Ag, we obtain

Y=
Y=

Finally, with p3, sample quantile g(p3) and estimate 5, we have

0
Yo = < In(1 — ps) )
S — 1 A .
76 —q(ps)
In the presence of truncation, the Pareto, Clayton, and Gumbel generators result in

estimating @ first, and A, second. For the remaining examples, we find the reverse.
However, before continuing, we consider the special case of the Gumbel generator where

0=1.

S

Independence

Let h be given by the Gumbel generator with § = 1, in which case the marginal
distributions are independent.

and hence .
P(Xy>x,..., X, > x,) = [[P(Xi > a).
i=1
Furthermore,
AV (z) = —e72,
A= (z) = e7®,

which means, Theorem 2 yields

Cl’l(-,-Xi) =T+ )\i_l,
p2(-X;) = )\i_2‘

Finally, the quantiles of - X () for 0 < p; <1 are given by
¢, x0 (Pi) =T = Ay In(1—py).
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4.4 Frank Generator

Next, we consider the generator of the Frank copula,

hz)=—0"In(1+e (e ’-1)), x>0 0eR\{0},
—0x
e’ —1
Rl (z)=—In| ——).
(z) t ( e ?—1 >
The plot of h for several values of # is given in Figure 1d. In contrast to the previous
examples, the lower curves correspond to greater values of #. However, from the plot,
it becomes immediately clear that we no longer have the ability to capture heavy-tailed
phenomena; in other words, all values of  produce relatively light tails.
One benefit of the light tails is that we find the antiderivatives without having to
restrict the values of 8. We have, for 6 # 0,

KD (z) = Lip(—e™”

B2 (g) = Ha=e

where Lig(2) is the polylogarithm function, given by

Lis(2) = /O Mdt,

t

O Lig(t
LisH(z)——/ lt( )dt, se€{2,3,..}.

We provide some details.
Y (z) = —/ —0 ' In(14eY(e? —1))dy.

Apply the substitution z = —e ¥(e™? — 1); we have dz = e ¥(e~? — 1)dy, which means
dy = —z'dz. The lower limit of integration is —e=*(e=Y — 1) and the upper limit is
Z€ro.

AV (z) = 07! /OO In(1+e (e —1))dy

0 p—
_ 0_1/ In(1 Z)dz
—e~%(e=0-1) —Z

B Liy(—e % (e7% — 1))
p :

The second antiderivative is found by, once again, applying the same substitution.

L [T Liy(—e¥(e? —1))
A= (z) = /m 7 dy

:/0 Liz(2) ;.
—671(679—1) 9(—2)

_ Liz(—e % (e7? — 1))
g :
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As a result of Theorem 2, we can obtain, amongst others, the mean, variance,
covariance and correlation of the marginal distributions - Xj.

B Lis (k)
ar(+Xi) =7 — m’
 —2Lig(k) Lis(r)
po (- X;) = A21n(1 — k) B M In*(1 — k)’
—Liz(k) Li5 (r)

C TXia +Xj) = - )
ov( )= 3ol = 5) Ah; In2(1 — k)

—Lig(k) In(1 — ) — Li3(k)

C TXia TX‘ = B X 5
orr{ i) —2Lig(k) In(1 — k) — Li3(x)

where £k = —e 7 (7% — 1). As with the Gumbel, the Frank correlation is difficult to
interpret except in graphical form; we plot the correlation as a function of # for various
levels of 7 in Figure 2d. The bold line corresponds to the case of no truncation, and the
correlation decreases (in absolute value) as the truncation point increases. Notice that
the range of correlations one is able to capture using the Frank generator goes from
—1 to 0.5; this added flexibility is a trade-off to the inability to capture heavy-tailed
phenomena, one that we also see in the case of the AMH generator below.
The quantiles of Xy for 0 < p; <1 are given by Lemma 1.

e Pi(l+esT(e? — 1)) — 1)

_ -1
q-rX(:l)(pi) - _/\S In ( |

which, unlike in the case of the Pareto, Clayton, and Gumbel examples, cannot be
solved for \g, rather for 6.

