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ON THE QUASI-LIKELIHOOD ESTIMATION FOR RANDOM
COEFFICIENT AUTOREGRESSIONS

L. TRUQUET AND J. YAO

ABSTRACT. We examine the Gaussian Quasi-Maximum Likelihood Estimator (QMLE) for
random coefficient autoregressions. Consistency and asymptotic normality are established
for general random coefficients and general correlation structure between these coefficients
and the noise. In particular, the obtained results apply even if the stationary solution has
infinite absolute mean or infinite variance. Next an application to integer-valued times series
modeling is given which provides a novel alternative for traditional INAR-like models for

these series.

1. INTRODUCTION

Random coefficient autoregressions (RCAR) appear in multiple applications such as econo-
metrics, telecommunication or dynamic population models as well as in fundamental mathe-

matics, see [14] for a review. A real or integer-valued p-th order RCAR takes the form
(1) Xe=AXs 1+ + A, X+ &, tEZ,

where the sequence

(2) O = (Ara,.. . Aip &), te,

of AR-~coefficients and the noise is i.i.d. with possible correlations between the (p + 1) com-
ponents.

The RCAR models, also called random difference equations, have been studied by several
authors ([12, 21, 23] and [18]). Most of their theoretic properties are well known, including
conditions for the existence and the uniqueness of a stationary solution, or for the existence
of moments for the stationary distribution.

In this paper, we address the parameter estimation problem for the stationary RCAR

model (1). A semi-parametric estimation procedure for a real-valued RCAR model (1) has
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been investigated by Basawa & Hwang [5]. More precisely, these authors investigated a
Conditional Least Squares (CLS) as well as a Weighted Least Squares (WLS) estimator of
the parameters 6 = (E®g, V@) using a three-step procedure.

It turns out that this three-step procedure as well as the conditional least squares can be
avoided by using a Quasi-Maximum Likelihood Estimator (QMLE) as proposed in Aue & al.
[4]. As it is well-known, when ®( is Gaussian, the QMLE coincides with the (conditional)
MLE and is then asymptotically more efficient than the least squares procedure studied in
[5]. Aue & al. proved the consistency and the asymptotic normality of the QMLE for model
(1) when p = 1 and the two components of &y = (Ao, o) are uncorrelated. In this paper
we extend their result to the general stationary RCAR process, i.e with an arbitrary order p
and possible correlations between the p + 1 components of ®y. This extension requires some
technical care due to a more complex structure of the conditional variance in the general
framework. As in [4], we show that the QMLE is asymptotically normal provided the fourth
moment of the vector @ is finite. The latter condition does not impose any moment condition
on the marginal X (see the remark after Theorem 2). The same kind of results holds for the
well-known GARCH processes (see Mikosch & Straumann [26] where the QMLE estimator is
studied for several ARCH models).

Let us also mention two recent works about the convergence of the QMLE for the non-
stationary RCAR process when p = 1 and the components of & are uncorrelated. Berkes &
al. [7] examines the asymptotic properties of the QMLE when the RCAR process is assumed
to be non-stationary. In the same context, Aue & Horvéatz [3] proves that the QMLE can be
employed regardless whether the underlying process is stationary or not.

The paper is organized as follows. In Section 2, we recall some well known facts about the
stationarity and moments of a general real-valued process (1). We also discuss some specific
constraints for its integer-valued version. In Section 3, we state asymptotic results for the
QMLE of parameter 6. In Section 4, we propose RCAR model as a novel alternative to the

analysis of integer-valued times series. All proofs are postponed to the last section of the

paper.
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2. PRELIMINARIES ON RCAR MODELS

We first recall several useful properties of the RCAR model (1). Let (B;) be the sequence

of companion matrices (of size p X p)

Apg Ago o Arp—1 Ay
Bt = )
Iy 0

and || B|| be an operator norm on M, (the set of real matrices of size p x p) associated to an

arbitrary vector norm ||y|| on RP. Define the
(3)  (HO): v<0,  Elog"[|Bi]| <o, Elog"|&1] < o0,
where + is the top-Lyapounov exponent of the sequence (B;) defined by
1
=inf ~Elog||B;---B1] .
v = inf ~Elog||Be--- Bi

Here for a real number a, a+ = max(a,0). It is well-known, see e.g. [13] that under (HO),
the RCAR equation (1) has a stationary solution given as the first coordinate of the following

almost surely converging series
o0

(4) Zy = (gtv Oa B 0)/ + Z B;--- Bt—k-‘rl(gt—k‘a Oa BRI 0), .
k=1

Throughout the paper, A’ denotes the transpose of a matrix A. The condition v < 0 is also
necessary for an non-anticipative stationary solution as established in [12].
Furthermore, we know conditions for the existence of the moments for the stationary solu-

tion. Define for any positive s > 0, the generalised moment function

1
t

(5)  k(s) = inf BBy Bl

Then it is known, see for instance [19], that

e there is an interval [0, o), possibly [0, 00), on which the function & is well defined (note
that £(0) = 1 by definition);

e the function log k(s) is strictly convex on [0,0) and its derivative from right at zero
equals .

o if for some s > 0, k(s) < 1 and E|£;|® < oo, then the stationary solution (Z;) has a

moment of order s, i.e. E||Z;||® < oo (a fortiori E|X¢|* < 00).

