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an unknown parameter 6g. The consistency and the asymptotic normality
of the maximum likelihood estimator of the parameter are proved. These
results are used to study change-point problem in the parameter 6y. From
the likelihood of the observations, two tests are proposed. Under the null
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applications to real data are also processed.
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1. Introduction

Time series of counts appear as natural for modeling count events. Some ex-
amples can be found in epidemiology (number of new infections), in finance
(number of transactions per minute), in industrial quality control (number of
defects), just to name a few. We refer the reader to Held et al. (2005) [23],
Brannés and Quoreshi (2010) [5], Lambert (1992) [30] among others, for more
details.

Real advances have been made in count time series modeling during the
last two decades. Let Y = (Y;)iez be an integer-valued time series; denote
Fi = o(Ys, s < t) the o-field generated by the whole past at time ¢ and
L(Y;/Fi—1) the conditional distribution of Y; given the past. A model is char-
acterized by the type of marginal distribution £(Y;/F:—1), and the dependence
structure between L£(Y;/F;—1) and the past. Models with various marginal dis-
tributions and dependence structures have been studied; see for instance Kedem
and Fokianos (2002) [26], Davis et al. (2005) [8], Ferland et al. (2006) [15], Davis
and Wu (2009) [10], Weif3 (2009) [35].

Fokianos et al. (2009) [19] considered the Poisson autoregression such that,
L(Y:/ Fi—1) is Poisson distributed with an intensity A; which is a function of
At—1 and Y;_;. Under linear autoregression, they proved both the consistency
and the asymptotic normality of the maximum likelihood estimator of the re-
gression parameter, by using a perturbation approach, which allows to use the
standard Markov ergodic setting. Fokianos and Tjgstheim (2012) [20] extended
the method to nonlinear Poisson autoregression with; A\, = f(A—1) + b(Yi—1)
for nonlinear measurable functions f and b. In the same vein, Neumann (2011)
[31] studied a much more general model where A\; = f(\;—1,Y;—1). He focused
on the absolute regularity and the specification test for the intensity function,
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while the recent works of Fokianos and Neumann (2013) [18] studied goodness-
of-fit tests which are able to detect local alternatives. Doukhan et al. (2012)
[13], considered a more general model with infinitely many lags. Stationarity
and the existence of moments are proved by using a weak dependent approach
and contraction properties.

Later, Davis and Liu (2012) [9] studied the model where, the distribution
L(Y;/Fi—1) belongs to a class of one-parameter exponential family with finite
order dependence. This class contains Poisson and negative binomial (with fixed
number of failures) distribution. From the theory of iterated random functions,
they established the stationarity and the absolute regularity properties of the
process. They also proved the consistency and asymptotic normality of the max-
imum likelihood estimator of the parameter of the model.

Douc et al. (2013) [11] considered a class of observation-driven time series
which covers linear, log-linear, and threshold Poisson autoregressions. Their ap-
proach is based on a recent theory for Markov chains based upon Hairer and
Mattingly (2006) [22] recent work; this allows existence and uniqueness of the
invariant distribution for Markov chains without irreducibility. Further, they
proved the consistency of the conditional likelihood estimator of the model (even
for mis-specified models); the asymptotic normality is not yet considered in this
setting.

Asymptotic theory for inference on time series models usually needs the sta-
tionarity properties of the process. But in practice, real data often suffer from
non-stationarity which may be due to structural changes occur during the data
generating period. Several ways to consider such structural changes are possible,
as this was demonstrated during the thematic cycle Nonstationarity and Risk
Management held in Cergy-Pontoise during year 2012'. In the context of count
models, Kang and Lee (2009) [25] proposed a CUSUM procedure for testing
of parameter changes in a first-order random coeflicient integer-valued autore-
gressive model defined through thinning operator. Fokianos and Fried (2010,
2012) [16, 17] studied mean shift in linear and log-linear Poisson autoregres-
sion. Dependence between the level shift and time allows their model to detect
several types of interventions effects such as outliers. Franke et al. (2012) [21],
considered parameter change in Poisson autoregression of order one. Their tests
are based on the cumulative sum of residuals using conditional least-squares
estimator.

Here, we shall first consider a time series of counts Y = (Y;):ez satisfying:
Y;/./T'.t_l ~ POiSSOIl()\t) with )\t = F(()\t—la Y;g_1)7 ()\t_g, }/2_2) .. ) (1)

where F; = o(Y;, s < t) and F a measurable non-negative function. The
properties of the general class of Poisson autoregressive model (1) have been
investigated in Doukhan et al. [13]. Such infinite order processes provided a large
way to take into account dependence on the past observations. Proceeding as

Lhttp://www.u-cergy.fr/en /advanced-studies-institute/thematic-cycles/thematic-cycle-
2012 /finance-cycle.html
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in Doukhan and Wintenberger (2008) [12], we show that under some Lipschitz-
type conditions on F', the conditional mean \; can be written as a function of
the past observations.

This yields to consider the model

Y:/Fi—1 ~ Poisson(N;) with A= f(Yi—1,Yi—2...) (2)

where f is a measurable non-negative function. We assume that f is know up
to a parameter 6y belonging to some compact set © C R? with d € N — {0}.
That is

Y:/Fi—1 ~ Poisson(A;) with A\; = fo,(Yio1,Yi—2...) and 6o €06. (3)

Many classical integer-valued time series satisfying (3) (see examples below).
Remark that, model (3) (as well as models (1) and (2)) can be represented
in terms of Poisson processes. Let {N;(-) ; t =1,2,...} be a sequence of inde-
pendent Poisson processes of unit intensity. Y; can be seen as the number (say
N¢(\p)) of events of Ny(+) in the time interval [0, \¢]. So, we have the represen-
tation
Y;g = Nt()\t) with )\t = f90 (Yrt,h Y},g .. ) (4)

The Poisson autoregressive models are known to capture the overdispersion phe-
nomenon in counts data, meaning if the process (Y;)iez is stationary it always
occurs that Var(Y;) > E (Y3).

The paper first works out the asymptotic properties of the maximum like-
lihood estimator of the model (3). Under some Lipschitz-type assumption on
the function fy, we investigate sufficient conditions for the consistency and the
asymptotic normality of the maximum likelihood estimator of 6y. Note that,
Doukhan et al. [13] have used weak dependence approach to prove the existence
of stationary and ergodic solution of (1). By using their results, some assump-
tions (such as increasing condition on fy(+) or four times differentiability on the
function 6 — fp) that often needed for perturbation technique (see for instance
Fokianos et al. [19] or Fokianos et al. [20]) are relaxed. Although the models
studied by Davis and Liu [9] and Douc et al. [11] allow large classes of marginal
distributions, the infinitely many lags of model (1) (or model (3)) enables a
higher order dependence structure.

The second contribution of this work is the two tests for change detection
in model (3). We propose a new idea to take into account the change-point al-
ternative. This implies that, the procedures proposed will be numerically easy
applied than those proposed by Kengne (2012) [27]. The consistency under the
alternative is proved. Contrary to Franke et al. [21], the multiple change alter-
native has been considered and independence between the observations before
and after the change-point is not assumed. Note that, the intervention prob-
lem studied by Fokianos and Fried [16, 17] is intended to sudden shift in the
conditional mean of the process. Such outlier could in some case be seen as a
particular case of structural change problem that we develop here for a large
class of models. However, if the intervention affects only a few data points, in
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the classical change-point setting (where the length of each regime tends to in-
finity with the same rate as the sample size), such effects will be asymptotically
negligible.

The forthcoming Section 2 provides some assumptions on model with exam-
ples. Section 3 is devoted to the definition of the maximum likelihood estimator
with its asymptotic properties. In Section 4, we propose the tests for detecting
change in parameter of model (3). Some simulation results and real data ap-
plications for inference and change-point detection are presented in Sections 5
and 6, lastly the proofs of the main results are provided in Section 7.

2. Assumptions and examples
2.1. Assumptions

We will use the following classical notations:

—

Nyl = 2252, lys| for any y € RP;
2. for any compact set X C R? and for any function ¢ : K — R, llgllx =

supge (19(0)1));
3. if Y is a random variable with finite moment of order r > 0, then [|Y|, =

(BY]")Y7s

4. for any set K C RY, K denotes the interior of K.

A classical Lipschitz-type conditions is assumed on the model (1).
Assumption A r. There exists a sequence of non-negative real numbers (o) j>1
satisfying

o0
Z a; <1/(1+¢€)
j=1
for some € > 0 and such that for any z,2’ € ((0,00) x N),

(o)
|[Fa) = F(a)] <) aylla; — .
j=1

Under assumption (Ag), Doukhan et al. [13, 14] prove that the above equation
has a strictly stationary solution (Y3, A¢)rez; moreover this solution is T-weakly
dependent with finite moment of any order. The following proposition show that
the conditional mean A\; of model (1) can be expressed as a function of only the
past observations of the process.

Proposition 2.1. Under (Ag), the conditional mean of the strictly stationary
and ergodic solution of (1) can be written as

)\t = f(Yt—hY;:—2 .- )
where f: N — RT is a measurable function.

From Proposition 2.1, it appears that the information on the unobservable
process (A¢—;) can be captured by the observable process (Y;_;). Hence, we will
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focus on the model (3); with the advantage to easily compute the derivative
OA/00 (very useful to derive the asymptotic covariance matrix in the inference
study). Note that, if one carries inference on the model (1) by assuming that
At = Fo, (At—1,Yi—1), (At—2, Yi—2),...), then it will not be easy (or not possible)
to compute O\ /96 or to express it as a function of 9Fy /90 in the general case.

We focus on the model (3) with the following assumptions. For i = 0,1, 2 and
for any compact set K C ©, we introduce

Assumption A;(K). [|0°f5(0)/0¢']le < oo and there exists a sequence
of non-negative real numbers (alg)(IC))kN satisfying ZJ 1ak)(lC) < 1or

P a](:)(lC) < oo (for i = 1,2) such that

H 82;253/) -2 Jg)ez H = Za K)lye —yi|  for all y,y € (RT)".

