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Abstract

Count time series modeling has drawn much attention and considerable development in the recent
decades since many of the observed stochastic systems in various contexts and scientific fields are
driven by such kind of data. The first modelings, with linear character and essentially inspired by the
classic ARMA models, are proved to be insufficient to give an adequate answer for some empirical
characteristics, also observed in this type of data, such as the conditional heteroscedasticity. In order
to capture such kind of characteristics several models for nonnegative integer-valued time series arise
in literature inspired by the classic GARCH model of Bollerslev [10], among which is highlighted
the integer-valued GARCH model with conditional Poisson distribution (briefly INGARCH model),
proposed in 2006 by Ferland, Latour and Oraichi [25].

The aim of this thesis is to introduce and analyze a new class of integer-valued models having
an analogous evolution as considered in [25] for the conditional mean, but with an associated
comprehensive family of conditional distributions, namely the family of infinitely divisible discrete
laws with support in Ny, inflated (or not) in zero. So, we consider a family of conditional distributions
that in its more general form can be interpreted as a mixture of a Dirac law at zero with any discrete
infinitely divisible law, whose specification is made by means of the corresponding characteristic
function. Taking into account the equivalence, in the set of the discrete laws with support Ny, between
infinitely divisible and compound Poisson distributions, this new model is designated as zero-inflated
compound Poisson integer-valued GARCH model (briefly ZICP-INGARCH model).

We point out that the model is not limited to a specific conditional distribution; moreover, this
model has as main advantage to unify and enlarge substantially the family of integer-valued stochastic
processes. It is stressed that it is possible to present new models with conditional distributions with
interest in practical applications as, in particular, the zero-inflated geometric Poisson INGARCH and
the zero-inflated Neyman type-A INGARCH models, and also recover recent contributions such as the
(zero-inflated) negative binomial INGARCH [81, 84], (zero-inflated) INGARCH [25, 84] and (zero-
inflated) generalized Poisson INGARCH [52, 82] models. In addition to having the ability to describe
different distributional behaviors and consequently, different kinds of conditional heteroscedasticity,
the ZICP-INGARCH model is able to incorporate simultaneously other stylized facts that have been
recorded in real count data, in particular overdispersion and high occurrence of zeros.

The probabilistic analysis of these models, concerning in particular the development of necessary
and sufficient conditions of different kinds of stationarity (first-order, weak and strict) as well as the
property of ergodicity and also the existence of higher order moments, is the main goal of this study.
It is still derived estimates for the parameters of the model using a two-step approach which is based
on the conditional least squares and moments methods.






Resumo

A modelacdo de séries temporais de contagem conheceu nas ultimas décadas grande impulso e
desenvolvimento, devido sobretudo ao fato de muitos dos sistemas estocdsticos observados, nos mais
diversos contextos e dreas cientificas, terem como resposta tal tipo de dados. As primeiras modelacdes,
de caréter linear e essencialmente inspiradas nos cldssicos modelos ARMA, revelaram-se insuficientes
para dar resposta a algumas caracteristicas empiricas, também observadas neste tipo de dados, como
a heteroscedasticidade condicional. De modo a ter em conta tal tipo de caracteristicas, surgiram
na literatura virios modelos para séries temporais de valores inteiros nao negativos inspirados nos
GARCH cléssicos de Bollerslev [10], entre os quais se destacam os modelos GARCH de valores
inteiros com distribui¢do condicional de Poisson (designados modelos INGARCH), propostos em
2006 por Ferland, Latour e Oraichi [25].

O objetivo fundamental deste trabalho é introduzir e analisar uma nova classe de modelos de
valores inteiros com evolucdo para a média condicional andloga a considerada em [25] mas em
que se considera associada uma familia abrangente de leis condicionais, nomeadamente a das leis
infinitamente divisiveis discretas com suporte em Ny, inflacionadas (ou ndo) em zero. Consideramos
entdo uma familia de leis condicionais que, na sua forma mais geral, podem ser interpretadas como
misturas de uma lei de Dirac com uma qualquer lei discreta infinitamente divisivel, sendo a sua
especificacdo feita através da fungdo caracteristica. Em consequéncia da equivaléncia, no conjunto
das leis discretas com suporte Ny, entre leis infinitamente divisiveis e leis de Poisson compostas, este
novo modelo denomina-se modelo GARCH de valor inteiro Poisson Composto inflacionado em zero
(abreviadamente ZICP-INGARCH).

Para além de ndo se limitar a considerar como lei condicional uma lei especifica, este modelo
tem como principal vantagem unificar e alargar significativamente a familia de processos estocdsticos
de valores inteiros. Destaca-se que € possivel evidenciar novos modelos com leis condicionais com
interesse nas aplica¢des praticas como, em particular, os modelos INGARCH Poisson geométrico e
INGARCH Neyman tipo-A eventualmente inflacionados em zero, e também reencontrar contribuig¢des
recentes como os modelos INGARCH binomial negativo [81, 84], INGARCH Poisson [25, 84] e
INGARCH Poisson generalizado [52, 82] eventualmente inflacionados em zero. Para além de ter a
capacidade de descrever diferentes comportamentos distribucionais e, consequentemente, diferentes
tipos de heteroscedasticidade condicional, o0 modelo ZICP-INGARCH consegue incorporar outros
factos estilizados muito associados a séries de contagem, nomeadamente a sobredispersdo e a elevada
ocorréncia de zeros. A andlise probabilista destes modelos, no que diz respeito em particular ao
desenvolvimento de condicdes necessdrias e suficientes de estacionaridade (de primeira ordem, forte e
fraca) e ergodicidade e também de existéncia de momentos de ordem elevada, é o objeto principal
deste estudo. Sdo ainda determinados estimadores para os pardmetros do modelo seguindo uma
metodologia em duas etapas que envolve o método dos minimos quadrados e o dos momentos.






Table of contents

List of figures xi
List of tables xiii
1 Introduction 1
1.1 Counttime Series . . . . . . . . v v v v i i e e e e e e e e e e e e 1

1.2 Areview in count data literature . . . . . . . . ... ... 3

1.3 Overviewofthe Thesis . . . . . . . . . . . .. . . .. .. . i 5

2 The compound Poisson integer-valued GARCH model 7
2.1 Infinitely divisible distributions and their fundamental properties . . . . . . . . . .. 7
2.2 The definition of the CP-INGARCH model . . . ... .. ... ... ........ 17

2.3 Important cases - knownand new models . . . . . .. ... ... L. 20

3 Stationarity and Ergodicity in the CP-INGARCH process 27
3.1 First-order stationarity . . . . . . . . ... L. L 27

3.2 Weak stationarity . . . . . . . . . ... e e e e e e 28

3.3 Moments StTUCtUTE . . . . . . o v vt e e e e e e e e e e e e e e e e e 41
3.3.1 The autocovariance function . . . . . . .. ... ... ... ... .. 41

3.3.2 Moments of a CP-INGARCH(1,1) . .. ... .. .............. 44

3.4 Strict stationarity and Ergodicity . . . . . ... ... oL oL 49

4 CP-INARCH(1) process: Moments and Estimation Procedure 61
4.1 Moments and Cumulants . . . . . . . . . ... 62
4.2 Two-step estimation method based on Conditional Least Squares Approach . . . . . 70

5 The zero-inflated CP-INGARCH model 81
5.1 Zero-inflated distributions . . . . . . . ... 81

5.2 The definition of the ZICP-INGARCH model . . . .. ... ... ... ....... 84

5.3 Weak and strict stationarity . . . . . . . . . .. L. o 88

6 Conclusions and future developments 103

Appendix References 105



X Table of contents

Appendix A 111
A.1 Matrices By of the autoregressive equation (3.5) . . .. .. ... ... ....... 111
A.2 Matrices Ay of the autoregressive equation (5.10) . . .. ... .. ... ... .... 112

Appendix B Another necessary condition for weak stationarity of CP-INGARCH pro-

cesses 115
B.1 Somematrixresults . . . . . . ... 115
B.2 Thenecessary condition . . . . . . . .. ... o 116
Appendix C Auxiliary Results 123
C.l Lemma3.l . ... ... . e 123
C.2 Proofof formula (4.3) . . . . . . . . . . 125
C.3 Proofof Theorem 4.2 . . . . . . . . . . . e 128
C4 Proofof Corollary 4.2 . . . . . . . . . . . . e 136
Appendix D Programs 141
D.1 Trajectories of Sections 2.3 and 5.2 . . . . .. .. ... ... ... ... .. ..., 141
D.2 Stationarity regions of Sections 3.2and 5.3 . . . . ... ... oL 146

D.3 Simulation Study - Section4.2 . . . . . ... ... 151



List of figures

1.1

2.1

2.2

23

2.4

25

2.6

2.7

2.8

3.1

3.2

33
34

Daily number of hours in which the price of electricity of Portugal and Spain are
different. . . . . . . . L

Probability mass function of X ~ NTA(A,¢). From the top to the bottom in abscissa
x=2,(A,¢)=(10,0.1) (approximately Poisson(1), with p.m.f. represented in blue),
(4,1), (0.3,4) (approximately ZIP(4,0.7), with p.m.f. represented in red). . . . . . .

Probability mass function of X ~ GEOMP(A, p) with A /p = 10 and p taking several
values. From the top to the bottom in abscissa x = 10, p equals 1, 0.8, 0.6, 0.4, 0.2. .

Trajectories and descriptives of INGARCH(1, 1) models with o = 10, o; = 0.4 and
B1 =0.5 (on top); &g = 10, oy =0.5and B; =0.5 (below). . . . . . ... ... ...

Trajectory and descriptives of a NTA-INGARCH(1, 1) model with &g = 10, oy = 0.4,
Bi=05and @ =2. . . . . ...

Trajectory and descriptives of a GEOMP-INGARCH(1,1) model with oy = 10,
o0 =04, B1=05andr=2.. ... ... . ... ...

Trajectory and descriptives of a CP-INGARCH(1, 1) model with ¢, the characteristic

function of a binomial(5000, ﬁ) distribution considering oy = 10, oy = 0.4, and

Br=0.5

Trajectory and descriptives of a GEOMP2-INARCH(1) model with o = 10, o} = 0.4,
and p* =0.3. . . . e e e

Trajectory and descriptives of a GP-INARCH(1) model with o = 10, a; = 0.4, and
K=0.5. . .

Weak stationarity regions of a CP-INGARCH(p, p) model under the condition o, +
By < 1, with the coefficients oy = ... = 0,1 = B = ... = B,—1 = 0 and considering
vi =5 (darkest gray), 0.5 (darkest and medium gray) and O (dark to lightest gray). . .

Weak stationarity regions of a CP-INGARCH(2, 1) model with o) + o + 1 < 1,
considering v; = 0 (lightest gray), 0.5 (medium gray) and 5 (darkest gray). . . . . . .

The three planes that define the weak stationarity regions of Figure 3.2. . . . . . ..

Autocorrelation function of an INGARCH(1, 1) (on the left) and NTA-INGARCH(1, 1)
model with ¢ =2 (on the right): @y =10, ¢y =0.4and B; =0.5. . ... ... ...

xi

14

15

24



xii List of figures
4.1 Simultaneous confidence region based on CLS estimates for the INARCH(1) (on the
left) and the NTA-INARCH(1) (on the right, with ¢ = 2) models with o = 2 and
o = 0.2. Confidence level y = 0.9 (lightest gray), 0.95 (lightest and medium gray)
and 0.99 (dark to lightest gray). . . . . . . . . . . .. ... 79
5.1 Probability mass function of X ~ ZIP(A,®). From the top to the bottom in abscissa
x=4, (A, 0) = (4,0) (simple Poisson case with parameter 4), (4,0.3), (4,0.7), (1,0.3). 83
5.2 Trajectories and descriptives of ZIP-INGARCH(1, 1) models with ap = 10, oy = 0.4
and f; =0.5: ®=0.2 (ontop) and ® = 0.6 (below). . . . . ... ... ... .... 87
5.3 Trajectory and descriptives of a ZINTA-INGARCH(1, 1) model with o = 10, a; =
04, =05 ¢=2andw=06. .. ..... .. .. .. ... ... .. 87
5.4 First-order stationarity regions of a ZICP-INGARCH(2, 1) model considering @ = 0.6
(darkest gray), 0.4 (medium gray) and O (lightest gray). . . . . ... .. ... .... 88
5.5 The three planes that define the first-order stationarity regions of Figure 5.4. . . . . . 88
5.6 Weak stationarity regions of a ZICP-INGARCH(p, p) model under (1 — w)c, + B, <
1, considering oy = ... = a,_1 = B = ... = B,—1 = 0 and w = O (lightest gray), 0.4

(lightest and medium gray) and 0.9 (light to darkest gray). We have v; = 0 (on the
leftyand vi =5 (ontheright). . . . ... ... ... ... ... ... ... ..... 92



List of tables

4.1
4.2

4.3

4.4

4.5

4.6

4.7

4.8
4.9

CLS estimators performance for the INARCH(1) model-tentativa2. . . . . . . .. ..
Expected values, variances and covariances for the CLS estimates of the INARCH(1)
model for different sample sizes n and with coefficients og = 2 and ¢¢; = 0.2.
Expected values, variances and covariances for the CLS estimates of the NTA-
INARCH(1) model for different sample sizes n and with coefficients op =2, o = 0.2

Expected values, variances and covariances for the CLS estimates of the GEOMP2-
INARCH(1) model for different sample sizes n and with coefficients oy = 2, a; = 0.4
and p* =0.1. . . . . e e
Empirical correlations for the CLS estimates of the NTA-INARCH(1) model for
different sample sizes n and with coefficients g =2, @y =0.2and ¢ =2. . . . . . .
Confidence intervals for the mean of p,q (0, a ) and for the mean of p,q (01, a ), with
confidence level ¥y = 0.99 and for different sample sizesnandn. . . ... ... ...
Estimated coverage probabilities of the confidence region CLS Igg . . . . . . . . .
Estimated coverage probabilities of the confidence region CLS Iygs . . . . . .. ..
Estimated coverage probabilities of the confidence region CLS g9 . . . . . . . ..

xiii

76

78






Chapter 1

Introduction

"God made the integers, all the rest is the work of man." - Kronecker

A time series is a collection of observations made sequentially through time. The list of areas
in which time series are studied is endless. Examples include meteorology (e.g., the temperature at
a particular location at noon on successive days), electricity (e.g., electricity prices in a particular
country for successive one-hour periods), or tourism (e.g., the monthly number of tourist arrivals in a
certain city). The main goal of time series analysis is to develop mathematical models that enable plau-
sible description of the phenomena, allowing to understand its past and to predict its future behavior.

1.1 Count time series

Until the end of the seventies, the studies of time series models were dominated by real-valued
stochastic processes. However, many authors have underlined that such models do not give an
adequate answer for integer-valued time series. For instance, when we deal with low dimension
samples disregarding the nature of the data leads, in general, to senseless results as the asymptotic
behavior of the corresponding statistical parameters or distributions is not available ([27]).

Thus, the investigation of appropriate methodologies for integer-valued time series has attracted
much attention in the last years, also motivated by its importance and common occurrence in various
contexts and scientific fields. In particular, the interest in nonnegative integer-valued time series, or
count time series, has been growing since integer-valued time series often arise as counts of events.
The hourly number of visits to a web site, the daily number of hospital patient admissions, the monthly
number of claims reported by an insurance company, the yearly number of plants in a region or the
annual number of couples who marry in Portugal are some examples of count time series.

This type of data exhibits certain empirical characteristics which are crucial for correct model
specification and consequent estimation and forecasting. The variance greater than the mean (or
overdispersion) and an excess of zeros (or zero inflation) are commonly observed in count time series
being its modeling of great interest for many researchers. The reasons frequently reported in literature
for such overdispersion are the presence of positive correlation between the monitored events or a

variation in the probability of the monitored events (see Weil3 [77] and references therein).



2 Introduction

The observed overdispersion may also be the result of excess of zeros in the count data. Such
data sets are abundant in many disciplines, including econometrics, environmental sciences, species
abundance, medical, and manufacturing applications ([67]). This potential cause of overdispersion
is of great interest because zero counts frequently have special status. First, the zeros may be true
values concerning the absence of the event of interest (e.g. no pregnancies, no diseases, no alcohol
consumption and no victimizations). These are called expected or sampling zeros. Second, some of
the zeros may reflect those individuals who produce always a zero in the event of interest. For example,
it is reasonable to assume that among the women who have not been pregnant, at least a few of them
are simply unable to get pregnant; an individual may have no disease response because of immunity
or resistance to the disease; a student may never drink alcohol for health, religious, or legal reasons.
These zeros are inevitable and are called structural zeros. Finally, the zeros may be the result of
underreporting of the occurrence of the event or they may be due to design, survey or observer errors.
For example, respondents may not report victimizations due to forgetfulness or social desirability.
It has also been noted that certain crimes go unreported to the police such as victimless crimes (e.g.
drug offenses, gambling, and prostitution), intimate partner violence, and minor offenses in general
([62]). Zuur et al. [87], about the bird abundances in forest patches, referred that a design error can be
obtained from sampling for a very short time period, sampling in the wrong season, or sampling in a
small area. Sometimes these zeros are called false zeros. The production of structural zeros or the
underreporting events can be conceptualized as sources of zero inflation. Perumean-Chaney et al. [62]
used simulations to assess the importance of accounting for zero inflation and the consequences of its

misspecifying in the statistical model.

To illustrate the importance of taking into account the characteristics referred above we consider a
time series that represents counts of hours in a day in which the prices of electricity for Portugal and
Spain are different. OMIE is the company that manages the wholesale electricity market (referred
to as cash or “spot”) on the Iberian Peninsula. Electricity prices in Europe are set on a daily basis
(every day of the year) at 12 noon, for the twenty-four hours of the following day, known as daily
market. The market splitting is the mechanism used for setting the price of electricity on the daily
market. When the price of electricity is the same in Portugal and Spain, which corresponds to the
desired situation, it means that the integration of the Iberian market is working properly. (1)
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Fig. 1.1 Daily number of hours in which the price of electricity of Portugal and Spain are different.

IThis information was taken from the OMIE site (http://www.omie.es).



1.2 A review in count data literature 3

The data presented in Figure 1.1 consists of 153 observations, starting from April 2013 and ending
in August 2013. Empirical mean and variance of the data are 1.8039 and 9.4481, respectively. There
are 92 zeros which corresponds to 60.13% of the series. Thus, this series presents a large proportion of
zeros, as well as evidence of overdispersion. Let us observe that this series exhibits also characteristics
of heteroscedasticity.

1.2 A review in count data literature

It is not possible to list here all the integer-valued models available in the literature. We present a
sample of what has been developed hoping to illustrate the great interest in this subject in recent
years. Many of the proposed integer-valued models take as reference the modeling by the real-valued
stochastic processes, namely the autoregressive moving average (or briefly, ARMA) evolution.

One of these approaches was proposed by Jacobs and Lewis [43, 44] developing a discrete
ARMA (DARMA) model using a mixture of a sequence of independent and identically distributed
(i.i.d.) discrete random variables. Another way to obtain models for integer-valued data consists
in replacing the usual multiplication in the standard ARMA models by a random operator, which
preserves the discreteness of the process, denominated thinning operator. This operator was introduced
as the binomial thinning and leads to the family of integer-valued ARMA (INARMA) models.
Although originally introduced by Steutel and van Harn [72] for theoretical purposes, adding to its
intuitive interpretation and mathematical elegance the fact that it has similar properties with the scalar
multiplication turned it quite popular. The first INARMA model, the INAR(p) model, was proposed
by McKenzie [54] and Al-Osh and Alzaid [4] for the case p = 1, and it has been developed by several
authors (e.g., [6], [20], [70] and [71]). Therefore, several alternative thinning concepts have been
developed as the signed thinning or the generalized thinning, yielding the SINAR(p) model [49] and
the GINAR(p) model [30], respectively. The first INMA (g) models have been introduced by Al-Osh
and Alzaid [5] and McKenzie [55] and more recent approaches may be found in [11] and [76]. For a
recent review of a broad variety of such thinning operations as well as how they can be applied to
define ARMA-like processes we refer, for example, Weil} [76] and Turkman et al. [74, chapter 5].

Alternatively to the thinning operation, Kachour and Yao [48] used the rounding operator to the
nearest integer to introduce the called p-th order rounded integer-valued autoregressive (RINAR(p))
model. One of the advantages of this model is the fact that it can be used to analyse a time series with
negative values, a situation also covered by the SINAR(p) model. Recently, Jadi et al. [45] studied
the INAR(1) process with zero-inflated Poisson innovations and Kachour [47] proposed a modified
and generalized version of the RINAR(p) model. Some integer-valued bilinear models have been also
introduced by Doukhan et al. [18] and Drost et al. [19].

As in real-valued modeling, the introduction of conditionally heteroscedastic models seems to be
very useful in many important situations. To take into account this feature, Heinen [40] defined an
autoregressive conditional Poisson (ACP) model by adapting the autoregressive conditional duration
model of Engle and Russell [23] to the integer-valued case, assuming a conditional Poisson distribution.
Because of its analogy with the standard GARCH model introduced by Bollerslev [10] in 1986, Ferland
et al. [25] suggested to denominate these models as integer-valued GARCH (INGARCH, hereafter)
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processes. Specifically, they defined the INGARCH model as a process X = (X;,t € Z) such that

X[|AXI_1 : 9(}4)7 Yt € Z7

» q (1.1)
=00+ Y 00X i+ Y B,

j=1 k=1
withop >0, >0, B >0, j=1,....,p,k=1,...,q, p>1,¢g>1,X,_; the c—field generated by
{Xi—1,X;—2,...} and where Z?(A) represents the Poisson distribution with parameter A. If g = 1 and
B1 =0, the INGARCH(p, g) model is simply denoted by INARCH(p).

This model has already received considerable study in the literature. In particular, it has been
presented by Heinen [40] a first-order stationarity condition of the model for any orders p and ¢, and
the corresponding variance and autocorrelation function for the particular case p = g = 1. Ferland et al.
[25] extended the studies of this model establishing a condition for the existence of a strictly stationary
process which has finite first and second-order moments and deduced the maximum likelihood
parameters estimators. They also stated a condition under which all moments of an INGARCH(1, 1)
model are finite. Fokianos et al. [26] considered likelihood-based inference when p = g = 1 using
a perturbed version of the model. Weil3 [77] derived a set of equations from which the variance
and the autocorrelation function of the general model can be obtained. Neumann [56], Davis and
Liu [16] and Christou and Fokianos [13] discussed some aspects related to the ergodicity. For the
INARCH(p) model, Zhu and Wang [86] derived conditional weighted least squares estimators of the
parameters and presented a test for conditional heteroscedasticity. Given the simple structure and
the practical relevance of the INARCH(1) process, Weil3 [77, 78, 79] studied its properties in more
detail. He characterized the stationary marginal distribution in terms of its cumulants, showed how
to approximate its marginal process distribution via the Poisson-Charlier expansion and calculated
its higher-order moments and jumps. He also provided a conditional least squares approach for the
estimation of its two parameters and constructed various simultaneous confidence regions.

Although the INGARCH model had been applied to several fields and appears to provide an
adequate framework for modeling overdispersed count time series data with conditional heteroscedas-
ticity, some authors pointed out that one of its limitations is to have the conditional mean equal to the
conditional variance. For instance, Zhu [81] referred that this restriction of the model can lead to poor
performance in the existence of potential extreme observations. In order to address this issue and to
improve the model, some authors proposed to replace the Poisson distribution by other discrete ones.

Based on the double-Poisson (DP) distribution ([21]), Heinen [40] introduced two versions of an
INGARCH(1, 1) model and Grahramani and Thavaneswaran [37] extended its results to higher orders.
This DP-INGARCH(p, g) model is difficult to be utilized because of the intractability of a normalizing
constant and moments. On the other hand, Zhu [81] used the negative binomial distribution instead
of the Poisson to introduce the NB-INGARCH(p, g) model. The numerical results obtained in the
study of the monthly counts of poliomyelitis cases in the United States from 1970 to 1983 indicated
that the proposed approach performs better than the previously referred Poisson and double-Poisson
model-based methods. Other alternatives proposed by Zhu were INGARCH models based on the
generalized Poisson and the Conway-Maxwell Poisson ([69]) distributions namely, the GP-INGARCH
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([82]) and the COM-Poisson INGARCH ([83]) models. Motivated by the zero inflation phenomenon,
Zhu [84] also recently introduced the ZIP-INGARCH and the ZINB-INGARCH models and Lee et al.
[52] the ZIGP AR model, replacing the conditional Poisson distribution by the zero-inflated Poisson,
zero-inflated negative binomial and zero-inflated generalized Poisson distributions, respectively. The
analysis of the weekly dengue cases in Singapore from year 2001 to 2010 encouraged Xu et al. [80]
to propose a more general model, the DINARCH (which includes as special cases the INARCH,
DP-INARCH and GP-INARCH models), where the conditional mean of X; given its past is assumed to
satisfy the second equation of (1.1) with ¢ = 1, B; = 0 and the ratio between the conditional variance
and the conditional mean is constant. Let us observe that the DP-INGARCH, the GP-INGARCH,
the DINARCH and the COM-Poisson INGARCH models referred above were proposed with the
aim of capturing overdispersion and underdispersion in the same framework. In fact, the opposite
phenomenon to the overdispersion, that is, the underdispersion (which means variance less than the
mean) occurs less frequently but it may be encountered in some real situations (see [66] and references
therein for some examples).

1.3 Overview of the Thesis

In this thesis, instead of specifying the discrete conditional distribution, we propose a wide class of
integer-valued GARCH models which includes, as particular cases, some of the recent contributions
referred above as well as new interesting models with practical potential. The study of the above
INGARCH-type models, especially the Poisson INGARCH, NB-INGARCH, GP-INGARCH and
NB-DINARCH models, showed us that there was a common fundamental basis between some of
them: the conditional distribution is nonnegative integer-valued infinitely divisible and the evolution
of the conditional mean satisfies, unless a scale factor, the second equation of (1.1).

The family of infinitely divisible distributions is huge and particularly important. Thus, the
introduction of an INGARCH model with a conditional nonnegative integer-valued infinitely divisible
distribution seems to be natural since it unifies the study of several models already introduced in
literature and assures the enlargement of the class of the INGARCH models. The equivalence, in
the discrete case, between the infinitely divisible distributions and the compound Poisson ones ([24])
allows us to define easily this new general model. Given the importance of this equivalence we decide
to denominate the model as compound Poisson INGARCH (CP-INGARCH hereafter).

Due to the recent enthusiasm to the zero-inflated INGARCH models and in order to add the
characteristic of zero inflation to the general class of models introduced, we extend it and we propose
the Zero-Inflated Compound Poisson INGARCH model, denoted ZICP-INGARCH. This model is
able to capture in the same framework characteristics of zero inflation and, in a general distributional
context, different kinds of overdispersion and conditional heteroscedasticity.

After the Introduction, this Thesis is organized as follows:

In Chapter 2 we introduce the compound Poisson INGARCH model by means of the conditional
characteristic function, as it is a closed-form of characterizing the class of discrete infinitely divisible
laws. The wide range of this proposal is stressed referring the most important models recently studied
and also presenting a general procedure to obtain new ones. In fact, we show the main nature of
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the processes that are solution of the model equations, namely the fact that they may be expressed
as a Poissonian random sum of independent random variables with common discrete distribution.
Among the discrete infinitely divisible laws with support in Ny, we highlight the geometric Poisson
and the Neyman type-A ones which allow us the introduction of new models: the geometric Poisson
INGARCH and the Neyman type-A INGARCH. We point out the practical interest of these models as
the associated conditional laws are particularly useful in various areas of application. The geometric
Poisson distribution is, for instance, useful in the study of the traffic accident data and the Neyman
type-A law is widely used in describing populations under the influence of contagion ([46]).

Chapter 3 is dedicated to the properties of stationarity and ergodicity of this new class of processes
which leads us to impose some hypotheses which, as we will see, are not too restrictive. A very
simple necessary and sufficient condition on the model coefficients of first-order stationarity is given.
Imposing an assumption on the family of the conditional distributions, which do not exclude any of
the particular important cases referred above, we also state a necessary and sufficient condition of
weak stationarity by a new approach based on a vectorial state space representation of the process.
This condition is illustrated by the study of some particular cases. The autocorrelation function of the
CP-INGARCH(p, g) is deduced and, from the general closed-form expression of the m-th moment
of a compound Poisson random variable, a necessary and sufficient condition ensuring finiteness of
its moments is established in the case p = g = 1. Finally, we finish the chapter presenting a strictly
stationary and ergodic solution of the model in a wide subclass. The existence of such solution is
guaranteed under the same simple condition of first-order stationarity.

Chapter 4 is focused on the CP-INARCH(1) model. Its importance and great practical relevance is
supported by the applications already studied and reported using the model with particular conditional
distributions: the monthly claims counts of workers in the heavy manufacturing industry [77], the
weakly number of dengue cases in Singapore [80] or the monthly counts of poliomyelitis cases in the
U.S. [81] are some examples of real data where the model performs well. We determine its moments
and cumulants up to order 4 and deduce its skewness and kurtosis. A procedure to estimate the model
parameters, without specifying the conditional law by its density probability function, is presented
based on a two-step approach using the conditional least squares and moments estimation methods.
We finish presenting a simulation study to examine its performance.

In Chapter 5 we add the characteristic of zero inflation to the family of conditional distributions
defining the ZICP-INGARCH model. The chapter is dedicated to generalize some of the results stated
previously in what concerns the properties of stationarity, the autocorrelation function, expressions for
moments and cumulants and a condition ensuring the finiteness of the moments of the process.

Finally, conclusions and some suggestions for future research are presented.



Chapter 2

The compound Poisson integer-valued
GARCH model

The aim of this chapter is to introduce a new class of integer-valued processes namely the compound
Poisson integer-valued GARCH model. We start, in Section 2.1, by reviewing general concepts and
results directly related to the infinitely divisible laws. In particular, we present a relation between
discrete infinitely divisible and compound Poisson distributions. Using this relation, we define a new
integer-valued GARCH model in Section 2.2, making explicit the conditional distribution by using the
characteristic function of a compound Poisson law. In Section 2.3 we make an overview of important

examples that can be included in this new framework.

2.1 Infinitely divisible distributions and their fundamental properties

Infinitely divisible distributions play an important role in varied problems of probability theory.
This concept was introduced by de Finetti [17] in 1929 in the context of the processes with
stationary independent increments, and the most fundamental results were developed by Kolmogorov,
Lévy and Khintchine in the thirties. In this section we define infinitely divisible distributions and
describe their main properties. Then we present compound Poisson distributions and from the relation
between them we introduce, in the next section, an integer-valued GARCH model with a discrete

infinitely divisible conditional distribution with support in N.

Definition 2.1 (Infinite divisibility) A random variable X (or equivalently, the corresponding distri-
bution function) is said to be infinitely divisible if for any positive integer n, there are i.i.d. random
variables Y, j, j=1,...,n, such that X 4 Yo1+...+Y,, where 2 means "equal in distribution”.

The notion of infinite divisibility can also be introduced by means of the characteristic function.
In fact, for an infinitely divisible distribution its characteristic function ¢y turns out to be, for every
positive integer n, the n-th power of some characteristic function. This means that there exists, for
every positive integer n, a characteristic function @, such that @x () = [@,(«)]", u € R. In this case,
we say that @y is an infinitely divisible characteristic function. The function ¢, is uniquely determined
by @x provided that one selects the principal branch of the n-th root.

Most well-known distributions are infinitely divisible. We give some examples in the following.

7
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Example 2.1 a) Let X = a € R, with probability 1. For every n € N, there are i.i.d. random variables
Yoj» J = 1,...,n, with the distribution of Y, ; concentrated at 7, such that X has the same
distribution as Y, 1 + ... +Y, . Therefore a degenerate distribution is infinitely divisible.

b) Let X have a Poisson distribution with mean A > 0. In this case the characteristic function is
@x (u) = exp{A(e™ —1)}, u € R, which is infinitely divisible since @,(u) = exp{A/n(e™ —1)}
is the characteristic function of the Poisson distribution with mean A /n and @x (u) = (@,(u))".

¢) Let X have the gamma distribution with parameters (a,A) €]0,+oo[x]0,+oo|. In this case the
characteristic function is given by @x (u) = (A /(A —iu))*, u € R. Thus X is infinitely divisible

since @,(u) = (A /(A — iu))a/ " is the characteristic function of the gamma distribution with

@
n’

parameters (%,A) and @ox(u) = (¢,(u))". In particular, the exponential distribution with

parameter A (recovered when o = 1) is also infinitely divisible.

d) Stable laws form a subclass of infinitely divisible distributions. A random variable X is called
stable (or said to have a stable law) if for every n € N, there exist constants a, > 0 and b, € R
such that X; + ...+ X, 4 apX + by, where Xj, j=1,...,n, are i.i.d. random variables with
the same distribution as X. Examples of such laws are the normal, the Cauchy and the Levy
distributions ('). By the definition of stability, for every n € N, there exist a,, > 0 and b, € R
such that i Xi+...+X,—b,) =YY", i (Xj - %) has the same law as X. But aL,, (Xj — %),
j=1,...,n, are i.i.d. random variables, and hence the stable law of X is infinitely divisible.

e) The class of the compound Poisson distributions is also infinitely divisible. Because of its impor-

tance in the study of infinite divisibility we discuss them in detail later.

A random variable with a bounded support cannot be infinitely divisible unless it is a constant.
This fact, proved in the following theorem, immediately excludes the uniform, the binomial and the
beta distributions from the class of infinitely divisible distributions.

Theorem 2.1 A non-degenerate bounded random variable is not infinitely divisible.

Proof: We make the proof by contradiction. Let us suppose that X is an infinitely divisible random
variable such that |X| < a < oo, with probability 1 and non-degenerate. Then for every positive integer
n, by Definition 2.1, there exist i.i.d. random variables Y, ;, j = 1,...,n, with some distribution F,
such that X has the same distribution as ¥, + ... +7Y, ,. Since X takes values in the interval [—a, a],
the supremum of the support of F, is at most a/n. This implies V (Y, ;) < E (Yn%l) < (a/n)? and hence

0<V(X)=nV(Y) <n(a/n)*=a*/n, YneN,

that is, 0 < V(X) < inf,cy a?/n = 0. So X is a constant, which is the contradiction. H

Also the laws with characteristic functions having zeros cannot be infinitely divisible. The next
theorem shows this result and some other important properties of infinitely divisible distributions.

IFor more information on stable laws see [58] and [73].
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Theorem 2.2 We have the following properties:

(i) The product of a finite number of infinitely divisible characteristic functions is also an infinitely
divisible characteristic function. In particular, if @ is an infinitely divisible characteristic
function then y = |@|? is also infinitely divisible;

(ii) The characteristic function of an infinitely divisible distribution never vanishes;

(iii) The distribution function of the sum of a finite number of independent infinitely divisible random
variables is itself infinitely divisible;

(iv) A distribution function which is the limit, in the sense of weak convergence, of a sequence of

infinitely divisible distributions functions is itself infinitely divisible.

Proof:

(i) Regarding the recurrence property, it is sufficient to consider the case of two characteristic
functions. So, let 6 and ¢ be infinitely divisible characteristic functions with 8 (u) = [6,(u)]"
and ¢ (u) = [¢,(u)]", u € R, Vn € N. The function ¢ = 6¢ is a characteristic function and

@ (u) = [6()]"[@n()]" = [6(1)9n(w)]" = [@u(w)]", u€ER,
for every n € N, where ¢, = 0,¢, is a characteristic function. Hence, ¢ is infinitely divisible.

(ii) Let ¢ be an infinitely divisible characteristic function. From (i), |@|? is also infinitely divisible
and then, for any n € N, 6, = || is a characteristic function. But

2

Yu € R, li_r)n 6,(u) = lim | (u)| :{ 0, for {u: ¢(u)=0}

n—yeo 1, for {u: ¢@(u)+#0}.

Since ¢ is uniformly continuous in R and ¢(0) = 1, then @(u) # 0 in a neighborhood of
0. Hence lim, ... 6,(«) = 1 in a neighborhood of 0. By the Lévy Continuity Theorem (?),
lim,, . 6, (u) is a characteristic function. Since its only possible values are 0 and 1, and since
all characteristic functions are uniformly continuous in R, it cannot be zero at any value of u.

(iili) As in (i), we just have to prove the statement for two random variables. Let ¢x and ¢y be
characteristic functions of X and Y, respectively, with X and Y independent infinitely divisible
random variables. For each positive integer n, let 8, and ¢, be characteristic functions which
satisfy @x (1) = [6,(u)]" and @y (1) = [@,(u)]", u € R. Then, from the independence,

Pxr (1) = @x () - @y (1) = [6,(u) - 4, (w)]", n> L.

Since 6, - ¢, is a characteristic function, the result follows.

2Let {Xu }nen be a sequence of random variables with X, having characteristic function ¢,. If X,, converges weakly (or
in law) to X then limy,_,c0 ¢, (1) = ¢x (1), u € R. Conversely if ¢, converges pointwise to a function ¢ which is continuous
at 0, then ¢ is a characteristic function of a random variable X, and X,, — X. For a proof see, e.g., [65, p. 304].
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(iv) Let us suppose that the sequence (F [k}) of infinitely divisible distribution functions converges to
the distribution function F, as k — oo. If ¥ and ¢ are the characteristic functions of FI¥l and
F, respectively, then from the Lévy Continuity Theorem, limy_,c (p[k] (u) = @(u), u € R. By
the condition of infinite divisibility, for every n € N, q),Lk] (u) = [@ (u)]"/" is a characteristic

function and never vanishes for any # € R (from (ii)). Thus, for any n € N,

tim o)) (u) = lim [¥ )]/ = [@(u)]'/" = @u(u), YueR.

k—soo k—so0

As ¢ is a characteristic function it follows from the Bochner’s Theorem () that @, is a
characteristic function. Since @ (u) = [@,(u)]", u € R, for every n € N, with ¢, a characteristic

function, the proof is complete. l

Remark 2.1 We note that, generally, the converse of the statements of Theorem 2.2 are not true.

For instance, in (ii) let us consider the Bernoulli distribution with parameter p # {0, %, 1}. It
is not infinitely divisible because its support is {0,1}, so bounded (Theorem 2.1). Its characteristic
function is given by ¢(u) = 1 — p+ pe™ and has no real roots, except when p = % In fact,

o(u) =0 < cos(u)+isin(u)=(p—1)/p

= sin(u) =0 & u=kn, keZ,

—1, if kodd
1, if keven.

= cos(km) = {

Then @(u) = 0 only when p = % u = kn, and k odd. So we have an example of a distribution with a
characteristic function that has no real roots but it is not infinitely divisible.
For the statement (i) and (iii), Gnedenko and Kolmogorov [31, p. 81] proved that ¢ such that

1-Bltae ™

VuER, QW) = T e

O<a<p<l,

and @ are not infinitely divisible characteristic functions whereas |(p]2 is the characteristic function of
an infinitely divisible law, and so the converse of (i) fails. The same example illustrates the falseness of
the converse of (iii). In fact, considering X and Y i.i.d. random variables with characteristic function
@, the function y = @x_y = |@|? is infinitely divisible.

Finally, the Poisson distribution is the limit, in the sense of weak convergence, of a sequence of
binomial distributions which proves that the converse of (iv) is false.

Theorem 2.3 If ¢ is the characteristic function of an infinitely divisible distribution function, then

for every ¢ > 0 the function @€ is also a characteristic function.