Note that for positive s ~ 0, logk(s) ~ vs. Therefore under (HO), v < 0, we have
log k(s) < 0 for some small s > 0. Hence E|X;|® < oo once E|{;|* < oo for small s > 0.
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As for the auto-correlation function p(k) = corr(X¢, Xy1%) (assuming the RCAR process
X has a second moment), it is easy to see that the p(k) satisfies the following Yule-Walker
equation: for k € Z,

p(k+p+1)=apk+p)+--+app(k+1),

with (a1,...,ap) =E(Ao,1,...,A0p). In other words, X is an AR(p) process in weak sense.

Let us develop the simplest special case where p = 1. The model (1) takes a simpler form
Xe=A Xy 1 +&, tel.

The top-Lyapounov exponent simply equals v = Elog|A;|. Under (HO), the stationary

solution becomes
o0
Xy =68+ Z Ap- e A& -
k=1

If EA? < 1 and E£? < oo, X thus has a finite variance. Moreover, it is a weak AR(1) process;

in particular its auto-correlation function equals p(k) = a* for k > 0 where a = EA,.

3. PARAMETER ESTIMATION

For the estimation problem of the RCAR model (1), let us first rewrite the model in the

form
(6) Xe=Ai1Xe 1+ +ApXe p+ &4 =0V, tez,

where Y, = (X¢—1,..., Xi—p, 1)". The aim is then to estimate the distribution ¢ of the vector
®( of regression coeflicients.

As stated in Introduction, we follow a semi-parametric approach as in Basawa & Hwang
[5]. More precisely, no specific form will be assumed on the distribution ¢, and we are only

interested in estimating the parameters

(7) (m(q)7 U(Q)) ) m(Q) = qu)o, U(Q) = qu)Oa

i.e. the mean and variance parameters of the stochastic coefficients and the noise. Here and
in the sequel, P, (resp. E; and V,) stand for the probability measure of the process (X;)
(resp. expectation and variance operator) when the probability measure of @ is g.

Let F; = 0 (X;—;]j € N) be the o-algebra (or information set) generated by the variables
up to time t. We have

(8) my(q) = Eq (Xo| Fi1) = Yim(q), Vi(q) = Vg (X¢|Fi1) = Yv(q)Ys
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To simplify the notations, we set £ = p+ 1. Moreover we denote by Sy the set of real valued
symmetric semi-definite positive matrices of size £.

In order to state asymptotic results for the QMLE, we define more precisely the parameter
space O for the mean vector and variance matrix (m(q), v(q)) of distribution ¢. To this end we
consider the Cholesky decomposition of a positive semi-definite matrix. If ¢ is the probability

distribution of ®q, then we can write

P 0 D 0 P w
o ww-(D ) (g ) (0 )

where w € RP, ¢ € Ry, P is a p X p unit lower-triangular matrix and D is a p X p non-negative
diagonal matrix. Note that PDP’ is a Cholesky decomposition of V,(Ag1,...,App). Of
course if V (Ag1,...,Aop) is non-degenerate, decomposition (9) is unique. Otherwise, it is
well-known (see [28] for quadratic ARCH models) that the decomposition (9) remains unique if
we set to zero the elements of w’ and the sub-diagonal elements of P in columns corresponding

to the zero diagonal elements of D. Note that from (9), the conditional variance becomes
(10)  Yyu(q)Yo=c+ (X_1+wv1,...,X_p+vy) PDP' (X_1 +v1,..., X p+1vp),

with v = (P')"!w. The condition ¢ > 0 ensures that the conditional variance has a positive
lower bound, which is a crucial regularity condition for the application of the QMLE. In
this context the random coefficients Ag 1, ..., Ag, can be constant or more generally linearly

dependent. Note also that we have from (10),

z€RP 1

inf (2/,1)v(q) ( v ) =c= dg,

where d, denotes the L2—distance between & and the vector subspace generated by the
random coefficients Ao 1,...,Ag, and the constant 1. Then if ¢ > 0, { does not write as
a linear combination of the random coefficients and the constant 1, in particular & is non-
degenerate. The strong consistency of the QMLE will be proved in this general setting.

Let w, d,r, s be real numbers such that w,r, s > 0 and 6 > 0. Then we define the following
compact subset K of R% with d = @:
(1) K = [—r o]’ x [=s,5]"2" x [, 5] x [5,5].

Now we define an application f: K — R¢ as follows. For an element k € K with

k= (ml,...,mg,PgJ,...,Pp,l,ng,...,Pp’Q,...,Pp,l,p,wl,...7wp,d1,...,dp,c)7
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let f(k) the vector of R? defined by

(12)  f(k)=(m1,....mg, My, ..., Mg1,Mao,...,Myp,...,Mpy),
with

( min(i,j)

Z dpP; p Py, if 1 < j <i <p,(setting Ppp = 1),
M; ;= Z inwp +w;, if 1 <j<pandi=~¢,

P
c—i—Zw%dh, iti=j5=>~¢.
\ h=1
Observe that for a given k € K, the coefficients M; ; of f(k) are the lower diagonal elements

of the positive semi-definite matrix v(g) in (9).