The Lipschitz-type condition Ay(0) is the parametric version of the assumption
Ap. It is classical when studying the existence of solutions of such model (see
for instance [12, 1] or [13]). In particular, Ag(©) implies that for all § € © and
y € RY)Y,
fo(y) < fo(0) + Z ay,

The latter relation is a useful tool for proving that the stationary solution of (3)
admits finite moments (see the proof of Theorem 2.1 of [13]). The assumptions
A1 (K) and A2(K) as well as the following assumptions D(©), Id(©) and Var(O)

are needed to define and to study the asymptotic properties of the maximum
likelihood estimator of the model (3).

Assumption D(0). 3¢ > 0 such that infeeo fo(y) > c for all y € (RT)N.
Assumption Id(©). For all (0,0") € 62,

(fg(Yt,l, o) = for(Yi—1,...) as. for some t € Z) = 0=0".

Assumptlon Var(0). For all § € © and ¢t € Z, the components of the vector
661 2(Y;—1,...) are a.s. linearly independent.

2.2. Examples
2.2.1. Linear Poisson autoregression

We consider an integer-valued time series (Y;):ez satisfying for any t € Z

Yi/Fio1 ~ Poisson(h)  with A =o(f0) + > dr(0o)Veor  (5)
k>1

where 6 € © C RY, the functions 6 +— ¢5(f) are positive and satisfying
> k1 1#6(0)]lg < 1. This model is also called an INARCH(c0), due to its
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similarity with the classical ARCH(oo0) model. Assumptions Ag(©) holds au-
tomatically. If the function ¢, are twice continuously differentiable such that
Y1 19(0)]lg < oo and Y74, |94(0)]lg < oo then Ai(©) and A2(©) hold.
If infyeco ¢o(f) > 0 then D(O) holds. Moreover, if there exists a finite subset
I ¢ N — {0} such that the function 0 — (¢r(0))rer is injective, then assump-
tion Id(©) holds i.e. model (5) is identifiable. Finally, assumption Var(©) holds

if for any 6 € O there exists d functions ¢g,,..., ¢k, such that the matrix

(%)19,%4 (computed at #) has a full rank.

Particular case of INGARCH(p, q) processes Assume that

P q
Y:/Fi—1 ~ Poisson(\;) with M\ =af+ Z apAi—k + Zﬁ;Yt_k (6)
k=1 k=1

where 0y = (ag, a7, ..., a5, 087,..., ;) € © with

P q
o= {9: (@0, @1, B,y By) €10,00x[0, 007, Y g + Y By < 1}.
k=1 k=1

Hence, the Lipschitz-type condition (Ag) is satisfied. In this case, we can find
for any 6 € O, a sequence of non-negative real numbers (5 (6))r>0 satisfying
Zk21 |¥x(0)]le < 1 such that

At = t0(00) + D Yk (00) Vi

k>1

Therefore, assumptions Ay(©) holds. Moreover, the functions () are twice
continuously differentiable with respect to 6 and its derivatives decay exponen-
tially, hence A;(0) and A(0) hold. If infgece (ap) > 0 then D(O) holds. For this
particular case, Id(0) holds automatically. See [15] and [35]) for more details on
this model.

The adequacy of this linear model to the number of transactions per minute
for the stock Ericsson B during July 2, 2002 has been proved by Fokianos and
Neumann [18].

2.2.2. Threshold Poisson autoregression
We consider a threshold Poisson autoregression model defined by:
Y:/Fi—1 ~ Poisson(\;) with
A= 00(00) + 3 (67 (80) max(Yi, — €,0) + 65, (90) min(Y; 1, ) (7)

k>1

where ¢o(6y) > 0, @1 (60), ¢, (6) > 0 and £ € N. We can also write

A= 00(00) + 3 (65 (60)Yiok + (6 (60) — 65 (6)) max(¥i_y — £,0)).

k>1
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This example of nonlinear model is also called an integer-valued threshold
ARCH (or INTARCH) due to its definition like the threshold ARCH model
proposed by Zakolan (1994) [36]; see also [21] for INTARCH(1) model. In
the INTARCH(oo) model, the regression coefficient at lag ¢t — k is ¢ (6o) if
Y, < ¢ and qﬁz(é’o) if Yi_r > ¥¢; such model can then be used to cap-
ture a piecewise phenomenon. ¢ is the threshold parameter of the model. If
> max ([lof (0)[|es |9 (0)le) < 1 then A¢(©) holds. Furthermore, if the

functions 6 — ¢, () and 6 — ¢, () are twice continuously differentiable such

that 3,5, max (| 561 (0)lle. | 5565 (9)]l6) < 00 and ¥, max (|| &= (6)]le,
||3‘92 5 (0)]le) < oo, then A1(©) and A4(©) hold. Conditions on D(0©), 1d(6)
and Var(@) are obtained as above. A special case is the INTGARCH(p, ¢) model,
see Section 5

Remark 2.1. An association argument can be used to show that the INGARCH
and INTGARCH models capture only positive dependence in time series count
data. It is a frequent phenomenon in transactions data (see for instance the
subsection 5.3 for the number of transactions for the stock Ericsson B).

3. Likelihood inference

Assume that the trajectory (Yi,...,Y,) is observed. The conditional (log)-
likelihood of model (3) computed on T' C {1,...,n}, is given (up to a constant)
by

Ln(T,0) =) (Y;log \i(6 = > 4(0) with £,(0) = Y;log A(6) — Ae(6)

teT teT

where A\ (0) = fo(Y;_1,...). In the sequel, we use the notation f} := fo(Y;_1,...).
Since only Y7, ...,Y,, are observed, the (log)-likelihood is approximated by

Lo(T,0) =Y (Yilog A, (6 =" 0(0) with £,(8) = Y;log A, (6) — A (6)
teT teT
(8)

where Xt(e) = fg = fo(Yi_1,...,Y1,0,...) and X1(9) = fp(0,...). The maxi-
mum likelihood estimator (MLE) of 6y computed on T is defined by

6.(T) = argmaxyee (Ln(T.6)). (9)
For any k, k' € Z such as k < k/, denote
Tyr = {k,k +1,..., k/}

Theorem 3.1. Let (jn)n>1 and (kn)n>1 be two integer valued sequences such

that j, < kyn, kn, = +00 and k, — j, — +00 as n — +oo. Assume 0y € é and
D(©), 1d(©) and Ay(O) hold with

S Vixal”(©) < . (10)

J=1
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It holds that

-~ a.s.
0n(Tj, k) P bo.

The following theorem regarding the asymptotic normality of the MLE of
model (3) holds.

Theorem 3.2. Let (jin)n>1 and (kn)n>1 be two integer valued sequences such
that j, < kyn, kn — 400 and k,—j, — +00 asn — +o0o. Under the assumptions
of Theorem 3.1 and Var(®©), if fori=1,2 A;(©) hold with

Z IR ay)(@) < 0o (11)

jz1
then R -
V kn - jn(en(Tj”,k”) - 90) _— N(O, E_1>
n——+00

where Y = E(ﬁ(%f&)(%f&)/)
According to the Lemma 7.2 and the proof of Theorem 3.2, the matrix

1 En 1,0 5 0 S/
(=5 £ 5GP G h))

t=jn

and

9:§n (Tjnvkn)

ky, — jn 0000’ Aok 0=0,, (T}, x,,)
are both consistent estimators of X.

Remark 3.1. 1. Theorem 3.1 still holds if we replace (10) by the much
weaker condition
Zlogj X aéo)(G)) < oo
Jj=1
(see the proof of the theorem).

2. In Theorems 3.1 and 3.2, the typical sequences j, =1 and k, =n,Vn > 1
can be chosen. This choice is the case where the estimator is computed
with all the observations. But in the change-point study and depending
on the procedure used, one might need to compute the estimator on each
regime. Results are written this way to cover this situation.

3. If the Lipschitz coefficients (ozg-l)(@))jzl satisfy ay)(@) = O(j77) with
~ > 3/2, then conditions (10) and (11) hold.

4. Testing for parameter changes

We consider the observations Y7,...,Y, generated as in model (3) and assume
that the parameter 6, may change over time. More precisely, we assume that
3K > 1,05,...,0% €0,0 =15 <t] <--- <ti_, <t5 =nsuchthat ¥; = Y,/
for t5_; <t < ¢}, where the process (Yj(J ))tEZ is a stationary solution of (3)
depending on 67. The case where the parameter does not change corresponds
to K = 1. This problem leads to the following test hypotheses:
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Hg: Observations (Y7,...,Y,,) are a trajectory of a process (Y;)iez solution
of (3), depending on y € ©.

H;: There exists K > 2,67,65,...,05% with 07 # 605 # --- # 05,0 = t§ <
t] < -+ <tk_y <tk = nsuch that the observations (Y3)¢r_ <i<is are a
trajectory of the process (Yt(j ))tGZ solution of (3), depending on 6.

Let us note that, contrary to Franke et al. [21], the independence between the
observations before and after the change-point is not assumed. Moreover, their
assumption (A9) impose a change in the mean of the marginal distribution of
the observed process. In the case of linear Poisson autoregression, this condition
leads to a change in the unconditional mean. The procedures developed here
include the situation where parameter can change but not the mean of the
marginal distribution (see an example of empirical results in the Section 6).
Therefore, the present change-point problem is more general.

Remark 4.1. Let )\gj) be the conditional mean on the segment 7} = {t;_;,t5_;+
1,...,t;}. By using the representation (4), we can write

Y =NOP) with A = for (V).
We can also write
Yt(j) = F(Yt(_j)17 ...; Nt) where
F(y1,y2,...; N) = Nt(fg;(yl,yg,...)) for any y, € N, k > 1. Hence for any
Y= (yr)k>1 and y' = (yj,)k>1:

B|F(y; Ny) - F(y/s N)| = ENi(fo: (9)) = Nelfor (') = for (9) — for (4

<oy —vil, (12)
k>1
where the second equality follows by seeing [N¢(fo: (y)) — Ne(for (y'))] as a num-
ber of events IV, that occur in the time interval [0, [fo: (y) — for (¥')[]-
Let (fft7 Xt)t]*.71<t§tj*. be the nonstationary approximation of the process (Yt(j),

A,Ej))tez on the segment 77; i.e.

