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Abstract

Count time series naturally arise when counting occurrences of things and events over time resulting
in numerous applications in various fields. However, research on count time series and, more generally,
discrete time series is not as advanced as research on classical continuous time series. This gap
highlights the importance of developing appropriate methodologies for the discrete case in order to

effectively address its unique characteristics.

This cumulative dissertation is based on five articles that collectively extend the research on count
time series and discrete-valued time series in general. We provide an improved semi-parametric
estimation procedure for the integer-valued autoregressive (INAR) model and develop an R package
allowing for simulation, estimation and bootstrapping of INAR data. Furthermore, we present a
semi-parametric INAR bootstrap procedure and prove its joint consistency for the estimation of the
INAR coefficient and the innovation distribution. Finally, we propose a goodness-of-fit test on the
whole INAR model class and provide methodology to conduct prediction in the setup of discrete time
series in general. In addition to outlining these methodologies, we always validate our findings by
extensive simulations and apply them on real-data examples. While three articles are published in

peer-reviewed journals, the other two are on arXiv and attached in their current version.






IX

Zusammenfassung

Zahldatenzeitreihen entstehen naturgeméf, wenn Ereignisse oder Objekte iiber die Zeit hinweg
gezdhlt werden, was zu zahlreichen Anwendungen in unterschiedlichen Fachbereichen fiihrt. Die
Forschung zu Zéhldatenzeitreihen und allgemeiner zu diskreten Zeitreihen ist jedoch bislang weniger
weit fortgeschritten als die zu klassischen stetigen Zeitreihen. Dabei ist die Entwicklung geeigneter
Methoden fiir den diskreten Fall von zentraler Bedeutung, um die zugehorigen Charakteristiken

adaquat berticksichtigen zu konnen.

Diese kumulative Dissertation stiitzt sich auf finf Artikel, die zusammen die Forschung tiber Zahldaten-
zeitreihen bzw. diskrete Zeitreihen im Allgemeinen erweitern. Wir schlagen ein verbessertes semi-
parametrisches Schétzverfahren fiir das INAR (Integer-valued Autoregressive) Modell vor und ent-
wickeln ein R-Paket, das Simulation, Schitzung und Bootstrapping von INAR-Daten ermdglicht.
Dariiber hinaus présentieren wir ein semiparametrisches INAR-Bootstrapverfahren und beweisen
dessen Konsistenz fiir die gemeinsame Schéatzung der INAR-Koeffizienten und der Innovationsverteilung.
Weiter schlagen wir einen neuartigen Anpassungstest fiir die gesamte INAR-Modellklasse vor und
entwickeln eine Methode fiir die Vorhersage diskreter Zeitreihen. Neben der Beschreibung dieser
Methoden validieren wir unsere Ergebnisse durch umfangreiche Simulationen und wenden sie auf reale
Datenbeispiele an. Drei der Artikel wurden bereits in Journalen mit Peer-Review veréffentlicht, die
anderen beiden Artikel sind auf arXiv zu finden und wurden in ihrer aktuellen Version der vorliegenden

Arbeit angehéngt.
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Abbreviations

This list includes all abbreviations used in this thesis and some important, recurring notation.

~ weak convergence

1 indicator function

ACF autocorrelation function

AR autoregressive

ARMA autoregressive moving average

Bin(n, p) binomial distribution with parameters n € Ny and p € [0, 1]
CLT central limit theorem

CRAN comprehensive R archive network

DAR discrete autoregressive

DGP data generating process

EDF empirical distribution function

GARCH generalized autoregressive conditional heteroscedasticity
Geo(p) geometric distribution with parameter p € (0, 1] and support Ny
1D index of dispersion

INAR integer-valued autoregressive

INARCH integer-valued autoregressive conditional heteroscedasticity
INGARCH integer-valued generalized autoregressive conditional heteroscedasticity
LASSO least absolute shrinkage and selection operator

ML maximum likelihood

MSE mean squared error

N {1,2,...}

No {0,1,2,...}

NB(N, ) negative binomial distribution with parameters N € N and = € [0, 1]
NPMLE non-parametric maximum likelihood estimator

PACF partial autocorrelation function

pef probability generating function

pmf probability mass function

Poi(\) Poisson distribution with parameter A > 0

R set of all real numbers

spINAR semi-parametric integer-valued autoregressive

Z set of all integers

ZIP(r, \)

zero-inflated Poisson distribution with parameters = € (0,1) and A > 0
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Introduction

Time series are a fundamental concept in statistics and mathematics. They consist of data points
observed at different points or intervals over time and find application in many relevant fields such as
environmental science, economics, health care and many others. Their analysis allows researchers from
both theory and practice to discover underlying structures such as trends or seasonal components and

to use them to understand past behavior or predict future values.

The literature on time series is broad; see, for example, Box and Jenkins (1970]), Brockwell and Davis
(1987) and Shumway and Stoffer (2000)) as introductions. Most of these textbooks mainly cover the
setup of continuous-valued time series, that is, time series with real numbers or vectors as outcome.
Besides these continuous time series, there also exist so-called discrete time series, that is, time series
with discrete range. Examples are numerous: There are count time series, where the range of the
time series only allows for natural numbers. Another example are categorical time series, which
include ordinal time series, where the data exhibits a qualitative range consisting of a finite number
of categories. And as a last example, there are such apparently simple setups as binary time series,
where the time series takes two possible values only. All these exemplary settings have in common
that the classical methods for continuous time series are not able to account for the discrete range
of these time series. Despite its noted relevance, McKenzie (2003) states in his survey article that
modeling discrete variate time series is the most challenging and, at this time, the least well-developed
one of all research areas in time series. Some textbooks briefly address the discrete case in their work,
for example, Fahrmeir and Tutz (2001)), Kedem and Fokianos (2002)) and Cameron and Trivedi (2013])
in the regression setup or Zucchini and MacDonald (2009)) in their book about hidden Markov models
for time series. In Turkman et al. (2014), one chapter deals with integer-valued time series and the
book of Davis et al. (2011) provides some essays about discrete-valued time series. Finally, Weif}
(2018)) introduces the field of discrete-valued time series in general while covering common models for

count time series and categorical time series and outlining their most important properties.

This cumulative dissertation mainly covers the topic of count time series, which arise naturally
when counting things or events. As an example, consider Figure [I| containing the total number of
climate-related disasters in France over the years and separately displaying the total numbers for each

of the six considered disasters in this data set - drought, extreme temperature, flood, landslide, storm
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Figure 1: Number of total climate related disasters in France over the years (above) and (below) the separate
numbers for each of the six considered disasters in the data set. Source: The Emergency Events Database
(EM-DAT), Center for Research on the Epidemiology of Disasters (CRED)/Université catholique de Louvain
(UCLouvain), Brussels, Belgium. www.emdat . be.

and wildfire. When it comes to the analysis of these time series, it becomes obvious that continuous
models are not able to ensure the integer-valued range of the response. While they are sometimes
used nevertheless, this procedure will only provide limited approximation, especially in the case of
low counts as appearing in Figure [I] Additionally, they cannot account for specific characteristics
often arising when dealing with count time series, such as asymmetry or excess zeros, also visible in

Figure [I] This underlines the need for using appropriate count time series models.

The papers of this thesis contribute to the current state of research on count time series and partly also
on discrete-valued time series in general. They address different challenges from various perspectives.
The first paper (Faymonville et al., 2023) reveals that the performance of the semi-parametric estimator
introduced in Section may be inferior in case of small sample sizes. To this end, we propose
a penalized version of the aforementioned estimator exploiting the smoothness of most innovation
distributions of the INAR model introduced in Subsection In this context, “smoothness of a
distribution” means that two consecutive entries of its probability mass function differ only slightly
from each other. Simulations display that our approach improves the estimation performance and that

a combination of penalized and unpenalized approaches results in overall best INAR model fits.

The penalized and unpenalized semi-parametric estimation mentioned in the previous paragraph

is implemented in the R package spINAR (Faymonville et al., |2024). This package also allows


www.emdat.be

for parametric estimation of the INAR model introduced in Subsection [2.1.1] (semi-)parametric
bootstrapping (see Section and flexible simulation of INAR data. In our peer-reviewed paper, we
briefly describe the features of our package and set it into context with other related packages. It has
been published via CRAN and includes tests for desired functionality. Besides the help pages in R,

we provide extensive documentation on (GitHub.

When introducing the semi-parametric INAR model estimator (see Section [2.2), Drost et al. (2009)
not only prove efficiency and consistency of their estimator, they also derive its limiting distribution
(see ), allowing for asymptotic inference. However, due to the infinite-dimensional parameter
space, this asymptotic result is cumbersome to apply in practice, motivating the use of bootstrap
inference. To this end, in Faymonville and Jentsch (2025), we propose an appropriate bootstrap
procedure and prove that the bootstrap version of the semi-parametric estimator provides the same
asymptotic distribution in probability. In addition to simulations that support this result, we also
provide several methodological examples in which the result finds application, underlining its practical

relevance.

One application of the result of Faymonville and Jentsch (2025) is the semi-parametric goodness-of-fit
test for INAR models presented in Faymonville et al. (2025b). In this paper, we propose a test for
the whole INAR model class where one does not have to specify a parametric family of innovation
distributions. We prove consistency under fixed alternatives and analyze its asymptotic behavior
under local alternatives. Our Lo-type test statistic relies on the joint probability generating function
and its limiting distribution which we derive is not practicable. The result of Faymonville and Jentsch
(2025)) enables us to use bootstrap inference instead. In simulations, we illustrate the performance of

our goodness-of-fit test and display that it can be improved by using test statistics of higher order.

In the fifth paper (Faymonville et al., 2025a), we address the general problem of predictive inference
in the case of discrete time series. Due to the discrete range of the values, prediction intervals are
not meaningful and prediction sets do generally not retain a desired coverage level. We therefore
propose to reverse the construction principle and, in a nutshell, transform the prediction problem into
a parameter estimation problem, where the parameter of interest is the probability for observing some
values of interest in the future which arise from the respective application. We cover both parametric
and non-parametric setups while providing asymptotic and bootstrap approaches. The latter have the
advantage to circumvent possibly cumbersome limiting distributions and to imitate the distributions
of interest also when it is not clear whether the model used for prediction holds true. While we first
introduce the general procedure, we then illustrate our proposed methods by an application to both
first-order INAR and INARCH models (see Section using (conditional) maximum likelihood
estimation. In simulations, we investigate the finite sample performance and we additionally discuss

that extensions to higher model order and larger prediction horizon are straightforward.

To underline their practical relevance, we apply all the methods introduced in Faymonville et al.
(2023)), Faymonville and Jentsch (2025)), Faymonville et al. (2025b) and Faymonville et al. (2025a) on

real-world data sets and discuss our findings.


https://github.com/MFaymon/spINAR

4 1 INTRODUCTION

The remainder of this thesis is structured as follows. In Chapter [2, we provide the probably most
popular count time series models in existing literature along with corresponding estimation methods
and appropriate bootstrap techniques. Chapter [3| contains a summary of each of the five papers
of this cumulative dissertation, emphasizing the innovative elements of each publication and their
contribution to the respective research field. The thesis concludes with a discussion in Chapter [4]

followed by all full-length papers.



Statistical Methods

This chapter provides a general methodological background of already existing methods in the context
of count time series. They have been used and extended in the articles of this cumulative dissertation.
Due to individual requests from reviewers of the journals we published in, the notation may sometimes
slightly differ across the papers. In this chapter, we aim for a notation that is as consistent as

possible.

2.1 Count Time Series Models

Count time series consist of non-negative integers observed over time, that is, the observed values
have range Nyg = {0, 1,2, ...}. They arise naturally when counting things or events from all areas of
life. Wei8 (2018) analyzes, among others, the number of road accidents in an area of the Netherlands
and the number of infections with, for example, Hantavirus and Legionella. Gouveia et al. (2018)
investigate the number of rainy days of locations across Europe and Russia and Weifs and Kim (2014))
deal with the number of countries in the EAl?E] with stable prices. Lately, many examples arose
during the COVID-19 pandemic, where for each day the Robert-Koch institute (Robert-Koch institute,
2020) displayed different key numbers such as the number of infective people or hospital admissions to
monitor the pandemic. Another example with increasing relevance is the number of extreme weather

events partly already addressed in Figure

2.1.1 INAR Model

When it comes to the modeling of such data sets, we have to take into account the integer nature
of the data and cannot use well-known time series models as the AR(p) (AutoRegressive) model
introduced by Yule (1927) and Slutsky (1937) as

Xi=aXe1+...+ OépXt_p + &, t € 7. (21)

LA group of 17 countries in the Euro area
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Due to the multiplication of the coefficients «; and the lags Xy ;,i = 1,...,p, X; would not be
modeled as integer even if the innovations €; would only take integer values. Hence, one possibility to
obtain an appropriate model is to replace the multiplication in by a range-preserving operation.
One approach of reducing X;_;,7 = 1,...,p, in a way that preserves its integer values is the so-called
binomial thinning operator denoted with “o”. Steutel and Van Harn (1979) introduce it as

Xi—i
Qo Xii= 3 20, (2.2)

j=1
where (Zj(t’i), jeENte Z) ,1 € 1,...,p, are mutually independent Bernoulli distributed random
variables Z](-t’i) ~ Bin(1, ;). Thus, a; o X;_; can only take integer values between 0 and X;_;. Using

(2.2), Du and Li (1991)) introduce the INAR(p) (INteger-valued AutoRegressive) model as
Xt:OqOXt_l—l-...—i-OépOXt_p—l-Et,tEZ (23)

where &; G with G being a discrete distribution with range Ng and o = (a1, ..., @) the vector of

model coefficients fulfilling f: a; < 1. Additionally, we have that Z ](-t’i) is independent of (e, t € Z),
the thinning operations are Zi;lilependent over time and of (e4,¢t € Z) and both the thinning operation
at time ¢ and ¢; are independent of X, s < t. The INAR(p) model of Du and Li (1991)) is marked by
these extensive assumptions, which contrast with those assumptions put forth by Alzaid and Al-Osh
(1990), who introduce another version of the INAR(p) model while also using the recursion in (2.3).
Since only the INAR(p) model proposed by Du and Li (1991) yields the traditional Yule-Walker
equations (see Yule (1927) and Walker (1931)) for the autocorrelation function (ACF), it is generally
favored in practice. Therefore, we will concentrate on this model specification for the rest of this
chapter, just like in all of our papers on which this thesis is based. In most applications, the first-order
INAR model (p = 1) finds application for which the two models coincide and simplify to the INAR(1)
model first introduced by McKenzie (1985) and Al-Osh and Alzaid (1987)).

The INAR(p) model is a p!* order Markov chain whose transition probabilities are given by
Pa’G(Xt = xt‘Xt—l = Tt—1y--- aXt—p = xt_p) = (Bin(wt_l, 041) EOE 3 Bin(:rt_p, Odp) * G) {I‘t}, (24)

where “x” denotes the convolution of distributions. In the special case of p = 1, they simplify to

min(zs,z¢—1)
PYC(Xy =24 Xy = x41) = Z (xt,_1>aj(1 — )" 1IG (2 — ),

§=0 J
where (G(k), k € Np) denotes the probability mass function of G. For the innovation distribution
G, Al-Osh and Alzaid (1987) initially proposed the Poisson distribution, which can be regarded as
the natural analog of the normal distribution in the case of continuous time series. This distribution
is characterized by equidispersion, naturally leading to limitations. Therefore, several alternative
innovation distributions for the INAR model have been proposed. For example, Savani and Zhigljavsky
(2007)) consider negative binomial innovations, Jazi et al. (2012b) geometric innovations, Jazi et
al. (2012a) zero-inflated Poisson innovations and Qi et al. (2019) zero-and-one inflated Poisson

innovations.
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2.1.2 IN(G)ARCH Model

Besides the idea of the INAR model replacing the multiplication by an appropriate operation
ensuring the integer range, another idea is to consider a regression model for the conditional mean
M; := E(X¢|X¢—1). This so-called INGARCH(p, q) (INteger-valued Generalized AutoRegressive
Conditional Heteroscedasticity) model has been introduced by Rydberg and Shephard (2000]) and

Heinen (2003) (under different names) as

P q
My =Bo+> o Xei+ Y BiMy, (2.5)

i=1 j=1
with X¢|X;—1,... ~ Poi(M;) and By > 0,a1,...,0p,B1,...,84 > 0. It has been further analyzed
by Ferland et al. (2006) and Fokianos et al. (2009). For different choices of distributions, one
obtains different INGARCH models. Assuming a Poisson distribution as conditional distribution
leads to the basic model we always refer to when speaking of “the INGARCH model”. Despite
the equidispersion property of the Poisson distribution, the INGARCH model is suitable to model

overdispersed observations; see Weif§ (2018).

Setting ¢ = 0 in (2.5)), we naturally obtain the so-called INARCH(p) (INteger-valued AutoRegressive

Conditional Heteroscedasticity) model. Its transition probabilities are given by

(Bo + 20y cime—i)™
I’t! '

P
pho (Xy = x¢|xy—1,...) = exp (,80 - Z ozixti)
i=1

When additionally setting p = 1, we obtain the popular INARCH(1) model, particularly addressed by
Wei (2010).

Researchers who prefer the INARCH over the INAR model argue that a drawback of the latter is the
commitment to an innovation distribution G coming with restrictions. But in a remarkable paper,
Drost et al. (2009) come up with a semi-parametric INAR model which we address in the following
Section making the INAR model class very flexible. Additionally, the INAR model exhibits a
nice and easy to interpret autoregressive structure. That is why in the remainder of this section and

mostly in our papers, we focus on the INAR model.

2.2 Estimation Methods

The INAR model is completely specified by the model coefficients o = (a1, . .., @) and the innovation
distribution G. When it comes to estimation of the model, we therefore need estimators for a and G,
where the latter might be tricky, especially in the case of unbounded counts. The literature mostly
deals with parametric estimation assuming that G lies in some parametric class of distributions, that
is,

Ge{G,|yel CR} (2.6)
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for some finite ¢ € N. Since the INAR(p) model in can be seen as the integer-valued counterpart
of the AR(p) model in , it allows the use of classical (parametric) estimation approaches as e.g.
Yule-Walker estimation, least squares estimation and maximum likelihood estimation; see for example
Du and Li (1991), Silva and Silva (2006) and Bu et al. (2008]) or Section 2.2 of Weif§ (2018) for a
summary of the most popular ones. While might be too restrictive, for example, in terms of
dispersion or possible zero-inflation, the semi-parametric model estimator of Drost et al. (2009) keeps
the parametric binomial thinning operation, but the estimation of GG is completely non-parametric.
This leads to a very flexible estimation approach and for this reason, we mostly focus on this estimation

procedure in our papers.

The semi-parametric estimation approach of Drost et al. (2009) treats the error distribution as (possibly
infinite-dimensional) parameter. It jointly estimates the model coefficients and the probability mass
function of the innovation distribution. To do so, they only need some mild assumptions. First of all,

they require that

GeG={GeG:0<G(0) <1:EgP™ < 0},

where G denotes the set of all probability measures on Ny. This condition ensures that an observation
can but does not always have to be equal to zero and requests the existence of some moments to
ensure weak convergence of some empirical processes; see Drost et al. (2009) for details. Additionally,
they impose that « € © = {a € (0,1)P : -, ; < 1} which ensures the stationarity of the time
series and has already been included in our definition of the INAR model itself; see . Finally,
their non-parametric maximum likelihood estimator is defined to maximize the conditional likelihood,
that is,

n
~ A G
VneN: (a,,Gp) € argmax ~<H P(%(tl,..‘,ti),Xt> , (2.7)
(a,G)€[0,1]PxG \t=0
where P&iil X)X T PG (X, = x| Xp—1 = x4-1,..., Xt—p = x4_p) corresponds to the transition

probabilities of (2.4)). Drost et al. (2009) prove the efficiency and the consistency of this estimator

along with its limiting distribution given by

-~

Vvn (9n - 90) s =1 9_01860, (2.8)

where 6,, = (aun, @n), 0 = (o, Go), “~” denotes weak convergence, S% is a tight, Borel measurable,
Gaussian process and \119:)1 is the continuous inverse of the Fréchet derivative of U%. The latter
denotes the population counterpart of the estimating equation(s) of §n which arise from its Z-estimator
representation; see Drost et al. (2009) for details. The limiting distribution in is a transformed
Gaussian process. Because of the infinite-dimensional parameter space, this result is cumbersome to

use for asymptotic inference in applications, motivating the use of bootstrap inference instead.



2.3 BOOTSTRAP METHODS 9

2.3 Bootstrap Methods

Although the INAR model in can be seen as an integer-valued counterpart of the AR model
in (2.1), they differ in one crucial point: In contrast to the linear AR model, the INAR model is
non-linear, which is caused by the use of the (random) binomial thinning operation instead of
the (deterministic) multiplication. Particularly, Drost et al. (2009)) highlight that having the estimated
coefficients available does not directly provide the residuals. The latter is the case for the AR model,
allowing to use the very popular AR bootstrap, which has been shown to be consistent under mild
assumptions for a large class of statistics; see e.g. Kreif§ (1992), Bihlmann (1997), Kreifl (1997)
and Kreifl et al. (2011). Since the AR bootstrap is not only popular but also easy to implement, it
would be desirable to transfer it to the INAR case. To do so, one would need appropriate residuals
while correctly replicating the randomness of the binomial thinning operation. After exploring some
naive approaches, Jentsch and Weif3 (2019) conclude that this is not possible to a sufficient extent.
Instead, they come up with another bootstrap scheme and distinguish between a parametric and a
semi-parametric setting. In the following, we provide the algorithm for the semi-parametric case. By
replacing the semi-parametric estimation by a suitable parametric estimation method, one gets the

corresponding parametric approach.

Algorithm 2.3.1 (Semi-parametric INAR bootstrap of Jentsch and Weif3 (2019))

1) Using the estimator of Drost et al. (2009) displayed in (2.7)), semi-parametrically fit an INAR(p)
process X; = Y8 | ajo Xy_; + & to get estimated INAR coefficients & = (d, ..., a,) and the
estimated probability mass function G = (G(k), k € No) of G.

2) Generate bootstrap observations X7,..., X} according to
Xf=a10" Xy +...+apo" X{ ), +¢,
@k

where “o* 7 denotes (mutually independent) bootstrap binomial thinning operations and €} are

i.5.d. random variables following G.

Under a suitable set of meta assumptions, Jentsch and Weif3 (2019)) prove bootstrap consistency for
the presented bootstrap scheme. Among others, the statistic of interest has to belong to the class
of functions of generalized means, containing, for example, the sample mean, versions of sample
autocovariances, sample (partial) autocorrelations and the Yule-Walker estimators. We refer to
Jentsch and Weif3 (2019) for more details.






Summary of the Articles

3.1 Article 1: Semiparametric Estimation of INAR Models using

Roughness Penalization

The first article (Faymonville et al., [2023) provides an improved semi-parametric estimation method
for the INAR model based on the one of Drost et al. (2009) introduced in Section It uncovers
that the estimation performance of the latter may be inferior in case of short time series, leading to
estimated innovation distributions which are non-smooth. More concretely, they provide unnatural
gaps in their estimated probability mass function (pmf) of the innovation distribution, although in
practice most of the commonly used innovation distributions, such as the Poisson or the negative
binomial distribution, are smooth, that is, consecutive entries of the pmf are close to each other.
In this article, we leverage this prior knowledge and take advantage of the inherent qualitative
(non-parametric) smoothness assumption by using a penalized approach. We highlight that we still

do not assume a parametric class of innovation distributions.

The concept of penalization itself is not new in the context of count data and count time series; see
e.g. Bui et al. (2022), Nardi and Rinaldo (2011)), Fokianos (2010), Wang (2020) and Wang et al.
(2020). While they mostly use the concept of penalization to shrink the model coefficients towards
zero in order to perform variable selection, we come up with penalized estimation of the innovation
distribution towards smoothness. To this end, we conduct a roughness penalization as introduced by
Scott et al. (1980) and add a penalization term to the (log-)likelihood of Drost et al. (2009) (compare

(2.7)), that is, we maximize the penalized log-likelihood
log(Lpen(a, G)) =log(L(a, G)) —n - dgm.-

The penalty term 7 - dg ,, is based on the idea of Tibshirani et al. (2005), who penalize differences
of successive parameters. Hereby, 7 is the so-called smoothing or penalization parameter and dg

denotes a suitable measure to quantify the roughness of G with m denoting the order of difference.

11
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We consider two different roughness measures. The first one is inspired by Tibshirani et al. (2005)
and is based on the L; distance (LASSO penalization). It is defined as

max(z1,....Tn)

demi= Y, |A"G()],
where A™G(i) = A" 1 (AG(i)) and AG(i) = G(i) — G(i — 1). The second one uses the Lo distance
(Ridge penalization), that is,

max(Z1,...,Tn)

12
i=m
and is, in contrast to the first measure, characterized by not shrinking the difference of successive
entries of the pmf to zero, but close to zero, which aligns better with the concept of a smooth

distribution.

An important question that arises is how to select the penalization parameter 7 for a fixed roughness
measure. To this end, we propose two different algorithms. The first one is an adaptation of the
cross-validation procedure described in Adam et al. (2019). The second one is computationally more
intensive and avoids potentially non-optimal selection due to an inappropriate choice of the initial

value.

In simulations, we consider INAR models with different (non-)smooth innovation distributions and
model order. We cover both first- and second-order differences. Overall, we see that the penalized
estimation reduces both the variance and the bias of the estimated innovation distribution in case of
smooth innovation distributions. Additionally, we find that Lo penalization together with first-order
differences (m = 1 in (3.1))) works best. One drawback of the penalized estimation, which we observe
in the simulations, is that the joint estimation of the model coefficients and the innovation distribution
is compromised. However, this issue can be solved by combining the unpenalized estimation of the
model coefficients with the penalized estimation of the innovation distribution. Finally, we apply our
procedure to intermittent demand time series and illustrate that the penalization approach is also

beneficial for forecasting.

