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We consider the class of autoregressive processes with ARCH(1) errors
given by the stochastic difference equation

X,=aX, 1 +/B+ArX2 |e,, neN,

where (&,),cn are ii.d. random variables. Under general and tractable
assumptions we show the existence and uniqueness of a stationary dis-
tribution. We prove that the stationary distribution has a Pareto-like tail
with a well-specified tail index which depends on «, A and the distribution
of the innovations (&, ),cn. This paper generalizes results for the ARCH(1)
process (the case a = 0). The generalization requires a new method of proof
and we invoke a Tauberian theorem.

1. Introduction. Recently there has been considerable interest in non-
linear time series models [see, e.g., Priestley (1988), Tong (1990) and Taylor
(1995)]. Many of these models were introduced to allow the conditional vari-
ance of a time series model to depend on past information (conditional het-
eroscedasticity). It has turned out that such models fit very well to many
types of financial data. Early empirical work [see, e.g., Mandelbrot (1963),
Fama (1965)] has shown that large changes in equity returns and exchange
rates, with high sampling frequency, tend to be followed by large changes set-
tling down after some time to a more normal behavior. This observation leads
to models of the form

(1.1) X, =o0,8,, neN,

where the innovations (g,),.n are i.i.d. symmetric random variables with
mean zero, and the volatility o,, describes the change of (conditional) variance.

The autoregressive conditionally heteroscedastic (ARCH) models are one of
the specifications of (1.1). In this case the conditional variance o2 is a linear
function of the squared past observations. ARCH(p) models introduced by

Engle (1982) are defined by

p
(1.2) (r,%:a0+Zani_j, a>0,a,...,a0, 1>0,a,>0, neN,
=1

where p is the order of the ARCH process.
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In a series of papers, the ARCH model has been analyzed, generalized and
used to test for time-varying risk premia in the financial market. We refer,
for instance, to the survey article by Bollerslev, Chou and Kroner (1992). The
most famous generalization to so-called generalized ARCH (GARCH) processes
was proposed in Bollerslev (1986). The volatility o, is now a linear function of
X, 1, X, 9,...and 0,,_1, 0,,_9, . ... ARCH and GARCH models are widely used
to model financial time series since they capture certain empirical observations
in financial data, namely the tendency for volatility clustering and the fact that
unconditional price and return distributions tend to have fatter tails than the
normal distribution.

The class of autoregressive (AR) models with ARCH errors introduced by
Weiss (1984) are another extension. These models are also called SETAR-
ARCH models (self-exciting autoregressive). They are defined by

(1.3) X, =f(Xp 1o X 1) +0pe,, n=k,

where f is again a linear function in its arguments and o, is given by (1.2).
This model combines the advantages of an AR model which targets more on
the conditional mean of X, (given the past) and an ARCH model which con-
centrates on the conditional variance of X, (given the past).

The class of models defined by (1.3) embodies various nonlinear models.
In this paper we focus on the AR(1) process with ARCH(1) errors, that is,
(X, 1,....X,_1) = aX,_; for some a« € R and o, is given in (1.2) with
p = 1. This Markovian model is analytically tractable and may serve as a
prototype for the larger class of models (1.3).

The purpose of this article is to investigate the tail of the stationary distri-
bution of the AR(1) process with ARCH(1) errors (X, ), cn- The model has also
been considered by Diebolt and Guégan (1990) and Maercker (1997). For A = 0
the process is an AR(1) process whose stationary distribution is determined
by the innovations (g&,),cn, for &, normal it is a Gaussian process. In the
ARCH(1) case (the case when a = 0) the tail is known [see, e.g., Goldie (1991)
or Embrechts, Klippelberg and Mikosch (1997), Section 8.4]. The result was
obtained by considering the square ARCH(1) process which leads to a stochas-
tic difference equation which fits in the setting of Kesten (1973) and Vervaat
(1979). This approach is, however, in general not possible or at least not obvi-
ous for a # 0. Nevertheless for ¢, normal, provided a stationary distribution
exists, a characteristic function argument transforms the model such that the
results by Kesten (1973), Vervaat (1979) and Goldie (1991) may be applied.
We refer to Remark 6 for further details.

For the general case we present another technique for evaluating the tail of
the stationary distribution using the Drasin-Shea Tauberian theorem which
can be found for instance in Bingham, Goldie and Teugels (1987). In con-
trast to Kesten (1973) and Goldie (1991), this approach has the drawback
that it gives no information on the slowly varying function present in the
tail of the stationary distribution. However, on the other side, the method
also applies to processes which do not fit in the framework of Kesten (1973)
or Goldie (1991). Furthermore, the Tauberian approach does not depend on
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additional assumptions which are often very hard to check (e.g. the existence of
certain moments of the stationary distribution). See also the discussion in the
introduction of Section 4. Combining our method with results in Goldie (1991),
we finally specify the slowly varying function of the tail of the stationary distri-
bution of (X,,),n. Note that Goldie’s results cannot be applied in the general
case without the Tauberian approach. The Tauberian approach guarantees
that the assumptions in Goldie (1991) are satisfied. The results in the present
paper can be applied to study the behavior of the extremes and of the sample
autocovariance and autocorrelation function of (X, ),n; see Borkovec (2000)
and Borkovec (2001).

The organization of this paper is as follows. In Section 2 we present the
model and introduce the required assumptions on the innovations (&,),cy-
We distinguish between the so-called general conditions and the technical
conditions (D1)—(D3). They are assumed to hold throughout this paper if it
is not stated otherwise. In Section 3 we determine the parameter set of sta-
tionarity for our model and the tail of the stationary distribution. In Theorem
1 we summarize some probabilistic properties of (X,),cn, in particular the
existence and uniqueness of a stationary distribution. Section 4 investigates
the tail of the stationary distribution. Theorem 3 is the main theorem in this
section. We show that the stationary distribution has a Pareto-like tail with a
well-specified tail index. For o = 0 our result coincides with the corresponding
result in Goldie (1991) whereas for a # 0 the tail index is determined by the
autoregressive coefficient « and the ARCH(1) parameter A. The proof of this
result will be an application of a modification of the Drasin-Shea Tauberian
theorem.