Y; = N;(\;) with X\, = fgj(yt@l,...,y(j) vUub v, ).

t—t5_ 0 Te—ts_ =1

By using assumption Ag(©) and relation (12), one can show that the approxi-
mated process (}775, Xt)t;71<t§t; converges (in L” for any r > 1) to the stationary
regime (see for instance Bardet et al. [2] where similar approximation has been
made for a class of causal time series models). So, the results of Section 4.2
can be extended (after an approximation study) by relaxing the stationarity
assumption after change.

Recall that under Hg, the likelihood function of the model computed on
T c{1,...,n} is given by

L(T,0) =Y (Yilog f§ — f§)

teT
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where fo = fo(Y3, 1,...) and the maximum likelihood estimator is given by
Gn(T) = argmaxycg L,(T,6). It holds from Theorem 3.2 that, under Hy, the
asymptotic covariance matrix of 6,,(T} ) is ¥, 1 where

n

= 1 1,0 5,0 o
E”:< th(aef)(a_f))
ZA]n is a consistent estimator of

5= 5(5 () ()

(9=/9\n (Tl,n) .

under Hy (see the proof of Theorem 3.2). The consistency of fln under Hy is
not ensured. f)n does not take into account the change-point alternative. So, the
consistency under H; of any test based on ¥,, will not be easy to prove.

Let (un)n>1 and (v, )n>1 be two integer valued sequences satisfying wuy,, v, —

+00, 72, 22— (0 as n — +o00. Our test statistic is based on the following matrix

Salun) = 5 [(2- X = (570 (55 3))

Un 37 fo 0=0,, (T u,,)
1 n ,
+ (n —u, :Z f75( fe)(ae 9) ) 9:5n(Tun+1,n)]

Theorem 3.1 and Lemma 7.2 show that in(un) is consistent under Hy. Under
Hi, we will use the classical assumption that the breakpoint gown at the rate n.
This will allow us to show that the first component of ¥, (u,) converges to the
covariance matrix of the stationary model of the first regime. It will be a key to
prove the consistency under Hy.

Another way to deal is to consider the matrix

in(un) = %[(n — Uy, _E 75 9 %f;)l) 0=0n(T1,n—up)

8
a0
Sl X R )

9:/0\71(Tnfu"+1,n):|

Asymptotically, both the matrices &, (u,) and £, (u,) have the same behavior
under Ho. In the case of non stationarity after change, the procedure based on
Y, (uy,) can provide more distortion; because, according to the dependence on
the past, the second component of in(un) will converge very slowly than the
first component of 3, (un).

In the sequel, we will use a weight function ¢ : (0,1) — (0, 00) assuming to
non-decreasing in a neighborhood of zero, non-increasing in a neighborhood of
one and satisfying inf, <, <1_,¢(7) > 0 for all 0 < n < 1/2.

Let us define now the test statistics:
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~ ~

o (), = maxy,, <k<n—v, Cn,k Where

= (é\n(TLk)_é\n (Tk:Jrl,n))/in(un) (é\n(Tl,k)_é\n (Tk+1,n>)

where ¢ is a weight function define on (0, 1), see bellow;

A1) A1)
n’ = MaXy,<k<n—v, ka where

~ ~

Qoo = (00T = 0 (T1.0)) S (1) (0n(T1.8) = 0u(T1.0));

A(2) A2)
® Qn’ =maxy,<k<n—v, @, where

~2) (n—k)? ~ ~ N ~ ~

ka - T(en(TkJrl,n) - 9n(T1,n)) En(un)(en(TkJrl,n) - an(TI,n))
The first procedure is based on the statistic @n and the other one is based on
Q.. defined by

Qn = max(QY), Q).
The weight function ¢ is used to increase the power of the test based on the

statistic Cl,. Its behavior can be controlled at the neighborhood of zero and one
by the integral

_ [ cq?(t)
o0 = [y (< i) o>

see Csorgo et al. [6] or Csorgo and Horvath [7]. The natural choice is ¢(t) =
(((1—1))" with0 <~ < 1/2.
Furthermore, in practice the sequences (uy)n,>1 and (un)n>1 are chosen to

ensure the convergence of the numerical algorithm used to compute EH(TI,%)

and §n(T1ﬂ,n). Hence, these procedures might not be accurate for smaller sample
size (i.e. when n < 200). For Poisson INGARCH model, u,, = v, = [(logn)%]
(with 5/2 < dp < 3) can be chosen (see also Remark 1 of [27]).

4.1. Asymptotic behavior under the null hypothesis

The asymptotic distributions of these statistics under Hy are given in the next
theorem.

Theorem 4.1. Assume D(0), 1d(©), Var(©) and A;(©) i =0,1,2 hold with

Z Vi % ay)(@) < 0.

Jj=1

Under Hy with 6y € O,
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1. if I(q,c¢) < 0o for some ¢ > 0, then

2
~ D Wal(r
&, up IWalr)I”
n—-+oo 0<r<1 q (7’)

2. forj=1,2,
2
QY —C— sup [Wa(r)|?,
n—+00 g<r<l
where Wy is a d-dimensional Brownian bridge.

The distribution of supg<,<;||Wa(7)||? is explicitly known. In the general
case, the quantile values of the limit distribution of the first procedure (based
on C),) can be computed through Monte-Carlo simulations. In the sequel we
will take ¢ = 1. The Theorem 4.2 below implies that the statistics C and Qn are
too large under the alternative. For any o € (0, 1), denote ¢,, the (1 —«)-quantile
of the distribution of supy<,<;||[Wa(7)||>. Then at a nominal level a € (0,1),

take (én > ¢q) as the critical region of the test procedure based on én This
test has correct size asymptotically. On the other hand, it holds that

lim sup P(Q\n > ca/2) <a.

n— oo

So we can use c,/2 as the critical value of the test based on @n ie. (@n > Cay2)
as the critical region. This leads to an asymptotically conservative procedure. To
get correct asymptotic size in the procedure based on @,,, we have to study the
asymptotic distribution of ( Aﬁ}% Aﬁf)). This seems to be a very difficult problem
in view of the dependence structure of the model and the general structure of
the parameter. In the problem of discriminating between long-range dependence
and changes in mean, Berkes et al. [3] have studied the limit distribution of such
statistic (i.e. the maximum of the maximum between the statistic based on the
estimator computed with the observations until the time &k (X3,...,Xx) and
the one computed with the observations after k (Xy11,...,X,)). This problem
is the topic of a different research project.

4.2. Asymptotic under the alternative

Under Hy, we assume

Assumption B. There exist 7{,...,75_; with 0 < 7 <--- <7 _; <1 such
that for j =1,..., K, t; = [n7]] (where [z] is the integer part of z).

The asymptotic behaviors of these test statistics are given by the following
theorem.

Theorem 4.2. Assume B, D(©), 1d(©), Var(©) and A;(©) i = 0,1,2 hold

with A
> VX ay)(@

j=1



1280 P. Doukhan and W. Kengne

1. Under Hy with K =2, if 07 + 05 and 07,05 € © then

=~ P
C, — 4.
n—-+4oo

2. Under Hy, if 67 # 0% and 07,05, ...,0% € © then

@n # +00.
n—-+oo

It follows that the procedure based on C'\n is consistent under a single change
alternative while the statistic @,, diverges to infinity even under multiple change-
points alternative. So, combined with an iterated cumulative sums of squares
type algorithm (see [24]), the latter procedure can be used to estimate the
number and the break points in the multiple change-points problem.

The Figure 1 is an illustration of these tests for the linear Poisson autore-
gressive model of order 1

Y;g/./—'vt_l ~ POiSSOD(At) with )‘t = o + /Bln—l- (13)

One can see that, under Hy, the statistics én,k, @SL and @f; are all below the
horizontal line (see c-), e-), g-)) which represents the limit of the critical region.
These statistics are greater than the critical value in the neighborhood of the
breakpoint under H; (see d-), f-), h-)). In several situations, only one of the

statistics @;1) and @7(12) is greater than the critical value under the alternative;

so the use of @n := max( AS% Aﬁf)) is needed to get more powerful procedure

(see for instance the real data application in Subsection 6.2).

5. Some numerical results for inference in INTGARCH model

We consider the integer-valued threshold GARCH(p, ¢) (or INTGARCH(p, q))
process Y = (Y;):ez which satisfying

Y:/Fi—1 ~ Poisson(\;) with

p q
A = g + Z apAi—k + Z (ﬂ,j max(Yi_p —£,0) + 5, min(Y;_y, 6))

k=1 k=1
where ag > 0, ag, B, By >0 and Y 0_, ap + > i, max(B;, 8, ) < 1.
Denote 0y = (g, a1, .. 0, 87,81, - ,B;‘,Bq_) the true parameter of the

model. This model is a special case of the INTARCH(o0) see (7).

5.1. Estimation and identification

Assume that a trajectory (Y1,...,Y,) of Y is observed. If the orders (p,q) and
the threshold ¢ are known, then the parameter 6y can be estimated by maximiz-
ing the conditional log-likelihood defined in (8) and Theorem 3.1 and Theorem
3.2 are applied.
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a-) 1000 observations of a Poisson INARCH(1) without change b-) 1000 observations of a Poisson INARCH(1) with change at k*=500
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Fi1G 1. Typical realization of 1000 observations of two Poisson INARCH(1) processes and the
corresponding statistics éflli, @5}12 and @f)k a-) is a Poisson INARCH(1) process without
change, where the pammeté'f 0o = (1,0.2) is constant. b-) is a Poisson INARCH(1) process
where the parameter 8g = (1,0.2) changes to (1,0.45) at k* = 500. c-), d-), e-), f-), g-) and
h-) are their corresponding statistics C“n,k, @5}% and @f,)k The horizontal line represents the
limit of the critical region of the test.
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The order (p,q) can be estimated by using an information criterion such as
AIC or BIC; and the treshold ¢ is estimated by maximizing the log-likelihood
over a set of integer values {0, 1,. .., pmax} where £;,.x is an upper bound of the
true threshold £. In practice, we can choose an adapted £, = max(Yy,...,Y,).