3.2 Article 2: spINAR: An R Package for Semiparametric and Parametric
Estimation and Bootstrapping of Integer-valued Autoregressive
(INAR) Models

The INAR model class is only marginally addressed in R (R Core Team,|2022) and other programming
languages. In R, to the best of our knowledge, there are the packages tscount (Liboschik et al.,
2017) and ZINARp (Medina Garay et al., 2022). The first one offers likelihood-based estimation for

some count time series models, but not including the INAR model. Additionally, it is limited to
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conditional Poisson or negative binomially distributed data. The second one allows for simulation and
estimation of INAR data but is limited to parametric estimation methods (compare (2.6))) and only
allows for Poisson or zero-inflated Poisson innovations. In Julia (Bezanson et al., 2017)), the package
CountTimeSeries (Stapper, 2022)) addresses integer counterparts of ARMA and GARCH models,
including the INAR model as a special case. While it supports parametric estimation methods, it
also does not allow for non-parametric estimation of the innovation distribution. Moreover, none of

these packages provides bootstrapping procedures for INAR models.

Our R package spINAR (Faymonville et al., 2024)) closes this gap and allows for simulation, (semi-)
parametric estimation and (semi-)parametric bootstrapping of INAR models. It covers models of first
and second order, that is, p € {1,2}, which are mainly relevant in applications. It has been published
via (CRAN| and, besides the provided help packages in R, we provide extensive documentation on
GitHubl

3.3 Article 3: Joint Semiparametric INAR Bootstrap Inference for Model

Coefficients and Innovation Distribution

In the literature, INAR models and in particular their innovation distributions are mostly estimated
using parametric methods; see, for example, Franke and Seligmann (1993), Freeland and McCabe
(2005)), Bréannéas and Hellstrom (2001) and Jung et al. (2005)). That is, they assume that G belongs to
a parametric family of distributions as displayed in . Following the discussion in Faymonville et al.
(2025b)), this makes the INAR model quite inflexible. Using the estimator of Drost et al. (2009)), on
the other hand, leads to much fewer restrictions and allows us to estimate the innovation distribution
in a non-parametric way, as described in Section [2.2] Besides proving its consistency and efficiency,
Drost et al. (2009) derive the limiting distribution of their INAR model estimator; see (2.8)). Despite
this apparently convenient closed form expression, the limiting distribution is cumbersome to use in

applications, naturally motivating the use of bootstrap inference instead.

To generate the bootstrap data, we use the semi-parametric INAR bootstrap of Jentsch and Weif3
(2019) for which the authors already established consistency. But this result only covers statistics
of interest, which can be represented as functions of generalized means, which do in particular not
include statistics depending on the estimated innovation distribution. In Faymonville and Jentsch
(2025)), we prove a more general result. First, we derive a Z-estimator representation of the bootstrap
estimator 6% = (&, G¥) which is the semi-parametric estimator of Drost et al. (2009) applied on the
bootstrap data X7,..., X, . Finally, under some technical and challenging to prove assumptions, we
get that

Vvn (5;'; — én) s —\119_01590 in probability, (3.2)

that is, the bootstrap estimator 5;‘; provides in probability the same limiting distribution as §n; see

(2.8). Furthermore, we state in a resulting corollary that by employing appropriate (bootstrap) delta


https://cran.r-project.org/web/packages/spINAR/index.html
https://github.com/MFaymon/spINAR
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methods of Theorem 3.1 of Beutner and Zéahle (2016) and Theorem 3.9.4 of Van der Vaart and
Wellner (1996), we can extend the bootstrap consistency result to smooth functionals of the bootstrap

estimator. That is, in probability, we have

d (£ (va (26.) —E(00))) . £* (Vi (E6;) -

(1]

(@.)))) =0 (3.3)

for Z:[0,1]” x G — R? a sufficiently smooth functional such that the conditions in Theorem 3.1 of
Beutner and Zéahle (2016)) are fulfilled and d an appropriate metric on (the distributions of) random

elements in RY.

To validate the result in , we set up simulations in which we construct confidence intervals for the
entries of the true model parameter 0y = (ag, Gp). We consider different INAR DGPs with different
levels of dispersion and observations’ mean. To illustrate the practical relevance of and , we
provide three different methodological applications. First of all, these results establish the theoretical
framework of the semi-parametric goodness-of-fit test presented by Faymonville et al. (2025b). Second,
we consider the prediction issue discussed in Faymonville et al. (2025a) and provide a semi-parametric
version of their proposed procedure. Lastly, we present another application by constructing confidence
intervals for both the dispersion index of the observations and the innovations. We especially highlight
the novelty of the latter since only a non-parametric estimation of the innovation distribution allows
us to address the innovations directly without imposing a parametric assumption (often) fixing
the dispersion from the outset. Finally, we apply the semi-parametric prediction procedure on a
real-data set from economics while also providing confidence intervals for the dispersion indices of the

observations and the innovations.

3.4 Article 4: Semi-parametric Goodness-of-fit Testing for INAR Models

In this article, we propose a goodness-of-fit test on the INAR model class. We discuss the flexibility
of the INAR model introduced in Subsection and how an assumption of the form will
inevitably lead to limitations. That is why we should not test for restrictive parametric null hypotheses
of the form

H{™™ (X4, t € Z)is INAR(p) with G = G for some A € A (3.4)

for some parametric family of innovation distribution {Gx, A € A} with A € R? and some (finite)
d. Instead, we test for the null that the data follow an INAR(p) model with unspecified innovation
distribution, that is,

HY™ : (Xy, t € Z)is INAR(p). (3.5)

Null hypotheses of the form (3.4) are usually considered in the literature since they notably simplify
the estimation process and enable relatively straightforward testing strategies as can be seen in
Meintanis and Karlis (2014), Hudecova et al. (2015), Schweer (2016), Aleksandrov et al. (2022]),

Aleksandrov et al. (2024]) and a bivariate extension in Hudecova et al. (2021]). However, this also
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makes them particularly vulnerable to possible model misspecification, which is why null hypotheses
of the form (3.5 are preferable.

To build a test statistic, we adopt the principal idea of Meintanis and Karlis (2014]) and construct
an Lo-type test statistic based on two estimators of the (joint) probability generating function (pgf).
One estimator shall be consistent in general, the other one only under the null in . In contrast
to Meintanis and Karlis (2014)), where the pgf estimation under their null simplifies a lot as a
result of their parametric assumption, we have to deal with a general representation of the pgf, which
we derive in our paper. By exploiting the INAR dependence structure of X, ..., X;—p, we show that
the joint pgf for INAR(p) models can be represented as

gp(uo, CUp ) = ge(up) (f[ {u] 1 + aj Uy — 1))}Xt—j> ’ (3.6)

where g-(ug) = 352 P(ey = k) ub = 3272, G(k) uf. Using the estimator (2.7)), we obtain a plug-in
estimator of (3.6 under the null (3.5 given by
n p X
Gt (0) = (o) - —— > [ {1+ G0~ 1)} (37)
|

where u = (ug, u1,...,up) and

maX(Xh >Xn)

Z Gn(k) u’é.

O??‘

ZﬁEt—k SZZ

A (non-parametric) estimator of the pgf of order p which is both consistent under the null (3.5 and

the alternative is given by

gp(u) := Z HUXt ’ (3.8)

n- ptp+1]O

By using the two estimators in (3.7) and (3.8)), we naturally obtain the test statistic

Tz [ [ (i) o) wlws o) (39)

where du := dug - - - du, and w(u;a) := (a + 1)PH H?:o uf is a weighting function with weighting
parameter a > 0. Intuitively, large values of (3.9) suggest a violation of the null in (3.5). In the
article, we additionally derive a higher-order test statistic and a representation without numerical

integration.

By showing that it can be represented as a degenerate V-statistic and applying asymptotic results
of Leucht and Neumann (2013]), we derive the cumbersome limiting distribution of the test statistic
. Furthermore, we prove consistency of our test procedure under fixed alternatives and examine
its asymptotic behavior under suitable local alternatives. As stated by Giirtler and Henze (2000),
Meintanis and Swanepoel (2007), Leucht (2012)), Leucht and Neumann (2013 and Meintanis and
Karlis (2014) and proven in our paper for our specific test statistic , Lo-type test statistics as
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in (3.9) do not have a conventional limiting distribution. To enable the application of the test, we
propose an appropriate bootstrap procedure where Algorithm finds application.

In simulations, we investigate the performance of our proposed goodness-of-fit test and compare the
rejection rates with those from Meintanis and Karlis (2014). We elaborate on how we can increase
the power by using higher-order test statistics. As illustration, we apply our test on three real-world
data examples and provide all the MATLAB (The MathWorks Inc., 2022)) code (Faymonville et al.,
2025d)). All the proofs of the paper and the real-data applications can be found in (Faymonville et al.,
2025¢), which is also attached to this dissertation.

3.5 Article 5: Predictive Inference for Discrete-valued Time Series

This article not only deals with count time series but also covers the topic of discrete-valued time series
in general and is concerned with their prediction. When dealing with prediction in the non-discrete
setup, one usually comes up with a point prediction and a corresponding prediction interval to quantify
the uncertainty. A basic quality criterion for the latter is its asymptotic validity. Given a time series
Xi,...,Xp, according to Pan and Politis (2016), the interval [l,,, u,] is asymptotically valid for X,, 41
if

P(l, < Xpy1 < upl|X1,...,Xp) = 1 — 5 forn — oo, (3.10)

where 1 -3, 5 € (0,1), denotes the true coverage level. However, such intervals cannot account for the
discrete nature of a discrete-valued time series. To be in line with the notion of coherent forecasting
introduced by Freeland and McCabe (2004)), which expresses that predicted values of counts should also
be counts themselves, we could instead consider prediction sets. In the article, we illustrate that they
are, in general, not even asymptotically able to achieve validity in terms of . Instead, we propose
to construct a confidence interval for the probability that X, 1 lies in an application-motivated set S
given X1,...,X,. Here, S can be any user-selected subset of possible values of the time series’ range.
We denote the aforementioned probability with Ps,, = P(X,41 € S|X, = x,). While first focusing
on the prediction of X,,+; and models of autoregressive order one, we later expand our approach to

higher model order and larger prediction horizon.

We first cover asymptotic approaches and deal with the common situation in time series analysis where
a parametric model is used to perform the prediction. Assuming some model class with parameter 6
and a CLT for a corresponding estimator 5, we obtain an asymptotically valid confidence interval for
the parametric predictive probability of interest, where we denote the latter with ng ;:a)(ﬁo). We
emphasize that we nowhere assume that the observed time series really stems from the parametric model
class. This is important as we address the practically relevant problem of model uncertainty /model
misspecification. In this case, the parameter 6y does not denote the true parameter value but the

best fit to the data under the assumed model class.
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While in the parametric case we easily obtain a point estimator for the predictive probability by
plugging in the estimated parameter value, in the non-parametric case, we make use of the relative

frequencies and obtain

~1
S(npara) Z?:l 1{Xt+1€S,Xt=xn}
S,Tn - -
* S LX)
if 2?2_11 1¢x,—2,} # 0 and 0 otherwise. By proving an appropriate CLT and using the delta method,

we are able to derive a confidence interval for Ps,, in this non-parametric case.

Depending on the parametric assumption we rely on when asymptotically constructing the confidence
interval, the estimation of the asymptotic variance can be complicated and bootstrapping might be
beneficial. Furthermore, in order to correctly replicate the limiting distribution of the estimator, we
have to take care which scenario we face: Either we use parametric or non-parametric prediction and
either the data arise from the assumed model class or not. In the article, we provide a basic bootstrap
algorithm, where the estimation and the generation of the bootstrap data must be specified according
to which of the four cases we encounter. We establish bootstrap validity of the bootstrap procedures
and stress that the bootstrap confidence interval for the parametric predictive probability Pg’;ﬁa)(%)
retains (asymptotically) the desired level even if the data does not arise from the assumed model

class.

As illustration, we apply our proposed prediction methodology on the INAR(1) and the INARCH(1)
model (see Section and focus on (conditional) maximum likelihood estimation of these models;
see Section 2.2 of Weif3 (2018) for details. Under some regularity conditions, we prove validity of our
proposed procedures for these concrete settings. In addition to the basic bootstrap algorithm, we also
consider exceptional cases, where the confidence intervals exceed the natural range of the probability

and propose a small modification leading to range-preserving intervals.

In simulations, we cover both asymptotic and bootstrap-based approaches while considering parametric
and non-parametric setups. For the asymptotic confidence intervals, we see there is a trade-off between
robustness and efficiency. While the non-parametric approach is robust to model misspecification,
the parametric approach is more efficient when the time series arises from the assumed model class.
For the bootstrap confidence intervals, we observe that in the practically important case of model
misspecification, the obtained confidence intervals inherit this uncertainty about the true model class
and provide a slightly larger interval length. Lastly, we apply our methodology to two different data
sets from economy, where we provide the possibility to quantify the uncertainty of the point prediction
with a confidence interval. The sets of interest, .S, are chosen to answer relevant questions of the
respective field. We see that in case of a parametric approach, even the doubts about the validity of

the model can be reflected in the confidence intervals.






Discussion and Outlook

Despite their widespread application, discrete time series are much less studied than their continuous
counterparts. This discrepancy is particularly noteworthy in the context of statistical inference, where
it is essential to consider the range of a time series. In this cumulative dissertation, we primarily
focused on count time series, where the observed values have range Ny and further expanded the

research in that area.

In a first paper (Faymonville et al., 2023), we proposed an improvement of the flexible semi-parametric
estimation approach of the INAR model by proposing a penalized version. It exploited a qualitative
smoothness assumption fulfilled by most common innovation distributions and added a roughness
penalization to the existing likelihood. We then implemented these estimation methods together with
several bootstrap procedures and the possibility of flexible simulation of INAR data in our own R
package spINAR (Faymonville et al., 2024). It is available as open-source software on CRAN and
extensively documented on |GitHub| and in several R help pages. Additionally, our peer-reviewed
paper integrates our contribution into already existing software packages in different programming
languages and describes its features. Our third paper (Faymonville and Jentsch, 2025)) dealt with
the cumbersome limiting distribution of the semi-parametric INAR model estimator. Although a
closed-form expression exists, it is cumbersome to use in practice. We proposed to use an appropriate
bootstrap procedure instead and proved its validity. This result allows for joint inference of the
INAR model coefficients and the innovation distribution and we provided several methodological
applications. One of these applications is the novel semi-parametric goodness-of-fit test we developed
for the whole INAR model class (Faymonville et al.,|2025b). Contrary to already existing literature, it
does not rely on parametric assumptions about the nature of the innovations. The test statistic is of
Lo-type and based on weighted integrals using probability generating functions, leading to a complex
limiting distribution. To circumvent it, we specified a bootstrap procedure justified by the main
result of Faymonville and Jentsch (2025). We proved consistency of our test under fixed alternatives
and discussed its asymptotic behavior under local alternatives. In our last paper (Faymonville et al.,
2025a), we dealt with the prediction issue of discrete-valued time series. Although prediction in
general is a well-developed topic, the methods are usually limited to continuous time series. Instead of

constructing prediction intervals or sets given a desired coverage, we proposed to construct confidence
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intervals for the probability to observe certain values of interest in the future, where the latter arise
from application. We covered both asymptotic and bootstrap approaches while considering parametric

and non-parametric settings and proved their respective validity.

Naturally, there are limitations inherent in any research endeavor. While a semi-parametric approach
offers considerably greater flexibility compared to its parametric counterparts, it is also more complex.
Particularly with an increasing range of counts, the number of parameters that need to be estimated
grows, which inevitably makes the estimation process more cumbersome. However, it is important to
emphasize that the entire theory for discrete time series is especially relevant when dealing with low
counts. In such cases, the dimensionality of the problem decreases. Furthermore, computational power
plays a crucial role in this context. Setting up simulation studies requires substantial computational

resources. But in application, analyses on a few samples can be done with little effort.

While our proposed prediction procedure is already applicable for discrete time series in general, future
research could investigate whether the estimation procedures also find application on integer-valued
models on Z such as those proposed by Kim and Park (2008]) or Liu et al. (2021)). Another promising
research question is the joint modeling of real- and integer-valued autoregressive time series. While
the literature on continuous autoregressive models is vast and an increasing amount of research
is conducted for their integer counterparts, it is lacking a unified approach to model them jointly.
Interesting questions include, for example, how to choose operations that respect the range of all
included time series and whether classical estimation methods still find application. Also, the question
about a suitable bootstrap procedure arises, as well as how to conduct impulse response analysis or

inference in general.
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Abstract

Popular models for time series of count data are integer-valued autoregressive
(INAR) models, for which the literature mainly deals with parametric estimation. In
this regard, a semiparametric estimation approach is a remarkable exception which
allows for estimation of the INAR models without any parametric assumption on the
innovation distribution. However, for small sample sizes, the estimation performance
of this semiparametric estimation approach may be inferior. Therefore, to improve
the estimation accuracy, we propose a penalized version of the semiparametric
estimation approach, which exploits the fact that the innovation distribution is often
considered to be smooth, i.e. two consecutive entries of the PMF differ only slightly
from each other. This is the case, for example, in the frequently used INAR models
with Poisson, negative binomially or geometrically distributed innovations. For the
data-driven selection of the penalization parameter, we propose two algorithms and
evaluate their performance. In Monte Carlo simulations, we illustrate the superiority
of the proposed penalized estimation approach and argue that a combination of
penalized and unpenalized estimation approaches results in overall best INAR model
fits.
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1 Introduction

According to Du and Li (1991), the INAR(p) model is defined by the recursion
Xi=aoXi 1 +woX,o+...+a,0X_,+e,te L, (1)

with innovation process s,l'de, where the distribution G has range
No = {0, 1,2,...}. Furthermore, let a = (a,...,%,)" € (0,1)” denote the vector of
model coefficients with > 7, o;<1 and

Xe—i

(1)
o0 X = E Z, )
J=1
€ _ 9

where “o” is the binomial thinning operator first introduced by Steutel and Van Harn

(1979). Here, <Zj(t’i),j eN,te Z), iel,...,p, are mutually independent Ber-

noulli-distributed random variables Zj(t’i) ~Bin(1, ;) with P(Zj-(t’i) =1) = o; inde-
pendent of (g, t € Z). The special case p =1 results in the INAR(1) model
introduced by McKenzie (1985) and Al-Osh and Alzaid (1987). All the thinning
operations “o” are independent of each other and of ¢, t € Z. Furthermore, the
thinning operation at time ¢ and ¢, are independent of Xj, s <¢.

Most researchers deal with parametric estimation of INAR models (see for
example Franke and Seligmann (1993), Freeland and McCabe (2005), Briannis and
Hellstrom (2001) and Jung et al. (2005)), i.e. they assume G to lie in some parametric
class of distributions (Gy | 0 € ® C R?) for some finite ¢ € N. In contrast, Drost
et al. (2009) introduced a semiparametric estimator, which on the one hand keeps the
parametric assumption of the binomial thinning operation, but on the other hand
allows to estimate the innovation distribution nonparametrically. Using empirical
process theory, they derive asymptotic theory in terms of consistency and asymptotic
normality results and proved efficiency. Consequently, their estimation approach
does not require any parametric assumption regarding the innovation distribution,
and avoids the risk of a falsely specified parametric assumption and its undesirable
consequences. The approach estimates the coefficients of INAR models and the
innovation distribution simultaneously. The resulting semiparametric maximum
likelihood estimator

(&spa Gsp) = (&sp,la ey Ozsp,pa Gsp(o)7 Gsp(l)a Gsp(z)a e ')7

where &g, = (dgp.1, .- -, dspp) denotes the vector of the estimated INAR coefficients

and {G,,(k), k € Ny} are the estimated entries of the probability mass function
(PMF) of G, maximizes the conditional log-likelihood function log(L(a, G)), i.e.
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5 ~ . o, G
Vn € Zy : (4, Gyp) € arg max <HP(261,..‘JGP),X,)' (2)
(@,G)€[0,1/"xG \ 1=0

a2, G
()(1717"',‘)(110)7)(/

transition probabilities under the true model parameters « and G, i.e.

Here, G is the set of all probability measures on Z, and P are the

p
a,G _ § ' — — —
P(xl—lg~~~7x/—p)7xt - Pa,G( o OA/t—i + & =X ‘ AXt—l = Xt—1,-- ';A/l—p - xt—p)

i=1
= (Bin(x/—1,00) * ... * Bin(x,—p, o) * G){x;},

with PP the underlying probability measure and “x” denoting the convolution of
distributions. In the special case of an INAR(1) model the transition probabilities are
given by

min(xt,xt_1)<xl ]

”:Doz,G(Xt = Xt |Xt—1 = xt—l) = Z )05](1 - O‘)thl_jpa,G(gt =Xt _j)7
j=0

where « is the coefficient of the INAR(1) model (McKenzie 1985; Al-Osh and Alzaid
P

1987). For k<min{X;, — >  X,; | t=p+1,...,n} ork >max{X, | t=1,...,n},
=1

-
the values Gsp (k), k € Ny, are equal to 0. For further details, see Drost et al. (2009).

In practice, discrete probability distributions such as the Poisson, the negative
binomial or the geometric distribution are often used as innovation distribution G, see
Weill (2018), Yang (2019), Al-Osh and Alzaid (1987), Al-Osh and Alzaid (1990).
The common feature of all these distributions is their smoothness in the sense that
consecutive entries of their PMFs differ only slightly from each other. However, for a
small sample size n, the semiparametric estimation approach of Drost et al. (2009)
may lead to rather non-smooth innovation distributions with unnatural gaps in their
PMF. For illustration, we consider a time series containing counts of transactions of
structured products (factor long certificates with leverage) from on-market and off-
market trading per trading day between February 1, 2017 and July 31, 2018 (thus
n = 381). These data, which are plotted in Fig. 1, have first been presented by
Homburg et al. (2021), who derived them from the Cascade-Turnoverdata of the
Deutsche Borse Group. In the upper right corner, we see the estimated innovation
distribution using the semiparametric procedure of Drost et al. (2009) which turns out
to be smooth. In the second row, we consider only the first 100 observations of the
time series, where the first plot shows indeed a bimodal estimated innovation
distribution. In the third row, we only considered the first 20 observations. The lower-
left plot shows the resulting estimated PMF, which contains an unnatural gap with
Gsp(3) being estimated exactly equal to zero while its neighbors G, (2) and Gy, (4)
are estimated positive. Hence, the resulting estimation is not smooth contrary to the
estimated innovation distribution on the whole time series. In general, such non-
smooth innovation distributions are not common in practice and instead, smoothly
estimated innovation distributions are often desired. In this paper, we want to use this
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Fig. 1 From left to right and top to bottom: Plot of time series of counts of transactions of structured
products per trading day, the unpenalized estimation of the corresponding innovation distribution based on
the full data and the (un)penalized estimated innovation distribution for the first 100 and 20 observations,
respectively

prior knowledge and take advantage of a natural qualitative smoothness assumption
on the innovation distribution by proposing a version of the semiparametric
estimation approach, which penalizes the roughness of the innovation distribution.
The resulting estimated PMFs of this approach are contained in the right plots in the
second and third row, respectively. In comparison, the penalized estimation now
leads to a smoother estimation of the PMF without any gaps. We will have a closer
look at additional real data examples in Sect. 4. For long time series, the smoothing
caused by penalization is not of such great importance, because the distribution
estimated without penalization will be sufficiently smooth by itself. But for short
time series, estimation without smoothing will commonly lead to jagged estimated
innovation distributions although the true distribution behind the data might be
smooth. So the need for smoothing is of particular importance for short time series.
The paper is organized as follows. In Sect. 2, we introduce a penalized estimation
approach using roughness penalization and propose two algorithms for the data-
driven selection of the penalization parameter. Section 3 examines our estimation
approach in a comprehensive simulation study, where we compare the estimation
performance of the penalized and the unpenalized approach for different settings. In a
real data application in Sect. 4, we analyze the monthly demand of car spare parts to
illustrate our method and its practical relevance. In the conclusion in Sect. 5, we
summarize the results and give an outlook on further research questions.
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2 Penalized approach of fitting INAR models

Penalized estimation of count data is a modern topic in current statistical research.
Bui et al. (2021) consider parameter estimation in count data models using penalized
likelihood methods. In a time series context, Nardi and Rinaldo (2011) studied
LASSO penalization for fitting autoregressive time series models to get sparse
solutions, i.e. where some autoregressive coefficients are estimated exactly as zero.
Fokianos (2010) proposed an alternative estimation scheme for the estimation of
INAR models based on minimizing the least square criterion under ridge type of
constraints. Wang (2020) proposed a variable selection procedure for INAR(1)
models with Poisson distributed innovations including covariables by using
penalized estimation and Wang et al. (2021) introduced an order selection
procedure for INAR(p) and INARCH(p) models also by using penalized
estimation. By contrast, in this paper, we propose a penalized estimation approach
for INAR models which does not rely on a penalization of the INAR coefficients
(towards zero), but on a penalization of the roughness of the innovation distribution
(towards smoothness).