Finally, we define the parametric space © as follows:

(H1): © = f(K) where K = K(r,s,w,0) is a compact subset of R? the form (11) and f is
defined by (12).

Since f is a continuous function, © is a compact subset of R%. Moreover © can be trivially
identified to a compact subset of R¢ x Sy, containing the mean vector and covariance matrix
(m(q),v(q)) of the distribution ¢ of the noise ®. Then we will denote m(0) (resp. V;(6))
instead of m¢(q) (resp. Vi(¢)) in (8). If w > 0 in the definition of ©, the uniqueness of the
Cholesky decomposition (10) implies that f is one to one and we can identify © and K. If
now w = 0, f is no more one to one and the parameter k is not identifiable. This is why we
consider the parameter § = f(k) instead of k. The rule of parameter k is to give a suitable

parametrization of a compact subset of covariance matrices.

We are now ready to define the Gaussian quasi-likelihood. Suppose we observe {X;},
—p+1 <t <n where ®; has an unknown distribution gg. The Gaussian quasi-likelihood of
1,...,Xp) 1s defined, conditionally on tr, —p+1<t<0, as
X X,,) is defined ditionall X 1 0

< -1 X; — Y/m(q))?
i = oo (L)

This is of course the exact (conditional) likelihood when the noise (®;) is Gaussian.

The QMLE equals

(13) én =argmax L,(X1,...,Xp; 0) =argmin Q,(0),
0cO 0cO



QMLE FOR RANDOM COEFFICIENT AR 7

where
1 n
Qn(0) =~ > _au();
t=1
X, — Y/m(q))?
qt(e) — ( tylv(tq)}/(,tq)) + ln }/tlv(q)y;t’ t Z 1
t
Let

/ 2
Q) =E, <(X°1%U’g;§éq” o (Yav(qw) .

Assumption (H1) ensures the existence of a uniform positive lower bound for the con-
ditional variance which will be useful to study the strong consistency of the QMLE. More

precisely, we have from (10)
14 inf > 8.
(14) 912@1/}(0) >0, a.s

In order to study the asymptotic normality of the QMLE, it is necessary to assume that the
true value 6 lies in the interior of ©. In this case, v(qy) is positive definite and we can give
a more precise lower bound for the conditional variance if we assume the coordinates of ®g
linearly independent for all § € ©. The following lemma will be useful to prove the asymptotic
normality under minimal moment conditions. From now on, we use the Euclidean norm for

vectors or matrices.

Lemma 1. If (H1) is satisfied with w > 0, then there exists a positive number h such that

inf V,(0) > h||Y:||%. a.s.
911616%()_ 1Y%, a.s

3.1. Consistency of the QMLE 0,. The following hypotheses will also be required. In the
sequel, any a.s. convergence refers to the actual distribution Pg, of the process (X3).
(H2):  Under Py, the top-Lyapounov exponent 7 of the sequence (B;) is negative.
Moreover, Ey, [|®o]|? < oco.

(H3): For any matrix M and any vector m, we have
(MY, Y/MY;) =0as = (m,M)=0.

Note that (H2) does not imply that E,,|Xo|? < 0o. Actually, we know only that for some
small s > 0, E4 | Xo|* < oo. On the other hand, Condition (H3) will ensure the identifiability
of the parameter 3. We will give below a condition on the distribution of ®q that implies
(H3).
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Theorem 1. Under Assumptions (H1) to (H3), the QMLE 0, is strongly consistent:

lim 8, = 0y a.s.
n—oo

3.2. Asymptotic normality of the QMLE 0,. In the following, if f is a real function
defined on O, Vf denotes its gradient and V2 f its Hessian matrix.

For asymptotic normality, we need the following assumptions:
(H4): Eqg, [|@o||* < o0 ;
(H5): The actual value 6y of # is an interior point of ©.

Theorem 2. Under Assumptions (H1)- (H5), with w > 0 in the definition of ©, the QMLE

0,, is asymptotically normal: as n — oo,
V0, — 600) = N(0, Fy *GoFyY) im distribution,
where
Fy = EqV7q(60)
= Eq [{V5 2VV0(VV0)'}(60)] + 2Eq, [{Vg ' Vimo(Vmo)'}(60)] ,
and with ZO = {X() - mo(eo)}/‘/o(e()),
Go = Vg{Vao(bo)}
= Eo{Z(VVoVVE)(00)}
—Eqo [{V5VOVVG}H00)] + 4Eg, [{V5™ VimoVmp} (60)]
+Eq [ZS’{VVOme) + VmOVVb'}(HO)] .
Remark. It is worth noticing that the QMLE is asymptotically normal without assuming
any particular moment condition for the stationary distribution of (X;). As it was already
mentioned the condition 7 < 0 in Assumption (H2) ensures the existence of a number s > 0
such that Eg | Xo|® < co. But s can be arbitrary small even if Assumption (H4) holds. For

example when p = 1, Ay and &y are independent Gaussian random variables with mean 0 and

respective variance 0% and 1, the condition for stationarity v < 0 becomes
o < o0g, o ~ 2.742.