Let pmax and gmax be the upper bound of the orders p and ¢ respectively.
Hence, the estimation of 6y, (p, ¢) and £ can be done in the following three steps:

e Step 1: For each (p,q,¢) € {0,...,Pmax} X {0, ., ¢max} X {0,.. ., lmax}
fixed, compute the estimation é\p,q’g as in (9).

e Step 2: for each £ € {0,. .., lnax} fixed, select the “best” order (py, ge) by
minimizing the AIC or the BIC criteria.

e Step 3: Estimate the threshold by maximizing the log-likelihood as follows

£, = argmax L(Tlmaoﬁbliz,f)'
2€{0,....Lmax }

Therefore, the final estimated parameters of the model are Zn, (ﬁgn,cjlpn) and

b s b We have implemented this procedure on the R-software (developed

by the CRAN project).

5.2. Some stmulations results
We consider an INTGARCH(1, 1) process Y = (Y}):cz defined by

Y:/Fi—1 ~ Poisson(\;) with
A =1+40.7\_1 +0.2max(Y;_; — 6,0) + 0.1 min(Y;_1,6). (14)

This scenario is close to the real data example (see below). Note that, the
INTGARCH(1, 1) model can be seen as a nonlinear Poisson autoregressive model
with one knot. The MLE is reasonably good, as discussed in Davis and Liu [9].
We will focus on the estimation of the threshold ¢ and the order (p,q) of an
INTGARCH((p, ¢)) model.

Let (Y1,...,Y,) be a trajectory generated according to (14). We fit an
INTGARCH(p, ¢) model from these observations; p, ¢ and ¢ are assumed to
be unknown and are estimated as described above. For the problem of selecting
the order (p,q), Table 1 indicates the proportions of the true order (1,1), low
and high order models selected (using AIC and BIC) based on 200 replications

TABLE 1
Frequencies of the true order, low and high order models selected (using AIC and BIC)
based on 200 replications with n = 500 and n = 1000

Criteria  (Pn,Gn) = (1,1)  Pn +Gn <2 (Prsgn) # (1,1) & pn +Gn > 2

(true order) (low order) (high order)
n = 500 AIC 0.705 0.040 0.255
BIC 0.670 0.250 0.080
n = 1000 AIC 0.870 0 0.13

BIC 0.915 0.02 0.065
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TABLE 2
Some elementary statistics of the estimator £y, for the model selected using AIC and BIC
2 Mean SD Min Q1 Med @3 Max
n = 500 AIC  5.645 1.905 0 4 6 8 11
BIC 4.245 2.759 0 2 5 6 10
n = 1000 AIC  5.920 1.625 1 5 6 7 9
BIC 5.770 1.873 0 5 6 7 9

with n = 500 and n = 1000. We have used pmax = gmax = 5. Some empirical
statistics of the estimator of (the threshold) ¢,, are reported in Table 2.

These results show that, the (empirical) probability of selecting the true
order increases as n increases for both AIC and BIC. Even when n = 500
(this length is close to the real data example, see below) this proportion is
reasonably acceptable. It also appears that the BIC leads to select low orders
models and less selects high orders models than the AIC; this is not surprising,
since the penalty term of the BIC is greater than that of the AIC. Note that,
the consistency of the BIC and the efficiency of the AIC have been proved in
many situations in model selection theory; even if such results have not yet
been proved in our model here, we can nevertheless see that the (empirical)
probability to select the true model with the BIC increases (with n) than that
of the AIC. R

The empirical statistics of ¢,, displayed in Table 2 show that the estimation
of the threshold is reasonably good (for both the AIC and the BIC) in terms
of mean and quantiles. For example, when n = 1000 for more than 60% of the
replications, the estimation of the threshold belongs to the set {5,6,7} while
the true value of the threshold is 6.

5.3. Application to real data

We consider the number of transactions per minute for the stock Ericsson B
during July 2, 2002. There are 460 available observations which represent the
transaction of approximately 8 hours (from 09:35 to 17:14), see Figure 2. The
empirical mean and variance of the series are 9.909 and 32.836 respectively. That
is the data are overdispersed and the positive dependence (see ACF in Figure 2)
suggest that the models studied here are candidates for fitting these data.

Fokianos et al. [19] have fitted these data using linear Poisson autoregression
and exponential autoregressive model with one lag autoregression. These two
models describe the data reasonably well and the Pearson residuals provided
appear to be white. The linear Poisson autoregression pass the goodness-of-fit
test proposed by Fokianos and Neumann [18]. The nonlinear Poisson autore-
gression with one knot applied by Davis and Liu [9] seems also to describe well
the data according to the Pearson residuals analysis.

Nevertheless, the autocorrelation function of the observations displays strong
dependence between transactions. Therefore, we apply an INTGARCH(p, q)
(with p and ¢ unknown) and select the “best” model as described above. AIC
leads to INTGARCH(2, 1) model and BIC to INTGARCH(1, 1). The conditional
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Transactions per minute in stock Ericsson B on July 2, 2002 ACF of the observations
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F1a 2. Number of transactions per minute for the stock Ericsson B during July 2, 2002 and
the autocorrelation function of the observations.

means of these models are:

(AIC) : Ay = 1.165 + 0.351 X\, 1+0433A15 2+(0207)max(Yt 1—6,0)

(0.371)  (0.163) (0.
+0.012 min(Y;_1, 6)
(0.068)

(BIC) : A = 0.866 + 0.840, 1 + 0153 max(Y;1 = 6,0)

(0.281)  (0.022)
+0.010 min(Y;_1,6)
(0.052)

with the standard errors figure underneath. Figure 3(a) and 3(c) display the
fitted results of the INTGARCH(2,1) and INTGARCH(1,1) models. See the
previous subsection (Table 2) for the efficiency of this model selection procedure.
It appears that the AIC and the BIC globally work well.

To examine the adequacy of the fitted model, we consider the estimated
counterparts of the Pearson residuals (see for instance [26]) given by & =

(Y; —Xt) / \/i . If the model is correctly specified, then these residuals should be
close to a white noise sequence. The autocorrelation function displayed on Fig-
ure 3(b) and 3(d) shows that the Pearson residuals for both INTGARCH(2, 1)
and INTGARCH(1, 1) models do not exhibit a significant autocorrelation. The
whiteness of these residuals are deduced from the cumulative periodogram (which
we have not represented here to keep the length of this Subsection reasonable).

Now, the mnatural question is: for the Poisson INTGARCH(2,1),
INTGARCH(1, 1) (fitted bellow) and the linear INGARCH(1, 1) (that have been
used by Fokianos et al. [19] and tested by Fokianos and Neumann [18]), what is
the best model for such data? This question is not easy to answer, because even
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(a) INTGARCH(2,1) model for Ericsson B July 2, 2002 (b) ACF of the Pearson residuals of the INTGARCH(2,1)
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Fia 3. (a) Observed and fitted (thick line) values of the number of transactions of the stock
Ericsson B on July 2, 2002 using INTGARCH(2,1) model; (b) is the corresponding auto-
correlation function of the Pearson residuals. (c) Observed and fitted (thick line) values of
the number of transactions of the stock Ericsson B on July 2, 2002 using INTGARCH(1,1)
model; (d) is the corresponding autocorrelation function of the Pearson residuals.

if the Poisson INGARCH(1,1) pass the test proposed by Fokianos and Neu-
mann, some doubt have been pointed about the linearity assumption of these
data (see the test based on H,, in [18]) and the Poisson INTGARCH(2,1) and
INTGARCH(1, 1) models seem to well describe the data. Let us make some
discussion according to the AIC, BIC and the Pearson residuals.

e First not that, the INGARCH(1, 1) model can be seen as a particular case
of the INTGARCH(p, q) with the threshold £ = 0. Thus the INTGARCH(2,
1) and INTGARCH(1, 1) models outperform the INGARCH(1, 1) in terms
of the AIC and BIC respectively; see also Table 3 (the likelihood have been
computed up to some constants).
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TABLE 3
Model selection for the stock Ericsson B on July 2, 2002

INGARCH(1,1) INTGARCH(1,1) INTGARCH(2,1)

AIC —12170.80 —12175.09 —12176.63
BIC —12158.41 —12158.56 —12155.97
MSE (Pearson residuals) 2.36 2.31 2.33

e The Pearson residuals of these three models seem to be white (see [19]
for the case of the INGARCH(1,1)). The mean square error of the Pear-
son residuals (defined by Y7 | Ef /(n — d) where d is the number of es-
timated parameters) displayed in Table 3 show a slight gain with the
INTGARCH(1, 1) model.

In conclusion, it appears that the Poisson INGARCH(1, 1), INTGARCH(1,1)
and INTGARCH(2,1) fit the data adequately. None of these models outper-
forms the others, according to the three criteria (AIC, BIC and the MSE of the
Pearson residuals). INTGARCH(1, 1) is more accurate in terms of the MSE of
the Pearson residuals, INTGARCH(2, 1) outperforms in terms of AIC whereas
INTGARCH(1, 1) and INGARCH(1, 1) models are preferable in terms of BIC.

6. Some numerical results for parameter change in INGARCH
model

6.1. Testing for parameter change in INGARCH model

We provide some simulations results to show the empirical performance of
the tests procedures described above. We consider the Poisson INGARCH(1,1)
model:

Y:/Fi—1 ~ Poisson(\;) with A\ = g + agA¢—1 + B1Yi—1. (15)

For sample sizes n = 500, 1000, the statistics én and @n are computed with u,, =
v, = [(logn)®/?]. The empirical levels and powers reported in the followings
table are obtained after 200 replications at the nominal level a = 0.05.

1. Poisson INGARCH(1,1) with one change-point alternative.
Denote by 8 = (ag,a1,31) the parameter of the model (15). Table 4
indicates the empirical levels computed when the parameter is 6y and the
empirical powers computed when 6y changes to 6; at n/2.

