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Nonparametric Statistical Analysis of Ruin

Probability
Esterina Masiello

Dipartimento di Statistica, Probabilita e Statistiche Applicate
Ple Aldo Moro 5, 00185 Rome Italy
e-mail: esterina.masiello@uniromal..it

Abstract The ruin probability of an insurance company is a central topic in
risk theory. In this paper, the classical Poisson risk model is considered and a
nonparametric estimator of the ruin probability is provided. Strong consistency and
asymptotic normality of the estimator are estabilished. Bootstrap confidence bands
are also studied. Further, a simulation example is presented in order to investigate
the finite sample properties of the proposed estimator.

Key words Poisson risk model, ruin probability, nonparametric estimation,
asymptotics.

1. Introduction and preliminaries

We consider the classical Poisson risk model, where the inter-arrival times

11,75, ... form a sequence of independent random variables (r.v.’s) with common
exponential distribution function (d.f.) A(t) = P(T < t) = 1 — e ** and
finite mean up = 1/A. The claim sizes X1, X», ... are positive independent and

identically distributed (i.i.d.) r.v.’s, with common d.f. F/(x) = P(X < x), finite
mean p and finite variance o2. Moreover, the two sequences {7} and {X;} are
supposed to be independent. We further assume that the insurance company has an
initial surplus z > 0 and that premiums arrive at a known steady rate, say, ¢ > 0
per unit time.

Let ¥(z) denote the probability of ruin starting with initial reserve x. Exact
calculation and approximation of ruin probabilities have been a great source of
inspiration and technique development in actuarial mathematics since the seminal
paper by Lundberg (1903). The problem is that, apart from some special cases,
a general expression for ¥ does not exist. We will construct a nonparametric
estimator ¥, (x) of ¥(x) based on a sample Ti,...,T, of inter-arrival times
and a sample X, ..., X,, of corresponding claims. The d.f. of inter-arrival times
and claims are both supposed unknown. More specifically, the inter-arrival time
distribution is assumed to be exponential with unknown parameter \. As far as the
claim distribution is concerned, no specific parametric model is assumed.

Such a statistical problem has been considered by different authors. As
remarked by Embrechts et al (1997), literature has mostly been concerned with
asymptotic expansions; few results focus on statistical estimation of ¥. Clearly,
one could work out a parametric estimation procedure or use nonparametric



methods. As remarked in Pitts (1994), the latter approach is particularly interesting
in view of its applicability. Also Frees (1986a) and Croux and Veraverbeke
(1990) have proposed a nonparametric estimator for ¥. The estimator by Croux
and Veraverbeke (1990) is a linear combination of U-statistics; they generalize
techniques in Frees (1986b) whose estimator is based on the sample reuse concept.
For a nonparametric approach to the estimation of ¥ see also Hipp (1989a, 1989b).

Our approach is closely connected to that developed in Pitts (1994), but the
technique used to prove asymptotic results for the estimator is different from ours
since that author takes a functional view of the stochastic model, following the
tradition of Gill (1989), Griibel (1989) and Griibel and Pitts (1993).

Also the ideas in Frees (1986a), as well as the ideas in Harel et al. (1995), on
nonparametric estimation of the renewal function are basic for our approach.

2. The nonparametric estimator

In practical applications, the parameter A of the inter-arrival times distribution and
the claim size d.f. " will not be given but have to be estimated with available data.

Let us consider a random sample of n inter-arrival times 77, ..., T, with the
corresponding claims X1, ..., X,. Suppose that the assumptions of the Cramer-
Lundberg model are satisfied. If the model under consideration is stable, that is
Ap/c < 1, itis possible to express the ruin probability ¥ as a compound geometric
tail probability by mean of the so-called Pollaczeck-Khinchine formula (see, e.g.
Feller (1971), Grandell (1990) or Embrechts and Veraverbeke (1982)):

W) = S (1 - p)p(1 - F*(x) £>0 M)

k=1
where p = Au/c, Fr(x) = i fom ydF(y) is the integrated tail distribution and
F* denotes the k-fold convolution of the d.f. Fr. For k = 1,2,..., Fy*(z) =
P(Y1+ ...+ Y, < z), where Y7,...,Y}, are independent r.v.’s with common

density function f7(x) = (1/A)(1 — F(x)), z > 0.