2.1 Penalized estimation approach using roughness penalty

The idea of our approach is to penalize the log-likelihood used in the semiparametric
estimation of the INAR model according to Drost et al. (2009). Thus, we still do not
assume a parametric class of distributions, we only use the assumed qualitative (i.
e. nonparametric) property of smoothness. More precisely, this refers to a roughness
penalization as introduced by Scott et al. (1980), which is e.g. used by Adam et al.
(2019) for developing a nonparametric approach to fit hidden Markov models to time
series of counts. We design the penalty term based on the idea of Tibshirani et al.
(2005), where differences of successive parameters are penalized. In this regard, we
allow for differences of order m € N. Applied to our setting, the estimation approach
based on Drost et al. (2009) now maximizes the penalized log-likelihood (compare (2))

IOg(ﬁpen(O‘v G)) = log(L(2,G)) —n - d.m,

where # > 0 is the so-called smoothing or penalization parameter, dg, denotes a
suitable measure to quantify the roughness of G and m corresponds to the order of
difference. According to Tibshirani et al. (2005), a first possible roughness measure
for the penalization term is based on the L; distance (LASSO penalization), i.e.

max (Xi,...,Xp)

dm1 = Z | A"G(i) |, (3)

i=m

where A”G(i) = A" ' (AG(i)) and AG(i) = G(i) — G(i — 1). In addition, we con-
sider the squared L, distance (Ridge penalization) as second roughness measure, i.c.
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max (Xj,...,Xn)

domp = Z

i=m

(A"G(1))*. (4)

The idea behind choosing this second roughness measure is that it does not shrink the
differences of the successive entries of the PMF exactly to 0 (contrary to the first
roughness measure), but the differences become close to 0, which is more in line with
the idea of a smooth distribution (note the analogy of penalized regression, where the
L, penalization is used for variable selection because of this property, see Fahrmeir
et al. (2013)). The order of the differences m is a tuning parameter. For m = 1, we
penalize only the distance between two directly consecutive entries, for m = 2 the
smoothness is extended to a triple of values, etc.

Remark 1 A possible extension would be to allow for different penalization weights
(n;) for the individual (higher-order) differences of the entries of the PMF. For
instance, in the case of L penalization, the goal could be to maximize

max(Xj,...,Xp)

log(L(,G) — >

i=m

n | A"G(i) |,

analogously for the case of L, penalization.

Figure 2 shows a first exemplary result on a sample of an INAR(1) process with
n = 25 observations, order of difference m = 1 and smoothing parameter n = 1
roughly chosen by eye. In this example, the benefit of penalization already becomes
clear. The penalized estimated innovation distributions are much closer to the true
Poi(1) innovation distribution (which was truncated at value six for clarity) than the
unpenalized estimated innovation distribution. Also, the difference between the L,
and the L, penalization becomes visible. When using the L, penalization, the
distances between the values of the PMF become small, when using the L,
penalization they are shrinked to zero.

no penalization L1 penalization L2 penalization true distribution

© [{e) [{e) [{e)
ol M o ] <3 <3
< < < <
o — o o o
Al [aV] [aV] [aV]
o o O] Ci_]
o O o oo o | |:||:||:|__ o | |:||:|=.__
o o
0 2 4 6 0 2 4 6 0 2 4 6 0 2 4 6

Fig. 2 Barplots of the (estimated) innovation distributions for one realization in the four cases (no
penalization, L; penalization, L, penalization, true distribution)
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2.2 Selection of the penalization parameter

Now, we propose two approaches to determine for a fixed roughness measure the
optimal smoothing/penalization parameter #, which is a trade-off between fit to the
data and the smoothness assumption. For this purpose, we adapt as a first approach
the cross-validation procedure described in Adam et al. (2019) to our setting.
Therefore, we split the data set into s blocks F;, i = 1, ..., s, of roughly equal size. In
each fold i, F(_;) denotes the in-sample data (data without F;) and F; the out-of-
sample data. This replicates the correct dependence structure except for the “glue
points”, which only has a minor effect in practice when the data originate from an
INAR model of small order. The greedy search algorithm is structured as follows:

Algorithm 1

(1) Choose an initial #(°) > 0 and set z = 0.
(2) For each fold i and for each value on a specified grid

{009 =2e,0® — e, 79D 09 4 ¢,4® +2¢,...}

where ¢ € R is a small constant, estimate the model with penalization on F_;
and compute the penalized log-likelihood on F;.

(3) Average the resulting log-likelihood values across all folds 7 and choose 5**!)
as the penalization parameter on the grid that yields the maximum value.

(4) Repeat steps 2) and 3) until 7)) = 5 and define 7Pt := 5+,

Furthermore, to avoid a potentially non-optimal selection of the penalization
parameter # caused by an inappropriate choice of the initial value 7(*), we propose a
second optimization algorithm. How we split the data in each fold j, j =1,...,s, in
in- and out-of-sample data is specified later in Sect. 3.

Algorithm 2

(1) For each fold j and each value 5 on a specified grid {0, ¢,2¢, 3¢, .. .,u} on the
interval [0,u] for an appropriate upper bound u, estimate the model with
penalization on the in-sample data and compute the penalized log-likelihood
on the out-of-sample data.

(2) Average the resulting log-likelihood values across all folds ;.

(3) Fit apolynomial of order 7 to the curve resulting from plotting the average out-
of-sample log-likelihood against the grid.

(4) Choose 1°P" as the value on the grid, where the curve takes its maximum value.

3 Simulation study
We investigate the performance of the proposed procedure in a simulation study with

K =500 Monte Carlo samples of size n € {20, 50, 100,250,500, 1000} generated
from an INAR(1) process according to (1) for p = 1 with different coefficients
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o« € {0.2,0.5,0.8} and innovation distributions G € {Poi(1), NB(2,2),Geo(}),
ZIP (% ,2)}, where ZIP denotes a zero-inflated Poisson distribution as in Jazi et al.
(2012). The parameters of the negative binomial, geometric and zero-inflated Poisson
distribution are hereby chosen to have the same expected value as the Poi(1)
distribution. But contrary to the Poi(1) distribution which is equidispersed, i.e. the
variance of the distribution equals its mean, they are overdispersed, i.e. their
variances are larger than their mean values. Another difference between the
considered innovation distributions is their (non-) smoothness, see also Fig. 12 in the
appendix. The Poi(1), NB (2, %) and Geo (%) distributions are rather smooth, but the
ZIP (% ) 2) distribution, which shows a pronounced zero probability, is not. The effect
of this property on the roughness penalization is investigated in Subsect. 3.5.
Moreover, in Subsect. 3.2, we also provide a small simulation setting for higher-order
INAR processes and consider the case of an INAR(2) model. The implementation is
straightforward but is a lot more demanding such that we restrict the considered
setting to a rather small extent. To ensure the stationarity of the time series, we
actually generate n + 100 observations and remove the first 100 observations. We
consider first (m = 1) and second (m = 2) order differences in the penalization term
(see Subsect. 3.4). As initialization for the smoothing parameter #(?), we set #(®) = 1
as in the example in Fig. 2 for the sample sizes n € {20,50,100,250} and for
computing time reasons 7(*) = 0.5 for n € {500,1000}." For the considered grid
around the smoothing parameter (see Algorithm 1) we choose ¢ = 0.05 resulting in
{7 —0.1, n® —0.05, 49, 4¥) 40.05, ® +0.1}. Unless stated otherwise, we
use o = 0.5 as true INAR(1) coefficient and Algorithm 1 with 10-fold cross
validation (s = 10) as optimization algorithm. For the realization of the simulation
study, we use the statistical programming language R 4.1.2 (R Core Team 2021).

3.1 Roughness penalty for smooth innovations distributions and first order
differences

Figure 3 shows the L, distances of the estimated innovation distributions to the true
Poi(1) innovation distribution,

M
d(G,G) = (G(i) - G(i)*,
i=0
for the different sample sizes and the respective estimation methods (unpenalized
(up), L, penalization and L, penalization) for some large enough M. We use M = 70
as upper bound for the observations x, . . ., x,, since after this value the corresponding
probabilities of occurrence are negligibly small. When the sample size # is small, the
penalized estimation of the innovation distribution provides a large benefit compared
to the unpenalized estimation: The L, distances of the penalized estimated to the true
innovation distribution are much smaller than those of the unpenalized estimated to
the true innovation distribution. Furthermore, the L, penalization performs better

' For large sample sizes n, %" will be close to zero, so a lower initial value decreases the number of
iterations needed for Algorithm 1, which saves computing time.
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Fig. 3 Boxplots of the L, distances of the estimated innovation distribution to the true Poi(1) innovation
distribution of an INAR(1) process for different sample sizes n. We report results for unpenalized (up), L;
and L, penalized estimation

than the L penalization. In Table 3 in the appendix, we also report the variance, the
bias and the MSE of the first five estimated entries of the PMF resulting from the
different procedures for the different sample sizes n. We see that the penalized
estimation reduces both the variance, the absolute bias and consequently also the
MSE of the estimated innovation distribution, especially for small n. Figures 17 and
18 and Tables 6 and 7 in the appendix show the analog results for a true NB (2, %) and
Geo (%) distribution, respectively. In general, regardless of the distribution and up to a
sample size of n =100, we see a clear improvement concerning the estimation
performance when using penalization. From a sample size of n =250 on, this
improvement can only be seen marginally with the different methods essentially
coinciding for large ». In Fig. 13 and Table 4 in the appendix, we show the results for
INAR coefficient o = 0.2 and Poi(1) innovation distribution and, correspondingly, in
Fig. 15 and Table 5 for o = 0.8. In the latter case, the benefit of the penalized
estimation compared to the unpenalized estimation is even larger than in the case
o = 0.5. This is plausible because it is in general more difficult to estimate the
innovation distribution for a larger value of o as this also leads to a larger obser-
vations mean with innovations mean remaining constant. Therefore, more entries of
the PMF have to be estimated with the same amount of data. Contrary, for « = 0.2,
we have (with analog arguments) less entries of the PMF which have to be estimated
with the same amount of data, which simplifies the estimation of the PMF in general
and the benefit of penalization decreases. Altogether, we can conclude that the benefit
of penalization is more pronounced with larger o, that is, with larger serial
dependency.

We get confirming conclusions, when we consider the values of the optimal
smoothing parameter #, which approaches zero with increasing n, see Fig. 4 for the
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case of a true Poi(1) innovation distribution, Figs. 19 and 20 in the appendix for the
cases of a true NB (2, %) and Geo (%) innovation distribution and Figs. 14 and 16 in
the appendix in case of a true Poi(l) innovation distribution with o = 0.2 and
o = 0.8, respectively. Thus, for increasing n, the penalized and the unpenalized
estimation coincide as intuitively expected: For large n, there are enough
observations to learn the smoothness of the innovation distribution from the data
even without imposing smoothness through penalization.

3.2 Higher-order INAR processes

To show that our proposed procedure is also applicable for higher-order INAR
processes, we consider the case of a true INAR(2) process according to (1) for p = 2
with coefficients o = 0.3, o, = 0.2 and G = Poi(1l). Due to the high computing
time for the semiparametric estimation, we only consider a small simulation setup
with n = 50 observations and K = 100 Monte Carlo samples. We consider L, and L,
penalization with first order differences and compare the performance with the case
of estimation without penalization. In Fig. 21 in the appendix, we see that also for
higher-order INAR models, penalized estimation of the innovation distribution
provides a clear benefit compared to unpenalized estimation. With penalization we
are closer to the true innovation distribution than without and we are able to reduce
the variance, the absolute bias and consequently the MSE of our estimation, see
Table 1. Again, L, penalization works best.

3.3 Alternative selection of the penalization parameter

To investigate whether the results depend on the chosen initial parameter, we now
determine the optimal penalization parameter alternatively using Algorithm 2 with
u=25,¢=0.1 and r = 5. In this context, we want to address a potential practical
issue of Algorithm 1: the generation of the in- and out-of-sample data. For each of
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[} # —_
S0- : : . = ’ ) i 8 .
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O| 4-
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Fig. 4 Boxplots of the penalization parameter n selected by L; penalization (upper panel) and L,
penalization (lower panel) for the different sample sizes n in the case of a true Poi(l) innovation
distribution of an INAR(1) process
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Table 1 Variance, bias and MSE of the first five estimated entries of the PMF for n = 50 in case of a true
Poi(1) innovation distribution of an INAR(2) process. We report results for unpenalized (up), L; and L,
penalized estimation

n g0 up g0 L1 g0 L2 gl up gl L1 gl 1.2
50 Variance 0.0269 0.0080 0.0070 0.0244 0.0037 0.0028
Bias —0.0499 —0.0571 —0.0016 -0.0317 —0.0786 —0.0393
MSE 0.0294 0.0113 0.0070 0.0254 0.0099 0.0043
n g2 up g2 L1 g2 12 g3 up g3 L1 g3 12
50 Variance 0.0193 0.0054 0.0045 0.0087 0.0073 0.0030
Bias 0.0369 0.0266 0.0193 0.0227 0.0719 0.0202
MSE 0.0207 0.0061 0.0048 0.0092 0.0124 0.0034
n g4 up g4 L1 g4 12
50 Variance 0.0025 0.0043 0.0009
Bias 0.0127 0.0511 0.0070
MSE 0.0026 0.0069 0.0009

the 10 folds, 90% of the data becomes the in-sample data and the remaining 10% the
out-sample data. For small n, 10% of the data is small. To avoid this, we now use an
n-fold cross-validation (§ = n) for sample sizes n € {20,50} with Algorithm 2,
where starting from each observation the following 50% of the data is in- and the
other 50% is out-of-sample. When reaching the end of the time series, we start
again from its beginning.

In Fig. 5, we see the results of this alternative procedure compared to the previous
(iterative) procedure in Algorithm 1. It gives slightly better results than the iterative
method, but overall the distances are very similar. The same can be concluded when
considering Table 8. The alternative procedure leads to slightly lower MSE values,
but altogether the values resemble each other. The 10-fold cross-validation also
seems to be suitable and the resulting optimal parameters of the two procedures are
close to each other (see Fig. 6). In conclusion, if we determine the optimal parameter
from a sequence on a grid as in Algorithm 2, we tend to get slightly better results.
However, the price to pay is a much higher computing time than with the iterative
procedure. The iterative method needs a reasonably chosen starting value, but then it
gives similarly good results in considerably less computing time. In addition, when
using the alternative method, the question arises how to choose the upper limit of the
interval adequately. In the following, we will continue to use the iterative method
from Algorithm 1 but one should keep in mind that Algorithm 2 is also a practically
useful procedure.
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Fig. 5 Boxplots of the L, distances of the estimated innovation distribution to the true Poi(1) innovation
distribution of an INAR(1) process for the different sample sizes n. We report results for unpenalized (up)
and L, penalized estimation using either the iterated Algorithm 1 (A1) or the alternative Algorithm 2 (A2)
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Fig. 6 Boxplots of the penalization parameter # selected by L, penalization using Algorithm 1 (A1, upper
panel) and Algorithm 2 (A2, lower panel) for the different sample sizes n in the case of a true Poi(1)
innovation distribution of an INAR(1) process

3.4 Higher-order differences in penalization term

So far we only considered first order differences (m = 1). Now we want to see if
penalizing higher-order differences (e.g. m = 2) is able to improve the performance
of our penalized estimation method. In Fig. 7 and Table 10 in the appendix it is
visible for the case of a true Poi(1) innovation distribution and L, penalization that
also the penalization of differences of higher order performs better than the
unpenalized estimation in the cases of small sample sizes, and that it comes close to
the penalization of first order differences. Similar results are in Fig. 22 and Table 9,
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Fig. 7 Boxplots of the L, distances of the estimated innovation distribution to the true Poi(1) innovation
distribution of an INAR(1) process for the different sample sizes n. We report results for unpenalized (up)
and L, penalized estimation using either first order (diff1) or second order (diff2) differences

both in the appendix, where we see the results of first and second order differences
for the L, penalization. In case of L; penalization, we would prefer second order
differences for small sample sizes. Overall, however, the L, penalization of first-order
differences performs best.

3.5 Non-smooth innovation distribution

Finally, let us consider the case of ZIP(},2) distributed innovations and consider
Fig. 8. The results are as expected. Since the ZIP distribution is not smooth (see
Fig. 12 in the appendix), the smoothness assumption and hence the penalization is
not suitable. The boxplots reflect this: Except for sample size n = 20, the penalized
estimation procedure provides no benefit and for some n even leads to slightly higher
L, distances from the true ZIP (% ) 2) distribution than the unpenalized procedure. As
we can see in Table 11, the penalized estimation leads to a higher absolute bias when
estimating the first (non-smooth) entry, G(0), of the PMF. As sample size n increases,
the penalization has less impact, as there is enough data to detect the incorrect
assumption such that the unpenalized and the penalized procedures coincide.

For comparison, let’s take a look at the results with a true ZIP (% ) 2) distribution
when we exclude G(0) from the penalization displayed in Fig. 9, i.e. when we
consider

max (X ,...,Xp)

2

i=m+1

max(Xj,...,Xp)

2

i=m+1

dgm1 = |A"G(i)| and dgm, = (A"G(i))?,

instead of dg 1 and dg > defined in (3) and (4). It becomes clear what we would
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Fig. 8 Boxplots of the L, distances of the estimated innovation distribution to the true ZIP(%,Z)
innovation distribution of an INAR(1) process for the different sample sizes n. We report results for
unpenalized (up), L; and L, penalized estimation
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Fig. 9 Boxplots of the L, distances of the estimated innovation distribution to the true ZIP(%J)
innovation distribution of an INAR(1) process for the different sample sizes n. We report results for
unpenalized (up), L; and L, penalized estimation without smoothing of G(0) (nz)

expect: By excluding the “non-smooth entry” G(0) of the PMF of the innovation
distribution from penalization, the penalized estimation works well again and pro-
vides a benefit for small n. In this case, the penalized estimation now results in a
lower absolute bias of the estimated PMF’s first entry compared to the unpenalized
estimation (compare Table 12). However, this benefit is not as pronounced as in the
cases of a true Poi(1), NB (2,%) and Geo(%) innovation distribution. This can

probably be explained by the fact that the ZIP (% , 2) distribution has most of its mass
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in zero and the corresponding entry of the PMF, G(0), remains unaffected by the
penalization. Consequently, the results from penalized and unpenalized estima-
tion do not differ substantially from each other.

In summary, if the smoothness assumption of the innovation distribution is
correctly imposed, it provides a large benefit for small sample size n. This holds
whether the true underlying distribution is equidispersed or overdispersed. The best
results are obtained for L, penalization and first-order differences.

3.6 Estimation of the INAR coefficient

A drawback of the penalized estimation is that the estimation of the INAR coefficient
o no longer works well for small sample size n, see Fig. 23 in the appendix. A
strength of the semiparametric estimation approach of Drost et al. (2009) is the
accurate joint estimation of the INAR coefficient and the innovation distribution.
This joint estimation accuracy is not maintained when penalization is used for small
n. The L, distances of the penalized estimated INAR coefficient o to the true value
are higher than for the unpenalized estimated coefficient. For increasing n, the
estimation of « improves, but since the benefit of the penalized estimation lies in the
cases where n is small, this is no comfort.

Instead, we can solve this problem by taking only the estimator for the innovation
distribution from the penalized approach and estimating the INAR coefficient with
the unpenalized (efficient) estimation approach of Drost et al. (2009). In Fig. 23, we
see that it is indeed preferable to combine the unpenalized estimation of the INAR
coefficient o and the penalized estimation of the innovation distribution G. Also
when looking at the MSE, it is clear that this combination outperforms all other
estimation approaches under consideration.

4 Real data example

For modeling intermittent demand, Syntetos and Boylan (2021) consider the
equidispersed Poisson distribution on the one hand, and, as the demand variability
may be severe when demand is intermittent, overdispersed distributions from the
Compound-Poisson family (such as the negative binomial distribution) on the other
hand. All these parametric distributions are smooth. With our novel penalized
semiparametric estimation approach, we get smooth distributions without parametric
assumptions, and as we saw in our simulations, our penalization procedure works
well for both equi- and overdispersed distributions. By contrast, if using an
unpenalized non-parametric estimation approach such as the empirical distribution
function (EDF), Syntetos and Boylan (2021) criticize that demand values not
observed in the past are automatically assigned zero probabilities for the future.
Furthermore, they state that an EDF provides a perfect fit to the historical data, but it
does not ensure the goodness of fit to the demand over the forecast horizon,
especially with respect to higher percentiles. Again, these drawbacks are omitted
with our penalized estimation approach. Finally, historical demand time series are
often rather short, see the demand count time series provided by Snyder (2002) as
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an example, such that smoothing approaches would be particularly welcome. For
these reason, the forecasting of intermittent demand appears to be a promising
application area for our proposed penalized semiparametric estimation procedure.
Therefore, we consider time series (n = 51) of the monthly demand of different
car spare parts offered by an Australian subsidiary of a Japanese car company from
January 1998 to March 2002 (Snyder 2002). Figure 10 contains an exemplary time
series of car part 2404. The observations vary between 0 and 5 and the up and down
movements indicate a moderate autocorrelation level. After inspecting the corre-
sponding (P)ACF also included in Fig. 10, we conclude that an AR(1)-like model
might be appropriate for describing the serial dependence of the time series.
Moreover, L, penalization with first order differences leads to an estimated
innovation distribution without any unnatural gaps, i.e. zero values, in the PMF.
Now consider the 1-step median prediction and the 90% quantile of the 1-step
prediction of the demand for car spare part 2404. The latter serves here as a worst-
case scenario for spare parts requirements. Therefore, we determine the median and
the 90% quantile of the predictive distribution P(. .. | y), where y € 0, ..., 10. Based
on the results of the simulation study in Subsect. 3.6, we use the penalized estimated
innovation distribution and the unpenalized estimated INAR coefficient to determine
the conditional predictive distribution. Table 2 shows that the penalized estimation
tends to lead to higher predicted values (more conservative prediction). Conse-
quently, without penalizing the innovation distribution, the predictions for the
demand for spare parts may be too low, which can lead to a lack of spare parts.
Moreover, the penalization of the innovation distribution (especially for such short
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Fig. 10 From left to right and top to bottom: Plot of time series of monthly demand for car spare part 2404,
its corresponding ACF and PACF and the unpenalized and the penalized estimated innovation distribution

@ Springer




FAYMONVILLE ET AL., |2023

45

Semiparametric estimation of INAR models...

Table 2 Unpenalized and penalized 1-step median prediction and 90% quantile of the 1-step prediction of
the demand for car spare part 2404 when observing demand y

y 0 1 2 3 4 5 6 7 8 9 10

Median 1 1 1 1 2 2 2 3 3 3 3
(unpenalized)

Median (penalized) 1 1 2 2 3 3 3 3

90% quantile 2 2 3 3 4 4 4 5 5 5 6
(unpenalized)

90% quantile 2 3 3 4 4 4 5 5 5 6 6
(penalized)

time series) can serve as a robustness analysis to identify possible

uncertainties in the forecast at an early stage.

In addition, we consider car spare part 1971. Figure 11 again suggests an AR(1)-
like model and a moderate autocorrelation level. The observations vary between 0
and 4 and there may be zero inflation in this time series. Therefore, in addition to the
unpenalized and penalized estimates, we also consider the penalized estimate of the
innovation distribution, where G(0) is not smoothed (see Subsect. 3.5). It becomes
clear that this last estimation procedure yields more plausible results than when G(0)
is smoothed. Again, the penalized estimation procedure yields a slightly smoother
innovation distribution than the unpenalized estimation. In summary, if there is a

reasonable suspicion of zero inflation, G(0) should not be smoothed.
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Fig. 11 Plot of time series of monthly demand for car spare part 1971, its corresponding ACF and PACF,
the unpenalized and the penalized estimated innovation distribution and the penalized estimated innovation
distribution excluding the first entry of the PMF (from left to right and from top to bottom)
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5 Conclusion

Although semiparametric estimation yields a decent fit in INAR models, its
performance is often not convincing for small sample sizes. Therefore, we proposed a
penalization approach that exploits a qualitative smoothness assumption fulfilled by
commonly used innovation distributions. A simulation study showed that our
penalization approach provides a large benefit in estimating the innovation
distribution, especially for small sample sizes. Additionally, we showed that the
combination of unpenalized estimation of INAR coefficients and penalized
estimation of the innovation distribution provided the best performance. Future
research should investigate whether additional penalization of the INAR coefficients
may result in further benefit. Furthermore, as the penalization approach proved to be
beneficial for forecasting, one may also think of an application in statistical process
control, i.e. for the design of control charts relying on a fitted INAR(1) model.
Another interesting issue for future research is the application of our proposed
method on integer-valued autoregressive models on Z, such as those proposed by
Kim and Park (2008) or Liu et al. (2021).