2. Assumptions on the model. We consider throughout this paper an
autoregressive model of order 1 with autoregressive conditionally
heteroscedastic errors of order 1 [AR(1) model with ARCH(1) errors] which
is defined by the stochastic difference equation

(2.1) X, =aX, |+ \/B +AX2 e, neN,

where (&,),cn are ii.d. symmetric random variables, @ € R, 8, A > 0 and X,
is independent of (&,,),cn-

Let ¢ be a generic random variable with the same distribution function
H as ¢,. In what follows, we assume without loss of generality a > 0 (for a
justification see Remark 2 below) and that the following general conditions for
¢ are in force:

¢ has full support R,
(2.2) £ is symmetric with continuous Lebesgue density p,
the second moment of ¢ exists.

Note that the process is evidently a homogeneous Markov chain with state
space R equipped with the Borel o-algebra. The transition kernel density is
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given by

1 y —ax
(23) P(X,edy|Xy=x)= ( >d, x eR.
(Xy edy| Xo=x) T \Uraa) ¥

Under appropriate conditions on « and A, Theorem 1 in Section 3 guarantees
the existence and uniqueness of a stationary distribution 7 of (X,),cn- By
F we denote the distribution function of = and X is a random variable with
distribution function F. From the stochastic difference equation (2.1) it is
straightforward that X satisfies the fixpoint equation

2.4) XLaX +/B+AX2,

where ¢ is independent of X. In order to determine the tail of the stationary
distribution function F' we need some additional technical assumptions on p
and H =1 — H, the density and the distribution tail of &.

(D1) p(x)> p(x') for every 0 < x < x'. .
(D2) The lower and upper Matuszewska indices of H are equal; that is,

o0 < y = lim \081mSUP o H(vx)/ H(x)
— lim logliminf,_,  H(vx)/H(x) 0.

(D3) If y = —oo then for all § > 0 there exist constants g € (0,1) and x, > 0
such that for all x > x, and ¢ > «x9,

X+ at X+ at
2.5 1_6 R — .
=5 p<VAﬂ>Ei( )p<Jﬁ+Aﬁ>

If y > —oo then for all 6 > 0 there exist constants x, > 0 and T > 0 such
that for all x > x, and ¢ > T the inequality (2.5) holds.

The definition of the lower and upper Matuszewska indices can be found,
for example, in Bingham, Goldie and Teugels [(1987), page 68]; for the above
representation we used Theorem 2.1.5 and Corollary 2.1.6. The case y = —c©
corresponds to a tail which is exponentially decreasing. For y € (—o0, 0] con-
dition (D2) is equivalent to the existence of constants 0 < ¢ < C < oo such
that for all A > 1, uniformly in v € [1, A],

(2.6) c(l+o(1)p” < M <C(+o(1)), x — 00.

H(x)
In particular, a distribution with a regularly varying tail satisfies (D2); the
value vy is then the tail index. Due to the equality of the Matuszewska indices
and the monotonicity of p we easily obtain some asymptotic properties of H
and of p, respectively.
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PROPOSITION 1.  Suppose the general conditions (2.2) and (D1)—(D3) hold.
Then the following holds:

(a) lim,_, . x™H(x) =0 and E(|g|™) < oo for all m < —v.
(b) lim,_, ., x™H(x) = oo and E(|g|™) = cc for all m > —7y.
(¢) lim,_,  x™ ! p(x) =0 for all m < —y.

(d) If y > —o0, there exist constants 0 < ¢ < C < oo such that

c< liminfx_p—(x) < limsupx_p—(x) <C.

Moreover, there exist constants 0 < d < D < oo such that for all A > 1,
uniformly in v € [1, A],

2.7 d(1+ o)1 < y

(x)

Furthermore, in this case (2.7) is equivalent to (2.6) or (D2).

<D +o(1) 7L, X — oo,

PROOF. Statements (a) and (b) are immediate consequences of Theorem
2.2.2 of Bingham, Goldie and Teugels (1987). (c¢) follows from (a) and the mono-
tonicity of p. Applying (2.6) and using again the monotonicity of p yields (d). O

The general conditions (2.2) and assumption (D1) are fairly general and can
be checked easily, whereas (D2) and in particular (D3) seem to be quite tech-
nical and intractable. Nevertheless, numerous densities satisfy these assump-
tions.

ExaMPLE 1. We give two different classes of densities, which satisfy the
general conditions (2.2) and (D1)—(D3).

|x[”

(@) p, o(x) oc exp(—-5-), x € R, for parameters p, 6 > 0.
Note that this family of densities includes the Laplace (double exponential)
density (p = 1) and the normal density with mean 0 (p = 2).

It is straightforward that the general conditions and (D1), (D2) with y = —c0
hold. In order to show (D3), choose q € (p/(p + 2), 1). Then for every x > 0
and ¢ > x9,

pp,e(%) B pp,(,(ﬁi\%)
pp’ﬁ(\/x%) Pp,o((ﬁi%)(H%)—l/z)
1 x a |P B |-»2
:eXp<—§lﬁiﬁ‘ <1_’1_i_m >>

p
> exp<_ﬂ|x|p—pq—2q — Mm—&z),

20\1+p/2 20\ \1+p/2

where ¢, = max(1, 2”). The r.h.s. is arbitrarily close to 1 for x sufficiently large
and therefore (D3) holds.
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(b)

22\ ~(p+1)/2 x2
Da, p, 6(%) <1+7) <1+a sin(2wlog<1+;))), x e R,

p+1 )

for parameters p > 2, § > 0 and a € [0, S e

This family of densities includes, for example, Student’s distribution density
with parameter p (set @ = 0 and 6 = p).

One can easily see that the general conditions hold. (D1) is satisfied because
of the choice of a. Furthermore, for all A > 1, uniformly in » € [1, A],

l1-a
1 1))p—(P+D
(L4 o(L)

- p(vx) - l+a
T plx) T 1-a

(140D, x - 0.