Remark 1. Fy(x) is also called equilibrium distribution of the d.f. F(z). In
insurance, it can be interpreted as the d.f. of the amount of the drop in the surplus,
or equivalently the difference between the initial surplus and the surplus at the time
it first falls below the initial surplus. In other words, defined S(y) as a random
sum of claim amounts, F7 is the d.f. of S(y) — cy, given that S(y) — cy > 0 and
S(t)—ct<0,0<t<y.

The Pollaczeck-Khinchine formula is not entirely satisfying as a tool for
computing ¥(x) because of the infinite sum of convolution powers but it will
be our key tool for estimating the ruin probability. From now on, for the sake
of simplicity and without loss of generality, the rate of premium income per unit
time will be taken to be equal to 1 (¢ = 1); otherwise , it is enough to refer to the
transformed claims X; = X /c.



Our approach is the following: we first estimate F(7') = pr by its maximum
likelihood estimator T, = + 3" | T}, and B(X) = pby X, = 23" | X;. The
next step consists in estimating p by the ratio p = X, /T,,. Finally, we replace the
k-fold convolution of F7 in Eq. (1) by the following estimator (Frees, 1986b):

—1
. n
Ff(x) = <k:> > Iy, 4oy, <o) (2)
where {71,192, ...} is a subset of size k of {1,2,...,n} and }__ is the sum over
all (7) different combinations of {1, iz, ..., %}

We have easily estimated the quantities at the right hand side of Eq. (1) by the
corresponding sampling counterparts. It seems therefore natural to estimate ¥ ()
by

(2) = (1-p) p* Fy) ()
k=1

where F"(z) = 1 — F**(2).

Some of the properties of this estimator are shortly outlined in Conti and
Masiello (2006a) and Conti and Masiello (2006b). In this paper, we obtain
the asymptotic distribution of the estimator (Section 2.1) and study bootstrap
confidence bands (Section 4). Moreover, in Section 5, a short simulation exemple
is provided in order to illustrate the finite sample behavior of the estimator. An
estimator for the p-th quantile of the ruin probability function is also proposed in
Section 3, together with its main asymptotic properties.

Remark 2. The estimator ¥,, () is a functional of F),(x) and p, i.e. ¥,, = ®(F,,, p).
As a possible approach to the study of statistical properties of the proposed
estimator, we could try to extend methods in Pitts (1994), who has studied the
problem in the special case of a known value of p. In order to derive strong
consistency and asymptotic normality results for the “output” estimator ¥,,, it
would suffice to establish analytical properties of continuity and differentiability
for the functional @ and combine them with the statistical properties of the “input”
estimators F}, and p. We will take a slightly different approach following ideas in
Harel et al. (1995) in order to prove weak convergence of the stochastic process in
the Skorokhod topology, but this will be discussed in the sequel.

Remark 3. Based on the estimator in (2), Frees (1986b) introduces a nonparametric
estimator of the renewal function H (t) = > 7 | F*¥(¢) given by

m

Hu(t) =) Fi*(t)

k=1

where m = m(n) is a positive integer depending on n, such that m < n and
m | ocoasn ] co. We left in the definition of our estimator ¥, (x) an infinite
sum. On this subject, observe that the results which we are going to obtain are
essentially asymptotic results applied when the sample size n tends to infinity.



2.1. Basic asymptotic results

In the above section, we have provided a point estimate for ¥ (x). In order to study
its behavior, we now need to obtain the asymptotic distribution of the estimator
The key results of the present section are Theorem 2 and Theorem 3, where the
strong consistency and the asymptotic normality of the estimator are estabilished.
To formulate our main theorems, we need some preliminary results. The
asymptotic distribution of p is obtained first, since it will play a central role in
all subsequent developments.

Theorem 1 Under the assumptions of the Cramér-Lundberg model and if p < 1,
as n goes to infinity, the following results hold:

p) tends in law to a normal distribution with mean zero and variance
2

2 _ 2 4 2

0. = =0 o

p #% + ‘u%“ T

-p =P
1

Proof We may first write:

>

n

ﬁ = f(Y,an) =

el

n

Take a first order Taylor expansion of f(X,,,T,,) at the point (j, j7) to obtain:

_ of _ of _
f( ) = f(u, pr) ox. ( ) T (MT)( pr) + Rem

(b))

where Rem denotes the remainder term. It is easy to get the following relationship:

Vit ) = (o ) VA, = ) = Ly VAT~ ) + Vi Rem )
KT K7

The asymptotic behavior of the estimators X,, and T',, is well-known. In fact,
they converge almost surely to the corresponding “true values” as the sample size
n tends to infinity. Furthermore, v/n(X,, — p) and /n(T,, — pr) have normal
asymptotic distributions with mean zero and variances 02 and 07, respectively. As
a simple application of the delta method, we obtain

Vi(p = p) % N(0,07)

2 _ 1 2 p? 2
where 0, = L0 Tt ad
Remark 4. The mean and the variance of p can be obtained by direct calculations.