AST _ pi—1
9:—ln( (1l — e ) +1).

ers(t—a(pi))epi—1 — 1

By specifying levels p; and ps, we obtain an equation of Ag able to yield estimate XS
using sample quantiles q(p;) and q(ps).

1 — eAstr=ap))gpi—1 1 _ gp1—1

1 — ers(r—dp2))ep2—1 1 — ep2—1’

Finally, together with sample quantile ¢(p3), we estimate 6,

~ XsT 1 — ep3—1
0:—1n<Ae (1—em) +1).
e 1

As(T=q(p3)) gps—1 _

4.5 Ali-Mikhail-Haq Generator
We consider the generator for the AMH copula, given by

h(x) = , x>0, 0el[-1,1),
h'(z) =In (1 —0 +9).
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We plot h for several values of 6 in Figure le, where, like with the Frank generator, lower
curves correspond to greater values of §. Similarly, we find that the AMH generator is
unable to capture heavy-tailed phenomena. We have, for 6 € [—1,1)\{0},

1—0

RV (z) = 7 In(1 —0e™™),

1-46
0

h=H(z) =

Lig(Qe_r),

where Lis(z) = [ Ol gt is the dilogarithm function. We provide some details; con-

z t
[o@) 1 _
h(_l)(x) = —/ i dy.

sider the first antiderivative.
eV — 0

Apply the following substitution, z — 1 = (e¥ — 0)~!; this means dy = Z(Z_—_ll)dz, the
lower limit of integration is 6(e® — 6)~! + 1 and the upper is one. We obtain

0 O(er—0)~1+1
1—-4 - 4
- T(—ln(@(e —9) +1))
1—
== i In(1 — 0e™").

The second antiderivate is found by applying the substitution z = fe™Y, resulting in
dy = —2~'dz below.

=D (z) = —/ 10 In(1 — 0e™¥)dy

0
J— 0 J——
_ 1 9/ In(1 Z)dz
0 fe—x —Zz
1-6_ .
== Lis(fe™™).

As a result of Theorem 2, we can obtain, among others, the mean, variance, covari-
ance and correlation of the marginal distributions - X;.

In(l-—k)1 -~k
R
2Lis(k) 1 —k  In*(1 — k) (1 — k)?
(- X;) = 2 P A2 K2
Lig(k) 1 —k  In*(1 — k) (1 — k)
+ Xi, 7 Xj) = - )
COV( j> /\Z)\] Y )\z>\] K2

B Liy(k)k — ln2(1 —R)(1 — k)
Corr(+ X;, - X;) = 2Lis(k)k — In*(1 — k)(1 — k)’

where k = fe=*s7. We plot the correlation over @ for several values of 7 in Figure 2e;
the bold line corresponds to 7 = 0. We find that both positive and negative correlation
can be captured and that the greater the truncation point, the lower, in absolute value,
the correlation.
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From Lemma 1, we find the quantiles of . X(j), for 0 < p; < 1.
T — Op;
1 —p; )’
which, like in the case of the Frank generator, can be solved for 6, not Ag.
ST — (1 — p;)ersaP)
i '

Together with levels p; and ps and their corresponding sample quantiles, we can find
an equation to estimate Ag.

qu(1)<pi) = )‘gl In (

9:

e/)\\ST — (1 — p2)eXSZI\(P2) D2 '

Finally, together with p3 and corresponding sample quantile g(p3), we can estimate 6.

e}:ST —_ (1 _ pg)e}:sz]\(pi’))

b3

é\:

4.6 Product Exponential-Pareto

Finally, consider the generator given by

xr
e 0

ﬁ, ZL'ZO, 0€R+
+x)0

h(z) =

The inverse h~! requires the use of the Lambert function W, it is given by
ht(z) = W(z %) -1,

where y = ze® <= z = W(y). A plot of h for several values of 6 is given in Figure
1f. From this plot, we notice the similarity of the exponential-Pareto generator to the
Pareto and Clayton generators. However, the tails are not sufficiently heavy to require
restrictions on € when calculating the antiderivatives. We have, for 6 > 0,

1 241
hD(z) = — lel—lr(1 - )
(:L') 69 o 0’ 9 Y
1 241 z+1 1 x+1
D) = b3 (T(2- )-—r(1- )):
(@) = eo6™ 00 0 00
We provide some details. Consider the first antiderivative.
Y (z) = —/ e (1 +y)_édy.
Apply the substitution z = yTJfl; dy = 0dz. We obtain
Y (z) = —/ e%’z(ﬁz) 10dz
m-gl
1 1 ©
— _e0fl s 2512,
z+1
N
1 1 1 o+ 1
— *el"r(1——, )
o 00



To find the second antiderivative, apply the same substitution and subsequently apply
integration by parts.

Let u = F(l — %, z), du = —z(l_%)_le_zdz; and dv = dz,v = z.

1 1 1 > & 1
=D (z) = esh?"o ZF(l - =, z) + 2" lem7
O ep e

(- ) e ).

since lim,_,o 2I'(1 — %, z) = 0 by applying L’'Hopital’s Rule.
As a result of Theorem 2, we obtain, among others, the mean, variance, covariance
and correlation of the marginal distributions - .X;.

on(rX;) = +8€“"’“ér(1_1,@)
1\rNi) =T )\Z 67 )

po (- X;) = 02?\—?”1)(2{‘(2 — %,/@) — 2/@F<1 — %,H) — T2 (1 — %,H)),

Cov(+ X, +Xj) = 02/\6";?; (F(? — %, /{) — /{F(l — %, l{) — ergaT? <1 — é, m)),
i

1 1 12 1
F(Q — 5,/{) — nF(l — 5,/@) — ekl (1 — 5,/@)
2F(2 ~ 1 H) _ 2@(1 _ §,m> _ e%ér2<1 _ w)
where kK = . A plot of the correlation as a function of 6 for several values of 7 is
given in Figure 2f. The correlation in the case of the exponential-Pareto is essentially
a mixture of the Pareto correlation and the case of independence; as 6 increases, the
exponential function dominates and acts to reduce the correlation. This feature is
unique to the exponential-Pareto; in the other examples, correlation is a monotone

function of 8. Furthermore, an increase in the truncation point 7 reduces the correlation.
The quantiles of Xy for 0 < p; < 1 are found using Lemma 1.

W((1—p)~0(1 + Ag7)el+As™) — 1

As ’
which, like in the case of the Frank and AMH generators, can be solved for 6, but not
As.

COI‘I‘(TXZ', TXj) =

)\sT—l-l
6

qTX(l)(pi> =

As(T —q(p:;)) + In(1 + Ag7) — In(1 + Asq(p;))
In(1 — p;) '
Together with levels p; and ps, we have an equation able to yield estimate XS,
As(T —q(p1)) + In(1 + Ag7) —In(1 + Asq(p1)) _ In(l —py)
As(T = q(p2)) +1n(1 4+ As7) — In(1 + Asq(p2))  In(l —pa)’
Finally, with p3 and corresponding sample quantile, we obtain
As(r = @(ps)) + In(1 + As) — In(1 + Asii(ps))
In(1 — p3)
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5 Optimal Quantile Selection

In the preceding section we considered three estimation procedures for 6 and \g for
six examples. The last of these estimation procedures is based on the quantiles of
the truncated minimum ,X;) and requires three sample quantiles. In this section, we
investigate how to select these three quantiles optimally.