2. Poisson INARCH(1) with two change-points alternative.

We assume in (15) that @3 = 0 and denote by 6 = (ag, 81) the parameter
of the model. Table 5 indicates the empirical levels computed when the
parameter is 6y and the empirical powers computed when 6, changes to
0, at 0.3n which changes to 65 at 0.7n. The second alternative scenario
is a case where the change in the parameters does not induce a change in
the mean of the marginal distribution.
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TABLE 4
Empirical levels and powers at the nominal level 0.05 of test for parameter change in
Poisson INGARCH(1,1) model with one change-point alternative

Procedure n =500 n = 1000

Empirical levels

60 = (1,0.1,0.2) C,, statistic  0.020 0.040
Qn statistic  0.035 0.045
6o = (0.3,0.5,0.1) C, statistic  0.065 0.060
Qn statistic  0.080 0.055

Empirical powers
6o = (1,0.1,0.2); 61 = (0.7,0.1,0.2)  C, statistic  0.415 0.840
Qn statistic  0.595 0.910
60 = (0.3,0.5,0.1); 61 = (0.3,0.3,0.4)  C,, statistic  0.695 0.960
OQn statistic  0.865 0.995

TABLE 5

Empirical levels and powers at the nominal level 0.05 of test for parameter change in
Poisson INARCH(1) model with two change-points alternative

Procedure n =500 n = 1000

Empirical levels

0o = (1,0.2) C,, statistic  0.065 0.050
Qn statistic  0.060 0.040
0o = (0.2,0.5) Cp statistic  0.080 0.055
Qn, statistic  0.095 0.060
Empirical powers
6o = (1,0.2); 01 = (1,0.45); 6 = (1,0.15) Cp statistic  0.680 0.975
Qn statistic  0.565 0.985
6o = (0.2,0.5); 01 = (0.3,0.25); 03 = (0.1,0.75)  Cp, statistic  0.705 0.990
On statistic  0.740 0.995

It appears in Tables 4, 5 that these two procedures display a size distortion
when n = 500; but the empirical levels are close to the nominal one when n =
1000. One can also see that the empirical powers of these procedures increase
with n and are more accurate even for the case that the break does not induce

a change in the mean of the marginal distribution. Although the procedure
based on Qn is little more powerful, the test based on Cn provides satisfactory
empirical powers even in the case of two change-points alternative. This could
be a starting point for investigation of the consistency of this procedure under
multiple change-points alternative.

6.2. Real data application

We consider the number of transactions per minute for the stock Ericsson B
during July 16, 2002. There are 460 observations which represent trading from
09:35 to 17:14. Figure 4 displays the data and its autocorrelation function.
Several works (see for instance Fokianos et al. [19], Davis and Liu [9]) on the
series of July 2, 2002 led to use an INGARCH(1,1) model (on the series of July

2, 2002). This model provides @y + 51 close to unity. It can be seen in the slow
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Transactions per minute in stock Ericsson B on July 16, 2002 ACF of all the observations
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F1a 4. Number of transactions per minute for the stock Ericsson B during July 16, 2002 and
their autocorrelation function.

decay of the autocorrelation function (see Figure 2). The series in the period 2—
22 July 2002 have been studied by Brénnés and Quoreshi [5]. They have pointed
out the presence of long memory in these data and applied INARMA model to
both level and first difference forms.

For the transaction during July 16, 2002, we test the adequacy of the Pois-
son INGARCH(1,1) model by applylng the goodness of-fit test proposed by
Fokianos and Neumann [18]. Let 9 = (Qo,n, Q1 51 ) be the maximum like-
lihood estimator computed on the observations. Denote It = ()\t,Yt) where
:\\t = Qon+ a17n3\\t_1 + 317nﬁ_1. Recall that the estimated Pearson residuals is

given by & = (Y; — Xt) /A . The goodness-of-fit test is based on the statistic

fn:sup@ (z)| with Gn( ZE (z —T_y)

zell

where I = [0, 00)? and w(x) = w(x1,x3) = K(x1)K (22) where K(-) is a univari-
ate kernel. A parametric bootstrap procedure can be used to compute p-values
of this test. See [18] for more detail on this test procedure.

We have applied this test with B = 300 bootstrap replications and the p-
values 0.032 and 0.05 have been obtained respectively for uniform and Epanech-
nikov kernel. So, the linear Poisson INGARCH(1,1) model is rejected.

The previous test for change detection have been applied to the series.
A change has been detected around the midday at t* = 12:05. See the statistics
ényk, Q\SL and @Si as well as the breakpoint and the autocorrelation function
of each regime on Figure 5.

To assess the adequacy of the linear Poisson INGARCH(1,1) on each regime,
we apply the goodness-of-fit test of Fokianos and Neumann [18]. The p-values
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a) En‘k for the stock Ericsson B on July 16, 2002 b-) 6?2 for the stock Ericsson B on July 16, 2002
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Fic 5. Break detection in the transactions per minute of the stock Ericsson B on July 16,
2002. a-), b-), c-) the corresponding statistics C, i, QSL and Qf;@. d-) Breakpoint in the
data; e-), f-) the autocorrelation functions of each regime.

obtained are displayed in Table 6. These results point to the adequacy of the
linear Poisson INGARCH(1,1) on of the first regime and raises some doubt about
the linearity on the second regime. This shows that, the model structure of the
transactions in the morning may be different to the structure of the transactions
in the afternoon. Moreover, Figure 5 shows that, the autocorrelation function
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TABLE 6
p-values when testing adequacy of the Poisson INGARCH(1,1) on each regime after break
detection in the transactions per minute of the stock Ericsson B on July 16, 2002. Results
are based on B=300 bootstrap replications

Uniform kernel = Epanechnikov kernel

First regime (from 09:35 to 12:05) 0.250 0.213
Second regime (from 12:06 to 17:14) 0.006 0.006

of each regime decreases fast; this rules out the idea of the long memory in the
series.

7. Proofs of the main results

Proof of the Proposition 2.1. We will use the same techniques as in [12].
Let p, q two fixed non-negative integers. Definite the sequence (A\'?);cz by

0 ift < —
APt — { =1 (16)

FOY, . 0,,0,..5Y;0,...)  otherwise.

The existence of moment of any order of the process (Yz, At):ez (see [13]) and
assumption (Ar) imply the existence of moment of any order of (A\)'?);cz. Let
us show that (A\5?),>¢ is a Cauchy sequence in L'. By using (Ar), we have

p
EINTHL 2P <N "o BIARITE - \P),

Jj=1

By definition and the strictly stationarity of (Y;);ez, we can easily see that for
j = 1...,p, the couples (A’l’?“,){’?“) and (X591 AP977) have the same
distribution. Hence,

p
q+1 ) q+1—j q=J
B - < Dy BN - 3
j=1

For any fixed p, denote v, = E|NP9T — \P9| for all ¢ > p. Tt holds that

P
Vg < g QjVg—j-
j=1

By applying the Lemma 5.4 of [12], we obtain

oo
vg < aq/pvo where o = E Q.

=1

Hence, v, — 0 as ¢ — oo. Thus, for any p > 0, the sequence (A\5?) is a
Cauchy sequence in L'. Therefore, it converges to some limit denoted Af. More-
over, since the sequence (A)'?),>1 is measurable w.r.t to o(Y;,¢ < 0), it is
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the case of the limit A\b. So, there exists a measurable function f®) such that
A = f®X(v_y,...). By going along similar lines, it holds that for any t € Z,
the sequence (A*?),>; converges in L' to some X} = f)(Y;_y,...) and since
(Y)tez, is stationary and ergodic, the process (A);ecz is too stationary and
ergodic.
Let p and ¢ fixed. For ¢ large enough, we have
AP = PP NP

t—p>

0,...;}/;_1,...)

(see (16)). By using the continuity (which comes from Lipschitz-type condi-
tions) of (Y1,...,Y,) — F(Y1,...,Y,,0...;y) for any fixed y = (y1);>1 and by
carrying ¢ to infinity, it holds that

N =FOP_ A0, Y ). (17)

9 t—p’

Denote p, = EX/, i = sup,s1 fip, Dpi = ENTY - APl and A, = sup,cz Ayt
By going the same lines as in [12], we obtain A, < Capi1. Therefore, A, — 0
as p — 0o. This shows that for any fixed t € Z, (A\}),>1 is a Cauchy sequence in
L'. Thus it converges to some random Xt € L'. Moreover, Xt is measurable w.r.t
o(Yj,j < t) (because it is the case of (A\}),>1). Thus, there exists a measurable
function f such that A, = f(Y;_1,...) for any ¢ € Z. This implies that (X\)sez
is strictly stationary and ergodic. Finally, by using equation (17) and continuity
of F', it comes that

Xt:F(Xt,h...;Yt,l,...), for any t € Z. (18)

Hence, the process (Yt,xt)tez is strictly stationary ergodic and satisfying (1).

By the uniqueness of the solution, it holds that A\; = A\; a.s.
Thus As = f(Yi—1,...) for any t € Z. ]

Proof of the Theorem 3.1. Without loss of generality, for simplifying no-
tation, we will make the proof with Tj j, = Ti,. The proof is divided into

nyln

two parts. We will first show that ||+ >, cp 0(0) — L(O)o % 0 where

L(©) := E(£y(0)); secondly, we will show that the function § — L(O) has a
unique maximum in 6.

(i) Let 6 € O, recall that £,(0) = Y;log A\e(0) — \e(0) = Yilog fi — fk. Since
(Y:)tez is stationary and ergodic, for any 6 € O, (£4(0))tez is also a sta-
tionary and ergodic sequence. Moreover, we have for any 6 € ©,

1£:(0)| < |Yi| [log £5| + | f4]
< IYtlllog(% xc)|+ £
(ﬁ

< il (|22 — 1] + flogel ) + | 8] ( for @ > 1, lloga| < |o — 1)

1
< 6 (5 1781+ 1+ gl ) + 151
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Hence,

1
sup 6:(0)] < Vil (= | fill + 1+ llogel ) + il -
6co ¢

We will show that, for any r > 0, E(|| f}llg) < oo. Since Ag(©) holds, we
have

1£5lle < (175 = fa(0)]lg + 1fo(0) e < 3~ al(©) [Yeeyl + 1 £5(0) | -

j>1

Thus, by using the stationarity of the process (Y;):cz, it follows that

(BA1)" <Ml Yol ©) + 15Ol < .

j>1
Therefore, we have

1
B(supln®)) < 2@ ¥R (£]5]3)
+ (14 [log ) E Y| + E | f3|, < oo

By the uniform strong law of large number applied on (¢,(0));>1 (see

Straumann and Mikosch (2006) [33]), it holds that

H’ EéO(Q)H _as L, (19)

® n—+4oo
teT n

Now let us show that
a.s.