But it is easy to show that

25/2 s+1
EnlXol* 2 021 (25 By 0P
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where I' denotes the usual Gamma function. Then we deduce that Eq | X|® = co provided

s/2
(15) as2fr (S‘51> > 1
s

For example if 0 > /7 /2 ~ 1.25, E|Xo| = 0o and when o > 1.48, Ey/| X¢| = co. Nevertheless,
Theorems 1 and 2 still apply to these cases.

In the case where p = 1 and ®( has uncorrelated components, Theorem 1 and 2 have been
obtained in [4] under similar conditions. In [5], the conditional least squares are first applied
to X for the estimation of the mean of ®y and next to X?2 for the estimation of its variance;
a WLS estimation is also investigated to improve the efficiency. This three-step procedure
requires the existence of the fourth moment of X and is therefore restrictive. Moreover when
dj is Gaussian, the QMLE coincide with the conditional maximum likelihood estimator and

is thus asymptotically efficient.

In [3], the authors study the RCAR process with p = 1 and Ap; independent of &.
They show that the QMLE can be employed regardless whether the underlying process is
stationary or not. In fact if the process is non-stationary, the variance of £ cannot be
estimated consistently (see [7]), whereas the QMLE of the mean/variance of Ag; is shown to
be always consistent and asymptotically normal. Our result for the general RCAR process
with possible correlations between the components of &g do not apply in the non-stationary
case (i.e when the top-Lyapunov exponent is non-negative). However the results given in [7]
and [3] are stated only for the case p =1 and when Ao ; and & are uncorrelated and further
investigation is needed to study the general case considered in this paper. This difficult

problem is beyond the scope of this paper.

3.3. A sufficient condition for (H3). In this section, we study the problem of parameter
identification. We first give a sufficient condition on the distribution of ®q in order to satisfy
(H3).

(ID) For all real numbers ay,...,ap, o, with a; #0 for j=1,...,p

p
]P)QO Za]‘AOJ‘ + & € {a,ﬂ} < 1.

J=1

The implications (ID) = (H3) is an easy consequence of the following lemma.
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Lemma 2. Suppose that (ID) holds. Let {a;;,bj,c/i,j € {1,...,p}} be a family of real

numbers satisfying a; j = aj; and such that:

p p
Z @i j Xp—iXe—j + Z bjXi—j+c=0 as.
1,7=1 j=1

Thean',je{l,...,p}, am':bj:C:O.

Remarks.

(1)

Assumption (ID1) is satisfied when the coordinates of ®; are independent and when
&o and at least one of the coefficients Ag 1, ..., Agp are non degenerate. Indeed if (ID)
is not satisfied, set U = 3°¥_; a; A ; with a; # 0, and

Pgo (U +&o € {a, 8}) = 1.

We have Vy, (U) = 3>7F_, Q?qu (Ap;) > 0 and U is non-degenerate. Now

1= P, (U+& € {a,8}) = /pqo (u+ & € {a, BY) Pu(du),

then P (u+ & € {a,3}) = 1 for Py—almost all u. Then &y has a two points distri-
bution with support {a — u, 3 — u} for at least two different values of u (since U is
non-degenerate). Since £y is non degenerate, this is not possible and we conclude that
(ID) is always satisfied.

When p = 1, ®y uncorrelated and &, centered, assumption (ID) is also used by Aue
et al. [4] in order to prove the asymptotic normality of the QMLE, as well as the

condition
P(Ao’lgo = 0) < 1.

In order to prove the strong consistency of the QMLE, Aue et al. [4] used only
the condition (16). We found that condition (ID) is sufficient for the proof of both
consistency and asymptotic normality. Note that none of these assumptions imply the
other. For example when Ag; has a Bernoulli distribution and & = (1 — Ag1)& (see
model (19)), where E is independent of A ; and whose support is not concentrated in
one or two points, (ID) is satisfied but (16) is not. On the other hand, if Ap; and §
are two independent Bernoulli random variables and §y = (1 — Ag) + 4, (16) is satisfied
but (ID) not.

One can mention that if the random variables A and £y are correlated, condition

(16) is no more sufficient for the identification of the parameter y. Let us consider the
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case p = 1 and give an example of model (1) such that Assumption (16) is satisfied and
the parameters are not identifiable. Assume that the observed process X is defined

by

X = A X1+ &

Ay
Gll-1] 0|1
1) 0 [1/3] o
o o] o [1/3
113 01 0

Note that the support of the stationary distribution is {—1,2}. More, Ay, § and
1 are linearly independent. We have P (Ao & =0) = 2 < 1 and Eg, (X;/F—1) = 0.
Moreover
2

2 2
Vo (X¢|Fie1) = §X1:2—1 — §Xt*1 + 3 —_9

Now for a real number £ satisfying —4/9 < § < 0, we denote o« = —23 and v = 2+4p.

In this case there exists a random vector ®¢ with mean 0 and covariance matrix given

a j
b . More,
y<67> ore

aXP +28Xi 1 +y=2=V, (Xi/Fi1) as,

and if § # —1/3, parameters are different.