5.1 Specifying the Objective Functions

We base our optimality criteria on statistical estimation theory developed in Landsman
(1996). Consider a sample of independent and identically distributed Xj, ..., X, with
density f(z,), ¥ € © C R, differentiable with respect to ¥ for almost all x € R. The
Fisher information about parameter 9 contained in some statistic T,,(Xy,...,X,) is

defined as )
Ir. (0) = /R (W) o (z,9)dx

A higher Fisher information is indicative of more precise estimation. Consider sample
quantiles q(p1), - . ., ¢(px) with corresponding levels 0 < p; < ... < p, < 1. Theorem 1 in
Landsman (1996) shows that the Fisher information contained in the sample quantiles,
Ltpo).... a0 (), is asymptotically equal to nly(p1,. .., px), with Ii(p1, ..., px) defined as

k
57, - M
Ik(ph‘"apk Z = B )

i—0 Pi+1 — Pi
where po = 0, prr1 = 1, Bi = f(q(pi), ?)0q(p;)/00, for i = 1,... k and Sy = Pr+1 = 0.
We find optimal quantiles p7,...,ps, such that I; is maximized. In the case of using

two sample quantiles, i.e. k = 2, we obtain the following objective function:

B (ﬁz —B)? N &5
n mem  1-p
and in the case of using one sample quantile, we obtain
B B B
+ .
p 1-p p(—p)
The presence of truncation considerably complicates the optimal quantile selection prob-

lem. Hence, we presently consider the case where 7 = 0; we aim to address the case
where 7 > 0 in future research.

Ly(p1,p2) =

I (Pl)

5.2 The Case with no Truncation

In general, the density and quantile functions of X(y), as introduced in Section 3.2, are
given by
f(z) = —AshD(\g2),
q(p) = Ag'h ™ (p),
where p = 1 — p. Notice that in the absence of truncation, \g is trivially isolated in the
equation for ¢(p).
h~l(p)

As = q(p)
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Consequently, one equation using two sample quantiles g(p;) and g(p2) could be formu-

lated to estimate 6.
Rt (p;0)  h'(p2; 0)

q(p1) q(p2)
Hence, in the case with no truncation, one can readily estimate 6 first using two quan-
tiles, and subsequently estimate Ag using one quantile. Note that this is also done in
the case with truncation for the Pareto, Clayton and Gumbel examples, but not for the
Frank, AMH and exponential-Pareto.
In order to obtain optimal quantile levels, we need to derive the 3 functions outlined
above. We have that

fla(p)) = =AshV (R~ (p)),

and the partial derivatives of the quantile function with respect to parameters # and \g
are

ou(p) _ 100" (p)
00 S99

dq(p) - —27 -1/«
a)\s - )\S h (p)a

respectively. As a result, the corresponding (3 functions with respect to parameters 6
and \g are given by

50 = —h 0 () P

BA) = AW (W (p))h ().

The ability to find optimal quantile levels p7 and p} to estimate 6 depends on whether
B is proportional to a function that does not depend on 6 or \g, where the constant
of proportionality does not depend on quantile level p. Notice that A is always
proportional to a function that does not depend on \g, whether or not on 6 depends on
the generator h. If h is able to satisfy the criteria, then the objective function I(pq, p2)
can be maximized. In the case of the Pareto, Gumbel and exponential-Pareto generators
considered in Section 4, this can be achieved. We obtain, up to constant that does not
depend on p,

B9 x p-lnp, for the Pareto and exponential-Pareto,

5(9) x p-Inp-In(—Inp), for the Gumbel.

In these examples, we can subsequently determine optimal quantile level pj to estimate
\g since B*9) is always proportional to a function that does not depend on Ag; whether
or not it depends on @ is irrelevant since we can substitute 6 for 6, if required.