In particular, p, , 4 is regularly varying if and only if a = 0. By Proposi-
tion 1(d), condition (D2) is satisfied with y = —p. It remains to show (D3). Let
8 > 0 be arbitrary and choose T such that

B —(p+1)/2 2map

Next note that for every x > 0, setting b(¢) = 1+ 8/(At?), t > 0, we obtain

i 2
(2.9) '1 + asin(@mlog(1+ y*b(T)/6) ' __2map

1+ asin(27log(1 + ¥2/6)) ~ (1-a)AT?

Using (2.8) and (2.9), we have forevery ¢t > T, x > 0Oand y = (ﬁi%)/\/b(T),

xtat SN
Popi(5%) o0 /BD)
xtat ) Pg pe(¥)
Paso( J25) !
 Papt0/BTY)
pa,p,@(y)
- b(T)’(’”l)/Z 1+ asin(2wlog(1 + y2b(T)/0))
- 1+ asin(2mlog(1 + y2/6)
2ma B
Ty t/2(1 =22 "F
= 5(T) < (1—a)AT2>

>1-6.

3. Existence and uniqueness of a stationary distribution. In this
section we summarize in Theorem 3 some properties of the process (X ,,),cn- In
particular, the geometric ergodicity guarantees the existence and uniqueness
of a stationary distribution. For an introduction to Markov chain terminology
we refer to Tweedie (1976) or Meyn and Tweedie (1993).
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The next proposition follows easily from well-known properties of moment
generating functions [one can follow the proof of the case @ = 0; see, e.g.,
Lemma 8.4.6 of Embrechts, Kliippelberg and Mikosch (1997)].

PROPOSITION 2. Let & be a random variable with probability density p
satisfying the general conditions (2.2). Define h,, ,: [0, 00) — [0, c0] for a € R
and A > 0 by

(3.1) ho () = E(Ja+vAe"), u=>0.
(a) The function h, (-) is strictly convex in [0, T'), where
T :=inf{u > 0 | E(]vAe|*) = oo}
(b) If furthermore the parameters a and A are chosen such that
(3.2) R, ,(0) = E(log |a + VA &) <0,

then there exists a unique solution k = k(a, A) > 0 to the equation h, ,(u) = 1.
Moreover, under h,, ,(0) <0,

>2, a2 +AE(?) <1,
(3.3) k(a,A) =2, o?+ A E(e?) =1,
<2, a?+AE(e?) > 1.

REMARK 1. (a) By Jensen’s inequality o®+ A E(&%) < 1 implies %, ,(0) < 0.

(b) Proposition 2 holds in particular for a standard normal random variable
e. In this case T = oc.

(c) In general, it is not possible to determine explicitly which parameters
a and A satisfy (3.2). If @ = 0 [i.e., in the ARCH(1)-case] and ¢ ~ N(0, 1),
(3.2) is fulfilled if and only if A € (0, 2¢"), where y is Euler’s constant [see,
e.g., Embrechts, Kliippelberg and Mikosch (1997), Section 8.4]. For o # 0,
Tables 1 and 2 show numerical domains of @ and A for ¢ ~ N(0, 1). See also
Kiefersbeck (1999) for numerical results in some nonnormal cases.

(d) Note that « is a function of @ and A. Since ¢ is symmetric « does not
depend on the sign of @. For ¢ ~ N(0, 1) we can show for fixed A, k is decreasing
in ||. See also Table 3.

TABLE 1
Numerical domain of A dependent on |a| such that h, ,(0) < 0 in the case ¢ ~ N(0, 1)

|| 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

A (0, 3.56] (0,3.55] (0,3.52] (0, 3.47] (0, 3.391 (0, 3.301 (0, 3.18] (0, 3.04]

o] 0.8 0.9 1 1.1 1.2 1.25 1.27 1.27805
A (0,2.87] (0,2.66] (0,2.42] (0.17,2.11] (0.38,1.69] (0.58, 1.38] (0.75, 1.19] (0.94, 0.96]
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TABLE 2
Numerical supremum of |a| dependent on A such that h;, ,(0) < 0 in the case ¢ ~ N(0,1)

1227

A 0.1 0.2 0.4 0.5 0.6 0.8 0.9
la| 1.05 1.11 1.20 1.23 1.25 1.26 1.27 1.28
A 1 1.1 1.5 2 2.5 3.5 3.56
la| 1.28 1.27 1.23 1.13 0.97 0.72 0.24 0.04

PROOF. Let ¢(-|u, 0%) denote the normal density with mean w and variance
o?. Then, by symmetry of ¢,

Ja

g \(u) 1

A

[ 151 = @evla, 1) dy

%(f_ooo(—y)u(y —a)e(yla, A)dy + /Ooo ¥y —a)e(yla, A) dy)

ufo Y o(yla, A) — o(y| —a, A))dy > 0, u =0,

where the last line follows by integration by parts with respect to y. We may
therefore conclude that, if o’ > « then A, ,(u) < h, () for any A, u. Assume
k(a) < k(a'). Then we have by Proposition 2(b) and Hélder’s inequality that

1= ha,A(K(a)) < ha’,A(K(a)) < har’)L(K(Ol/))K(a)/K(a/) =1,

which is a contradiction. O

We are now ready to state the following theorem.

THEOREM 1.
the general conditions (2.2) and with parameters a and A satisfying (3.2). Then

TABLE 3
Numerical solution of h, )(k) =1 for k = k(a, ) dependent on « and A in the case e ~ N(0, 1)*

Consider the process (X)) en in (2.1) with (&,),cn Satisfying

|| 0.2 0.4 0.6 0.8 1.0 1.2 1.5 2.0 2.5 3.0 3.5
0 12.85 6.09 3.82 2.67 1.99 1.54 1.07 0.61 0.33 0.15 0.01
0.2 11.00 5.49 3.52 2.51 1.89 1.46 1.03 0.59 0.32 0.13 0.01
0.4 8.12 4.28 2.87 2.10 1.61 1.26 0.90 0.51 0.27 0.10 —
0.6 5.41 3.03 2.12 1.60 1.25 0.99 0.71 0.39 0.19 0.05 —
0.8 3.00 1.85 1.37 1.07 0.85 0.68 0.48 0.25 0.09 — —
1.0 0.96 0.83 0.70 0.57 0.47 0.37 0.25 0.09 — — —
1.2 — 0.01 0.01 0.01 0.01 0.01 0.01 — — — —

*For a = 0 a similar table can be found in de Haan et al. (1989).
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the following assertions hold:

(a) Let v be the normalized Lebesgue-measure v(-) = A(- N [-M, M])/
AM[—M, M]). Then (X,),cn Is an aperiodic positive v-recurrent Harris chain
with regeneration set [—M, M| for M large enough.