4. APPLICATION TO INTEGER-VALUED TIME SERIES

Finding accurate models for integer-valued time series has been an important goal for
statisticians since a long time. Among firstly proposed models are the class of integer-valued
auto-regressions (INAR) introduced in [1, 2, 25]. A general INAR(p) model ([15]) is defined
as solution of

P
(17) X = Z a; 0 Xy +&, teZ,
i=1
where a; € (0,1) satisfying Y 7 ; a; < 1 and ao X denotes the thinning operator of Steutel and
Van Harn [29]. Recall that each of the thinning operations a; o X;_; uses a series of Bernoulli-

valued counting variables assumed independent from each other among different indexes ¢ and
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time epochs t, as well as from the noise £ = (§). Concerning the auto-correlation structure,

INAR(p) models are examples of AR processes in the weak sense, i.e

P
(18) Xi=> aiXii+m, teL

i=1
where 7 is an uncorrelated process. Then INAR processes have the same auto-correlation
structure as AR processes. INAR processes have possible extensions if we consider other
probability distributions for the thinning operator ajo (for example a Poisson distribution
instead of a Bernoulli distribution). Such extensions called generalized integer-valued autore-
gressive processes (GINAR) are considered by Latour [22].

Despite these nice properties, INAR or GINAR models have several limitations. For exam-
ple they can be used to model positive time series only. However, negative-valued times series
occur frequently, for example when one uses Box-Jenkins differences when the original series
of counts display trend or seasonal effects. Moreover, due to the positivity of the regression
coefficients (a;) in (18), the auto-correlations of a GINAR process are always positive. Thus,
time series with negative correlations cannot be treated by these models. Another drawback
relates to the stationary distribution of the process. As shown in [29], the stationary distri-
bution of an INAR(1) process is infinitely divisible; hence distributions such as binomial or
categorical observations are excluded.

Recent attempts have been made to overcome these drawbacks. In Kachour and Yao
[24], the authors propose to replace the thinning operation a o X by (aX), that is the usual
multiplication followed by a rounding step. Their model, named Rounded INAR model
(RINAR), is applicable to negative-valued time series as well as to series having some negative
auto-correlation coefficients. However, due to the discontinuity of the rounding operator, the
CLS estimator proposed by these authors has no regular behaviour. For example, no CLT for
the estimator is obtained yet. On the another hand and in order to weaken the constraining
requirement for the stationary distribution to be infinitely divisible, Biswas and Song [11]
proposed an alternative model using random coefficients. It will be seen below that their
model can be viewed as a particular instance of what we present in this paper.

Here we propose to use the RCAR models as a novel alternative to the traditional INAR/GINAR
models for integer-valued time series. To be specific, we consider the general RCAR model

(1) but with integer-valued random coefficients and noise, i.e. the random vectors

O = (Ap1,. - Avp, &), tEL,
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are assumed to take their values in Z for all ¢.
In this case, the condition v < 0 in (3) holds if P(Ag1 =0,...,A4g, = 0) > 0. Indeed, it is
easy to verify that P(B,---B; =0) > 0 and then E (log || B, ... B1||) = —oo which implies
v = —00.

All the properties presented in Sections 2 and 3 for both the model and the QMLE esti-
mator apply equally here. To summarize, the RCAR model (1) with integer-valued random

coefficients and noise has the following properties

e the model can take negative values as well as positive values ;

e it has the same auto-correlation structure than a standard AR(p) model ;

e the stationary solution is not necessarily infinitely divisible;

e under appropriate moment and identifiability conditions, the associated QMLE esti-

mator is strongly consistent and asymptotically normal.

Therefore, this integer-valued RCAR model has overcome the indicated drawbacks of the
INAR/GINAR model, as well as some difficulties of the RINAR model of [24].

4.1. Comparison with a model proposed by Biswas and Song [11]. The integer-

valued AR process proposed in [11] can be presented as follows. Let (J;) be a sequence of

independent and identically distributed random variables with P (dp = i) = a; fori=1,...,p
P P

and P(0p=4¢) =1 — Zai, where a; € (0,1), Zai < 1land ¢ =p+ 1. Then a weak AR

i=1 i=1
specification discussed in [11] is

P
(19) Xi=> 1y—Xii+1ls—¢ &, tEZ,
i=1
where the sequence f is i.i.d and independent of the sequence §. Note that this process is a

particular instance of the general RCAR(p) model (1), with
(bt = (1515:1’ ceey 15t:p) 1(5z:€ : ét)v te Z.

In particular, the components of ®; are strongly correlated. Furthermore by construction, the
stationary distribution of (19) can have an arbitrary form, since this distribution is exactly
that of the noise &. As for a general RCAR process, the model (19) has the same auto-
correlation function than an AR(p) process with autoregression coefficients a; = Eq A =
P(6; =1i),i=1,...,p. Since these coefficients are all positive, the underlying auto-correlation
function is less general than for a general AR(p) process or the RCAR processes considered

in this paper. In Section 3, we have studied the parametric estimation of RCAR processes in
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TABLE 1. Parameters estimates of three fits of a RCAR(1) model for the whole

series, its first and second halves respectively.