Proof: For ¢ = 1/n, n € N, the result follows from the definition of infinite divisibility. Since the
product of characteristic functions is again a characteristic function the statement holds for any rational

3[53, p. 60]: A continuous function ¢ : R — C with ¢(0) = 1 is a characteristic function if and only if ¢ is positive
definite, i.e., forall n € N, ZI}:] Yio 10w —w)zjze 20, u;€R, z €C.
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number ¢ > 0. Finally, for an irrational number ¢ > 0 the function [@]¢ can be approximated uniformly
. .. . (n) . .
in every finite interval by the function [@]‘! , where an) is a sequence of rational numbers that goes to

c. Then from the statement (iv) of Theorem 2.2 the result holds. Il

Now, we present the notion of compound Poisson random variable and some of its properties. This
class of distributions is known in the literature under a wide variety of names such as stuttering Poisson
or Poisson-stopped sum distributions [46, sections 4.11 and 9.3] and it includes several well-known
laws as Poisson, negative binomial or generalized Poisson.

Definition 2.2 (Compound Poisson distribution) A random variable X is said to be compound
Poisson if X 4 Y1 + ...+ Yy, where N is a Poisson random variable with parameter A > 0, and
{Y;}j>1 are i.i.d. random variables which are also independent of N. The distribution of Y is called

compounding or secondary distribution and we assume X equal to zero if N =0 (*).

The following theorem provides a characterization of random variables with compound Poisson

distribution via their characteristic functions. This is a simple, but useful result.

Theorem 2.4 Let Yy, Y,, ... be i.i.d. random variables having common characteristic function Qy
and let N be a Poisson random variable with parameter A, independent of {Y;} j>1. The characteristic

function of the compound Poisson random variable X =Y + ...+ Yy is given by

ox (u) =exp{A(@y(u)— 1)}, ueR.

Proof: Let us establish the result in a more general setting. Let N be a non-negative integer-valued
random variable independent of {¥;} j>; and having characteristic function ¢y. We have

S} (=)

ox(u)= Y E[¢*|N=n]P(N=n)= Y E [e"“(YI*-‘*YN) IN=n|P(N=n)
n=0 n=0

=Y @} (w)P(N=n) =Y IO Wp(N =) = E[eN )] = gy (—iln gy (1)),
n=0 n=0

in view of the assumptions of independence. Therefore, when N is a Poisson random variable with
parameter A, oy(v) = exp{A(e” — 1)}, v € R, and the result holds. H

Following this approach we may show that the Poisson distribution with parameter A is itself a
compound Poisson law and arises considering the random variables Y}, Y,... Dirac distributed on {1}.
Alternatively, when X is a nonnegative integer-valued discrete random variable, we can characteri-
ze the distribution of X using its probability generating function, namely gx (z) = E(zX) = ¢*(@)-1),
for any z € C such that the expectation is finite, using the same conditioning technique as used in

Theorem 2.4, where g represents the common probability generating function of ¥;, j =1,2,....

4We note that the distribution of Y; may be continuous. Despite this, we will see in the following that we are only
interested in discrete compound Poisson distributions so ¥; will be a discrete random variable. A more general definition is
given when N is a nonnegative integer-valued random variable. In this case, X is said to have a compound distribution and
the distribution of N is called counting or compounded distribution.
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Remark 2.2 From Theorem 2.4, we can deduce that when E(Y?) < oo, the mean and the variance of
X are given by E(X) = —i@y(0) = AE(Y)) and V(X) = — @y (0) — A2[E(Y1)]> = AE(Y?). This means
that, except when the compounding distribution is the Dirac law on {0} or the Dirac law on {1}
(hence X is Poisson distributed), all the nonnegative integer-valued compound Poisson distributions

are overdispersed, i.e., have variance larger than the mean, since

EY (Y1 —1)]
EXX) EI¥) EM)

> 1.
Remark 2.3 The moments of any order m > 1 of a compound Poisson distribution can be calculated

using the closed-form formulae provided by Grubbstrom and Tang [39]. They stated that for a
compound Poisson random variable X its m-th moment is given by

(5 ()l o

interpreting Z];':1 Yj to be zero for k = 0. Since N follows a Poisson distribution with parameter A its
r-th descending factorial moment is E[[T;_y (N — k)] = A", for r > 1 [46, p. 161]. (°)

E(X™) = i i'E

r=0""

We now give some examples of compound Poisson laws which are relevant in the following:
the negative binomial, the generalized Poisson, the Neyman type-A and the geometric Poisson

distributions. More examples can be found in [46, chap. 9].

Example 2.2 (Negative binomial distribution) Givenr € Nand p €]0,1][, let {Y;};>1 be a sequence
of i.i.d. logarithmic random variables with parameter 1 — p, i.e., with probability mass function

Y y:1727"'7

and let N be a random variable independent of {Y;} j>1 and having Poisson law with mean —rIn p.
Then X =Y + ...+ Yy follows a negative binomial (NB for brevity) law with parameters (r, p), i.e.,

x+r—1

r—1

P(X =x)= ( )pr(l—p)x, x=0,1,...

Indeed, from Theorem 2.4, the characteristic function of X has the form

N p r
x() = exp{-rln(1 = (1= pie*) - npl) = (=2 ) |
since A = —rlnp and @(u) = In(1 — (1 — p)e™)/Inp (which is the characteristic function of the
logarithmic distribution). So, the NB(r, p) distribution (and also the geometric(p) as particular case
when r = 1) belongs to the class of compound Poisson distributions. We observe that

r(l—p)

E) = —1=P pyy=— 1= gy =P v = .

plnp’ p*lnp’ p p

5In fact, Grubbstrém and Tang [39] proved that formula (2.1) is valid for any compound distribution.
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Example 2.3 (Generalized Poisson distribution) For 0 < x < 1 and A > 0, let {Y;}j>1 be a se-
quence of i.i.d. random variables distributed according to the Borel law with parameter K, i.e.,
(yxple ™
PY;=y) = T y=12,...,
and let N be a Poisson random variable independent of {Y;} j>1 with mean A. Then X =Y, +...+Yy
has a generalized Poisson (GP for brevity) distribution with parameters (A, ), i.e.,
l(l + Kx)x—le—(l—i-;cx)

PX=x)= . , x=0,1,...

In fact, for 0 < kK < 1, the probability generating function of X is given by gx(z) = M) where
z = ue*E) represents the probability generating function of the Borel law (°). In this case we have
1 A A

X)=——, and V(X):m.

1
(1—x)3’ E(X) 11—k

2
EM) = 11— E(Y7) =
The next two examples will be fundamental in Section 2.3 because they allow us to introduce
some new particular integer-valued GARCH models. Because of their importance in our study and

since they involve less well-known distributions we give them more attention.

Example 2.4 (Neyman type-A or Poisson Poisson distribution) 7The Neyman type-A law was de-
veloped by Neyman [57] to describe the distribution of larvae in experimental field plots. It is widely
used in order to describe populations under the influence of contagion, e.g., entomology, accidents,
and bacteriology. This is a compound Poisson law with a Poisson compounding distribution.

In fact, given A >0, ¢ >0, let {Y;}j>1 be a sequence of i.i.d. Poisson random variables with
mean ¢ and let N be a Poisson random variable with mean A and independent of {Y;} j>1. The random
variable X =Y + ...+ Yy follows a Neyman type-A (NTA for brevity) distribution with parameters

(A,90), i.e., its characteristic function is given by

@x(u) =exp{A [exp (¢ —1)) —1]},
and its probability mass function can be expressed as

Cexp{-A+Ae?}or &

x!

P(X =x) S(x, Ale ™, x=0,1,..,

=

where the coefficient S(x, j) represents the Stirling number of the second kind (7).
We observe that E(X) = A¢ and V(X) = A¢(1+¢).

SWe note that the general definition of the GP distribution allows the parameter k to take negative values, namely
max(—1,—24/m) < k < 1, with m (> 4) the largest positive integer for which A + km > 0. Despite of this, only for
nonnegative values of x (when k = 0, the GP law reduces to the usual Poisson distribution with mean 1) we can include this
distribution in the class of the compound Poisson distributions. For more details concerning the Borel and the generalized
Poisson distributions see, e.g., [14], pp. 158-160 and Chap. 9.

7We note that $(0,0) = 1, S(x,0) = 0, for x # 0, S(x,1) = S(x,x) = 1, S(x, j) = 0 if j > x and these numbers satisfy the
recurrence relation S(x, j) = S(x—1,j—1)+ jS(x— 1, j). For details, see e.g. [1].
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From [46, Section 9.6], when ¢ is small X is approximately distributed as a Poisson variable
with mean A¢ and if A is small X is approximately distributed as a zero-inflated Poisson (ZIP for
brevity, see Section 5.1) variable with parameters (¢,1 — A). We illustrate these properties with the
graph present in Figure 2.1, where we represent the probability mass function (p.m.f.) of the NTA

distribution considering different values for the parameters (A, 9).
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Fig. 2.1 Probability mass function of X ~ NTA(A,¢). From the top to the bottom in abscissa
x=2,(A,¢)=(10,0.1) (approximately Poisson(1), with p.m.f. represented in blue), (4,1), (0.3,4)
(approximately ZIP(4,0.7), with p.m.f. represented in red).

Example 2.5 (Geometric Poisson or Pélya-Aeppli distribution) The geometric Poisson law was
described by Polya [63] and has been applied to a variety of biological data, in the control of defects
in software or in traffic accident data (8). This is an example of a compound Poisson law with a
geometric compounding distribution. Indeed, given A > 0 and p €]0,1[ let {Y;} j>1 be a sequence of

i.i.d. geometric random variables with parameter p, i.e., with probability mass function

PY;j=y)=p(l-p), y=0,1,...,

and let N be a Poisson random variable with parameter % and independent of {Y;}j>1. The

random variable X =Y + ...+ Yy follows a geometric Poisson (GEOMP for brevity) distribution with
parameters (A, p), i.e., its characteristic function is given by

and its probability mass function can be expressed as

P(X=0)=¢"*,

8For more details see, e.g., [46, Section 9.7] or [59].
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n—

P(X:x):ie (x_i >p”(1—p)x_", x=12,..

We observe that E(X) = A/p, V(X) = A(2 — p)/p* and when p = 1 the geometric Poisson
distribution reduces to the Poisson law with parameter A. In Figure 2.2, we represent the probability
mass function of the GEOMP distribution considering different values for the parameters (A, p).

0 5 10 15 20 25

Fig. 2.2 Probability mass function of X ~ GEOMP(A, p) with A /p = 10 and p taking several values.
From the top to the bottom in abscissa x = 10, p equals 1, 0.8, 0.6, 0.4, 0.2.

Let us now prove that a compound Poisson distribution is infinitely divisible. From Theorem
2.4, we know that if X is a compound Poisson random variable then its characteristic function
has the form @y (u) = exp{A(@(u) — 1)}, u € R, for some A > 0 and ¢ a characteristic function.
Then, for any n € N, @x can be represented as @x (u) = [@,(u)]" with ¢,(u) = exp {%((p(u) - 1)}
the characteristic function of the random variable Y; + ... 4+ Yy,, where the random variable N, has
the Poisson distribution with parameter A /n and is independent of the random variables Yi, Y5,...
Therefore compound Poisson distributions belong to the class of infinitely divisible distributions.

Although the converse of this statement is not true, all the infinitely divisible distributions may be
obtained from the family of compound Poisson as stated in the following theorem whose proof can be
found in Gnedenko and Kolmogorov [31, p. 74].

Theorem 2.5 The class of infinitely divisible distributions coincides with the class of the compound

Poisson laws and of limits of these laws in the sense of the weak convergence.

As, in this work, we are developing models for the study of time series of counts, we now
concentrate our attention on the set of the nonnegative integer-valued discrete infinitely divisible laws.
Generally a nonnegative integer-valued discrete random variable X is called infinitely divisible
when, according to Definition 2.1, ¥, ;, j = 1,...,n, are i.i.d. nonnegative integer-valued discrete
random variables as well. Sometimes, to make a clear distinction, X is said to be "discretely infinite
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divisible" ([38, p. 26]). For instance, the discrete random variable X = 1, with probability 1, is
1
n
with probability 1. In the next theorem, we present necessary and sufficient conditions that allow us to

infinitely divisible (Example 2.1a)) but not discretely infinite divisible since, forany n € N, Y, ; =

distinguish the class of the infinitely divisible laws on Ny whose components are integer-valued from
those whose components are real-valued. We will see that the extra requirement of integer-valued
components is equivalent to the condition that P(X = 0) > 0, which is also equivalent to the statement

that the support of X coincides with that of its components ¥, ;, j =1,...,n.

Theorem 2.6 Let X be a nonnegative integer-valued infinitely divisible random variable.

The following statements are equivalent:
(i) The support of X coincides with that of each componentY, ;, j =1,...,n, for every n € N;
(ii) Foreveryn€N, Y, ;, j=1,...,n, are nonnegative integer-valued;
(iii) P(X =0) > 0.
Proof:
(i) = (ii) Itis obvious from the definition of X.

(ii) = (iii) Under the assumptions on X, for all n € N, there are i.i.d. nonnegative integer-valued
random variables Y, ;, j = 1,...,n, such that X 4 Yo1+...+Y,,. We make the proof by
contradiction. So, let us suppose that P(X = 0) = 0 and let k > 0 be the smallest integer such
that P(X = k) > 0. Since P(X = 0) = [P(Y,,; = 0)]", for every n € N then P(Y, ; =0) =0
which implies Y, ; > 1 almost surely (a.s.). So, for a fixed n such that n < k we cannot have the
representation X 4 Yo1+...+Y,, withY, ;, j=1,...,n, nonnegative integer-valued, which is
the contradiction.

(iii) = (i) For any x > 0,
n
P(X =x) 2P<U Va1 =0,...,%,21=0,Y,;=x, Y, js1=0,..., Yn,nzo})

=nP(Yy; =x)[P(Y; =0)""'>nP(Y,; =x)P(X =0), Vn,

since [P(Y,,; = 0)]""! > [P(Y,; = 0)]" = P(X = 0). So in the presence of the hypothesis
P(X =0) > 0 any possible value of ¥, ;, i.e., a value taken with positive probability, is also a
possible value of X. To prove the converse inclusion see, for instance, [42, Lemma 1]. B

The following theorem characterizes all nonnegative integer-valued discrete infinite divisible
random variables and is the key for the construction of the new class of models that we propose. To
prove it we need an auxiliary lemma whose proof can be found at [28, p. 73].

Lemma 2.1 (Characterization of probability generating functions) A real-valued function g de-
fined on [0, 1] is a probability generating function of a nonnegative integer-valued random variable if

and only if g(1) =1, g(17) <1, g(0) > 0, and all derivatives of g are finite and nonnegative on [0,1].
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Theorem 2.7 Let X be a nonnegative integer-valued random variable such that 0 < P(X =0) < 1.
Then, X is infinitely divisible if and only if X has a compound Poisson distribution.

Proof: We need only to prove the necessary condition of infinite divisibility. So, let g be the
probability generating function of X which is infinitely divisible. We note that 0 < g(0) < 1. Then, for
every n € N, g, = g'/" is a probability generating function. Let us define the function # in the form

_ (@) —ga(0) | 1—g(0)'"
1—g,(0) 1—g(0)l/n’

hu(2)

Since h,(0) =0, h,(1) =1 (because g,(1) = 1), h,(17) < 1 and there exist all the derivatives of

(k)
hy, namely A (z) = lgjg (f())) , which are nonnegative in [0, 1] because 1 — g,(0) > 0, then from the

previous lemma A, is a probability generating function.
Letting n — oo and using the fact that Inox = lim,Hmn(ocl/ "—1) for o > 0, we have
Ing(z)

. o on(=lg@Vm _
Jim hn(z) =1 lim, n(—1+g(0)/m) ' ng(0) — hz).

and then from the continuity theorem (°) we conclude that the function 7 is a probability generating
function. Then, it follows that g(z) = exp{A(h(z) — 1)} with A = —Ing(0), i.e., g is a probability
generating function of a compound Poisson distribution, which concludes the proof. B

Let us note that any nonnegative integer-valued compound Poisson random variable X assumes the
value zero with positive probability, namely, P(X = 0) = gx(0) = e *(1-8(0)_ which is in accordance
with the hypothesis of the previous theorems.

2.2 The definition of the CP-INGARCH model

Let X = (X;,t € Z) be a nonnegative integer-valued stochastic process and, for any t € Z, let X, _; be
the o-field generated by {X;_s,s > 1}.

Definition 2.3 (CP-INGARCH(p, q) model) The process X is said to follow a compound Poisson
integer-valued GARCH model with orders p and q (where p,q € N), briefly a CP-INGARCH(p, q), if,
for allt € 7, the characteristic function of X; conditioned on X,_, is given by

Dy,[x, , (u) =exp {i(;(’O) (1 (u) — 1]} , ueR, 2.2)
with , ,
EX X)) =h =0+ Z oiX—j+ Z BiAr—ks (2.3)
Jj=1 k=1

9Let {Xu }nen be a sequence of nonnegative integer-valued random variables with X, having probability generating
function g,. If X,, converges weakly to X then lim,_, g, (z) = gx(z) for 0 < z < 1. Conversely, if lim,_. g1(z) = g(z)
for 0 <z <1 with g a function that is (left-) continuous at one, then g is the probability generating function of a random
variable X and X,, converges weakly to X. See, for example, [73, p. 489].
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for some constants o9 >0, a; >0 (j=1,...,p), B >0 (k=1,...,q), and where (@;,t € Z) is a
Sfamily of characteristic functions on R, X, |-measurables, associated to a family of discrete laws
with support in Ny and finite mean ('°). i represents the imaginary unit.

Ifg=1and B, =0, the CP-INGARCH(p,q) model is simply denoted by CP-INARCH(p).

Assuming that the functions (¢;,7 € Z) are twice differentiable at zero, in addition to the condi-
tional expectation A, we can also specify the evolution of the conditional variance of X as

" .¢/'(0)
V@KF0=4%me—ﬁ=—7%§%(W

Remark 2.4 The CP-INGARCH model is able to capture different kinds of overdispersion. This
results from the fact that whenever the conditional distribution is overdispersed we deduce from

well-known properties on conditional moments ('?) that

V(X)
E(X;)

EVX|X, 1) _ EEXIX, )
E(X) E(X;)

> =1
moreover, if we have a conditional Poisson distribution the corresponding unconditional law is
overdispersed as V (X;) = E(A;) + V(A;) > E(X;), whenever we have conditional heteroscedasticity.

Similarly to what was established by Bollerslev [10] for the GARCH model, it is possible, in some
cases, to state a CP-INARCH(eo) representation of the CP-INGARCH(p, g) process, i.e., X; may be
written explicitly as a function of its infinite past. With this goal, let us consider the polynomials A
and B of degrees p and g given, respectively, by

A(L)=ouL+ ...+ o,L7,

B(L)=1-BiL—..— B4,

whose coefficients are those presented in equation (2.3) and L is the backshift operator (). Further-
more, to ensure the existence of the inverse B~! of B, let us suppose that the roots of B(z) = 0 lie
outside the unit circle. In fact, under this assumption, we can write

B<L>:1_§g,u:f1(1—?)

i=1 Zj

10We note that, as ¢ is the characteristic function of a discrete distribution with support in Ny and finite mean, the
derivative of ¢ (u) at u = 0, ¢;(0), exists and is nonzero.

I'we observe that ) A
P, u:iq)’u L ex {ii ufl},

/!
X |X¢—l (M) =

L (4 o ). e

PE(X) =E[E(X|X, )] and V(X,) = E[V(X,|X, )] + VIE(X,|X, )]-
3For any integer j, L/X; = X
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where 21, ...,z4 are the roots of the polynomial B(L). From this equality it follows that B(L) will be

invertible if the polynomial 1 — ZL is invertible, for all j € {1,...,q}. But 1 — OL is invertible if and
'

only if |6| # 1 ([36]) and thus, if we assume |z;| > 1, for all j € {1,...,q}, then B(L) is invertible ('*).

q
Let us consider in the following the Hypothesis H1: Z Bi<1.
j=1

Lemma 2.2 The roots of the polynomial B(z) = 1 — B1z— ... — Byz4, with nonnegative B;j, j =1, ...,q,
lie outside the unit circle if and only if the coefficients B; satisfy the hypothesis H1.

Proof: If Z?:] B; > 1, then B(1) <0. As B(0) = 1 > 0 and B(z) is a continuous function in [0, 1],
then there is a real root of B(z) in the interval ]0, 1]. On the other hand, if Z?Zl B;j < 1, let us suppose
by contradiction that there is at least a root zo of B(z) such that |zp| < 1. Under these conditions,

q _ q _ q ) q g
B(zo)=0&1-) Bizp=0&1=Y Bz =) Biz)| < Y. Bilzl' < ) B;,
i=1 j=1 j=1 =1 =1

sol< Z;].Zl B; < 1, which is a contradiction. H

So, given the polynomials A(L) and B(L), and assuming the hypothesis H1, we can rewrite the
conditional expectation (2.3) in the form

B(L)A = ap+A(L)X; & A =B""(L)[ao+A(L)X,]

& A =o0B (1) +H(L)X,

with H(L) = B~ (L)A(L) = ¥.7_, w;L/, where y; is the coefficient of z/ in the Maclaurin expansion
of the rational function A(z)/B(z), that is,

ay, if j=1,
j—1
- O‘j‘i‘Zﬁij,k, if2<j<p,
Vi= k=1
q
Zﬁkwj—kv ifj>p+1,
k=1

and then, denoting opB~'(1) as yy, we get
M=o+ Y WX j, 2.4)
j=1

which together with (2.2) expresses a CP-INARCH(eo) representation of the model in study. This
representation will be useful in the construction of a solution of the model presented in Section 3.4.

14We note that for B(L) to have inverse it is sufficient that the roots of B(z) = 0 are, in module, different from 1. However,
in what follows we will consider them outside the unit circle, since this condition will allow us to express the conditional
expectation A, only in terms of the past information of X;.
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2.3 Important cases - known and new models

The functional form of the conditional characteristic function (2.2) allows a wide flexibility of the
class of compound Poisson INGARCH models. In fact, as we assume that the family of discrete
characteristic functions (¢, € Z) (respectively, the associated laws of probability) is X,_,-measurable
it means that its elements may be random functions (respectively, random measures) or deterministic
ones. So, it is not surprising that this new model includes a lot of recent contributions on integer-valued
time series modeling as well as several new processes.

To illustrate the large class of models enclosed in this framework, let us recall that since the
conditional distribution of X; is a discrete compound Poisson law with support in Ny then, for all # € Z
and conditioned on X,_;, X; can be identified in distribution with the random sum

X[ inJ +Xt72+"'+X[y1Vt’ (25)

where N, is a random variable following a Poisson distribution with parameter A,;* = 4, /E(X; ;), and
X; 1, X; 2, ... are discrete and independent random variables, with support contained in Ny, independent
of N, and having common characteristic function ¢, with finite mean.

Some concrete examples that fall in the preceding framework are discussed in the following.

1. The INGARCH model [25] corresponds to a CP-INGARCH model considering A, = A, and ¢,
the characteristic function of the Dirac’s law concentrated in {1}, i.e., ¢,(u) = €™, u € R.

2. Inspired by the INGARCH model, Zhu [81] proposed the negative binomial INGARCH(p, q)
process (NB-INGARCH for brevity), defined as

1 p q
X, | X,y ~NB <F>1>7 =00+ Y X i+ Y B,
+A =1 k=1

with r € N, o > 0, ot; > 0, Bi>0,j=1,...,p, k=1,...,q. We observe that in this model
E(X[X, 1) = rA and V(X,|X, ) = rA(1+1,).
Considering in the representation (2.5), the random variables X; ;, j = 1,2, ..., having a loga-

rithmic distribution with parameter % and A" = rin(1+ 4;) (see Example 2.2) we recover,
unless a scale factor, the NB-INGARCH( p, ¢) model.

3. To handle both conditional over-, equi- and underdispersion, Zhu [82] introduced a generalized
Poisson INGARCH(p, g) process (GP-INGARCH for brevity) by considering

P q
X | X,y ~GP((1=%)A, k), A=a0+ Y aiXij+ Y Bihs,
j=1 k=1

where o9 >0, @; >0, B >0, j=1,...,p,k=1,...,g and max{—1,—(1 — k)4, /4} < Kk < 1.
In this case we have E(X;|X, ;) = A and V(X,|X,_,) = A,/(1 — k).

For 0 < k¥ < 1, we recover the GP-INGARCH(p,q) model from the CP-INGARCH(p,q)
considering that in the representation (2.5) the common distribution of the random variables
X:.j, J =1,2,..., is the Borel law with parameter k and A, = (1 — k)4, (see Example 2.3).
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4. Xu et al. [80] recently proposed the family of dispersed INARCH models (DINARCH for
brevity) to deal with different types of conditional dispersion assuming that the conditional
variance is equal to the conditional expectation multiplied by a constant o > 0. As a particular
case of this model, they present the NB-DINARCH(p) for which the conditional law is a
negative binomial one, where the random parameter is the order of occurrences and not its
probability as in the NB-INARCH(p) of Zhu [81]; namely they considered

A1 <
X | X, 1 ~NB <a—1’a ;A= Ofo+j§,1 X~ ),
witha > 1,00 >0,0; >0, j=1,...,p. Wenote that E(X;|X,_;) = A and V(X,|X,_) = aA,.
This process results from the CP-INARCH(p) model considering in the representation (2.5)

the random variables X; ; with a logarithmic law with parameter O‘T*l and A" = — ak_’ 7 In (é)

In the NB-INGARCH model (case 2) the parameter involved in the distribution of the random
variables X; ;, j = 1,2, ..., depends on A;, and thus depends on the previous observations of the process;
s0, it is a clear example of a CP-INGARCH model where the characteristic function ¢ is a random
function. In the other particular CP-INGARCH models presented (cases 1, 3 and 4) the law of the
random variables X; ; have the same parameter for every ¢ € Z (1, k and aT”, respectively). So, in the
INGARCH, GP-INGARCH and NB-DINARCH models, the characteristic function ¢; is deterministic
and independent of ¢. For that reason, in such cases we will refer these functions simply as ¢.

Specifying the distribution of the random variables X; ;, j = 1,2, ..., in representation (2.5) enables
us to find new interesting models as, for instance, the GEOMP-INGARCH and the NTA-INGARCH
ones. We note that these new models are naturally interesting in practice as the associated conditional
distributions, namely the geometric Poisson and the Neyman type-A, explain phenomena in various
areas of application (recall Examples 2.4 and 2.5).

In the following examples we present some of these new models in which we also find situations
where (¢;,t € Z) is a family of dependent on 7 deterministic characteristic functions (namely case 7).

5. Let us define a geometric Poisson INGARCH(p, ¢) model (GEOMP-INGARCH) as

rA; r

X |X, , ~GEOMP (-2 T
f|—ll (L—f—r L—f—r

P q
) s =+ Y X i+ Y Bidis,
j=1 k=1
withr >0, 00>0,a; >0, >0, j=1,....p,k=1,...,q. Letus note that E(X;|X, ;) = A, and
VXX, )= (1+ %&) Thus, if we consider in representation (2.5) the random variables
X, j, J=1,2,..., following the geometric distribution with parameter - 7 and A =r we recover
this model, which means that it satisfies a CP-INGARCH model.

6. Let us consider independent random variables (X; j,7 € Z) following the same discrete distribu-
tion with constant parameters, finite mean and support contained in Ny. The process X defined
by (2.5) with N; independent of each X; j, j = 1,2,..., and having a Poisson distribution with
parameter 4, /E (X, ;) satisfies a CP-INGARCH model.
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For instance, if we consider

(a) the geometric distribution with parameter p* €]0,1[ for X; ;, j = 1,2, ..., and the parameter

% in the Poisson law of the variable N; we obtain as conditional distribution

)4 q
X |X, 1 ~GEOMP (p*A.p*), M=ao+ Y aXi_j+ Y Bidis,
j=1 k=1

with op >0, o; >0, B >0, j=1,...,p, k=1,...,q. We observe that E(X;|X, ;) =4
and V(X|X,_|) = A, (*p—f’) This model will be denoted by GEOMP2-INGARCH(p, ¢)
to distinguish it from the model presented in case 5. In fact, although these two models
have as conditional distribution the geometric Poisson law, the difference between them
results from the parameter of the geometric distribution which involves or not A;.

(b) the Poisson distribution with parameter ¢ > 0 for X, ;, j = 1,2, ..., and the parameter A,/¢
in the Poisson distribution of N;, we define the Neyman type-A INGARCH(p, ¢) model
(NTA-INGARCH for brevity), that is,

P q
X | X, ~NTA (f;@) s =+ Y X i+ Y Bk,
j=1 k=1

with oy > 0, o >0, ﬁk >0, ] = 1,...,p, k= 1,...,q.
We note that E(X;|X, ) =X and V(X;|X,_) = A (1+¢).

7. (a) Let (X, j,t € Z) be independent random variables following a binomial distribution with
parameters r € N and e~ "/, that is, o (u) = (ei”_"‘ +1-— e“")r, ucR,t€Z, and let N;
be an independent of X; ; random variable following a Poisson distribution with parameter
A, /re~V|. The process X defined by (2.5) satisfies a CP-INGARCH model.

(b) Changing the success probability of the binomial distribution by (£> 4+ 1)~!, that is,

. . . . . iu_y 42
considering the characteristic function ¢, (u) = (elzfl ), u € R, t € Z, and the mean of

the Poisson law equal to A, (t> + 1) /r, the process X still satisfies a CP-INGARCH model.

Remark 2.5 We note that the pair (A, ;) is not uniquely determined by Py, |y, but it will happen,

if we choose @; such that P(X; j = 0) = 0, what can always be done. In fact, modi]lfying the probability
at zero in the distribution of X, ;, j = 1,2, ..., does not add a new conditional distribution because it is
equivalent to modifying the parameter A" in the Poisson distribution, [60, Theorem 5.11].

For example, let us consider the GEOMP2-INGARCH model. This process was obtained taking ¢,
the characteristic function of a geometric law with parameter p* and then A = lpjﬁi
obtain the same process considering @; the characteristic function of a shifted geometric law (3) with
parameter p* and in this case A = p*A,. Nevertheless, when we refer to the GEOMP2-INGARCH

model it must be considered as it was initially defined. The same for the other models.

But we can also

15The probability mass function of a random variable ¥ following a shifted geometric distribution with parameter p €]0,1|
is given by P(Y =y) = p(1—pP~!, fory=1,2,... S0, E(Y)=1/pand V(Y) = (1 — p)/p*.
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Using the methodology here proposed we generate some CP-INGARCH(1,1) processes by
considering Poisson (Figure 2.3), Neyman type-A (Figure 2.4) geometric Poisson (Figure 2.5 and
Figure 2.7), binomial (Figure 2.6) and generalized Poisson deviates (Figure 2.8) (). Let us note that
all the possibilities for the nature of the characteristic functions ¢ are illustrated in the figures. The
trajectories of these series as well as their basic descriptives are presented in the following.
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Fig. 2.3 Trajectories and descriptives of INGARCH(1, 1) models with ap = 10, o = 0.4 and ; = 0.5
(on top); ap = 10, oy = 0.5 and B; = 0.5 (below).
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Fig. 2.4 Trajectory and descriptives of a NTA-INGARCH(1, 1) model with ap = 10, oy = 0.4, B; =0.5
and ¢ =2.

16The programs used in the simulation of these trajectories were developed by us with the aid of the software Eviews
and can be found in Appendix D.1. For each trajectory, the first 100 observations were discarded to eliminate the effect of
choosing the values of the first observations.
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Fig. 2.5 Trajectory and descriptives of a GEOMP-INGARCH(1, 1) model with o = 10, a; = 0.4,
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Fig. 2.6 Trajectory and descriptives of a CP-INGARCH(1, 1) model with ¢, the characteristic function

of a binomial (5000, 1) distribution considering ap = 10, o = 0.4, and f8; = 0.5.
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Fig. 2.7 Trajectory and descriptives of a GEOMP2-INARCH(1) model with o

p*=0.3.
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Fig. 2.8 Trajectory and descriptives of a GP-INARCH(1) model with &g = 10, oy = 0.4, and k¥ = 0.5.
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Comparing the two trajectories presented in Figure 2.3 it is evident that the change made in the
coefficient ; results in a non-stationary process, namely, in mean. So, it seems natural to think that
the stationarity of the CP-INGARCH model is strongly related to the coefficients involved in the
evolution of the conditional mean A,. The unconditional mean, when we consider the same coefficients
o, & and B, does not seem to be affected by the conditional distribution nor by the nature of the
characteristic functions ¢;. In fact, it presents similar values when we compare the processes with the
same orders namely 99.819, 101.25, 99.461, 100.93 (figures 2.3 on top, 2.4, 2.5 and 2.6, respectively)
and 17.183, 16.797 (figures 2.7 and 2.8, respectively).

The CP-INGARCH trajectories represented seem to concern processes with characteristics as
overdispersion, leptokurtosis (figures 2.5, 2.6, 2.7 and 2.8) and asymmetry around the mean. We
point out also the strong volatility in all the cases but especially in the NTA-INGARCH and GEOMP-
INGARCH models.

The aim of the next chapter is to develop a unified and enlarged study on the probabilistic
properties within the class of the integer-valued GARCH models.






Chapter 3

Stationarity and Ergodicity in the
CP-INGARCH process

An important property of a process is its stationarity or, in other words, its invariance under translation
in time. In time series modeling, to evaluate stability properties over time is important particularly
in statistical developments for instance to reach good forecasts. Moreover, we are in conditions to
analyse all the characteristics of a process from a single (infinitely long) realisation when we have an
ergodic process. This is very important, since in the study of a time series only a single realization
from the series is available. Stationarity and ergodicity are then the two cornerstones on which the
time series analysis rests and they will be the subject of study in this chapter.

Necessary and sufficient conditions of first and second-order stationarity expressed in terms of the
coefficients of a CP-INGARCH(p, q) process are discussed respectively in Section 3.1 and 3.2, and
illustrated by the study of some particular cases. Then, in Section 3.3, we obtain its autocorrelation
function and we investigate the existence of higher-order moments when p = ¢ = 1. We finish the
chapter establishing a necessary and sufficient condition to ensure the strict stationarity and the
ergodicity of the CP-INGARCH(p, ¢) process. We should remark that the assumptions considered on
the family of characteristic functions to establish these properties concern a huge class of processes.

3.1 First-order stationarity
The following theorem is the starting point for establishing the weak stationarity for the CP-INGARCH

process in the next section. We notice that the result obtained is not affected by the form of the
conditional distribution but mainly by the evolution of A, specified in (2.3).

Theorem 3.1 Letr X be a process satisfying the CP-INGARCH(p,q) model as specified in (2.2) and
(2.3). This process is first-order stationary if and only if

p q
Z(Zj-i- Zﬁk < 1.
j=1 k=1

27
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Proof: To establish the first-order stationarity we should prove that E(X;) exists and is independent
of t, for any t € Z. As X; is a positive measurable function, we can write formally

= E(4) = E(EXX, ) = E() = E (ao+ Y aX +Y m_k>
j=1 k=1

P q
< M= 0p+ Z ot —j+ Z Brtte
j=1 k=1
taking into account that the involved sums exist although they may be non finite. This non-
homogeneous difference equation has a stable solution, which is finite and independent of ¢, if
and only if all r0OtS z1, .., Zmax (p.q) Of the equation 1 — Y7, a2/ = Y1 Biz* = 0 lie outside the unit
circle, that is, if and only if Z;’:l o +ZZ:1 Br<1.1

Remark 3.1 As a consequence of the Theorem 3.1, provided that 27: 1O —I-ZZ:] B < 1, the processes

A = (At € Z) and X are both first-order stationary and its common unconditional mean is

_ 0
- Zf:l o —Yi_ B

E(X)=E(4)=p

From Theorem 3.1 we have assured that if the sum of the parameters o;;’s and fB’s, j=1,...,p,
k=1,...,q, is greater than or equal to 1 then the process X is not first-order stationary and, obviously,
it will also not be a weakly stationary process. The second trajectory presented in Figure 2.3 is an
INGARCH(1, 1) process where the sum of the parameters o and f3; is equal to 1 and, as referred
before, it is an example of a non-stationary process.

Moreover, we will see later that the condition of first-order stationarity displayed is also a necessary
and sufficient condition to obtain a strictly stationary solution of this model.

3.2 Weak stationarity

In this section, we analyse weak stationarity conditions for the CP-INGARCH(p, ¢) model. With this
goal and in order to assure the existence of the corresponding distribution variance, we assume in
what follows that the family of characteristic functions (¢y,7 € Z) is twice differentiable.

The general class of models considered and the complexity in the study of the weak stationarity in
this class leads us to fix ourselves in the subclass of the CP-INGARCH(p, ¢) models for which the
characteristic functions ¢ satisfy the following condition:

Hypothesis H2 : — i(g)’, =y + Vi,

VXX, ) .¢'0)

= —i .
E(X|X, 1) ¢ (0)
Despite the restriction, a quite general subclass is considered containing both random and deter-

with vg > 0, vi > 0, not simultaneously zero. We note that

ministic characteristic functions ¢;. Recalling the variance of the involved conditional distributions,
many of the examples presented in Section 2.3 can be included in this subclass. Namely,
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INGARCH(p,q) model with vo = 1;

GP-INGARCH(p, ¢) model with vy = (- K)2;

NB-DINARCH(p) model with vy = «;

2—p*‘

P

GEOMP2-INGARCH(p, ¢) model with vy =

NTA-INGARCH(p, g) model with vo = 1+ ¢,
all of them with v; = 0, and also the

* NB-INGARCH(p, g) model with vp = v; = 1;

2
* GEOMP-INGARCH(p, ) model with vo =1 and v; = —.
r

Let us note that all the characteristic functions ¢; which are deterministic and independent of ¢
satisfy the hypothesis H2 since they imply v; = 0.
Remark 3.2 Let us consider a real function k such that k'(0)/k(0) = 1. Considering

K (u
k(u)”

~—

o)
ol 0TI

ueR,

we may write

~—

(] (0) +00)) = G+ 102 T

which implies

—iln (@} (u)) + 6(t) = (vo+vi) In (k(u)) + £ (1)

and so
@ (u) = exp{i(vo+vid)In(k(u) + (1)}, ueR.

Thus the following general class of characteristic functions @; such that
o (u) = et ® /k(u)i(vo+vlaf)du+ o(t), uck,

is solution of H2. For instance, the characteristic function @(u) = e u € R, can be written in this
form with vy =1, vi = 0 and considering k(u) = €", 6(t) =0 and {(t) = Ini.