The Pareto example has already been investigated in Alai et al. (2016), they found
optimal pj and p} were given by 0.6385 and 0.9265, respectively. These quantiles would,
consequently, serve as optimal for the exponential-Pareto distribution as well. The
relevant objective function for the Gumbel generator is given by

(p1 - Inpy - In(—Inpy))? n (P2 - Inps - In(—Inpy))?
D1 D2
L (P2 pp - In(=Inpy) = py - Inps - In(=Inp,))*
P2—n

C: —72(]71,]72) =

Y
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for some positive constant ¢ that does not depend on p; or po. We find, for the Gumbel
generator, that optimal p} and pj are given by 0.1322 and 0.9627, respectively. In Figure
3, we plot ¢ - I over p; for several values of po; notice that as p, approaches pj, the
maximum value of ¢- I, increases.

Figure 3: Gumbel, ¢ - I; versus p; for select values of ps.
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If 0 is known or estimated, either with optimal or non-optimal quantiles, Ag can be
optimally estimated for any generator function h. We provide the Ss) functions for
the Pareto, Clayton, and Gumbel generators; note that the Pareto example has already
been considered in Alai et al. (2016). We have, up to constant that does not depend on

b,
p-(1—p"), for the Pareto and Clayton,
p-Inp, for the Gumbel.
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The above 3?$) can be used to define relevant objective functions I (p); since @ is known,
we require only one sample quantile to estimate Ag, hence we use I;(p). Notice that in
the case of the Gumbel generator, € is not required to determine the optimal quantile
level p3, but is required to find estimate Ag. For the Pareto and Clayton generators,
the objective function is given by
- 02
e~ h(py) = BT
P3

for some positive constant ¢ that does not depend on ps. In Figure 4, we plot the
objective function over ps for various levels of 8; the plots for & = 1 and 6 = 2 are
comparable to Figures 3b and 3a, respectively, in Alai et al. (2016). Finally, in Figure
ba, we plot pj, for the Pareto and Clayton generators, as a function of 6.

Figure 4: Pareto and Clayton, objective function versus ps for select values of 6.
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(a) 6=0.25. (b) 6=0.5.
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For the Gumbel generator, the objective function is given by

i3 (1In p3)?
c- Il<p3) = p—3< p3) )
Ps3

for some positive constant ¢ that does not depend on ps3. Optimal pj is found to be
0.7968; refer to Figure 5b for a plot of ¢ I;(p3).
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Figure 5: Optimal p3 for the Pareto, Clayton, and Gumbel generators.
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(a) Pareto and Clayton, optimal p3 versus 6. (b) Gumbel, ¢ - I;(p3) versus ps.

5.3 A Numerical Example using the Gumbel Generator

Let ; X(1) = min(X)| min(X) > 7, where the joint survival function of X = (Xi,..., X,,)

is given by
P(Xl>x1,...,Xn>xn):h<Z)\ixi), x; >0,
i=1
for h given by the Gumbel generator function. Consequently, the survival function of
X1y is also given by the Gumbel generator with argument Agz, where Ag = >-7" | \;.
In other words, as noted above in Remark 3, Xy follows a Weibull distribution with
scale and shape parameters A\g and 6, respectlvely

Consequently, it is not difficult to simulate samples of . X(;) and estimate Ag and ¢
using sample quantiles. Suppose 0 = 2 and Ag = 1; refer to Figure 1c for a plot of the
survival function. Using these parameter values, it can further be seen from Figure 1c
that truncation points of one, two and five represent weak, moderate and strong levels
of truncation. In Table 1, we show the estimation results using samples of size 100,000.
Each column represents the estimation for one generated sample with truncation point
7, for which four pairs of estimates {#, As} are found. The first, using optimal quantile
levels as determined above, i.e. using p7, p5 and p3, given by 0.1322, 0.9627 and 0.7968,
respectively. The remaining, using some arbitrarily selected quantile levels; the most
accurate pair is indicated in bold. It is important to note that each of the four pair
of estimates, for a given 7, are based on the same simulated sample. The results of
Table 2 and 3 are analogous to Table 1 based on samples of size 1,000, and 10,000,000,
respectively. We include the latter for illustrative purposes; we do not anticipate an
application with 10,000,000 observations.