(b) (X)) en is geometric ergodic. In particular, (X ),y has a unique sta-
tionary distribution and satisfies the strong mixing condition with geometric
rate of convergence. The stationary distribution is continuous and symmetric.

(c) If &> + X E(&?) < 1, then the stationary distribution of (X ),y has finite
second moment.

REMARK 2. (a) Statements (a) and (b) are basically a collection of results of
Diebolt and Guégan (1990) and Maercker (1997). They assume a?+A E(g?) < 1
and hence only cover the finite variance case. The model fits also into the more
general framework of “iterated random Lipschitz functions”; see Alsmeyer
(2000).

(b) When we study the stationary distribution of (X,),.n We may w.l.o.g.
assume that a > 0. For a justification, consider the process ()?n)neN =((-1)"
X, )nen Which satisfies to the stochastic difference equation

an—a)?n_l—i—\/ﬁ—l—)\)?i_lsn, neN,

where (&,),n are the same random variables as in (2.1) and )?0 = X,. If
a < 0, because of the symmetry of the stationary distribution, we may hence
study the new process (X,,),en-

(c) By statement (c), the assumption a? + A E(&?) < 1 is sufficient for the
existence of the second moment. We will see in Remarks 5(c) that it is also
necessary.

PrOOF OF THEOREM 1. Because of the strict positivity and continuity of
the transition density the process (X,,),cy is a v-irreducible Feller chain. By
Feigin and Tweedie [(1985), page 3], this implies that every compact set of
the state space with positive Lebesgue measure is small and thus [-M, M]
is small for arbitrary M > 0. Finally, by Proposition 5.3 of Tweedie (1976),
[—M, M] is a status set for (X,,),cn-

(a) Because of Proposition 2, for « € R and A > 0 such that 2 ,(0) < 0
there exists a k > 0 such that A, ,(u) < 1 for every u € (0, ) and A, ,(0) =
he 2(k) = 1. Now choose 1 € (0, min(k, 2)) and 6 € (0,1 — A, ,(n)) arbitrary.
For any such n and é there exists a constant C = C(n, 6) € (0, 1) such that

(3.4) By a(m)+8<1-2C.

Define g(x) := 1+ |x|" > 1 for every x € R. For M large enough and |x| > M
we have by continuity of 4, , in a,

(3.5) Ihax/\/m,)\(n) — hea(n)] <8
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and
(3.6) C g(x) = 1+ (R, 1(m) £ 8)(—1 + O(|x|"7%)),

since n < 2, h, ,(n) — d is independent of x and g increases to co. From (2.3)
we obtain for x — oo,

Ji o) EPX cdy | Xo=2)

_*
NIV

&

=1+(B+ /\xQ)”/ZE(i
|

)

B 9\ /2
=1+ (X +x ) hax/«/x2+B/)L,/\(n)

=1+ @1+ 0 )"k, s ()
=1+ 00" ) s (M) + 121" By gz (1)

=1+ (—1+ O(|x|"?)) Ry Sommpma (M +8x) by, rapr x(0),

where the third line follows from Taylor expansion. Together with (3.4)—(3.6),
we obtain for every x € R with |x| > M,

/(_Oo L ENPXy e dy | Xy =x)=Cg(x) +(1-2C)g(x)

=(1-C)g(x)

(3.7

Define
T[—M,M] = lnf{n > 1 | Xn [S [—M, M]}
and let x € R be arbitrary. Then we have
E(ry, o | Xo=2)=EQx c-m up E(r_a, 30| X 1) X o = x)
+ELx e—m, mper E(Tropr, ap| X )| X = x)
<1+ E(x,e-m, ey E(rip, ay| X 1)1 X g = x)

[-M, M]e

By (3.7), Theorem 3 of Tweedie (1983a) holds and we obtain for all x € R,

6))
BlrwmlXo=0 <1+ [ 52 P(X, € dylXy=x)

(3.8)

1
§1+E+E(|ax+\/)\x2+ﬁs|")<oo

and thus [— M, M]is Harris recurrent. Since the transition density of (X,,),,cn
is strictly positive on [—M, M] we know from Asmussen [(1987), page 151],
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that there exists some constant C e (0, 1) such that
(3.9) P(X,eB|X,=x)>Cuv(B)

for every x € [-M, M| and any Borel-measurable set B, that is, (X,,),cy 18
a Harris chain with regeneration set [-M, M]. Finally, by Theorem 9.1 of
Tweedie (1976), (3.7) and the fact that [-M, M] is a status set, (X,,),cy is
positive Harris v-recurrent.

(b) Note that

sup g(y)P(Xy edy|Xy=x)
xe[-M, M]'R
(3.10)

=1+ sup E(|ax+\//\x2+,88| ) < oo.
xe[-M, M]
Thus the geometric ergodicity follows from Theorem 4 of Tweedie (1983a) and
the same arguments as in the proof of statement (a) of this theorem. The
process is therefore strongly mixing with a geometric rate. The symmetry of
the stationary distribution follows from the ergodicity and the fact that the
processes (X,,),cny and (—X,,),,cn have the same transition probabilities, hence
the same unique stationary distribution. Finally, because of the continuity of
the transition probabilities, the stationary distribution function is continuous
as well.
(¢) Define now the small set

A= {x eR|x%< max{l, (1—26) fii;?)\E(sz))}}

with § > 0 such that (1 —28) — (e® + AE(&?)) > 0. Choose g(x) = 1+ x2. Note
that for every x € A€,

/Rg(y)P(Xledleo=x)s1+x2<a +AE(e 2)+BE(82)>

<1+x%(1-28)
=1-x26 4 x%(1 - 6)
<1-8+x%1-6)=g(x)(1-29).