Remark 3.3 As noted in Remark 2.2, the family of conditional distributions considered can be equi-
or overdispersed. Despite this, some of the next results are not restricted to these cases. In fact,
we observe that when vy = 0 the hypothesis H2 allows conditional underdispersion since the ratio
between the conditional variance and the conditional mean, which corresponds to vy, can be in ]0, l[.
Thus, the DINARCH (p) model proposed by Xu et al. [80] is also included in this study.
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In order to obtain a necessary and sufficient condition of weak stationarity we begin by establishing
a vectorial state space representation of X. To accomplish this let us observe that

EX, jdr) = E[EX jIX, ;)] =EA_jhy), if k> ], (3.1
E(thjlt—k) = E[thjE(Xt—k’Xszfl)] :E(X,,th_k), if k<, (3.2)

from which we can deduce the expressions

E(XiXi—n) = E[E(X;|X, 1) Xi—n] = E(A:X;—p)

:E ( X)

p q
= E (Xi—n)+ Y, 0GE (Xi— jX,—n) + Y BeE (A—iXi—n)
j=1 k=1

P q
o + Z oiX—j+ Z Bk
j=1 k=1

p h—1 q
= E (Xi—n) + Y. 0GE (X—iXe—p) + Y BEXi—iXin) + Y BeE(Ashi—p),  h>1,  (3.3)
j=1 k=1 k=h

and in a similar way

E(ﬁ,,l,_h) =E (

P q
o+ Y X j+ Y ﬁk%—k] lz—h)
= k=1

p q
= oE (A—p) + Z OE (Xi—jA—n) + Z BLE (A—iAs—p)
j=1 k=1

h )4 q
= E (An)+ Y 0GE M jhin)+ Y, GEX jXin)+ Y BE(Ashin), h>0. (34)
j=1 Jj=h+1 k=1

Proposition 3.1 Let X be a first-order stationary process following a CP-INGARCH (p,q) model
such that H2 is satisfied. The vector W,, t € Z, of dimension p+q— 1 given by

E(X?)
E(X.X, 1)

Wi=| EX:X—(p-1))
E(AA-1)

L E(Md—(g-1)) |
satisfies an autoregressive equation of order max (p,q):
max (p,q)
W, =Bo+ Z BiW,; g, (3.5)

k=1

where By is a real vector of dimension p+q— 1 and By (k = 1,...,max (p,q)) are real squared
matrices of order p+q — 1.
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Proof: We begin noting that E(X?), E(X,X;_x) and E(A,A_;) are not necessarily finite but, as
we have positive and measurable functions, we may apply the operator expectation E. For sake of
simplicity, we focus the proof on the case p = ¢ since the other cases can be obtained from this one
by setting additional parameters to 0.

Let us start by calculating E(X?) for any ¢ € Z. We have E(X?) = E[E(X?|X,_,)] and

BOCIX, ) =V 060K, )+ B =~ %00+ 47 v (14 w32

P P
of 4200 <Z X+ Y, ﬁk%—k)
= =1

p p
=vo 0o+ Y, 00X j+ Y Beh—i| +(1+v1)
=1 =1

)4 2 )4 )4 )4 2
-+ (Z (XJ'X,_]'> +2 Z an[—j Z ﬁklffk + (Z ﬁk&‘k)
=1 =1 k=1

= oot + (1 +v1) g + [vo+ 200 (1 +v1)] <Zajx,]+zlsk/1, ) (1+vp)

Z 052X,2 i

P

+ Z ajale ]Xt k"‘zz Z ajﬁk)'f kX — j+ ZBZAZ i+ Z BjBk)'l‘fj)“f—k
k=1 j=lk= k=1
J#k J#k

So, using the first-order stationary hypothesis, we conclude

)4
E(X?)=C+(1+v) ZazE X2 )+ Y, oonE(X— X )
P
+2° ), aBE (XA +Zﬁ2E )+ Z BiBE i) |, (3.6)
Ji.k=1 Jok=1
J#k

where C = voit + (1 +vy) [2001 — o] since p —otg = /.125’:1 (aj+ Bj). We note that C is a positive
constant independent of ¢. Now, let us take into account the fact:

E(th) — VoM

E(X?) =wEA)+(1+v)E(A}) < E(A}) = o

; (3.7)

from where we deduce that X is a second-order process if and only if the same happens to the process
A. Applying the expressions (3.1), (3.2) and (3.7) in (3.6), we finally obtain

Vol 2

07 = (e | £ ot )+ £ PO 4 f e
jk=1

<k

2 Y GBEG ) +2 Y GBEE )2 Y BiBRE )

k=1 jk=1 k=1
j<k j<k j<k
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:C—I—(1+V1)

> (a?+2a"ﬁ o ) EOE)

= I+wv

+2PZ i O‘k(o‘j+ﬁj)E(thsz—k)+2pZ i Be(aj+BHEA—jM—k)|,  (3.8)

j=1k=j+1 j=1k=j+1

where C = C — Vol Zf: | QaBi+ ﬁ,z) is a positive constant independent of r. We observe that the
positivity of the constant C is a consequence of the first-order stationarity of X since from it we have
1> (X0 (0 +B)))* > X0 (g +Bj)* > X0, (208, + B}).-

Using again the hypothesis of first-order stationarity and the expression (3.7) stated above, we
have from (3.3) and (3.4),

E(X:X;:—p)

E(&%Jz)

P h—1
= op+EX2 ) + ) 0GE (Xi—iXi-n) + Y BE(Xi—1Xi—n)
J=1 k=1

J#h
)4
FBEA )+ Y, BEA—iAn)
k=h+1
Vo B ) S _

{0‘0— 1‘|‘V1:| M+ [ah+ 1+v1} E(Xp) +j:;,rlﬁ./E()vrﬁ7wh)

h—1 P
+ Y (o +BEX—iXn)+ Y, GEX—iX,—p), h>1, (3.9)

J=1 j=h+1

p

h—1
= oop+ Y &GE (M- jhn)+ Z OGE (Xi— jXi—n)

j=1 Jj=h+1

o+ BEGE )+ Y BECh i)

fth
vo(an + Bn) %+ B 2 S _
{0‘01_1_‘}1} M+ T +v E(Xt—h)+j:§jrlaJE(Xf*JXf*h)
h—1 )4
+Y (@ +BIEM—jhn)+ Y, BER—jhn), h>1.  (3.10)
=1 j=h+1

From expressions (3.8), (3.9) and (3.10) it is clear now that the vector W, satisfies the autoregres-
sive equation of order p, W, = By + 25:1 BiW;_, with By = (b;) the vector such that

and By (k= 1,..., p) the squared matrices having generic element b

c, j=1
voBj-1 .
- — =2,...
bJ: nop—u 1‘("\/1, B ) J yees P
Vvo(Qj—p+ Pj— .
ﬂao—lv‘ JP Ch 2 9 J:P+1772P_1

1+wv

(*)

ij given by
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e rowi=1:
(1+vi)o +2aufe+ B2, ifj=1

=19 2(14+vi)(o+Pr)jsi—1, ifj=2,....,p
2(1+vi) (o + Be)Bjrk—p, ifj=p+1,...2p—1

k
b

e rowi=k+1, (k+# p):

Otk—l—ﬁ, if j=1
b(k) _ 1+v
k+1,7 — aj+k—1> lf]:2,,p
Bj+k—p7 lfJ:p+1772p_1
e rowi=k+p:
( Q
P
b(k) _ 1+ -
k+p,j Ojtk—1, if j=2,...,p
\ ﬁ]’Jrk*pv 1f]:P+1a72P_1
s rowi=k+j:
po o+ P, ifj=2,...p—k,p+1,...2p—1—k
k+ji 0 if j=p—k+1,..,p

(k)
ij
matrices By can be found in Appendix A.1. l

and for any other case b;;’ = 0, where we consider &; = ; = 0, for i > p. The general form of these

For a CP-INARCH(p) model the entries of the vector By and of the matrices By, (k= 1,...,p)
become quite simpler and the previous result assumes the form presented in the following corollary.

Corollary 3.1 Let X be a first-order stationary process following a CP-INARCH(p) model such that
H2 is satisfied. The vector W;, t € Z, of dimension p given by

E(X?)
W/t _ E(XZ‘XZ—I)
E(XiXi—(p-1))

satisfies an autoregressive equation of order p:

)4
W, =Bo+ Y BiW 4,
k=1

where By is the vector of dimension p given by By = (volt + 0o (1 +v1)(2u — @), UL, ..., QoL ) and
By (k=1,..., p) are the squared matrices of order p with generic element bg-c) given by:

e rowi=1:

po _ ) (e, ifji=1
1 2(1+vi)ogjk—1, ifj=2,...,p
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s rowi# 1:

ajJrk*la lfl:k—’—l?.]:]a7p
k o ..
l]): ak7 l.fl:k+J7J:277p
0, otherwise,

where aj =0 for j > p.

Now we state a necessary and sufficient condition of weak stationarity of the process under study.
Theorem 3.2 Let X be a first-order stationary process following a CP-INGARCH (p,q) model such
that H2 is satisfied. This process is weakly stationary if and only if

max (p,q) .
P(L) =1Ipg1— By L
k=1

is a polynomial matrix such that detP(z) has all its roots outside the unit circle, where I, 1,1 is
the identity matrix of order p+q—1 and By (k= 1,...,max (p,q)) are the squared matrices of the
autoregressive equation (3.5). Moreover, denoting the covariance function of X and A by respectively
I'(j) = Cov(X;,X,—j) and I'(j) = Cov(A, Ai—j), we have under the weak stationarity of X

r(]) :ej-i-l[P(l)]ilBO_.uz) ]:077p_ 17

f(.]) :ep+j[P(1)]_lBO_.u27 J: 1,---74— 17

with e denoting the j-th row of the identity matrix.

Proof: Let us consider Cy = 1,141 and Cx = By, k > 1. Since C;, = 0 when k > max(p,q), the
autoregressive equation W, = By + ):kmfl((p @) BiW,_ can be rewritten in the form

max(p,q) t
Wi=Bo+ Y GCWi & W,=Bo+ ) CWi—W,, when t>max(p,q). (3.11)
k=1 k=0

Introducing the z-transform (") of W, and that of C,, namely w (2) = Xro Wiz % and
C(z)=Co+ Z;{nj(p @) Ciz 7, and taking the z-transform of both sides of equation (3.11) we get

W (@) =Bo+CQOW (@) -W (@) & (Ipg1=C@)+lpig1) W (2) = Bo
So, according to [22, p. 299], a necessary and sufficient condition for weak stationarity is

det (Ipsq-1 = C(2) +1prg-1) #0, forall z such that [¢] > 1,

that is, det (Ierq,l —yrex(pa) Bkz*") = detP (1) has all its roots inside the unit circle.

ILet x(n) be a sequence which is identically zero for negative integers n, i.e., with x(n) =0 for n < 0. The z-transform
of x(n) is defined as x(z) = Z(x(n)) = L 7_yx(j) -2/, forz € C. See, e.g., [22, Section 6.1].
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From the weak stationarity and since P(1) is an invertible matrix (%), the autoregressive equation
(3.5) reduces to (Ierq,l —ka:a’{(p’q) Bk) W, =By < W, = [P(1)]7'By. So, in what concerns the
values of the autocovariances as, for j =0, ..., p— 1, the order j entry of the vector W; is E(X,X,_;), we
obtain Cov(X,X,— ;) = E(X;X,—j) — u*> = e;11[P(1)] "' By — u*. The expression of the autocorrelation
function of A follows similarly, which completes the proof. H

Remark 3.4 We provide now an alternative proof for the sufficient condition of weak stationarity.
If all the roots of det P(z) are outside the unit circle then P(1) is invertible and we have

max(p.q) max(p.q) }
Wi=Bo+ Y BWik & (Ig1— ), Bl | W =B

k=1 k=1
max(p,q) L max(p,q) X
S | Lpg-1— B | Wi={1Ipig-1— Y, Be|[P(1)]'Bo
k=1 k=1
max(p.q)

& W,—[P()]'Bo= Y Bi(Wix—[P(1)] 'By),
k=1

which means that {W; — [P(1)]~'Bo };cz, satisfies an homogeneous linear recurrence equation. The
solution of this equation is asymptotically independent of t since det P(z) has all roots outside the unit
circle, and then from the definition of W;, the weak stationarity of X and A follows.

Hereafter we present some examples to illustrate the condition of weak stationarity displayed.

Example 3.1 Let us consider a CP-INGARCH(p, p) model satisfying H2 with o = ... = 0t)—| =
Bi = ... = Bp—1 = 0 and such that a, + B, < 1. To analyze the necessary and sufficient condition for

weak stationarity of X given by Theorem 3.2, we consider the polynomial matrix

1— [(Olp—i-ﬁp)z-FVlOl;]Zp le(p_l) 01><(p—1)
P(Z>:IZP—I_BIZ_---_Bpr: 0(p_1)><1 A B
0(p—1)x1 C D

where A, B, C and D are squared matrices of order p — 1 given by

0 0 e 0 =Bz ]
0 0 e =B 0
B = : : T : ;
0 —Bpzl 2 0 0
| —Bpz! 0 0 0 |
[0 0 0 —opz ]
0 0 -t 0
C: . . . . b
0 -0zt 0 0
| —apz! 0 0 0 |

2Under the hypothesis of weak stationarity, det P(z) has all roots outside the unit circle. So, P(1) is an invertible matrix
since det P(1) = det (I1q—1 —X4_, Bx) #0.
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when p is odd

1 0 0 —0Z
0 1 -2 0
A= ; : :
0 —0pzP 2 1 0
— ozl ! 0 0 1
1 0 0 Bz ]
0 1 —Bpz> 0
D= )
0 —BpzP~? 1 0
| —Bpa! 0 0 I
and when p is even
[ 0 0 0 —apz ]
p—1
0 1 0 a2 0
—1
A= 0 1= alT ] 0 o |
—1
0 a2 T 0 1 0
__apzpfl 0 0 0 1
! 0 0 0 —Bpz ]|
p—1
0 1 0 —ﬁpz[ 7] 0
—1
D= 0 0 1l 0 o |
~1
0 gl 0 1 0
__ﬁpzpfl 0 0 0 1]

where [x| represents the greatest integer less than or equal to x.

In what follows we denote by Py|(z) the submatrix of P(z) obtained by deleting the row 1 and the
column 1. Applying Laplace theorem to the first row of the matrix P(z) we deduce

detP(z) = [1 — ((ctp +B,) +v103)2P] - det Pu (2)

p—1
2

(1= ((ap+Bp)* +viap)e?) - (1= (o +Bp)*2") =, forp odd,

(1= ((ap +Bp)? +IV1O¢,§)Z”)><
(1= (0 + Bp)al =TI (1= (0 + B,)?2)' 7)., forp even.
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In fact, applying the formula of Schur (3) to the 2 x 2 block matrix Py1(z) we deduce that
detPy1(z) = det (AD — CB), since AC = CA for every p:

* for p odd
a[%zp 0 0 _apZ T
0 (x;z" =t 0
AC= : : :
0 - 0
| —apz! 0 0 agz” i
* when p is even
Olf,zp 0 0 0 =z T
pol
0 o2zP 0 —(sz[ 2 } 0
pot pot
AC = 0 0 —apz[ z }H <l—apz[ z ]H) 0 0
p—1
0 —Ocpz[ 2 }H 0 chzp 0
| —opPt 0 0 0 o2z |

Let us prove that the determinant of Py1(2) is that given above. We have CB = o, ,z" - 1,1, and
the generic element of AD = (a;;), i,j=1,...,p— 1, when p is odd, is given by

1+apﬁpzp> lfl:.]a
aij=9q —(+By)7, if j=p—i
0, otherwise,

and when p is even is given by

1+ 0 Bpz”, if i=jandi# [pT_l +1,
aij = —(0+Bp)<, if j=p—iandi# |25 +1,
(1—ap2) (1= Bp2'), ifi:j:[p%l]Jrl’
0, otherwise.

Thus when p is odd, and using the formula of Schur in the matrix AD — CB, we get

1 0 0 —(ap+Bp)z
0 1 v —(ap+Bp)Z? 0
det(AD —CB) = : : : :
0 _(ap+ﬁp)zp72 1 0
—(op +Bp)2 ! 0 0 1

3129, p. 46]: Let A, B, C, D be squared matrices of order n. If AC = CA, then

A B
CcC D

‘ = det(AD —CB).
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(Gp+B,)%" 0
= det Iqu— : . :
0 (ap+[3p)22p
1=+ - 0
= : - : =[1— (o +B,)%"]'T .
0 o 1= (ap+Bp)2

On the other hand, when p is even, applying the Laplace theorem to the ([prl] + 1)-th row of the

matrix AD — CB we obtain that its determinant is given by

1 0 0 0 *(apJFBp)Z
. C e L
0 1 (o + )l 11 0
0 —(ap+ Byl T2 0 1 0
—(ocp—k.ﬁ’p)z’”1 0 0 0 1
1 0 0 —(op+Bp)z
=1- (7] +1 0 1 1 _(ap"‘ﬁp)z[%]] 0
[1—(op+Bp)z ] (ap+ By |
i .

—1 —2
= (1= (ap+ Bp)el T )1 = (0 + By 27)
where the last equality follows using the same strategy as in the case of the p being odd.
So, the necessary and sufficient condition for weak stationarity of the considered model is given by

(0p+Bp)* +viog <1,

under o, + B, < 1, and plotted in Figure 3.1 considering different values of vi. We note that, contrary
to what happens in the necessary and sufficient condition of first-order stationarity (Theorem 3.1), in
this case the condition is affected by the nature of the characteristic functions @y, via parameter vy.

Let us remember that the case vi = 0 contains all the deterministic and independent of t characte-
ristic functions @. For instance, the dark to lightest gray region represented in Figure 3.1 corresponds,
in particular, to the weak stationarity region for the INGARCH(1,1), GP-INGARCH(1,1), GEOMP2-
INGARCH(1,1) and NTA-INGARCH(1,1) processes under the condition oy + 1 < 1. We can also
conclude, for example, that the weak stationarity region of the NTA-INGARCH(1,1) process, for
any value of parameter ¢ (dark to lightest gray) is larger than the weak stationarity region of the
GEOMP-INGARCH(1,1) process (recall in this case vi = 2/r) considering r = 0.4 (darkest gray).
These regions get closer when we increase the value of the parameter r.
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Fig. 3.1 Weak stationarity regions of a CP-INGARCH(p, p) model under the condition ¢, + B, < 1,
with the coefficients o) = ... = o, | = Bi=..= ﬁp,l = 0 and considering v; = 5 (darkest gray),
0.5 (darkest and medium gray) and O (dark to lightest gray).

Example 3.2 Let us consider a CP-INGARCH (2,2) model satisfying the hypothesis H2 and such
that Z§:1 (atj+ Bj) < 1. To examine the necessary and sufficient condition of weak stationarity we

consider the polynomial matrix P(z) =I5 — Bz — B,72, with By and B, the 3 x 3 matrices given by

B =

By =

[ (au+ B> +viaf 2(1+vi)aa(on+B1) 2(14vi)Ba(au + Br)

B
o + }3 = 12%) B2 )
a1 +pi
14v; az ﬁz

_(a2+l32)2+v1a22 00

0 00
0 00

Thus the determinant of this polynomial is

detP(z)

(1=1[(an +B1)* +viof]z—[(0r + B2)* +via5]z”) (1 — z) (1 — Brz2)

—2(1+w) <a1 + %) a0 +B1)2’ — 200 Ba(0n + B1)*2

=2(14+v)Ba(e +ﬁ1)2(1 — Otzz)Z2

—2(14vi)op(o +Bi)(1 — Baz) <061 + l—lf—lvl ) 2

—onfa (1= [(ou+B1)? +viad]z— (o + B2)* +viad)?) 2

1— (o1 +B1)?* + o+ Ba+viad] z

—[(on 4+ B1)* (@ + o) + (0 + B2)* +vi (0 — o Ba + 0f 0 + 200 By )| 2
— [—(o+B2)* —viog (o + )] .

Using, for instance, the Matlab software we can exhibit the roots of det P(z) in some particular

cases. For example, if we consider oy = ap = B, o = 0 and vi = 0 we obtain the roots
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2 14+o 2 1+o
| 201~ 207 (/75 +1) | 200420] (/1)

u=——, = 23
(X17 04} ’ (04} ’

which are always outside the unit circle under the first-order stationarity condition 3¢,y < 1. On the

other hand, when we consider a; = B = 0 we get the roots

1 1 1
=— = B ,
%+ \/(oc2+ﬁ2)2+vloc22 \/(Otz-l-ﬁz)z—l-vloczz

21

from where we deduce the condition (0 + 2)* +v105 < 1 already stated in Example 3.1.
Taking B, = 0, we plot in Figure 3.2 the weak stationarity regions of a CP-INGARCH(2, 1) process
considering different values for vi, namely, vi =0, 0.5 and 5 (*).

1 1
1 I -
L SIS 1 A
R T S
i N ! -
5 05 : O X | .
2 L i E i
0 0. i
: : 1 1
0.5 . 05 0.5 05
alph32 0o alpha1 a|ph32 0o ;alpha'I E|ph62 0o alp«ha_1

Fig. 3.2 Weak stationarity regions of a CP-INGARCH(2, 1) model with ¢; + o + 1 < 1, considering
vy = 0 (lightest gray), 0.5 (medium gray) and 5 (darkest gray).

Wiew just the XY plane View just the X.Z plane Wiew just the Y.Z plane

;alph;a2

0 0.5 1 0 0.5 1 0 0.5 1
alpha, alpha, alpha,

Fig. 3.3 The three planes that define the weak stationarity regions of Figure 3.2.

We conclude that, as in Example 3.1, when we increase the value of v| the weak stationarity region
becomes smaller. To better view, we represent in Figure 3.3 the three planes that define the mentioned
regions where it is now clear that the weak stationarity region with vi = 5 (darkest gray) is contained
in the weak stationarity region with vi = 0.5 (darkest and medium gray) and this one is contained in
the weak stationarity region with vi = 0 (dark to lightest gray). Let us note that the first plot of the
Figure 3.3 corresponds to the CP-INARCH(2) weak stationarity regions.

In Appendix B we establish another necessary condition for weak stationarity which coincides
with the previous one in some particular cases, as we will prove.

4The program in MATLAB code can be found in Appendix D.2.



3.3 Moments structure 41

3.3 Moments structure

The autocorrelation function for the CP-INGARCH(p, ) model is derived in this section and il-
lustrated when p = g = 1. Moreover, in this particular case, we deduce a necessary and sufficient
condition for the existence of unconditional moments of any order of the process.

3.3.1 The autocovariance function

We recall that in Theorem 3.2 we derive some values for the autocovariance function. Despite its
simplicity, especially when the orders p and g are low, these expressions are quite insufficient to
describe the autocovariance function. In fact, for example, for a CP-INGARCH(1, 1) such expressions
allow us only to determine the value of V(X;). In the next theorem we derive a set of equations from
which the autocovariance function of the general CP-INGARCH(p, ¢) model can be obtained.

Theorem 3.3 Let X be a weakly stationary CP-INGARCH(p,q) process. The autocovariances of the
processes X and A, respectively I and T, satisfy the linear equations

min (h—1,q

p ) q N
=Y o;-T(h—j)+ Z Be-T(h—k)+ Y Be-T(k—h),  h>1,
Jj=1 k=h

min (h,p) _ p 4q ~
= Y o Th-H+ Y oT(-m+Y B-Th—k,  h>0,
j=1 J=h+1 k=1

assuming thatZZ:hﬁk-f’(k—h) :0ifh>qand2§:h+1 oj-I'(j—h)=0ifh>p.

Proof: From expressions (3.3) and (3.4) we have

min (h—1,q)

E(XiX;—n) = Otol-hLZOtJ (X—jXo—n) + Z BrE (Xi X1 +Z[3kE —kM—n); h>1,
J=

min (h,p) p q
E(MXM—p) = opu + Z OGE (M~ jM—p) + Z OE (XX, —p) + Z BE (A—iAi—p), h>0.
j=1 j=h+1 k=1

Thus, for 2 > 1, we obtain

T(h) = E[(X; — ) (Xi—n — )] = E (XX, ) — p?
min (h—1,q

)
—aowza, i+ L BTl k+zﬁk T(k—h) + 12 (i im)—uz
—1 k=1

min (h—1,q

p ) -
~Yaro-ns Y T C(h—k)+ Y Be-Tlk—h),
= k=h

and, for 2 > 0, proceeding in an analogous way

L(k) = E[(A — 1) (A—n—p)] = E(AAy—p) —
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min (h,p) p q -
= Y o-Th=j+ Y oT(—h)+Y Be-T(h—k),
j=1 j=h+1 k=1

which completes the proof. B

We point out that this general result includes those of Weil3 [77], Zhu [81, 82] and Xu et al. [80]
on INGARCH, NB-INGARCH, GP-INGARCH and NB-DINARCH models as special cases.

The autocovariance function of the CP-INGARCH(p, q) process indicates that it can be represented
as an ARMA process. In fact, as a consequence of Theorem 3.3 we have

min (h—1,q

)
Za] R M S VRS W S e
k=h
4 h—1 q -
Y o T(h—j)+ Y Be-T(h—k)+ ) Be-T(k—h), 1<h<q,
J=1 k=1 k=h

ZO‘J (h— J‘f‘ZBk —k), h>qg+1,

which means that {X; — t },cz has an ARMA (max (p,q),q) representation [12, p. 90]. We point out
that this result may be useful in the identification of the model, i.e., in the choice of the orders p and g.

For a CP-INGARCH(1, 1) model we are able to present explicitly the autocovariance function.

Corollary 3.2 Let X be a weakly stationary CP-INGARCH(1, 1) process.

The autocovariances of X are given by

F(h) _ 061(1 *[31(061 +[31))(a1 +Bl)h_l

ro), h>l.
I— (o1 +B )+ 2 ©)

Proof: From Theorem 3.3, we obtain for # > 2 that
'hy=a;-T(h—1)+p-T'(h—1)=(a1+p1) - T'(h—1) =

= (a1 +B1)"" - T(1) = (o + B1)" o - T(0) + By - T(0)]. (3.12)

To determine an expression for V(A,) = I'(0), we note first that for 7 > 1,

T(h) =0y -T(h—1)+B-T(h—1)=... = (a1 +B1)"-T(0),

I(0) = oy -T(1) + By -I(1)

(
= of -T(0) + a1 By - T(0) + Bi (a1 + i) - T(0)
= o -T(0) + (a1 + B1)* — &f] -T(0)

= a?-T(0)
&TI(0)= 1—(a11+ﬁ1)2+a12‘




3.3 Moments structure 43

Therefore, replacing the previous expression in equation (3.12) we obtain

o B -T(0) }
1—(oy +[31)2+Oz12

['(h) = (o4 +l31)h71 . [061 -T(0) +

[ — o8 =202 B — oy BE 4 o + o2
= (o + h 1|: 1 1 1 1 1 (0
(1 +B1) 1—(a+Bi)*+af ©

1 (1= Bi(a +Br))
L —(on+Bi)*+of Lo, h=1. =

= (o +pr)

So in this case the autocorrelations of X and A, under the weak stationarity, are respectively given

ph) = Egg; = Tl_(l(aﬁ(gl)j f ;)12) (B h>1,

p(h)=(ai+p)", h>0.

We underline that for any CP-INGARCH(1, 1) process the correlation between the values at
different times is independent of its conditional distribution. To illustrate these expressions we plot in
Figure 3.4 the empirical autocorrelation function of the INGARCH(1, 1) and NTA-INGARCH(1, 1)
models corresponding to the trajectories of the Figures 2.3 and 2.4, respectively (°). We observe that
these processes are weakly stationary since the parameters &; = 0.4 and §; = 0.5 belongs to the weak
stationarity region (see Figure 3.1). Some theoretical values according to the above formulas are, for
instance, p(1) ~0.629, p(2) ~ 0.566, p(3) ~ 0.509, p(6) ~ 0.371, p(10) ~ 0.244, p(16) ~ 0.129,
from which some closeness with the empirical autocorrelation values is evident.

Autocorrelation AC Autocorrelation AC
| — 1 0612 | — 1 0632
| — 2 0550 = 2 0581
= 3 0508 = 3 0514
| — 4 0460 | — 4 0437
| 5 0377 | — 5 0410
= 6 0341 = 6 0321
= 70281 = 7 0305
= g2 0264 = 8 0273
1= 9 021 1= 9 0246
1= 10 0185 1= 10 0184
= 11 0170 1= 11 0204
= 12 0162 = 12 0196
A 13 0112 = 13 0180
1| 14 0114 || 14 0161
1| 15 0106 || 15 0165
1] 16 0.077 || 16 0163

Fig. 3.4 Autocorrelation function of an INGARCH(1,1) (on the left) and NTA-INGARCH(1, 1)
model with ¢ =2 (on the right): ®p = 10, oy = 0.4 and ; = 0.5.

SThese correlograms are obtained with the aid of the software EViews when we generated the trajectories of Section 2.3.
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Remark 3.5 [fthe hypothesis H2 is satisfied then the variance of X; is given by

(vo+vip)[1— (o + B1)* + of]
1—(on+p1)?>—vieg

r)=mu

)

where & = /(1 — oy — B1). In fact, the variance of X; can be obtained from
V(X)) = E[(vo+viAd)A] +V(A) =vour +viE(A?) +V (L)

= vout + (1 +v)V(A) +viu?

(1+vi)ai-T(0)
1—(on+p1)>+of

2

< I'(0) =vou + +Vil

& [1= (a1 +B1)* =vief] T(0) = p(vo+vip)[1 — (e + Br)* + o]

(vo+viu)[1—(oy +l31)2+0612]
1— (o + )2 —via? '

& L0)=u

We observe that the variance I'(0) can also be obtained by applying the formula stated in Theorem

3.2 since, in this case, we have
P(1)=1-B;=1— (a1 +p1)> —via?,

Bo =vou + (1+v1) 2001 — o] —vou (204 B1 + B7).

35 100
Therefore, if we consider ap = 10, oy = 0.4 and B = 0.5 then T'(0) = (W.
. — V.10V

In particular, for the INGARCH(1,1) process we get \/I'(0) ~ 13.572 (vo = 1 and v; = 0), for
the NTA-INGARCH(1,1) process with ¢ =2 we get \/T'(0) ~23.508 (vo = 1+ ¢ and vi =0), and
for the GEOMP-INGARCH(1,1) process with r = 2 we get \/T(0) =~ 343.269 (vo = 1 and v| = 2/r).
Comparing these theoretical values, respectively, with those presented in the simulated trajectories
of Figures 2.3 (= 13.247), 2.4 (= 24.042) and 2.5 (= 133.902), we notice a discrepancy in the
GEOMP-INGARCH which may be a consequence from its hight variability.

3.3.2 Moments of a CP-INGARCH(1,1)

In this section we give a necessary and sufficient condition for the existence of all moments of a
CP-INGARCH(1, 1). The study undertaken allows us to establish this result in a subclass of models

for which the characteristic functions ¢; satisfy
Hypothesis H3 : ¢, is deterministic.

We underline that this particular case still includes a wide class of models, many of them here
introduced, as the GEOMP2-INGARCH or the NTA-INGARCH processes.

We start by presenting the next lemma which proof is in Appendix C.1.
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Lemma 3.1 For k € Ny and m € N, the m-th derivative of the function (p,k = Hlj‘-: 1 O is given by

m—1 k!

k (m) _ . k—m-+n
() W= X ammm ™

Y (mkiyenka) [0l @] 0™ @), ueR, (3.13)

ky+...+km=m—n
ky +2ky +...4+mhkp=m
kreNg

where (m;ky,...,ky) represents the number of ways of partitioning a set of m = ky +2ky + . .. + mky,
different objects into k, subsets containing r objects forr =1,2,....m, i.e., (see, e.g., [2, p. 823])

m!

(INRk 1200kl (m! ok !

(mykyy ... k) =

Theorem 3.4 Let X be a CP-INGARCH(1,1) model such that the hypothesis H3 is satisfied. The
moments of X are all finite if and only if oy + 1 < 1.

Proof: Let us recall the representation (2.5) stated in Section 2.3. Since the X; ;, j = 1,...,N;, are
i.i.d. random variables with common characteristic function ¢, the characteristic function of the sum

Z/;':I X:,jis HIJ‘-ZI o (1) = o (u), u € R. As X;|X,_, is a compound Poisson random variable, we have,
according to Remark 2.3,

E[X;"[X, 1] O(’lr’?r {;}( ;) ) HE (ZX,,> X }

I B ¥ Sy e N e Ol (m)
- Ln ’(0))r2<k) e (9) O, mz,

I
(ngE

=t (e =0

with ((ptk)(m) given by expression (3.13). Thus,

N R G MUy
rg(’) kgbr‘ ( > im_r((P,/(O))r E[lt] (3.14)
( | ) Bl XA

r n n n < n n— n
—ao—i—Z( ) [ 1 t—1+Z< / )0‘13 X/ A 11
=1

As 7Lt”:ll is X,_,-measurable we obtain

1 1 )Lv+n [ v " (_1)v—x !
Elx" Anlx - Y o V0, 1>,
[ t—17% 1|—t 2 WOV' (P, 1( ))v);) X 1—v ((Pt l) ( )

The binomial formula yields

N
HMa
o

n=0

A= (o0 +ouX, 1+ BiA Z( >a"”
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and consequently,

r r . r—n nqn S n n— n—
EMt ’Xz—z] = O‘O+ Z ( ) ao [Bl )Ltfl + Z ( i ) a{ﬁl l)’tfll E[thflpi(z—z]
=1

n=

Swed (1ot (et ()

/

n—i v v _1)v—x
X;}M )3 ( X ) ( 11_) (@) (0) A7, (3.15)

x=0 l

Let A, = (A™,...,A)". In the algebraic expression of E[A/|X, ], for r = 1,...,m, all the powers
of A, are less or equal to r. Therefore, a constant vector d and an upper triangular matrix D = (d;;),
i,j=1,...,m, exist such that the following equation is satisfied:

E[A|X, 5] = d+DA,

E[/lzm\)izfz} a(r)n (al "’ﬁl)m * * lr”il
: N : . : : :

E[A71X, 5] o 0 (B x A2,

EMY|X172] (04)] 0 0 o +ﬁ1 Ai—1

Indeed, let us prove that the diagonal entries of the matrix D are those given above.

The k-th diagonal entry of the matrix D corresponds to the case where in equation (3.15), we
consider r = m — k4 1. Thus, to obtain the coefficient of ll”flkﬂ, we look at the terms corresponding
ton=m—k+1and [ =v. Then, we get

m—k+1 m— m—k+1-1
A D) ( Hl)fﬁ‘fpW;}C)(—1)’*(@1)“)(0)

X
m—k+1 k 1
— gk Z (m + )(x{ k1=

= (a1+ﬁ1)m’k“, k=1,..,m,
since it can be proved that
: [ =X ( oX 0 | ! l
Y (=D (@) 7 (0) =11 [g/1(0)])". (3.16)
x=0 X
In fact, using the expression (3.13) we obtain

S - 0 S (1 v x! I+
£(1)ereo - (1 )er B ateto

x=0

/ ki [
x Y kesk) [0 0)] - [0 (000,
ky otk =l—j
ky+2ky ...+ lk =l
kreNg
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and thus, for any arbitrarily fixed k1, ...,k; € Ng such thatk; +...+k;=1—jand k; +2ko +... + 1k} =1,
the coefficient of [(pt’fl(O)]k' [(pz(i)l (0)]* is given by

'y s x!

_);)< X ) (_l)lix(x_(qu_,,,—}—kl))! (Likyy .. kp)
_ i d (_l)l—x ‘
e e e R )] Nk, k)

_ 1\ —(ki+...4k) 1—(ky+...+k;) _
B (l(— (lk)l+...+kz))! [ mgo ( -t J,:,lerkl) >(—1)_"’] Nk, ky).

When k| =1, k, = ... = k; = 0, we obtain the coefficient /!(1;1,0,...,0) = I!. Otherwise, the
coefficient equals zero. Therefore, we finally conclude the equality (3.16).

Since X, ; C X, ,, we obtain
E[ANX, 5] = E[E(A|X, )X, 3] =E[d+DA(|X, 3]
=d+DE[A_|X, ;]=d+D(d+DA, ») =d+Dd+D?A, ».
Iterating this recurrence / times gives:
E[AIX, , ] = (Im+D+D2 +... +Dl) d+D"A,_ (4.

Substituting k = [/ 42 leads to:

[AZ|X{ k (ZDr>d+Dk IA (k 1)

r=0

If the eigenvalues of D are inside the unit circle, i.e., if for any eigenvalue A of D we have |A| < 1
then there is a norm ||.|| under R™ such that ||D|| < 1 [51, Theorem 3.32] and then the matrix I,, — D,
where [, represents the identity matrix of order m, is invertible and we can write

k=2
r=0

that is, we get
EA|X, 4] = (I —D)_I(Im—Dk_l)d‘i'Dk_]/\z—(k—l)-

So, we conclude that the eigenvalues of D (which coincide with its diagonal entries because it is
an upper triangular matrix) are inside the unit circle if and only if &) + f8; < 1. Consequently, since
D! — 0 when k — oo, we have

hmE[At\X, J = (I, —D)'d=E[A/],

and then from (3.14) all the moments of X; of order < m are finite. Bl
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As in the particular case studied by Ferland et al. [25] we assure the existence of all moments of
this process under a very simple condition on the model coefficients. In accordance to these authors,
we point out that it is an unexpected result taking into consideration what is known on the complexity
analysis and on the conditions of moments existence for conditional heteroscedastic models in general.

In the following we illustrate the expressions stated above in some particular cases.

Remark 3.6 Let us consider the

¢ INGARCH model: (¢*) (m) (u) = (ik)"e™™ and (¢*) (m) (0) = (ik)", u € R, m > 1. Thus

m

=Y Y ( . ) (1Y ER] = Y SomnER]. ()

r=0

A complete proof for this particular case can be found in [25].
* NTA-INGARCH model: We have

o) = exp (kg (e —1)),
((P")(m)(u) = im;S(m,j)(k¢)jexp(k¢(ei”—1)+iju), ucR. (3.17)

In fact, form =1, we get

((pk(u))/ = ikpexp (ko (¢ —1) +iu),

and, by induction,

(@k)(WH-l) (w) = % [imiS(m,j)(k(P)jeXp (kq) (eiu . 1) -l-iju)

= Y S(m ) (k9) (k0 i) exp (k9 (¢ 1) +iju)
j=1

= Y S0m, ) [(k6) exp (ko (e~ 1) +i(j+ D)
j=1

+i(kg) exp (ko (" — 1) +iju)]
= Y (k0)IS(m = 1)+ jS(m ] exp (ko (¢ ~1) + i)
=

+i" kg exp (k¢ (€™ — 1) +iu)

+i" 1 (kg)™ L exp (ko (€™ —1) +i(m—+ 1)u)
m+1

= " Y S(mt 1)) (kg) exp (kg (" — 1) +iju).
j=1

911, p. 835]: A closed form for the Stirling numbers of the second kind is

st = B0 () )e

* k=0
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from the recurrence relation of the Stirling numbers of the second kind and so (3.17) is proved.

Taking u = 0, we conclude

(¢)" © =3 st k).

Thus,

EX"] = i Zl‘<k>(_ i i S(m, j) (ko) E[A], (recall (3.14))
E[lﬂ&—z] = O‘(;"‘zr: ( ; >O‘6nm1)~;n1+z:1 ( :l )Oégnlzn‘i < rll ) X

1 =
X XI: O‘{fg:l Zl: Y (1) IS(L.K) (

' ) (o)A, (recall (3.15))
J

and the diagonal entries of the matrix D are given by

m—i+1 —i+1 m—i+1—1 /
di = Z(mlH— >al};¢l ZZ ljSlk(J)(W)k

=0 k=1j=0

= m_fl ( moit )afﬁf"‘i“‘l Y S(1,k)S(k, 1"

=0 l
= (o +p)m i=1,.,m,

because S(k,l) # 0 only when k = 1.

3.4 Strict stationarity and Ergodicity

In this section we study the existence of strictly stationary solutions for the class of models previously

introduced. We begin by building, recursively, a first-order stationary process solution of the model

following the theory presented by Ferland et al. [25]. This solution will be, under certain conditions,

strictly stationary and ergodic.