Appendix

See Figures 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22 and 23.
See Tables 3, 4, 5,6, 7,8,9, 10, 11 and 12.
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Fig. 12 Probability density functions of the Poi(1), NB(2,3), Geo(}) and ZIP(},2) distributions
(truncated at value 10 for clarity)
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Fig. 13 Boxplots of the L, distances of the estimated innovation distribution to the true Poi(1) innovation
distribution of an INAR(1) process for the different sample sizes n and o = 0.2. We report results for
unpenalized (up), L; and L, penalized estimation
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Fig. 14 Boxplots of the penalization parameter 5 selected by L; penalization (upper panel) and L,
penalization (lower panel) for the different sample sizes n in the case of a true Poi(l) innovation
distribution of an INAR(1) process and o = 0.2
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Fig. 15 Boxplots of the L, distances of the estimated innovation distribution to the true Poi(1) innovation
distribution of an INAR(1) process for the different sample sizes n and « = 0.8. We report results for
unpenalized (up), L; and L, penalized estimation
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Fig. 16 Boxplots of the penalization parameter 5 selected by L, penalization (upper panel) and L,
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distribution of an INAR(1) process and o = 0.8
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Fig. 17 Boxplots of the L, distances of the estimated innovation distribution to the true NB(Z,%)
innovation distribution of an INAR(1) process for the different sample sizes n. We report results for

unpenalized (up), L; and L, penalized estimation
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Fig. 18 Boxplots of the L, distances of the estimated innovation distribution to the true Geo (2) innovation
distribution of an INAR(1) process for the different sample sizes n. We report results for unpenalized (up),

L, and L, penalized estimation
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Fig. 19 Boxplots of the penalization parameter 5 selected by L; penalization (upper panel) and L,

penalization (lower panel) for the different sample sizes n in the case of a true NB (2,%) innovation
distribution of an INAR(1) process
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Fig. 21 Boxplots of the L, distances of the estimated innovations distribution to the true Poi(1) innovation
distribution of an INAR(2) process and n = 50. We report results for unpenalized (up), L, and L, penalized
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Fig. 22 Boxplots of the L, distances of the estimated innovation distribution to the true Poi(1) innovation
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spINAR: An R Package for Semiparametric and
Parametric Estimation and Bootstrapping of
Integer-Valued Autoregressive (INAR) Models

Maxime Faymonville!, Javiera Riffo!, Jonas Rieger!, and Carsten Jentsch®

1 TU Dortmund University

Summary

While the statistical literature on continuous-valued time series processes is vast and the
toolbox for parametric, non-parametric and semiparametric approaches is methodologically
sound, the literature on count data time series is considerably less developed. Such count data
time series models are usually categorized in parameter-driven and observation-driven models.
Among the observation-driven approaches, the integer-valued autoregressive (INAR) models
that rely on the famous binomial thinning operation due to Steutel & Van Harn (1979) are
arguably the most popular ones. They have a simple intuitive and easy interpretable structure
and have been widely applied in practice (WeiB, 2009). In particular, the INAR(p) model can
be seen as the discrete analogue of the well-known AR(p) model for continuous-valued time
series. The INAR(1) model was first introduced by Al-Osh & Alzaid (1987) and McKenzie
(1985), and its extension to the INAR(p) model by Du and Li (1991) is defined according to

Xi=a1o0Xy 1tageX, o+ .. ta,° X, ,+e,

with €, S G, where the innovation distribution G has range Ny = {0, 1,2, ...}. The vector
of INAR coefficients a = (ay, ..., )" € (0,1)? fulfills Zle a; <1 and

X
;0 X, ;= Z Z](-t’”, Z;-t’z) ~ Bin(1, a;),

J=1

“on

where “o" denotes the binomial thinning operator first introduced by Steutel & Van Harn
(1979). Although many contributions have been made during the last decades, most of
the literature focuses on parametric INAR models and estimation techniques. We want to
emphasize the efficient semiparametric estimation of INAR models (Drost, Van den Akker, &
Werker, 2009).

Statement of need

INAR models find applications in a wide variety of fields such as medical sciences, environ-
mentology and economics. For example, Franke & Seligmann (1993) model epileptic seizure
counts using an INAR(1) model, Thyregod, Carstensen, Madsen, & Arnbjerg-Nielsen (1999)
use integer-valued autoregressive models to model the dynamics of rainfall and McCabe &
Martin (2005) to analyze wage loss claims data. They all have in common assuming that the
innovation distribution belongs to a parametric class of distributions. Non- or semiparametric
estimation of the INAR model was not considered until Drost et al. (2009) came up with
their semiparametric estimation approach. A possible explanation is the complexity of the
semiparametric setup since despite in the AR case the estimation in the INAR case cannot

Faymonville et al. (2024). spINAR: An R Package for Semiparametric and Parametric Estimation and Bootstrapping of Integer-Valued 1
Autoregressive (INAR) Models. Journal of Open Source Software, 9(97), 5386. https://doi.org/10.21105/joss.05386.
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be based on the residuals: Even if the autoregressive coefficients were known, observing
the data does not imply observing the innovations (Drost et al., 2009). Nonetheless, one
big advantage of semiparametric estimation is that we do not need to make a parametric
distribution assumption on the innovations. The Poisson assumption is, for example, the
most frequently used assumption for innovations and is characterized by equidispersion. In
most cases, however, the data shows a higher variance than the mean value. The question
arises when the distance between these two moments is large enough to not rather assume
overdispersion, which would probably lead to assume negative binomially or geometrically
distributed innovations. Furthermore, when dealing with low counts, we often observe many
zeros in the data. This could be a sign for a zero-inflated innovation distribution such as the
zero-inflated Poisson distribution (Jazi, Jones, & Lai, 2012). However, it is unclear at what
point the zero is represented frequently enough in the data set to justify such an assumption.
The mentioned points indicate that the assumption of an appropriate innovation distribution
is often critical, bearing in mind that an incorrect assumption can lead to poor estimation
performance. With semiparametric estimation, we do not have to commit to an innovation
distribution, which makes this approach appealing.

To deal with count data time series, R (R Core Team, 2023) provides the package tscount
(Liboschik, Fokianos, & Fried, 2017) which, a.o., includes likelihood-based estimation of
parameter-driven count data time series models which do not include INAR models and
exclusively allows for conditional Poisson or negative binomially distributed data. The R
package ZINARp (Medina Garay, de Lima Medina, & Rossiter Aradjo Monteiro, 2022) allows to
simulate and estimate INAR data by using MCMC algorithms for estimation but the package
is limited to parametric estimation of INAR models, that is, of the INAR coefficients and of a
parametrically specified innovation distribution {Gy |8 € R, ¢ € N} where they only cover
the cases of Poisson or zero-inflated Poisson distributed innovations. The Julia (Bezanson,
Edelman, Karpinski, & Shah, 2017) package CountTimeSeries (Stapper, 2022) deals with
integer counterparts of ARMA and GARCH models and some generalizations including the
INAR model. It covers the parametric estimation setup for INAR models but does also not allow
for non-parametric estimation of the innovation distribution. Such a semiparametric estimation
technique that still relies on the binomial thinning operation, but comes along without any
parametric specification of the innovation distribution was proposed and proven to be efficient
by Drost et al. (2009). Also neither of the three packages contains procedures for bootstrapping
INAR models within these parametric and semiparametric setups. The R package spINAR fills
this gap and combines simulation, estimation and bootstrapping of INAR models in a single
package. Both, the estimation and the bootstrapping, are implemented semiparametrically and
also parametrically. The package covers INAR models of order p € {1, 2}, which are mainly
used in applications.

Features

For the simulation of INAR data, our package allows for flexible innovation distributions that
can be inserted in form of a parametric probability mass function (pmf) or by simply passing a
user-defined vector as pmf argument. Regarding the estimation, it allows for moment- and
maximum likelihood-based parametric estimation of INAR models with Poisson, geometrically
or negative binomially distributed innovations (see for example WeiB (2018) for details), but
the main contribution lies in the semiparametric maximum likelihood estimation of INAR
models introduced by Drost et al. (2009) which they proved to be efficient. Additionally, a
finite sample refinement for the semiparametric setup consisting of an estimation approach,
that penalizes the roughness of the innovation distribution as well as a validation function
for the penalization parameters is implemented (Faymonville, Jentsch, WeiB, & Aleksandrov,
2022). Furthermore, the package includes the possibility to bootstrap INAR data. Again, the
user is able to choose the parametric or the more flexible semiparametric model specification
and to perform the (semi)parametric INAR bootstrap described in Jentsch & WeiB (2017).

Faymonville et al. (2024). spINAR: An R Package for Semiparametric and Parametric Estimation and Bootstrapping of Integer-Valued 2
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ABsTRACT. For modeling the serial dependence in time series of counts, various approaches
have been proposed in the literature. In particular, models based on a recursive, autoregressive-
type structure such as the well-known integer-valued autoregressive (INAR) models are very
popular in practice. The distribution of such INAR models is fully determined by a vector of
autoregressive binomial thinning coefficients and the discrete innovation distribution. While
fully parametric estimation techniques for these models are mostly covered in the literature,
a semi-parametric approach allows for consistent and efficient joint estimation of the model
coefficients and the innovation distribution without imposing any parametric assumptions.
Although the limiting distribution of this estimator is known, which, in principle, enables
asymptotic inference and INAR model diagnostics on the innovations, it is cumbersome to
apply in practice.

In this paper, we consider a corresponding semi-parametric INAR bootstrap procedure and
show its joint consistency for the estimation of the INAR coefficients and for the estimation of
the innovation distribution. We discuss different application scenarios that include goodness-
of-fit testing, predictive inference and joint dispersion index analysis for count time series. In
simulations, we illustrate the finite sample performance of the semi-parametric INAR bootstrap

using several innovation distributions and provide real-data applications.

Key words and phrases. Bootstrap inference, central limit theorem, count time series, dispersion index, semi-

parametric estimation.
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1. INTRODUCTION

Count time series consist of sequences of observations over time taking values in the non-
negative integers Ny := NU {0} = {0,1,2,...}. They arise naturally when counting things or
events over time and have therefore many relevant applications in various fields as, e.g., the
number of infectious diseases, extreme weather events or phishing attacks. Unlike continuous
time series, count data is inherently discrete-valued, which often leads to modeling challenges
caused, e.g., by the presence of overdispersion (variance exceeding the mean) or zero inflation
(excessive zeros in the data). One of the probably most used count time series models is the
Integer-valued AutoRegressive (INAR) model of order p € N introduced by Du and Li (1991).
An INAR(p) process (Xy,t € Z) is defined by the recursion

Xt:OqOXt_l—‘—OJQOXt_Q-i-.‘.-i-OpoXt_p-FEt, tez, (11)

where (g4,t € Z) denotes an i.i.d. innovation process with distribution G having range Ny. We
write ¢4 ~ G and identify the distribution G by its probability mass function (pmf), that is,
G = {G(k),k € Ny}, where G(k) = P(e; = k). Further, let a = (a1,...,05)" € [0,1)P with
>°P | a; < 1 denote the vector of model coefficients and define

Xt

(t,3)

ajo X ;= Z Z;,
=1

where “o” is the binomial thinning operator first introduced by Steutel and Van Harn (1979).
Here, (Z;t’j), j €Nt eNy,ie{l,...,p}, are mutually independent Bernoulli-distributed
random variables with Z](t’i) ~ Bin(1, ;) such that P(Zj(t’i) =1)=a; =1- P(Z;t’i) =0)
independent of (¢, t € Np). Note that, according to this construction, we have a; 0 X;_;| X;—; ~
Bin(X;_;, «;). All the thinning operations “o” are independent of each other and of (g, ¢ € Z).
Furthermore, the thinning operation at time ¢ and ¢; are both independent of X, s < t. The
special case p = 1 results in the INAR(1) model introduced by McKenzie (1985) and Al-Osh
and Alzaid (1987).

The existing literature mainly deals with fully parametric estimation of INAR models (see,
e.g., Du and Li, 1991; Franke and Seligmann, 1993; Briannéds and Hellstrom, 2001; Freeland
and McCabe, 2005; Jung et al., 2005; Silva and Silva, 2006; Bu et al., 2008), i.e., G is assumed
to belong to a certain family of parametric distributions {G, | v € I' C RY} for some finite
(and typically small) ¢ € N. A summary of all the standard parametric estimation methods
for INAR models as, e.g., moment estimation and (conditional) maximum likelihood estimation
can be found in Section 2.2 of Weif (2018). However, the use of such parametric assumptions
considerably restricts the flexibility of the INAR model (1.1) - we refer to Faymonville et al.

(2025b) for a discussion. A way more flexible estimator is the one presented by Drost et al.
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(2009a). While keeping the parametric binomial thinning operation, it is able to estimate the
innovation distribution in a completely non-parametric way. In the following Section 2, we
introduce this semi-parametric estimator that allows to estimate jointly the INAR coeflicients
a and the innovation distribution G and recap some of its theoretical (limiting) properties. An
appropriate semi-parametric bootstrap procedure leading to corresponding bootstrap estima-
tors is proposed in Section 3, where we also establish asymptotic theory and prove bootstrap
consistency. Different application scenarios that include goodness-of-fit testing, predictive in-
ference and joint dispersion index analysis for time series of counts are discussed in Section 4.
We provide simulation results illustrating the finite sample performance of the semi-parametric
INAR bootstrap procedure in Section 5 and discuss a real data application in Section 6. Section

7 concludes and the proofs of this paper are deferred to an appendix.

2. PRELIMINARIES

By construction, the INAR(p) process defined by (1.1) is a pth order Markov chain. Under

the model parameters o« and G and for z;—; € Ny, i = 0,1,...,p, its transition probabilities are
given by
P
Pg;c—;17<<<7xi—p),xt = IPa,G <Z a0 Xy_j+er=umy | Xi 1 =X¢—1,--- ,Xf,,p = thp) (2.1)
i=1

= (Bin(xt,l, aq) ® -+ % Bin(2p—p, ap) * G) {z¢},

where P is the underlying probability measure and “*” denotes the convolution of distributions.

In the special case of an INAR(1) model, the transition probabilities can be written as

min(z¢,xe—1)
Ti— ; i .
]Pa,G(Xt = Tt ‘ Xt,1 = Qit,l) = E ( ; l)a](l — ()[)11’71 JG(CL't — j), (22)
=0

where « is the coefficient of the INAR(1) model (McKenzie, 1985; Al-Osh and Alzaid, 1987).
When estimating the INAR model as proposed in Drost et al. (2009a), that is, without using
any parametric assumption on the family of the innovation distributions, one treats the error
distribution as an (infinite-dimensional) parameter and jointly estimates the parameter sequence
consisting of the p-dimensional vector of INAR model coefficients and the infinite-dimensional
pmf of the innovations distribution. In the setup of generalized linear models, Huang (2014)
considers a similar approach for the estimation of the error distribution. For the derivation
of asymptotic theory, Drost et al. (2009a) impose the following (moment) assumptions on the

innovation distribution and the model parameters.

Assumption 1 (Innovation distribution and model parameters; Drost et al. (2009a), Assump-

tion 1). Let G denote the set of all probability measures on Ny. We assume that G = L(e;) € G,




72

PUBLICATIONS

4 MAXIME FAYMONVILLE & CARSTEN JENTSCH

where
G={GeG:0<60) <1, Fo(eh*") < oo}

is the set of all probability measures on Ny with 0 < G(0) < 1 and finite (p + 4)th moments.

Furthermore, we assume that o = (o, ..., 0p) € O ={a € (0,1)? : 37 _, o < 1}.

For some of the results that Drost et al. (2009a) derive in their paper, weaker conditions
than listed in Assumption 1 are sufficient. Nevertheless, the conditions included in Assumption
1 are not restrictive: The condition 0 < G(0) < 1 makes sure that the innovations can be
equal to zero, but that they are not always equal to zero, which is suitable for basically every
practical application. The existence of the (p+4)th moment of the innovation distribution G is
required to ensure the weak convergence of certain empirical processes; see Drost et al. (2009a)
for details. The assumption e € (0,1)? with Y% ; a; < 1 entails the standard assumption to
ensure the stationarity of the INAR(p) process and avoids boundary issues by ruling out o;; = 0
foralli=1,...,p.

Formally, Drost et al. (2009a) base their work on the experiments

gln) — <Ng+l+p’fp(Ng+l+p)7]PI(Z)G’mG‘a €0.,Gc g) , n € Np,

where P(NSHH’) denotes the power set of Ng’“ﬂo, IP,(Z)G o denotes the law of (X_,, ..., X,)

under P, - aG, on the measurable space (N3+1+p,P(N8H+p

)) and with stationary initial
distribution vq G of (X_p,... ,Xo).! As one might expect, this semi-parametric model is more
complicated to deal with than a parametric approach, but it is way more flexible with respect
to the innovation distribution (see Drost et al., 2008, for the parametric counterparts).

The estimator is derived using a non-parametric (conditional) maximum likelihood approach.
For any fixed n € Ny and observations (X_p,...,X,) at hand, a non-parametric maximum
likelihood estimator (NPMLE) ,, := (&, G) = (@n1,- - - Gnpr Gn(0), Gn(1),...) of (o, G) is
defined to maximize the conditional likelihood, i.e.,

~ A .G
(@n,Gp) €  argmax (H P&tl,---,Xfp),Xt) . (2.3)
(a,G)€[0,1]PxG \t=0

~

To guarantee its existence, note that they allow for values of (&, Gy) outside of © x G. They

further state that all the mass of @n is assigned to a subset {u_,...,uy} C No, where

P
n {Xt - ZXM}} »up = max {Xi}
i=1

Then, (@L, é,L) maximizes the likelihood if and only if the following conditions hold:

yeeny

u_ = max ¢ 0, min
t=0

1Although asample X, ..., X, plus p pre-sample values X_(,_1), ..., Xo would be sufficient, throughout this
paper, we stick to the notation in Drost et al. (2009a), who suppose availability of (X_,,...,X_1), Xo,..., Xn,

but nevertheless use a pre-factor of 1/n when taking sample averages.
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ot

i) Gp(k)=0for k <u_ and k > uy, and

i) (Qn1,..s Qnps Gn(u_),...,Gn(uy)) is a solution to the (constrained) polynomial opti-

mization problem

n Xy

wg}g}fp H Z Ze Z H (th:l,l)g;fl(l — IZ)Xt—l*kl (2.4)

Fu_seoFuy | 1=0e=0vX;—Y P | Xy O%klgxt];lvl§1a"':p =1
1+...+hp=Xt—e

subject to
0<x, <1 fork=1,...,p, 2,20 forj=u_,...,us, 2y +...+2z, =1

They stress that they do not impose the uniqueness of such a maximum location. A modification
of the likelihood in (2.3) is proposed by Faymonville et al. (2023), who add a penalization
term to account for the “smoothness” of most (discrete) innovation distributions, i.e., that
G(k+1)—G(k), k € Ny is usually “small”, which leads to an improved estimation performance
for small sample sizes.

In their paper, Drost et al. (2009a) prove consistency, asymptotic normality and efficiency
of their NPMLE under suitable regularity conditions. However, the practical use of their as-
ymptotic theory is rather restricted as the derived limiting distribution follows a (transformed)
Gaussian process, which is cumbersome to work with. Hence, with the goal of constructing a
suitable and asymptotically valid semi-parametric INAR bootstrap procedure, in the following,

we recap the consistency and asymptotic normality results established in Drost et al. (2009a).

Theorem 2.1 (Drost et al. (2009a), Theorem 1). Let Assumption 1 hold. For all (o, Go) €
© x G and all initial probability measures va, c, on Nj, any NPMLE (&, én) defined in (2.3)

is consistent (as n — o0) in the following sense:

o0
o, Doy and Z ’@n(k) — Go(k) 250, under Py . c:00,Go-
k=0

To derive the limiting distribution of the NPMLE, Drost et al. (2009a) show that their
NPMLE is actually an infinite dimensional Z-estimator (see, e.g., Kosorok (2006) for a def-
inition), i.e., that it solves an infinite number of moment conditions. We get these infinitely
many moment conditions, because we allow for unbounded innovation distributions having sup-
port Ng. This makes the setting flexible, but also complicates the derivation of the limiting
distribution. Drost et al. (2009a) handle this by constructing (artificial) probability distribu-
tions on Ny bounded in direction h : Ny — R. They only use moment conditions arising from
h € H; with #H; being the unit ball of ¢*°(Ny), where the latter denotes the Banach space

of bounded sequences equipped with the supremum norm, i.e., they only consider functions




74

PUBLICATIONS

6 MAXIME FAYMONVILLE & CARSTEN JENTSCH

h : No — R with sup.e, [h(e)] < 1. Finally, the estimating equations of the NPMLE are

derived as W,, = (U1, W) : (0,1)P x G — RP x £>°(H;) defined by
1
U, @) = =S ia(Xips ., Xy, G), 2.5
’1(a)ntz=;(tp 10, G) (2.5)
1 n
Wa(er, G)h = (Aa,gh(Xt,p7...7Xt) —/th) . heM, (2.6)
t=0
where, for z;_p,...,z; € Np,
; 0 o,G
la(@ips e G) = o log (PES, L) (2.7)
with the convention that l'a(xt,m ooz a,G)=0if P(a’G =0 and
Tt 1,y Tt—p), Tt
Aa,Gh('/L'tfp7 ceey .’L't) = Ea,G (h(Et)|Xt = Tty 7Xt7p = l’t,p). (28)

Additionally, for (g, Go), they introduce the population counterparts of these estimating equa-

tions, Weo.Go = (\II?O’GD, \I/2a°’G°) :(0,1)? x G — RP x £°(H;y), where
o,G 7
WD @, G) = By oo (la(Xips - X130, G)) (2.9)

\I/?D"G“(av G)h = EVQO,GO,OA(),GU (Aa,G h(X,p, o, Xo) — /h dG) , h e Hi. (2.10)

By exploiting that their NPMLE (av,, én) provides a solution to the estimating equations, i.e.,

that ¥, (ay,, G,) = 0 holds approximately with ¥,, defined in equations (2.5) and (2.6), they

derive a weak convergence result
S:L)‘UyGU =n (\I,"(Om’ Go) — ‘1/007G0(a07 GO)) ~s S0,G0 (2.11)

in RP x £°°(H1), under Py, ag,co, Where “~~” indicates weak convergence and 8§0:Go is g tight,
Borel measurable, Gaussian process (see Drost et al., 2009a, Eq. (15)). Altogether, Drost et al.
(2009a) get the following result for the limiting distribution of an NPMLE @L = (ap, én).

Theorem 2.2 (Drost et al. (2009a), Theorem 2). Suppose Assumption 1 holds. For 6y =
(a0, Go) € © X G, any NPMLE @n = (G, @n) satisfies

vn (ﬁn - 00) T (390) 7 (2.12)

in RP x (*(Np), under ]P,/gw@o, where \P;Ol is the continuous inverse of the Fréchet derivative of

U at 0y and S is the tight, Borel measurable, Gaussian process determined by (2.11).

According to Theorem 2.2, the limiting distribution of the NPMLE is a transformed Gaussian
process. However, due to the infinite dimensional parameter space, this transformation is rather
complicated and relies on the (inverted) Fréchet derivative \11501 of W% given in (2.9) and (2.10)
and given in Section 3.2 of Drost et al. (2009a), which is cumbersome in practical applications

(see also Huang, 2014, for a discussion). This generally motivates to use a suitable bootstrap
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procedure for statistical inference instead of using asymptotic approximations that requires the
cumbersome explicit estimation of many nuisance parameters. We propose and investigate a

semi-parametric INAR bootstrap procedure in the following section.

3. SEMI-PARAMETRIC INAR BOOTSTRAP

In this section, to enable suitable semi-parametric bootstrap inference in INAR models, we
propose to use the semi-parametric version of the INAR bootstrap as proposed in Jentsch and
Weifs (2019), which they proved to be consistent for statistics belonging to the large class of
functions of generalized means of (Xy,¢ € Z) under mild assumptions. However, this class of
statistics does not contain statistics depending on the estimated innovation distribution. For
the purpose of extending the existing theory and to cover also such statistics, in Section 3.1,
we introduce the semi-parametric INAR bootstrap scheme and provide the required notation.
Further, in Section 3.2, we prove bootstrap consistency by showing that the bootstrap version
of the NPMLE leads in probability (conditional on the data) to the same limiting distribution
as obtained for the NPMLE given in Theorem 2.2.

3.1. The semi-parametric INAR Bootstrap Scheme. For bootstrap inference of the NPMLE,
the semi-parametric INAR bootstrap scheme, as proposed in Jentsch and Weif (2019) for func-
tions of generalized means and implemented in the R package spINAR by (Faymonville et al.,
2024), is defined as follows:

Step 1.) Given a sample (including pre-sample values) of count data (X_p, ..., X_1), Xo,..., Xp,
fit semi-parametrically an INAR(p) process (1.1) using the NPMLE (2.3) as proposed by
Drost et al. (2009a) to get estimators &, = (Gn,1,...,0np) and Gy = (Gu(k), k € Ng)
for the INAR coefficients and for the pmf of the innovation distribution, respectively.

Step 2.) Generate bootstrap observations (X* L X%, X§, ..., X according to

pre e
* ~ * * -~ * * *
Xi =Qn10" Xi_y +...+anpo” Xi_, + ¢,

where “0*” denotes (mutually independent) bootstrap binomial thinning operations and
(ef,t € Z) denotes an i.i.d. bootstrap innovation process with f ~ Gy (conditionally
on the data).

Step 3.) Compute the bootstrap NPMLE 67 = (&%, G%), where &) = (@} 15+, 0p,) and

G = (Gx(k), k € Ny), according to equation (2.3), but applied to the bootstrap sample

(X2,,...,X*),X5,..., X} That is, for any fixed n € No, a bootstrap NPMLE (boot-
NPMLE) 8} == (&}, G5) = (@1, .-, @k, G5(0), G5 (1),....) is defined to maximize the

bootstrap version of the conditional likelihood in (2.3), i.e.,

n

~x A G

(a,,G,) € argmax | |P&{‘_1,~~,XZ_ yx: | (3.1)
(0,G)E[0,1]PxG \1=0 P
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under analogous conditions as described in the restricted optimization problem (2.4).

Analogous to Drost et al. (2009a), for the bootstrap NPMLE (bootNPMLE) 5;; = (a), @;‘L),

n?

which fulfills a “bootstrap version” of Assumption 1 by Lemma B.1, we get a Z-estimator
representation with corresponding estimating equations ¥y = (W , ¥ ) : (0,1)P x G — RP x
£°(H1) defined by

n

lo(X] . X0, G), (3.2)
t=0
1

Ve, G) =

3=

Uy o(a, G)h = (Aa,gh(X;lp, LX) — /h dG) , heH. (3.3)

1

™=
Throughout this paper, as usual in bootstrap literature, we make use of the following notation.
With E*(-), Var*(-) and Cov*(:), we denote the bootstrap expected value and (co)variance,
respectively, given the original observations. That is, for X = (X_p,..., X1, Xo,..., Xy),
we have E*(-) = E(:|X), Var*(-) = Var(:|X) and Cov*(-,-) = Cov(:,|X). To be in-line with
the notation of Drost et al. (2009a), we clarify E(-) = Eqqq,(-), E*(-) =E
P=Pg ¢ and P*(-)=Pq ¢ (-X).

a,.c, ([X) as well as

3.2. Bootstrap theory. For the subsequent asymptotic theory for the semi-parametric INAR

bootstrap, we impose the following regularity condition.