5 o 3 e,

tETl,n tETl,n

We have

1 1 ~

2l 2 wo- Yo, <5 3 e -],
teT n teT n teT1 n

We will apply the Corollary 1 of Kounias and Weng (1969) |

29]. So, it
suffices to show that

—Z<

For t € Th ,, and 6 € O, we have
fo—Yilog fi+ Fy = Yi(log £ —log f}) — (f}

_et( )H@) < oo

0(0) ~:(6) = Yy log f - ~f)-
By using the relation |log f§ — fg| <ifE- fg\, it comes that

5 =3l + s =5,

6(0) - o), < 4 I
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< (e -,

By Cauchy-Schwartz inequality,

5

60 - 50|, ) < B[(; M+ 1) |5 - B,
< )" (- 7)™
We have (by Minkowski inequality),
(E(é Ye| + 1)2)”2 - é(E|Y| )2 41 < 0.
Thus, it comes that

oo -0}, ) (el 2l})"

But, we have || f§ — fg”e <D st algo)(®)|Yt_j|. By using Minkowski in-
equality, it comes that B

(EHfa feH ) E|Y\ 1/2Za(0)

-1

Hence 2 1o
(#ls-5],)" <cxae©
>0
Thus R
B([a@) -a0)| ) <cd o ®©)
>t
Therefore
)OEZl AORA0] IEYe) BES ST CETe) B) DENUC)
t>1 t>1 >t t>1 5>t
71 71
SHENUCEE WO
j=1t=1 ¢ j>1 t=1 ¢
<C’Za(0 - (1+1logy)
j>1
<> aP©)+CY ol©)i
i>1 i>1

< oo (according to Ag(©) and (10)).
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Hence, it follows that

1 -~ a.s.
%H IRAOEDY et(a)H@ =250, (20)
teTl,n tETl,n

From (19) and (20), we deduce that

H% 3 Zt(a)fmo(e)“ SN

® n—oo
tETl,n

We will now show that the function 6 — L(0) = E{l(f) has a unique
maximum at 6y. We will proceed as in [9]. Let § € ©, with 6 # 6,. We
have
L(6o) — L(0) = Elo(6o) — Eto(0)
= E(Yolog fg, — fa,) = E(Yolog fy — f3)
= E [ f5,(log fg, —log f5,)] — E(f§, — f5,)-
By applying the mean value theorem at the function x +— logx defined

on [¢, +00l, there exists & between fg and f§ such that log f5 —log f§ =
(fo, — fgo)%. Hence, it comes that

L(60) — 1(6) = B( 15,045, = 19)) = B, = £9)
0
£((2 -8 - )

= B(¢U8, — (88~ 19).

Since 6 # 6y, it follows from assumption Id(©) that %(fgo =& (f9,—f§) #0
a.s. Moreover
o if fgo < f2, then fgo < & < f§ and hence %(fgo —f)(fgo —f§) > 0;
o if fgo > f9, then f§ <& < fgo and hence %(fg{J —5)(fgo —f)>o.
We deduce that %(fgo —&(fg, — f§) > 0 as.. Hence L(6y) — L(0) =
E(%(fg0 —&)(f§, — f§)) > 0. Thus, the function 6 — L(#) has a unique

maximum at 6.

(i), (ii) and standard arguments lead to the consistency of é\n(Tl,n). |

The following lemma are needed to prove the Theorem 3.2.

Lemma 7.1. Let (jn)n>1 and (kn)n>1 two integer valued sequences such that
(4n)n>1 is increasing, jn, — 0o and ky, — j, — 00 as n — 0o. Let n > 1, for any
segment T = T} . C {1,...,n}, it holds under assumptions of Theorem 3.2

that

%L,L(T, 6) — %En(T, 0)”6) —0.

1
E( 7=
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Proof. Letie€ {1,...,n}. We have

8 o 8 t ty 1 (9 t a t
691»L”(T’0) —Zaez (X/tIngG f9) - Z <)/tf5 aaZfQ 691f9
teT teT
0
= 0(0)
teT 90
and
0 1 0 4 d 5\ 0 ~
8_91Ln(T79) = Z (YtTta_Gife - 8_01f9> a0, +(0)
teT 6 teT
Hence
0, D 10, 0, 104 05
‘ae/t(e) ae/t(e)’ thg 50,7 ~ 96,7 tf;aoifﬁaeif"
10w 1O0a 10, 9
| Y e ot A )

Using the relation |a1b; — agbs| < |a1 — asg| |ba| + |by — ba] |a1], we have

19, 104 1 1 O a ‘8 O a
(- ==F<|5 +
1 8 1
Hence, (21) implies
0 0 ~
|55t - e < vl (515 - B, H
1] 8 o, 0 4
- B )- - 57,
9 & 9 . 0 4
<cmil|zgh| 5-7], +01+|Yt|>H89f T

Let r > 0. Using the Minkowski and Holder’s inequalities, it holds that

(e[lageo-gzieol[]) <o e o f—f?‘H;D”
0

+C(E [(HlYtl)r 0.0~ ft Dw

1/3 1/T
5 9 - 3r - 30\ 1/3
c | Ewe EH—ae_fe (E! —feH@>
i lle

9
8_(91-f9
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o\ 1/7 19,
+C [ (BEQ+v)™) " E

00;

27") 1/2) 1r
or\ 1/2r
@ >

0 =
8_01-f9

i
S OH}/t”37 f@

~ 1

>1/37’

0
+cm+mmf<ﬂb@ﬁ—

9
26;

0 &
80if9

But we have ||Y]|;, = C < oo and |1 + |Y}][|,, < cc. Hence

) ~ o 0 na (9 ()
<: .
‘69 _‘ (O)e+‘89i 69 0(0) C’+§ Q; 0) Yl
7>1
Thus,
0 00
HHa—ofé L C+ [Yolls, - af(©) < C(1+ > af(0)) < .

Jj=z1 Jj=1

We also have || f§ — ng@ <D a;o) (©)|Y;—,|. Hence

()s- ) 7 <eXae)
>t
The same argument gives
1/2
9 &l i Oq Mo
= <
< ‘ 09, 96,10 ) 96,7 ~ 26, C;‘)‘

Hence,

®]>1/r B C’Z ( (0) (1)(@)) ]

j>t

(]| 500 - gao|

Therefore, we have (with r = 1)

8 0 =

a@—mme

)

1
e
kn/_']n
1
S G 12
V kn‘_']n ;é;

1 (0) (1)
__(7;72225??z 2;; (;g; (Oﬁ (C» +_aj (()X))




= kle:Ei@P@HﬂP@D+§:C$WM+¢W®4
oI et | =t Fd
1 kn  kn ) a En .

g |EE e o) £ 5 (e o)
L SR (0) (1)

o [ L (i

J2kn
< C—r—= Z(j —jn) (@5 () +a;’(©)
\/m J=Jjn
LoV Y (a0) +alV())
J>kn
C jn+10g(kn—jn) . 1
S X U-i(g©+ae)

J=jn

C by o 1
+ ﬁ _ Z (J = Jn) (Olg-o)(Q) + Ot§ )(@))

j=jn+log(kn—1jn)

105 V() aflie)

J2kn

< %j” > (af?(©) +aiV (@)

j=1
0o Y Vi (a©+aV)
J2jn+log(kn—jn)
= ( (0 1
+0 Y Vi(al©) +al(e)
j>kn

—— 0.

n—-+oo

This holds for any coordinate i = 1...,d; and completes the proof of the lemma.
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Lemma 7.2. Let (jn)n>1 and (kn)n>1 two integer valued sequences such that
(Jn)n>1 is increasing, jn, — 0o and ky, — j, — 00 asn — co. Let n > 1, for any
segment T = T'n,kn c {1,...,n}, it holds under assumptions of Theorem 3.2,

2
(i) ‘ o aoow Ln(T,0) = (0053(96: )H@ —.9;
i Teer 5 (G F) (G F) - E (f—g@fe)(%fg)’) | =50,

Proof.
(i) For i,j € {1,...,d}, we have

0? 0 1 0
—%iaejft(e) = %(Ef_gﬁ_@fe -

0 (1 1 H?
o, () 26 fm o ]~ g,

1 (0fy 8f9 32 £l 0% fy
(52 \ 99, fg " 90,00, | ~ 96,00,

Y (9 v a
W <8_9if5> (3T?jf5> - (f_g - 1) aaon 1o (22

We will show that E[||#;9j£t(9)||] < +00. From the Holder’s inequality,
we have

= It

62

C(IYelly +1) 20.90.
10U

15

ell2

But, we have ||Y;[|; = [|Yo||3 < 00, and Y], < oo.

o 9 o, 0
|75 _H%ﬁ® e lag - 50|
< Za(l) ) Vi
j>1 3
< ifg(()) Il 3 V(@) < +oo.
= | 76,

7>1

Similarly, we have ||||55-f§llells < +oo. Using the same argument, we
J

obtain

<|[Yll, Zoz ) < 4o0.
j>1

HHae 90, f9



Inference and structural change for Poisson autoregression 1299

Hence, E||| 89?7;0&(0)”9] < +00. Thus, for the stationary ergodicity of the
1005

sequence (#;gj&(ﬁ))tez and the uniform strong law of large numbers, it

holds that
1 0? > a.s
——— ——0(0) — E———0u(0 —— 0.
‘ kn — jin 00;00; () 80,00, o) o motoo
This completes the proof of (i).
(ii) Goes the same lines as in (i) and as in Lemma 7.1. |

Proof of Theorem 3.2. Here again, without loss of generality, we will make
the proof with T}, x, = Ti,. Recall that © C RL Let T C {1,...,n}; for

any € © and i = 1,...,n, by applying the Taylor expansion to the function
0 — %Ln(T7 0), there exists 6, ; between 6 and 6 such that

0 02

(T,0) = a—eiLn(T, to) + 9090,

0

a_@Ln Ln(Tv on,i) ! (0 - 00)~

Denote 92
— 1
Gn(T,0) = = (8989.