Let us consider the CP-INGARCH model as specified in (2.2) and (2.3) associated to a given
family of characteristic functions (¢;,7 € Z) such that H1 and H3 are satisfied and let {y;} jcn, be

the sequence of coefficients associated to the CP-INARCH (o) representation of the model.

Let {U, };cz be a sequence of independent real random variables distributed according to a discrete

compound Poisson distribution with characteristic function

@u,0) = exp { w0 1]
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Foreacht € Zand k € N, let 2, = {Z; x j} jen be a sequence of independent discrete compound
Poisson random variables with characteristic function
i
22,0 = exp{ Wi s a0~ 11
o0 "
We note that E(U;) = W, E(Z k. j) = W and that Z, ; ; are identically distributed for each (,k) € Z x N.

We also assume that all the variables Uy, Z; ;. ;, (s,t € Z and k, j € N), are mutually independent.
(n)

Based on these random variables, we define the sequence X, as follows:

0, n<0

(n) U[, n=20
X" = . Xt(f;k) (3.18)

U+ Z Z Zikkj, n>0

k=1 j=1
where it is assumed that 29: 1Zi—kk,j = 0. Using the notion of thinning operation M, X,(") admits, for
n > 0, the representation
n

X" =U+Y y P ox" Y, (3.19)

k=1

where the notation (ngr)o) means that the sequence of random variables of mean Y involved in the

thinning operation corresponds to time 7, i.e., the sequence 2%y = {Z, j} jen- Note that we can

_k)
k

really use the thinning operation since 2 x is a sequence of i.i.d. random variables and Xt(f and

Z,_kx,j are independent, for each k € {1,...,n}. Indeed, for a fixed k, we have

—Kt—k—r
—k
X,(fk ) =Ur+ Z Z thkfr,r,j
r=1 j=
—k—1 —k—2 1 .
:fn (U[,k, Xt(:lk_l )7 Xt(fk—Z )7 L) X,(,zpr]a U,,n, thkfl,l,jv L) Zt7n+l,z1fk71,j7 thn,nfk,jv J€ N)

_ (n—k=2) (1)
=S Uiy Ui—1, X, 57 oo Xyt Urens Zik—110s Zik—22.55 -5 Zi—ntln—k—1,j>

Zionn—tjs Zik-21j> Zi—k—32,js -+ Zi-nitn—k—2,js Zi-nn—k—1,j» j €N)
=.. =fuUks -cs Umny Zipepsjs r=1,..n—k, s=1,....r, jJEN),
and the required independence holds from the construction of the variables.

The representation (3.19) shows that X,(n) is obtained through a cascade of thinning operations
along the sequence {U, },cz. Indeed, using recursively the thinning operator, we have

7[30]: Let X be a nonnegative integer-valued random variable. For any ¢ > 0 the thinning operation is defined by

X — Y Y, if X>0,
0, otherwise,

where ’o’ denotes the thinning operator, {Y;} is a sequence of i.i.d. nonnegative integer-valued random variables, independent
of X, and such that E(Y;) = a. The sequence {Y;} is known as counting series. In the binomial thinning operation the
counting series is considered to be a sequence of i.i.d. Bernoulli random variables with parameter o.
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XV = Uy ox % = Uty Vo,

1—

X2 = Uy ox 4y ox )

— U+ llll(t—l) o (Utfl + wl(f—z) o Ut72) 4 WZ(I—Q) oU;_»,

XV = Uy o (U 4wl ol sy o (U o s)]

(n)

and so on. For any value n, X,”’ can be expanded in that way, which is useful on the study of its strict
stationarity and ergodicity.

In what follows we present some properties of the sequence {X,(")}neN, useful on the analysis
of its probabilistic behavior. In fact, we will prove that {(X,("),t € Z), n € Z} is a non-decreasing

sequence of first-order stationary processes that converges almost surely, in L' and in L.

Theorem 3.5 If Y/ o+ Y[ B <1 then (X"t € Z), n € Z} is a sequence of first-order
stationary processes such that |, = E (X,(")) — U, as n — oo,

(n)

Proof: We start by noting that the expectation of X; (n)

is well defined because X, is a finite sum
of independent compound Poisson random variables. We will denote this expectation by 1, and we
prove in the following by induction, with respect to n € Z, that it does not depend on ¢.

For n = 0 we obtain E (Xt(o)) = E(U;) = yo, which is independent of ¢ (for n < 0 the result is
trivial). Now let us consider as induction hypothesis, that for n > 0 and for any fixed value of ¢,

E (Xt(")) is independent of ¢. Thus, from the mean of the thinning random variable (3.), we obtain

n+1

n+1
E(x") =E (Uf + Yy OX,(i’Zlk)> =vyo+ Y vk (X" Y)
k=1 k=1

o (£ (x0) o (X)),

which is, by the induction hypothesis, a function independent of ¢. So

0, n<0
Uy = E (Xt(n)) — Yo, . n=0 ,
Yo + Z Yillp—k, n>0
k=1

and using the fact that y,_, = 0 if k > n, we can write

o= Y Vitn i+ o =B (L) [A(L)ly + 0] & B(L)W, = A(L)1, + 0o
k=1

& K(L)p = o,

8130, p. 52]: E[@oX] = aE [X].
More properties of the thinning operation can be found in [30] and [71]
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where K(L) = B(L) —A(L) with A(L) and B(L) the polynomials introduced in Section 2.2.

The last equation indicates that the sequence { i1, } ,7 satisfies a finite difference equation of degree
max (p,q) with constant coefficients, namely the equation t, — Y."_, &jttn—j — Yi_; etk = 00
The characteristic polynomial of this equation, K(z), has all its roots outside the unit circle since
Zf: 10+ Y{_ B < 1and so, {(X,("),t €7Z), n € Z} is a sequence of first-order stationary processes.
From this stationarity, we deduce that t, = Yo+ Y.} Wkly, n > 0, and then

B~(1
lmp, = Y0 _ % 1 o o L m
n—oo

Iy, v 1-ADB (1) K1) 1-Y,0-%0 B

Theorem 3.6 For a fixed value of t, the sequence {( t €7), n € L} is a non-decreasing sequence

of nonnegative integer-valued random variables.

Proof: This result is stated by induction with respect to n, for any fixed value of . In fact, we have

0
X0

U1
1 0
Xt( )—X,( ' =U + Y Z i1 -U=)Y Z_ 1.
j:] =1

which is nonnegative because this is a random sum of nonnegative integer-valued random variables.
Let us suppose now that, for n > 0, X,("H) —Xt(") > 0. So,

+2—k +1—k
X(" ) ntl X[(jk )

X _ x () UHrZ Z Ziwii—U =Y Y Ziis;
k=1 j=1

= Z Zi 11, + ZZt—Z,Z,j+ o+ Z Zi nipt1,j Z Zi n-2.n42,
=1 j=1 =1 =1
Xt(j)l Xt(fgl) Xt(—OL—l
—ZZz—l,l,j— Z Zi2pj— oo — Z Zt—n—1n+1,5-
j=1 j=1 j=1

By the induction hypothesis it follows that Xz(f1+1> > Xt(f)l, Xt(f)z > Xt(fgl), s XI(BPI >X (03171.

Using that, we can rewrite the above equality in the form

Xt(nlﬂ) X( )n 1 Ui—n—
Xt(n+2)_Xt(n+l) = Z Zt—l,l,j+ -+ Z Zin— 1n+1,]+ Z Ztn— 2,n+2,j
X(nl+1 j= Xz(O) +1 Jj=1
n+1 Xr<n227k) Ut—n—2
= Z Z Ztkk,jt Z Zi—n-2n42,j5
X(n+l 0 j=1

which is once again a nonnegative integer-valued random variable.

Then, {( t € Z),n € Z} is, for each t, a non-decreasing sequence. l
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Theorem 3.7 If Zle a;+Y!_, Bi <1 then the sequence {(X,(n),t €7Z), n € L} converges almost
surely and in L' (or in mean) to a process X* = (X}, € 7).

Proof: Let (Q,.o/,P) be the common probability space on which the relevant random variables are
defined. Since X,(") is a non-decreasing sequence of nonnegative integers we have

VoeQ, limXx" (o) =X (0),

n—yoo

where the limit X" (®) is not necessarily finite. To prove the almost sure convergence of this sequence
we will use the Borel-Cantelli Lemma (°). In fact, we need to prove that X;(®) is finite with
probability one which is equivalent to say that the set Ao = {®@ : X;*(®) = oo} is of probability zero,
i.e., P(A) = 0. But it is equivalent to prove that the events

Ap= {w X" (@) - X"V (o) > o}

occur infinitely often with probability zero, i.e., P(limsup,A,) = 0.
In fact, we have

E [x}”) —X,("“)} - +kap ({w X" ()~ x" V(o) = k})
k=1

—+oo
> Yp ({w X" (@)~ X" V(o) = k}) — P(A,). (3.20)
k=1
On the other hand
(1) _ (1) - v
E [Xt - X } = MM = Yo+ Y, Wik k— Vo — Y, Wik 1k = Vi
k=1 k=1
n—1 n
< Yulo+ Z Vi (Mpn—tk — Bn—k—1) = Va € Vo= ) YiVp_i.
k=1 k=1
Since v,,_; = 0 if k > n, we conclude
Vo=Y WiVux © v, =B Y(L)A(L)v, & K(L)v,=0, (3.21)

k=1

where, as in the proof of Theorem 3.5, K(L) = B(L) —A(L). So, the sequence {V,},cn satisfies a
homogeneous finite difference equation with characteristic polynomial K(z) that has all roots outside
the unit circle because Z?:l o+ ZZZI Br < 1. From Section 3.6 of [12], we know that the general
solution of the equation (3.21) has the form

k rj—l

va=3 Y ciin’E,

j=1s=0

where §;, j = 1,..., k are the distinct roots of K(z), r; is the multiplicity of the root &; and {c;;} a set
of coefficients determined by the initial conditions. Thus, the sequence {V, },cn tends towards zero

9165, p. 102]: Let {A,} be any events. If ¥, P(A,,) < oo then P(limsup,_,.,A,) = 0.
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with a geometric rate as n — oo. In other words, there exist constants M > 0 and O < ¢ < 1 such that
v, <Mc". Using (3.20) and (3.21) we get P(A,) < v, and then

Z ) <M Z " < oo
n=1 n=1
Finally, from the Borel-Cantelli lemma, we obtain P (limsup,A,) = 0, which allow us to conclude
the almost sure convergence of the sequence {(X,(n),t €Z),n € Z} to aprocess { X, },cz.
For the L' convergence, recall that we have nonnegative integer-valued random variables. Applying
Beppo Lévi’s Theorem and then Theorem 3.5 we conclude that the first moment of {X;*},c7 is finite,
namely E(X") = lim,,_, E (X,(")) = lim,, 0 4, = 1. Consequently lim, .. E (|X,(n) -X)=0.1

Theorem 3.8 If Zp 10+ Y B < 1 and (@t € Z) is derivable at zero up to order 2 then the

sequence {(X; My e Z), n € 7} converges in L* (or in quadratic mean) to the process {X; },cz.

Proof: To prove the convergence in L? we start by showing that the second moment of X;* is finite.

In fact, for n > 0, we obtain

(n—k)
n Xr—k

E [(Xt(”)>2] =E|(U+)Y )Y Z ;i

k=1 j=1

2
Xt( n—k)

n n X050
E[U+2E |U, Z Y Ziwj Y Z 1k, (3.22)
k=1 k=1 j=I

J=1

By construction, Uy and Z; 4 ; (s,t € Z and k, j € N) are mutually independent and so

(n—

n Xt(f;k) n n 1
UY Y Ziwwj| =EWU)E| ), Z —kkj | = V0 Y WKE (Xt("_k)> <wEX) Y wi,
=1 j=1 =1 j=1 k=1

k=1

using the first-order stationarity of the process X,(") and the fact that E (X, X" )) < E(X;") since X, ") s a
non-decreasing sequence in n that converges almost surely to X;*. We have also

2 2

k)
t

n n
n— k
E(lY Zi—k . =YE||lY Zt—ka' |Xt(7k =X P<X<nk ):x>
k=1 j=1 x=0 =1 j

\:
’*‘\

£ () (lgeo] e

V(Zi—kj) +E {( ) ] (Z %)2 (3.23)



3.4 Strict stationarity and Ergodicity 55

<E(x! )Zv Z kk,)+E{( ") } (Z‘Ifk>27

where to obtain the equality (3.23) we use the independence of the random variables Z 4 ; (t € Z and
k, j € N) and the fact that E[ZZ:1 Z);:l Zt—kJ(,j] = ZZ:I Z’]€:1 E[Zt_/gkyj] = xZZZI Y.
Using the hypothesis H3 and the relation between the characteristic function of Z; 4 ; and its

moments we get

V(Z N = —p 0) — 27_-(/)1?”(0) —R
kkj) = —D7 ,, (0) =y =—i o) Vi = Rilw) <

t

since

, o) i
P21y ) = W7y SXP {Wk ¢/(0)
(

’ iy @@ (e @N
a1 = [ v+ () ] r{ gy io -1

So, we obtain

91(a) 1]},

2

E g’ i Zi ki, < iRt(Wk)E (Xz(n)> + (i W">2E [(X’(n))z}

2
n n 2
< Y R(WE(X)+ (Z w) E [(X}”) ] ,
k=1
and finally replacing in (3.22) we obtain
2 n n n 2 2
E [(X}’”) ] < E(U2)+2WE (X, Z o+ Y R(W)E <Z > [( )> ]
k=1 k=1 k=1

Hence,

E [(X;n))Z] < BOG) (T R (W) + 290X ) +E )
— (Xk=1 Vi)
E(X]) (T2 Re(yi) +290 X2y wi) +E(U7)
1= (X7 w)’?

with C; a constant dependent of #. By Lebesgue’s dominated convergence theorem (°), we conclude

<

:Cta

that E[(X;*)?] is finite. Since the first two moments of {X,(n) }nen are finite consequently the random
variables X,(") are in L?(Q,.27,P). Let us define Vt(") = (Xt(n) —X*)2. The sequence {V,(n)},,eN is
decreasing, bounded below by 0 and it satisfies £ (V,(O)) = E[(U; — X;")?] < . Consequently,

lim E[(X") = X)) = lim E V" | = E | lim (a.5)v," | =0,

10065, p. 133]: Let {X, },en be a sequence of random variables which converges a.s. or in probability to a random
variable X. If there exists a random variable ¥ € L! such that |Xn| <Y, then lim, e E(X,) = E(X).
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by Lebesgue’s dominated convergence theorem because {X,(")}neN converges almost surely to X;*.
Hence, we deduce that {X,"'},.cx also converges to X* in L*(Q, <7, P). B

We have defined a sequence that has an almost sure and a mean-squared limit, but we still have to
verify that this is a solution of the CP-INGARCH model. This is the goal of the next theorem.

Theorem 3.9 Under the hypothesis H3, if Zj-j:1 o+ ZZ:] Br < 1 the process X* is a first-order
stationary solution of the CP-INGARCH (p,q) model.

Proof: We shall prove the theorem in two steps. First we prove that, for all ¢ € Z, the characte-
*

ristic function of X;* conditioned on X _;, denoted by Dy X is equal to lim,—, 1 o P, with &, the

characteristic function of the sequence { " | X | tnen, where

*
I’lX[

k
rz(n) =U+ Z Z Zi kk,j-
=1 j=1

This equality follows from the Lévy Continuity Theorem since, for a fixed 7, {rt(") X5 | hnen

(n)

converges in law to X;*|X ;. Indeed, let us denote by ¥," the sequence r,(") —Xt("). Then

* (n—k) *
(n) n X/—k n Xr—k n X1_k
YW=U+Y Y Zwj—U-—) Zikkj=Y, Y, Zikk;>0,
k=1j=1 k=1 j=1 =

*
n Xz—k

E[Yt(n)}:E Y Y Zowi|=)YE Y Ziik,

k=1 ‘].:Xt(f;k)"‘l k=1 j:X,«(,; +1

k=1 [ x=0
=Y wE[x X" =u Y we- Y vk,
k=1 k=1 k=1

which allows us to conclude

lim E {Yr(n)] =1lim (Y vi— Y Wi tlpi | = H(1) = lim Yy
n—yo0 F n—veo =

oo -1 k=1

- % AL — lim 0 rom Theorem
= s A (e 5t ) from Theorem 3.5,
- aA(1) - % + %__y.

B()[B(1)—A(1)]  B(1)—-A(1) ~ B(1)

This means that, when n — oo, the sequence {Y,(")}neN converges to zero in L' because Y,(") is
nonnegative. So, from the relation between the different types of convergence, {Yt(")}neN also
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converges in probability to zero and the same happens to X;" — X,("). Therefore,
X = = (=X + (=) = (6 =5 1,

allows us to conclude that { r }neN converges in probability to X;* and then {r, |X ", }nen converges
in law to X;"|X}" ;. From that, we deduce finally ®y:y+ () = limy— 4o Pp(u), u € R.

The second step reduces to the calculation of @, and then realize that ®,(u), u € R, equals

we have

exp{i #0) [@(u) — 1]}, when n — eo. So, let us obtain ®,. Conditionally to X ,,

Zj:il Zr—k.k J

Xl*k X', i
X5, M —Hq)Z, kk/ eXP{ZWk q)z( )[q)l( ) ]}

= exp{l;/k X,*k(pt,éo) (@ (u) — 1]} , ueR.

(n)

From the independence of the variables involved in the definition of r;"’, we get

[ (u) — 1])
= eXP{ (Vfo +k; Vi Xt*—k> WO) (@1 (u) — 1]}, uceR,

nngén(u) = exp{i(p;t’o) [ (u) — 1]} , u€eR.

L i
—1]+ X =
o @1 LV

~—

D, (u) =exp <1//0

and thus, we have

These two steps together enable us to conclude that the almost sure limit of the sequence {X,(") }ien
is a solution of the model. The first-order stationarity of this solution is a consequence of Theorem
3.1. We observe that from the unicity of the limit follows that this solution is uniquely defined. Bl

Remark 3.7 From Theorems 3.7 and 3.8, we conclude that the condition 25':1 o+ ZZ:] Br <1
guarantees the existence of a second-order solution of a CP-INGARCH(p, q) process.

Now let us consider, additionally to the hypothesis H3, that ¢, is independent of ¢, i.e.,

Hypothesis H4 : ¢, = ¢ and ¢ deterministic.

In this subclass, which still includes, among others, the INGARCH, the NB-DINARCH, the
NTA-INGARCH and the GEOMP2-INGARCH models, it is possible to set the strict stationarity and
the ergodicity of {X,(")}neN and the same for the process {X," }/cz.

Theorem 3.10 Under the hypothesis H4, {( t €7Z), n € L} is a sequence of strictly stationary
and ergodic processes.
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Proof: Let us start by proving the strict stationarity. To simplify the notation we will prove the
statement only for a two-dimensional random vector, i.e., for any positive integer 4 we show that
(1) _ (y(n) 5 (W\T (n) _(xym ) \T
X, =X",%") and X hoin = (X1+h7X2+h>
have the same joint distribution when n > 0. As the probability generating function characterizes the

distribution, let us prove that the probability generating functions of these random vectors ('!) are the
same. Since Xl(n) =fU_p,....,Up) andXz(") = f*(Ur—p,...,Ur),

() % (n) x®
X" x X" x
8x( (s)=E [511 5" } =E (E [Sll 55’ |U1n..‘2]>

Xl(n) Xz(n)

= Y E|s' 5 [Un.2=x|P(Ui_n.2=x),
XEN2+"

where Uy _,,__ represents the vector (U;_,,...,Us) . For a given value W, ;1 = (#r_p,...,ts41) " of

the random vector U;_,,_,+1, the components of the vector (X,(") ,Xt(j:)l)T are computed using a set of

well-determined variables coming from the sequences 2%, T =t —n,...,t and N = 1,...,n. It follows

that if Uy_,, o and Uy_,, 45 214 are fixed to the same value x, the conditional distributions of ng) and

X

ﬁh 24h given Uy_,, o and U;_, 4. 244, respectively, are the same and hence

o Xy () 30
Xieh Kot x" x
E [ﬁ“hszw (U= ZX} =E [511 55" [Ul—n.2=x|.

As under the hypothesis H4 the vectors U;_,, » and U;_, .24 are of components identically
distributed we have P(Uy_,4. 244 =X) = P(Uj_,_» =X), and so

X(") X(”)
gxt) (s)= Y E [sl s MU 2 = X} P(Ui—nin.24n =X) =gy  (8),

XEN2 47 1+h2+h

which allows to conclude that Xg';) and Xg’ih,z 4, have the same joint distribution for any h € Z.

Analogously, it can be proved that for any &, € Z the random vectors Xg") . and Xgrﬁh 4 have the
same joint distribution and then the strict stationarity of the process {Xt(") }iez, for each n, is deduced.

Regarding the ergodicity, under H4, the sequences (U;,t € Z) and (2 ,t € Z,k € N) previously
introduced are of i.i.d. random variables. Then, {(X,("),t € Z), n € Z} is a sequence of ergodic pro-
cesses, because it is a measurable function of the sequence of i.i.d. random variables {(U;, 2 ;),t € Z,
Jj €N}, sath(") =T (U, \UnsZy—rsiy r=1,...,n, s=1,...,r, keN) (). A

et W be a random vector with nonnegative integer-valued entries and let p(W) denotes P(W = (w1,...,wy) ). The
probability generating function of W, for s = (sy,...,s¢) | € [—1,1]%, is given by

W _
ew(s) =E[s"..sp1= Y p(W)[]s}"-
weNk Jj=1

1217, p. 32]: A sequence X of i.i.d. random variables is an ergodic process.
[68, p. 33]: Let g : R%Z — R be a measurable function and X be an ergodic process. Then the process ¥ = (Y;,t € Z) with
Y; =g(-.r, Xi—1, X1, X41, -..) 18 also ergodic.
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Theorem 3.11 Let us consider the model CP-INGARCH(p, q) such that H4 is satisfied.
There is a strictly stationary and ergodic process that satisfies the model if 25): 10+ ZZ:I Br < 1.

Moreover; the first two moments of this process are finite.

Proof: In Theorem 3.9 we proved that {X,* },cz is a solution of the CP-INGARCH model. So, it is
enough to prove that under the hypothesis H4, the process {X;"},c7 is strictly stationary and ergodic.
Let us start with the strict stationarity. From Theorem 3.10, {Xt(")}neN is a sequence of strictly
stationary processes. Otherwise, {X,(”) }nen converges almost surely to X;* when 25-’:1 o —i—ZZ: Bre< L.
So, considering without loss of generality, the indexes {1, ...,k}, we have, for any & € Z, the following
almost sure convergence
xS (X XD,

(X XA e (X X ),

and consequently, also the convergence in law. Considering the strict stationarity of {X,(")}neN and
the unicity of the limit, we conclude that {X;"},c7 is a strictly stationary process.

To prove the ergodicity, we note that {X;* },cz may be written as X, =T ({(U;, % ;),t € Z, j € N})
where T is the almost sure limit of the sequence of the measurable functions 7;,. T is then a measurable
function, and so the process {X," },c7 is ergodic as it is a measurable function of an ergodic process.

The existence of the two first moments of {X;},cz is ensured by Theorems 3.7 and 3.8. W

Remark 3.8 (a) Under the conditions of the previous theorem it follows that {X/ },cz is also a

weakly stationary solution of the model because it is a strictly stationary second-order process.

(b) In the set of the L' processes, the condition of the previous theorem is necessary and sufficient for

the existence of a strictly stationary and ergodic process solution of the CP-INGARCH(p, q).

We finish the section by stating that, to the best of our knowledge, the general technique here
proposed to show the ergodicity is different from those existing in the literature for the integer-valued
models [13, 16, 52, 56] since we established the ergodicity of the strict stationarity solution displayed.






Chapter 4

CP-INARCH(1) process: Moments and
Estimation Procedure

The CP-INARCH(1) process has a simple structure and a great potential for applications in practice.
This simple model with its AR(1)-like serial dependence structure has already proved to be of great
practical relevance, with particular applications namely in monthly claims counts of workers in the
heavy manufacturing industry ([77]), daily download counts of the program CW 8 TeXpert ([85]),
monthly strike data published by the U.S. Bureau of Labor Statistics ([79]), weakly number of dengue
cases in Singapore ([80]), or monthly counts of poliomyelitis cases in the U.S. ([81]).

Regarding the importance of developing a statistical analysis of such general model, a contribution
to the model estimation independent of the specific conditional law is analysed in this chapter.

Let us consider, in what follows, the CP-INARCH(1) model defined as

. A

Oy x, (1) —eXP{l(p,(O)[(Pt(M)—l] , u€R, A= 0o+ o1 X; 1, 4.1)
1

with op > 0, 0 < a; < 1 and where (¢, € Z) is a family of deterministic characteristic functions on

R, X,_;-measurables, associated to a family of discrete laws with support in Ny and finite mean.

This chapter consists of two sections. The section 4.1 is dedicated to present closed-form
expressions for joint (central) moments and cumulants of the CP-INARCH(1) model up to order
4. These results are applied in Section 4.2 to determine an explicit expression for the asymptotic
distribution of the conditional least square (CLS) estimator of the model. In fact, in the final section
of the chapter we discuss the CLS approach for the estimation of the parameters o and ¢ of the
model and, for the additional parameters associated to its conditional distribution, an approach based
on the moment estimation method is developed. In the sequel, we present results from a simulation
study, where we investigate the finite-sample performance of the confidence region based on the CLS

estimators.

61
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4.1 Moments and Cumulants

We have seen that, under quite simple conditions, a CP-INGARCH(p, ¢) model admits a strictly
stationary and ergodic solution X. However, the marginal distribution of the process X is not known
explicitly. The aim of this section is to highlight some properties of this distribution through some of
its moments. We start by computing the first four cumulants of the process and then, as a consequence,
the corresponding skewness and kurtosis are deduced (!).

Let us consider the CP-INARCH(1) process defined in (4.1), which is first-order stationary
(Theorem 3.1) and admits moments of all orders (Theorem 3.4). In addition, let us assume ¢

derivable as many times as necessary. From the conditional characteristic function we have

Py (z) = E(N) = E[E(eM|X,_,)] = E [exp( (pf{ 0 [(pt(z)—l]ﬂ

- o 1) ()
_ exp<(;,0(‘g)[¢,<z>_u).q> (lo@-1). zer

and hence, the cumulant generating function is given by

60 = In(@xE)) = o[ (e) - 1+w<x,l((pt,°§g>[<pt<z>—u)-

Taking derivatives on both sides of the previous equality, it follows that

iao(P[() a
a0 oo #E (

)

K, (2)

(n) (z2) = lO‘Oq)t

e L a0, (G e 1)
+ [a(;fp(’/é)z)]n ), (;?0) [1(2) — 1]> . neN, 4.3)

where the coefficients a,, | ; are given by

J
o k n .
a-1j@) = | ooy X (kenk) [0Q]7 oM @) =,
(Pt( ) ki +...4kn=j
ky+2ky+...4+nkp=n
kreNg

I"The cumulants are defined via the cumulant generating function which is simply the natural logarithm of the characte-
ristic function. In fact, if ®y denotes the characteristic function of X, its cumulant generating function is given by

ki (X)-(iz)/j!, z€R,

s

Ky (2) = In(Px(2)) =

~.
Il

where the coefficient of the series expansion, K (X), is the j-th cumulant [15, p. 185].
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with (n;k,...,k,) denoting n!/[(1!)*1k1(21)Rky! . .. (n!)kk,!] as before. The proof of formula (4.3)
is made by induction and it is provided in Appendix C.2. In particular, we get

o (Pz(n) (2)

w1 = )

9

. n— n—2
naate) = "SRR () ) 60 + 303wl el .

n—1
(@) = "D () e

We note that in order to obtain a,,_1 ; we take k; = ... = k,_; = 0 and k,, = 1 since it is the only
way to get ki + ... +k, = 1 with ky + 2k + ... +nk,, = n. To obtain a,_; ,—1 we take into account that
ki+...+k,=n—1withk; +2ky+...+nk,=nifandonlyifky =n—2,ky =land ks =... =k, =0.
For a,_1,—> we getky + ... +k, = n—2 with ky + 2k, + ... +nk,, = n if and only if we take k; =n—3,
ksy=1landky=ks=..=k,=0o0r, if wetakeky =n—4,ky =2and k3 =... =k, =0.

Inserting z = 0 into the equations (4.2) and (4.3) we obtain

Ky (0) = iog+ o - kg (0), (4.4)
n i n n
K)((,)(o) = ao(;pto + Zan 1,] KX . (O)+(X1 'K)((tzl (0), n=2734. 4.5)
t

Let us fix now some notation:

= — = s d - — 9
TG0 T EX) YT T @l0) T E(Xe)
(iv) 4
(0 (0) E(th) (04}
cor =1 = —, — ke N. 4.6
0: /(0)  E(X1) Je 5, (1—af) (+0)

Theorem 4.1 (Marginal Cumulants of CP-INARCH(1) process) Let X be a first-order stationary
CP-INARCH(1) process such that the hypothesis H3 is satisfied with ¢, derivable up to order 4. Then,

the first four cumulants of X; are given, respectively, by
K1 (Xr) = U, K (X:) = Vo /s K3 (X:) :f3[do,t(1—a12)—|—3v(2)_’,a12],

K4(X;) = falcos(1—af)(1— o)+, (3f + 1505) + v do, (4af + 605 — 10a7)].

Proof: Since the j-th cumulant of X; can be obtained as k;j(X;) = (—i)’ K‘X ( ) ([15]), then from
expressions (4.4) and (4.5) we get, using the hypothesis of first-order stationarity,

%0

kKi(Xe) = ao+on-ki(X—1) = k(X)) = —a

=1,
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n—1
Kn(Xt) - anfl,j‘Kj(thl)—i_a?'Kn(thl)) I’l:2,3,4,
j=1

where the coefficients b, ; are given by

1 o(0)

by-11 = (—i) “0/(0)
_ _nr=1)(n=2) |, ¢"0) 9O\ .
bpin2 = — 52 [4 [0 —|—3(n—3)<(pt,(0)> ]al 2
= ’1(”_12)4(’1_2) [4do,, +3(n— 3)\%7,] Otl"*z,
bn—l,n—l = _in(nz 1) (é;t[/(((()))) Oclrh1 = n(nz 1) VO,t(x{l7 )
J
by = [N ki) [0O)] 7O 22503

ky+2ky+...4+nkp=n
kreNg

So, we deduce that the second, third and fourth cumulant of X; are given by

X)) = bii-xi(X_1)+of-KX_)
= vor ki(Xio1)+of K (X-1)
= KX) = vof, (as stated in Remark 3.5 under the hypothesis H2)
(X)) = bai-ki(X—1) +has- (X 1)+ i(Xi-1)
= dos-Ki (Xi—1)+ 3VO,tO512 K (X1) + (Xio’ Kk3(Xe—1)
= K(X)) = f3[dos(1 —af)+3v(2)7,a12],
k(X)) = byi-ki(X—1)+b3a-ka(X—1) + bz ks(Xi1) + o - ke (X—1)

= cor Ki(Xim1) + [4dos +3v5,] of - Ko (Xi-1)
+6v0,05 - 13(X 1) + o - 1 (X 1)
= k(X) = falco(1—0f)(1—af)+vy, (30 +1507)
+vo.do, (40 + 605 —1007)]. W

Skewness and kurtosis are moment parameters that give relevant information on the symmetry
and shape of the related distribution. As a consequence of Theorem 4.1 and adding the hypothesis H2,
X is an asymmetric process around the mean and it is leptokurtic.

Corollary 4.1 The skewness and kurtosis of X;, respectively Sx, and Ky,, are given by

K3 (X;) dos(1— alz) + 30‘12‘%,: 1+o
SX; = 3/2 = 1 4oy + aZ )
15 (X)) vo,( 1tap) Vo1 o
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KKX»::3+fhﬂl—1%)0——aﬁ%ﬂ%ﬁ3a%+15aﬁ%ﬂ@ﬂhﬂ4a%+6af—lOaﬁ

KX, =3+
K3 (X;) oo(1+ oy +of)(1+af)vg,

In the following we illustrate the expressions displayed above for the cumulants, skewness and
kurtosis of a CP-INARCH(1) process considering some particular compound Poisson distributions.
In Example 4.5 the dependence of the time ¢ in these expressions is evident.

Example 4.1 INARCH(1) process) We have ¢(u) = ™ and e (0)=1i" Sovo; =dos=cos =1,

which are independent of t. Then the first four cumulants of X, are equal to

o oo
X — X =
X =1"g & =0
oo (1420 oo(1 4602 +503 + 60
K’3(X,): ( 1) 1('4(X,): ( 1 1 1)

(1= o) (1— o) (I~ )’ (1= o) (1— o) (1 — ) (1—af)’

and the skewness and the kurtosis are given by

G _ 14207 [T+ Ko 34 1+ 607 +50; + 60
X; — 2 9 X — 3 -
1+ oy +of 0o o1+ +ai)(1+af)

In this case the cumulants of X; can be determined recursively from

o . n—1
K1(X) = o ke(X) = (1—a) ™" Y by xi(X), n>2,
j=1

where the coefficients b, j are given by

nin—1)
2

n—1

by_11=1, by1p1=

burj=0f Y (mki,k) =0 S(nj), 2<j<n-2,
ky+...+kn=j
ky+2ky+...+nkp=n

from the relation between (n;ky,...,k,) and Stirling numbers of the second kind stated in [2, p. 823].
Example 4.2 (GP-INARCH(1) process) In this case, ¢ is the characteristic function of the i.i.d.

random variables X; j, j = 1,...,N;, having the Borel distribution with parameter K.

All the moments exist for 0 < Kk < 1; in particular, we have ( 2 )

1 1 2k+1 6K+ 8k + 1
EX.1)=—— EX})= EX))=——" EX')=—"""—
( t71) 1—x’ ( t,l) (1—1(')3’ ( t,l) (1—1()5, ( t,l) (1—1()7 )
1 J 2k+1 6K% 48k + 1
Vor = % = Cop= ———.
0,[ (1*]{)27 0,[ (171()47 0,¢ (171()6
2Using the recurrence relation [14, p. 159]:
E(X):L, E(X’“)—L K‘dE(Xr) +EXD|, r=12,...

T l-x dx
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Thus, we obtain the cumulants

ao(1—a?)(2k+1) + 3t
(1=l —a)(1—af)(1-af)’

%
(1=l —ap)(1-af)’

Kz(Xt) = 3 (Xt) =

6K%+8k+1— 60 (k> +1)— o} (6k> — 4k —5) + 60 (k> — 2k + 1)
(1= )51 —ar)(1—af)(1— o) (1 —af)

K (Xr) = o

and the skewness and the kurtosis
5 — (1—ad)2k+1)+30} [T+
! (1-x)(14+ 0y + o) oy
" _3+61<2+8K—|—1—6a12(1<2—|—1)—oaf(61<2—41<—5)+6a15(1c2—21<+1)
* a(1—K)>(1+ a1 + o) (1 + &F) '

Let us take into account Figure 2.8 where we present the trajectory of a GP-INARCH(1) process
with oy = 10, oty = 0.4, k = 0.5. We notice evident closeness between the theoretical values, namely
Sx, ~ 1.0362 and Kx, = 4.2527 and the empirical ones, respectively, 1.004 and 4.111.

We stress that taking into consideration the fact that the generalized Poisson distribution is
compound Poisson allowed us to generalize the results of Zhu [82] and also to present a much more

prompt deduction of the first four cumulants.

Example 4.3 (GEOMP2-INARCH(1) process) For the geometric law present in the GEOMP2-
INARCH(1) model we have

St TS G 0 (i) S S —p)[6—6p"+ (p*)’]

?0) =i P (p*)? ’ (p)? ’
)y (L=p")(2—p)[12—12p" + (p*)?]
(P (0) - (P*)4 ’
o2t 66+ (pt)? (2= p)[12-12p" + (p")’]
0, ¥ 0 0, (p*)2 ) 0, (17*)3 )

from where we deduce the skewness and the kurtosis of X;, respectively,

_6—6p+6(p*)2+2(p*)2ai [p(1+ay)

Sx, = 2p*—(p))(1+au+of) | w(2—p*)’
Ke =34 (1—oad)(1—ay)(2—p*)[12—12p* + (p*)?] of (3+1505)(2— p*)
% aop*(2— p*)2(1+0?) aop*(1+ oy +of)(1+ o)

207 (1—ou)(5af +50 +2)[6 —6p" + (p)?]
aop*(2—p*)(1+ a1 +of)(1+a7f)

Let us remember Figure 2.7 where we present the trajectory of a GEOMP-INARCH(1) process with
op =10, oy = 0.4, p* = 0.3. Also here the theoretical values, namely Sy, ~ 0.942 and Kx, = 3.493

and the empirical ones, respectively, 0.892 and 3.670 are quite similar.



4.1 Moments and Cumulants 67

Example 4.4 (NTA-INARCH(1) process) In this process the skewness and kurtosis are given by

g Co(l—af)+(1+9¢)*(1+20a]) |
T () (1o +af) a(1+9)’

(1—on)(1—a?) ((1+ ) +302+4¢) (Ta2 4605 +507)(1+9)
ao(1+a7)(1+9¢) (1+a1+a1)(1+af)

N ¢ (40 + 60} —10a7)
a(1+0o+0f)(1+af)(1+¢)’

since vo; =1+ @, doy = 1+3¢ +¢% and co, = 1+ 79 + 69> + ¢°.

KX,:3+

Example 4.5 Let us recall the model 7(b) defined in Section 2.3 where the conditional distribution is

the binomial Poisson law with parameters (r. r €N, t € Z, which is deterministic and dependent

’t2+1)

2 i\ "
t,szl > , u € R, and we can prove

n 2 iuN Tk iu k
()N _ X r! t“+e e R
o (u) l/;S(n’ )(r—k)! P o) neN, ueR.
In fact, by induction with respect to n, we have
(n+1) d " n r! t2—|—€m iu
= — S(n,k
0w du (l ,;1 (n, )(r K\ 241 t2+1
n | 2 iu iu k-1
o r! 1“+e
= 1 ];S(n7k)(r_k ‘<[2+1 > < 1>
n r! l‘2—|—€lu i k
41
kS(n,k
o ,{; (k) 5z V<z2+1 <t2+1>
n+1 r! t2+elu —J eiu J
n+1 :
= —1)+jS o
Z (n.j=1)+J (’”)]( —J).(t2+1> <t2+1>

! l2 iuy 1 iu
(1) r < +e> e

of t. In this case we have ¢,(u) = (

(r—=1)!\ 2+1 ?+1
n+1 | 2 iuN Tk iu k
1 r! t“te e
= S 1,k , eR,
: k;l (n+ )(r—k)!<t2+1> <z2+1> !

from the recurrence relation of the Stirling numbers of the second kind and since S(n,1) = S(n+1,1)
(3). Then we deduce

r o' ):7r(t2+r) ") = —i r[(2 4 3r — 1D)* 4 r?]
z2+1 ! (t2+1)%’ ! (t2+1)3 ’

¢/(0) =

3We note that here we use this relation only for the first three moments of the binomial distribution. However, we stated
a general expression from which we can obtain the moment of any order.
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P+ J (P +3r=1)2

Vo,

and finally we obtain the first three cumulants

_ % _ (1> +7)
M= R (@)
K3 (X,) = oo (1 — o) ([ +3r — 12 +12) + 300} (12 4 1)?