Assumption 2 (Innovation distribution regularity). Suppose that the pmf G is bounded away

from zero by an exponentially decaying function. That is, let G € G,,, where
Gu :{G €G:3c €(0,1], ¢z € (0,00) such that G(k) > cre”*FVk € No}. (3.4)

The previous Assumption 2 is rather mild and not restrictive in practice. G, contains all
innovation distributions for which there exists a strictly positive and exponentially decaying
function that always “lies below” the pmf of the innovation distribution. This property is
fulfilled by several innovation distributions like, e.g., the Poisson, the negative binomial and the
geometric distributions. In particular, it guarantees G(k) > 0 for all k& € Ny such that boundary
issues are ruled out. Note that Drost et al. (2009a) do not make such an assumption. However,
in view of the limiting distribution that they obtained in Theorem 2.1, asymptotic normality
of G(k) cannot hold due to z, > 0 by construction in (2.4). Hence, it appears that Drost et al.
(20092) do require such an assumption as well.

Along the lines of the asymptotic theory established for the NPMLE in Drost et al. (2009a),
we need to first derive “estimation consistency” of the bootNPMLE. Such a result constitutes
the bootstrap version of Theorem 2.1 (i.e., of Theorem 1 in Drost et al. (2009a)) and is required
to argue that also the bootNPMLE is away from the boundary of the parameter space © x G.

Under the assumptions introduced above, we get the following result.
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Theorem 3.1 (Estimation consistency of the bootNPMLE). Suppose Assumptions 1 and 2 hold
and we observe data X_p, ..., Xy from an INAR(p) process (Xy,t € Z) with INAR coefficients
g and innovation distribution Gy such that 6y = (a, Go) € © x G. Let E(X}) < oo for some
k> 2p+4) and 0, = (am@n) be an NPMLE of (o, Go). Suppose the bootstrap proposal
from Section 3.1 is used to get a bootNPMLE g)\;’; = (a, é;) Then, for all initial probability
Measures Ve, 0n Nb, we have
N ° .
65— 0, 50 and Y |Gh(k) — Gu(k)| 50
k=0

under P*() = P (1) in Py g c0.Go-probability.

VG 0naGn

Now, we get to the main result of this paper, the limiting distribution of the bootNPMLE.
As the resulting limiting distribution does coincide with the limiting distribution derived in
Theorem 2.2 (i.e., in Theorem 2 in Drost et al., 2009a), the following Theorem 3.2 proves
bootstrap consistency of the semi-parametric INAR bootstrap for the NPMLE.

Theorem 3.2 (Bootstrap consistency of bootNPMLE). Suppose Assumptions 1 and 2 hold
and we observe data X_p, ..., Xy from an INAR(p) process (Xt,t € Z) with INAR coefficients
g and innovation distribution Gy such that 6y = (cw, Go) € © x G. Let E(XF) < oo for some
E>2p+4), B(XP(1+p)X)N)H0 < 0o for some p,§ > 0 and 0, = (Gin,Gp) be an NPMLE
of 6y = (e, Go). Suppose the bootstrap proposal from Section 3.1 is used to get a bootNPMLE

67;; = (a, @,*1) Then, for all initial probability measures va, G, on Nj, we have
N (5;; - §n> =Vn ((a:” G*) — (Gn, én)) 7 (590) (3.5)

in RP x 1(No), under P*(-) =P, - & (1X)in Py, 00 -probability.
.G 18, Gin :

Proof. Along the lines of the proof of Theorem 2 in Drost et al. (2009a), we make use of Theorem
3.3.1 in Van der Vaart and Wellner (1996) in the following to prove asymptotic normality in
(3.5). By construction of the (boot)NPMLE as Z-estimator, we approximately have

U,(6,) =0 and W:(6:)=0. (3.6)
Using (3.6), we get

Knowing from Lemma A.1 that ¥, is Fréchet-differentiable, according to (A.10), we can replace

the left-hand side of (3.7) by

Vi (95 @ - 6.) (3.8)
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where ||, — é\nH < H@;‘l - §n\| Using the uniform convergence of W5 to W% established in

Lemma A.2, (3.8) is asymptotically equivalent to
Vi (9%, — 6.) - (3.9)

Further, using the result of Lemma A.3, we can rewrite also the right-hand side of (3.7).

Altogether, we have
Vi (900, = 00)) = v (V@) = W80 ) + 0 (1), (3.10)

Finally, using the asymptotic normality result from Lemma A.4 and the fact that \ilgo is contin-
uously invertible according to Lemma 2 in Drost et al. (2009a), making use of the continuous
mapping theorem, the assertion follows.

d

Together with the bootstrap consistency for functions of generalized means derived in Jentsch
and Weif (2019), the asymptotic results established in Theorems 2.2 and 3.2 generalize the
validity of the semi-parametric INAR bootstrap for a broader class of statistics. In particular,

as the limiting distributions in Theorems 2.2 and 3.2 coincide, we obtain the following corollary.

Corollary 3.3 (First-order semi-parametric INAR bootstrap consistency). Let d be an appro-
priate metric on (the distributions of) random elements in RP x £1(Ng). Under the conditions
of Theorem 2.2 and 3.2, we have

d(cwa@n —00), £ (Y (@, @»)) S0

n—oo

mn Pl,g()’go -probability.

Furthermore, it is possible to make use of suitable delta methods to extend the bootstrap
consistency result also to smooth functionals applied to the (boot)NPMLE. More precisely, for
the bootNPMLE result (3.5), we can employ the delta method introduced in Theorem 3.1 of
Beutner and Zidhle (2016) which - in contrast to the conventional functional delta method as
given by Theorems 3.9.11 and 3.9.13 of Van der Vaart and Wellner (1996) - does not make use of
concepts of integrals and outer probabilities. Similarly, for the result of Theorem 2.2, Theorem
3.9.4. of Van der Vaart and Wellner (1996) can be applied which is valid for mappings between
linear metric spaces. The paper of Beutner (2024) discusses several variants of functional delta

methods. Consequently, we get the following result.

Corollary 3.4 (First-order bootstrap consistency for smooth functionals). Let Z : [0, 1]P x G —

R? be a sufficiently smooth functional such that the conditions in Theorem 3.1 of Beutner and
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Zihle (2016) are fulfilled and let d be an appropriate metric on (the distributions of) random
elements in R?. Under the conditions of Theorem 2.2 and 3.2, we have

a(£(va (26 -200)) . (Vi (26 -200))) .0

n—o0

m Puaoﬂo -probability.

The bootstrap consistency result from Corollary 3.4 finds application in diverse setups. For
instance, a joint consistency result that combines the bootstrap consistency for functions of
generalized means derived in Theorem 3.2 and Corollary 3.7 in Jentsch and Weify (2019) and
the bootstrap consistency for smooth functionals of @L from Corollary 3.4 above, can be applied
for semi-parametric INAR goodness-of-fit testing discussed in Section 4.1. Further examples
include, e.g., predictive inference in count time series setups covered in Section 4.2 or the

analysis of the (joint) dispersion index covered in Section 4.3.

4. METHODOLOGICAL APPLICATIONS

In the following subsections, wo discuss three methodological applications of Theorem 3.2
and Corollary 3.4 for different statistical tasks. They cover goodness-of-fit testing, predictive
inference, and joint dispersion index analysis for (semi-parametrically estimated) INAR pro-

cesses.

4.1. Goodness-of-fit test on the whole INAR model class. Together with the results from
Jentsch and Weifs (2019), the result of our main Theorem 3.2 provides the theoretical foundation
of the bootstrap-based semi-parametric goodness-of-fit test introduced in Faymonville et al.
(2025b). They consider the null hypothesis “Hy: (X¢,t € Z) is an INAR(p) process” and their
test is characterized by the lack of any parametric assumption on the innovation distribution
which credits the flexibility of the INAR model class. The test statistic consists of an Lo-type
distance of probability generating functions and can be represented as a degenerate V-statistic.
This leads to a cumbersome y2-type limiting distribution requiring an appropriate bootstrap
technique to make the testing procedure practicable. The semi-parametric INAR bootstrap
described in Section 3.1 is used for simulations leading to good finite sample performance under
the null and under the alternative. In this paper, we provide the theoretical justification the use

of this bootstrap procedure for goodness-of-fit testing of semi-parametric INAR null hypotheses.

4.2. Predictive inference for count time series. In the setup of count time series and
more general for discrete-valued time series, it is not straightforward to perform predictive
inference. Faymonville et al. (2025a) discuss this topic and propose to solve this issue by
transforming the prediction problem into a parameter estimation problem. That is, given

(X—p,...,X1), X0, ..., X, and for the case of an underlying Markov process of order one, they
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construct confidence intervals for the probability that X,,;1 falls into a certain set S conditional
on X, = x, for some z,, € Ny, i.e., for Ps,, = P(Xp41 € S| X, = x,). They introduce asymp-
totic and bootstrap approaches and illustrate their proposed procedure on INAR and INARCH
models. For this purpose, they consider parametric as well as non-parametric approaches and,
moreover, they also discuss the practically important case of model misspecification, which we
do not touch here.

In the setup of Faymonville et al. (2025a), also a semi-parametric INAR(1) variant without
specifying the parametric family of the innovation distribution becomes suitable. Hence, as-
suming that the data is generated from an INAR(1) model, the procedure makes use of the

semi-parametric INAR bootstrap from Section 3.1 as described in the following;:

Step 1.) Given Xj,...,X,, calculate the NPMLE é\n = (Qu, én) as well as the semi-parametric
estimator 1355’;" = Pg s, (@,L) for the predictive probability Ps ..

Step 2.) Use the semi-parametric INAR bootstrap from Section 3.1 to get bootstrap observa-
tions X7,..., X, and to calculate the bootNPMLE 5;‘1 = (a5, Gr) as well as the semi-
parametric bootstrap estimator Isgpxz = Pg, (07).

Step 3.) Repeat Step 2.) B-times, where B is large, to get Lt = }S‘ng;:’b - }S‘ng’zn, b=1,...,B,
and construct the (1 — §)-confidence interval for Ps,, as [ﬁs,xn — 452 ﬁs’x” —q; /2],

where ¢, denotes the a-quantile of the empirical distribution of LZ’b, b=1,...,B.

In Section 5.2, we provide some simulations to numerically validate the above procedure.

4.3. Joint dispersion index analysis for observations and innovations. When it comes
to the question of a suitable innovation distribution in the INAR model, dispersion plays a
major role. In practice, one usually estimates the dispersion index IDx by the estimator
ID x = S%/X, where S? is the sample variance and X is the sample mean based on the
observations Xi, ..., X,. Then, one makes use of the INAR model to derive also an estimator
for the dispersion index I D, of the innovations denoted by I/I\)E. For instance, in the case of an
INAR(1) model with coefficient «, we have the relationship

ID.+«

IDx =
X 1+«

Hence, we can estimate the innovation dispersion ID. index by computing I/Z\)E =1ID x(1+
@) — a. However, the observations are over-/equi-/underdispersed if and only if the innovations
are over-/equi-/underdispersed (see Section 2.2.1 in Weiff, 2018). Based on I/DX one usually
commits to a parametric family of innovation distributions and thus determines if the inno-
vations are over-/equi-/underdispersed. However, for model diagnostics, the question remains

whether a dispersion index deviates enough from 1 to suggest under- or overdispersion instead

of equidispersion. While there are tests based on ID x proposed, e.g., by Schweer and Weifs
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(2014), so far, there is no way to approach the innovations and their corresponding dispersion
directly that is without imposing a parametric assumption on the innovation distribution. How-
ever, by assuming a certain family of innovations for testing purposes, the dispersion is (often)
fixed from the outset. For example, if a Poi-INAR model is assumed, the innovations will be
equidispersed, while in the case of an NB-INAR model, they will be overdispersed.

With the NPMLE estimation approach proposed of Drost et al. (2009a), the innovation distri-
bution and thus also its dispersion can be estimated directly without a parametric assumption.
As described in the following, we exploit this approach together with the semi-parametric INAR
bootstrap from Section 3.1 to construct confidence intervals for the dispersion index of the in-
novations (i.e., for ID.) and of the observations (i.e., for IDx) in one shot. The following

algorithm is valid in case of an INAR(1) model:
Step 1.) Given Xj, ..., X,, calculate the NPMLE @L = (Qn, én) and estimate (semi-parametrically)

the dispersion indices of the innovations ﬁ):p and of the observations [/l\)if by comput-

ing

S d?0n0) — (Sen, 50n0)’

o=sp
D _ID, +ay
ZjeNUjGn(j)

8
d IDy = —
an X I a,

e =

Step 2.) Use the semi-parametric INAR bootstrap from Section 3.1 to get bootstrap observa-
tions X7,..., X} and to calculate the bootNPMLE 6 = (@, G%) and estimate (semi-
parametrically) the bootstrap dispersion indices of the innovations I/bzp"* and of the

observations IDy by

. ~ 2
e ene 2Gi0) — (Zyen, 3G 0)) e DT a
" = - and DY == o
ZjENUJG’Tl(]) L+ap
spb s
Step 3.) Repeat Step 2.) B-times, where B is large, to get L::Z = IDZP* - IDZP and L}bn =
A .
ID??* — ID??, b=1,...,B, and construct the (1 — d)-confidence intervals for ID,

775P * 1P * 7P * 775P *
and IDx as [ID =2, 55, ID = aZ55] and [IDX = a5 IDX — G g0 1e-
spectively, where ¢ , and q}’ o denote the a-quantiles of the empirical distributions of

L:,’fu b=1,...,B and of L}bm b=1,..., B, respectively.

In Section 5.3, we provide some simulations to validate the above procedure.

5. SIMULATIONS

In this section, we investigate the finite sample performance of the semi-parametric INAR
bootstrap from Subsection 3.1 and the methodological applications from Sections 4.2 and 4.3

by simulations.
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5.1. Bootstrap confidence intervals for 6y = (ag, Gg). First, we illustrate the bootstrap
performance for the task of confidence interval construction for the true model parameter
0o = (a0, Gp). That is, in a simulation study with K = 500 Monte Carlo samples and B = 500
bootstrap repetitions, we use the semi-parametric INAR bootstrap to construct Hall’s confi-
dence intervals for the entries of 6y = (g, Go). Its validity is justified by Theorem 3.2 as it
uses that \/ﬁ(@; - §n) provides in probability the same limiting distribution as \/ﬁ(é\n —0p).

Consequently, for significance level § = 5%, this results in the confidence interval

/g\n - qT_g/Qzé\n - qf;/g ) (5.1)
where g}_; /2 and qj /o are the corresponding quantiles of 5;; - é\n We consider sample sizes
n € {100,500,1000} and INAR(1) DGPs (i.e., p =1 in (1.1)) with different INAR coefficients
a € {0.1,0.3,0.5,0.9} and with innovations following either a Poisson or a negative binomial
distribution resulting in equi- and overdispersion, respectively. For implementing the simulation
study, we use the R package spINAR (Faymonville et al., 2024).

At first, we consider INAR(1) DGPs with different « parameter and Poi(\) distributed inno-
vations with A € {1,3}. Table 1 contains the coverage and the average length of the computed
confidence intervals in case of @« = 0.5 and A = 1. We see that the coverage increases for
increasing n approaching the desired coverage level of 95%, while the average length decreases.
In this parameter setup, where the mean of the observations equals two and the values of G (k)
for k > 4 become tiny (not larger than 0.0031), we only consider the first six entries of the pa-
rameter vector, that is, « and G(k), k € {0, 1,2, 3,4}. As G(k) already becomes small for rather
small k, this also explains the comparably low coverage for G(4). These small entries of the
parameter vector are difficult to estimate since the corresponding values are rarely observed. In
this setup, where we have G=Poi(1), we exemplary get G(4) = 0.015. The results for the other
parameterizations can be found in Tables 9, 11, 13, 15, 17 and 19 in the appendix. Overall, we
get comparable results. However, it has to be noted that the semi-parametric INAR bootstrap
approach slightly loses in terms of coverage performance, when the observations’ mean increases
(which is the case for larger @ and X). However, this could have been expected as the number
of parameters, i.e., the entries of the pmf, to be estimated also increases, when the mean of
the innovations increases. In addition, the considered first five entries of the pmf, i.e., G(k),
k € {0,1,2,3,4}, then only cover a smaller portion of the whole probability mass in cases with
large innovations’ (and observations’) mean.

Next, we consider an INAR(1) DGP with @ = 0.5 but now with an overdispered negative
binomial innovation distribution NB(V, ) with parameters (N = 10, = = 10/11), (N = 2,
m =2/3) and (N = 1, m = 1/2). These parameter choices also lead to an observations’ mean

of two, but they cover different levels of overdispersion (increasing in mentioned order). Table
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a G(0) Ga)
n 100 500 1000 | 100 500 1000 | 100 500 1000

coverage | 0.806 0.932 0.960 | 0.802 0.914 0.918 | 0.880 0.924 0.942
average length | 0.369 0.147 0.102|0.385 0.177 0.123 | 0.391 0.171 0.119
G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.850 0.928 0.950 | 0.698 0.946 0.950 | 0.446 0.730 0.852
average length | 0.328 0.137 0.094 | 0.181 0.082 0.056 | 0.072 0.035 0.027

TABLE 1. Coverage and average length of the bootstrap confidence inter-
vals based on the semi-parametric INAR bootstrap from Section 3.1 for
a,G(0),...,G(4) in case of a Poi(1)-INAR(1) DGP with a = 0.5 for differ-

ent sample sizes.

a G(0) Ga)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.946 0.946 0.948 | 0.848 0.936 0.924 | 0.886 0.942 0.924
average length | 0.337 0.130 0.090 | 0.380 0.164 0.115 | 0.361 0.157 0.110
G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.846 0.934 0.934 | 0.734 0.958 0.948 | 0.568 0.814 0.924
average length | 0.270 0.115 0.081 | 0.170 0.078 0.054 | 0.093 0.048 0.036

TABLE 2. Coverage and average length of the bootstrap confidence inter-
vals based on the semi-parametric INAR bootstrap from Section 3.1 for
a,G(0),...,G(4) in case of a NB(2,2/3)-INAR(1) DGP with a = 0.5 for differ-

ent sample sizes.

2 displays the results for the case of moderate overdispersion (N = 2, m = 2/3). We see that
for increasing n, we again approach the desired coverage level of 95%, whereas the average
length of the confidence intervals decreases. In this setting of overdispersion, we have even
better coverage and average length of the intervals compared to the results in Table 1, where
the used innovation distribution is equidispersed. For the parameterizations (N =1, 7 = 1/2)
and (N =10, 7 = 10/11), we get similar results shown in Tables 23 and 26 in the appendix.
In this paragraph, in Tables 3 and 4, we compare the results of the semi-parametric INAR

bootstrap that does not rely on any parametric assumption on the innovation distribution with
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a G(0) GQ)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage | 0.926 0.948 0.964 | 0.906 0.928 0.936 | 0.984 0.978 0.978
average length | 0.298 0.128 0.090 | 0.230 0.103 0.074 | 0.039 0.008 0.006
G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.848 0.918 0.938 | 0.866 0.924 0.938 | 0.846 0.908 0.930
average length | 0.108 0.051 0.037 | 0.078 0.035 0.025 | 0.033 0.013 0.010

TABLE 3. Coverage and average length of the parametrically constructed boot-

strap confidence intervals based on parametric ML estimation and a parametric

Poi-INAR bootstrap for o, G(0), . .., G(4) in case of a Poi(1)-INAR(1) DGP with

a = 0.5 for different sample sizes.

a G(0) Ga)

n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.964 0.760 0.490 | 0.446 0.044 0 0.034 0 0

average length | 0.320 0.137 0.096 | 0.223 0.101 0.071 | 0.046 0.013 0.008

G(2) G(3) G(4)

n 100 500 1000 | 100 500 1000 | 100 500 1000

coverage 0.422 0.050 0 0.884 0.848 0.782 | 0.668 0.512 0.330

average length | 0.102 0.049 0.035 | 0.086 0.039 0.027 | 0.041 0.017 0.012

TABLE 4. Coverage and average length of the parametrically constructed boot-

strap confidence intervals based on parametric ML estimation and a parametric

Poi-INAR bootstrap for @, G(0),...,G(4) in case of a NB(2,2/3)-INAR(1) DGP

with a = 0.5 for different sample sizes.

a fully parametric approach that assumes that the INAR(1) data at hand follows a Poisson dis-
tribution. In the latter case, we use the parametric maximum-likelihood method for parameter
estimation (see, e.g., Weis, 2018, for details) together with the parametric INAR bootstrap of
Jentsch and Weif (2019). Both are also implemented in the R package spINAR (Faymonville
et al., 2024). In Tables 3 as well as in Tables 10, 12, 14, 16, 18 and 20 in the appendix, we see
the results for the already considered Poisson DGPs, but now using the parametric approach.
As one could expect, on the one hand, the procedure leads to (considerably) smaller confidence

intervals while providing similar or even better coverage. This is not surprising since we use
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FIGURE 1. Left panel: Boxplots of the point estimators for the first twelve
entries of the parameter vector 6 for each Monte Carlo sample in case of n = 1000
with the true values being displayed in red. Right panel: pmfs of the NB(2,2/3)
distribution (red) and the Poi(1) distribution (blue).

additional true information of the DGP. In contrast, on the other hand, Tables 4, 24 and 26
show what happens, when we use this additional distributional assumption in cases where it
does not hold. The displayed results arise from applying parametric estimation and bootstrap-
ping assuming a Poi()) innovation distribution in a case, where the innovation distribution is
actually not Poisson, but negative binomial. Although the considered NB(N, 7r) innovation dis-
tribution has the same mean as before, the procedure breaks down. As expected, the confidence
intervals do not hold the prescribed coverage rate. In particular, the coverage performance de-
pends on the level of overdispersion. While the parameterization of N = 10 and = = 10/11
only leads to slight overdispersion, close to equidispersion, and not so inferior results (see Table
26), the results for the parameterizations with higher overdispersion become worse (see Table
24). Moreover, the coverage even decreases for increasing n, in some cases drastically. This
again underlines the benefit of the semi-parametric approach. Without having to rely on any
distribution assumptions that may not hold in practice, we achieve good results even compared
to the parametric approach when a correct distribution assumption is used.

To get an intuition why the coverages may be extremely poor in some cases (even being equal
to 0), consider the case of negative binomially distributed innovations with parameters N = 2
and m = 2/3, see Figure 1. In the left panel, we see the true parameter values (o = 0.5 and the
first eleven entries of the pmf in case of a NB(2,2/3) distribution) in red. The boxplots show

the corresponding point estimates for each of the 500 Monte Carlo samples in case of n = 1000
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DGP n| 100 500 1000 5000
Poi-INAR coverage | 0.918 0.938 0.944 0.946
average length | 0.210 0.089 0.066 0.028
NB-INAR coverage | 0.916 0.948 0.946 0.944
average length | 0.216 0.090 0.064 0.029
INARCH coverage | 0.916 0.752 0.558 0.372
average length | 0.215 0.094 0.065 0.029

TABLE 5. Coverage and average length of the confidence intervals for Pg, for

different sample sizes and different true DGPs.

when assuming an underlying Poisson distribution. It can be seen that some of these point
estimators drastically over- or underestimate the true values. This is particularly the case for
G(0),G(1) and G(2). This can be explained by the right panel, where, along with the true value
of «, the pmf of a NB(2,2/3) distribution (red) and the one of a Poisson distribution providing
the same mean (blue) are displayed. As can be seen, these two pmfs differ mainly (absolutely)
in their first three entries.

Another finding is that although only the innovation distribution is misspecified, this misspec-
ification also has a tremendous negative effect on the (point) estimation of the INAR coefficient
«a itself, as can be seen in Figure 1. Consequently, this also leads to a (too) low coverage of
its confidence intervals. This is due to the fact that we use parametric (conditional) maxi-
mum likelihood estimation for implementing the parametric INAR bootstrap that estimates «
and A simultaneously. If we were to use moment estimators, i.e., least-squares or Yule-Walker
estimation, to get an estimator for « in the first step and then to get an estimator for A in
the second step, this bias effect when estimating « would be avoided. However, in setups of a
correctly specified Poi-INAR(1) process, the Yule-Walker estimation method is usually inferior
to the maximum likelihood approach in finite samples such that the latter is mostly preferred
in practice. In view of the results shown in Table 4, however, this should be done with care

when doing inference.

5.2. Predictive inference for count time series. To validate the procedure described in
Section 4.2, we set up simulations covering the same DGPs as in Faymonville et al. (2025a),
namely Poi(1)-INAR(1) and NB(2,2/3)-INAR(1) with both @ = 0.5 and INARCH(1) with
a = 0.5 and § = 1. The results are displayed in Table 5 and are as expected. In the case,
when the made assumption of an INAR model is true, the coverage of the confidence intervals

increases towards 95% for increasing n, while the average interval length decreases. However,
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innovations observations
DGP n 100 500 1000 5000 100 500 1000 5000

Poi-INAR cov | 0.838 0.944 0.942 0.942 | 0.876 0.950 0.940 0.942
ave | 0.778 0.365 0.260 0.118 | 0.545 0.246 0.175 0.079
NB-INAR cov|0.854 0.910 0.928 0.940 | 0.878 0.918 0.932 0.938
ave | 1.139 0.550 0.393 0.179 | 0.771 0.361 0.257 0.117

TABLE 6. Coverage (cov) and average length (ave) of the confidence intervals
for the dispersion indices for the innovations and the observations for different

sample sizes and different true DGPs.

in case of the INARCH DGP, the INAR assumption is violated resulting in decreasing coverage

for increasing n.