This together with (3.10) for n = 2 and A instead of [—M, M], Theorem 3 of
Tweedie (1983b) holds and the second moment of the stationary distribution
is finite. O

Even if the building blocks (&,),.n have moments of all orders, that is,
y = —o0, not all moments of the stationary distribution are finite.

PROPOSITION 3.  Suppose (X,,),cn is given by (2.1) with (&,),cn Satisfying
the general conditions (2.2) and with parameters o and A satisfying (3.2). Let
X be the stationary limit variable of (X,,),cn. Choose N > 0 such that

(3.11) E(VAelN) > 2
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Then
E(X1Y) = .

PrROOF. Assume that the Nth moment is finite. As a consequence of (2.4)
(recall that wl.o.g. @ > 0),

E(X|Y) = E(|aX +/B+ AX%IN)
v, . [B ™
N
a+,/%+)\8 )
—— |N
a+ %-{-)\6 )
> E(|X|N)E (1= 0|V Ae|Y)

> E(|X|N),

where we used in the third and fourth line that X and ¢ are independent. The
last line is a consequence of (3.11) and the symmetry of &. O

+E(1{X>O}|X|N

~5(1x1

REMARK 3. (a)Note that N > 2if a®?4+AE(&?) < 1 since the second moment
exists by Theorem 1(c).
(b) Condition (3.11) can be replaced by E(1{8>0}|C¥+\/X8|N) > 1fora > 0 and

E(1q gla+ VAgN) > 1 for a < 0, respectively. These alternative conditions
may enable us to find a smaller N.

Because of Proposition 3 we know that the distribution of X is heavy tailed
in the sense that not all moments exist. The following section considers the
precise asymptotic behavior of its tail.

4. The tail of the stationary distribution. Estimating the (heavy) tail
of a stationary distribution of a Markov process is in general a nontrivial
problem and few explicit results are known in the literature. There are basi-
cally two articles which refer to this topic and which are somewhat related
to our problem. Kesten (1973) investigates the tail of the limit distribution
of the solution of a linear difference equation, and Goldie (1991) proves and
extends Kesten’s results in the one-dimensional case by applying a renewal
type argument.

Unfortunately, both approaches are not directly applicable for the AR(1) pro-
cess with ARCH(1) errors, since (X,,),cn does not fit in their framework. Con-
sider instead the process (Y, ),y given by the stochastic difference equation

4.1) Y, = oY, + JB+AY2 e, nz1,
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where (&,,),cy are the same i.i.d. random variables as in Theorem 1, the con-
stants are the same as for the process (X ),y and Y, equals | X | a.s. It can be

seen eaSﬂy that (Yn)neN i (|Xn|)n€N if XO ~ 7. Hence (Yn)neN and (anDneN
have the same stationary distribution and P(X > x) = 1/2P(Y > x), x € R.
Setting M := |a + +/A¢| and « as in Proposition 2, the conditions of Corollary
2.4 of Goldie (1991) on M are satisfied. Thus, under the additional assumption

that
) < 00,

the tail of the stationary distribution of (Y,,),n is Pareto; that is,

4.2) E()(iay+\/ﬁ+w23))“— (Joc+ Vel Yy

(4.3) P(Y > x) ~cx™", x — 00,

where c is a well-specified nonnegative constant. Note that a sufficient condi-
tion for (4.2) is E(Y*!) < oo.

The above procedure using Goldie’s result seems to be at first sight very
simple. However, in spite of the strength and elegance of the results in Goldie
(1991), additional conditions such as (4.2) are hard to check. Since the knowl-
edge of the existence of moments is in some way equivalent to the knowledge
of the (unknown) tail distribution (or at least the tail index of the stationary
distribution), we consider directly the tail of the stationary distribution of the
process (X ,),cn- The tail is derived by applying a Tauberian theorem which,
as far as we know, is a new approach. This method may also be applied to
other processes given by random recurrence equations which do not fit in the
framework of Kesten (1973) or Goldie (1991), or which simply do not fulfill all
the conditions in the two articles mentioned. Note that our approach gives no
information on the slowly varying function present in the tail of the heavy-
tailed stationary distribution. In the case of the AR(1) process with ARCH(1)
errors we determine the tail index of the stationary distribution of (X)),
with our new approach and draw then the conclusion that the slowly varying
function is a well-specified constant.

In order to present our method we need the notion of O-regular variation;
see Bingham, Goldie and Teugels (1987), Chapter 2, for relevant definitions
and results.

PROPOSITION 4. Let F(x) := P(X > x), x > 0, be the tail of the stationary
solution of the process (X ,),cn given by (2.1). Then F is O-regularly varying.
In particular, if H := 1 — H denotes the tail of the distribution function of &,
for every A > 1,

4.4) _F('é;;) > ﬁ(max(o,

A—a

VA

)) for all x > 0.
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PrOOF. Let A > 1 be arbitrary. Since X is symmetric and (| X ,|) and (Y ,,)

have the same law when X, ~ 7, we have for every x > 0,
P(X > Ax) P(Y > Ax)
P(X >x)  P(Y >x)

P(aY +/B+AY2¢ > Ax, £ > 0)

P(Y > x)

- P(Y > Ax/(a++/)g), & > 0)

- P(Y > x)

foo P(Y > Ax/(a +/At))

max(0,(A—a)//A) P(Y > x)

v

p(t)dt.

By monotonicity, the integrand is bounded from below by 1. Therefore, (4.4)
holds. Note that the r.h.s. of (4.4) does not depend on x. Letting x — oo and
applying Corollary 2.0.6 of Bingham, Goldie and Teugels (1987) shows that F
is O-regularly varying. O

REMARK 4. Since F is O-regularly varying, its lower Matuszewska index
v > —oo. Therefore, by Theorem 2.2.2 of Bingham, Goldie and Teugels (1987),
for every 7 € (—y, o0) there exist C > 0 and x, > 0 such that x"F(x) > C for
all x > x,.