(P +1)2(1— o) (1 — o) (1 - of) ’

and the skewness

o _ (L=od)([P+3r— 1] +r)( + 1)¥2 430 (1> +r)? 1+oy
" (2431 +0 +0af) a(+ 1)+ r)

In the following theorem we provide closed-form expressions for the joint (central) moments and
cumulants of the CP-INARCH(1) model up to order 4 when the family of the characteristic functions
(¢,t € Z) is deterministic and independent of ¢. For this purpose, we simply denote the previous vo,,
co, and do ; respectively as vo, co and dy, and we introduce the following notations:

“(Sla...7sr—1) — E(XIXI"FSl"'Xl‘—‘rSr,l);
G(styensro1) = E((X— 1) Koy — 1) K, — 1)) + @7
K(s150s80-1) = Cum [XtaXtJrsl,---aXzﬂ,_.],

withr=2,3,4and 0 <5 < ... <.

Theorem 4.2 (Moments of a CP-INARCH(1) process) Let X be a first-order stationary process
following a CP-INARCH(1) model such that H4 is satisfied.

(@) Foranyk >0, we have

wk) = poot+oo(l+a)).

(b) Foranyl > k > 0, we have

uk,) = [do(1—af)—vi(1+a —2ad)]fs0i™
+V0(060+V0)

— o o +vofifaod ™ + fip (k).

(¢) Foranym>12>k >0, we have

plk,Lm) = o' [{(co—4vodo+3v3) +3vo(v§ —do)ou + (3vodo — co) otf
+(7V0d0 — 6V8 — 60)0613 + 3vg (d() — 2\%)06? + (6\/3 — 6vody + C())Otls} f406121+k
2vo+ o
4 20T 0 [do(1—af) —v§(1+ a1 —2a7)] o'

1— oy
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Vo 21 k
2 do(1— 200 —1
+(1—0¢1)(1— )fz[ Voo +do(1 — o) + v (2as —1)] o
+1a0f3 {do(1—af) —v§(1+ a1 — 2a12)}oc12(17k)+v10+30u(k,l)
-0

— (k) [ao + (vo+ o) au]] + fiu(k,1).

The proof of Theorem 4.2 is provided in Appendix C.3. These expressions are particularly
important to deduce an explicit expression for the asymptotic distribution of the conditional least

squares estimators of the parameters @y and @ in Section 4.2.

From Theorem 4.2 we derive analogous expressions for the joint central moments and cumulants
of a CP-INARCH(1) process. Bakouch [8, p. 5] stated the following general relations between joint
moments and joint cumulants of stationary processes:

K(s) = u(s)—u", (4.8)
K(s,l) = p(s,0)—pp(s)—p[u(l—s)+p() —2u%], (4.9)
K(s,l,m) = p(s,l,m)—puu(s,l)

—ufu(l=s,m—s) —pu(l—s) = pu(l,m) — pp(l) + p(s,m) — pp(s)]

—(1(s) = 1) (lm —1) = ) = (u (1) = p*) (p(m — 5) — p?)

—(u(l =) = p?) (s (m) — u?)

P (i (m) + p(m—s) + p(m — 1) = 3p), (4.10)
where m > [ > s > 0. Furthermore, it follows that the joint central moments are given by
fi(s) = E((X—w)(Xrs—H)) = EXiXips) —p* = K(s), (4.11)
aisl) = E[X — 1) Xeps — 1) (X — )]
= E(XX,H Xy — UX s+ 1) X ) — L(s)

i(s,lm) = E(Xt )(Xt+s 1) (X1 — 1) (Xism — 1))
S (0.0 AVENTY. 6 AVETS AU AVER TS AF)) A
—E[(UX: X5 — 12Xy — WXos + 1) Xopm] — MEL(s,])
= u(s,Lm)+ Pl —s)+pu(m—s)+p(m—10)+p(s)+pul) + p(m)]
—p[ul = s,m—s) + p(l,m) + p(s,0) + p(s,m)] = 3p°
= K(s,L,m) + (1(s) — 1) ((m— 1) — ) + (1) — p2) (e (m —5) — p?)
(1l —s) = p?) (1 (m) — ), (4.13)

[
[
= w(s,0)—pu(l) —ppu(s)+p’ —pp(s) +p’ = «(s,0), (4.12)
[
[

where m > 1> s> 0.
The following corollary may now be enounced.

Corollary 4.2 (Central Moments and Cumulants of a CP-INARCH(1) process) Let X be a first-
order stationary process following a CP-INARCH(1) model such that H4 is satisfied.
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(@) Foranys >0, we have

u(s) = x(s) = voaifa.

(b) Foranyl > s >0, we have

s,y = x(s0)
= fo00g(1+an+of) — (v(1+an —2a7) —do(1 — af) o],

(¢) Foranym>1>s >0, we have

K(s,l,m) = (xi"ﬁ;[{co+3v(3)—4v0d0+3v0(v%—d0)061+(3060d0—c0)0612
+(Tvodo — 6v§ — co) e + 3vo(do — 2vE) e + (6 — 6vodo + co) o } ot ™
+vo(1 4+ o + o + o) [do(1 — o) —v3(1+ oy —203)] (20! + o)
(1 +a + ) (1+ &) [(1+ 0 v + (do(1 — o) +v(2en — 1)~

(s, Lm) = x(s,1,m)+v3f2am=""s 423 fZamti=s,

The proof of Corollary 4.2 is presented in Appendix C.4. Considering vy, ¢y and dy computed
in Examples 4.1-4.4 we obtain the particular expressions of the central moments and cumulants
for the INARCH(1) (already stated by Weil [78]), GP-INARCH(1), GEOMP2-INARCH(1) and
NTA-INARCH(1) processes.

4.2 Two-step estimation method based on Conditional Least Squares
Approach

This section is intended to derive estimates for the parameters of the CP-INARCH(1) process defined
in (4.1) when the family of the characteristic functions (¢, € Z) is independent of 7, with special
attention to the recent NTA-INARCH(1) and GEOMP2-INARCH( 1) models.

Let X be the referred CP-INARCH(1) process whose distribution depends on a vector 8 = (o, b)
of unknown parameters, with a' = (o, o). Let us observe that, for example, b = ¢ in the NTA-
INARCH(1) model and b = p* in the GEOMP2-INARCH(1) model.

Since the conditional law is not specified by its density probability function, we apply a two-step
estimation procedure using the Conditional Least Squares (CLS) and the moments estimation methods:
we start by estimating o from the CLS estimator assuming that b is known and then holding that
estimate fixed, we estimate b from the expression of the empirical variance. We shall see that the CLS
estimator is computed easily and have an explicit, data-independent expression for the asymptotic law.

Given a set of observations x;, f = 1,...,n, from a CP-INARCH(1) process according to the above
conditions, the CLS estimator of « is obtained by minimizing the conditional sum of squares

n n

On(0t) = Z e —E(Xi|X;—1 = xt,l)ﬁ = Z [x; — o — alxtfl]za
=2 =2
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with respect to ¢. Solving the least squares equations

aQn ——ZZ %—alx;,1)20
0,
%al szt 1(x —op—ox,—1) =0,

yields the following explicit expressions for the CLS estimator 0, = (0o, 01 »):

g Yo XX — Y X Y X Gon = Yr o X — Yl o X 4.14)
1,n = 7 s . .
Y, X2 - ﬁ (Yo Xi-1) n—1

The consistency and the asymptotic distribution of the CLS estimator o, can be stated by applying
the results of Klimko and Nelson [50, Section 3]. We summarize the main ideas in the next lemma.

Lemma 4.1 Let X be a stationary and ergodic Markov sequence with finite third order moments. Let
us assume that the function g = g(0; X,—1) = E (X;|X,_,) satisfies the following regularity conditions:

Lo dg I’ o8
@ fori,jke{0,1} 5o doda; and 909 oy

exist and are continuous for all o;

(ii)fori,je{o,l},E((Xt—g)j—g)<oo,E((Xt— )yoke | <coand E

its partial derivatives are evaluated at true value of parameter o and X;_1;

aa aa ‘ < oo, Where g and

(iii) fori,j,k € {0,1}, there exist functions
HO=O0x,_,,.), HY=H"YX_,..),
2 2 3 3
HY =HD (X 1,..),  HG =HS) (Xi-1,..),
such that, for all o,
d%g

d’g ®3)
- I <
80@805]- - B,

dogdadoy | — Uk’

gl <HO), ‘aag ' <H

EX,-HY)| < o, E(H(O) HS )) < oo, E(H.(l) H? )) < oo,

l]k ijk i Jk

Let V be the 2 x 2 matrix whose (i, j)-th elements are respectively given by

o 98(aX ) dg(as X, 1)
Vl] E( aai a(Xj ’

i,j=1,2.
Then, the CLS estimator O, of o is consistent and asymptotically normal, i.e., as n — oo
V@, — ) L N0, VIWV),

.. . d . N . _ -
wheneverV is invertible, where "— " means convergence in distribution, N(0,1,V 'wv 1) denotes

a bivariate normal law with mean vector 0,1 and covariance matrix Vviwv! with w being the
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2 X 2 matrix whose (i, j)-th elements are respectively given by

dg(o;Xi—) 88(05;)(11))
Wy =E (@) ,
! < ! 806,- 805,-

i,j=12,

and u, () =X, — g(a; Xi—1).

The CP-INGARCH( 1) process considered is an ergodic and stationary (Theorem 3.11) Markov
chain, since it depends upon its past history only through X;_;, with all moments finite (Theorem 3.4)
and the regularity conditions (i)-(iii) are satisfied. In fact, as g(a;X,—;) = ot + a1 X;—; one obtains

dg(o:Xi1) _ | dg(aX,—1)

=X,_
90 do =h

I’g(a:X,1) _ P glasXi1)
do;da dogdaid oy

:07 i7j7k:0717

which are continuous for all &, and from where we see that the regularity conditions (i)-(iii) are
satisfied. Thus, from Lemma 4.1, the CLS estimators (4.14) are consistent and asymptotically normal.

Let us obtain the covariance matrix of the asymptotic distribution. We have

g @ g 9

v E 806:09056}0 E 850851 E(1) E(Xi—1) _[ ! (v ECO( 1+ay)) ]

= dg 9 dg 2 2] e |
Je9¢) p(gede E(X-1) E(X7) o (o) (i-a))

taking into account the expressions stated in Theorem 4.2. V is invertible and its inverse is equal to

vo+0tp (1+
i Umo)(i-ap) [ REEEt % ]
Vo 0o % 1

11—y

13 1—a?
—%(1—0612) ( Ofvl(z(()(O o)

I+ 20 +o) —(1-of) ]

Furthermore,

E[f(X—1) u ()] E[f(X—1) E[(X — a0 — a1 X—1)*|Xi—1]]
= E[f(Xi—1)-V[X; — a0 — a1 X;1|X; 1] +0]
E[f(Xi—1) - VIX|X;—1]] = E[f(Xi—1) -vo(to + 0uX;—1)],

because of the conditional compound Poisson distribution, and then

2 dg Jdg 2 dg dg

wo | E\traeda ) E\tGe e
- E (2202 92 E (4222 92
U Ja; o U Jas dar

E[l-vo(ap+ouXi—1)] E[X—1-vo(ao+0uX,—1)]
E[Xi—1-vo(ao+a1X—1)] E[X*,-vo(cto+ 1 Xi—1)]

1 voou+0op(l+ay)
) 1-o?
T 1—o voou+op(l+a;)  voor(1420) n o I o (do+(3v3—dp)o?) |
1-of (1—o)(1-af) " (T-a)? (1—ad)(1—a)
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since
2]
1—o ’

[ [0
E[Vo(OCo—i-OC]X,_])] = 060+0611_a1:|

T2
Q, aop(vo+ op(l1+ o volly Voo + 0p(1+ o
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using again the expressions stated in Theorem 4.2.

Now, we provide some calculations to obtain the entries of the matrix V- 'WV !
The product of V~'W is given by
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So, the asymptotic covariance matrix is given by
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We have proved the following theorem.

Theorem 4.3 Let 0O, be the CLS estimate of o given in (4.14). We have
V(@ — &) % N(0r 1, VWYV,
as n — oo, where the entries of the matrix viwyv-! = (b,-j), i,j=1,2, are those given above.

We carried out simulation studies to illustrate the CLS method for computing the estimates given in
(4.14) and also to examine their performance. Table 4.1 presents the computation of the sample mean
values, and the associated standard errors, for the CLS estimates of ¢ and «; for the INARCH(1)
model. These estimates are obtained considering different sample sizes n, namely n = 100, 500,
1000, and different combinations of parameters ap = 0.5, 1, 2 and ¢y = 0.2, 0.6, 0.9. We generated
a sample of size n for a specified value of the parameters & and ;. Then, for this sample size we
obtain its CLS estimates. We repeated this procedure 1000 times for these fixed n, &y and ¢, and the
mean values, along with standard errors in parenthesis, are presented in Table 4.1 (4).

These simulations show that, as expected, the estimates of (04, @) perform well as the sample
size increases. For instance, if oy = 2 and a; = 0.2, the average of 0 is 2.0434 and the average of
0 is 0.1815, for n = 100. When the sample size is increased to 1000, the average of the estimates of
0o and 0 are respectively 2.0012 and 0.1989. Further, the standard errors of the estimates decrease
when the sample size increases. For the other parameter combinations of ¢g and ¢; we have a similar
behavior. It is also observed from the Table 4.1 that as ¢ decreases, the standard error of the @
increases and that of 0 decreases. For example, for oy = 2, we have standard error of &; equal to
0.0741, 0.0949 and 0.1053 (increases) for o = 0.9, 0.6, 0.2, respectively. The standard errors of 7

4The detailed algorithm (in MATLAB code) is given in Appendix D.3.
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when o = 2, are equal to 1.3762, 0.4676 and 0.2944 (decreases) for o;; = 0.9, 0.6, 0.2, respectively.
The standard errors of 0 and @; behave in a analogous way when o decreases.

Table 4.1 CLS estimators performance for the INARCH(1) model-tentativa2.

Parameters n =100 n =500 n = 1000

0o a; Eest(aO) Eest(al) Eest(aO) Eest(al) Eest(aO) Eest(al)

0.2 0.5071 0.1871 0.5033 0.1951 0.5034 0.1954
(0.0902) (0.1089) (0.0418) (0.0504) (0.0295) (0.0366)

0.5 0.6 0.5442 0.5527 0.5107 0.5892 0.5071 0.5946
(0.1307) (0.1157) (0.0594) (0.0497) (0.0432) (0.0365)

0.9 0.7309  0.8352 0.5611 0.8832 0.5301 0.8921
(0.3838) (0.0979) (0.1373) (0.0362) (0.0904) (0.0228)

0.2 1.0134 0.1840 1.0035 0.1967 1.0008 0.1987
(0.1582) (0.1072) (0.0711) (0.0477) (0.0496) (0.0333)

1 0.6 1.0809 0.5634 1.0151 0.5926 1.0091 0.5966
(0.2465) (0.1027) (0.1099) (0.0447) (0.0757) (0.0308)

0.9 1.4260 0.8524 1.1033 0.8876 1.0483 0.8940
(0.7271)  (0.0792) (0.2412) (0.0278) (0.1648) (0.0189)

0.2 2.0434  0.1815 2.0068  0.1954 2.0012  0.1989
(0.2944) (0.1053) (0.1250)  (0.0456) (0.0899) (0.0316)

2 0.6 2.1559  0.5662 2.0177  0.5952 2.0088  0.5982
(0.4676) (0.0949) (0.1975) (0.0403) (0.1377) (0.0282)

0.9 2.8086  0.8553 2.1746  0.8903 2.0885  0.8949

(1.3762) (0.0741) (0.4791) (0.0259) (0.3153) (0.0177)

Now, we focus on the INARCH(1) model with true parameters o = 2 and ¢; = 0.2 and, for
different sample sizes n = 100, 250, 500, 750, 1000, we present in Table 4.2 the means, variances and
covariance of 0 and &;. In the last column of this table we represent the entries of the asymptotic
matrix V' !WV~1, respectively by, by, and by,. It is clear from Table 4.2 (and Table 4.1) that @ is
biased down and @ is biased up. The negative covariance between ¢ and @ is a consequence of this
inverse relationship. The asymptotic and the sample values are quite similar for larger values of n.

Table 4.2 Expected values, variances and covariances for the CLS estimates of the INARCH(1) model
for different sample sizes n and with coefficients oy = 2 and a; = 0.2.

n= 100 250 500 750 1000
Eos (0) 2.0434 20117 2.0068  2.0037  2.0012
E(0) 0.1815  0.1941  0.1954  0.1975  0.1989
1 - Vg (0) 8.3919  8.0550  7.7741  8.0491  8.0647  8.0226
- Ve (01 1.0638  1.0581  1.0267  1.0349  0.9974  1.0436
n-Coveg (0, 0)) —2.4616 —2.4310 —23139 —2.4114 —2.3783 —2.4090

Until now we have shown how to obtain the CLS estimator for «. To estimate the parameter b we
use a two-step estimation inspired in the moments estimation method. Taking into consideration the
expression of the variance of the CP-INARCH(1) model stated in Remark 3.5, namely

pvo

Y ey
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we estimate v from the estimated equality

~

vy 1 ¢ = \2
_ =Y (X, -X,)°,
(1—a)(1—af) ”r:zi( =)

where X,, = %):le X, denotes the empirical mean of (Xj,...,X,).
Thus, we deduce the following estimator for the additional parameter present in the

» NTA-INARCH(1) model (since vp = 1 + ¢):

~ (1—&1)(1 —6512) ! - \2
:_1+ ~ - n .
¢ nol ,;( 1= Xn)

*

* GEOMP2-INARCH(1) model (since vy = 2;,{’ ):

—1
n

. (1-a)(1-0) & 2
P =2 1+ n&o t:ZI(Xt Xn)

The strong consistence of these estimators is a consequence from the strict stationarity and
ergodicity of process X. In fact, from the Ergodic Theorem, the empirical variance is a strongly
consistent estimator for the variance of X which together with the compatibility of the almost sure
convergence with the algebraic operations confirms the statement.

Table 4.3 Expected values, variances and covariances for the CLS estimates of the NTA-INARCH(1)
model for different sample sizes n and with coefficients g =2, op = 0.2 and ¢ = 2.

n= 100 250 500 750 1000

Eew () 20502 20078 20114 2.0086  2.0058 2
Eeq(011) 0.1816  0.1931  0.1939  0.1958  0.1969 0.2
Ee(9) 1.9017  1.9864  1.9861  1.9947  2.0004 2
1 Vst (0p) 12.1944 127152 12.4894 123982 123714 12.3774
1V (0)) 1.2926 12501  1.3499 12655 1.2836  1.2604
n-Vest (9) 18.6919 219114 23.3308 22.5843  21.3290

n-Covey (0o, Q1) —2.4064 —2.5024 —27620 —2.5567 —2.4962 —2.5510

Table 4.4 Expected values, variances and covariances for the CLS estimates of the GEOMP2-
INARCH(1) model for different sample sizes n and with coefficients o = 2, a; = 0.4 and p* =0.1.

n= 100 250 500 750 1000

Eesr (0) 20527 20758 2.0400 2.0177  2.0182 2
Eeq(011) 03367 03637 03817 03890  0.3892 0.4
Eey(p¥) 0.1170  0.1071  0.1040  0.1026  0.1012 0.1
1 Vst (G) 50.6433  53.6845 61.9295 56.6796 59.6529  61.5325
n-Vost (G 29292 33704 35536 42723  3.8424  4.3979
n-Ves (p*) 0.0961  0.0881  0.0841  0.0856  0.0800

n-Covey (0o, 01) —1.5730 —3.2463 —59278 —5.5029 —5.7433 —7.0598
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In Table 4.3 and Table 4.4, we present the means, variances and covariance of 0, & and D for the
CP-INARCH(1) model considering different sample sizes n and with Neyman type-A and geometric
Poisson conditional distributions, respectively. In the last column of these tables we represent the true
values of o, o) and b as well as the entries by, by> and by, of the asymptotic matrix VWVl As
before, we verify that the asymptotic and the sample values are quite similar for larger values of n.

Table 4.5 Empirical correlations for the CLS estimates of the NTA-INARCH(1) model for different
sample sizes n and with coefficients oy =2, oy = 0.2 and ¢ = 2.

n= 250 750 1000 5000 10000
Pest (O, 01)  —0.6277  —0.6455 —0.6264 —0.6379 —0.6273
Pest (0o, $) 0.1242 0.1163 0.0828 0.0683 0.0636
Pest (01 a) 0.0061 0.0265 0.0043 0.0703 0.0462

From the empirical results presented in the two last lines of Table 4.5, we can presume that the
estimators of ¢ and b are possibly asymptotically uncorrelated. In fact, for the NTA-INARCH(1)
model in study, the empirical correlations pe (0, 0 ) and P (0, I ) are significantly low. So, under
our conjecture, we estimate o and b separately without lost of efficiency. To support this statement
we use the Monte Carlo method to determine confidence intervals for the mean of pest(&o, (3 ) and
for the mean of pes,(&l , (E ) which we denote by mg and m;, respectively. The confidence intervals
are obtained considering n = 35 and n = 50 replications of n-dimensional samples (n = 500 and
n = 1000) of a Neyman type-A INARCH(1) model. Such intervals with confidence level 0.99 are
presented in Table 4.6 (®), where we stress the lower values when 7 or 7 increase.

-~

Table 4.6 Confidence intervals for the mean of g (0, &)\) and for the mean of Py (0,9 ), with
confidence level ¥ = 0.99 and for different sample sizes n and n.

=235 =50
n =500 n = 1000 n =500 n= 1000
mo | [0.0917,0.1180] [0.0883,0.1162] | [0.0940,0.1160] [0.0814,0.1064]
my | [0.0113,0.0412] [0.0165,0.0412] | [0.0137,0.0354] [0.0132,0.0397]

As the standard error is an estimative of the variability in a parameter estimate, we would generally
like standard errors to be small because that indicates better precision in our coefficient estimates.
In what follows, we measure the performance of the CLS standard errors through the evaluation of
a confidence interval and its coverage probabilities ([79]). A coverage probability is the proportion
of simulated samples for which the estimated confidence interval includes the true parameter. This
way, computing a coverage probability is similar to assessing if the method for computing confidence
intervals (and, thus, standard errors) is living up to its definition, that is, if the same formula is used
to compute a ¥ x 100% confidence interval in repeated simulated samples, the confidence interval
should enclose the true parameter in y x 100% of the samples, on average.

Let us consider the asymptotically exact simultaneous confidence region for o on level y given by:

Z

I’y = {(X : (a()ﬁ — 0, al,n - al)Vwilv(aO,n — 0, al,n - (xl)T < I’ll} )

5The method (in MATLAB code) is given in Appendix D.3.
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Fig. 4.1 Simultaneous confidence region based on CLS estimates for the INARCH(1) (on the left) and
the NTA-INARCH(1) (on the right, with ¢ = 2) models with &g =2 and &; = 0.2. Confidence level
Y= 0.9 (lightest gray), 0.95 (lightest and medium gray) and 0.99 (dark to lightest gray).

where z denotes the y-quantile of the )(22 distribution (%).
Examples of the (non-rectangular) shape of this confidence region for different confidence levels
Y=0.9,0.95 and 0.99 are represented in Figure 4.1 with the same true values o =2 and o¢; = 0.2.

To estimate the true coverage probability of the confidence region I, a simulation study was done.
For each combination of true parameters (0, @), for each confidence level y and sample sizes n,
10 000 time series were generated. From each time series, the respective estimates and confidence
region were computed. Then it was checked if this region contained the true parameter tuple. The
number of "successes" divided by 10 000 is an estimate of the true coverage probability (7). The
results are presented in Tables 4.7 to 4.9.

Table 4.7 Estimated coverage probabilities of the confidence region CLS Iy 99

y=0.90,
o oy |n=100 250 500 750 1000 5000
2 02| 0.8965 0.8945 0.9007 0.8970 0.9021 0.8977
04| 0.8816 0.8978 0.8931 0.9021 0.9027 0.9023
0.6 | 0.8632 0.8837 0.8880 0.8963 0.8918 0.9005
0.8 | 0.8133 0.8609 0.8841 0.8822 0.8889 0.8979
4 02| 0.8975 0.8997 0.8980 0.8995 0.8961 0.9041
04 | 0.8859 0.8944 0.8958 0.8983 0.8989 0.8934
0.6 | 0.8600 0.8824 0.8917 0.8924 0.8990 0.8942
0.8 | 0.8025 0.8543 0.8777 0.8865 0.8881 0.8952
6 02| 0.8964 0.8971 0.8945 0.8940 0.8981 0.9055
04 | 0.8860 0.8910 0.8957 0.8939 0.8956 0.8954
0.6 | 0.8611 0.8785 0.8913 0.9004 0.8961 0.8966
0.8 | 0.8124 0.8631 0.8734 0.8870 0.8882 0.8968

SLet us observe that this confidence region is based on the fact that (¥ —pu) X~ (Y — ) is XIZ; distributed for a
p-dimensional normal vector ¥ ~ N(u,%).
"The detailed algorithm (in MATLAB code) is given in Appendix D.3.
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Table 4.8 Estimated coverage probabilities of the confidence region CLS Ij 95

y=0.95,
o oy |n=100 250 500 750 1000 5000
2 02| 09427 09451 009485 009473 0.9522 0.9484
04| 09295 009473 0.948 0.9513 0.9475 0.9528
0.6 | 09131 009376 09401 0.9436 0.9446 0.9496
0.8 | 0.8648 0.9127 0.9305 0.9316 0.9383 0.9479
4 02| 09462 09479 009487 09486 0.9462 0.9501
04 | 09374 009446 09477 0.9481 0.9494 0.9446
0.6 | 09117 009361 09462 0.9450 0.9469 0.9434
0.8 | 0.8573 0.9046 0.9290 0.9350 0.9360 0.9491
6 02| 09434 09466 09480 009465 0.9506 0.9514
04| 09364 009387 09493 0.9422 0.9484 0.9492
0.6 | 09120 09314 0.9436 0.9455 0.9479 0.9477
0.8 | 0.8648 09133 0.9273 0.9381 0.9417 0.9481

Table 4.9 Estimated coverage probabilities of the confidence region CLS I g9

Y= 0.99,

o o | n=100 250 500 750 1000 5000

2 02| 09841 09880 0.9892 0.9899 0.9901 0.9895
04 | 09779 0.9851 0.9893 0.9872 0.9871 0.9902
0.6 | 0.9677 0.9826 0.9859 0.9884 0.9851 0.9883
0.8 | 0.9350 0.9658 0.9783 0.9797 0.9828 0.9880

4 02| 09863 09873 0.9888 0.9894 0.9904 0.9899
04 | 09797 0.9836 0.9890 0.9882 0.9881 0.9897
0.6 | 0.9676 0.9806 0.9871 0.9857 0.9886 0.9896
0.8 | 0.9285 0.9616 0.9772 0.9804 0.9830 0.9886

6 02| 09850 0.9888 0.9888 0.9889 0.9911 0.9906
04 | 09779 0.9835 0.9889 0.9881 0.9890 0.9894
0.6 | 0.9651 0.9793 0.9844 0.9858 0.9880 0.9902
0.8 | 0.9331 0.9674 0.9765 0.9801 0.9848 0.9899

The results of these tables show that the performance of the asymptotically exact CLS region
depends heavily on the length n of the available time series and on the parameter ¢;. In general, the
difference between Y and the estimated coverage probability, which is mainly less than 7y, decreases for
increasing n. For example, when ¥ = 0.9, 0p = 2 and o; = 0.8 we have the differences 0.0867, 0.0391,
0.0159, 0.0178, 0.0111 and 0.0021 for n = 100, 250, 500, 750, 1000 and 5000, respectively. It is
also observed from the Tables 4.7-4.9 that when we increase @ the difference between the estimated
coverage probabilities and y also increases. For instance, when n = 100, 0 = 6 and ¥ = 0.95 we have
the estimated coverage probabilities 0.9434, 0.9364, 0.9120, 0.8648 (decreases, so the difference
increases) for o; = 0.2, 0.4, 0.6 and 0.8, respectively.

It seams correct to say that we can trust in the region 7, for a small value of the parameter @, say
a; < 0.2, or if the sample size satisfies n > 500 (0.4 < ¢ < 0.6) or even n > 1000 (; =~ 0.8).



Chapter 5

The zero-inflated CP-INGARCH model

In recent years there has been considerable and growing interest in modeling zero-inflated count
data since there is a lot of phenomenon where such data may occur and zero counts frequently have
special status. With the aim of responding to this kind of data within conditionally heteroscedastic
integer-valued time series we propose a generalization of the CP-INGARCH( p, ¢) model that may
capture, in addition to the conditional volatility, overdispersion and zero inflation.

The chapter is organized as follows. In Section 5.1 we recall the definition of zero-inflated
distributions and some of their properties. Using this class of distributions we present in Section 5.2
the zero-inflated CP-INGARCH model and we specify some particular cases. In parallel to what
was done in Chapter 3 for the CP-INGARCH model, we analyse first and second-order stationarity
conditions in Section 5.3. Moreover, we show how to construct a strictly stationary solution for the
model proposed. We conclude presenting additional probabilistic developments of these processes,

particularly, its autocorrelation function and expressions for cumulants.

5.1 Zero-inflated distributions

In some applications the count distribution considered might be inappropriate due to the excess of
zeros in the data compared with what is expected from the distribution. This phenomenon can be a
consequence of the existence of the so called structural zeros. For example, in the counting of the
number of cigarettes smoked in a day, if the sample includes both smokers and non-smokers, there will
be some of them non-smokers who report 0 cigarettes smoked in a day (meaning they are structural
zeros) and others that did not smoke that day (meaning they are expected or sampling zeros instead).
Count data collected from biology is another typical example that contains a lot of zeros. For instance,
in counting disease lesions on plants, a plant may have no lesions either because it is resistant to the
disease (structural zeros), or simply because no disease spores have landed on it [67].

Ignoring the excess of zeros, often referred to as zero inflation, we can have at least two conse-
quences: first, the estimated parameters and standard errors may be biased, and second, the excessive
number of zeros can cause overdispersion [87]. To overcome this issue, zero-inflated distributions
should be specified. These distributions are a two-component mixture where one of the components
is a point mass at zero and the other component is a count distribution. This way, such distributions

81
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distinguish between structural zeros, for units where zero is the only observable value, and sample
zeros, for units on which we observe a zero, but other values might also have been recorded.

Definition 5.1 (Zero-inflated distribution) The probability mass function of a zero-inflated (ZI for
brevity) random variable X can be expressed as

0+ (l—w)P(Y=0), for x=0,

(1—w)P(Y =x), for x=1,2,... -1

P(X:x):{

where the random variable Y follows a standard count distribution and 0 < @ < 1.

So, the distribution of Y is modified by an additional excess zero function and @ is the proportion
of zeros added. Let us observe that these distributions are also referred as zero-modified or with
added zeros [46, p. 351]. It is also possible to take @ less than zero, which corresponds to zero
deflation, provided that @+ (1 — @)P(Y = 0) > 0. In the limiting case, that is @ — 0, the zero-inflated
distribution corresponds to the distribution of the random variable Y.

The characteristic function and moments of a zero-inflated distribution can be derived from those

of the distribution of Y. In fact, if @y represents the characteristic function of Y, then

ox(u) =E [¢"*] =P(X =0) + ilei“xp(x =x)

=0+ (1-0)PY=0)+) " (1-0)P(Y =x)=0+(1-0)py(u), uck,
x=1
which imply E(X") = (1 — @)E(Y"), r € N. Thus, the mean and the variance of the zero-inflated
distribution, if they exist, are given respectively by

EX)=(1-w0EY) and V(X)=(1-0)[VY)+oEY)).

In the same way, the probability generating function of X is given by gx(z) = 0+ (1 — ®)gy(z) and
its r-th descending factorial moment (1), which can be obtained from gg(r )(1), equals (1 — a))g;r) (1).

In addition to being viewed as a mixture, a zero-inflated distribution belongs to the family of
the compound laws with Bernoulli counting distribution. This means that X can be written as
x4 Y| + ...+ Yy where N is a Bernoulli random variable with parameter 1 —® (0 < w < 1) and Y3,
j=1,2,...,are i.i.d. random variables which are also independent of N and following the same law as

Y. In fact, from the proof of Theorem 2.4 the statement holds, i.e., @x (#) = @+ (1 — ®) @y (u), u € R.

Regarding its importance within this study, we define in the following the zero-inflated Poisson
(ZIP for brevity), the zero-inflated negative binomial (ZINB) and the zero-inflated generalized Poisson
(ZIGP) laws. Some other examples of zero-inflated distributions can be found in [46, Section 8.2.4].

Example 5.1 (Zero-inflated Poisson distribution) The random variable X follows a ZIP distribu-
tion with parameters (A, ®), A > 0 and 0 < o < 1, if its probability mass function is given by

IRecall Remark 2.3.
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o+ (1—-w)e? for x=0,
P(X =x) = (1_w)e*’llx

T for x=1,2,...

Since E(Y) =V (Y) = A, the mean and variance of X are given, respectively, by E(X) = (1— ®)A
andV(X) = (1= @)A(1+ @A). In Figure 5.1, we represent the probability mass function of the ZIP
distribution considering different values for the parameters (A, ®) from which the effect of increasing
the parameter ® becomes clear.

08 ) : : : : : : : :
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Fig. 5.1 Probability mass function of X ~ ZIP(A, ®). From the top to the bottom in abscissa x = 4,
(A, ) = (4,0) (simple Poisson case with parameter 4), (4,0.3), (4,0.7), (1,0.3).

Example 5.2 (Zero-inflated negative binomial distribution) The random variable X follows a ZINB
distribution with parameters (r,p,®), r € N, p €]0,1[ and 0 < @ < 1, if its probability mass function

can be written in the form

x+r—1

r—1

P(X—x)—a)5x70+(1—a))< )pr(l—p)x, x=0,1,2,...,

where 8 is the Kronecker delta, i.e., O is 1 when x = 0 and is zero when x # 0. Since the

mean of the negative binomial distribution is r(1 — p)/p and the variance is r(1 — p)/p*, we have
EX)=(1—-w)AandV(X)=(1—a)r(1-p)[1+aor(l1-p)]/p?

Example 5.3 (Zero-inflated generalized Poisson distribution) The random variable X follows a
ZIGP distribution with parameters (A, K, ®) if its probability mass function can be written in the form

o+ (1 —w)e?, for x=0,
P(X =x) = (moiliegle ™0 p g5

x!

0, for x>m if k<0,
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where A >0, 0 < 0 < 1, max(—1,—4/m) < k < 1 and m(> 4) is the largest positive integer for
which A + km > 0. Since the mean of the GP law is A /(1 — k) and the variance is 1 /(1 — k)3, we get

EX) =222 and V(X):(l—w){

- wA? A
Cl-x '

(I—xp (1=K

5.2 The definition of the ZICP-INGARCH model

Since its introduction [25] the INGARCH model has been generalized and extended in various
directions in order to increase its flexibility. In Chapter 2 we presented the CP-INGARCH model
as a solution to capture different kind of overdispersion in count data. As reported in literature with
examples from manufacturing defects, road safety, medical consultations or species abundance [67],
many count time series also display the zero-inflation characteristic. So, in this Section we will define
the zero-inflated CP-INGARCH model and present some particular cases; a general procedure to
generate this kind of processes will conclude the Section.

Definition 5.2 (ZICP-INGARCH(p, g) model) The process X is said to follow a zero-inflated com-
pound Poisson integer-valued GARCH model with orders p and q, (where p,q € N), briefly a ZICP-
INGARCH(p,q), if, Vt € 7Z, the characteristic function of X; conditioned on X,_, is given by

Py lx, () = @+ (1 - @)exp {iqﬁo) [ (u) — 1]} , ucR, (5.2)
with , ,
E(X/|X,_
(1‘(;1) =k =00+ Zl ;X +k2‘,1[3k797k7 (5.3)
Jj= =

for0<o<1,a>00;>0(j=1,....,p), fr >0 (k=1,...,q), and where (¢,,t € Z) is a family of
characteristic functions on R, X,_;-measurables, associated to a family of discrete laws with support
in Ny and finite mean. If g = 1 and B; = 0, the model is simply denoted by ZICP-INARCH p).

As a consequence of this definition and assuring the existence of variance by considering that
the characteristic functions (¢t € Z) are twice differentiable at zero, the conditional mean and the
conditional variance of X; are, respectively, given by E(X;|X,_ ;) = (1 — ®)A, and

) 1 0
V(X|X,_1) = _q)%\&,l 0)—(1-w)’A? =(1-w)A (—1(5)’,((0)) +(D7L,) . (%)
t
Clearly, the CP-INGARCH model is recovered when @ = 0. Besides this, a wide class of processes
is included in the family of ZICP-INGARCH models. To show that, we use the fact that the conditional
distribution of X; belongs to the class of the compound laws. In fact, let M, be a Bernoulli random
variable with parameter 1 — @, with 0 < @ < 1, and let us define the process X = (X;,7 € Z) as

2Recall the expressions stated in page 18.
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Ov Mt = 05
d
X =4 (5.4)
ZXt,ja Mt = 17
j=1

where, conditionally on X,_;, N, is a random variable following a Poisson distribution with parameter
A =MA/E(X, ;) and X; 1, X;»,... are discrete random variables with support in Ny and common
characteristic function ¢, with finite mean. In addition, all the random variables involved in the
equality (5.4) are, for each ¢, independent. Then the process X satisfies the ZICP-INGARCH model
since its characteristic function conditioned on X,_; is given by

oo

Py, (1) =@+ (1= 0) Y B [0t 0) | =] (N, =)
n=0

(A)"

*
t
n!

=0+ (1-0)e ™ Y o) =0+ (1-o)exp{A [@:u)—1]}, uecR.
n=0
It should be noted that the ZICP-INGARCH model can also be obtained using another different
representation. Indeed, let us define the process X as

XZ‘ iXt,l—i_"'—i_Xt,Uta (55)

where U; is a random variable that, conditionally on X;_;, follows a zero-inflated Poisson law and X; 1,
X; 2, ... are discrete random variables with support in Ny that, conditionally on X,_, are independent,
independent of U, and with characteristic function ¢, with finite mean. If the parameters of the
probability mass function of U; are (A", w), with " = 4, /E(X; j) and 0 < @ < 1, then the process X
still satisfies the ZICP-INGARCH model as we have

oo

Dy x, (u) = Z Elexp{iu(Xi1 + ...+ X, v,) }U; = n] - P(U; = n)
n=0

o0 L . A\
— 0 W+ (1-0)e Y o))
n=0 n=0

=0+ (1—o)exp{A [@(u)—1]}, ueck.

This representation shows that the conditional distribution of the ZICP-INGARCH process can be
represented as a compound distribution with a zero-inflated Poisson law as counting distribution.

We can use any of these representations in law of the model. We remark that representation (5.4)
is particularly important in the construction of a strictly stationary solution whereas (5.5) will be
useful to state a condition for the existence of all moments of a ZICP-INGARCH(1, 1) model.

Many particular models can be deduced as we illustrate next:

1. To model overdispersion and zero inflation in the same framework, Zhu [84] proposed the
zero-inflated Poisson INGARCH(p, ¢) model (ZIP-INGARCH for brevity) defined as
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p q
XX ~ZIP(A,0), A=+ aX i+ Y Bk,
j=1 k=1

where0 <o <1,00>0,0;>0,B>0,j=1,...,p,k=1,...,q.