Card(T) Ln(T, 97”))

1<i<d

It comes that

Card(T)G,(T,0) - (0 — 6y) = 9 L, (T,6p) — 9 L,(T,0). (23)
00 00
By applying (23) with 6 = @\n(T) we obtain

Card(T)C (T, 0,(T)) - (u(T) ~ 00) = 5 Lal(T,00) — 5 LT, ,(T). (24)

(24) holds for any T C {1,...,n}, thus

\/ﬁGn(Tl,na é\n(Tl,n)) ' (é\n(Tl,n) - 90) = = (

We can rewrite (25) as

~ ~ 1 0
\/ﬁGn(TI,n; an(Tl,n))(en(Tl,n) - 90) - ﬁ%Ln(TI,n; 00)

Lain(Tl,naé\n(Tl,n)) 1 <ai\n(T1,na§n(Tl,n)) _ aLn(Tl,nvé\n(Tl,n))>

~n 00 o 20 20

For n large enough, %Zn (T, gn(Tln)) =0, because IH\n (Ty,n) is a local maxi-
mum of § — Z(TLMQ).
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Moreover, according to Lemma 7.1, it holds that

E(1

0

69L (Tl n,9 (Tl,n))_

00

o ~ ~
_Ln(Tl,'ru an(TI,n)) ‘)

1 ]o 8
< — .
So, for n large enough, we have
~ ~ 1 8
VG (T, 00 (T1,0)) (0n(Trn) — O0) = NG Lyn(Tin,00) +op(1).  (26)

To complete the proof of Theorem 3.2, we have to show that

(a) (&5¢:(60), Fi)iez is a stationary ergodic martingale difference sequence
and B 5, (60)|2) < oo
(b) T = —E(5555to(60)) and Go(Ti 0, 0n(T10)) —22

n—-+o0o
(c) = E[é(a%fgg)(mfgo) ] is invertible.

(a) Recall that 2¢,(6y) = (;;Tto —1)& f§, and Fy = o(Y,,s < t). Since the

functions fj and % f4, are Fi_i-measurable, we have

E(aae (6o) | Fe— 1)=(f9 E(Y}|Fo1) — )%ﬂ;o:o

Moreover, since |Y;| and H% /4|l have moment of any order, we have

B(| gt 00)) < B((E 417 Zgi)) < o0

(b) According to (22), we have

2 /
() = é( 308) (5 ) + (5 - )2 h e

But by using the same argument as in (a), we obtain

Yy

B <(f_g0 - )aeae/ff’om ) =0

Hence, (27) implies

" (a1 ) :—E( 25;)2(%&)(%&)'

—~

N——
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Moreover, recall that

~ 1/ &
Gn(Tl,naen(Tl,n)) = _; TL(TLTM an,z)

For any j =1,...,d, we have

0? 0?
Z 80j89i£t(9n,i) -F <—80]’89i éo(%))
1 e 02 02
- Z 30,00; (On;) — E <—86j897; fo(en,z‘)) ‘

02 0?
+ ‘E (W%(Qn,i)> -F (W&)(Qo))‘

0? 0?
= (:00-9) = = (551000

IN

IN

+ lna—2€(9)—E 8—2“9) —2* 50
n =1 893391 K 89]391 0 n—+too

This holds for any 1 < ¢,j < d. Thus,

~ 1/ &
Gn(Tl,naen(Tl,n)) = *E met(on,z)

1<i<d

a.s. 82 o 1 0 0 9 0 / —
PR <8980’€0(90)> =F [f& <aaf90> (aefeo) ] =

(c) If U is a non-zero vector of R%, according to assumption Var, it holds that
U%fgo # 0 a.s. Hence

! i 20 20 ' /
Uxu —E<fgoU<89feo> <6ef90) U) > 0.

Thus ¥ is positive definite.

From (a), apply the central limit theorem for stationary ergodic martingale
difference sequence, it follows that

19 1 &0
%%Ln(Tngo) = ; %ft(eo)

LN(O,E

n——+oo

(%m(%)) (%%(%))ID - (28)
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Recall that for i = 1,...,d, 35-0:(0) = (3 — 1) 75 f- For 1 <1, j < d, we have

7
B (g 400 > gtt00)) = B[B((5r =1 gt > g fhl 7o)
- E{E((f% —1)*|Fi) x a%fgo x a%fgo}.
We have,
E[(};’; 1) |F] = (J%)QE(Yt?m_n g xS
=ﬁE<¥£|fH>— G (Ve GalFe) + (BIR)?) -1
- feo) S+ () —1= f;
Thus,
5[ (5g;400) x (g te00)) | = 2[5 (5:4.) * (55,0) |
Hence,

[ (gtuom) « (ggtuo0) 1= Bl () = (574 ] ==

Thus, (28) becomes

1 0
V/n 00
(b) and (c) implies that the matrix G,, (11 5, Qn(TLn)) converges a.s. to ¥ and

Gn(Tl,n,@\n(Tl,n)) is invertible for n large enough. Hence, from (26) and (29),
we have

n(Tl nsy 90 90 —> N(O Z) (29)

72

VAT = 00) = 7 (Gn(Ti Ba(Tia)) ™ gL T 00) + or (1)
= %Z_I%Ln(Tlﬂheo) + OP(l)
n——+0o N(O = )

Before proving the Theorem 4.1, let us prove some preliminary lemma. Under
Hy, recall

>= E[fg (aefeo)(aaf%”_E{(;z (90))(889 (90))/]

Define the statistics

o (), = max,, <k<n—v, Cn, Where
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Cn,k
1 k(n—k)? /~ ~ ’ —~ -
= 2 (5) 3 <9n(T1,k) - 9n(Tk+1,n)) )Y (en(Tl,k) - 9n(Tk+1,n))

1 1
° Q,SL) = MaXy, <k<n-—vy, Q,EL}C where

~ ~

QSL = (9n(T1,k) - en(Tl,n))/E (é\n(Tl,k) - an(T1,n)) ;

2 2
° Q%) = MaXy, <k<n—v, QEIL where

~

Q) = (n=k)? (@L(Tkﬂ,n) - §n<T1,n))' 2 (5n(Tk+1,n) - 9n(T1,n)) :

n

Lemma 7.3. Under assumptions of Theorem 4.1, as n — 400,

(Z) maxvngkgn—vn Cn,k - On,k| :‘OP(]-); )
(ii) for j = 1,2.max,, <k<n—v, Q) = Quil = or(1).

Proof.

(i) For any v, < k < n — v,, we have as n — oo

CA'n}k — Cn’k‘ _ " z%) kQ(nng k)?
< | (Bu(i) - §n(Tk+1,n))/ (Bntun) =) (0u(T10) = BT |
< 1 Bo-k? Hi (u )—EH 0 (i) — On(Tesr )|
S (%) 3 n(Un (T n(Tkt1,n
< Comy B = 5] (V@i —o0)
e -0
< cﬁ B om)0n(1).

Thus, as n — 0o, it holds that

~ 1 k(n—k
max |Cpp—Chi| <op(l) max k Lz)
vp<k<n—u, vn <k<n—uvy ¢? (z) n
1 k k
< op(1 —(1
<or,, B, Emat W
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V=)

The last equality above holds because supg.,.q e <00 it is a

consequence of the properties of the function ¢ when Iy 1(q, ¢) is finite for
some ¢ > 0.
(ii) Goes the same lines as in (i). |

Proof of Theorem 4.1.

1. According to Lemma 7.3, it suffices to show that

2
c, 2 sup WaDI”

nesoo 0<T<1 q? (7')

Let v, <k <n—wv,. By applying (24) with 7' = T} , and Tj+1 5, we have

Gn(Tle é\n(T‘l,k))(é\n(T‘l,’C) - 90)

_1 0 0 ~
— 1 (gt (Tto) = gy LalTin (i) )

and

G (Tier 1m0 On (T 1.0)) (0n (Thr1.0) — o)

1 0 0 ~
= —n -y (%Ln(Tk)+1,n7 90) - %Ln(TkJrl,n, en(Tk+1’n))> .

As n — +00, we have

|G Tk BT = = = | GalTit 1 Bu(Tisra)) = 3] = 01)
VO, (Ty ) — 00) = Op(1) and Vi — k(0 (Ths1.) — 00) = Op(1).

Thus, we have

VE S0,(T100 ~ 0) = 1= (Lo (Tusf0) = g La(Tu T30 )

— VE(G (T, 0n(Ti k) — ) (00 (T1 1) — 6o)

1 0 o —
ﬂ(%mm@m%mmbmnm>mﬂn

i.e.

0
<_Ln(T1,ka90) -

wl»—‘

o ~
50 _Ln(Tl,kvon(Tl,k)))

00
—|-0P<

).

Sl -
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Moreover we have (as n — +00)

P N
T ' %Ln(Tl,kaan(Tl k H 7E H89 (Ty kaon(Tl k) — OH
< A (B (Tig)) — 2T (g8 (T1r)
> % 90 n\41,k,Un\L1,k 90 n\41,k,Un\L1k
1 0 0
< —|I|1= — = :
< 7| gttt - GLTw0)| = o)
Hence
~ 1 10 1 0
X(0,(Th k) — 60) = 7 (E%Ln(Tl,IweO) ﬁ@&L”(TI oy O (T, k)))
1
+ -
r (ﬂ)
10 1
kwuﬁnmw\@@m+%<ﬂ)
10 1
E@QL (T1 k,90)+0p(\/E)

Thus, we have

~ 0 1
X(0,(Tv k) — 6o) = %Ln(Tm,eo) +op (—) .