From Table 1 it is apparent that a sample size of 100,000 is more than adequate
to calibrate the model; although the optimal quantile levels produce the most accurate
estimates for 7 = 0 and 7 = 5, the other quantile levels also perform well. In fact,
using quantile levels of 0.5 and 0.95 to estimate # and 0.95 to estimate Ag produces
the most accurate estimation for 7 = 1 and 7 = 2; note that this is attributed to
random fluctuation since results using a sample size of 10,000,000 always yield the
optimal quantile estimates most accurate; see Table 3. Notice that we consider the pair
of estimates {9 )\5} when determlmng the most accurate, rather than each estimate in
isolation; this is because 9 also plays a role in estimating )\5, rendering the estimates
inseparable.
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Table 1: Estimation results with a sample size of 100, 000.

=2 s=1.|T71 0 1 2 5
{p},p5} f  1.9952 19581 19933 2.0146
{p5} As 1.0075 09577 0.9804 1.0221
{05,095} |6 20015 1.9834 1.9912  1.9802
{0.95} As 10178 0.9983 0.9831 0.9572
{0.25,075} |0 20026 19565 2.0183 1.9698
{0.75} As  1.0103 09564 1.0284 0.9365
{0.75,095} [0 19915 19755 19852 19785
{0.95} As 10067 09839 0.9712 0.9534

Table 2: Estimation results

with a sample size of 1, 000.

=2 s=1 1|71 0 1 2 )
{05} f 20113 20409 1.9537 28449
{p5} As 1.0209 11160 0.8951  6.4397
{05,095} |6 19771 2.0035 1.9177  2.5005
{0.95} As 10311 0.9768 0.7542  3.2879
{0.25,0.75} |0 19539 18738 15142 3.6743
{0.75} Xs  1.0585 0.8496 0.4464 55.9336
{0.75,095} |6 20209 21593 2.3160 2.0786
{0.95} As 10819 1.3081 1.6936 1.1878
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In Table 2 we see that the level of truncation plays a role for smaller sample sizes.
Although the optimal quantiles produce the most accurate estimation when 7 = 0, the
optimal quantile estimates for 7 = 5 are less impressive. Furthermore, we find a large
spread of estimates when 7 # 0 and hence will need to carefully consider optimal quan-
tile estimation in the presence of truncation in future research. Since optimal quantile
levels were chosen based on minimizing the variance of the corresponding estimators, it
is no surprise that they are most reliable, if not always most accurate.

Table 3: Estimation results with a sample size of 10, 000, 000.

0=2 sg=1. |71 0 1 2 5
{p}, 5} g 2.0005 2.0009 2.0002 2.0053
{p5} As 1.0000 1.0017 1.0008 1.0105
{05,095} |8 20011 20017 20029 2.0118
{0.95} As  0.9988  1.0041 1.0059  1.0249
{0.25, 0.75} é\ 1.9997  1.9982  1.9983  2.0092
{0.75} As 09994 09974 0.9975 1.0184
{0.75, 0.95} é\ 2.0025 1.9979  2.0009 2.0072
{0.95} Ag  1.0004 0.9971 1.0018 1.0142

6 Conclusion

In this paper, we consider a multivariate distribution based on generator function h.
This general approach to constructing a distribution includes, as a special case, the
multivariate Pareto used to study joint lifetimes in Alai et al. (2016). There is a link
between the family of distributions we consider and Archimedean copula generators,
which we use to supply examples based on well-known generators from the Clayton,
Gumbel, Frank and Ali-Mikhail-Haq copulas. Furthermore, we suggest a new distri-
bution given by combining the Pareto and exponential structure. We provide moment
and quantile results in the presence of multivariate truncation and revisit known esti-
mation techniques in order that they may be used to gain insight in the pricing and risk
management of life-benefit products such as bulk annuities. Finally, we consider opti-
mal quantile selection for quantile-based estimation procedures and provide a numerical
example using a multivariate Weibull distribution.