Taking into account that p = X,,/T,, and that X,, and T, are independent, we

can easily obtain:
X, — 1



Since T; is exponential with density:

0 ift <0
Jo(t) = {/\eAlt ift >0

then V' = Y"" , T; is Erlang distributed with density:

0 ift <0
fv(t) = )\ntn—l

taopre M ift >0

Hence, we obtain

elsrr] e le] - e
= 1)!F(n— 1)
A

n—1

With obvious replacements, equation (4) becomes:

E[X”}: n_#®
n—1pur

E {X"} .
Tn KT

so that the estimator p is asymptotically unbiased. Let us consider the variance:

vir (2) =[5 - [o(2)]
_ BEE le -|e (i)r

where E[Yi] =Var(X,) +[E(X,)]? =0?/n+ p? and

() =# s = ()

®)



Once more, with obvious replacements in equation (5), we obtain the following
exact result:

yn 2 2 2
o (F)

and, asymptotically,
“w

lim nVar(p) = ? 5
H

n—oo

We still need some auxiliary results. Let us define
~ s N AL =%k
T(x) =Y (1=p)p*F ()

We can rewrite our “empirical” process as

V(W (z) = W(x)) = V(W (z) — Uy (2)) + V(W (z) — ()
Un(z) 4+ V()

where we have defined U,, (z) = /n(¥,, (z) — ¥y, (2)) and V, (z) = /n (¥, (z) —
¥ (z)) and we study each of the two components separately. We begin by a couple
of lemmas describing the behavior of U, (x) and V;, (), respectively.

Lemma 1 Let us define Un(z) = /n(Wn(z) — Un(z)). With the above
assumptions, for each x > 0, as n — 0o, we obtain the following result:

Pk Cov( N a—11), F (y-11))

NE

lim E[U,(z)U,(y)] = (1-p)? Z

n— 00
k=1j=1

<
I

Proof First of all, we may express U, () in the form:
Un(x) = V/n(@(x) = Un(x))
o0 . 7*k .
= Va1 P F @) - F
k=1

xk

(x))

= VY (1 - ) (FL (2) - F ()
k=1
—xk

3041 = )P — (1 - )M IV AE (2) — F (@)
k=1

Since the quantities A1 - ppf — (1 = p)pf]

and n'/* [sup ‘sz (x) — F*k(x)” both converge in probability to zero when



n goes to infinity, the asymptotic distribution of U, (x) coincides with that of
o *k(ac)) The following relations hold:

Vi (L= p)p"(F, () - F

EU,(@)Un(y)] = (1= p)* > > F I E[Va(Fy () - F " (2))

k=1j=1
VaFE () = F ()]

Let us consider the expected value on the right hand side of this last expression, to
obtain

ElVa(F, (@) = F* @) va(F, (v) - F(
“FP)F" (@) - F @)F 7 (y) + F
= nE[F, (0)F,) (s)] - nF " ) F™

)l = n{E[ @) F ()
@) F ()}

()

since Fflk (x) is an unbiased estimator of 7 (x). As pointed out by Frees (1986b),
this estimator is a U-statistic and thus it is easy to establish that for each £ > 1 and

for each = > 0, F**(x) “3 F**(z) as n — oo. Moreover, it is uniformly almost
surely consistent, that is, for every k > 1, as n goes to infinity

sup [F (@) = P (@) 5 0

‘We thus obtain:

E[F, («)F;) (y)] = E

n

1 —1

n n

(k;) ZI(EI+.A.+Y7:,€>3:)<j) ZI(%1+...+Yij>y)
n\ ' /n\ !