It turns out that the following modification of the Drasin-Shea theorem
[Bingham, Goldie and Teugels (1987), Theorem 5.2.3, page 273] is the key to
our result.

THEOREM 2. Let k: [0, 0c0) — [0, 00) be an integrable function and let (a, b)
be the maximal open interval (where a < 0) such that

E(z) = /(0 o t_z@ dt < oo for z € (a, b).

If a > —o0, assume lim, E(a+8) = oo, if b < 0o, assume limg k(b —8) = co.
Let h: [0, 00) — [0, 00) be locally bounded. Assume h has bounded increase. If

k Hh(t)dt/t
(4.5) lim Jio.c0) RE/ORD) 2/ —¢>0,
00 h(x)

then
¢ = k(p) for some p € (a, b) and h(x) ~ x"I(x), x — 00,

where [ is some slowly varying function.

We will identify # with the tail F of the distribution of X. The following is
our main theorem.
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THEOREM 3. Suppose (X,),cn IS given by (2.1) with (&,),en Satisfying
the general conditions (2.2) and (D1) — (D3) and with parameters « and A
satisfying (3.2). Let F(x) = P(X > x), x > 0, be the right tail of the stationary
distribution function. Then

F(x)~cx™™, x — 00,
where
1 E(‘a|X| + \/ma)’( - |(a+ ﬁa)|X|)K)
9 T E<|a+\/x8|"1n|a+\/x<9|>
and « is given as the unique positive solution to
(4.7) E(la+vAe|) =1

REMARK 5. (a) For the ARCH(1) process (that is, the case a = 0) this result
is well known [see Goldie (1991) or Embrechts, Kliippelberg and Mikosch
(1997), Section 8.4).

(b) Let E(|a + VAel<) = he \(k) be as in Lemma 2. Recall that for & ~
N(0,1) and fixed A, the exponent « is decreasing in |«|. This means that the
distribution of X gets heavier tails. In particular, our new model has for « # 0
heavier tails than the ARCH(1) process (see also Table 3).

(¢c) Theorem 3 together with Lemma 2 implies that the second moment of
the stationary distribution exists if and only if a® + A E(&?) < 1.

The proof of Theorem 3 will be an application of Theorem 2. Proposition 5
presents an implicit formula for the right tail F = 1 — F of the distribution
of X. We shall need the formula to show that assumption (4.5) is fulfilled. In
the following all assumptions of Theorem 3 hold. Recall that w.l.o.g. & > 0.

PROPOSITION 5.

H(x/V/B)
F(x)

where H(x) = P(e > x), x > 0, and for every x > 0,¢ > 0,
x — at x + at xAt?  F(t) 1
x,t):= —————— —_— — - >0,
Fz. ) (p(\/3+)u:2> p(\/3+)\t2>>(5+)\t2)3/2 F(x)t

= o ) ) Sy 20

PrROOF. By (2.4) and the symmetry of X, we have

(4.8) 1= +/ f(x, t)dt—i—[ h(x,t)dt, x>0,

F(x) = /OO P(ozX+\/,8+/\X2s>x|X=t)dF(t)

- _fooo P(—at+\/ﬁ+)\t23>x)dF(—t)—I—/OOOP(at+\/B+M28> ) dF(t)
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= —Amp(—at+Jﬁ+Atzs>x)dﬁ(t)+/()ooP(at+\/ﬁ+/\t28>x)dF(t)

Ry e t — —at —
- _/ (H(i>+H<x—Q))dF(t).
0 VBT VB
Integration by parts [see, e.g., Theorem 18.4 in Billingsley (1995)] and again
symmetry yields

ol 77 0 o « 2y - o
F(x)=H<%)— A (p(\;; J; A"‘t2> (B+(;tﬁuggc3/+2 £\t

x—at \—a(f+At?) — (x —at)At =
+p(\/ﬁ+/\t2) (B + At2)3/2 )F(t)dt

) L () o) o

x —at X+ at aBt — dt
* o) G OT
f ( ( B+/\t2> VBHA2/)) (B+ At2)32 07
Finally, h(x,t) > 0 for every x > 0; ¢ > 0 because of (D1) and the symmetry
of p. This finishes the proof. O

We investigate now (4.8). Using Proposition 3, Proposition 4 and Remark 4
we derive some technical results in the next three lemmas. These results will
be crucial in applying Theorem 2.

LEMMA 1. For every a >0 and b > 0,

lim H((x—a)/b) _
PROOF. Assume first that y = —oco. Because of Proposition 1(a) and

Remark 4 the statement follows immediately.

Now consider the case where y > —oco. Let N :=inf{n > 0: E(|¢|") > 2} and
choose m € (N, —vy). This is possible because of Proposition 1(a). Similarly as
in Proposition 4 we derive that

Fx)  _1P(laY + VB+AY2¢| > x)
H((x—a)/b) 2 H((x —a)/b)
_ 1~ H((x - at)/y/ B+ At2)
= 5/ H((x — a)/b) aEy(®)

H((x —a)/v/At)

1
Z ~ F .
2 -/m ax{2a/a, b//A} H((x - a)/b) ¢ Y(t)
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Applying the lemma of Fatou and Proposition 2.2.1(a) of Bingham, Goldie and
Teugels (1987) yields

liminf — £ 1 [ lim inf ZLE—ONVAD 4 g
BB H (- ab) 2 Imastarenny R H((x— a)/b)
> const ” t"dFy(t)

max{2a/a, b/~/A}
const E(|X|m 1{|X|>max{2a/a, b/ﬁ})'

Since m > N and E(|X|") = oo, the statement follows by Proposition 3. O

LEMMA 2. Forevery T > 0,

X—>00

lim f f(x,t)dt = lim / f(x,t)dt = 1.
0 x—>o00 JT
Moreover, if the lower Matuszewska index y = —oo, then for every q € (0, 1),

lim [ f(x,t)dt = 1.

x—>00 Jxq

PrOOF. Note that
(4.9) 0<h(x,t) < %f(x, t) for every ¢ > 1 and x > 0.
Thus, for every x > 0,

(4.10) 0< /:O h(x, t)dt < “—f /100 f(x, £)dt.

x
Next choose T > 0 arbitrary. By (D1), for every ¢ € [0, T'] and x large enough,

max{2AT, aB} ( x—aT ) x

0 < max{f(x,t), h(x,t)} < B2 VBFAT?2) F(x)

and therefore distinguishing again between y = —oco0 and y > —oo [in the first
case use Remark 4, otherwise Lemma 1 and Proposition 1(d)] we get

lim f(x,t)=0 and lim A(x,¢)=0 foreveryte[0,T].