Acknowledgements

The authors would like to acknowledge the financial support of ARC Linkage Grant
Project LP0883398 Managing Risk with Insurance and Superannuation as Individuals
Age with industry partners PwC, APRA and the World Bank as well as the support of
the Australian Research Council Centre of Excellence in Population Ageing Research
(project number CE110001029).

30



References

Alai, D. H., Landsman, Z., and Sherris, M. (2016). Modelling lifetime dependence
for older ages using a multivariate Pareto distribution. Insurance: Mathematics and
Economics, 70, 272-285.

Arnold, B. C. (1985). Pareto Distribution. John Wiley & Sons, New York.

Asimit, A. V., Furman, E., and Vernic, R. (2010). On a multivariate Pareto distribution.
Insurance: Mathematics and Economics, 46(2), 308-316.

Caramellino, L. and Spizzichino, F. (1994). Dependence and aging properties of life-
times with Schur-constant survival functions. Probability in the Engineering and
Informational Sciences, 8, 103—111.

Chiragiev, A. and Landsman, Z. (2007). Multivariate Pareto portfolios: TCE-based
capital allocation and divided differences. Scandinavian Actuarial Journal, 2007(4),
261-280.

Embrechts, P., Klippelberg, C., and Mikosch, T. (1997). Modelling Extremal Events
for Insurance and Finance. Springer, Berlin.

Frees, E. W. and Valdez, E. A. (1998). Understanding relationships using copulas.
North American Actuarial Journal, 2(1), 1-25.

Genest, C. and Rivest, L.-P. (1993). Statistical inference procedures for bivariate
Archimedean copulas. Journal of the American Statistical Association, 88(423),
1034-1043.

Genest, C., Ghoudi, K., and Rivest, L.-P. (1995). A semiparametric estimation proce-
dure of dependence parameters in multivariate families of distributions. Biometrika,
82(3), 543-552.

Hendriks, H. and Landsman, Z. (2017). A generalization of multivariate Pareto distri-
butions: Tail risk measures, divided differences, asymptotics. Scandinavian Actuarial
Journal, 2017(9), 785-803.

Hofert, M., Méchler, M., and McNeil, A. J. (2012). Archimedean copulas in high
dimensions: Estimators and numerical challenges motivated by financial applications.
Journal de la Société Francaise de Statistique, 154(1), 25—-63.

Landsman, Z. (1996). Sample quantiles and additive statistics: Information, sufficiency,
estimation. Journal of Statistical Planning and Inference, 52, 93-108.

Mardia, K. V. (1962). Multivariate Pareto distributions. The Annals of Mathematical
Statistics, 33(3), 1008-1015.

McNeil, A. J. and Neslehov4, J. (2009). Multivariate Archimedean copulas, d-monotone
functions and ¢;-norm symmetric distributions. The Annals of Statistics, 37, 3059—
3097.

McNeil, A. J., Frey, R., and Embrechts, P. (2005). Quantitative Risk Management:
Concepts, Techniques and Tools. Princeton: Princeton University Press.

31



Nelsen, R. B. (1999). An Introduction to Copulas. Springer-Verlag, New York.

Nelsen, R. B. (2005). Some properties of Schur-constant survival models and their
copulas. Brazilian Journal of Probability and Statistics, 19, 179-190.

Vernic, R. (2011). Tail conditional expectation for the multivariate Pareto distribu-
tion of the second kind: Another approach. Methodology and Computing in Applied
Probability, 13(1), 121-137.

Williamson, R. (1956). Multiply monotone functions and their Laplace transforms.
Duke Mathematical Journal, 23(2), 189-207.

32