- (k) (y) D

¢, €Cn,k ¢;€Ch;
I(m1+...+1’7¢j >y)}

where C), ;, is the set of the combinations of n elements of class k and C, ; is
the set of the combinations of n elements of class j; ¢; and ¢; are two subsets of
{1,...,n} thathave [ < min(k, j) elements in common. Suppose k > j, then it is
possible to write ¢; = (c; 1, ¢ <, c; 7)» Where ¢; ; is the set of the elements of ¢; which
are in ¢, In general, ¢; ;, is composed by l elements (I = 0,1,...,7). Hence we
have

-1 -1 J
—xk —x%7J n n
et @ w-() () LY X X%
J , €Cn ik 1=0 ¢; 1 €Ck,1 ¢; FE€ECR—k j—1
E Iy 4oty 4V et Ve > L+t 490, Y, > (6)

where ¢; ;. is a combination without replacement of [ elements of ¢; and ¢; 7 is a
combination without replacement of j — I elements of {1, .. n}\ cj moreover



n — k is not smaller than j — [. Using the independence of Y;’s, we easily have the
following relationship:

By, 4. 4vi, Yy ot Yo >0) L (Vi 44V Y0+t Y, >)]

I+1

otV >0 Ly oty 4V ety ) Yins - Vil

My Y - = Y)

1

= E[E[I(}/il-‘r...-i-}/il'f'}/i

_ E[F*kfl

141
(x -Y; —...—Yi)F*j
from which it follows that (6) takes the form
n\ ' n\ 7! J —xk—1
(k) (;) I > EFT (@-Y;,—...—Y)
€, €Cnk 1=0¢; , €ECh,i ¢; FECT—k,j—1

Fo =y — .. = Y)]

Finally, with obvious replacements, we obtain the following expression:

s = - S () (1) 8

k=1j=1 J

iz S EFT @Y, .. oY)

Now, let n go to infinity to obtain

n— oo

lim E[U, (@)Un(y)] = (1= p)* Y 3~ o4 kj

k—1

@-%),F ' y-1) D
0O

Cov(F"

Lemma 2 Let us define V,, (z) = /(¥ (2)—¥(z)). Under the same assumptions
as in Lemma 1, for each x > 0, as n — 00, we obtain

Jm B @V = (T o+ Bt ) SO Y 0 0F @ F

k=1j=1
where fl/(p) denotes the first derivative of the function fi(p) = (1 — p)p.

Proof We have first
V() = V(W (2) — ¥(x))

= VYl - )i — (1= )t IF (@)
k=1

= Vi S 1d) — frlpIF " ()
k=1



where fi,(t) = (1 — t)t*. Taking a first order Taylor expansion of fi(p) at the
point p, we obtain the following relationship:

Va(@) = S Valo = p)filp) + vnRemiJF ™ (x)
k=

1

with sup, /1| > re Remkf*k(xﬂ 2, 0 when n — co. Hence, V, () possesses

the same asymptotic distribution as \/n(p — p) > pey f,;(p)F*k(a:).
Let us identify the covariance:

B = B (V-0 3 07 @) (V-0 S 607w

Jj=1

Taking into account relation (3), we have:

1 — Lo 2
E[Va(@)Va(y)] = E[(ﬁwm )b (T m)

T
3 F)F " (@) . £(0F ()
(Lrorw) (a0 o)]
=Y LS @F )] EVA, - P - %
k=1 j=1 HT wp
BIVACK, ~ WIEWA(T, - ur)) + L BT, - )

Letting 7 go to infinity and taking into account that E(y/n(X, — p)) = 0 and
E(v/n(T, — pr)) = 0, we obtain:

Tim B[V, (2)Va(y)] = (ZT + l‘jTaT) SN R EEF " @F () )
k=1j=1

O

We are now in a position to establish the main results of the present paper in the
following two theorems.

Theorem 2 Under the same assumptions as in the previous lemmas,

a.s

sup [ ¥ (z) — ¥(x)| =0

as n tends to infinity.



Proof First observe that

S (- )t (F (@) - F

sup ¥, () — ¥(z)| = sup
® k=1

x

+(h -0 ) F " ()
k=1

s —xk —xk
<sup |y (1—p)p*(F, (x) - F (l‘))‘
T k=1
. S
+sup |(h—p) Y Fulp)F (@)
® k=1
Consider that
> k k L k k
> (A =p)pt(F, (2) = F " (2) =Y _(1—p)p"F, (x) - F (x))
k=1 k=1
s —xk —xk
+ ) (A= p)pt(F, (z) - F " (2))
k=L+1
Now, take into account that for every ¢ > 0, there exists L. = L. such that
Sore 111 (1= p)pF < e and write
oo ok ok 0o
sup| > (1—=p)p¥(F, (x) - F (w))’ < > (1-p)p”
T |k=L+1 k=L+1

IN

> (1=ppt

k=L+1
<e

On the basis of this last relationships, also taking into account that | p—p| “3 0 and
=k —=*k a.s.

that sup,, |F',, (z) — F " (x)| = 0, the statement of the theorem easily follows.
a

Theorem 3 Let D denote the set of right-continuous functions with left-hand
limits, endowed with the Skorokhod topology. For each x > 0,as n — oo, the
sequence of stochastic processes Zn(x) = /n(¥,(z) — ¥(x)) converges weakly
in the space D to a Gaussian process Z with mean function zero and covariance
kernel given by (17).