5.3. Joint dispersion index analysis for observations and innovations. To validate the
performance of the bootstrap algorithm proposed in Section 4.3, we applied it again on a
Poi(1)-INAR(1) DGP and an NB(2,2/3)-INAR(1) DGP both with a = 0.5. Table 6 displays
the results. We see that the coverage increases towards the desired coverage level of 95%,
while the average length decreases. In the setup of the INAR model with negative binomial
innovations, the intervals are systematically larger which can be explained by the underlying
overdispersion of both the innovations and the observations compared to the equidispersion in

case of the Poi-INAR model.

6. REAL-DATA APPLICATION

As a real-data application, based on the results of Theorem 3.2 and Corollary 3.4, we apply
the procedures described in Sections 4.2 and 4.3 to semi-parametrically perform predictive
inference and to construct confidence intervals for observations’ and innovations’ dispersion
indices.

In one of their real-data applications, Faymonville et al. (2025a) considered a data set of the
Deutsche Borse Group containing n = 404 transaction counts of structured products per trading
day. The data along with the corresponding (P)ACF can be found in Figure 2. Based on the
test result of Faymonville et al. (2025b) (see also Section 4.1) to not reject the semi-parametric
null of an INAR(1) model at 5% level, they performed non-parametric as well as parametric
predictive inference by assuming an INAR(1) model. For the parametric approaches, they
separately imposed either a Poisson distribution or a geometric distribution for the innovations.
They constructed 95% confidence intervals for Pg,, := P(Xp+1 € S| X, = x,). As sets of

interest S, they chose S = {0} and S = {2}. We now apply the semi-parametric procedure
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FIGURE 2. Plot of transaction counts and the corresponding (P)ACF (repro-
duced from Faymonville et al. (2025Db).

described in Section 4.2 and give the point estimates along with confidence intervals for Py, .
We display our results along with the ones of Faymonville et al. (2025a) (in italic) in Table 7.
With their results, Faymonville et al. (2025a) could underline the results obtained in Faymonville
et al. (2025b) that a Geo-INAR(1) model might be a good fit to the data. Our semi-parametric
result fits well into this picture. The corresponding confidence intervals are nearly disjoint
with the Poi-INAR ones and include the Geo-INAR ones, while being slightly shorter than the
non-parametric ones.

To illustrate the procedure proposed in Section 4.3, we additionally construct confidence
intervals for the dispersion indices of the innovations and the observations, see Table 8 for the
result. Both confidence intervals do not include the 1. Hence, both intervals suggest that the

data and also the innovations are overdispersed.

7. CONCLUSION

We proposed a semi-parametric INAR bootstrap procedure that allows for joint inference of
the INAR model coefficients and the innovation distribution and circumvents the need for a

cumbersome estimation of the limiting distribution. By using such a semi-parametric setting,
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set assumption point estimation CI
S = {0} semi-param. INAR 0.4593 [0.3859, 0.5386]
Poi-INAR 0.3203 [0.2720,0.3676]
Geo-INAR 0.4929 [0.4469,0.5290]
non-param. 0.4884 [0.4028,0.5752]
S ={2} semi-param. INAR 0.1425 [0.0897, 0.1926]
Poi-INAR 0.2076 [0.1841, 0.2343]
Geo-INAR 0.1267 [0.1189, 0.1365]
non-param. 0.1318 [0.0676, 0.1824]

TABLE 7. Point estimations and confidence intervals resulting from the semi-
parametric procedure described in Section 4.2 for two different sets S along with

the (non-)parametric results of Faymonville et al. (2025a) displayed in italic.

point estimation CI
innovations 1.6180 [1.3342, 1.8496]
observations 1.4832 [1.2660, 1.6593]

TABLE 8. Point estimation and confidence intervals for the dispersion indices of

innovations and observations.

we avoid the use of any parametric assumptions on the innovation distribution. Indeed, such
parametric assumptions may be too restrictive in practice and can have a large negative impact
on the conducted inference, when they do not hold. Based on the semi-parametric INAR boot-
strap proposed by Jentsch and Weifs (2019), which they showed to be consistent for functions
of generalized means, we established bootstrap consistency results by proving a corresponding
bootstrap central limit theorem. We illustrated the usefulness of our results by several method-
ological applications including goodness-of-fit testing, predictive inference and joint dispersion
index analysis. In simulations, we illustrated our theoretical results by analyzing the coverage
and the length of confidence intervals for different INAR model parameters in various setups.
Concluding, the semi-parametric INAR bootstrap performs well in comparison to both non-
parametric and parametric approaches. In particular, it turns out to be a practically relevant
alternative that allows for robust inference in cases, where parametric assumptions are falsely

imposed.
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APPENDIX A. PROOFS OF THE MAIN RESULTS

A.1. Proof of Theorem 3.1. For proving the estimation consistency of the bootstrap esti-
mator @;‘” we follow the proof idea of Theorem 2.1 that is given as Theorem 1 in Drost et al.
(2009a). For this purpose, we adopt the notation introduced in Section B.2 of Drost et al.
(2009b) and make use of similar arguments outlined in the following. Let 0, = (Gin, Gy) be an
NPMLE of (e, Go) based on the sample X_,, ..., X, and let gfl = (a, éfl) be a bootNPMLE
based on a bootstrap sample X* ..., X that is obtained from the bootstrap proposal from

Section 3.1. Hence, the goal is to show that

& - @, 50 and 3 |Gh(k) — Gu(k) B0
k=0

holds in Py, ¢ aoGo-probability, where P*(-) = P

Y&n,G

using that both (G (k),k € Np) and (an(k),k € Np) sum up to one by construction, i,e.,
o Gr(k) =1 and > o Gn(k) = 1 according to Drost et al. (2009b), it suffices to prove
a, — ay Py 0 as well as éfl(k) — Gp(k) P 0 for all k € Np. We prove the latter by following

a. & ([X). To prove this result,

the arguments of Wald’s consistency theorem (see, e.g., the proof of Theorem 5.14 in Van der
Vaart, 2000) and extend it to the bootstrap case. For this purpose, we have to consider the
compactification of the parameter space analogously to Drost et al. (2009a). First, we introduce
G, which denotes the class of all probability measures on Ng U co and identify each G € G by
its probability mass function (pmf) sequence (G(k),k € Np). This correspondence is 1-to-1
by the relationship G(c0) = 1 — 37y, G(k). Hence, G is a subset of [0,1]N equipped with
the norm ||a|| = Y322 *la(k)| for a = (a(k),k € Np). Following the arguments in Drost
et al. (2009a) and Drost et al. (2009b), G is a compact subset of [0,1]N0. Further, for G € G,
we define P25 = 1 — > jeNo P;’f]’-G = G(o0) for z € NE and PS = 1 if max?_z; = oo.
Second, by considering the compactification of the parameter space © = (0,1)? of 6 as well,
ie., [0,1]7, we define E := [0,1] x G equipped with the “sum distance” d((e, G), (o', G")) =
| — &/| + ||(G(k), k € Ng) — (G'(k),k € Ng)||. As E is the product of two compact spaces, it

is itself compact.

Further, for x_,,..., 2o € Ng“, we define m""G(yc,p7 ...y x0) = log Pg’ichww_p)m, where
ng’; i) 18 defined in (2.1), and introduce the (random) function M, : E — [—o0, 00) by

1 n
M, == Xy, X0).
n(a7G) n Zm (Xt D 7Xt)
t=0
and its bootstrap analogue M} : E — [~oc, 00) by

* 1 - * *
M;(e G) =~ > om* (X, X)),
t=0

26
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We have to show that M (a,G) — M, (e, G) "L 0in probability for any (o, G) € E. Noting
that

E* (M (e, G)) = My (c, G)

holds by construction (see, e.g., (A.6) in Faymonville et al., 2025a), we need to show that
M} (a,G) — E* (M} (e, G)) %o 0 in probability. For this purpose, it remains to show that

Var* (M (e, G)) % 0in probability as n — oo, where

* * — Uar* 1 - G * * — \Uar* 1 - a,G
Var* (M (e, G)) = Var (n Zm"‘r (X poe s X} )) = Var (n ;log P(Xfw»er,*p),X{‘) .

For notational convenience, we focus on the case of an INAR(1) model, i.e., p = 1 exclusively,
but the following can be extended analogously to the case of higher order INAR models. Using
(2.2), we get

Var*(M;; (o, G))
) n min(X/, X/ ;) X
= Var* | — Z log Z ( t‘J)OéJ(l — )Y IG(X] - )
"= J=0 /
min(X;‘1 7Xt*1—1)

) |
( ’ffl)aﬁu —ayXiax - )

1 n
== Cov* | 1o
~ ZO g i

t1,t2= J

=0
min(Xt*TXt*z—l) .
log > < t?_l)aﬁ(l7a)Xt2*17]2G(Xt*2sz)
720 J2
1 n—1 min(n,n—h) min(X} X3 ) X
LY 2y vl X (T)era-atoee i)
n h=—(n—1) " t=max(1,1—h) Jj1=0 1
mi“(X:Jrh’X;Jrh—l) X

J2=0
Due to the (strict) stationarity of (X;,¢ € Z) (conditional on the data), the covariances on the
last right-hand side only depend on h (and not on t). Further, due to min(n,n—h)—max(1,1—
h)+ 1 =mn—|h| < n, the last right-hand side can be bounded by

min(X},X{)

n—1
1 X* ) .
= Z Cov* | log Z ( ,0)a71(1—a)X0*J1G(X’f -3, (A1)
h=—(n—1) 71=0 N
min(Xj, ,X5) e
lo ,h)ozjz 1— ) h 2GQ(XE,, —j
| X ()er0- 0N, -

j2=0
As argued by Drost et al. (2009a) in their Lemma 1(b), the INAR(p) process (here we focus

on p = 1) is (geometrically) S-mixing under P, ; g,

27

¢ for (0,G) € © x G, which is imposed by
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Assumption 1. Consequently, according to Lemma B.1, with probability tending to one, the
same holds for the bootstrap process (X, ¢ € Z). Next, we define

min (X7, X))

Vi FXG X =g | Y (jh)aml—a)xff*m(x;“—j) (A.2)
=0

with an obvious notation for f(-,-). As the argument of f consists of finitely many X;’s, using
Theorem 14.1 of Davidson (1994) and that S-mixing implies a-mixing (Bradley, 2005), we get
that (f (X}, Xpi,h € 7) is also geometrically a-mixing with probability tending to one. Hence,
using Corollary 14.3 in Davidson (1994), we get

|Cov* (Y5, ¥l < 2279 4 1) i () /071G 15 1Y (A3)

with ¢ > 1,7 > ¢/(q — 1), where || X|* = (E*(1X/]*))"*, s € {g,7} and amixn(h) de-
notes the a-mixing coefficient of the bootstrap process (X;,t € Z) at lag h, not to confuse
with the coefficient estimator @, of the INAR model. Then, as the bootstrap process is geo-
metrically mixing with probability tending to one according to Lemma B.1 and the sequence
(Oémix,n(h)l_l/q_l/r, h € Np) converges also exponentially fast to zero for h — oo, the covari-
ances Cov*(Y,Y}") become absolutely summable with probability tending to one, whenever
[[Y5][; and |[Y;¥][; are bounded in probability for some suitable ¢ and r. The above term
2(2714 4 1) is just a constant.

Hence, to conclude that the covariances in (A.3) are absolutely summable with probability

tending to one, it remains to show that the moments of the function of the bootstrap data are

bounded in probability, i.e.
Jg>1Lr>q/(q—1):[[¥7ll; = Op(1) and [[Yy][; = Op(1). (A4)

Again, due to the strict stationarity of (X}, ¢ € Z) (conditional on the data), it suffices to show
the previous for h = 0 and for some ¢ > 2. If we want to prove that E*(|Y|?)"/9 is bounded in
probability, it remains to prove that E*(]Y"|?) is bounded in probability. Plugging in for Y as
defined in (A.2) leads to

min(z,y)
= Y foe| 3 (”?)afu—a)ﬂﬁ—fc:(y—j) PH((X3, XT) = (2.9),

(z,y)EN? j=0 J
with P*(-) =P, o & (-X). Let & > 0 and consider the probability that the last right-hand
anyGn, ns n
side is larger than k, i.e.,
min(z,y) " ‘ ‘ q
Pl D0 flog| > (J')O‘J(lfa)”ﬂG(y*j) P*((Xg, X7) = (z,9)) 2 k
(z,y)EN Jj=0
y q
x 7 r—17 . * * *
=P Z log Z(')aj(lfa)l Gy —J) || P((Xg, XT) = (z,9)) = k/2
o N
(z,y)eNZ y<z j=0

28
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P((Xg, X7) = (z,9)) = k/2)

log (}mo (7)et-ayct - j))
-

+p(< >

z,y)EN%,y>z

=1+1I.

Let us consider the first term 1. As 3%, (?)aj(l —a)* Gy — j) = P& € [0,1], we have

log( ?:0 (;)aj(l — a)*JG(y — §)) < 0. Hence, using that —log(-) is a decreasing function

and that all summands in Z?:o (T

J
bound by only considering the last term of the sum, i.e., — log( ?:O (f) Al (1—a)*IG(y—7)) <

- log((;”)ay(l — a)*7YG(0)) and we have

log (g (5)er - j)) | _ (— log (Z ()er - j)) ) q

)ozj(l — a)* G (y — j) are non-negative, we get an upper

where we used that (i) > 1 such that — log((;) z) < —log(z) holds for all z > 0. Finally, using
that log(z) < 0 for = € (0,1) and that 0 < G(0) < 1 as well as @ € (0,1) by Assumption 1,
we see that —ylog(a) — (z — y)log(l — a) — log(G(0)) is strictly positive and finite. Define
g(x) := x? which is convex for > 0. For a convex function g : (0,00) — (0, 00), we know that
Va, y € (0,00), V0 € [0,1] : g(6z + (1 — 0)y) < bg(z) + (1 — 0)g(y). Hence, with § = £ and

g(xz) =27, x>0, we get
(~ ylog(a) — (@~ y)log(1 — a) ~ log(G(0)))”

- (0(2 (~ylog(a) — ( — y) log(1 — ) ) + (1 = 6) (2 (~ Log(G(0))) ))q

q

< 0(2(~ylog(a) — (= — y) log(1 - a)))q +(1-0) (2(~ log(G(0))))
_ %(2(—ylog(a) (2 —y)log(1—a)))" + %(2(—105;(0(0))))7

Similarly, we get

(4-y1o(@))" + 5 (4(~(x — ) 1og(1 ~ a)))",

N | =

(2(-ylog(a) — (w — y)log(1 — a)))" <
which altogether leads to
(= ylog(a) — (@~ y)log(1 — a) ~ log(G(0)))”

< H{ayon@n)" + 3 (1~ p1ost1 —a)" + 3 (2 (@0’

29
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=41 (= ylog(@))” +471 (— (@ — ) log(L —)) " + 271~ log(G(0))) .

In total, we have

4 <P< > {4‘”9‘1( log(a))? + 477} (z — )?(~log(1 — a))? + 297 (— log(G(O)))q}

z,y€No,y<z

P ((Xg, X7) = (z,y)) = /f/2>

§P( > 4'111/q(—10g(0<))"P*((X57Xf)—(%y))zk/ﬁ)

z,y€No,y<z

+P ( S 4 (e — )= log(1 - )7P* (X5 X7) = (2.)) > k/6)

z,y€No,y<z
" ( Y 27 (= 1og(G(0) P (X5, XT) = (2,9)) = k/6>
z,y€No,y<z

::Il + 12 + [37

where

Il—P(4"1(—10g(a))q > yQP*<<X57Xf>—<x,y>>zk/6)

z,y€No,y<z

<p (4@1<—1og<a>>q S YK XD = () > k/ﬁ)

z,y€Ng

= P(497 (= log(a))"E* (X})") = k/6),

L=P (4q1<log<1 —a)t Y (@) PG XT) = (2y) 2 k/6)

z,y€No,y<z

<p (4“<log<1a>>q S e - ylP (X3, XT) = (2,9) > k/6)

z,y€Ng

= P(477(~ log(1 — ))"E*(|X — Xil") = k/6),

and

IS:P(W(Iog(G(o»)q ) P*((Xaf,xr>:<w,y>>>k/6)

z,y€No,y<z

<P (2q-1<—log<c<o>>>q S PG XD) = (a,y) > k/a)

z,y€Ng

= P(Q‘H(— log(G(0)))* = k/6> = Ljoa-1(- 10g(G(0))22/6}
30




FAYMONVILLE AND JENTSCH, |2025

99

Altogether, for the first term I, we have
1< P (47 (= log(@)TE* (X1)7) > k/6) + P (477 (— log(1 — a))TE*(|X; — Xi[7) > k/6)
+ L2 (- 1og(G(0))72k/6) -

Now, let us consider the second term II. We use similar arguments as employed above for
deriving the bound for I. But instead of using the last summand (for j = y), we now use the

first one (for j = 0) to construct an upper bound for II. Hence, we get

log jzz% <§)o¢j(1 - oz)‘”*jG(y =) = | —log jzz; (j)aj(l - a)mij(y —7J)
< (~log(1 - a)*G(y))"

= (= #log(1 - a) — log(G(y))) "

Using Assumption 2, we have G(y) > cie~ ¥ such that —log(G(y)) < —log(c1) + cay. Alto-

gether, by using similar convexity arguments as used for term I, we get

x

log Z (j) ozj(l — a)xij(y —7J) < 41 ( - xlog(a))q 44971 ( — log(cl)>q 42071 (02y>q.

Jj=0

Analogously to the steps conducted for I, we get

II < P( Z {4‘1_1(—95 log(a))? + 4971 (= log(c1))? + 297 (cay)?

z,y€Ng,y>x

PY((Xg, XT) = (2,9)) > k:/2>
< P (4971 (= log () BE*((X3)7) > k/6) + L{(40-1(—1og(er))o>k/6) + P (297 2B ((X])7) > k/6) .

In summary, we showed

q

min(z,y)
P e X (5)ort-araw-i) || PG D = ) 2 8

(x,y)eN 7=0 J

< P (471 (— log()TE7((X7)7) > k/6) + P (49~ (— log(1 — a))E*(|X§ — X][7) > k/6)
+ L ze1 (- tog(Go))ezk/ey + P (477 (= log(e)E*((X5)?) > k/6)

+ g (aa-1 (< tog(erazk/6) + P (27 ' eE*((XT)T) > k/6)

where ¢; € (0,1] and ¢; € Ry. Due to the boundedness of the moments of the original
observations, we conclude that the moments of the bootstrap innovations are also bounded with
probability tending to one (see Lemma B.1 in Jentsch and Weif, 2019). Using the Minkowski
inequality, the same holds for their differences. With the previous arguments, the last right-
hand side above becomes arbitrarily small for & chosen sufficiently large. Hence, (A.4) follows

and, consequently, the covariances in (A.1) are summable. Hence, the right-hand side in (A.1)
31
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is of order Op(%) and vanishing in probability as n — oco. In summary, we have shown
Var* (M) 5 0 as n — co.

As shown by Drost et al. (2009a) in the proof of Theorem 2.1, for fixed z_p, ..., z¢ € Np, the

map E 3 (o, G) = m™C(z_,,...,20) is continuous because there appear only a finite number
of G(j)’s in P((;ﬁwwfp),xo' Moreover, for all x_,,...,z9 € Ny, we have 77L°"G(:1c,1,,7 coox0) <

log(1) = 0. Additionally, for the bootNPMLE, we have M} (&, @;‘L) > M} (o, G), because
(e, @fl) maximizes the likelihood by construction. Moreover, we need to show that the map
E > (o,G) = M,(a,G) has a unique maximum at (an,én) with probability tending to
one. Since, in analogy to the identification argument used in Section B.2, part (C) of Drost
et al. (2009b), with probability tending to one, we have the identification property (for general
p € Np), that is,

.G _ panGn R . o
P(Xilprip),X{; =P xe ) x; IPV&" @nyan,Gn_a.S. (in ]P,,QOYGO7a0,G0—probab1hty)
= (o‘a G) = (anan) IPVQO.GO,QO,GO'&'Sv (A-5)

the assertion follows from

EY (M (e, G)) = EX (M (@, Gin)

n
1 @ 1w~ 4 &
= (Xm0 b (S 0)
t=0 t=0
1@ 1 &
_ 1 * a,G L * Gin,Gin
= ";E (10gP(x;71,...,x;7p),X;) nt—OE (bgp(x;fl,,,.,ngp),xg)

R T .G 1 Gin G
=nk (IOgP<Xi1,...,Xip>7X5) pnE (logP<XimXip>»X6>

G
P .
(X7 X2 ), XE

= -1
an,G

Pa"*’ n .
()(71,...,)(;9),X0

o0 ~
o/ peG pén G
=23 Vg, alvh D VRN AT -2

yeNp 20=0
0o — 2
o, G Gin,Gn
<= va el Y (\/Py,.m —\/ P )
yeNy zo=0

<0 in Py, g,.00,Go-Probability,

where we used log(z) < 2(y/z —1) for > 0 and the (conditional) stationarity of the bootstrap
process. Note that the last inequality above holds in IPV%,GO1ao,g0—probabihty due to (A.5).
In summary, we showed that all conditions of Wald’s consistency theorem (Wald, 1949) hold

in probability) and we obtain « ,A* NG A” :> in P, ao.Go-probability, which
i bability d btain d((a,, G G . 0oin P oG »000,Go0 bability, whicl
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immediately implies &), — Q, 2y 0in IP,,QO,GO,aoﬂgo—probabﬂity as well as, for all & € Ny,

Gr(k) — Gulk) ™ 0 in Py, a.Go-Probability. O

Lemma A.1 (Fréchet derivative of ¥,). Let Assumption 1 hold true. For fized n and for
0o = (a0, Go) € O x G, the finite sample moment equations (2.5) and (2.6), i.e., the maps
W, 1 (0,1)PxG — RP x (°(H,), are Fréchet differentiable with derivative ¥% : lin([0,1]P xG) —
RP x £>°(H1) at 6y given by

T, 6 1, 6
\1190 (9 _ 90) _ \Ilnoll(a - aO) + \Ilnol2(G - GO) (A 6)
W0 (e — exo) + U715 (G — Go)
with B9, - R? — RP, W%, - lin(G) — RP, 0%, - RP — (°(Hy) and 9%, : lin(G) — £2°(H,)

defined in (A.12) - (A.15), where lin(-) denotes the linear span. That is, for fized n, we have
[9,(8) — Wi (Bo) — W30 (0 — 60) || = op (10 — bol) (A7)
and
U,y (0) = W, (00) + W50 — 6o) (A.8)

for some &, where ||€ — 6o]| < [|6 — Oo||, where WP : 1in([0,1]P x G) — RP x (=(H,) is a
continuous, linear mapping. Furthermore, as §n = (an,én) € O x G holds with P-probability
tending to one as well as 0 = (&, G%) € © x G with P*-probability tending to one (conditional

on the data), by plugging-in én for Oy and g;‘L for 0 in the above, we have
190 (82) = n(B) = U8 @, = )l = op- (16, — Bl (A.9)

and

U, (63) = W, (0) + U5 (65, — 0) (A.10)
for some &,, where ||, — /G\HH < H@’; — §H\|

Proof. For notational convenience, we consider only the case of p = 1, but the following argu-
ments can be extended to higher order p > 1. Let n be fixed, § = (o, G) = (o, G(0), G(1), .. .),
6o = (a0, Go) = (ag, Go(0), Go(1),...) and let ¥,, = (¥p,1, ¥yy2), where ¥,,; and ¥, are defined
according to (2.5) and (2.6). Following Lemma B.2, its Fréchet derivative W% is defined as

lo=o0 lo=o,

Pl (a—a0)+ %MD (G) — Golk)

o o—o lo=o

, Ple) | (o—ao)+ X P (G(k) - Golk)
(6 — o) = F0

-0 )
] -
Wrhi (o — ag) + Wrhy (G — Go)
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. 1 %Pa G 1.
\I/fl‘]n(oz —ap) = (n M - — Z (X1, Xt G)) (a — ap), (A.12)

a,G
t=0 PXf,_l,Xt " =0 lo=6g
(1< %()aip?c X
-0 k) Oa —1,48¢
\Ijn[)IQ(G _ GO) — Z (n Z Ttl' (A13)
k=0 t=0 Xi—1,X¢
1 n o a,G
. G (k)" Xi—1,X
- Y la(Xe X, G)W) (G(k) ~ Go(k))
t=0 PXt—l p.¢ ‘9:90
and, for h € Hq,
b, (a — ag)h (A.14)

1 . l(@pop—1)=(X0. X_1)
L h ¢ ¢
L3S0 -

0 .
< n oo (%PO"G(& =5, Xt = 2| Xp1 = xt—1))
t=0 j=0 Xi—1,X1

1~
- > (X1, Xis o, G)Ag, (X1, Xt)) (o — ap),
lo=6¢

W9,(G — Go)h (A.15)

(%PQ’G(Q =7, Xp = 2| X1 = m1)

l(@p.op—1)=(Xy. X 1) _ h(k‘)

a,G
t=0 j=0 PXt—LXt

(05 = - )

1 n
= =D Aach(Xio1, Xy)

(oo 1)=(X4. X4 1) A
T ) (G(E) = Gu(R))
t=0 Xi—1,Xt ‘0:90

where I, and A, gh are defined in (2.7) and (2.8). Using similar arguments as in Drost et al.
(2009a) to prove their Lemma 2(a) in Drost et al. (2009b), which makes also heavy use of

inequalities derived in Drost et al. (2008), the assertion
|9 (8) — Wi (o) — W32 (6 — 60) || = op (16 — boll) -

follows.
Similarly, when plugging-in 5;; and gn for 6 and 6y, respectively, making use of Theorem 3.1,

the same arguments lead to

190 (0) = Wa(Ba) = B8 @, — 0| = 0+ (18— Ball) -

34




FAYMONVILLE AND JENTSCH, |2025 103

Lemma A.2. Suppose Assumptions 1 and 2 hold. Let E(X}) < oo for some k > 2(p+4) and
E(XP(1+ p)Xe))'H < oo for some p,6 > 0. Then, we have

Vi (B0 = 0n) = Vi (300~ 0)) = 0pe (1),
Recall that WS : lin([0,1]P x G) — RP x £>°(H1) and W% : lin([0, 1P x G) — RP x (°(H,) are

the Fréchet derivatives of Wy, at &, and of ¥ at 0y, respectively.