Vi

i

Using the same ideas we also get:

. 1 9 1
E(an(Tk+1,n) — 00) = H%Ln(Tk+l,nv 90) +op ( m— k’) :

By subtracting the two above equalities, it follows that

S(0n(T1 k) — On(Ths1,0))

13 1 0 1
L (Tesrn,
= gl 00) = Sy g e (T, 0)+0P(\r =)
15‘ 1 0 0
=190 L, (T k,00) — 7((’)911 (Ti,n,00) — (%Ln(Tl,k,@o))
oG )
F VEk n—=k
n 8 n o 1 1
- (e E i) o )
ie.
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—%(aL (T1,k,60) — fz(%L (T1n>00)>
N ( k(n—k)\/E-i-vn—k‘)
op n

vn
1 0 kO
= 777‘ <89Ln(T1,k300) - naeLn(TLy“go)) +0P(1)
Thus
k(n—k
%E V25(0,(T1 &) = O (Tht1.0))
2—1/2 6 k‘ 8
=7 (89 n(T1,k,00) — n80L n(Th, n,ﬁo)) +op(1). (30)
For 0 < 7 < 1, we have
1 8 [nT]
\/_89 (Tl [nT]> 00 Za@ (90

We have shown (see the proof of Theorem 3.2) that (%Et(ﬁo),}})tez is
a stationary ergodic square integrable martingale difference process with
covariance matrix 3. By the Central limit theorem for the martingale

difference sequence (see Billingsley, 1968 [4]), it holds that

\/— 90 (Tl [TLT]700) - T% (Tl,na 0))

[nT] n
S ( 9 1,60 - “;i] 8@(90)) —— By(r) ~ 7Bx(1)

1 (a (nr] 8

vn 90 90 ~

where By, is a Gaussian process with covariance matrix min(s, 7). Thus
it follows that

Ly o
\/EE (agL (Tl [n7]> 90) n 00 (Tl,naQO)

A———) Bd(T) - TBd(l) = Wd(T)

n—-+oo

in D([0,1]), where By is a d-dimensional standard Brownian motion, and
Wy is a d-dimensional Brownian bridge.
So, we have (see (30))

[n7]*(n — [n7])?
n3
X (gn(Tl,[nT]) - gn(T[n'r]+1,n))lz(9n(Tl,[nr]) - 9n<T[n'r]+1,n))

Cn, [nT] =
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_ H [nT](n — 2

nr]) _ xF 0.
T[])E 1/22(0n(T1,[n7']) - on(T[nT]-l-l,n))H

L (SR 0, o T, i
Hﬁz (t_l gg %) = ;%WO))H +or(l)
—— [[Wa(n)|I* in D([0, 1]).

Hence, according to the properties of ¢, we have for any 0 < € < 1/2

max Ch k
[ne]<k<n-—[ne]

1 k*(n—k)?
(5
X (04(T1,1) = On(Tsr,0)) (00 (Ta 1) — O (Tk+1,n)))
_ 1 [ n— [nr])?
= (G w
X (é\n(Tl,[n'r]) - é\n<T[nT]+1,n))/E (é\n(Tl,[n'r]) - é\n(T[nT]Jrl,n))

) <;LTT]) [nT](Z?;Q[nT])zlm (9 (T [nr)) — 5 (T[nT]ﬂ’n)) Hz

q<[}w]) 289 (6o) — ad Z%Et (60) H2+0p(1)

= max (
[ne]<k<n—[ne q2

= sup
e<7t<l—¢

= sup
e<t<l—e¢

n—+00 e<7<l—¢ q2(T)

Therefore, we have shown that

o [Waml® |
D([0,1
Cninr) To7 g2y 0 P01
and that for all € € (0,1/2),
Wa(DII” )||
max Cnr= sup Cpnr — 2 5 su
[ne]<k<n—[ne] * eSTSIi € ] n—r+oo e<‘r§1? € QQ(T)

Moreover, since In1(g,¢) < +oo for some ¢ > 0, one can show that
lim, o W < oo and lim,_,; W < oo almost surely (see for in-

stance [6]). Hence, for n large enough we have

[[Wa(r)]I
C,= max C,p= sup Ch,n7] _r sup 2 .
vn<k<n—v, tnlr<l-tn " n—+oo o<r<1 4 (7')

. Apply Lemma 7.3 and goes along similar lines as in the proof of Theorem
1 of [27]. ]
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Proof of Theorem 4.2.

1. Assume the alternative with one change at ¢t} = [ry'n] with 0 < 77 < 1.
The observations satisfy

Y for t<ty,
' Y{t@) for t>t}

where (Yt(l)) and Yt(Q) satisfy the main model (3) i.e.
v [ FD ~ PO

with AP = for (V,, v, 9,000,010 # 63, and F) = o(Y{),s < 1),
Recall that Gn = maXy, <k<n—uv, @L,k > C*n,t;. It suffices to show that

~ P
Cp.4» —— +00. We have
1 n—+oo

~ 1 3% (n —t%)?

Cnt*f
sty 1 3
q(l) n

x (0u(Tia) = u(Tig 1)) Slan) (0u(Try) = BulTig 1))

Recall that the likelihood function computed on any subset T C {1,...,n}
is defined by

Lo(T,0) = > 4(0)
teT
where lZ(G) = Ytlogl?g — Z}g with fot = fo(Yie1,Yi—o,...,Y1,0,...). So,
for any t € {1,...,t}, J/’Z = fg(Y;(_l)l,Yt(_l)z, .. .,Yl(l),O7 ...). Then 0
E(Tl,t;,e) is the likelihood function of the stationary process (Yt(l))tez
computed on {1,...,t}. According to Theorem 3.1, it holds that é\n(TI,t’l‘)
—2% 5 %, Recall that

n——+oo

o ! L& 1 /03[0 %)
Y (un) = 3 (u—nZ? (@fﬁ)) (@f@) )
t=1J6 0=0,(T1 u,,)

1 S N AN A
+ (nu” tz%ﬂﬁ (@f@) (@f@) )

Denote I;1(8) = Y;(l) log f;’l — fg’l where

o= ey v, v 0.
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We have, 6, (T, —— 0} and, from Lemma 7.2, it holds that
n——+0oo

11 /0 25\ as
" ?(%3) (%@ o =
"t:lfe

/
_ 1 (8 0,1\ (8 0,1
where ¥() = F [?11 (mf; ) (mf : ) } Also, we have

n

En(TtHLmH) = Z 0,(0) where 04(0) = Y;log f} — [,

t=t+1
with
]?5 = fG(Y;ﬁflaY;ﬁ727‘ B ,Ylvov .. ) = f@(}/;(i)]7)/;(j)27 . '3Y1(1)’07‘ . )
Define

n
Lop(Tize1m ) = Y Ga(0), where £,5(0) = Y, log f3* — f;,
t=t}+1

with 112 = f,(v,\%, v,\%, . .,Y1(2),0,..A.).
Remarks that the difference between ff and f}z lies on the dependence
with the past. ]?g can contain Y;(E)I, but not fg’Q. 0 — Enyz(ﬂiu,_l’n,e)

is the approximated likelihood of the stationary model after change. By
Theorem 3.1, it holds that

97(12) (Tt’l‘-i-l,n) = argmaxycg Ln,Q(TtI—i-l,na 9) ﬁ) 9;
Let us show that
|

*
n —tj

Ln(T;E’I‘Jrl,n; 9) - Ln,2(/—Tt’{+17na 9)H® m 0.

According to

1
n —t}

Zn(thJrl,m 0) - Zn,2(TtI+1,m 9)H® <

*
n—ty

1
n—t} Z

k=1

by 4k(0) — Zt;+1c,2(9)H®7

by using again Kounias and Weng (1969) [29], it suffices to show that

1 ~ ~ 1 —~ ~
> 2 [fan®). i a®)] = X =B [20) - L@ < ox.
k>1 E>1




1310 P. Doukhan and W. Kengne
For t > t7 + 1, we have

dl

E(Q) B lz,z(Q)He} =E { v, IOgJ?Gt - f?; — Yt(2) log]/‘;t’2 + J/”ZQH@}
<o -], - )

We can show, as in the proof of Theorem 3.1, that Hlog f\g — log fZ’QH <

1| 7t 7,2
21— fo He' Hence

2

B[ - 7o), ] < B[P ) |- 727,

) 1/

LRI 0wl
< =t 1 _ s

<(e[(C+0]) < (2lm-7,

o2 1/2

<o (z7-#7:)

But, for t > t] + 1, we have

7t 7t,2
7= 27l
2 2 1 1 2 2
o LSS O 0 S RS TS B 10 i T A ||

ty+10
t
< Z (0) Y(1)|
j=t— t —+1

Thus, by using Minkowski’s inequality, it holds that
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t

<Y 3 pele

t>tr 41 j=t—t 41
Set [ =t —t}, we have

Z Z #0{5‘0)(@) = Z Z %QSO)(@) < %Oé;())(@)

t>67 41 j=t—t7 +1 1 1>1 j=I+1 I>1 j=l

J
gCZag-O)(@)logj—k Z a§0)(@)z%

j=1 j=tr41 =1

< C’Z a§0)(@) log j < +o00.

So, we have

o~

7.(0) — E,Q(Q)HG <C< oo as.

1
2 t—tr

>t 41
Hence,
1 T T a.s.
n—t{ Ln(ﬂf,nae)_Ln,2(rftf,n50)H@ mo
According to the proof of Theorem 3.1,
L Es(Tye . 0) — B (9)H BLEINN
n— tT n,2 t1,mo 0,2 6 n—otoo

where
Lo(0) = VP log 5% — £, with f3° = fo(V2, V.2, ..).

Moreover, the function 6 — E (lp2(0)) has a unique maximum at 63.
This is enough to conclude that 0, (T y1,,) % 5. To complete the
n——+0oo

proof of this part of Theorem 4.2, remarks that the two matrices in the
definition of ¥,,(u,) are positive semi-definite (by definition) and the first
one converges a.s. to X(1) which is positive definite. Thus, for n large
enough, we have

O = O > C e

Cn Ungrl?ga'r)f—'un Cn,k = Cn,tl

1 2 (n—t17)? (A

>
(%)
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r —~ —~ /

111 afg) (aﬁ)) - 5

= — =< A A an(Tl,tf) - en(crti‘+1,n)
_2 <un ol 1 (86 00 6B (Ts 0. ) ( )
> S n(r (1 — T*))2 ((/9\ (Ty4:) — 0, (Ty= 11 ))/
T supg, o g(t) ' e R

Un

>

t=1

1

Un

1
f5

(

(é\n(Tl,t’l‘) - an(TtHl,n))

—~, ~, !/
L1 &1 (off) [of ~ ~
> <u_ 7 <_9 E NI (00T = 0 (Tiz 1))
L =170 =01 (T ) |
a.s. +OQ
n—-+oo

This holds because @L(TM»{) — §n(Tt;+1,n) Lj—% 07 — 65 # 0, and
n——+0oo

Un

1 L0\ (0 a) as  wo
w2 (o) (8) o=

which is positive definite.

This completes the first part of the proof of Theorem 4.2.

It goes along the same line as in the proof of Theorem 2 of [27], by using
the approximation of likelihood as above. |
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