/ /

a a v v
whole series (1:120) 0.44 1.82 0.12 3.59
first half (1:60) 0.48 1.49 0.06 2.81

second half (61:120) 0.43 2.21 0.11 4.57

a very general setting. Note that the model (19) satisfies the assumptions (H1), (H4) and

(ID) when the support of Eo contains at least three distinct values.

4.2. An application to real data. The time series in Figure 1 represents the number of
cases of E. Coli (O157:H7) infections observed over a four weeks period starting from January
1990 to December 2000. In total we have 143 observed values ranging from 0 to a maximum
of 29 cases (December 1999)*.

A visual inspection reveals that the maximum value of 29 corresponds to an exceptional
event we might not be able to analyze correctly. Therefor we restrict our attention to the first
120 observations. A first attempt was made to fit a RCAR model for the whole time series.
Despite the fact that the series has a much bigger variance by the end of the period than at
the beginning, the sample ACF and PACF suggest that an AR(1) model is likely possible.
We then fit a RCAR(1) model X; = A, X1 + & where (A;) and (§;) are independent.

A closer look at the series also demonstrates that the second half of the series should have
a bigger volatility than the first one. To confirm this, we made two more fits for both halves.
The parameter estimates are displayed in Table 1.

Recall that the conditional variance of X; equals to vX? ; + v/. For the first half of the
series, the variance parameter estimate © = 0.06 of the random coeflicient is indeed non
significant: its standard deviation is estimated to be 0.08. Therefore, a deterministic integer-
valued AR(1) model is better suited to this half where the conditional variances could be a
constant (homoscedasticity). For the second half, we found ¢ = 0.11 which is significantly
non null indicating a possible heteroscedastic behaviour. This agrees with a higher volatility
observed in this half which is also confirmed by a bigger value of the variance parameter ¢’

of 4.57 against 2.81.

IThe authors would like to thank Pierre Boivin from the Health and Social Services (Direction of public
health, Department of infectious diseases), in Roberval (Québec) Canada, and Alain Latour from University

of Grenoble (France) who kindly provided the data set.
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FIGURE 1. Series of E. Coli infections - left panel, from January 1990 to
December 2000 with 143 data points, and its ACF and PACF - right panel.

5. PrROOFS
Proof of Lemma 1. If ¢ is the distribution of ®¢, then using (8), we have:
Vo (Xe| X1, 05 Xemp) = (@) V2]1%,

where a(gq) denotes the smallest eigenvalue of the matrix v(¢g). From the assumption (H1)

with w > 0, v(q) is positive definite and we have:
0 =g(q) € ©® = a(q) >0.

Let h = (iI)lf@ a(q). Since O is supposed to be compact, the subset of real matrices {v(q)/g(q) €
glg)e
©} is bounded. Moreover from the continuity of the determinant, (ir)lf o det (v(g)) > 0. Then
gla)e

h is positive number and Lemma 1 follows.[]

Proof of Lemma 2.

e We first prove that for all £ > 1, we have P (X;—1 #0,..., Xt #0) > 0. For k =1,
the result is obvious since if Xy = 0 a.s then £ = 0 a.s, which is excluded by the
assumption (H1). We use an induction argument. If Py, (X;—1 #0,..., X;—p #0) >
0 for an integer k > 1, then

p
Py (Xe1 #0,..., X1 #0) = / Pgo | D Avjaj +& #0 | Px— (dz),
xl,.A.,mk#O j=1 =

where X, | = (Xt_j)j>2. Then if Py, (X¢—1 #0,...,X4—k—1 #0) = 0, there exist
x1,...,Tp € RP such that Py, (Z?Zl Aoz + &0 # O> = 0. But this contradicts the

assumption (H1), which ensures that dy, > 0, where dg, is the L2 —distance between
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& and the vector subspace generated by the random coefficients Ag 1, ..., Ao, and
the constant 1.
We now prove Lemma 2. Suppose that the assumptions of Lemma 2 hold. For

convenience, we set a; ; = Ay ; = b; =0 for t € Z and ¢,5 > p. For k € N*, we denote

Gtk = Z i Xe—iXe—j + Z bjXi—j +c.
1,52k =k

We are going to show that:

gtk =0as=Vj>k by=a,;=0andgr1 =0 as.