Proof. By adding and subtracting the Fréchet derivative of U, at 6, we get
V(5 @~ 8)) — V(5@ - 6)
= [[F8 (Va8 — 0,)) F U0 (V0 — 0,)) — U /(8 — 6,))]] (A.16)
< |8 (VB — ,)) — W0 (B, — B))l| + (1B (VB — B)) — % (v}, — )]

We examine both resulting differences separately. Let £, > 0 and consider the first term on

the last right-hand side of (A.16). Then, we have
P([F5 (Vi(0;, — 02)) — D0 (Vr(6;, — Bn))|| > <)
= P(|[F5 (V(B;, — 0)) — U (V/n(0, — )] > &, || — bol| < 0)
+ P(|[BE (v, — 0,)) — W (Vn(B;, — 0n))]] > &,][€n — 0ol > 6)
< P(|[F8 (V(B;, — 0n)) — W00 (V0 — )| > &, [[€n = boll < 8) + P(||&n — 0ol > ),

where the last probability converges to zero for increasing n, because we have ||¢, — gnH <
||§;‘L — @,H 2, 0 in probability due to Theorem 3.1 as well as H@, — 6o|| & 0 due to Theorem
2.1, which altogether gives ||€, — 6o]| Z 0 in probability. Hence, it remains to investigate the

asymptotic behavior of
P(|[5 (Vi@ — 0,)) — U0 (Va(B; — 8))|| > &, |10 — bol| < 0).

For convenience, we will again consider only the case p = 1, but the same arguments can be
used to prove the results for higher model order. Let us consider the first summand of the
first entry of (A.11) and follow the calculations of the derivatives in the proof of Lemma A.1.

Further, let &, = (g, ,Ge,) and 0y = (ap, Go). Then, we have

(W5, (V@) — @) — U0, (V@ — )|

L 9% paGey, 9 pa,Go
0a? " Xio1,Xt|a=ag da?” Xi_1,Xtla=ag 2 i2
<l E . " — o = I5(Xi—1, X3 6n) + 15, (Xi—1, Xi; 600)
t=0 PX#] Xt Xe—1,Xt
o~
x [vn(ay, — an)|
n 9% paGey, 9 pa,Go
<{ lz 902~ X1, Xila=ag,,  9a%” Xi_1,X¢la=ag
- n En 0o
t=0 PXf,—LXt PXt—hXt
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+ rlztz: (lli(Xtﬂ,Xt;@o) - ii(thuXt§§n))‘ }OP*(l)
=:(I + I1)Op~(1). (A.17)
Continuing with the second term I1, using a binomial formula, it can be bounded by
o(Xi—1, X4300) + la(Xi—1, Xi:&0)| [la(Xi—1, Xt500) — la(Xe1, Xe:60)| - (A.18)
Hence, using ||&, — || <, according to Lemma B.3, we get the bound
a(Xe1, X6300) + la(Xi-1, X1 60)
2X; 1 +CX2 | (14 p)—71 2X1 <Cthl (1+p) 7+ 1)
5 + (A.19)

0o 0o En
PXf 1,X¢ PXt 1 X,PXt,l.,Xf,

for some (generic) constant C' = C(6) and some p = p(d), which becomes arbitrarily small for
¢ sufficiently small. Similarly, from Lemma B.4, we get

CX3 (1+p) X171 CX2,  CX2,(CXi1(1+p)X171 41
r<- Z(s( a0 T+ CXEy | OXE (CXia(14 ) +)). (A.20)

En En 0o
PXi 1,X¢ PXt IXtPXt—I,Xt

With (A.19) and (A.20), we can now finally tackle (A.17) and get

P(W3 (Vi(@] = @) = Wity (VA(@], = @n))| > & [16n = 00| < 0)
<p (1 > <6Xt3_1(1 P 4 OXE | OXE (CXia(L 4 o)X 1))
n

En En 0
t=0 PX;,,],Xt PX{ 1,XtPX(1—17Xt
1< .
+ [la(Xt—1, X5 00) + la(Xt—1, Xt560)]
=0
2X; 1+ CX2 (14 p)—17t 2X¢-1 (CXt—l (14 p)* 17"+ 1)
o 7 + 3 3 Op-(1) > ¢
Px,_ x Py xPX  x
t—1,t t—1,4\t t—1,4\t

P (5 (711 Zn:w(Xt,th;P)) Op«(1) > 5) ;
=0

where we used similar techniques to deal with the factor |l.a(Xt,1, X5 600) + l'a(Xt,l,X,,;fnﬂ
and with P)E(Z;l, x, in the denominators. Using Assumption 2 and Theorem 14.1 of David-
son (1994), we can conclude that w(Xy, X;—1;p) is also geometrically mixing. Bierens (1982)
gives a weak law of law large numbers under geometric mixing and together with the mo-
ment assumptions we made we can conclude that Ve > 0 Vy > 035 > 0, p = p(6) > 0 :
P (55 fj w(Xy, Xi—15p) > s) <.

So fz;: Owe showed the convergence result only for the first term of the first entry in (A.11)

2
by proving Lipschitz-type continuity properties of da2 ;tcl X, and ( Pfétcl Xr) . For the
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second term of that first entry in (A.11), we can proceed analogously by showing with similar

arguments the Lipschitz continuity of %%Pﬁfl x, and %P;fl Xt%Pfgfl x, since

¥5ia (VG = Gu)) = Uiy (VUG — G))|

R Y e acik)P;wGX |G=G
AGHE) dat X,_1,X|(a,G)=6n  : X1 G=C,, ~ ~
=3y | e (X1, X ) LR | (n(G (k) — Gu(R)))
k=0 t=0 PX171,Xt PXt71.,Xt
1 n LQP%G LPQU’G
AGE) 9at Xi_1,X¢|(,G)=0) . AGE) L Xi_1,X:|G=G ~ ~
n . apeg LRG0 (X1, X3 00) )peé LXIOZC0 ) (G (k) — G(R))
t=0 Xe—1,X¢ Xi—1,X¢
S =1 [ am s e Fm IR R i@
Ak A OG (k) o™ Xy—1,X¢|(a,G)=En k) 0a” Xi—1,X¢[(a,G)=060
< (v - G, 3|13~ e b
k=0 k=0 t=0 Xi—1,X¢ Xi—1,Xt
P I P;WGX G=G
o (X1, X 00) B X XIG=G0 i (x,  xp,) 200 Ken 6=,
Xt—1,X1 Xi—1,Xt
= (1 (s PR xeoe TR Xia0
B 9at Xi_1,X:|(,G)=¢n B) 9o’ X_1,X¢|(0,G)=0o
<orm3 (|13 B
k=0 t=0 Xi—1,Xt Xi1,X¢
BN am xR %P;E"’GX G=a
. Gl X 1, x:1G=Go  : ) Xi-1,X:|G=C,
=57 (a0, X5 0g) TEEXenXG=Co (o, X5, T R GG
n t=0 Xi1,X¢ er,—hXt

Then, using similar arguments as used for the first term of the first entry of (A.11), we get the
claimed result. We omit the details.

Finally, for both terms of the second entry of \I/fL“, we require some Lipschitz continuity of
Z]O'io %PO"G(&} =7, Xt = 2| Xe—1 = x1-1), Z;io %P“*G(at =4, Xt = 2| X¢—1 = 24—1) and
Anch(Xi—1,Xy), respectively. Starting with PD"G(Et = j, Xt = x| X¢—1 = 24-1), we get the

following closed form representation

PYC(ey = 4, Xy = 24| Xym1 = 24-1) = P (er = jya 0 Xyq + & = 24| Xyo1 = 74-1)
=Py =jiaoXi1+j=m|Xo1 = w2 1) = P"Y(er = jia0 X1 = 2y — j|Xi1 = 341)
=P (e = j| Xt—1 = 24-1) P*C (a0 Xp1 = 24 — §| Xym1 = @1-1)

= P*%(gy = j)P*“ (a0 = 2 — j)

. Tr—1 —j —(z4—7
=60)( 77 )"0 = I ) (a21)
where we used that €, and a0 X;_; are independent given X;_;. Using the same arguments as
above, we conclude Lipschitz continuity of both Z;’;O %P""G(et =74, Xt = x| X4—1 = x4-1) and

Z;io %P""G(et = j, Xt = 24| X4—1 = x4—1). The same applies to argue Lipschitz continuity of
37
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Aq,ch(Xi—1,X;) since, with (B.5) and (A.21), we have

Zh PaGEt—J,Xt—wt\Xt 1=21)
PoG(Xy = 3| Xym1 = 74-1)

> . G(j)(;tt:;)amij(l - a)zFl7(17[7].)Ile{max(O,zt—zi,l),...,mt}
£ min(mg,xt_l) N
7=0 Z (ugl)as(l _ Oz)xt—l*sG(.l‘t _ 5)

s=0

Aa Gh $t 171'15

Il
>
=

<
=

min(z¢,x¢—1)
h(zy — s) (x”s‘l)as(l — )"t G (1 — )
=—=0 : (A.22)

min(wt,xt_l)

(" as (1 — a)*=175G (2 — s)

s=0
which can be treated analogously.
Coming back to (A.16), it remains to investigate also the asymptotic behavior of the second

difference, i.e., of
P05 (V85 — ) — % (vn(6;, = 6,)) || > 2). (A.23)

Here again, we argue componentwise and apply the idea of the proof of weak of large numbers.

For the first summand of the first entry of (A.11), we again have

P92, (Va(@;, — an)) — U5 (V@ — an))| > 8) < P(1F%, — 95(0p-(1) > &)

and
1 n 82 pa,Go 1 n
0 a2 Xi-1,Xt D)
an,Go (\I/non) = an,Go - Pu G - E la(Xt—la X5 o, GO)
Xi—1,Xtla=ag t=0

92 pa,Go
a2 " Xe—1,X¢ i2 .
= an,Go Pa’G - an,Go (la(Xt—17 Xt7 o, GD)) .

Xi—1,Xtla=ap

The second component corresponds to the term Drost et al. (2009a) derived for \I/?‘{ in case of

p = 1. For the first term, by dominated convergence, we have

0% pa,Go o a,Go
da2 " X_1,Xola=ap _ P (XO = m|X 1= l)|a=a0 0,G _ _
EooGo | = oo | = Z Pt (X = Ko = X =)
X_1,Xo0 1=0
oo
_ Z Pa Go =m|X_| = l)la:aopao,(}o (X1 =10
= ZPO’O’GO f: ipa GO = lefl = l)\a*a
m=0 8 -
8 oo
— G — G - —
ZP% " 8a2 Z PO (Xg =m| X = l)\a:ao
82
= P"‘O’GU Xg=0)+
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= 0.

With the same arguments, we can treat the other three expressions to show that the correspond-
ing first terms have mean zero. As a preliminary result, we proved that the expectations of the
two terms in (A.23), i.e., of \i!flon and \ilﬁ‘i, coincide. To conclude that the whole expression in

(A.23) converges to zero, by Chebychev’s inequality, it remains to show that

Vara,c,(9%,) = 0 asn — co.

We proceed as in the proof of Theorem 3.1 and, analogously to (A.1), we get

82 1 n min{X;_1,X:} X ‘ ‘
Var Yain Zlog Z < tfl)oﬂ(l — a)X‘*lij(Xt —7)
TN j=0 J -
la=ap
1 n—1 9 min(X1,Xo) . »
< - Z Cov da2 10g Z ( '0) alt (1 - Oé))(o_ﬁc;()(l - ]l) )
n h=—(n—1) J1=0 J1 la=ao
2 min(Xp41,Xp) X ‘ ‘
sazloe| D < ﬁ)aﬂ(l — )R G(Xpar — o) (A.24)
@ j2=0 /2 _
la=ag
Consequently, by defining
min(Xp41,Xp)
o2 X\ .
Y= 5 log ( j’ >aﬂ(1 —a)* G (X —j) ) (A.25)
Jj=0 _
la=ag

and again using Assumption 2, Lemma B.1, Theorem 14.1 of Davidson (1994) and Corollary
14.3 of Davidson (1994), we get

|Cov(Yo, Ya)| < 22" + 1) amix(R)' 9717 | Yo) 4] [Vl - (A.26)
Hence, it remains to show that
3> Lr>q/(g-1): [Yoll,=0(1) and [[Yill, = O(1), (A.27)

where it again suffices to prove it for h = 0 due to stationarity of (Xy,t € Z) and, for some

q > 2, we have to investigate

q
min(z,y)
9?2 z\ . )
> lgazls| X (.)afu—a)f Gy - j) P((Xo,X1) = (z,9)). (A.28)
(e)eN3 =0 N

|a=ao

Using that ¢ > 1 and |a — b| < |a| + |b], we get an upper bound for (A.28) given by

0% pa,G 9 pa,G 2\ ¢
da2” zyla=a Oa” zyla=a
> oG : oG ° P((Xo, X1) = (x,¥))-
(z,y)EN] Y .y
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Using as in the Proof of Theorem 3.1 that 27 is a convex function for > 0, that by (B.20) we

have

2
0 a,G

oz Lrula=oao <dz(zx—1)(1 —ag)~2

and that by (B.16), we have

2

0 P(l,G
Oa Tyle=ao

< 4z2,

we get an upper bound for (A.28) given by
227711 — ag) E((Xo(Xo — 1)7) + 2% E((X3)9).

Using the boundedness of the moments of the observations together with Assumption 1, (A.27)

follows and the covariance in (A.24) is summable. As in the proof of Theorem 3.1, the assertion

that Varao,go(\llff’n) — 0 as n — oo follows. For the other components, we proceed analogously.

Thus, altogether, (A.23) converges to zero in probability. O

Lemma A.3. Suppose Assumptions 1 and 2 hold true. Let B(XF) < oo for some k > 2(p +4)
and BE((X}(1+ p)X )" < oo for some p,§ > 0. Then, we have

V(U — W) (05) — V(T — 0,)(0,) = op+(1)
in probability.

Proof. Following the proof of (L4) in Drost et al. (2009b), we consider both components sepa-
rately. That is, we have to show
V(W = ) (67) — V(g = Ua) (@) =op- (1), (A.29)
V(o = Uu2) (0) = V(W — Wio)(8r) =o0p- (1) (A.30)

in probability, respectively. We consider only (A.30) for p = 1 and omit the details for (A.29).

Then, for h € H;, we have

~

V(Wi (05)h — Wpa(05)h — Who(Bn)h + o (0,)R)

1 - * * Ak 1 > *
_\/ﬁ(nz (Aa*’é*h(Xt_l,Xt) —/h dG ) - EZ (Aa*’@*h(Xt,l,Xt) - /th )

t=0 =
1< i} . ~ Lo )
_ E 2 (A&,éh(Xt—let) - / h dG> + ﬁ ; (A&éh(Xt,l,Xt) - /th> )

1 = * * * *
=—=> (Aa*ﬁ*h(xtl, X)) = Age g h(Xio1, Xp) — Ag ah(XE 1, X7) + Ag gh(Xia, Xt)>
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where, according to (A.22) and for z¢—1, 2+ € Ny and (o, G) € © x G, we have

min(z¢,x¢—1)
= 3)(7 )" (1 = @) Glay — )
Aachl@i1,2p) = —=

min(z¢,xi—1)

(.rts—l)as(l _ a)zt,l—sG(xt _ S)

s=0
Hence, we have

Vi (Wa(8;) = Wa2(8;) = U1(0n) + Va2 (0))
dhn

Vi Z(d* B ) s (B )) 3y

where
N min(X¢,X¢—1) X N
dpn(0n) = > h(er)( H)asu7a)Xt—1*SG(ths),
s=0 5
min(X¢,X¢—1)

R S ) e

s=0 s
min(X¢,X¢—
4 é\* _ S 1)} N X1 ~x%s ~x\ X1 —8 vk .
h,n( n) = Z L(Xt - ‘5) s @ (1 -« ) G (Xt - 5)7
s=0

min(X¢,X¢—1)

aiy= > ()ara-anteenon -

s=0 5
and dh,n(é\;';)7 dn(é\;';), d};n(a ) and d (9 ) analog. Finally, by adding suitable zero and using the
same technique as in the proof of Lemma B.3, we can bound the above expression (A.31) by
\/ﬁ||¢/9\jib — 8,|, which is Op-(1) multiplied by a term that converges to zero in probability.
O

Lemma A.4. Suppose Assumptions 1 and 2 hold. Let B(X}F) < co for some k > 2(p +4) and
E(X2(1+ p)X*))'*9 < oo for some p,§ > 0. Then, we have

S5 Gt = /i (W@, Gn) = W (@, ) ) " S20:C0 (A.32)

in RP x (*°(H1), under P*(-) =P |X) in Py, g,-probability, where S§20:Co s the

Van,Gn 1 @n:Gn

tight, Borel measurable, Gaussian process obtained in (2.11).

Proof. Note that E*(w;(am@n)) = U, (ap, én) and by similar techniques as used in Lemma
A3, we get
V(T (@, Gn) — Uy (61, G)) = v/ (U (0, Go) — B* (T (exo, Go))) + op=(1).

Hence, recalling the definition of ¥} (e, G) in (3.2) and (3.3), the leading term on the last

right-hand side can be represented as a function of generalized means. That is, we have

V(¥ (e, Go) — E* (¥}, (a0, Go)))
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—Vn (f (; S (X .,X;;m_l)) —f <E (nl S g ,X;;m_l)))) ,
U— m

t=1
where f is the identity function, m =p+1, n,, =n —p—1 and g = (g1, g2) with

g1(xt, -, Ti—p) = la(Tt—p, . . ., T4; 00, Go)
and
92(t, .., x—p)h = Ao h(Te—p, ..., T1) — /tho, h et
for x¢,...,24—p € Ny. This representation as a function of generalized means allows to use

Corollary 4.2 in Jentsch and Weift (2019). Finally, for allowing the application of this result,
according to Assumption 1 in Jentsch and Wei (2019), sufficient smoothness properties have
to be fulfilled. As f is just the identity, all smoothness properties hold. It remains to argue
that all partial derivatives of gi(xy,...,2i—p) and ga(xy, ..., T4—p) With respect to x¢,...,z4—p
are Lipschitz continuous. However, as both function g; and g2 ask for arguments from Ng“
only, they can be arbitrarily extended to functions on RP*! such that all sufficient smoothness

conditions will be fulfilled by construction. a
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APPENDIX B. AUXILIARY RESULTS

Lemma B.1 (NPMLE fulfills g)\n = (an,én) € O x G in probability). Suppose Assumption 1
holds true. Let E(X¥) < oo for some k > 2(p+4). Then, with Py, cy-cx0.Go-probability tending
to one, it holds that G, € G = {G € G:0< G(0) <1: Eg(€f+4) < oo} and o, € © = {a €
(0,1) : P, oy < 1}, respectively. Note that G,, = L*(e}) and E*(e*T*) = > oreo kPTG, (k)

for the bootstrap procedure described in Section 3.1

Proof. We divide the proof into four parts. In the following, we will prove

(i) 0 < én(O) <1lin P =Py, ¢ aco-Probability, that is, with P, . aq,co-probability
tending to one,
(i) 2 KPH1Ga(k) = Op(1),
(iii) @, € (0,1)? in Py cqs00,Go~Probability,

1=

p
(iv) Qni <1lin ]P,,QOYGOAO,GO—probability.
=1

For showing part (i), we make use of the equivalence

PO<Gu(0)<1) = 1 & P(Gu(0)€{0,1}) = 0.

n—oo
Further, we have

Go(0)

P(Gn(0) € {0,1}) =P (én(o) € {0,1},|Gn(0) — Go(0)| <

2
+P <an(0) (S {0, 1}7 ‘én(O) _ GO(U)‘ > GO(O))

= I+1I,

and

~ Go(0
II§P<|Gn(O)—GU(O)| > Gol )> =0
according to Theorem 2.1. For proving part (ii), we have

> T EPHG (k)
k=0

max(X71,...,Xn)

= > kG0

k=0

max(X1,...,Xn) R max(X1,...,Xn)

= > MGk - Gok)+ > kMGo(k)
k=0 k=0
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max(X71,...,Xn)

= Y EYGalk) = Go(k) + > kT Go(k) — > kPTG (k)
k=0 k=0 k=max(X1,...,.Xn)+1
= I+I1I+1III
For term I, we have
max(X1,...,.Xn) N max(X1,...,.Xn) N
I= > K (Gu(k) = Go(k) < max(Xy,..., X" Y (Gu(k) - Go(k)).
k=0 k=0

With the use of \/HZZOZO(@"(k) — Go(k)) = Op(1) (see Theorem 2.2), the latter becomes

max(Xy, ..., X,)PT* 24 B B max (X7, ..., X,)PT
NG (ﬁ%(%(k) Go(k») = Op( NG )

Further, for all z > 0 and all k > 0, from Markov’s inequality, we get

P max (X1, ...
Vn

P (O { X, > x1/<p+4>n1/(2<p+4>>}> < i ) ( X, > x1/<p+4>n1/<2(p+4>>)
=1

i=1

4
 Xn )7 > 1’) =P (maX(Xl, LX) > 2/t <2<P+4)>)

. k
n-P <X1 > x1/<p+4>n1/<2<p+4>>> < #}m
X n

_ Bl LK/ (2(0+4))
zk/(p+4) ’

which converges to zero for k > 2(p 4 4) if E(X}) < co. This implies M = 0p(1)
such that I = op(1) holds. As I < oo, i.e., II = O(1), by Assumption 1, the assertion fol-
lows from III = op(1), which we show next. Here, we distinguish two cases. If the support
of (e1,t € Z) is bounded, then Zzo:max(xl,m,xn)ﬂ EPT4Gy(k) = 0 after one observation X;
attains a value greater or equal to the largest possible innovation which happens with proba-
bility tending to one. If the support is unbounded, we have max(Xj,...,X,) — oo such that
D hmas(X1,m X )41 kPH4Go(k) = op(1) as again by Assumption 1, we have Eg, (7)) < oo,
ie., (KP4 Go(k),k € Ng) is summable. For part (iii), we have that &, € (0,1)? if and only if
Qp,i € (0,1) for all i = 1,...,p. Hence, the proof is analogous to the proof of part (i).