Proof For the sake of clarity, the proof is split into three steps. In the first step
we show that the finite-dimensional distributions of Z,,(-) converge in law to a
multivariate normal distribution while, in the second step, using arguments in



Harel et al. (1995), we state the weak convergence of the process. In the last
step, calculations for the identification of the covariance kernel of the process are
showed.

Step 1 (Convergence of the finite-dimensional distributions). We just consider
one-dimensional distributions, since the same reasoning applies also to the
multidimensional case. We need to show that, if ¢ is a continuity point of the
distribution of Z,

lim P(Z, <t)=P(Z <t)

n—oo

Just recall that
Zn, (z) = Up(z) + V,(2)
= (1o Yo" (F (2) = F (@) + valp— p ka () 9)
k=1

From Lemma 2 and Theorem 1, V,,(z) = n(p — p) > rey f,;(p)F*k(x)
converges in law to a normal distribution with mean zero and variance o3 obtained
by (8) simply taking z = y. Then, we can write

P(V,(z) <t) = P(N(0,0%) < t) = &(t/oy)

where, with obvious notation, ¢(x) = P(N(0,1) < z).
Let us now study the term U, (x). To simplify the notation, we will consider

from now on, throughout this step, F**(z) instead of the tail F*k(m), since the
same arguments apply. For every L > 1, we have that

L
Un(w) = (1= p) Y p*Va(FF(x) — F*¥(x))
k=1

Z PEV(FE () — ™ (2))

k=L+1

Once more to simplify the notation, let us take ap, = (1 — p)p*/n(F:*(z) —
F**(z)). For fixed x, the event (U, () < t) can be written as

N L 00
(Un(z) < t) = (Zak<t— > ak>
k=1 k=L+1

For every ¢ > 0 and L > 1, we will have

@t {( > )N (

o0

>
k=L+1

o0

> @

k=L+1

|Itv1

)
)




The following chain of inequalities holds true:

PUp(z)<t)=P (Zak < t)
k=1
L ) 0o
§P<Zak<t— Z ak, Z ak Se)
k=1 k=L+1 k=L+1
L 0o 00
+P (Zakgt— Z ak, Z a >e)
k=1 k=L+1 k=L+1
<P (Zak<t— Z ap, —€ < Z ak<e>
k=L+1 k=L+1
+P< Z ag >6)
k=L+1
(Zak<t+ee< Z ak<e>
k=L+1
+P< Z ag >6)
k=L+1
L 0o
§P<Zak§t+e>+P( > ax >e> (10)
k=1 k=L+1

Let us consider the first term in the summation in the expression (10); we have

ay (1= p)oyn(E  (z) — F*(x))
ar, (1= p)ptvn(Ft(x) — F*E ()
that is L linear combinations of U-statistics. The joint distribution is multinormal

as an application of Hoeffding theorem (Serfling (1980)). For every L > 1,

V/n'y 0y, ai converges in law, as n goes to infinity, to a normal distribution with
mean zero and variance

L
or=(1—-p QZZpkﬂkz]Cov (F* Yz — Y1), F*~ Yz - V1)) (11)

k=1 j=1

obtained from (7) by letting y = x. We can finally state

lim P(Zak <t+e> = P(N(0,03) <t+e)=®((t+¢)/or)

n— oo
k=1



As far as the second term in expression (10) is concerned, by applying
Chebyshev inequality we obtain

PIX af>c) =P (| X a-varte - 7)) > <)
k=L+1 k=L+1
<52 ((X a- ot - Frw) ) ]
k=L+1

Letting 7% (x) = /n(F*(x) — F**(x)), the last expression becomes

p< > >e) <500 Y BT @)
k=L+1 k=L+1j=L+1

k=L+1j=L+1

where, following the same lines as in the proof of Lemma 1, we easily obtain:

pea() () TY Yy

J ¢, €Cn,k 1=0¢; 1, €Ck1 ¢; FECH_k j—1
EF* e -V, —... Vi) F9 Yz -Y;, —... = Y3)]
—nF*I (2) F*(2)

Let n go to infinity to obtain:

oo 1 o0 oo
: (1 _ )2 k+j  kj
r (| X wf>)sz0-07 > 3 4o
k=L+1 k=L+1j=L+1

Hence

lim P (Zak < t) <P((t+¢€)/or)+ 6%(1 —p)? Z Z pFtighi

n—oo
k=1 k=L+1j=L+1

Letting now L tend to infinity and e tend to zero in such a way that the quantity
F(1—p)? Y01 2252 1 PP oM tends to zero, we finally obtain

lim P (Z ar < t) < D(t)oso) (12)

n—oo
k=1

where 0, is obtained from (11) by letting L tend to infinity.