Then the conclusion of Lemma 2 will follow from a finite induction on {1,...,p} and
the equality ¢; 0 = c.
Suppose that g, = 0 a.s. Then we have

ar kX, 5 (X7 ) Xeok +2 (X ) = 0 as,

where s (Xt__k) =2 ijkH ap,j X¢—j+by and z (Xt_—k) = q¢ k+1 .. Then conditioning

with respect to X, ., we have for PPy - k—almost all x:
t—

2
P P
ag k Z Agjzi+& | +s(x) Z Agjzi+& | +2(z) =0, as.,
j=1 j=1
and from the first point of the proof, we can suppose 1, ...,z, # 0. Then if a; 3, # 0,

there exists a, 8 such that

p
P ZAO’jxj + & € {Oé,ﬁ} =1,

Jj=1

which contradicts the assumption (ID). We conclude that ayj = 0 and

P
s (X, ) ZAO,th—j—k + &k | +2(X, ;) =0as.
j=1
In this case s (Xt__ k:) = (0 a.s, otherwise there exist x such that the random variable
Zﬁ-’:l Ap jrj + &—r is degenerate which contradicts dg, > 0. If s (Xtik) = 0 a.s,
we easily deduce ay; = by = 0 for j > k + 1. This easily follows by an induction
argument, since the conditional variance is always positive (see 14). We conclude that

gt k+1 = 0 a.s and the proof is complete.[]
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Proof of Theorem 1. The proof follows the proof of theorem 2.1 in Jeantheau [20] who
proved the consistency of the QMLE for general multivariate ARCH models (see theorem
2.1 of that paper). As in [20], we use the following Theorem which is a straightforward
generalisation of Theorem 1.12 in Pfanzagl (1969) for i.i.d data.

Theorem 3. Let (Y;)iez be a strictly stationary and ergodic process, 0 a parameter in © a

compact of R%, and for n € N*, let Q,, be a contrast function such that
1 n
Qn(6) = n;fm,...,n_p;e),

where f is a measurable function with real values and continuous in 0. Suppose that
(1) Einfgco f (Yb, e Y,p; 9) > —00.
(2) 0 —=Ef(Yy,...,Y_,;0) has a unique finite minimum at 6y.
Then, the minimum contrast estimator én associated to Qy, is thus strongly consistent: lim,,_, én =

0y a.s.

We apply Theorem 3 setting f (Xo, ..., X_p;0) = qo(#). Obviously f is continuous in 6.

e Using (14), we have infgeo f (Yp,...,Y_p;0) > Ind, assumption 1) of Theorem 3 holds
for the process X.

e We next prove that assumption 2) holds. Since ®; is independent of F;_1 for ¢t € Z,
we have using equation (1):

E, {(Xo - mo(60))? ftl} _ Vol6o) + (mo(6o) —mo(6))*
0(6o) Vo(6o)

Since the last expression is positive and In (V5(#)) > In (52), the following expression

can be deducted:

2
1) QW) =K, (WO)* e (%(9»).

Now we prove that Q(6p) = Eqo(fy) € R (from the first point we know that Q(6p) is
well defined and € RU {oo}. Let s > 0 such that E|Xy|® < oo (s exists by (H2)).
Since Vo(6p) is a polynomial of degree 2 in X_1,..., X_,,, obviously EVy(6p)*/? < oc.

Then we obtain:
2 s/2 2 s/2
(22)  E(nVo(6)) = ~Eln (Vo(6)*/?) < S ImEVp(60)*? < ox.

From (21) and (22) we conclude that Q(6p) < oo.
Now we prove that for § € ©, Q(0) > Q(0p) and the equality holds only when 6 = 6.



18 L. TRUQUET AND J. YAO

Since Q(fp) is finite, the difference Q(0) — Q(6p) is well defined for 6 € ©, and we get:

Vo (o) + (mo(6) — mo(6o))? Vo(bo)
Vo(0) o ( 10(0) ) - 1)

Q(0) — Qo) =E (
Since (z—Inz > 1, Vo > 0) and (z—Inz =1 z = 1) we derive Q(f) < Q(6) and:

Q(0) = Q(bo) = (mo(0),Vo(0)) = (mo(bo), Vo(bo)) a-s
As mo(0) = m(q)'Yp and Vp(0) = Yju(q)Yo, assumption (H3) implies that § = 6,
which proves that assumption 2) of Theorem 3 holds.

Then the consistency of the QMLE follows from Theorem 3. [J

Proof of Theorem 2. Let t € Z. In Section 3, ¢;(#) has been defined as:

(X: — me(0))?

“0 ="V

+ In Vi (0).

So the first and second derivatives are:

VVi(0) (X —my(0))? (Xt —my(0))Vimy(0)
23) Vel = ) ( TTW) )‘2 Vi(6)
B 1 ) (o (X —my(6))?
V2(0) = W{vvtw)vvt(e) (2Vt(9)—1)
(X — my(0))

+VV4(6) <1 - ) +2(Xy — my(0)) Vi (0) VV(8)'

Vi(0)
2V (0) Vi (0)Viny (8) — 2Vi(0)(X, — me(8))V2my(6)

+2 (X — my(0)) VVt(H)th(@)']

Lemmas 3 to 5 give important properties of Vg, () and V2¢(0). They are required to prove
Theorem 2

Lemma 3. For all § € O, the sequences {Vq;(0)}+ and {V?q,(0)}¢ are ergodic and stationary.