Thus, by the dominated convergence theorem,

T T
(4.11) lim / flx,t)dt =0 and lim [ h(x,¢)dt=0.
X—> 00 0

X—>00 J(

Combining the result in Lemma 1 with (4.10) and (4.11) the first statement
follows.
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Finally, by (D1), Remark 4 and Proposition 1(c), supposing that v = —
and x large enough,

/ f(x, t)dt < 2p<

— ax? ) x9N 1
VBt a2 ) (B AT2P2 F(x)”

q _
< COHSt(T)p(x——a)(xlq)(2q+1+7)/(1q) — 0, X — OQ.
VB/x% + A

This completes the proof. O

LEMMA 3. Define for x > 0,¢ > 0,

a0 (p ( fc:t> * p(tx?)) (A’;Q;; ;(t;%

then lim,_, ., [~ g(x,t)dt = 1.

PROOF. Note first that integration by parts and Lemma 1 yield for every
T >0,

0< hmsup/ g(x,t)dt

xX—>00

< lim sup F(T)(H((x —oT)/VAT)  H(x+ aT)/ﬁT))

x—>00 F(x) F(x)
(4.12) ’
-~ (H((x - at)/J/A t;?;«x +a)/VA0) o
< 4lim sup H((x _F?Z(T;/\/XT) =0.
x—00 X

Furthermore, by the general conditions (2.2) and assumption (D1), for every

x>0;t>0,
p<x:tat><p< x+ at )
e )P\
and hence with Lemma 2 and (4.12) we get

lim sup/ g(x,t)dt = lim sup/ g(x,t)dt

X—>00 X—>00

< (i + 1)3/2 hmsup/ f(x,t)dt

/\TZ X— 00
B 3/2
=(—+1 .
(m i )
Letting T — oo we conclude that

hmsup/ g(x,t)dt < 1.

X—>00
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It remains to show that the converse inequality holds for the limes inferior.
We restrict ourselves to y = —oco (for y > —oo replace in what follows the
lower integration limit x? with 7'). Choose 6 > 0 arbitrary and let g be the
constant in (D3). By assumption (D3) and Lemma 2,

liminf [ g(x, ¢)dt > liminf / g(x, t)dt
x—o00 Jo x—>00  Jyq

(B + A2)32

(A£2)372 dt

>(1- S)Iiminf/OQ f(x,2)

> (1-8)liminf [ f(x,0)dt

=1-6.

Since 6 > 0 was arbitrary the statement follows. O
We are now ready to prove Theorem 3.

PROOF OF THEOREM 3. The proof is an application of Theorem 2. Choose

w56 A e
and
(4.14) h(x) = F(x), x > 0.

One can readily see that k is nonnegative, & is nonnegative, locally bounded
and of bounded increase since it is nonincreasing. Note that for every z €
(—OO, OO),

E(z) = Oot‘zk(tt) dt
_ Owt_z%p(%‘) dt+/°m(—t)-2%p(t;;>dt
= E(|a + \/Xe|‘2).

Let (a, b) be the maximal open interval such that
k(z) < 00 for z € (a, b).

Note that @ = —T = —inf{u > 0|k, ,(u) = oo} < 0 and b = 1 because of
Proposition 2 and the fact that for z > 0,

/100 th@dt < /f%(;a(%) +p<t+7)\“>> dt < o

1 k t 1
/ 2 FD 44 < const/ 2 dt = { <00, z<1,
0 t 0

=00, z>1.

and
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Furthermore, by the dominated and monotone convergence theorem, respec-
tively,

im & — 1 ~(a+d)
1§I€k(a+a)_1;13E(1{|a+m51}|a+ﬁg| a+9))
lim E(1 Lg| (@0
+ 1M B (Lo ynoponyle + v Ae]47)

= E(Ljasvisepla+ Vrel") + (Lo yioeyla+ Vael")
= ho\(T) =00

and

¥ 00 1 t—«a t+a
lim 2(b — 8) = lim t—<1—5>—( <—>+ ( ))dt
510 ( ) 510 /0 N P N\ P VA
1 1
> constlim [ ¢ % d¢ = constlim = = oo.
510 Jo 5,0 0
Finally, by Lemma 3, we have

_Jo k(x/t)F()dt/t e B
3}320 F(x) _xlggo/o glx,ydt =1

and hence condition (4.5) is fulfilled with ¢ = 1. Therefore all assumptions of
Theorem 2 are satisfied and we conclude (setting k = —p)

(4.15) F(x) ~ x~*l(x), x — 00,
where [ is some slowly varying function and « is determined by the equation
(4.16) E(la+vAe]) =1 for some k € (-1, T).

Since the tail of the stationary distribution function is decreasing, the solution
k in (4.16) has to be strictly positive and hence by Theorem 2 there exists a
solution « € (0, T') in (4.16) which is unique because of Lemma 2. Finally, with
the proceeding described in the introduction of Section 4 it follows that the
slowly varying function [ is the constant ¢ given in Theorem 3.

REMARK 6. The approach proposed in this paper for evaluating the tail
of the stationary distribution of (X, ),y is quite lengthy and technical and
requires the unpleasant conditions (D2) and (D3). Unfortunately, as already
mentioned in the introduction of Section 4, there does not exist any obvious
simpler derivation for general ¢. However, in the case £ ~ N(0, 1), the result
in Theorem 3 can be obtained much more easily using the special structure of
the characteristic function of the normal distribution.