To prove the reverse inequality, let us consider the following relationships

P(iak§t> :P<iak§t— i ak>

k=1 k=1 k=L+1
L o) o)
2P<Zak§t— Z a, Z ay §e)
k=1 k=L+1 k=L+1
L oo
2P<Zak§t—e, Z ag Se)
k=1 k=L+1
L oo
2P<Zak§t—e>+P( > §e>—1
k=1 k=L+1
L oo
=P<Zak§t—€>—P( Zak >6>
k=1 k=L+1

Note that the last two relationships are easily obtained on the basis of the following
simple consideration. Let A and B be two sets; it is well known that P(AU B) =
P(A) + P(B) — P(AN B), from which we obtain

P(ANB) = P(A) + P(B) — P(AUB)
> P(A)+P(B) -1

and P(A) + P(B) —1 < P(AN B) < min(P(A), P(B)).
As before, it is now easy to prove that

lim P (Z ar, < t> > B(t)0s0) (13)

k=1

and from (12) and (13) the relationship

nler;oP (i ay < t) =P(t/oxo)

k=1

The same technique applies, with small changes, to prove the convergence of all
finite-dimensional distributions of Z,, (), and this concludes Step 1.

Step 2 (Weak convergence of the process). We want to state weak convergence
of the process in the space D of right-continuous functions with left-hand limits,
endowed with the Skorokhod topology. To this purpose, we follow ideas in Harel
et al (1995); the same reasoning applied by these authors to the empirical renewal
process may in fact be applied in this specific context.

The starting point is the well known fact that the empirical process /n(F,—F)
converges in distribution to B° o F' in the space D. Here, B° denotes the Brownian
bridge and “o” denotes composition of functions. We want to deduce from this the
corresponding result for \/n(¥,, — ¥).



The main problem is that Z,, is a nonlinear function of the empirical process.
The solution to such a problem is found in the following lines, which provide
calculations for a linearization of the stochastic process Z,(z) = /n(¥,(z) —
¥ (x)). Once more, let us consider the following decomposition of the process
Zn(x):

= V(1 - 5) 3 HE @) - T (@)
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*xk

(@)
We just take in consideration the first term in the summation, since the proof of

weak convergence of the second term is trivial. Moreover, to simplify the notation,
. . —xk
let us consider F** instead of F~ and, therefore,
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= Va(Fy — F)« 0, 0, (14)
= Vn(Ey — F) %Wy % Uy + V(Fyy — F) % (T — ) % U,y

Observe that, by (14),

( )*W *W *(Fn F)*Wn

LetG = En * En We finally obtain:
Up = /n(Fy, — F) % G+ n(F, — F)*? %W, «G

We have decomposed the process into two terms: a first term which is linear in
the empirical process and a second term which can be shown to be negligible as
n — oo, simply following the same lines as in Harel et al. (1995). By Theorem
3.2 in Harel et al (1995), we can definitely state weak convergence of the process.



We do not provide here a detailed proof since it proceeds in the same way as the
proofs of Theorem 3.2 and Theorem 4.1 in Harel et al (1995).

Step 3 (Identification of the covariance kernel). To complete the proof of the
theorem, we just need to evaluate the covariance kernel of the stochastic process.
It is awkward and we need some other preliminary notations to make it readable.
Observe that

E[Zn(x)Zn(y)] = E[(Un(x) + Va(2))(Un(y) + Va(y))]
= E[Un(2)Un(y)] + E[Un(2)Va(y)]
+EVa(2)Un(y)] + E[Va(2)Va(y)] (15)
and consider each of the four components separately. We have already computed

the first and the last term on the right hand side of (15) (see Lemma 1 and Lemma
2); let us compute E[U, (x)V,(y)]

U (@)Va(y)] = E [((1 S A VAFE @) - F*’“<x>>)
k=1
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Taking into account that E[\/n(F. (z) — F (2))vn(Ty — pr)] = 0, we

obtain that (16) is equal to
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The computation of this last expression is not difficult. First of all, we have
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Since Cy, 1, = Ci,k U Ci,k’ where Ci,k is the set of all (Zj) combinations of

n elements of class k containing j and Ci & 1s the set of all (";1) combinations
of n elements of class k that does not contain j, we obtain:
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We can definitely state that