We observe that E(X;|X, ;)= (1—@)A and V(X;|X,_) = (1 — @) A (1 + wA,) (recall Example
5.1). This corresponds to a ZICP-INGARCH(p, ¢) model considering in representation (5.4)
A = 2, and the characteristic function ¢, (u) = e, u € R.

2. In the same paper, Zhu [84] proposed also the zero-inflated negative binomial INGARCH(p, )
process (ZINB-INGARCH for brevity), defined as

Al
"1+akrf’

p q
X | X,_; ~ ZINB < a)) , A=a+ Y, X i+ Y Bk,

=1 k=1
where 0 <w<1,a>0,c€{0,1}, a0 >0, @ >0,B >0, j=1,....,p, k=1,....,q. We
note that V(X |X,_;) = (1 — @)A (1 + 0A, + aAf) (recall Example 5.2). Considering in the
representation (5.4), the random variables X; j, j = 1,2,..., having a logarithmic distribution
and A = A (1 +aAf) we recover the ZINB-INGARCH(p, ¢) model.

a

alf

with parameter TTrare

3. Recently, Lee et al. [52] proposed a zero-inflated generalized Poisson autoregressive model
(ZIGP AR) by considering

Xt |L71NZIGP((17K)AT7K7(U)5 A'I‘:f‘(z'l‘fla}(tfl)7

where 0 < @ < 1, max{—1,—(1 — k)4, /m} < Kk < 1 and f is a positive function on [0, o[ x Ny
irrespective of @ and k. We have V(X;|X, ;) = (1 — @)A(1/(1 — x)?> + wA,) (recall Example
53)and E(X;|X; ;)= (1-w)A. ForO0<x < land f(4_1,X;—1) = 0o+ ouX,—1+ Pi1A4_1,
we recover a particular case of the ZIGP AR model, which we will called ZIGP-INGARCH,
considering that in the representation (5.4) the common distribution of the random variables
X:,j, j=1,2,..., is the Borel law with parameter k and A, = (1 — k)A,.

4. Let us consider independent random variables X; ;, j = 1,2, ..., following a Poisson distribution
with parameter ¢ > 0 and let N, follow a Poisson distribution with parameter A, = %, inde-
pendent of X; ;. So, the process X defined as in (5.4) satisfies a ZICP-INGARCH model with
V(X|X,_) = (1—o)A(1+ ¢+ ®A) (recall Example 2.4). It is denoted by ZINTA-INGARCH,

since the associated conditional law is a zero-inflated Neyman type-A law, i.e.,

A,f P q
X; |X171NZINTA <¢7¢7w ) %:aO_FZanIfj'{'ZBk}T—ky
=1 k=1

with 9 >0,0<0<1,00>0,0>0,5>0,j=1,...p.k=1,....q.

Following the same idea, all the processes defined in Section 2.3 can be extended in order to
obtain the ZIGEOMP-INGARCH model, the ZIGEOMP2-INGARCH model, and so on.

Figure 5.2 presents trajectories and the basic descriptives of the ZIP-INGARCH(1, 1) model
with @y = 10, oy = 0.4, B; = 0.5, considering two different values for @, namely @ = 0.2 and 0.6,
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illustrating clearly the zero-inflated characteristic of these models (compare with Figure 2.3, where
o = 0). The descriptive resumes presented in Figure 5.2 and Figure 5.3, suggest overdispersion in the
class of the ZICP-INGARCH processes. In fact, for the model specified by (5.2) and (5.3) we have

V(X,|X (0 E(X?
( I|-_t—f],) i (l%> ( ) + (1);11 _ ( 1,1 ) + (1);11
E(X|X,_y) ®/(0) E(X:1)
E(th(th—l))
1+ — +oA > 1+0A > 1,
E(Xt,l)
whenever @ > 0, and so )
V(X;
> 1,
E(X;)

that is, the ZICP-INGARCH process is always overdispersed.
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Fig. 5.2 Trajectories and descriptives of ZIP-INGARCH(1, 1) models with o = 10, a; = 0.4 and
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Fig. 5.3 Trajectory and descriptives of a ZINTA-INGARCH(1, 1) model with oy = 10, oy = 0.4,
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5.3 Weak and strict stationarity

The study of first-order and weak stationarity of these processes follows the approach developed for the
CP-INGARCH processes in Sections 3.1 and 3.2. In the following we resume the main conclusions
of this study for the ZICP-INGARCH process, which naturally, are affected by the parameter ®.

In what concerns first-order stationarity considering y, = E(X;), we deduce from the difference
equation 1, = (1 — @)y + Z‘;?:] (1—o)ap,—j+ Y7, Belt—x, that X is first-order stationary if and
only if (1 — w) Z?:l a;+ Y7, Br < 1. Moreover, under this condition, the processes (X;) and (4,)

are both first-order stationary and we have

(1-o)a
I-(1-o)X)_joi-Yi B

H=EX) = (1-0)E(A) =

In Figure 5.4 we plot first-order stationarity regions of a ZICP-INGARCH(2, 1) model considering
different values for m, namely, @ = 0, 0.4 and 0.6. We conclude that when the value of @ decrease
the first-order stationarity region becomes smaller. To better view, we present in Figure 5.5 the three
planes that define the mentioned regions where it is now clear that the first-order stationarity region
with @ = 0 (lightest gray) is contained in the region with @ = 0.4 (light to medium gray) and this one
is contained in the region with @ = 0.6 (light to darkest gray).

1

05 05 0.5 05 05 L g
alpha, 00 alpha, alpha, 00 alpha, alpha, 00 alpha,

Fig. 5.4 First-order stationarity regions of a ZICP-INGARCH(2,1) model considering ® = 0.6
(darkest gray), 0.4 (medium gray) and O (lightest gray).

View just the XY plane View just the X.Z plane View just the ¥.Z plane

alpnha2
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Fig. 5.5 The three planes that define the first-order stationarity regions of Figure 5.4.

The weak stationarity is developed for processes X satisfying the hypothesis H2. This hypothesis
in the context of the ZICP-INGARCH model can be interpreted in the following way:
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0 VO, )
o) ~Exx,,) M

We stress that, in addition to the examples presented in Section 3.2, the ZIP-INGARCH, the ZINB-
INGARCH, the ZIGP-INGARCH and the ZINTA-INGARCH processes also satisfy H2. Namely,

» ZIP-INGARCH(p, q) with vog = 1;

* ZIGP-INGARCH(p, ) with vo = ;=

* ZINTA-INGARCH(p,q) with vo = 1+ ¢;
all of them with v; = 0, and also the

vo=1+a and vi =0, whenc=0,

* ZINB-INGARCH(p,q) with
vo=1 and v| =a, whenc=1.

A necessary and sufficient condition of weak stationarity of X is easily deduced from the vectorial
state space representation presented below. To establish it, let us take into account the following facts:

EX—jh) = E[EX jIX, ;D] = Q1—0)EA_jA), if k>, (5.6)
| E(X—X,_ . .
EX—jh—y) = T—of (X —jE Xkl X, 1)) = (lt_jwk)a if k<j, (5.7

from where we can deduce the expressions
EXiXi—n) = E[EX|X, 1)Xi—n] = (1-0)E(AXi—p)

)4 q
= (1-w)E ( o + Z X+ Z Bk Xth)
=1 k=1

- (1-w) {aoE K)+ Y GE K Xen) + Y. BiE (z,kx,m}
= k=1

= (I-o) {OCOE (Xi—n) + f OE (X, jXi—n)
=

h-1
+ Z P E(Xi—Xi—p) + i‘, (1- w)BkE()Lr—k)'r—h)} ; h>1, (5.8)
k=1

-0 k=h

and in a similar way

E(MM—p) = E(

i q

o+ Y X i+ ) ﬁk%—k] 2¢—h>

=1 k=1
h

= 0E &)+ ) (1= 0)GE ()
=1
)4 o ' q
+ Z 1 _]wE(thth—h) + Z BLE (A—iAi—n), h>0. (5.9)
J=h+1 k=1
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Proposition 5.1 Suppose that the process X following the ZICP-INGARCH(p,q) model is first-order
stationary and satisfies the hypothesis H2. The vector W;, t € Z, of dimension p+q— 1 given by

E(X?)
E(X.X, 1)

We=| EXiXi—(p-1))
(/M« 1)

(ML 1)

satisfies an autoregressive equation of order max (p,q):

max (p.,q)
W, =Ao+ Z AW, (5.10)
k=1

where Ag is a real vector of dimension p+q— 1 and Ay (k = 1,...,max (p,q)) are real squared
matrices of order p+q — 1.

Proof: The proof is similar to that of Proposition 3.1. Once again, let us focus on the case p = g.
From the hypothesis of first-order stationarity, the expressions (5.6) and (5.7), and since

_ E(X?) —vol
E(X?) = (1-0){wEX)+(1+v)E(A))} & EX})= ETDIE=E
we deduce the following expressions:
EX?) = D+(14wn) f( (1_?Ti?j+ﬁ]2)E(th_j)
+2Z Z o ((1— @)t + B)E(Xi— jXi—x)
j=lk=j+1
p—1 p
)Y, Y B((1-o)oy+By)E(A—jA)
j=lk=j+1
E&Xa) = (oo 2] (- ot (1-0) a2 02
£ Y (1-0PBEG A+ Y (1-@)@GEX X 1)
j=h+1 j=h+1
+hi ((1 — (D)OCj‘l‘ﬁj)E(X[,jX,,h), h>1,
j=1
o 0(& +ﬁh) H (Xh+B
Eudin) = [ 1iv1 }l—w (1—w)(1iv1)E(X’2*’“)

Z Bj (A't—jszh)+ i I?wa(Xt_th,h)

=h+ Jj=h+1
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+h§((1 = 0)0+ BH)E(A—jA—p), h>1,

J=1

where D = vou [l — ‘}’:1 2(1 — o) e;B; +[3j2)} + (14 v1) [2aou — 0] is a positive constant inde-
pendent of 7. Using these expressions it is clear now that the vector W; satisfies the autoregressive

equation of order p, W; = Ag + Y4_; AkW;_, with Ag = (a;) the vector such that

D, j=1

voPBj-1
1— _
aj: ( (D)‘U, |:(X() 1+V1:|,

e [Olo _vo(@j—p+Bj-p)

j:27"'7p7

i=p+1,...2p—1
o T, }:JP—F,;P ;

and Ay (k= 1,..., p) the squared matrices having generic element ag-() given by

e tow i = 1:
(I-o)(1+v)ol+2(1- o)+ B,  j=1,
k .
al) =3 2(14v)[(1 - ©) o + Bl otjar, i=2,..p,
2(1—-w)(1+v)((1 =)o+ B)Bjsk—p, J=pr+1,....2p—1,

e rowi=k+1, (k# p):

(lw)[ak+ e ], =1,

14w
(k) _
Ay, = .
(l_w)ajJrk*lv .]:27"'7p7
(1_0‘))2ﬁj+k*p7 J:P+1772p_17
s rowi=k+p:
o + B =1
(1—w)(1+v1)’ ’
(k) _ ity
Apiy i = j+k—1 =0
125 4170), J s Py
ﬁj-l—k—pa ]:p+1a>2p_17
e rowi=k+J:
K (l—w)ox+Pr, j=2,....,p—k,p+1,...2p—1—k,
S j=p—k+1,..p,
(k)

and for any other case g;;” = 0, where we consider ¢; = 8; = 0, for j > p. The general form of these

ij
matrices A can be found in Appendix A.2. B

In the following theorem we present the referred necessary and sufficient condition for weak
stationarity of the ZICP-INGARCH process. The proof is analogous of that of Theorem 3.2.
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Theorem 5.1 Let X be a first-order stationary process following a ZICP-INGARCH(p, q) model such
that H2 is satisfied. This process is weakly stationary if and only if

max (p,q)

QL) =Ip+g—1— AiL*
k=1

is a polynomial matrix such that detQ(z) has all its roots outside the unit circle, with Ay
(k=1,...,max (p,q)) the squared matrices of the autoregressive equation (5.10). Moreover, we have
under the weak stationarity of X, the covariance function of X and A, respectively I and T, given by

I(j) = ej+1[Q(1)]'Ag — 12, j=0,...p—1,

- 2
F(j)—ep+j[Q<1)]‘1Ao—(lfw)2, j=1hemg—1,

with e denoting the j-th row of the identity matrix.

For a first-order stationary ZICP-INGARCH(p, p) process where only the order p coefficients
are nonzero we can deduce, following the same steps than in Example 3.1, the weak stationarity
characterization presented below.

Corollary 5.1 Let X be a first-order stationary process following a ZICP-INGARCH(p, p) model
such that &y = ... = p—1 = 1 = ... = Bp—1 = 0 and hypothesis H2 is satisfied. A necessary and
sufficient condition for weak stationarity is (1— ®)(1+vi)o2 +2(1 — w)a, B, + 7 < 1.
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Fig. 5.6 Weak stationarity regions of a ZICP-INGARCH(p, p) model under (1 —w)o, + B, < 1,
considering o) = ... = a1 = i = ... = B,—1 = 0 and ® = 0 (lightest gray), 0.4 (lightest and
medium gray) and 0.9 (light to darkest gray). We have v; = 0 (on the left) and v; = 5 (on the right).

In Figure 5.6, on the left, we present weak stationarity regions of a ZICP-INGARCH(p, p) model,
in the conditions of Corollary 5.1, with ¢, deterministic and independent of # characteristic function
(recall in this case v = 0) and considering different values of @, namely @ =0, 0.4 and 0.9. We see
that when we increase the parameter @ the weak stationarity region also increases. The same happens
when we change the parameter v; to be equal to 5 (see Figure 5.6, on the right) corresponding to
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random characteristics functions ¢; in the ZICP-INGARCH(p, p) model. For instance, these regions
corresponds to a ZINB-INGARCH(1,1) model where a =5 and ¢ = 1.

In order to derive the autocovariance function of the ZICP-INGARCH(p, g) model, we extend
Theorem 3.3 omitting its proof since it is obtained using the same arguments. This general result
includes those of Zhu [84] on ZIP-INGARCH and ZINB-INGARCH models.

Theorem 5.2 Let X be a weakly stationary ZICP-INGARCH(p, q) process. The autocovariances of

the processes X and A satisfy the linear equations

P min (h—1,q) q
T(h)=(1-)Y o;-T(h—j)+ ' Be-T(h—k)+(1—0)* Y Be-T(k—h), h>1,
j=1 k=1 k=h

_ min (h,p) _ 1 p q _
L) =(1-0) Y} aj Dlh=j)+1—— Y o T(j—h)+Y B-T(h—k), h>0,
j=1 j=h+1 k=1

assuming that ):Z:hﬁk-l:(k—h) =0ifh>qand Zé.’:hﬂ aj-I'(j—h)=0ifh+1>p.

The following example illustrate the expression stated for p =g = 1.

Example 5.4 Let X be a ZICP-INGARCH(1,1) model. From Theorem 5.2 we have, for h > 2,

F(h) = (1—(0)061-F(/’l—l)-{—ﬁ]'r(h—l):...
= (1-—o)a+B1]""[(1- )i -T(0) + (1 - w)*B; - T(0)].

To determine an expression for V(;) = I'(0), we note first that

[(h) = (1-w)oy-T(h—1)+PB-T(h—1) = ...

= [(1—w)oy+Bi]"-T(0), h>1,
0) = 1)+ -T(1)
= o -T(0)+(1—@)api -T(0)+Bi[(1— @)y + Bi]-T(0)
= aIZ-F(O)—i—[Z(l—w)a1ﬁ1+ﬁ12}'1~“(0)

a?-T(0)
1-2(1-w)aipi+B7

& [0) =

Replacing this in the expression of T'(h) above, we obtain

(1-0)*aiBi -T(0)
1-2(1— o) i+ B}
(1-)ou[l — (1 - o) i — Bf]

1-2(1—w)oufi — B}

T(h) = [(1-o)a+p]""|(1-w)o-T(0)+

= [(1-o)al+p)""! -T(0),
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and so the autocorrelations of X and A are given by

(1—w)ou[l — (1 —w)oy i — ]
1-2(1-w)ai i — B 7

ph) = —= =[1-wo+p]"" h>1,

p(h) = [(1-w)o+pi", h = 0.

Under the hypothesis H2, the value of T'(0) can be deduced, for instance, using the expression
derived in Theorem 5.1. Indeed, T'(0) =V (X;) = [Q(1)]~'Ag — u?, where

(1) = 1-4; = 1-(1-0)(1+v)af —2(1-0)af — 7,

Ay = vou+ (1+v)2aop — (1 — ®)od] —vou[2(1 — ) By + B,
(1-w)a

1—(1—&))061—[31.

u

Thus, we obtain

B 1-2(1— o)oypy — B?
MO = i a)irma 20— o)mp — B <V°“+

(v +o)p?
- )

Using this result when @ = 0 we recover the expression stated in Remark 3.5. When @ # 0, for
example, the variance of the ZINB-INGARCH(1, 1) process is given by

1-2(1-w) o B —B? ou? _
1—(1—w)a12—2(1iw)allﬁl—ﬁ12 <(1 +a)p+ m) , ¢=0,

r(0) =

1-2(1-w)ou pi— B} (at@)p? _
17(17w)(1+a)a12721(117w)1061l31*ﬁlz <”+ 1-o )’ c=1

Going back to the study of the stationarity properties, we now present the construction of a strictly
stationary solution of the ZICP-INGARCH(p, g) model. The study developed in Section 3.4 will be
of extreme importance here as well as the representation (5.4) of this process stated in Section 5.2.

With this aim, let us consider a sequence M = (M,,t € Z) of i.i.d. Bernoulli random variables
with parameter 1 — ®, 0 < @ < 1, and let us define a process X* = (X/*,¢ € Z) such that

M =
X' = 0, M =0, (5.11)
Y, M, =1,

where Y = (Y;,7 € Z) is a CP-INGARCH(p, q) process, independent of M, for which the conditional
distribution of ¥; given Y,_, satisfies

@y, ) = ewiflow-1f. uer

) q
EXY,.) = & =a+Y oY i+ Bid
=1 k=1
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We remember that in order to have this process it is sufficient to consider ¥; = Zl}l’:l Y, ; where,
conditionally to the past, N; follows a Poisson law with parameter A,/E(Y; ;) and ¥, 1, Y, »,... are
discrete independent random variables, independent of N, and with characteristic function ¢.

If X = (X;,t € Z) is the process following the model ZICP-INGARCH specified by (5.2) and
(5.3), we show in the following that ®x |y,  um, ) (u) = Px,x,_, (u), u € R. In fact, we have

D (v, u,y) () = E (exp (iulgpg,—1y Y1) | (Vo1 M, 1))
= E (Ipg—0y +exp (iuXy) Lipg—1y| (Y- 1, M, 1))
= @+ E (exp (uY,) g1y | (Y,—1,M,_y))
=0+ (1—-0)E (exp(iu) [ (Y, ,M, ), ucR,

since {Y;} is independent of {M,} and {M,} are independent variables. So, from the independence
between the processes Y and M, we obtain

Dy, i, ) (4) = O+ (1—0)E (exp(iul;)|Y, ;)
= a)+(1—a))exp{iq),/1(¢0)[(p,(u)—l]} = &y, , (u), wuelR.

So, a solution of our ZICP-INGARCH model given by (5.2) and (5.3) may be obtained by (5.11).
We are now in conditions to state the strict stationarity of this solution of the model, when ¢ is a
characteristic function deterministic and independent of ¢.

Theorem 5.3 Let us consider the ZICP-INGARCH(p, q) model as specified in (5.2) and (5.3) and
such that hypothesis H4 is satisfied. There is a strictly stationary process in L' that is a solution of
this model if and only if Z?:l a;+ Zzzl Br < 1. Moreover, this process is also weakly stationary.

Proof: Let us consider the ZICP-INGARCH(p, ¢) model associated to a deterministic and indepen-
dent of ¢ characteristic function ¢. From Remark 3.8 (b), there is a strictly stationary solution in L'
of a CP-INGARCH(p, q) model associated to the referred characteristic function ¢ if and only if
Y a;+ Y B < 1. Let us denote this solution by Y* = (Y.t € Z).

Then the process X* = (X;*,# € Z) defined as

X7 =Y Tjym)

with M = (M, ,t € 7) a sequence of i.i.d. Bernoulli random variables with parameter 1 — ®,0 < o < 1,
and independent of Y, is a solution of the ZICP-INGARCH(p, ¢) model since

@XT*‘(XL“MH)(M) =0+ (1 —o)exp {i(p’a{O) [o(u) — 1]} , ucR.

The process X* is a strictly stationary process as it is a measurable function of the process
{(Y*,M;) ,t € Z} which is strictly stationary as Y* and M are independent and strictly stationary
processes. As Y™ is a first and a second-order process (Theorem 3.7 and 3.8), the same happens to X*,
and so X* is also a weakly stationary process in L' if Z?:I i+ Zzzl Br<1.
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We study now the moments and the cumulants of the ZICP-INGARCH(1, 1) process. To this end,
let us assume in the following that the characteristic functions ¢, are differentiable as many times as
necessary. We start by enunciating a necessary and sufficient condition for the existence of all its
moments, a result where the representation (5.5) stated in Section 5.2 will be useful.

Theorem 5.4 The moments of a ZICP-INGARCH(1,1) model satisfying the hypothesis H3 are all
finite if and only if (1 —w)ay + B < 1.

Proof: To prove the statement, let us recall that the conditional distribution of X; can be viewed as a
compound law with a zero-inflated Poisson counting distribution with parameters (A", @) provided
by the representation (5.5). Since the expression (2.1) presented in Remark 2.3 is valid for any
compound law, and the r-th descending factorial moment of U; is (1 — @)(A)", r > 1, we deduce

m r r r _1\r—k m
EXX ] = (1-0)) - ,’(L;))),z<k>(l.j), (o)™ (0).

=t (e =0

. A (m)
w2\ D ()
EX") = (1—w>22:!< ) () E], m>1,

=0 j—=0 J "= (@f(0))"

r

ENX, 2] = og+ ) ( ; >a6”l3{’/1,"1+(1 —0)Y ( "; >a5"f ( ’; ) «

n=1

[ I pn—1 v V—x
(1171 v (_1) x (@) v+n—I
X Z V!((pl/—l (0))\/ Z ( ) l-l_v ((pt—l) (O)Atfl ;

v=0 x=0 X

with ((p,k) (m) given in Lemma 3.1 and following the same steps as in Theorem 3.4. Then we obtain
the equation E[A;|X,_,] = d+DA,_;, with the constant vector d = (&', -, 03, %)" and D = (d;;),
i,j=1,...,m, the upper triangular matrix given by

(1-w)(ou+p)"+op" - dim-1 dim
D= : e : : 7
0 o (1—o)(ar+B1)* + of} dm—1,m
0 0 (1—w)ay+pi

from here the required condition holds. l

We conclude this section presenting expressions for the first three cumulants and moments up to
order 3 of the ZICP-INARCH(1) model. As in Chapter 4, this study can have interest in statistical
developments of these models. Let us consider a first-order stationary ZICP-INARCH(1) model
satisfying the hypothesis H4. In the following we illustrate the derivation of its first three cumulants.

Using the characteristic function of the conditional distribution and A, = o + o X;_; we obtain

(I)X,(Z) — E(eiZX’):E[E(eizx’\lt_l)}
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= plova-oerfi Fior 1))

— (- oo [0 —11p o, (7 fol) 1)

= o0+ (l-)-Az), z€R,

hence, the cumulant generating function of X; is given by

ky (z) = In(®x,(2)) =In(0+ (1 - ©)-Az)), zeR.

Taking derivatives on both sides, it follows that

o - B _(-oue  (-eng
VT o) 0+ (1-0)AR) (1-0)+ ;5
Lo B (e -e)fE
O = 5w ~Terr %)
i _ d)%(z) (I)S(,(Z)qD;é,(Z) q);(,(z) ’
S S 50 T a0 z[ﬂbx,(z)]

(1- )%
- et OO (4,0)

w(g)—l

where, taking as h(z) =
: /
A/ 7) = la()(P (Z)
©="00)

o1 ¢’ (z)
¢'(0)

-exp{iog-h(z)}-Px, , (04 -h(z))

4 ~exp{iao~h(z)}-q)§(,4 (o1 -h(z)),

. " . ’ 2
A'(z) = [laofp (z) n <1060<P (Z)> ] cexpictg-h(z)} - @x_, (o1 -h(z))

¢'(0) ¢'(0)
ue”(z) . @)\ ' /
+ @' (0) +21060061<q),(0)> -exp{icg-h(z)}- Py (ou-h(z))
¢'(2))’ . )
+< ¢'(0) ) exp{ioy h(2)}- @, (01 -h(2)),
and

. 2
0

A" (Z) _ [ 10 q)/// (Z)

929" . (9]
¢'(0) “( >

(@)

PEROE) 50 <¢'<z>>3+a ?"(2)]

! oy 9%\ g0) T |

6icp

-exp{iog-h(z)} - Px,_, (o4 -h(z))

-exp{io - h(z)}- Py (a1 -h(z))
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1PN @ (0)) ¢'(0)

’ " / 3
303209 (f) +3i0600612<(p (Z)) ]'exp{i%-h(Z)}-q’%] (o -h(z))

, 3
+ <Ot1(P (Z)> -exp{iao'h(z)}'q)%q (OC] -h(Z))-

A"() _ioo@"(2) 399'()9"(2) . s <<P'(Z)>3
A(z) ¢'(0) (¢(0))? "\ ¢(0)
)

" / 3 "
P oge (219) +a1‘;,(§)>]-x;(,l<al-h<z>>

+ 610{0(11

i / " / 3
+ 37 20 (Z>+3iaooc%<$,éf)))) ](KX (04 +h(2)) + (K%, (01 -h()))?)

+ <OC(;IE’(§)Z)> [K)/g (on-h(z))+3ky | (o -h(z)) Ky, | (o -h(z)+ (K, (o ~h(z)))3} .

Let us recall the notations stated in (4.6) and the hypothesis of first-order stationarity. Inserting
z =0 into the previous equations and noting that A(0) = 1 and 4(0) = 0, we obtain

kg (0) = (1—-o)[icg+oy-xx  (0)]
ey el
O = (1-o) { i“(‘;f”(:)()o) — g+ {“:D"’(O() n 2laooc]] (0)}

(1—o)af- K, (0)+ (f, , (0)*] = (},(0))?
( )og +ivo(1 — @)[iog + o - Ky, (0)] +2i(1 — ®)apon - K, (0)
+(1- w)a?- [KX (0) + (i | (0))2] +u?
(1— ) +ivo - kg, (0) +2i(1 — o) oy - K (0)
(1-0)af &5, (0)+ (1 - w)af - (x, (0))" +p?
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(1 - w)a? &, ,(0) —vou

—[(1 - w)ag +2(1 — w)apaup + (1 - o) afu® — p?)
ou’

l-o’

(1- @)k, (0) —vo —
since (1 —w)op = (1 — (1 — )0y ), and then, as in Example 5.4,

2
[

K (X) =T(0) = —(—o)d

Moreover,
I _ _ iOto(p/”(O) _ 3a§¢//(0) —i 3
§0) = (1-o){ TG0 - i
+ |:6i050061 ((’;)/(((()))) — 3058061 + oy (fp/((()o))] . K')/(til (0)
+ {3&12 ((’;),,((8)) +3iaooc12] [K)’(’H (0)+ [k, (0)]2}
+ai - [k, (0) 43k, (0, (0)+ [, (0)]] }

31, (0)x¢ (0) — [, (0)]°

—do(1 — w)[iog + a1 - Ky, (0)] —i(1— ®) ot [3ctovo + 0]
—(1— )0y [6a0vo +305] - Ky, (0)

+3i(1 - @)ai (vo+ ) - [K%, (0) + (K%, (0))?]

+Hl-o)og -k (0)+3(1—o)aq - &y (0) - k% (0)
+(1—w)ag - (k% (0))* +3iul(0) +in?

(1-w)ai -k (0)—idop —i(1 — @)oo [30gvo + 0]

—(1—w)ioy [6agvo + 3a3]u — 3i(1 — @) o (vo + 0 [[(0) + u?]

—3(1— )iog uI(0) — (1 — w)io 3 + 3iul(0) +ip’.

Using the equalities

(I-o)aup = p—(1-0)a,
u P
(1-o)ain = <1—w><1_w—ao) — e+ (1-0)
we deduce
kg (0) = (1—w)of &y  (0)—idop —i(1— @)oo [3ctovo + 0]

—i[6agvo +30g]u +i(1 — @) ap[60vo + 305
=3i(1 — w) o (vo+ ao)I(0)

3iu?
+{_ in
-

+6iopu —3i(1— a))ag} (vo+ @) — i T

O)u
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+3i(1 — @) 0 T(0) — 11 iﬂ(j + 2iogoy p
—iogu+i(1 — w)og +3iul(0) +iu’
= (1-w)o-k{  (0)—idop —3ivg(1 — ®)oT(0) — ST; (vo+ o)
+2i03 1 — 3io ul(0) — "lal“ ; +2i000q 1 + 3iuT(0) + ip?
= (I-w)aj Ky  (0)—idop+—3i(1— w)aivel(0)
O -+ 1+ -3 [ 22 —r0)(1 - o)

= (1-w)oj &§  (0)—idopt —3ivo(1 — @) T(0)
i 2
el £ 00= )+ odr(0)]
= (1-w)oj & (0)—idop —3iafT(0)[(1 — @)vo + wp]
2

io
Ha) [Bvo+ o+ (o —2)]

[%+u0+am%wu[

1—

and from that we get

dot +302T(0)[(1 — ®)vo — O], +25 [3vy + o + (ot —2)]
1—(1- >? '

K3 (X,) =

Now we derive an explicit expression for pt(k,7), with 0 < k <. In order to do this, we remember
the following conditional moments:

EX|X,—y) = (I1-0)k=(1-0)a+uX ],
EXPX, ) = (1-0)[vok+247]
= (1-w) [v oo+ o Xi—1)+ (0 + o X — 1)2]
= (1-0)[adX? +a(vo+200)X, 1 + o(vo+ )] ,

and we distinguish the following three cases:

Case 1: [ > k.

u(k,l) = EXiXiiXiv1) = EIXi Xk E (X111 X, 1-1)]

— 0) [0E (X Xi+k) + G E (Xe X4 Xi+1-1)]

)oop (k) + (1 — o)oup(k,l—1)

Yoo (k) + (1 — @) o [0 (k) + o e (k, [ —2)]
)

1 - @)oo (k)(1+ (1 - 0)o) + (1 - )P (k, - 2)
[—k—1

= . =(-o)uwuk) Y (1-o)a+(1-0) o ukk)
=0

= pop®)(1- (- 0) e ™)+ (1- o)l Hu(k k)

—

(
(

= (1-
(

e
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= (1—0) "o *[uk,k) — - u(k)] + - (k).

Case2: [ =k>0.

p(k, k)

(1- @) [0FE(XiX2 1) + 01 (vo +200)E (X Xi1x-1) + 0o (vo + 00) E (X, )]

( [of (ke — 1,k = 1) + 041 (vo +200) p(k — 1) + at (vo + 0to)

= (1-w)aiulk—1,k—1)+(1—o)af(vo+2a)I(0)
+(1 = @)ou (vo+200) > + (1 = (1 — @) o) (vo + o)

= (I-o)ofulk—1,k—1)+ (1 — o) af(vo+20a0)T(0)
+[oo[1+ (1~ @)au] +vo]

= (1-o)atulk—1,k—1)4 (1 — o) af(vo+2a0)(0)
+[1=(1-w)of] p-u(0)

= ...=(1—0)a*u(0,0)+ (1— o) (vo+20)C Zock”

= EXEX "X, 15 1)]
1-o)[of

- )

1 - o)

1
+[1-(1-w)of] u-u(0) ;)af]

vo+20p
= o' |(1-0)*u(0,0) - O_al (1 — @)*1(0) — (1 — @) - u(0)
+V0+2a0(1—a))"1“(0)a"+ 1+wkfa2f - p(0)
1*061 1 fart 1 .

Case3: [ =k=0.

©(0,0)

= E(X})=13+310u+u’
dop + 30712 [(1— @)vg — U] + 155 [3V0+0‘0+ﬂ(0‘1 2)]

— +3Ku +p’

- o)
dout +12[3(1 — ®)voaf —30ua? +2u —2(1 — o)ua;]
—(1-0)o;
ou*Bvo+ap+ p(oy —2)]
(1-o)(1-(1-w)a])

+ - u(0).






Chapter 6

Conclusions and future developments

"Science never solves a problem without creating ten more." - George Bernard Shaw

This thesis focuses on establishing theoretical results in order to develop applications in which
the responses are nonnegative integer-valued values, developing a unified study in the class of the
nonnegative integer-valued conditional heteroscedastic models. In the last years diverse models have
been proposed contributing to the existence of a vast literature for analysing count time series. In our
opinion, the work developed under this thesis strongly improves the existing results on this area.

A new class of models which includes the main INGARCH processes present in literature is
proposed and developed enlarging and unifying the analysis of those processes, and accomplishing
the practical goal of modeling simultaneously different stylized facts that have been recorded in real
count data: different kinds of conditional heteroscedasticity, overdispersion and zero inflation.

We first proposed a broad class of nonnegative integer-valued conditional heteroscedastic models
that is based upon the family of discrete infinitely divisible distributions which incorporates various
well-known and important distributions. The establishment of the strict stationarity and ergodicity of
these processes is addressed by presenting the construction of a solution. A necessary and sufficient
condition on the model coefficients for weak stationarity is also stated with some particular cases
displayed. This general class of processes allows the easy and straightforward introduction of new
models as well as the inclusion of recent contributions. In fact, a general procedure to obtain this
kind of models is developed showing the main nature of the processes that are solution of the model
equations, namely the fact that they may be expressed, conditioned by the past, as a random sum of
random variables. This study resulted in the publication of the paper "Infinitely divisible distributions
in integer-valued GARCH models" [34]. Moreover, an overall estimation procedure based on the
conditional least squares and on the moments estimation method is analysed in this thesis.

Among the new models that can be presented and because of its practical potential, we underline
in the paper "A new approach to integer-valued times series modeling: The Neyman Type-A INGARCH
model" [33] the study of the particular Neyman Type-A INGARCH model.

Thereafter, it seemed to be natural to consider zero-inflated conditional distributions in the previous
model in order to take also into account in the same framework the characteristic of zero inflation. This
generalization of the CP-INGARCH model was analysed recently in "Zero-inflated compound Poisson
distributions in integer-valued GARCH models" [35]. The previous study plays an important role
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mainly to state strict stationarity. In addition, the autocorrelation function, expressions for moments
and cumulants and a condition ensuring the finiteness of the moments of the process are treated.

Although some of the particular models of the ZICP-INGARCH process have already probabilistic
developments, our study, in many cases, enlarges or completes them. For instance, in Example 4.2 we
computed the first four cumulants, the skewness and the kurtosis of the GP-INARCH(1) model. As
we mentioned, Zhu [82] only presented the mean and the variance claiming the difficulty for deriving
higher-order cumulants with the techniques adopted. For the ZIP-INGARCH model defined by Zhu
[84] we provide an important contribution on the stationarity. In fact, from Theorem 5.3 the strict
stationarity is analysed displaying a solution whereas in the literature, to the best of our knowledge,
only first and second-order stationarity conditions were established ([84]) and the strict stationarity for
p =q=1([52]), by using different techniques than ours. Another example is the NB-DINARCH(p)
model. Xu et al. [80] presented a sufficient condition for the strictly stationarity and ergodicity of the
process but a solution was not shown. We answered it in Theorem 3.11. New results for this model,
for p =1, are presented as the existence of all moments (Theorem 3.4) and expressions for moments
and cumulants (Theorem 4.2 and Corollary 4.2). For the NB-INGARCH model, Zhu [81] proposed a
necessary and sufficient condition for the weak stationarity analogous to the necessary condition for
the weak stationarity of our model presented in Appendix B. Nevertheless, we stress that the study
developed to discuss the weak stationarity of our general model follows a new vectorial approach.

Other probabilistic studies may be considered in future as, for instance, those related to the Taylor
property ([32]), the behavior of the tails or the analysis of the strict stationarity of this model when ¢y
is a random function which is still an open question that deserves further development. The estimation
of the distribution of a ZICP-INGARCH process is also a subject of future interest. To evaluate
it by bounding as for real heteroscedastic processes, ([61]), could be a first approach. In Section
4.2, we presented a preliminary study on the estimation of the model parameters. In the simulation
study presented, the empirical results lead us to think that the proposed estimators of o and b are
asymptotically uncorrelated, an assertion which requires theoretical developments as well as the
properties of the estimator b. It seems also interesting to develop alternative parameters estimate
methods, for example, using a Poisson quasi-maximum likelihood estimator ([3]).

This work can be viewed as a starting point for new extensions of the INGARCH model. One
of them will be to consider instead of a conditional compound Poisson distribution other particular
compound distributions such as the compound negative binomial or the compound binomial. Using
the same methodology and slightly heavier calculations, the study presented can also be made when a
discrete set of points present probability inflation. Different specifications for the conditional mean
can also be considered. More specifically we can assume, for example, a two-regime structure of the
conditional mean process according to the magnitude of the lagged observations (similar to Wang
et al. [75] who proposed the self-excited threshold integer-valued Poisson autoregressive model); the
coefficients a’s and f’s of the evolution of the conditional mean being periodic in 7, with a certain
period S (similar to Bentarzi and Bentarzi [9] who investigated the periodic INGARCH model); or
the conditional mean of the form A, = f(A,_1,X;_1), with the function f defined on [0,o0[xNj (as in
[52]).
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Appendix A

A.1 Matrices B, of the autoregressive equation (3.5)

Let us consider v = 1 4 v;. The general form of these matrices is, for k=1,...,p,
(k) plk)
Bo=| ol gl
By By,
where ng} is the squared matrix of order p,
I V(X12+2(X1ﬁ1 —I—ﬁlz 2v062(061 -‘rﬁl) 2V(Xp_1(061 —‘rﬁ1) 2V(Xp(061 —l—ﬁl)
oy + % [0%) Qp—1 op
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111

o O O O




112

2hs(n+p2) - 2vBp-i(o+P2) 2vBp(aa+P2) O
0 e 0 0 0
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A.2 Matrices A; of the autoregressive equation (5.10)
Let us consider v=1+v; and ® = 1 — @. The general form of these matrices is, fork=1,..., p,
(k) 4 ()
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Appendix B

Another necessary condition for weak
stationarity of CP-INGARCH processes

B.1 Some matrix results

‘We now turn our attention to the class of strictly diagonally dominant by rows matrices that will help
us to obtain a second-order stationarity necessary condition of a CP-INGARCH(p, g) process. For
more details concerning the results presented in this section see, e.g., [41] and [64].

Definition B.1 (Strictly diagonally dominant by rows matrix) The real n x n matrix A = (a;;) is
said to be strictly diagonally dominant by rows when

|la;i| > Z ’a,-j , holds for every row index i =1,...,n.

J=Li

n
The relevance of diagonal dominance in our study is related to the problem of verifying the

nonsingularity of a such matrix which is a consequence of the Levy-Desplanques Theorem.

Theorem B.1 (Levy-Desplanques) A strictly diagonally dominant by rows matrix A is nonsingular.