Recall that the random variable X which has the stationary distribution
function is characterized by the fixpoint equation

(4.17) XiaX+\/B+)\X23.
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Now note that for every ¢ € R,
E(eX) = E(eitaXE<eitWa|X)>
(4.18) = e PUIZE (el X—AXE2)
_ E(eitﬁNl)E(eit(aX+ﬁXN2))

where N; and N, are independent standard normal random variables, inde-
pendent of X. From (4.18) we obtain the fixpoint equation

X2 /BN, + (a+VAN,)X.

Hence X is limit variable of the ergodic process ()? 2 nen given by the stochastic
difference equation

(4.19) X, =vBNy,+(a+vAN, )X, 1,

where (N1 ,, Ny ,)ncn is an ii.d. sequence of random variables with the same

distribution as (N, N,). The stationary distribution of the process (X' 2 )neN
follows from Goldie [(1991), Theorem 4.1]; see also Embrechts, Kliippelberg
and Mikosch [(1997), Section 8.4].

Acknowledgement. We take pleasure in thanking Charles Goldie for
many discussions, helpful comments and his hospitality in Brighton. We are
also grateful to Thomas Mikosch for useful comments and Hans-Jiirgen Schuh
for making us aware of one of Tweedie’s papers. Finally, we would like to
thank an unknown referee whose insightful comments led to a substantial
improvement of the paper.

REFERENCES

ALSMEYER, G. (2000). On the Harris recurrence of iterated random Lipschitz functions and related
convergence rate results. Preprint, Inst. Mathematische Statistik, Univ. Miinster.

ASMUSSEN, S. (1987). Applied Probability and Queues. Wiley, Chichester.

BILLINGSLEY, P. (1995). Probability and Measure. Wiley, New York.

BiNnGHAM, N. H., GOLDIE, C. M. and TEUGELS, J. L. (1987). Regular Variation. Cambridge Univ.
Press.

BoOLLERSLEV, T. (1986). Generalized autoregressive conditional heteroscedasticity. J. Econometrics
31 307-327.

BoLLERSLEV, T., CHOU, R. Y. and KRONER, K. F. (1992). ARCH modelling in finance: a review of
the theory and empirical evidence. J. Econometrics 52 5-59.

BoRKOVEC, M. (2000). Extremal behavior of the autoregressive process with ARCH(1) errors.
Stochastic Process Appl. 85 189-207.

BORKOVEC, M. (2001). Asymptotic behavior of the sample autocovariance and autocorrelation
function of an AR(1) process with ARCH(1) errors. Available at www.ma.tum.de/stat/.

DE HaaN, L., RESNICK, S. I., RoOTZEN, H. and DE VRIES G. G. (1989). Extremal behavior of
solutions to a stochastic difference equation with applications to ARCH processes.
Stochastic Process. Appl. 32 213-224.

DIEBOLT, J. and GUEGAN, D. (1990). Probabilistic properties of the general nonlinear Markovian
process of order one and applications to time series modelling. Technical Report, 125,
L.S.TA., Paris 6.



TAIL OF AR(1)-PROCESS WITH ARCH(1) ERRORS 1241

EMBRECHTS, P., KLUPPELBERG, C. and MIKOSCH, T. (1997). Modelling Extremal Events for Insur-
ance and Finance. Springer, Berlin.

ENGLE, R. F. (1982). Autoregressive conditional heteroscedasticity with estimates of the variance
of UK. inflation. Econometrica 50 987-1007.

Fama, E. F. (1965). The behavior of stock market prices. J. Business 38 34-105.

FEIGIN, P. D. and TWEEDIE, R. L. (1985). Random coefficient autoregressive processes: a Markov
chain analysis of stationarity and finiteness of moments. J. Time Ser. Anal. 6 1-14.

GOLDIE, C. M. (1991). Implicit renewal theory and tails of solutions of random equations. Ann.
Appl. Probab. 1 126-166.

KEeSTEN, H. (1973). Random difference equations and renewal theory for products of random
matrices. Acta Math. 131 207-248.

KIEFERSBECK, N. (1999). Stationaritidt und Tailindex von zeitdiskreten Volatilitatsmodellen.
Diploma thesis. Available at www-m4.mathematik.tu-muenchen.de/m4/Diplarb/.

MAERCKER, G. (1997). Statistical inference in conditional heteroskedastic autoregressive models.
Dissertation, Univ. Braunschweig.

MANDELBROT, B. (1963). The variation of certain speculative prices. J. Business 36 394—419.

MEYN, S. P. and TWEEDIE, R. L. (1993). Markov Chains and Stochastic Stability. Springer, London.

PRIESTLEY, M. B. (1988). Nonlinear and Nonstationary Time Series. Academic Press, New York.

TAYLOR, S. (1995). Modelling Financial Time Series. Wiley, Chichester.

ToONG, H. (1990). Nonlinear Time Series: A Dynamical System Approach. Oxford Univ. Press.

TWEEDIE, R. L. (1976). Criteria for classifying general Markov chains. Adv. Appl. Probab. 8
737-771.

TWEEDIE, R. L. (1983a). Criteria for rates of convergence of Markov chains, with application to
queueing and storage theory. In Probability, Statistics and Analysis (J. F. C. Kingman
and G. E. H. Reuter, eds.). Cambridge Univ. Press.

TWwEEDIE, R. L. (1983b). The existence of moments for stationary Markov chains. J. Appl. Proba-
bab. 20 191-196.

VERVAAT, W. (1979). On a stochastic difference equation and a representation of nonnegative
infinitely divisible random variables. Adv. Appl. Probab. 11 750-783.

WEISS, A. A. (1984). ARMA models with ARCH errors. J. Time Ser. Anal. 3 129-143.

CENTER OF MATHEMATICAL SCIENCES
MunicH UNIVERSITY OF TECHNOLOGY
D-80290 MUNICH

GERMANY

E-MAIL: cklu@ma.tum.de