By adding all components together in (15), we obtain the following expression:
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Now, let n go to infinity to finally obtain the following asymptotic expression:
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Remark 5. The estimator for the probability of ruin described in Section 2 has been
constructed by replacing the true k-fold convolution of the claim size d.f. F' by the
estimator introduced by Frees (1986b). Instead of doing this, one could estimate
F by the empirical d.f. F*!(x) = F*!(z) and then define recursively estimates of
F*k(z) by the relationship

Fita) = [ B e - wdf

that is considering the k-fold convolution of the empirical d.f.. As observed
by Frees, although F**(x) is a biased estimate of F*¥(x), it has the
possible advantage of being the nonparametric maximum likelihood estimator.



Furthermore, it is a V-statistic and thus it is closely related to the U-statistic
F*(x). Remind that U-statistics and V-statistics have the same asymptotic
properties.

3. Quantile estimation

In this section, we propose an estimator for the p-th quantile of the ruin probability
function. For 0 < p < 1, define the p-th quantile £, of ¥(-) as

& =" (p) = inf{z > 0:¥(z) > p}
A natural estimate Ep of &, can be defined as
& =y (p) = inf{z > 0: %, (z) > p}

The main asymptotic properties of the proposed estimator are presented in the
following two theorems.

Theorem 4 Assume that £, 0 < p < 1, is uniquely defined, i.e. for every € > 0,
Uy +e) <WU(E&) =p<¥( —¢). Then, asn — oo

< a.s.
gp - gp

Proof W(z)is adecreasing function and the equation ¥ (x) = p possesses a single
root, namely &,. From the uniqueness of £, for every € > 0

de =min{p —¥(§, +¢),¥(& —€) —p} >0
‘We note that
Pri{W,(§ —€) —p >0} = Pr{¥(§ —€) = ¥n(&p —€) < W (& —€) —p}
> Pri{¥(&p —€) = ¥n(&p —€) <}
> Pr{0a(6y — €) ~ (& — )] < 3.} as)

Taking into account that ¥, is a consistent estimator of ¥, for every 6. > 0, (18)
converges to 1 as n — oo. Therefore

Pr{@,({ —€)—p>0} —1 (n — o)
In the same way we can show that
Pr{p—¥,(& +¢€) <0} -0 (n — )
Then, as n — oo
Pr{@, (& +¢€) <p<¥,(§ —¢)} — 1 Ve > 0

which implies that
Pri{¢, +e>¢6,> 6, —€ef — 1

asn — oo, Ve > 0.0



Theorem 5 Let us denote by G the first derivative of the function G. Assume that
G’ exists and that G (&,) # 0. Under this hypothesis

> d
V(g — &) = N(0,0%) (19)
where O'g is given by (21).

Proof W~(p) = &, is root of the equation G(z) = ¥(zx) —p = 0 and
v 1(p) = &, is root of the equation G,,(z) = ¥, (x) — p = 0. By a first order

Taylor expansion of G, (Ep) at the point &;,, we obtain

G(&) =0 = Gul&) = Gal&) + Gu(§)(E — &)
where & lies in the interval having extremes &, and @,. Hence

Vi€ — &) = —Gon ()" Wn(Gn(&) — G(&)

Let us first prove that

’ ’

Go(&) =0, (&) 5 G (&) = V(&) (20)
Because of £, 25 &,,,if &, € (&, — €,&, + €) we have
Gr(ép =) < Gu(§)) <& +0)
By the law of large number

Go(€) =0, (&) = S _(1-p)p"[F, (€)] “ G'(6) =¥ (&) = Y (1-p)p*[F " (€)]

k=1 k=1

’

then G, (£) 3 G’ () for all £ and, for all sufficiently large n we have:
G(& =0 <Gu(§) <G (& +e)
which implies Gln(fg) Eayel (&p) as n goes to infinity. Since

\/E(Gn(fp) - G(&)) = \/ﬁ(wn(gp) -—pP— W(gp) +p)
= V(P (&) — ¥ (&)

and because of (20), we obtain the relationship

~

\/ﬁ(gp - gp) = _G/ (fp)_l\/ﬁ(g'n(gp) - Lp(fp))



Taking into account the fundamental result in Theorem 3 and by a simple
application of the delta method, (19) easily follows. In particular, we obtain the
following expression for the variance:

(gp { Z Z Pk+] ]4?] COU (fp - Yl),F*jil(fp — Y1))

k=1 j—1
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4. Bootstrap confidence region

It is possible to construct a confidence region for the unknown probability of ruin
¥. The development of such a confidence region follows that in Griibel and Pitts
(1993) and Pitts (1994).