Proof: Suppose det(A) = 0. Then the system Ax = 0 has a nontrivial solution, say x = (xj,...,x,).
Let r be the integer for which |x,| > |x;|, i = 1,...,n. Then

n n n
|ar|Jx,] = | = Z arjxj| < Z |arj|[x;] < |x| Z ‘aij ]
j=1j#r j=Lj#r J=Lj#i

which contradicts the hypothesis of strictly diagonally dominance by rows. B

Another fundamental question to establish the required necessary condition is to prove the
positivity of a certain constant. To that end we need the following notion of M-matrix.

Definition B.2 (M-matrix) A nonsingular real n x n matrix A = (a;;) is said to be an M-matrix if

a;j <0 fori# jand if all the entries of its inverse are nonnegative.
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M-matrices are related to strictly diagonally dominant matrices by the following result.

Theorem B.2 A n x nmatrix A = (a;;) that is strictly diagonally dominant by rows and whose entries
satisfy the relations a;; <0 for i # j and a;; > 0, is an M-matrix.

Proof: We only need to prove that all the entries of A~! are nonnegative.

Let B = (b;j) be defined by B =1, — D~'A where D = diag(a, ...,an,) and I, is the identity
matrix of order n. Note that b; = 0 for each i = 1,...,n, and b;; = —a;;/a; > 0 for i # j. Also, the
fact that A is strictly diagonally dominant by rows implies that

n n

’Cli,” > Z ‘a,-j‘ S 1> Z |b,’j’, i=1,..,n.
J=1j# J=1

It follows immediately from the Gershgorin Theorem ([64, p. 184]) that all the eigenvalues of B are

less than 1. So, it implies that I, — B is nonsingular and (7, — B) ! = ¥i_, B*. Since all the entries of

B are nonnegative it is clear that the same holds for (I, — B)_l. As the elements of 7, — B of the main

diagonal are nonpositive then I, — B = D~'A is an M-matrix. Consequently, A is also an M-matrix. H

B.2 The necessary condition

The necessary condition presented in this section has resulted from an initial study on the weak
stationarity of the CP-INGARCH processes. In fact, this condition intended to generalize an existing
result in the literature established by Zhu [81] for a NB-INARCH(p) model. We note that this result is
not only an extension for the class of conditional distributions, but it is also a generalization in terms
of orders since Zhu stated the condition only for ¢ =1, B; = 0 and any p € N.

Let us now develop a necessary condition of weak stationarity for a general CP-INGARCH(p, q)
model, using arguments similar to that of Zhu [81]. In that sense, we consider B = (b;;) the squared
matrix of order p + g — 2 whose terms are, for i = 1,...,p — 1, given by

Y a+Bij, 1<j<i-1
lk—il=j
aZi_17 ]:l
bij=3 Y a, i+1<j<p-1
lk—il=j
Bi+js p<j<ptqg—i—1
0, otherwise,

and fori = p,...,p+q— 2, given by
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Ojtipti, 1<j<p-1

Y Bitai, p<j<i-—1
lk—il=j

bij=9 Bri—psn—1,  j=i

Y B i+1<j<p+q-2
=

0, otherwise,

where o; = 0 for i > p and B; = 0 for j > g. If B has an inverse, B~!, we denote its elements by d; -
Consider also the vector b = (bjo) with components

Bi

a.
l+1+v17

i=1,...,p—1,
bip =
Oi—p+1+ Bizp+i .
— " i=p,.,p+tq-—2.
1+, l=p pTq
Theorem B.3 Let X be a process following a CP-INGARCH(p, q) model satisfying H2 and such that
oo (1 +vy) > vo. If the process is weakly stationary then Cy + ...+ C, < 1, with r = max (p,q) and
where forv=1,....,r — 1, the coefficients are given by

20,8, + 2 p+qg—2
Cv - (1 +V1> a‘,z + 7[3‘} BV -2 Z (ai +Bz) Z (ajdvu +ﬁjdv+r71,u)bu0 )
1 +V1 (i, )e{1 Py {1, g} u=1

Jj—i=v

Cr = (1+v)0? +20,.8 + B2

Proof: Let us start by recalling the existence of the CP-INARCH(o0) representation which results
from the assumption of first-order stationarity. From this representation and using the hypothesis that
X is a second-order stationary process we conclude the second-order stationarity of A.

In what follows we use the notation ¥, = E(X,X,_x) and %, = E(4A_), with k € Z, and once
again we restrict ourselves to the case p = ¢ since the other cases can be obtained from this one
setting additional parameters to 0. Let us take into account the expressions obtained for ¥, % and ¥
in Proposition 3.1. From (3.8) we have

P 20;B;+ B7 Rl
% = C+(1+w) Z(a}Jr;i])yoJrZZ Y oo+ B)n-;
j=1 Vi j=1k=j+1

p—1 p
+2) ) ﬁk(aj+ﬁj)7~’1<j]

J=lk=j+1
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= C+(1—|-V1)

p B 2 p—1
) <a12+2(xjﬁj_|_ﬁj> w+2Y Y (a+B) (an+B%)| (B.D)

i=1 I+w V=1 k—j=v

with C = vou [1 — Z;’:l (2¢;B; +[3]2)} + (1+v1) [200p — of | > 0 and independent of .

From (3.9) it follows that, fork=1,...,p — 1,

vo Pk B LA ~ <
Ye={op— pt o+ ——— )0+ Y B+ Y, (+B)%—j+ Y, o«
f=

14+v; I+ ekt j=k+1

S %= Y Oi—— Y CGY—— Y, &GYpi— Y, Bivi—— Y Bi%
1

A= Jhr e k=1 [ ke
~ ~ voPr B
- Binn—...— B'?’k—(ao— >H+<Oﬂk+)3’07
jg;l / H;H P 1+ 14w

or equivalently,

p—1 p—k V B l}
~ 0Pk %
bruYu + b _ = — — + | o+ B.2
u; kYo P koutp—1Yu [(060 1+v]>li ( 3 1+vl>?’o} (B.2)
with
Y aj+Biw 1<u<k—1
|j—k|=u
bku: OCQk—l, u==k
Z o, k+1<u<p-—1,
|j—k|=u

and by y1p—1 = Butk, foru=1,..., p—k, where we consider o; = 8, =0, j > p.

Similarly we get from (3.10), fork=1,...,p—1,

_ vo(og + oy + P k] - L
%= (Oﬂo— ol ﬁk))wr ¢ Bk?’oJr Y, o+ Y (0 +B)%—i+ Y, Bi¥i—«
=1 j 1

14+v; 14+v; st = f
& (1=-B%— Y, Br——— Y BYa— Y ahi—.— Y %
li—kl=1 li—kl=p—1 k=j=1 k—j=k-1
vo(ak+ﬁk)> o + P
- ot — ... — a'Y—k:<Of0— M+ ="M,
j—kzél ’ j—kg;?—k " I+v 1+
or equivalently,
p—k p—1
~ vo (0 + Br) o + Br
s E =~ (0 2B B ]
u;l k+p—1uYu ug’l k+p—1,ut+p—1Yu 1+, u 1+, Y
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with
Y Bty 1<u<k—1
|j—k|=u
bivp—1usp-1=19 Pu—1, u==k
Z Bj? k+1§u§p_17
|j—k|=u

and by 14 = Oqi, foru=1,...,p—k.

Let B = (b; j)i25;2 and B~! = (d j)??;lz its inverse, whose existence is assured by the second-order

stationarity. Indeed, as X is second-order stationary it is also first-order stationary and then, from
Theorem 3.1, we have

(NS

(g+B) <1 & opi+fu+ Y, (g+p) <l

=1 |i—i|#i

| — 1] > Bai+ Z (ag+B)— (i +Bi), ifi=1,...,p—1
=i

|Bai — 1] > o + Z (+B)— (i +Bi), ifi=p,...2p—2
1=l #i

which proves that B is a strictly diagonally dominant by rows matrix and therefore invertible. Thus,
from expressions (B.2) and (B.3) and using the invertibility of B we obtain

N Ol oy —bio
~ - op_1—b,_
Y= Yp~1 =-B"! o +vop | 7 R +mb |,
h (04} _bp,O
L Y1 L Ol | L —b2p20
where b is the vector previously introduced. So, for [/ =1,...,2p — 2,
2p—2 p—1 2p—2 2p—2
Y=—0pU Z dlu +voll Z (buO - au)dlu + Z buOdlu] - dlubMOYO-
u=1 u=1 u=p u=1
Taking the last part of (B.1) and using the previous expression, we get
2p—2

-1 —1
)Y Y (@B (ont BT = €-2Y Y (ot B

v=1 j—i=v v=1 j—i=v

2p—2
+Bj Z dv+p—l,ubu0] Y,

u=1

o ; dvubuO
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where the constant C given by

~ 2p=2 2p—2
C = —2au Z Z al+ﬁl o Z dvu""B] Z dv+p lu]
V—lj =V
v=1 j—i=v

- 2p—2
+ﬁj Z Budv+p—l,u +ﬁj Z (au—p-i-l +l3u—p+1)dv+p—l,u]
u=1

u=p

is positive and independent of r. We notice that the positivity of C follows from the assumption that

oo(1+vy) > v, and once again, from the strictly diagonally dominance by rows of B. In fact, since B

is strictly diagonally dominant by rows the same happens to —B. As —b;, <0, foru # [, and —b;; > 0

we conclude that —B is an M-matrix so, all the entries of (—B)~! are nonnegative and thus d; ;i <0.
Then replacing this expression in (B.1), we finally get

p 20,B; + B?
2 ) i
Z<a,» R >}’o

i=1

1w = Co+(14v)

p—1 2p—2 2p—2
—2 Z Z (ai +Bi) (aj Z dvubuo + B; Z dv+p17ubu0> }’0]
u=1

v=I1 j—i=v u=1

20,,B + By 200, + B
2 prP _ Tp 4 PPy
(w22 ) { (w25 )

2p—2
-2 Z (ai_'_ﬁi) Z (ajdvu+ﬁjdv+p—1,u)bu0}YO]7

Jj—i=v u=1

C0+(1+V1)

or equivalently

p p
Nn=Co+) Cn < (1— ZC\/) % = Co, (B.4)
v=1 v=1
where Co =C+ (1 +v 1)6 > 0 and C, are the coefficients defined in the statement of the theorem.
Hence, the equality (B.4) implies 1 -Y"_, C, > 0. B

Let us point out that when X follows a CP-INARCH(p) model, we easily obtain, in the proof of
Theorem B.3, the constant C= —20pU Zf:_ll ) j—imy 060 25;11 d,,. Therefore, in this case, we do not
need to ensure that o (1 +v;) > vy to assure the positivity of this constant since the fact that d; ;<0
is sufficient. Accordingly, the previous theorem assumes the following form:

Corollary B.1 Let X be a first-order stationary process following a CP-INARCH(p) model that
satisfies H2. If the process is weakly stationary, then Ci +...+C,, < 1, where foru,l =1,...,p—1,

p—1
CM:(1+V]) ab%_z Z aiajdvubuo ) Cp:(1+V1)(Xp
=i

bo=0y, by= Y, o;—1 andfor u#1l, by,= Y o,
li—t|=1 li—l|=u
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with B = (b;;) and B~' = (d;;) squared matrices of order p — 1.

Remark B.1 We note that since all the entries of the matrix B~! are nonpositive, from the previous
proof, then the coefficients C, > 0 for all v=1,...,r, and the necessary condition is equivalent to say
that the roots of the equation 1 —Cyz — ... — C,z" = 0 are outside the unit circle.

The following examples illustrate the necessary condition stated in Theorem B.3.

Example B.1 Let us consider a CP-INGARCH (2,2) model satisfying the hypothesis H2 and such
that o + 0 + B1 + B2 < 1. In order to obtain the necessary condition of Theorem B.3, let us consider
0o(1+v1) > vo and the coefficients

C = (a+B)>+viaf —2(1+v)

2
(al + ﬁl) Z (azdlu + ﬁZdZM)buO]
u=1

0b1o+ Pab
= (0‘1+ﬁ1)2+vla12+2(1+v1)(a1+31)M

1—0(2—[32
l+a+p ou(1+a—PB)+20p
2
= o —_—— o
(o + ) L_O‘Z_BJ*-W 1[ s ,
G = (+p)*+vio3,

since the matrices B and B~' and the vector b are respectively given by

Bo—1 —B B
B= -1 BZ B 1= 1—362—52 1—0623132 b= o)+ 1+1m
- o ﬁ -1 ) - —0p op—1 ) - a1+ﬁ| .
2 2 I——f  1-—p I+v;

Hence, the necessary condition of weak stationarity is

Ci+C <1l & (a+p)*(1+a+pB)+(c+pB)[1+a+h —(a+B)?]
+v (0612[1 —I-Otz—ﬁz] —i—Osz[l — (Xz—ﬁz] +20£10€2Bl) < 1. (B.5)

Taking o = B, = 0, the condition (B.5) reduces to (0 + 0)? + v1a12 < 1. So, this necessary
condition of weak stationarity of the CP-INGARCH(1, 1) model equals the condition stated in Example
3.1. The same happens in the CP-INGARCH(2,2) where oy = 31 = 0. In fact, from (B.5) we get

(+B)[1+am+B—(+B) | +vig(l-—F) <1 & (+B) +vieg < 1.

Example B.2 Let us now consider a CP-INARCH(3) model satisfying the hypothesis H2 and such
that o + 0 + 03 < 1. To obtain the necessary condition we analyze the coefficients

G = (I+w)|af— Y oodibio— Y, aiajd21b10]
L li—jl=1 |i—jl=2

= (1+v)[of —2(a100di1 + 0 0dy; + 0 03da1)bio]

alza2+a1a2a3+a12a32+a]3a3]

l—op—oo3— o2

= (14w)|af+2
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G = (1+w) 0622— Z o0 id b0 — Z Otiajdzzbz()]
=711 =2
= (14v)[0F —2(0 00d12 + 0 03d12 + 0 adaa ) bao]
[ 3ol + oy 0n0;
l—az—a1a3—a32] ’

= (l—l—v1) OC22+2
C; = (1+V1)OC32,

as the matrices B and B~" and the vector b are respectively given by

—1 —03
B— o —1 o3 Bl — l—m—ao—0f  l—op—ajo3—05 b= o
St —1 | - (1 +5) a1 b= 1
1 3 l-m—aos—0  1—-th—ai03—03 2

Finally, the necessary condition of weak stationarity is

Cl+C+G <l & (1+v)[(af+0g+a3)(1— o — o5 — a3) +2070n + 2010005

+20005 +205 05+ 20503 + 200 0003] < 1 — o — a0z — 03,

We finish this Appendix saying that we are strongly convinced that the necessary condition of
weakly stationarity stated in Theorem B.3 is also a sufficient one and consequently it is equivalent to
the condition of Theorem 3.2, as we observe in the cases developed in example B.1.



Appendix C

Auxiliary Results

C.1 Lemma 3.1

In Lemma 3.1 we state that for k € Ny and m € N, the m-th derivative of the function q)tk = H§:1 ¢ is
given by

(m) m_]l k!
k — k—m+n
<(pt ) (u) n_max{ZO.mk} (k m+ n) @ ( ) 8

Y (ki enka) [0/@)] @ @), ueR,

ky+...+km=m—n
ky+2ky +...+mkm=m
kreNg

where
m!

ki, ky) = :
(m:ky m) (ID)kk 12Nk, ! ... (m!)knk,,!

Let us prove this result by induction with respect to m. Without loss of generality, let us consider
m> j. For m= 1 the result is valid since (@F)" () = k@f " ()@} (u), u € R. Now, let us assume that
the formula is also valid for an arbitrarily fixed value of m and let us prove that it holds for m + 1.

We have

(m+1) d m—1 k! (pk m+n( ) k

k _ 4 d : / 1 (m) ¢\

((pt ) (u) a du ni;ﬁ,{ (k m+n) k1+_“4%:mfn (m,kl ’ ’km) [(pz (u)] [(pl (u)]
ky+...+mkp=m

m—1 i —m-+n "
Y RUSmED gemity Y k) [0 o @] 0™ o)

n=m—k+1 (k —m+ n) ! ky+...tkm=m—n
ki +...+mkm=m
-1 k m+n
k! ¢ (M) ki—1 ko+1
Ly Y Ki(mske, k) [0/)] " [0 )] 0™ ()
n=m—k k m—i—n) ky+...+km=m—n

ki +...+mkm=m

+ Y kalmkieka) [0/@)] [0 @))% [0 )] 0™ )] T ()]

ky+...+km=m—n
ky+...-mkm=m

123
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Fot X almki k) [0/ @] o W 0" (W)

ky+...+km=m—n
ky+...-mkm=m

m—1

k! (ptkfernfl (M)

| L (k) [/ )] [ ()] .. [ ™ ()

ky+...+km=m—n
ky+...+mkm=m

n=m—k+1 (

+ Y kmkeka) [0/ @) [0 )] [0 )] [ (w)]

ky+...+km=m—n+1
ky+...-mkp=m

+ Y klmkieka) [0@)] [0 )] [0 )] 0™ )] L o™ ()]

ky+...+km=m—n+1
ki 4. AHlkm=m

Fot Y kalmki k) [0/)] T )] ™ ()

ky+...+km=m—n+1
ky+...+mkm=m

k@ W™ (),

where this last term results from taking » = m — 1 in the summation Z;":_,;_ &> since in this case we have

ki +...+k, =1and k; + 2k, + ... + mk,, = m which just occurs if k; = ... = k,,_; =0 and k,, = 1.

Therefore,

(m+1) mol gy k=l m), e
(‘sz) (u) = (k(—ptm—l—n—(l))’ (myer —1,¢2,...,¢m) [q)t/(u)] ...[q),( )(u)] m

¢ t+..tem=m+l-n
¢+ Amem=m+1

n=m—k+1

+ Y (a1 (mer+ e Les,een) [@0@)] @™ ()

cpt..Fem=m+l-n
¢yt tmem=m+1

+ Y (et ]) mencrt Lies— Leg,oonen) [0/@)] o [0 (w)]

¢ t+..tem=m+l-n
¢l +.tmem=m+1

Tt Y (et ) mencnonen + D [@/)] "o W) o™ W)

cptotey gy =mt+l-n
et (mtl)ey, g =m+l

+ ko W)™ (u)

m—1 k! k—m+n—1 u . m .
= ) (k(—ptm—i—n—(l))‘ Y (mtlier,enom0) [@/)] . [0 (W)
=m—k+1 :

n c1+..tem=m+l—n
c|+...tmepm=m+1

+ Z (m+LictyeneyCmy 1) [(pt’(u)}cl ---[(P;(m)(u)]CWp,(mH)(u)

c1+..tem=m+l-n
¢yt tmem=m+1
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+ k@ () (m+150,...,0,1)9" ) (w)
L Y ) T -
= P E—— (m+1ic1,esCmin) (@ (u) ()]
n:mzk—H (k_m—l_n_l)' cl+.“+c”§:m+l—n " [ ! ]
eyt (mt1)ey g =m+1
where we used the following equalities:
c
(m;cl—l,cz,...,cm):m_'l_l(m—}—l;cl,cz,...,cm,O), (C.1)
(cj+1) (mscr,...ocjmr,cj+ e —1,.0,cm)
e
= W(m—i—l;cl,...,cm,O), forj=1,...m— (C2)
(em+1) (mscryeesemt,em+1) = (m+1;¢1,ccscm—1,¢m, 1), (C.3)
and
m—1
(mye1 —1,¢0, .0 0m) + Z (cj+1) (mscry..scjmi,cj+ 1cjpr — 1,
j=1
2
= (m+1L;cy,...,cm,0) L 2Cat. . ¥ Micm = (m+ Licy,...,cm,0). (C4)

m+1

C.2 Proof of formula (4.3)

Let us suppose ¢; derivable as many times as necessary and that X admits moments of all orders.

Let us prove by induction that we have (4.3):

)

(n) o (pt < o
Ky (2 —I— Qap— K
A Z W (o)

®/(0)

+[alfp’/<z)r"9(<f)l< X [q),(z)—l}), n>2,

®/(0)

where the coefficients a,,_ ; are given by

. a ]’ " b o™
n— IJ(Z) |:(pt( ):| k1+§€n:j ( ’k17"'7kn) [(Pt<z)] [(Pt

ky+2ky+...4+nkp=n
kreNg

Taking derivatives on both sides of the expression (4.2), one obtains

< (2) = i%(p,’/(z)Jra](f),’/(z) 'K)/m( fxl() [(pt(z)—l]>

#/(0) #/(0) #/(0)

o)~ 1])
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<[] (i o0-1)

s0, (4.3) is valid for n = 2 since a;1(z) = (‘pjpg ()') Now, we assume that formula (4.3) is true for an

arbitrarily fixed integer n, n > 2. Considering that a,_ ¢(z) = 0, it then follows that

50 = i(l%w(ft X A LR
a@@)]" m (o B
+[ 2/0) } g (<p;<o> () ”))
("'H) /
iy, (2) a1<Pt(Z) G [ o
-+ L@ g (i e 1)

5y ("Ei»)’ Y klmk,k) (9] (0@ o @)

ky+...+kn=j
ky+...4+nkp=n

+ Y kamki k) [0/] [0/(2)°7 [0 @)°T o @ +

ky+...tkn=j
ky+...4+nkp=n
k n —1 (n+1 i (04]
+ Y k(mkiek) [0/@]9 - [0 (@1 T () -x)&il(, [q»(z)—l])
ki +...+kn=Jj O (0)
k| +...+nkp=n

() ) ol s, (St -1))

[T )

(n+1) n—1 J
TO7Y0) (2) ( o ) c1 e 1)/ \je
_7+2 — E n+1;cq,...,¢y,0 )| ... z)|™"
(pt (0) j:1 (Pt/(o) i n _|_ l ( 1 ) [(pt( )] [(pt ( )]

¢y +...+nep=n+1

2c . . .
+ Z n+21 (n+Licty...yn,0) [(P,/(z)] 1“'[%( )(Z)} "
1t ten=j

¢y +...tnep=n+1

nc C
+ Y (it lien e 0) [9/@)] 7 [0 ()
cy+.ten=j n+1
cyt...tnep=n+1

O ttacsaD[E" 0@ |k, <<p?&)) [‘Pz(Z)—1]>

¢ +...+ncp=n

o N\ A L R _
() 15— 11000 [)" 0/, (ot 11)

/ n+1
+[alfpz(z)] .ngl)( il [cp,(z)1]>, (C.5)
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since we have
P =< i )j Yk ek) [0/0] 0" @)
T 9/(0) o0)) .7 T ' '
ky+...4+nkp=n
=< o )j Y (mer—Lerne) [9/)] [0 @)
0 ‘ ,(m ,C2yeeeyCpy
#O - il
o / 1 / c (n) ¢
= (P/(O) Z n+1(n+1;cl7"'7cn70) [(pt(z>:| [(pt (Z)] n? from (C1)7
t cyt+..tep=j

¢y +...tnep=n+1

/() o \" n—=1 1\ _ n(n—1) nl 10/ (1o
o B () et ot 0 = [ ] )

= (n+1L;n—1,1,0,...,0),

Y ki(mkienka) [0/ [0 @) 0 (@)

Ky +eethn=j
ki +...+nkp=n

= Y (@+Dmatlea-le..a)[fE@]" @67 0" @

262 c ¢ ; .
= Z n+1(n+1;cl;...’cn,0) [(P;(Z)] ! [(P,”(Z)] 2[(pt( )(Z)] n, from (CZ),
c1+,,.+cn:j
61+...+ncn:n+l

and

Z kn(nsky,....kn) [(p,’(z)]k' m[(pt(n)(z)]kn—l(pt(nJrl)(Z)

Ky +othn=j
ky+...4+nkp=n

= Y (et Dmenemenna+ ) (0@ 0" @)1 e (2)
et tentl=j
c1+...4nep+(nt1)=n+1

- Y (+licneonl) [0/()]" ... (0" @1 0" (), from (C.3).
c1+ C 1 -%—tu.,j—%f Elnt—]ljilﬁ— 1

Thus, from (C.4), we can finally conclude that equality (C.5) is equivalent to

(n+1)

(1), _ 1009 (2) 9/ (z) n+1. n+1) [ O _
= ] (G ee-)




128 Auxiliary Results

n J
+Z( r ) Y (it Lerecn) [0/@)] [0 ()]

Ccptetepp1=i
et (nt e, =n+1

() ai
KX{,I <(pt/(0) [(PI(Z> - 1]) . ;

C.3 Proof of Theorem 4.2

Let us recall that we have to show that if X is a first-order stationary process following a CP-
INARCH(1) model such that H4 is satisfied, then

(a) For any k£ > 0, we have

pk) = pHvoot +ao(l+a)).

(b) For any [ > k > 0, we have

u(k,l) = [do(1—af) —vg(1+0n —207)] froq ™
V +v _
+sza{+vof1fzaf “+ fip(k).

(¢) Forany m > 1 > k > 0, we have

,u(k, l,m) = Oéin_l [{(CO —4vody + 3V(3)) + 3vg (V% — d())Otl + (3v0d0 — C())Otlz
+(7V0d0 — 6\/8 — C())OCI3 + 3V0 (do — 21/(2))(%;1 + (6\)(3) — 6V0d() + co)af} f406121+k

2vo+ Qg
10_ o [do(1— o) =v5(1+on —207)] &

Vo
(1—a)(1-a3)
0o f3
1—o
— fap (k) [0t + (vo + o) ou]] + fiua(k, ).

_|_

_|_

f [ZVOaO +d()(1 — 061) +V(2)(2(X1 — 1)} ozlzl‘k

Vo + 0

+ {do(1 — o) =¥ (1 + o0 —20) } o™+ S
— U1

(k. 1)

Proof: Let us recall the notations presented in formula (4.6) and (4.7) and take into account the

following conditional moments:

E(XZ‘XI—]) = lf:(x{)"i_alxl—];

E(thpﬁfl) = Vozri-l,zZVo(ao-l-Othzle-((Xo+061Xt—1)2
= X2+ o (200 + o) X1 + 0o (0t +vp), (C.6)



C.3 Proof of Theorem 4.2 129

EXX,y) = i®gy (0)=doA+3vol’+2 (1)
= do(og+ouX,_1)+3vo(og +2000uX, | +aiX? )+ o
+303ouX, | + 30X | + o X}
= 05X} +3af(vo+ o) X2 + a1 (30 +6vo00 +do) X1

+ap(do+ 3voa + o). (C.7)

(a) Using the fact that V(X;) = f> and that the autocovariance function, according to Corollary 3.2,
equals ['(k) = af f» we get

k) = E(XXix) = Cov(X:, X; 1) +E(Xt)2 = VOO‘{CfZ + ,LL2
= flvoaf +ao(l+oy)). (C.8)

(b) To derive an explicit expression for u(k,1), 0 < k <[, we distinguish the following three cases:

Case 1: [ > k. We have

pk,l) = EXXiw,Xit1) = EXXeikE (X1 X))
= oE(X;X;11) + U E (X X4 Xr41-1)
= opu(k)+onp(k,l—1)
= aop(k)+oufaop (k) + o p(k,l —2)]
(

= aou(k)(1+o0u) +ofp(k,l ~2)
I—k—1
= .. =auk) Y of +a] Fukk)
Jj=0
1— ol *

o I—k
o + oy " u(k, k)

= o Mulk,k) — fip(k)] + fiu (k).

Case 2: [ = k > 0. We have

= opu(k)

uk,k) = EXEX X 151)]
= OTEX: X2 1)+ a1 (200+v0)E(X X x-1) + o0t +v0)E(X;)
= ofulk—1k—1)+ 0 (200+vo)u(k— 1)+ ag(cto +vo) fi
= ofu(k—1,k—1)+vo(200+vo) 201 + fia1 (20 +v0) fi + oo (0o + vo)]
= ofulk—1,k—1)+vo(200+vo) fraf
+filan (2o +vo) fi + f1(1 —on)(ao +vo)]
= ofp(k—1,k—1)+vo(200 +vo) fr04 + fi(0)(1 - af)

I'We note that

Py x, , (1) = {" <p,’(;’t/((uo))24 -3 (Q;):to) ) 2 o () @/ (u) —i ((péf,?());l’ ) 3] exp {i% (s (u) — 1] } , ueR
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= ... =0ofu(0,0)+vo(2a0 +vo) fZZal T+ Aip(0)(1—o?) Za
]_

= au0.0) +vo2a oot 1B 4 (o)
= af u(O,O)—sz—flu(O) 4 RO ok o),

Case 3: [ = k= 0. According to the relations between the moments and the cumulants (e.g.,
formula (15.10.4) in [15, p. 186]) and Theorem 4.1, we have

wn(0,0) = EX’)=1w3+31u+u’ = fildo(1—a?)+3via?] +3vofofi + fi

3apv I+o
= [do(1—af) +3v50]f3 + 0fz+ ; l_aifz
2 % vo+ap(l+o
= [do(1-af) +3Bad]fs + ““f+““(° wilra))y,
04} 1— oy
%
— (1 - o)+ 330 1fs + 10 £+ fi(0),
since fj = (1 — Otlz)fz.
So the above formula for u(k, k) simplifies to
v vo(200 +v
ulkk) = aif [[do<1—a%>+3v%aﬂfs—l_oalfz% 0(10—@061 ) ot 4 fiu(0)

V2
— a1 - af) + 331 1 - o)

200 +
+V0(1Oi() Vo)

= o' fs[do(1—af) —vi(1+ oy —2a7)] +-

f OCl +f1“( )

(2ao+ 1)

1_ frof + fiu(0),

which also holds for k = 0. Replacing this expression in u(k,/) above, it follows that
plel) = oq [nkk) = fip(k)]+ fip(k)
= af *|[do(1—af) —vG(1+ a1 —20)] st +
+fiu(0) — fip (k)] + fiu (k).

V()(ZOC() + V())
1—o

fof
As

Ap0) = fiuk) = fiflvo+ao(l+on))— filvoas + a1+ a)fz
Vo O k

= wfifa— l—alfzal’
we finally obtain, for any 0 < k <1,
_ o(0o+ v
wk,l) = o |[do(1—af) —vg(1+ o —20)] fs05 + (10)f20¢1+vof1f2 + fiu(k)
+
= [do(1—af) —vg(1+ 0 —207)] fro T + Mfaﬁrwﬁfz% + fin(k).

1
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(c) In what concerns the fourth-order moments pt(k,,m) with 0 < k <[ < m, we proceed in a similar
way as above and distinguish the following four cases:

Case 1: m > [. As above we have

puk,l,m) = EXXi 1 XiviXevm) = EX X i1 Xi 11 E(Xeym| X om—1)]
= WEXX11X+1) + U E XXX o1 X 1m—1)
= oou(k,l)+ap(k,l,m—1)
— = D) — (D] + g (D).

Case 2: m = [ > k. For this case, using formula (C.6), we obtain

uk,,l) = EXXkE X2 X4 0)]
= ofulk,l—1,0—1)+a(vo+200) p(k,l — 1) + ato(vo + o) (k)
= ofu(k,l—1,1—1) 4 ao(vo + ao) (k)
+an (vo +200) {[do (1 — &) — (1 + 01 —2a7)| o} !+

vo(Qo +vp)

+ -«

hoi +vofifron' k+f1ﬂ(k)},
by replacing g1 (k,/ — 1). So,
u(k,1,0) = ogu(k,l—1,1—1)+ fiu(k) o (vo+200) + (1 — 04) (vo + )]
o (vo+200) { [do (1 — @) ~ 3 (1 + &1 — 207)] frof
Vo(%+vo)fz+vof1fzal }

1—k—1
= =" P ulk k) + ApE) o+ (1 +an) Y o
j=0

+(vo+200) { [dol(1 — &) =B (1 + o —2])] frcrt

+ (1060+ Vo)

[—k—1

f2+vofifaoq } Z o

= af(lf ).u(k’k7k)+N(k)(V0+a0(1+OC1))f2(1 _alz(sz))

+2
+ 220 (1 - )~ 31+ o — 20) ot
+sz+vof1f20‘1 }(oc — o).

Since p(0) = (vo+ ao(1 + o)) f> and replacing p(k), we get

pe) = oMk k) + (k) (0) — fr(voof + ao(1+ ) u(0)es ™

2

M {1 - o) =31+ 01 —207) frcd

vO(OC()—l-Vo)
1—

_|_

+ Hod +vofifron k}
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vo + 200
_ ‘i_al [do(1 — &) —v§(1+ a1 —207)] fraif’
(vo+2a0)vo(vo+ &) . 2 vo(vo+2a0) 2(1-k)
(1_a1>2 fZal 1— oy fleal

= 0"k k,k) + (k) (0)

(vo+200)(vo + Qo) o2k
(1 —061)2 1

M)

—favo [fz(vo +oo(1+0n)) +

vo(vo+2ap)

2(I—k)
o
1_ o f2 1 +

—h [le(OH‘

vo + 200
1—0oy

[do(1— o) —v§(1+ 0 —207)] f3exf.

So, replacing p(0), recalling 1(0,0) and taking into account that i — (1+ ) f2, we get

1—oy

(I=k)

ulk,1,1y = ok, k k) + (k) falvo + o (1 + o)

Jf2vo

- (1—ap)(1— 062) [v(%(l +ap) +voap(4+3a) +3(X§(1 —I—Otl)} alll—k
1

2
_fl{“(Ovm—[do(l—alz)+3v(2)a12]f3+ Yo/2 }af("k)

1—oy
+V(itf:0y(k,l)—(vo+2ao)(l + o) fop(k)
_V(l’tiz‘o [do(1— o) —vi(1+ oy —20])] fra!
= " P,k k) — wk) frloo + (vo+ o) ot
_(l—aﬁ(vf—af) [Vo(1+an) +voan(4+3an) + 306 (1 +0)] o™
—fi {H(Ovo) —[do(1 — o) + 351 f3 + 1V%f§cl } @'
)~ SR (1 — o) 31+ o —20])] . (€9)

Case 3: m =/ =k > 0. From formula (C.7) we have
ulkkk) = EDXGEX 41X )]
= opuk—1,k—1,k—1)+30f(vo+ao)u(k—1,k—1)
+ou (do +6vo0to + 30 ) (k — 1) + ato(do + 3vo o + 0 ) .-
Replacing p(k— 1,k — 1) and thereafter u(k — 1), we deduce
ulkk,k) = odulk—1,k—1,k—1)
+3ai (vo + o) {[do(l —of) —vi(14+ay —208)| 302

+Mfzaffl +vofifa+ fin(k— 1)}

1— oy
+-au (do + 6vo 0t + 303 ) (k — 1) + ato(do + 3vo 0o + 03 )
= olulk—1,k—1,k—1)
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(vo + 0)?

vV
+3(vo + o) [do(1 — &) = v3(1 4+ o —203)] fr0* + 30ty - fHrak

30 (vo+a0) {vofifa+ fifa(vood ™ + ao(1+a)) }

+(do + 6vo +303) f> [Voaf+060061(1 +061)] + g (do + 3voon + o ) fi
= oulk—1,k—1,k—1)
+3(vo+ o) [do(1 — af) —v§(1 + a1 —203)] frait
vof2
1—oy
+f1f2 {305 (vo+ ) (vo + (1 + 1)) + (do + 6vo 0o + 3¢5 ) o (1 — o) (1 + )
+(do +3vo+ 0 (1 — o) (1 — o)}

+ [3a (vo+ ) + 304 (vo + o) o + (do + 6vo 0 + 305 ) (1 — o) oxf

Making some calculations and then recalling the expression of (t(0,0), we obtain

ﬂ(k,k,k) = (X]:"[.l(k— 17k_ lak_ 1)
+3(vo+ ) [do(1 - &f) = v (1 + o1 —207)] fo*

P

+1—OC1

[30(3(1 —i—Oll) —I—3V()Oto(2+061) +d0(1 — 061) —|—3v(2)061] OC{C

2 2 2 30 3 3 3
+f1f2{do(1 — o) +3vgoq + (1-of)+———"(1-0a)
1—0oy 1—0oy

= oulk—1,k—1,k—1)
+3(vo+ o) [do(1 — &f) — v (1 + o —207)] froi*

vof2
1— (04]

+/i(1—0])u(0,0).

+

[305(%(1 + o) +3voon(2+ o) +do(1 — o) +3V(2)OC1] OC{(

Replacing successively the expression of p(k — j,k— j,k—j), j=1,...,k— 1, it remains

k-1 ,
wlkkk) = o*(0,0,0)+3(vo+ ) [do(1— af) —v3(1+ a1 —2ad)] £ ¥ o™
=0
vof2 2 L Y
—I—l p [3a0(1+a1)+3v0a0(2—|—a1)—I—do(l—a1)+3v0a1]Zal
—Q j=0

[
+fi(1—0)p(0,0) Y o
j=0

/3

1—oy

= ot {u(o,o,O) —3(vo+ o) [do(1 — af) —v§(1 + a1 —207)]

C(1- a‘:()){i ) 3o (14 01) +3voao(2+ o) +do(1 — o) + 3vgou |
3 2k
—f1;1(0,0)}+(V‘)Tf‘(gqf%o‘1
vofaotf
(1—0y)(1—a2)
+/11(0,0). (C.10)

[do(1— &) —v§(1+ a1 —2a7)]

[3063(1 —|—O£1) —|—3V()O(0(2+OC1) +d()(1 — 061) —|—3v8061]
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Let us now take into account that replacing 1£(0,0), we obtain

3(v0+060)1f3a1 [do(1—af) —vg(1+a; —2a7)]
f
(l — (X‘lj())(i — 0612) [3068(1 +061) -|-3V()OC()(2+061) —l—d()(l — 061) +3V%OCI]
+£11(0,0)
— 3(v0+a0)1f3a1 [do(1—af) —v§(1+ a1 —2a7)]
+(1 — (X‘:()){i— 0612) [3063(1 —i—Ol]) +3V0a0(2+ OC]) +d0(1 — 061) +3v%061]
+fifsldo(1 - o) +3v505] + fifo 12v_o<£ + [ f(vo+ ao(1+a))

which, highlighting ; f *7 and noting that f, = (1 — a}) f5, equals
1

s (300 )1 (1 o) 301+ a1 205

+1:223 [3voog (1 + 01) +3vg00 (2 + o) + vodo (1 — o) + 3vjeu]

+°‘0<1+°‘1)[d0(1—0‘12)+3V30612]+(1+061)tzlj [2VOa3+VOa3+aS(1+a1)]}
= ] fixlz {4vodo — 3v§ + 3vo(do — v§) a1 + 3vo(2v5 — do) 0t +vo (9v — 4do) ot}

+ (3v +4do + (3§ +4do) ou + (15vG — 4do) ot + (12vG — 4dp) o) ao
+6vo0g (1+ar) (140 +af) + o (1+00)*(1+ o + ) }

= fa{4vodo —3v{ +3vo(do — v§)ou + 3vo(v§ +do) i
+v0(6v3 —do) ot + 3vo (23 — do) 04t +vo(9v3 — 4dp) o)
+(1+ o) (3v§ +4do + (3v§ +4do) ou + (15vF — 4do) o + (12v§ — 4dp) o) ao
+ovoog (1+07)(1+a)(1+ o+ af) +og(1+af)(1+ o)’ (1 + o + o)},

since ; S 2= fa(l+ a?) and developing the calculations.
1

So, replacing the expression above in the coefficient of afk in formula (C.10), we finally get

wk,k,k) = {p(0,0,0) — fa [4vodo — 3v3 + 3vo(do — v§)  +vo(3v] +do) otf
+vo(6v — do) ot + 3vo(2v3 — do) 0t} + vo(9v3 — 4dp) o
+ao(1+ af) [3v§+4do + (3vg +4do) o + (15v — 4do) af + (12vG — 4dp) o] |
+6voad (1+0af)(1+ou)(1+ a1 +af)
o (14 o) (1+0u)*(1+ 0 + )] } o
Vo + 0 2 2 2N 2k
f3 [do(1 —af) —vg(1+ou —2a7)] o + f11(0,0)

1—o
Vo

_|_
(1—ai)(l-of)
+do(1 — o) +3v5ou ] of. (C.11)

+3

f2 [3063(1 + 061) +3V()OC()(2+ 061)
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Case 4: m =1 =k =0. Once again, according to the relations between the moments and the
cumulants (e.g., formula (15.10.4) in [15, p. 186]) and Theorem 4.1, we obtain

u(0,0,0) = E(X')=Ky+315 4 610u* +4ksu+ pt
= fa{co(1—of)(1— o) +v§ (30 + 15a7) + vodo(4ai + 60 — 10a7) }
3515 +6v0faf +4fldo(1 - of )+ 3vged ) fi + ff
= fa{co(l—of)(1—a}) +v§(3af +15a7) + vodo (40 + 605 — 100
(1-af)(1-af) (1-af)(1-af)

3v3 6vo0d
N ayi—ad) TN T (w2

(1—oy) 2 ) s(1—of)(1—0f) (1 —0of)
+4a071_a1 [do(l—a1)+3\/0al]+ao (l—al)?’