Proof of Lemma 3. From (23), one can see that for suitable measurable functions fj : R¢ — R?
and gg : RY — My, where My denotes the space of square matrices of size d, we have
Vai(0) = fo (X, .., Xi—p) and V2q(0) = g9 (X4, ..., Xi—p). Then the stationarity and the
ergodicity of these two sequences follows from the ergodicity and stationarity of X.[J

Recall that ||-|| is the Euclidean norm on R or the matrix norm associated with ||-||, as

required.
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Lemma 4. We have:

E | Vao(6o)|* < oo and Egug V2q0(0)]| < oc.
€

Proof of Lemma 4. Recall that if P is a polynomial of degree ¢ defined on RP, then there

exist non-negative constants dy, ..., d, such that:
p
IP(X_1,..., X )| <do+ ) dj|X 4|7, as.
j=1

Proof of the first assertion: E||Vqo(6o)||* < oo.
We have using (23):

(Xo — mo(6p))?
Vo(6o) ’

(24)  [[Vao(bo)ll < H(bo) + G(bo) x
where

H(6) = Volbo)% (IVVa(60)lIVo(Bo) + [ Vmo(bo)|*Vo(bo)) ,
_ IVV (o)l + Vo(bo)

G(6) Vo(6o)

Note that H(6y) and G(6y) are two bounded random variables. Indeed by Lemma 1, we have
Vi(6o) > hl|Yif?,

and the numerator of H () (resp G(6p)) is a polynomial of degree 4 (resp. 2)in Xy _1,..., X
and the boundedness of H(6p) and G(6p) follows easily from the remark stated at the begin-
ning of the proof.

Moreover, as Xq — mo(fy) = (®o — m(qo))’ Yo, we have
(Xo —mo(60))* < |[Yol|? x || @0 — m(qo)|?,

which leads to the bound

(Xo — mo(6o))” < [0 - m(QO)HZ.

(25) ) - h

Then by assumption (H4), the left hand side of the previous bound is a square integrable
random variable. Thus, as H(6p) and G(6y) are bounded, the first assertion follows from the
bound (24).
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Proof of the second assertion: Ey, supgeg HVQQO(Q)H < 00. The principle is the same than for
the proof of the first assertion. Using the expression (?7?), assumption H8) and the lower
bound given by Lemma 1, we can bound each term by a random variable not depending on

0 and of the form

Q(Yo)

P ([|®]]) x :

[[Yol|7
where P is a polynomial of degree less than 4, @ is a polynomial of degree ¢ < 4 in
Xi—1,...,Xi—p In this case, each random variable of the form ﬁ;{ﬁj’g is bounded and the

second assertion follows.[]

Lemma 5. The entries of the column vectors of the differential of the function 6 — (mg(6), Vo (6))

evaluated at Oy are linearly independent random variables.

Proof of Lemma 5. Suppose there exist constants Aq, ..., Ay such that
d d
Z Ai0imp(6p) =0 a.s or Z Xi0iVo(0g) =0 aus,
=1 =1

where 9; denotes the partial derivative with respect to the i—th coordinate of § € R%. Since

we have:
mo(0) = m(q)'Yo, and Vo(9) = Ygu(q)Yo,
assumption (H3) ensures that
d d
Z Ai0im(q) = 0 and Z Xi0iv(q) =0,
i=1 i=1

and then \; = ... = Ay = 0 which completes the proof.[]

Before giving the demonstration of Theorem 2, let us recall Theorem 4 from [26], which

will be used to derive a uniform law of large numbers.

Theorem 4. Let © be a compact set of R? and (vy)sez a stationary ergodic sequence of random
elements with values in the space of continuous functions C (@,Rk). Then the uniform strong

law of large numbers is implied by

Esup||vo(6) | < oc.
0cO
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We are now ready to prove Theorem 2.
Proof of Theorem 2. The technique for the proof of this theorem is very classical, we follow

the proof given in [26, Theorem 2.2.1, p. 19]. Since 6 € ©°, using a Taylor expansion, we get:
0= VQn(0n) = VQu(6o) + M, - (6, — 60)
where Mn is the matrix of the second order derivatives, that is :
My (i,5) = 03Qn(v), 1<i,j<d.
with [|6,, —vill < 00 — 00ll, i=1,...,d. Hence,
VnQn(00) = V/nMy, - (6r, — 00)

By Lemma 3, (V2g(6)))

SUPgeo Hquo(Q)H is integrable. Then, we can apply Theorem 4 and since O —noo o

ez 1S an ergodic stationary sequence. According to Lemma 4,

a.s, we conclude that Mn —nooo Fo = EV2qt(90) a.s. More, Fj is non-singular. Indeed using

(23), we have:
Fo =E (Vo(60) > {VV0(00) VVo(60)' + 2Vo(60) Vmo(Bo) Vimo(60)'}) ,

and using Lemma 5, it is easily shown that this matrix is positive-definite. More:
1 n
VnQn(0o) = NG Z Vg (fo) and E(Vgi(bo)/Fi—1) =0.
t=1

Since by Lemma 4, E||[Vqo(60)||* < oo, the sequence (Vg (6o)), is an ergodic stationary Fi-
martingale difference sequence of finite variance. Then by [10, Theorem 23.1, p. 206], we have:
VnQn (o) —n—oo N(0,Go) in distribution, with Gy = E (Vqo(60)Vqo(6p)’) . Consequently,

we get:
Vi(On = 00) —noo N(Fy 1GoFyb).

The expression of Gy follows from straightforward computations using the expression (?7).
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