The interest in studying bootstrap confidence regions comes from the
complicated structure of the limiting Gaussian process Z in Theorem 3, that does
not allow to construct confidence regions for ¥(z) in any easy way.

Let z € R and define R,(z) = P(/n||¥, — ¥|| < z), where ||f]| =
supe| f(t)] is the supremum norm. If known, it could be used to form a confidence

region for ¥. Recall that /n(¥,, — ¥) . Z (Theorem 3) and define, for z € R,
Rz(z) = P(]|Z|| < z). By the continuous mapping theorem (see, for example,
Pollard (1984)), R, (z) — Rz(z) as n — oo, for all continuity points z of Rz.

Using the a-quantile g(a) of Rz we could obtain asymptotic confidence
regions for ¥. The problem is that the structure of Z is complicated and it is not
easy to see how the a-quantile ¢(«) of Rz can be obtained. This is the reason for
which we construct Bootstrap confidence regions as a good alternative to classical
asymptotic confidence regions.

We adopt a bootstrap scheme which consists in generating m,, bootstrap inter-

arrival time samples (77 ;, .. T;;j), Jj=1,... ,mn), and m,, independent
bootstrap claim samples (X3 g X ni)s (3 =1,...,my). We then define the
m,, quantities V.* , = /n||¥} ( j=1,...,m,), where ¥* runs through

the empirical d.f.s obtained by taklng samples of size n from E,.
The bootstrap estimator R,, of the d.f. of \/n||¥, — ¥|| is defined as the
empirical d.f. for the m,, values of /n||¥;; ; — ¥,||. In symbols:

Ro(x) = my " Y Lo (V|5 ;= W)

j=1



Let g, () be the a-quantile of R,
Gn(a) = R;Ya) = inf{z : R, (z) > a}

It is possible to show that confidence regions constructed from ¢, («) give
asymptotically correct coverage probabilities. In practice, R,, and hence ¢, («)
are approximated by Monte Carlo methods.

Remark 1. The bootstrap confidence band obtained here is of constant width since
we have considered the supremum norm. It would be more appropriate to have
non-constant width simultaneous confidence bands for d.f. estimators and this is
an area for further investigation. One way to achieve this aim would be to use
weighted spaces of functions, as in Pitts (1994), as one setting in which non-
constant width bootstrap confidence bands can be obtained.

5. Simulation example

We illustrate the finite sample behavior of the proposed estimator ¥,, () for sample
size n = 100 by the following example.

Example Both claim amount and inter-arrival times distributions are exponential
with mean value equal to 1 and 10, respectively, so that p = 0.1. The premium rate
cequals 1 and an interval of values for the initial surplus x is considered. A sample
of size n = 100 has been generated from F' and this has been used to construct
our estimate of the ruin probability function ¥,,.

Figure 1 shows the resulting ruin function estimate ¥,, together with the “true”
¥ and an approximate 95% bootstrap confidence region obtained for the unknown
Y. The band is calculated from m,, = 200 bootstrap repetitions. The “true” ¥ is
computed using the closed form expression available for ¥ when dealing with the
Erlang model.

In the example, the distribution of ¥, (x) is quite well concentrated around the
“true” value ¥(x).

Some more considerations are in order. We used a “truncated” version of the
estimator:

() = Y (1 - p)PT ()
k=1

where the parameter m, as in Frees (1986b), is a positive integer depending on n,
such that m < nand m T oo asn T co. A choice for the parameter m has to be
done.

In many situations, this choice is dictated by practical considerations and often
simply m = n. However, the quantity (1 — p)p* dies out quickly as k& approaches
infinity as well as the convolution F' *k(x) (see Frees (1986b)). This implies that
typically m can be small compared to the sample size.

This is important since the amount of computations increases quickly as m
increases and the numerical computation of our estimator is cumbersome even
for small values of m. This is the reason for which the number of Monte Carlo
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Figure 1: Estimate W, (long dashes), “true” ¥ (full line) and bootstrap confidence band
(dotted line)

simulations in the example is small. A larger scale Monte Carlo study with 500 or
more trials may improve the results but is a computer time consuming task.
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