= fi{co(l—of)(1— o) +1§(30f + 1507) + vodo(4ai + 605 — 10a)
+3v3a0(1+ o) (1+ oy 4+ af) +6vood (1 + o) (1+a?) (1 + oy + o)
+aap(1+ar)(1+af)[do(1 — af) +3vgei] + o (1 + o) * (1 +of ) (1 + o + o) }
= fa{co+ (3v3 +4vodo — co) i + (6vodo — o) + (15v3 — 10vodo + co) 0}
+ao(1+ af) [3v§+4do + (3v§ + 4do) ou + (15v — 4dp) af + (12v] — 4dp) o |
+6voog (1+ o) (1+af)(L+ o +of) + oy (L+ou)*(1+of ) (1+ oy +af) } .

So the formula (C.11) for u(k,k,k) studied in case 3 simplifies to

/.L(k,k,k) = f4 {CO —4vody + 3\/8 + 3vg (V% - do)Otl + (3V0d0 - 60)0612
+(7V0d0 — 6V(3) — Co)OCf + 3V0 (d() — 2\/%)0&t + (6\/8 — 6V()d0 + CQ)OCIS} Otl3k

Vo + Qo
10_ A [do(1 - af) = v§(1 + on —20a7)] o + f11(0,0)

Vo
(I—on)(1-of)

+3

+

f [3063(1 —1—061) +3VOOC()(2—|—061) —|—d0(l — 051) —|—3V(2)061] OC{(.

Inserting into the formula (C.9) for u(k,l,1) stated in case 2, we obtain

wk,1,1) = fa{co—4vodo+3v+3vo(vg —do)ou + (3vodo — co) o
+(7V0d0 — 6v(3) — C())O!13 + 3vg (d() — 2\%)06;L + (6V(3) — 6vody + C())OCIS} 06121+k
3vo+30p — vy — 20

+ o f3do(1—af) —vi(1+ a1 —207)] o
-
V(2)f2 2 2 2 2(1—k)
+f1 H(an)—ﬂ(oﬁ)—ilial+[d0(1—051)+3"00‘1]f3 o

Vo
T (- o)
—5(1+a1) —vooto(4+30u) —3ag (1 +ou)] o *

Vo + 200
1—oy
= fa {C() —4vody + 3\/3 + 3V0(V% —do)Oll + (3V0d0 — C())Oélz

+(7V0d0 — 6V(3) — C())O!l3 + 3vg (d() — 2\%)05;L + (61/8 — 6vody + C())OCIS} 06121+k

HBag(1+ ) +3voa0(2+ ar) +do(1 — o) +3vga

_l’_

w(k,1) — foap (k)0 + (vo+ o) o]
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2vo+ 0
+ 10_ o f3 [d()(l —0612) —v(z)(l + oy —20612)] 06121
+{ D1~ )~ {1+ - 2a%>]} o'
Vo 2 21—k
+ J2 | 2vooo +do(1 — o) +v5(2an — 1) a
vo+ 20

+

1 w(k,1) — fau(k)[on + (vo + ao) o]
e

So it follows that we have
u(k,lm) = o' u(k,1,0) — fiu(k,)] + fiu(k,0)
= (an_l [f4 {C() —4dvody + 3\/(3) + 3V0(V% — d())Otl + (3V0do — C())Oélz

+(7V0d0 — 6V8 — C())OC13 + 3vg (d() — 2\%)0611 + (6\/(3) — 6vody + 00)0615} 06121+k

v+
+ 1VO_ OZCOJ% [do(1—af) —v§(1+ a1 —2a7)] af
+ { la_oﬁl [do(1 —af) —vi(1 4+ — 20512)]} ol
Y0 2 21—k
2 do(1 — 2o — 1
i an(—ap 2 Prodo i o) +vy(2e — D] o
+
+vlo_o‘j‘1°u(k,z) —fzu(k)[om+(vo+ozo)al]} k),

which holds forall 0 <k <[<m. N

C.4 Proof of Corollary 4.2

We recall that we have to prove that if X is a first-order stationary process following a CP-INARCH(1)
model such that H4 is satisfied, then

(a) For any s > 0, we have
nis) = x(s) = voaifa.
(b) For any [ > s > 0, we have

Alsl) = k(s
Ao+ o +a) — 31+ —203) — do(1 - af)}ar].

(¢c) Forany m > 1> s> 0, we have

K(s,l,m) = Oéinf4 [{CO + 3V8 —4vody + 3VO(V% — do)OCl + (30(0610 — 60)0612
+(7Vod0 — 6\/8 — C())OC13 + 3V0(d0 — 21/(2))06;1 + (6V(3) — 6V0d0 + co)af} (X{-H
Fvo(1 4oy +af +05)[do(1 — af) = v (1 +ou —208)] (2 + o)
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+vo(1+ 0y 4+ af)(1+ad)[(1+ar)vg + (do(1 — o) +v3 (2o — 1))l ]|,

I(s,l,m) = K(s,l,m)+vgfzop " + 205 o,

Proof:

(a) From (4.11) and (4.8) we have, for any s > 0,

iis) = x(s) = Cov(X, Xiys) = vo0ifa-

(b) From (4.12), (4.9) and using the expressions stated in Theorem 4.2, the third-order central

moment and cumulant of X are given by

ﬁ(svl) = K'(S,l)
= [do(1—a?)—v3(1+a;— 2051)]fal+Y

+vofifaor S+ fin(s) — fiu(s)
—fil (oo + ao(1+a1)) + fo(voorf + ato(1+ 1)) — 27]

vo(p +vo)

= fol

= [do(1—0f) —vi(14+ a1 —208)| 3005 + (1+vo)f
+wofifoey = fifovo(ad ™ +of)
2
= [do(1—0f) —vi(14+ a1 —208)| 50T + %a{
-0

= fo00g(1+an+af) — (1 + a1 —2af) —do(1 - af) ber],

forl >s>0.

(c) In what concerns the fourth-order cumulant we have from (4.10) and the expressions stated in
Theorem 4.2, form > 1> s > 0,

K‘(S, [ m) = ai"" [ (X121+Sf4 {Co —4vody + 3v(3) + 3vg (v(z) — d())OCl + (3V0do — C())Otl2
(7V0d() — 6V8 — C())OC13 + 3vg (d() — 2\%)06? + (6\/8 — 6vody + C())OCIS}

+2\1/0_+0‘0f3 [do(1—af) —v§(1+ a1 —2a7)] o
{ %k [do(l a?)—v3(1+a; —204 )]} o209
vo .
+(1—a1)(1— )fz [2voa0 +do(1 — o) +v§(200 — 1)] o'~
+V10jgo”(s’l)_fQ“(S)[“OHVoJrOCo)Oﬂ] ]+f1u(s,l)—f1u(s,l)

vo(vo + 060)

—a 1%

A ( (do(1 — ) —3(1 + a1 — 202 frep = 1
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+vofifoa ! +fip(l—s)— f1f2(voa{_‘+a0(1+a1))
+do(1 - af) = v (1 + o —207)] fro" !

+(1V0+°‘0)f o+ fifovool ! +Ain(l) — fin(l) + fol

+do(1 —af) —vi(1+ 0y — 2061)]f306m+y+VOf1f2061m X+f1/~l(S) fin(s) )
—(falvoe) + ao(1+00)] = f7) (falvoa"™ + ao(1 4 au)] = f7)
—(falvoo + oo (1+00)] = /1) (falvoo" ™ + ao(1+ an)] — f7)
—(falvoad" + ao(1+ 0u)] = f7) (falvoa * + ao(1 4 ou)] — f7)
+11 ( falvood + ao(1+an)]+ favoo" ™ + oo (1+ o))
+hlvood ™ +ao(1+0)] =347 ).

Vo V0+0€o)

where we highlight, using bold, expressions whose sum equals zero.

So, taking into account that

0o+ Vo
1—0oy

— fota(s) [0+ (vo+ a0)ou]a"! = [—fl u(s) +vofopa(s)| o’

and

—(falvoor] + oo(1+ 0u)] — f2) (falvoo]" ™ + ao(1+ )] — f7)

—(falvoort + oo(1+ o)) — f1) (folvoa] ™ + o (1 + 0u)] — f7)

—(falvoo” + ao(1+ 0u)] = f7) (falvoed ™ + ao(1+ ou)] — f7)
]

+1T (Lol + ao(1+ )]+ falvoo" ™ + o (14 a1
+f2[voaf1_l~|—ao(1+a1)}—3f12)
= — oo +an(1+0o)) (o +op(1+ay))
+fEfavoad + a1+ an)) + fi a(voo" ™ + ao(1+ o)) — £}
—fF(voodd + (1 +01))(voa" ™ + (1 + o))
+fT (oo +ao(1+an)) + 1 L (vood" ™ + ao(1+ o)) — fi
—f5 (voa" + o (14 o)) (vooy; ~* + 0o (1+ aur))
+EH(voaf" + ao(1+an)) + /7 fr(vooy ™+ ao(1+an)) — ff
+ftfawoad" + oo (14 o)) + f7 fa(voa"™* + (1 + o))
+fE oo™ + ao(1 + )] = 3£
= 2[R o (1+ o oot + a1+ 0n o™ + 02 (1+ )7
Jrflf(VOOCDLOCO(]+051))+2f12f2(V0051"71+050(1JrO‘l))—6ff1
—f3 V3ot ‘+Oto(1+(x1)v0a{+oco(1+a1)vooc{”"‘+a§(1+a1)2-
2 fo (00 + 0o(1+ 1))+ 212 fa(voa ™ + 0o (1+ 1))

*fz VOOCIm—H S+ Ot()(l + al)voa{“‘ + 050(1 + OC])V()OCin + Oég(l + 061)2
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+fEf (oo S+ oo (1+0n)) +2fEfr(voaf" + o (1 + o))

= —wfa T+ [f] favo — fiveon (14 an)][o + af + o ]
+[211 fovo — fivoon(1+ an)][of" ™~ + o'~ + o] — 2 f3 v T
=3f505(1+a1)* +9f7 froo(1+ ar) —6f7

= vl 207 b v Sl + o + o]

we obtain

K'(S, l, m) = (Xin+1+5f4 {Co — 4V()d0 + 3\/8 =+ 3V0(V% — do)OC] + (3V0d() — C())Otl2
+(7V0d() — 6V8 — C())OC13 + 3V0(d() — 2\%)06? + (6\/3 — 6vody + C())OCIS}

+2;/0 +aao m+l [d()(l— 12)—v(2)(l+051 —20‘12)]

Vo

+(1—a1)(1—a )
0 G s.0) = it (o)} + v o ()

~f ( (Vo~|-2050)

fza'”“ s [ZV()U() +d()(l — 061) +v§(2oc1 — 1)]

2vo(vo+060)
li

+[d0(1—a1) v2(1+a1 207)]f3| '”+’+a{”“]>
—o 3 (" 420 f v S o + o 4 o).

fHo" "+ Lo+ 2v fi oo

As the sum of the expressions in bold equals 0 and replacing u(s,/), we obtain

K(S, l, m) = OCI"+I+Sf4 {C() —4dvody + 3v(3) =+ 3V()(V% — d())OC] + (3V()d0 — CQ)Otlz
+(Tvodo — 6\/8 — C())Otf +3vo(dp — 2\/(2))06? + (6\/(3) — 6vodo + Co)OCf}
2v0

f o [do(1— o) —v§(1+ oy —2ad)]
n Yo
(I—ou)(1—af)

+v1°_+:° o {do(1 - &) — V(1 + o —20)] frf **
+V0(1V()_+O(0)

~fi (wzao)f o'~ + [do(1 - af) —v5(1+ 0 —207)] fro***

Lo [do(1— o) +v5 (200 — 1)]

hol+vofifron S}

1
m 2vg(vo + 0 s
—vof1fa0q" + Ol(o)fa —vofifoo A)
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The sum of the expressions in bold equals 0 and then we conclude
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Finally, the fourth-order central moment of X, using the expression (4.13), is given by
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Appendix D

Programs

In this appendix we summarize the EViews and the MATLAB programs developed to obtain the
trajectories of the particular ZICP-INGARCH( p, ¢) models of the Sections 2.3 and 5.2, the stationarity
regions of the Chapters 2 and 5, and the tables and confidence regions of the Section 4.2.

D.1 Trajectories of Sections 2.3 and 5.2

The programs of this section are developed in EViews code. Let us note that after generating each
trajectory with 1100 elements, the first 100 observations were discarded to eliminate the effect of
choosing the values of the initial observations.

To simulate a particular realization from the CP-INGARCH model we use the representation (2.5)
stated in Section 2.3. Thus, the main idea of these programs is, firstly, to generate a scalar N that
follows a Poisson law and then generate N scalars following the conditional compounding distribution.

To generate the INGARCH(1, 1) model of Figure 2.3:

smpl @first @last

series x=100.0

smpl @first @last

series lambda=100.0

for li=21to 1100
lambda(!i)=10.0+0.4*x(!i-1)+0.5*lambda(!i-1)
x(l1))=@rpoisson(lambda(!i))

next

To generate the NTA-INGARCH(1, 1) model of Figure 2.4:

scalar y

scalar parametro
scalar N

smpl @first @last
series x=100.0

141
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smpl @first @last

series lambda=100.0

scalar phi=2

for !i=2to 1100
lambda(!i)=10.0+0.4*x(!i-1)+0.5*lambda(li-1)
parametro=lambda(!i)/phi
N=@rpoisson(parametro)
y=0.0
for!lj=1to N

y=y+@rpoisson(phi)

next
x(li)=y

next

To generate the GEOMP-INGARCH(1, 1) model of Figure 2.5:

scalar y
scalar conta
scalar fcum
scalar v
scalar u
scalar p
scalar N
smpl @first @last
series x=100.0
smpl @first @last
series lambda=100.0
scalar r=2
for !i=2to 1100
lambda(!1)=10.0+0.4*x(!i-1)+0.5*lambda(!i-1)
p=r/(r+lambda(!i))
N=@rpoisson(r)
y=0.0
for lj=1to N
u=@runif(0,1)
conta=0
vV=p
fcum=v
while u >= fcum
v=v*(1-p)
fcum=fcum+v

conta=conta+1
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wend
y=y+conta
next
x(1)=y
next

To generate the CP-INGARCH(1, 1) model of Figure 2.6:

scalar q

scalar s

series y

series lambda

series p

series n

scalar x

y=0.0

lambda=10.0

scalar r=5000

for !t=2 to 1100
lambda(!t)=10.0+0.4*y(!t-1)+0.5*lambda(!t-1)
g=1/(('t)A2+1)
p(!t)=lambda(!t)/(r*q)
n(!t)=@rpoisson(p(!t))
s=0
for !j=1 to n(!t)

x=@rbinom(r,q)
S=s+X

next
y(lt)=s

next

To generate the GEOMP2-INARCH(1) model of Figure 2.7:

scalar parametro
scalar u

scalar fcum

scalar conta
scalar y

scalar N

smpl @first @last
series x=100.0
smpl @first @last
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series lambda=100.0
scalar p=0.3
for li=21to 1100
lambda(!i)=10.0+0.4*x('i-1)
parametro=(p*lambda(!i))/(1-p)
N=@rpoisson(parametro)
y=0.0
for!lj=1to N
u=@runif(0,1)
fcum=p
conta=0
while u>= fcum
conta=conta +1
fcum=fcum +p*(1-p)A(conta)
wend
y=y+conta
next
x(l)=y
next

To generate the GP-INARCH(1) model of Figure 2.8:

scalar parametro
scalar y
scalar u
scalar fcum
scalar conta
scalar N
smpl @first @last
series x=100.0
smpl @first @last
series lambda=100.0
scalar kappa=0.5
for !i=2to 1100
lambda(!i)=10.0+0.4*x(!i-1)
parametro=(1-kappa)*lambda(!i)
N=@rpoisson(parametro)
y=0.0
for lj=1to N
u=@runif(0,1)
fcum=@exp(-kappa)
conta=1
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while u>= fcum
conta=conta +1
fcum=fcum +((conta*kappa)/A(conta-1)* @exp(-kappa*conta))/ @fact(conta)
wend
y=y+conta

next

x(l)=y

next

To simulate a particular realization from the ZICP-INGARCH model we use the representation
(5.4) stated in Section 5.2. The main idea of the next programs is, firstly, to generate a scalar M that
follows a Bernoulli law with parameter 1 — @ and then, if M= 0, we generate M scalars following the
conditional compound Poisson law which have the additional proportion of zeros.

To generate the ZIP-INGARCH(1, 1) model of Figure 5.2:

scalar M

scalar N

smpl @first @last

series x=44.0

smpl @first @last

series lambda=44.0

scalar omega=0.2

for !i=2to 1100
lambda(!i)=10.0+0.4*x(!i-1)+0.5*lambda(!i-1)
M=@rbinom(1,1-omega)
if M=0 then
x(11)=0
else
x(!1)=@rpoisson(lambda('i))
endif

next

To generate the ZINTA-INGARCH(1, 1) model of Figure 5.3:

scalar M

scalar N

scalar parametro
series x=12.0
series lambda=12.0
scalar phi=2

scalar omega=0.6
for !i=2to 1100
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lambda(!1)=10.0+0.4*x(!i-1)+0.5*lambda(!i-1)

M=@rbinom(1,1-omega)

if M=0 then

x(11)=0

else

parametro=lambda(!i)/phi

N=@rpoisson(parametro)

scalar y=0.0

for!lj=1to N
y=y+@rpoisson(phi)

next

x(1)=y

endif

next

D.2 Stationarity regions of Sections 3.2 and 5.3

The programs of this section were developed in MATLAB code.

To get the weak stationarity regions {(ty,8,) € (R})*: (1 — @)(1+vi)op +2(1 — @), B, +
[35 < 1} of aZICP-INGARCH(p, p) model with the coefficients oy = ... = o, =1 = ... = f,-1 =0,
under the condition (1 — ®)a, + B, < 1 and considering different values for v;, we run the program:

a) function [] = regioes_est_fraca_ZICP_INGARCH_p_p_graf()

greyl =[0.75,0.75,0.75];
grey2 =[0.55,0.55,0.55];
grey3 =[0.4,0.4,0.4];
alphap = [0.001:0.001:1];
betap = [0.001:0.001:1];

B =regiao_est_fraca_zero_iflated_p_p(alphap, betap, 5, 0);
C =regiao_est_fraca_zero_iflated_p_p(alphap, betap, 0.5, 0);
D =regiao_est_fraca_zero_iflated_p_p(alphap, betap, 0, 0);

tl =size(B); t2 =size(C); t3 = size(D);
i=1:1:t1(1); j=1:1:12(1); k=1:1:t3(1);
f1(1) = B@,1); gl(®) = B(@,2);

2() = CG.D;  22() = C(,2);

f3(k) = D(k,1); g3(k) =D(k,2);
plot(f3(k),g3(k), *Color’, greyl)

hold on

plot(f2(j),g2(j), *Color’, grey2)

hold on
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plot(f1(i),g1(i), *Color’, grey3)
xlabel(’alpha_p’)
ylabel(’beta_p’)

where
b) function B = regiao_est_fraca_zero_iflated_p_p(alphap, betap, v1, omega)

bl = size(alphap,2);
b2 = size(betap,2);
b =bl*b2;

A = zeros(b,2);
conta=0;

for i=1:size(alphap,2)
for j=1:size(betap,2)
if ((1-omega)*alphap(i) + betap(j))<1
aux1 = (1-omega)*(1+v1)*alphap(i)"2;
aux2 = 2*(1-omega)*alphap(i)*betap(j)+betap(j)”2;
if (aux1 + aux2)<1
conta = conta + 1;
A(conta,l) = alphap(i);
A(conta,2) = betap(j);
end
end
end
end

B = zeros(conta,2);
for i=1:conta

B(@,:)=A(,:);
end

Let us observe that when we run the program regioes_est_fraca_ZICP_INGARCH_p_p_graf we
obtain the regions presented in Figure 3.1. To get the regions on the left in Figure 5.6 we consider

B =regiao_est_fraca_zero_iflated_p_p(alphap, betap, 0, 0);
C =regiao_est_fraca_zero_iflated_p_p(alphap, betap, 0, 0.4);
D =regiao_est_fraca_zero_iflated_p_p(alphap, betap, 0, 0.9);

and for the regions on the right in Figure 5.6 we need to consider

B =regiao_est_fraca_zero_iflated_p_p(alphap, betap, 5, 0);
C =regiao_est_fraca_zero_iflated_p_p(alphap, betap, 5, 0.4);

D =regiao_est_fraca_zero_iflated_p_p(alphap, betap, 5, 0.9);

instead of the lines 7, 8 and 9 of the program.
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To represent the weak stationarity regions of a CP-INGARCH(2, 1) process considering different
values for the parameter v; (namely, vi = 0,0.5,5) and under the condition &; + & + 8; < 1, which
we presented in figures 3.2 and 3.3 we used the following program:

¢) function [] =regiao_est_fraca_ CP_INGARCH_2_1()

greyl =[0.75,0.75,0.75];
grey2 =[0.55,0.55,0.55];
grey3 =[0.4,0.4,0.4];

B =regiao(0);
C =regiao(0.5);
D =regiao(5);

t=size(B); tl =size(C); 2 =size(D);
i=1:1:t(1); j=1:1:t1(1); k=1:1:12(1);

f(i) =B@,1); f1G) =C@.1); f2(k) = Dk, 1);
g =B(,2); gl(G)=C(.2); g2(k) =D(k.2);
h(i) =B(1,3); hl1() =C(.3); h2(k) = D(k,3);

subplot(2,3,1)

plot3(f(i),g(i),h(i), ’Color’, grey1)
grid on

xlabel(’alpha_1")
ylabel(’alpha_2’)
zlabel("beta_1")

subplot(2,3,2)

plot3(f1(j),g1(j),h1(j), *Color’, grey2)
grid on

xlabel(’alpha_1")

ylabel(’alpha_2")

zlabel(’beta_1")

subplot(2,3,3)

plot3(f2(k),g2(k),h2(k), Color’, grey3)
grid on

xlabel(’alpha_1")

ylabel(’alpha_2")

zlabel("beta_1")

subplot(2,3,4)

plot(f(i),g(i), *Color’, greyl)
hold on

plot(f1(j),g1(j), *Color’, grey?2)
hold on
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plot(f2(k),g2(k), *Color’, grey3)
grid

xlabel(’alpha_1")
ylabel(’alpha_2")

title(’ View just the X,Y plane’)

subplot(2,3,5)

plot(f(i),h(i), *Color’, greyl)
hold on

plot(f1(j),h1(j), *Color’, grey?2)
hold on

plot(f2(k),h2(k), *Color’, grey3)
grid

xlabel(’alpha_1")
ylabel(’beta_1")

title(’ View just the X,Z plane’)

subplot(2,3,6)

plot(g(i),h(i), *Color’, greyl)
hold on

plot(g1(j),h1(j), *Color’, grey?2)
hold on

plot(g2(k),h2(k), *Color’, grey3)
grid

xlabel(’alpha_2’)
ylabel(’beta_1")

title(’ View just the Y,Z plane’)

where we have

d)

function B = regiao(v1)

% INPUT:
% parameter v|
% OUTPUT:

% matrix B containing the points (¢, o, 8;) that belong to the weak
% stationarity region for this particular v,

syms alphal alpha2 betal

g = obter_zeros(vl);

syms fl(alphal,alpha2,betal,vl)
syms f2(alphal,alpha2,betal,vl)
syms f3(alphal,alpha2,betal,vl)
fl(alphal,alpha2,betal,vl) = g(1);
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f2(alphal,alpha2.,betal,vl) = g(2);
f3(alphal,alpha2,betal,vl) = g(3);

x =[0.001:0.02:1];

y =[0.001:0.02:1];

z =1[0.001:0.02:1];

bl =size(x,2); b2 =size(y,2); b3 =size(z,2);
b =bl1*b2*b3;

A = zeros(b,3);

conta=0;

for i=1:size(x,2)
for j=1:size(y,2)
for k=1:size(z,2)
if (x(1) + y(§) + z(k))<1
aux1 = double(f1(x(i),y(j),z(k),v1));
aux2 = double(f2(x(i),y(),z(k),v1));
aux3 = double(f3(x(i),y(j),z(k),v1));
if (abs(aux1) > 1) && (abs(aux2) > 1) && (abs(aux3) > 1)
conta =conta + 1;
A(conta,1) = x(i);
A(conta,2) = y(j);
A(conta,3) = z(k);
end
end
end
end
end

B = zeros(conta,3);
for i=1:conta

B(@,:)=A(,:);
end

and also

e)

function g = obter_zeros(v1)

% INPUT:

% parameter v|

% OUTPUT:

% the roots of the equation det P(z) = O for this particular v,

syms alphal alpha2 betal
aux1 = (alphal+betal)"2*alpha2+alpha2”2;
aux2 = v1*(alpha2” 2+alphal”2*alpha2+2*alphal*alpha2*betal);
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pl = alpha2”3+v1*alpha2”3;

p2 = auxl+aux2;

p3 = (alphal+betal )"2+alpha2+v1*alphal”2;
p=I[pl-p2-p31];

g =roots(p);

D.3 Simulation Study - Section 4.2

The following programs are developed to use in MATLAB.
In what concerns the Table 4.1 and Table 4.2 we developed the following algorithm:

a) function [g] = valores(alphaO, alphal, n)

% INPUT:

% real parameters (0, o) of the INARCH(1) model
% length n of the trajectory

% OUTPUT:

% means, variances and covariances of the estimates

A = zeros(1000,2);
bl = ones(1000,1);
b2 = ones(1000,1);
ul = ones(1000,1);
u2 = ones(1000,1);
d = zeros(1000,1);

for i=1:1000
x = valores_trajectoria_Poisson(alpha0, alphal, n);
est = estimativaCLS_Poisson(x);
A@,1) =est(1);
A(1,2) = est(2);
end

% A is the matrix that in the column ; has the estimates for the parameter o,
% j= 0,1, that we obtain from the 1000 trajectories that were generated

S =sum(A);
% S is the 1x2 matrix that in the column j has the sum of the estimates of ¢, j = 0,1

media(1) = S(1)/1000;

media(2) = S(2)/1000;

bl = media(1)*bl1;

b2 = media(2)*b2;

B =[bl b2];

% B is the 1000x2 matrix that in the column j has the mean of the 1000
% estimates of a;, j =0,1
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D=A-B;
C=D."2;
V = sum(C);

variancia(1l) = n*(V(1)/1000);
variancia(2) = n*(V(2)/1000);
ul = alpha0*ul;
u2 = alphal*u2;

U=[ul u2];
R=(U-A)"2;
Q = sum(R);

standarderror(1) = sqrt(Q(1)/1000);
standarderror(2) = sqrt(Q(2)/1000);

for j=1:1000
d(G) =D(@,1)*D(,2);
end

covariancia = n*(sum(d)/1000);

g = [media(1) media(2) variancia(l) standarderror(1) variancia(2) standarderror(2)

covariancia];

where we have

b)

function [y] = valores_trajectoria_Poisson(alpha0, alphal, n)

% INPUT:

% parameters 0, ¢

% length n of the trajectory
% OUTPUT:

% one trajectory with n elements of an INARCH(1) process with parameters o and o;

x = zeros(1,n+100);

y = zeros(1,n);

lambda = zeros(1,n+100);
lambda(1) = alphaO/(1-alphal);

for i=2:n+100

lambda(i)= alpha0O + alphal*x(i-1);

x(i) = poissrnd(lambda(i));
end
for k=1:n

y(k)=x(k+100);
end

and to calculate the CLS estimates we use
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¢) function [estimativas] = estimativaCLS_Poisson(y)

% INPUT:

% trajectory y

% OUTPUT:

% CLS estimates of the parameters (¢,;) of the process INARCH(1) from trajectory y

n=length(y);
soma = 0;

soma0 = 0;

for i=2:n
soma = soma + y(i)*y(i-1);
soma0 = soma0 + y(i-1)*y(i-1);
end

somar=0;

mediaemp=sum(y)/n;

for i=1:n
somar= somar + (y(i)- mediaemp)”2;

end

somal=sum(y)-y(1);
soma2=sum(y)-y(n);
soma3=1/(n-1)*somal *soma2;

somad=1/(n-1)*soma2*soma?2;

alphal=(soma -soma3)/(soma0-soma4);
alpha0=(somal-alphal*soma2)/(n-1);
estimativas(1)=alpha0;

estimativas(2)=alphal;

Concerning the tables 4.3 and 4.5 we used the following algorithm:

d) function [g] = valores_tabelas(alpha0, alphal, b, n)

% INPUT:

% real parameters (0, 0, ¢) of the NTA-INARCH(1) model
% (b corresponds to parameter ¢)

% OUTPUT:

% means, variances and covariances of the estimates

A = zeros(1000,3);
bl = ones(1000,1);
b2 = ones(1000,1);
b3 = ones(1000,1);
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d = zeros(1000,1);
e = zeros(1000,1);
f = zeros(1000,1);

for i=1:1000
x = valores_trajectoria_NTA(alpha0, alphal, b, n);
est = estimativaCLS_NTA(x);
A@,1) =est(1);
A(1,2) = est(2);
A(1,3) = est(3);
end

S =sum(A);

media(1) = S(1)/1000;
media(2) = S(2)/1000;
media(3) = S(3)/1000;

bl = media(1)*bl1;

b2 = media(2)*b2;

b3 = media(3)*b3;

B =[bl b2 b3];

D=A-B;

C=D."2;

V = sum(C);

variancia(1) = n*(V(1)/1000);
variancia(2) = n*(V(2)/1000);
variancia(3) = V(3)/1000;
varb = n*variancia(3);

for j=1:1000

d() = D(,1)*D(j,2);

e(j) =D, H*DG,3);

() = D(,2)*D(,3);
end
covariancia(1) = n*(sum(d)/1000);
covariancia(2) = sum(e)/1000;
covariancia(3) = sum(f)/1000;

corr(1) = covariancia(1)/(sqrt(variancia(1))*sqrt(variancia(2)));
corr(2) = covariancia(2)/(sqrt(variancia(1)/n)*sqrt(variancia(3)));

corr(3) = covariancia(3)/(sqrt(variancia(2)/n)*sqrt(variancia(3)));

g = [media(1l) media(2) media(3) variancia(l) variancia(2) varb covariancia(l) corr(1)
corr(2) corr(3)];

where to generate the trajectory of the NTA-INARCH(1) process we use the program:
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e) function [y] = valores_trajectoria_NTA(alpha0, alphal, phi, n)

% INPUT:

% parameters 0, &y and ¢

% length n of the trajectory

% OUTPUT:

% trajectory with n elements of an NTA-INARCH(1) process with parameters o, o, ¢

x = zeros(1,n+100);

y = zeros(1,n);

lambda = zeros(1,n+100);
lambda(1) = alphaO/(1-alphal);

for i=2:n+100
lambda(i)= alphaO + alphal*x(i-1);
parametro=lambda(i)/phi;
N=poissrnd(parametro);
z=0;
for j=1:N
z=z+poissrnd(phi);
end
x(1)=z;

end

for k=1:n
y(k)=x(k+100);
end

and to calculate the estimates of the three parameters we use

f) function [estimativas] = estimativaCLS_NTA(y)

% INPUT:

% trajectory y

% OUTPUT:

% CLS estimates of the parameters (04,0 ) and estimate the parameter ¢ based on
% the moments estimation method of the process NTA-INARCH(1) from trajectory y

n=length(y);
soma = 0;
soma( = 0;

for i=2:n
soma = soma + y(i)*y(i-1);
soma0 = soma0 + y(i-1)*y(i-1);
end
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somar=0;
mediaemp=sum(y)/n;
for i=1:n
somar= somar + (y(i)- mediaemp)”2;
end

VarEmp=somar/n;
somal=sum(y)-y(1);
soma2=sum(y)-y(n);
soma3=1/(n-1)*somal *soma2;

somad4=1/(n-1)*soma2*soma?2;

alphal=(soma -soma3)/(soma0-soma4);
alpha0=(somal-alphal*soma2)/(n-1);

phi= -1 + ((1-alphal)*(1-alphal”*2)*VarEmp)/alpha0;
estimativas(1)=alpha0;

estimativas(2)=alphal;

estimativas(3)=phi;

The program to get the values presented in Table 4.4 is quite similar to the above. In fact, in the
program valores_tabelas(alphaO, alphal, b, n) we only need to change

"x = valores_trajectoria_NTA(alpha0, alphal, b, n);" to

"x = valores_trajectoria_ GEOMP2(alpha0, alphal, b, n);"
and

"est = estimativaCLS_NTA(x);" to

"est = estimativaCLS_GEOMP2(x);"
where now b corresponds to the parameter p*, and then consider

g) function [y] = valores_trajectoria_ GEOMP2(alpha0, alphal, p, n)

% INPUT:

% parameters 0y, ¢, and p

% length n of the trajectory

% OUTPUT:

% trajectory with n elements of a GEOMP2-INARCH(1) process
% with parameters oy, 0, p

x = zeros(1,n+100);

y = zeros(1,n);

lambda = zeros(1,n+100);

lambda(1) = alphaO/(1-alphal);

for i=2:n+100
lambda(i)= alpha0O + alphal*x(i-1);
parametro=(p*lambda(i))/(1-p);
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and

h)

N=poissrnd(parametro);
z=0;
for j=1:N
z=z+ geornd(p);
end
x(1)=z;
end
for k=1:n
y(k)=x(k+100);
end

function [estimativas] = estimativaCLS_GEOMP2(y)

% INPUT:
% trajectory y
% OUTPUT:

% CLS estimates of the parameters (¢p,0) and estimate the parameter p based on the
% moments estimation method of the process GEOMP2-INARCH(1) from trajectory y

n=length(y);
soma=0;

soma(0=0;

for i=2:n
soma = soma + y(i)*y(i-1);
soma0l = soma0 + y(i-1)*y(i-1);
end

somar=0;

mediaemp=sum(y)/n;

for i=1:n
somar=somar + (y(i)- mediaemp)”2;
end

VarEmp=somar/n;
somal=sum(y)-y(1);
soma2=sum(y)-y(n);
soma3=1/(n-1)*somal *soma2;

soma4=1/(n-1)*soma2*soma?2;

alphal=(soma -soma3)/(soma0-soma4);
alpha0=(somal-alphal*soma2)/(n-1);
outro= (1-alphal)/alpha0;
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p= 2/(1+VarEmp*(1-alphal”2)*outro);
estimativas(1)=alpha0;
estimativas(2)=alphal;

estimativas(3)=p;

To get the confidence intervals presented in Table 4.6 we developed the following program:

i) function [CI] = intervalo_confianca(alpha0, alphal, phi, gamma, n)

% INPUT:

% true parameters 0, &1, ¢ of the NTA-INARCH(1) model
% the confidence level y

% length n of the trajectory

% OUTPUT:

% Confidence interval for m, and m;

ntil = 35;

a = zeros(ntil,1); b = zeros(ntil,1);
alpha = 1-gamma;

aux = alpha/2;

z = norminv([aux 1-aux],0,1);

for j=1:ntil
g = valores_tabelas(alpha0, alphal, phi, n);
a(j) = g9
b(j) = g(10);

end

medial = sum(a)/ntil;
media2 = sum(b)/ntil;
¢ = (a-medial).”\2;
d = (b-media2).\2;
e = sum(c)/(ntil-1);
f = sum(d)/(ntil-1);

limiteInfl = medial+z(1)*sqrt(e/ntil);

limiteSupl = medial+z(2)*sqrt(e/ntil);

limiteInf2 = media2+z(1)*sqrt(f/ntil);

limiteSup2 = media2+z(2)*sqrt(f/ntil);

CI =[limiteInf1 limiteSup1; limiteInf2 limiteSup2];

where the function valores_tabelas(alpha0, alphal, phi, n) is given above in page 153.
To obtain the values presented in tables 4.7, 4.8 and 4.9 we use the following program:

j) function [probCobertura] = Prob_Cobertura_varias(alpha0, alphal, n)
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where

k)

% INPUT:

% true parameters oy, o of the INARCH(1) model

% length n of the trajectory

% OUTPUT:

% Estimated coverage probabilities of the confidence region for three different
% confidence levels: 0.9, 0.95 and 0.99

v0=1; d0=1;

B = matriz(alpha0, alphal, v0, d0);

% gamma is the confidence level

gamma = [0.9, 0.95, 0.99];

contal = 0; conta2 = 0; conta3 = 0;

% determine the gamma-quantile of the chi-squared distribution
z1 = chi2inv(gamma(1),2)/(n-1);

z2 = chi2inv(gamma(2),2)/(n-1);

z3 = chi2inv(gamma(3),2)/(n-1);

for i=1:10000
x = valores_trajectoria_Poisson(alpha0, alphal, n);
est = estimativaCLS_Poisson(x);
y = [est(1)-alpha0; est(2)-alphal];
CR =y’ *B*y;
if (CR < zl)
contal = contal + 1;
end
if (CR < z2)
conta2 = conta2 + 1;
end
if (CR < z3)
conta3 = conta3 + 1;
end
end

probCobertura(1) = contal/10000;
probCobertura(2) = conta2/10000;
probCobertura(3) = conta3/10000;

function [B] = matriz(alphaO, alphal, v0, d0O)

% OUTPUT:
% asymptotic matrix VWV !

A = zeros(2,2);
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numl = v0"2+(d0-v0"2)*alphal*(1+alphal-alphal”2)+(3*v0"2-d0)*alphal”\4;
num?2 = alphal*(d0+(3*v0"2-d0)*alphal”2);

num3 = (1+alphal)*num?2;

denl = vO*(1+alphal+alphal”2);

den2 = denl*alpha0;

A(1,1) = (alpha0O/(1-alphal))*(alphaO*(1+alphal)+numl/denl);

A(2,2) = (1-alphal”2)*(1+num2/den2);

A(1,2) = vO*alphal-alpha0O*(1+alphal)-num3/denl;

A2,1) = A(1,2);

B =inv(A);

Let us note that when we consider the parameters oy = 2, o = 0.2 and n = 100, we obtain the
first element of tables 4.7, 4.8 and 4.9. Then we need to run again the program to get the other values.
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