2
Similarly, we can show that > @, ; < 1 holds in ]P,,ao,co,ao_rco—probabﬂity, because

i=1

P P P

E Qp i = E (@nyi — a0,) + E QQ,i,
i=1 i=1 i=1

where the first term converges to zero in probability due to Theorem 2.1 and the second term

is smaller than 1 according to Assumption 1. O
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Lemma B.2 (Partial derivatives of ¥,,). Under the assumptions of Lemma A.1, forp =1 and

for all k € Ny, we have

92 a,G n
\IJ 1 < 2P 1A
0 nl(avG) _ = 9a?” Xy, Xy L l2 (Xt—17Xt§a7G)7 (Bl)
da n peG n @
t=0 Xi—1,X¢ t=0
0 pa,G n 8 o,G
Y1 (e, G) 1 i 6G(k) 9ax, nx: 1 th 1,X¢
EEm\ 2] 3 HOW e XX 2SN (X1, X, 6) P XX ()
G a t—1, Nt G
8G(k) " t=0 P;t—l,xt " t=0 P)O({t 1,X¢

and, for h € Hi,

(%PO"G(&, =5, Xi = 2| Xp1 = 96#1))

a\I}nQ a G 1 L |(Itvft71>:(XtYXt,1)
a0y 1555 -
=0 j=0 Xi—1,X¢
1 n o0
=3 WDia(Xio1, Xis 0, G) A gh(Xim1, Xo), (B.3)
t=0 j=0
n <6Ga(k)P ,G(gt =7, X = th‘Xt—l = .I‘t_l))‘
(zg,p—1)=(X¢, X¢ 1)

8\I/n2(05, G 1 ij:

0G (k) ns P;;Gl X,

PG (Xy = 14| Xpq = 24 1))

1 = BG(k) ‘(Itvzi—l):(xt»Xt—l)
==Y Asch(Xe1, Xy) —

"0 Py x,
— h(k). (B.4)

Proof. For the first two derivatives in (B.1) and (B.2), recall from (2.5) that

n
Ui (a, G) Z (Xi-1, X450, G),
=0

3\*—‘

where
, 0 <
la(@i-1,ai.0,G) = 5= log (P25, ) -
Hence, for (B.1), we get
OV (a, G) 01
" 0o da Zl (Kimy, Xij o, @) = aanzaa <X11X’>

2
a,G 82 pa,G o pa,G
~ PXf 17Xt(8a2 PXf 1,Xt) o (%th—hxt)

-3 s () =12
Xt LXe) T o P pos Ga 2
- Xi—1,Xt
9?2 pa,G 9 pa,G 2
_ Z BaZPXt X <30¢PX1—1,Xt)
n a,G
t=0 Xr 1,X¢ PXt,—hXt

8
1 Do X X, ;
; < bt —li(Xz17Xt;Oé7G)>
Xt 1,X¢t
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n _0* POZG 1 n
902" Xy—1,X¢ 2 : 12
E E PQG - E la(thlaXt;O(aG)'
t=0 Xi—1,X¢ t=0

Similarly, for (B.2) and for all & € Ny, we have

9 pa,G

8\I/n1(aaG) J Z 1 PXt 1, Xt
= lo(Xi1, Xy, G) = = 3 oo ot
OG(k) 0G (k) n ) P)Oét X,
o 0 pa,G a,G o pa,G o a,G
_ 72 ( G (k) TPXr 1 Xt) PXf 1,X¢ (TP X1 Xt) < G(k )PXr 1 Xt)
PaG 2
Xi—1,X¢
) 9 G a,G ) a,G
_ 1 Zn: 3w oaLX X, ( alx,” 1Xf> ( aam X, 1X1>
- a,G o 2
Px. L Xe (P;;le,xl,)
1 n 9 9 paG LPQ,G
_1 Z G (k )daG Xe-1,Xe in(Xio1, X1, Q) G (k) GXt—hXt
n Pa QL
t=0 Xi—1,Xt Xe—1,Xt
9 pa,G o a,G
P 1 n . P
1 Z BG(k) daG Xe—1, X 1 Z la(thly X0, G) G (k) GXt 1 Xz
P n P
f 0 Xi—1,Xt t=0 Xi—1,X¢

For the last two derivatives (B.3) and (B.4), recall from (2.6) that

n

1
Wna(a, G)h =~ > (Aa,Gh(Xt,l,Xt) - /th) , hEH,

t=0

holds, where

An.ch(zi—1,2t) =Ea,q(h(e)| X = a4, Xom1 = 24-1)

o0

h(j)P*C(er = §|X¢ = x4, Xp1 = 24-1)

.
I
o

PG (g =4, Xy = 24, Xyo1 = 2-1) P¥Y(Xyo1 = 24-1)

M

(i
= @) PoC(Xy =2y, Xyt = 2-1) PO (Xpo1 = 24-1)
:ih(j) PG ey =4, Xy = a4, Xy—1 = T4-1)
PoG(Xy = m¢| Xpm1 = 24-1) PO (Xpm1 = 341)

<
Il
o

PuCley =4, X = ;| Xy1 = 241)

Wi
(j) Pa,G(Xt = $t|Xt71 = -’L'tfl)

M

.
Il
o

Hence, for (B.3), we get

OWo(a, @) a1 1 9
Sl %52 (Aaﬁgh(xt,l,xt) — /th) = —Z 50 Aach(Xi1, X1),

where, for all z¢, z;—1 € Ny, using (B.5), we have

0
%Aa,Gh(l)tfla l't)
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0 PC(ep = j, Xy = 24| X4—1 = m4-1)

h
v )[M PaG(Xy = 24| Xp—1 = 4-1)

2 puC(ey = j, Xy = 24| Xio1 = 24-1)) P¥Y(Xy = | Xyo1 = 24-1)

L
h(]) (Pa,G(Xt = It|Xt—1 = 1’1&—1))2

e i

<.
Il
o

3 (2 PG (Xy = 24| Xyt = 2-1)) PO (e = j, Xy = 2| X1 = 24-1)
(PC(Xy = 24| Xyo1 = 74-1))°

6 PQG (et = 4, Xt = 24| Xym1 = 24-1)

o0
h(j
; PG (Xy = 24| X1 = 1)

.

oo

PG — X, = X0 =g
_Zh a(Ti-1, 750, G) (et = J, Xi = x| Xo1 = 41)

PoG(Xy = o] Xy = 24-1)

2 PG ey = j, Xy = 2| Xy—1 = w41)

—N " hii
;0 @) PaG(Xy = a4 Xym1 = 24-1)

—la(zi-1, 250, Q) An (-1, 24).

Recalling that PC“’G(Xt =a¢|Xo1 = 21) = P‘%"_Ci’wt, altogether, we have

<aipa’a(€t =7, Xt = x| Xoo1 = 241)

8\I/n2 a G 1 Zzh l(2g.0p—1)=(X¢.X¢_1)
PozG
t 0 7=0 Xi—1,X¢

1 .
- Z lo(Xi-1, X430, G) A, ch( X1, Xy).
t=0

Similarly, for (B.4) and for all k£ € Ny, we have

OWna(@,G)), 0 lz (AaGh X1, X)) /th)

G (k) 0G(k) n &
Z hdG,
g 8G(k /

I~ 0
== sam Aech(Xe1, Xi) -

§\>—‘

where

and, for all z;,z¢—1 € Ny, using (B.5), we have

Z 3G Ao ch(zi—1,2¢)

:722}1 (PQ’G(Et =5, Xy = | X1 :xt—l))
P PoC(Xy = my| Xy—1 = 24-1)

"X <756?(k)Pa’G(5t =5, Xi=z| Xy 1 = iL‘tA)) PO (Xy = 2| X1 = w4_1)
(47) P
(PoC(Xy = 4| Xy 1 = 1))

(ﬁp(lG(Xt = Xy = @ 1)) PG (e =, Xy = 24| Xyo1 = J/’t—l):|

(PC(Xy = | Xyoy = 241))
a7
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%@)PQ’G(Q =7, Xt = 24| X1 = x4-1)

= h(j
" Z Z (]) pa,G(Xt — .Tt|Xt—1 = mt—l)

LSS (s P C (X0 =l Xy = we0) ) POCer = j, X = mal Xooa = w11)
1 "

t=0 j—0 (PYC(Xy = a4 Xy 1 = $t71))2

1 Z ii () am P e =5, X = w| Xy = 241)
=— 3
=0 j=0 ’ PoCG(Xy = x| Xyt = m4-1)
e R

- — Acch(xi_q,x
n ; o,Gh(Te-1, 21) PG (Xy = x| Xp1 = 4-1)

Consequently, altogether, we have
8\I/n2(a, G))
OG(k)

n oo (%@PQ’G(et = j? Xt = xt|Xt*1 = mtfl)

=13 S hG)

h

l(eg.0p—1)=(X¢.X¢_1)

G
n t=0 j=0 P;t—hxt
. n (#O(IC)PO“G(Xt = xt‘thl = flftfl))‘(” - =, X )
- ZAQ,Gh/(Xt—LXt) a.G A B h’(k)
n P
t=0 Xi—1,X¢
|

Lemma B.3. Suppose the Assumptions of Lemma A.2 hold. Then, for ||&, —0o|| < 8, we have

lo(Xi—1, X4500) — lo(Xe—1, X5 6n)

X, q—
2X:-1+ CXt{l 1+ p)Xt—lfl . 2X; 1 (Cthl (14 p)¥e= 1 + 1)

0o 0o En
PXt—l,Xz PXt—L,Xf Xi—1,X¢

<6 , (B.7)
for some (generic) constant C = C(8) and some p = p(d), which becomes arbitrarily small for

o sufficiently small.

Proof. By plugging-in, we get

la(Xi—1, X4500) — lo(Xi—1, Xi580)

min(X;—1,X¢) . . . .
5 (%) Gu0s k™1~ 00— 0 (Xis )01 K1)
j=

min(X¢—1,X¢) .
(ij,*l)aé(l — ap)Xt-17IGy (X — )
7=0
min(X¢_1,X¢)

) (K1) G, (X = )Gl 1 (1 = ag,) 177 — ol (Xiq = j)(1 = ag, ) X177
=

min(X¢—1,X¢) X j X . .
i=o (), (1= ag, ) X177 G, (X — )
48
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a ap

b b

a—ay, ap(by, —b) la —an|  |an||bn — b
< B.
b * bb,, - b + bb,, ’ (B.8)

where we used that both b and b, are transition probabilities with b,b, € [0,1]. As by As-
sumption 1, b > 0 and ag € (0,1) holds and ¢, — a9 by Theorems 2.1 and 3.1, we also have
b, > 0 with probability tending to 1. Hence, it remains to consider the numerators |a — a,| and

|an| - |b — by| separately in the following. First, for |a — a,|, we have

la — an|
min(X¢—1,X¢) X ‘ . . .
< () G0t = ™1 = a0 = (X = )1 - 0¥
=0
X o o . N
- ( ; I)Gsn(Xt — )Ged (1= a)¥ T = af (Xpoy — j)(1 = ag) T
min(X¢_1,X¢) X,y - ' . -
D ( ;-7 >Gsn(Xt — NG = ag) X1 — o (X — §)(1 — ag) XTI
=0
X L » ) ‘ o
- ( ; 1>G£n(Xt *])(]aénl(l —ag, ) —al (X1 — ) (1 —ag,) T
=:I[a,1 + IImQ. (Bg)

For the first term I1, 1, we get

min(X¢—1,X¢)

X
o< Y (;1)|G0<Xt—j>—ng<Xt—j>|
=0

e (1 — o)X 7T — (X1 — 5) (1 — @)X Y

min(X¢—1,X¢)

<3 1Gom) - Geom)| [ S0 (X;‘l)jaé”u ~ )Xo
m=0

J=0

min(X;—1,X¢)

+ Z (X;l)aé(Xt—l — )1 — )Xt

=0

<2X1 Y [Go(m) — G, (m)

m=0

<2X; 10,

where we used Y [Go(m) —Ge, (m)| < ||&n —0ol] < 6 for the last inequality and, for the second
=0

ms
last inequality, we made use of the binomial theorem to get

min(X¢—1,X¢)

X . .
> ( ’ 1>ja(]) (1= ag) ¥t
§=0 J
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Xi—1

X, o . X, L )
<X (M)l - a0 = 3 (g ot
7=0 Jj=1
Xi—1—1 Xi—1—1
X ; . X1 —1 . .
- ( + i) (+Dag(1 - ag) X0+ = x, ;3 ( o )%(1 ~ agy¥i-171
=0 M i=0 J
=X 1 (B.10)
as well as
mm(Xf 1,X¢)
X, )
( ; )0‘0 X1 —7)(1— oao)Xf*“J*1
Xi—1 ) Xi—1-1 X . .
< ( ) (X1 — )ad(1 = ag) XTI = Z ( ;._1) (Xio1 = §)ad (1 — ag) ™17
J=0 J=0
Xio1—1
X —1\ )
= Xt—l Z ( ¢ ; )Oé%(l - ao)Xifl_l_J = Xt—l- (Bll)
j=0

When dealing with the second term I1, 2, we have

. » - D
o (1 —on)Xt*1 J —aé (1 —afn)X“l J

. . »
=a) (1—ag)Xt*1 - a5 (1 — g, yXe-1=7 ¢a (1 —oagn)Xt*1 J

—a (1= o)X= = (1= ag, )Y ) 4 (1= ag ) (of M =0l t). (B12)

Further, for the last expression in brackets, we have

Jj—1 Jj-1 _ j—1 Jj—1 Jj—2
=ap —o0p Foy Qg

_ . J2 Jj—2 Jj—1 Jj—3 2
=a) (ag—ag,) oy “ag, — ap - Fop ag,

i_9 i—3 -3 j—1 j—4 :
=af *(a0 - ag,) + o Cag, (a0 — ag,) + o g, — ol ¥ ol 0},

-2
j—2—1

— (a0 —ag,) Y o 2ok, (B.13)

1=0

and, analogously,
) ) Xi—1—j-1 )
(1 —ag)* 177 — (1 —ag, )77 = (ag, —ao) (1 —ag)¥ 77 (1~ ag,). (B.14)
1=0

Consequently, plugging-in (B.13) and (B.14) in (B.12) leads to

a0*1(1 _ aO)Xt 1—J _ J (1 —ag, )Xt—l—j

Y%,
= o} o, — ao) Z 1 —ag) X I (1 = ag ) + (1 ag, ) T (g — ag,) Y ad Pl
1=0 =0
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Following the same procedure, we get

o, (1= g, ) \=17971 — (1 — ag) =191

Xe—1—j—2 i1
ol (a0-ag) 3 (- ag I - o) + (1 - a0) - ag, - an) 3okl
=0 =0
Altogether, we obtain
min(X;_1,X)
Il,5= > (X;‘l)ng(Xt —7) (jag”u —ag) ¥ — jad (1 — g, )N

§=0
tad, (Xem = (1= ag, X771 = ad(Xio1 = j)(1 = a7

min(Xy—1,X¢)

X, N : L
a—ag] Y (;1)%(&—]) il S (- a1 - ag )

<
j=0 =0
Jj—2 ] ) Xi—1—j—2
+H(1—ag,) NIy aé”cc’&) + (Xem1 =) | of, (1= ag,) 1721 — ap)f
=0 =0

j—1
+(1 - ao)X“lfj*l Z agnllaf]))
1=0

=:|ag — ag,|(Ia21 + Iap2 + Ia23 + Ia24)

with an obvious notation for I1,21,11422,11423 and I, 24 according to the four terms on
the last right-hand side. Let us consider I1, 2 in more detail. Making use of |ag — ag,| <

l€n — 6o]] < &, we have

min(X¢—1,X¢) X ) Xi—1—j-1
( n 1)cagn(xt—j)joc{fl (1=a)® 7 (1 —ag,)  (B.15)
j=0 J =0
min(X¢—1,X¢) X Xi—1—j-1
= Z ( t'il) G&rL(Xt - ])]O‘g) (1 - aO)Xiil_]_l (1 - OJO) (1 - agﬂ)l
=0 J 1=0
min(X¢—1,X¢) X . Xio1—j—1 1 o 1
t— N j— —j— _ n
B ( ' )an(Xt—J)Jaé H(1—agy¥rmt Y (1—; )
j=0 J =0 0
min(X¢—1,X¢) X . Xi1—j—1 o a
B ( i )G&L(Xt —j)jeg (L —ag)M I Y (H 1—a§")
=0 J 1=0 0
1 min(X¢—1,X¢) X L Xi—1—j-1 |a0 Olg ‘
t— Jj—1 Xt 1—j — n
< 1— t—1 1
“T-a < )]% (= a0) 2 ( H— )
7=0 1=l
1 min(X¢—1,X¢) Xio1—-1 5 l
t—1 j—1 Xi—1—J
1— t—1
al n (F)erta-wrs) (5 ()
j=0 =0
1 § !
= X2 (1
1 t—1 ( + 1— ao)
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Using the same steps, we get for the three other terms

1 § O\ Nt
Iapo < —X7 4 (1 + —) ,
« Cvgn

ST

1 ) § Xt
Il 03 < x2, (1 and

n

1 Xi—1—1
IIa¢2,4 S *Xzfl <1 + *> 5
ap ap
where we used that, e.g., Z{:—g a6_2_laén = Z{:—g ag;z_laé and min(Xy, X;—1) < X;—1. Alto-

gether, using again |ag — g, | < ||&n — 6o < 0, this leads to
T2 < Clag — ag, | X7, (14 p) "7 < COXE | (14 p)

for some (generic) constant C' = C(d) and some p = p(d) which becomes arbitrarily small for ¢
sufficiently small. Now, consider the second term of (B.8). We have

min(X;—1,X¢)

Xt )
|an|= Z ( . >G§H(X,,7])
— j
J
(jo‘g;l(l —ag,) N —al (X1 —5)(1 - agn)Xt—l—j—l)‘
min(Xy—1,X¢) min(Xe_1,Xe)

X1 i1 —1-j X1\ . o
> ( J )ja%" (L=ag)™ 7+ 3 j al (X1 —j)(1— ag,) X771
j=0 =

<2X, 1, (B.16)

where we used that Gg, (k) <1 for all £ € Ny and the bounds obtained in (B.10) and (B.11).
Further, we have

min(X¢_1,X¢) X, ] . ) '
|bn - b| < Z ( t_i )ng (Xt - ]) <a§n(1 — a&L)Xt—l—] _ Oé‘g)(l _ ao)Xt—l—]>

i=0 J
min(X¢_1,X¢) X . .
fr () (G- ) - Gl - ) (w1 - a0 Y1)
7=0
::[Ib,l + I[b’g.

We can proceed analogously as we did for 11,1 and I, to get

min(X¢_1,X¢)
11y

Xt—1—j—1
=0

X . ; i
(e cti- |t la-ag) X (1-ag )0
7=0 1

A
)
o

\

2

Ay
=

RS

2
|
~—
ms
3
=
\
2
A
e
L
|
=
L
L
=
\
2
N




FAYMONVILLE AND JENTSCH, |2025 121

-1
+(1 - ozo)Xt‘“j Z a%nllo%)
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where C and p are as above. Altogether, this completes the proof. a

Lemma B.4. Suppose the Assumptions of Lemma A.2 hold. Then, for ||&, —60o|| < §, we have

9% paGey, 92 pa,Go
90" Xy 1, Xi|la=ag,  9a?” Xi_1,Xila=ag
Sn 90
PXt—hXt PXT,—hXt

- CX} (14 p) X1+ CX2, N CX?, <5Xt—1(1 +p)¥Tt 4 1)

B.17)
én En 0, (
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for some (generic) constant C = C(8) and some p = p(8), which becomes arbitrarily small for

6 sufficiently small.

Proof. We follow the proof technique of Lemma B.3, but have to deal with the second derivative.

First, we get the bound

89?2 pGey, 9?2 Pa,Go

002" Xi1,Xtla=ag, 002" Xi—1,X¢|la=ag Cn c |Cn_c| |C||b_bn|
P =T T BT e T e
Xi—1,Xt Xi—1,X¢

where b, and b are defined as in (B.8) and
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(ag(xt,l — DX 1+ j(—200(Xe—1 — 1) — 1) +j2).

Hence, it remains to investigate |c, — ¢| and |¢|. First, we note that ¢ (and analogously ¢,) can

equivalently be written as

min(X¢—1,X¢)

X - . j —_a
( ; 1)GO(Xt —J) (af)(l —ag) (X - 1) X
=0
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Adding and subtracting the mixed terms as we did in (B.9), we obtain
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For 1., we rewrite the last factor of the sum analogously to (B.12), (B.13) and (B.14) to get
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with an obvious notation for Ic11,11.2, 11,3, 1e1,4,Ic1,5 and I 16 according to the six terms

on the last right-hand side. With similar steps as in (B.15), we get

1 ) § !
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1 ) 5\t
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MO g (1—ag, e,

Altogether, this leads to
Loy < Clag = g, | X7y (Xp1 = (1 +p) Y17 < Coxi (14 p) !

for some (generic) constant C = C (0) and some p = p(d) which becomes arbitrary small for §
sufficiently small. For I. o, we re-use the binomial theorem as in (B.10) and (B.11) and get

min(X¢—1,X¢)

X . ) i il
o< Y ( ; 1) |Ge, (X = ) — Go(Xi = )(af (1 = ag) X772 (Xpo1 — 1) Xia
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— o (1 = ag) ¥ I T2(X oy — 1) — o A1 — )N IR - 7))

< D Ge, (m) = Go(m)[4X; 1 (Xy-1 — 1)(1 — ag) (B.18)
m=0
< C6X}?, (B.19)

As last term, we have to consider |c| for which we get
le| <4X; 1(X;o1 — 1)1 —ag) 2 < CX2, (B.20)

with the same arguments as in (B.18). Altogether, using ||§, — 6p|| < 4, this completes the

proof. O
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APPENDIX C. ADDITIONAL TABLES

a G(0) GQ)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage | 0.520 0.806 0.914 | 0.886 0.918 0.946 | 0.960 0.948 0.962
average length | 0.264 0.163 0.125 | 0.242 0.115 0.083 | 0.223 0.098 0.069

G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.918 0.938 0.934 | 0.820 0.934 0.934 | 0.652 0.834 0.942
average length | 0.191 0.087 0.062 | 0.113 0.055 0.039 | 0.047 0.027 0.019

TABLE 9. Coverage and average length of the semi-parametrically constructed

bootstrap confidence intervals based on the semi-parametric estimation of Drost

et al. (2009a) and the semi-parametric INAR bootstrap from Section 3.1 for
a,G(0),...,G(4) in case of a Poi(1)-INAR(1) DGP with a = 0.1 for different

sample sizes.

e G(0) G(1)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.652 0.834 0.930 | 0.876 0.916 0.944 | 0.974 0.976 0.986
average length | 0.288 0.164 0.124 | 0.195 0.093 0.067 | 0.026 0.006 0.003
G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.848 0.908 0.948 | 0.864 0.898 0.948 | 0.846 0.872 0.944
average length | 0.094 0.0046 0.033 | 0.061 0.031 0.022|0.024 0.012 0.008

TABLE 10. Coverage and average length of the parametrically constructed boot-

strap confidence intervals based on parametric ML estimation and a parametric

Poi-INAR bootstrap for o, G(0), ..., G(4) in case of a Poi(1)-INAR(1) DGP with

a = 0.1 for different sample sizes.
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e G(0) G(1)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.410 0.750 0.866 | 0.754 0.892 0.916 | 0.856 0.864 0.912
average length | 0.224 0.153 0.123 | 0.110 0.052 0.038 | 0.199 0.094 0.069
G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.898 0.944 0.942|0.918 0.942 0.942 | 0.878 0.958 0.940
average length | 0.236 0.107 0.076 | 0.242 0.107 0.076 | 0.219 0.104 0.074

TABLE 11. Coverage and average length of the semi-parametrically constructed

bootstrap confidence intervals based on the semi-parametric estimation of Drost

et al. (2009a) and the semi-parametric INAR bootstrap from Section 3.1 for
a,G(0),...,G(4) in case of a Poi(3)-INAR(1) DGP with o = 0.1 for different

sample sizes.

o G(0) G(1)
n 100 500 1000 | 100 ~ 500 1000 | 100 500 1000
coverage 0.596 0.842 0.936 | 0.774 0.896 0.948 | 0.768 0.910 0.942
average length | 0.283 0.162 0.122 | 0.073 0.032 0.023 | 0.126 0.062 0.045
G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.694 0.880 0.960 | 0.970 0.978 0.960 | 0.704 0.866 0.944
average length | 0.080 0.045 0.034 | 0.028 0.007 0.004 | 0.071 0.034 0.026

TABLE 12. Coverage and average length of the parametrically constructed boot-

strap confidence intervals based on parametric ML estimation and a parametric

Poi-INAR bootstrap for a, G(0), ..., G(4) in case of a Poi(3)-INAR(1) DGP with

a = 0.1 for different sample sizes.
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a G(0) GQ)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage | 0.804 0.952 0.944 | 0.828 0.928 0.934 | 0.914 0.938 0.924
average length | 0.379 0.171 0.120 | 0.305 0.141 0.100 | 0.287 0.120 0.091

G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.878 0.928 0.944 | 0.732 0.936 0.944 | 0.486 0.782 0.898
average length | 0.253 0.112 0.078 | 0.143 0.069 0.048 | 0.058 0.031 0.024

TABLE 13. Coverage and average length of the semi-parametrically constructed

bootstrap confidence intervals based on the semi-parametric estimation of Drost

et al. (2009a) and the semi-parametric INAR bootstrap from Section 3.1 for
a,G(0),...,G(4) in case of a Poi(1)-INAR(1) DGP with o = 0.3 for different

sample sizes.

o G(0) G(1)
n 100 500 1000 | 100 ~ 500 1000 | 100 500 1000
coverage 0.890 0.952 0.954 | 0.926 0.932 0.954 | 0.984 0.978 0.982
average length | 0.363 0.162 0.114 | 0.222 0.100 0.071 | 0.034 0.007 0.004
G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.878 0.924 0.938 | 0.872 0.924 0.938 | 0.836 0.916 0.940
average length | 0.105 0.050 0.036 | 0.074 0.034 0.024 | 0.031 0.013 0.009

TABLE 14. Coverage and average length of the parametrically constructed boot-

strap confidence intervals based on parametric ML estimation and a parametric

Poi-INAR bootstrap for a, G(0), ..., G(4) in case of a Poi(1)-INAR(1) DGP with

a = 0.3 for different sample sizes.
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a G(0) GQ)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage | 0.698 0.966 0.946 | 0.566 0.872 0.912 | 0.596 0.890 0.918
average length | 0.352 0.188 0.128 | 0.123 0.079 0.058 | 0.258 0.168 0.122

G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.688 0.884 0.932 | 0.750 0.902 0.932 | 0.686 0.836 0.932
average length | 0.324 0.211 0.155|0.340 0.231 0.172 | 0.311 0.224 0.170

TABLE 15. Coverage and average length of the semi-parametrically constructed

bootstrap confidence intervals based on the semi-parametric estimation of Drost

et al. (2009a) and the semi-parametric INAR bootstrap from Section 3.1 for
a,G(0),...,G(4) in case of a Poi(3)-INAR(1) DGP with o = 0.3 for different

sample sizes.

o G(0) G(1)
n 100 500 1000 | 100 ~ 500 1000 | 100 500 1000
coverage 0.904 0.946 0.958 | 0.842 0.926 0.952 | 0.872 0.934 0.946
average length | 0.357 0.157 0.111 | 0.083 0.036 0.026 | 0.151 0.070 0.051
G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.796 0.902 0.982|0.978 0.980 0.982 | 0.686 0.882 0.934
average length | 0.110 0.053 0.038 | 0.045 0.010 0.007 | 0.075 0.038 0.029

TABLE 16. Coverage and average length of the parametrically constructed boot-

strap confidence intervals based on parametric ML estimation and a parametric

Poi-INAR bootstrap for a, G(0), ..., G(4) in case of a Poi(3)-INAR(1) DGP with

a = 0.3 for different sample sizes.
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a G(0) GQ)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage | 0.896 0.964 0.952 | 0.408 0.684 0.818 | 0.550 0.794 0.832
average length | 0.422 0.213 0.172 | 0.200 0.165 0.168 | 0.325 0.254 0.209

G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.592 0.812 0.704 | 0.692 0.764 0.704 | 0.664 0.734 0.724
average length | 0.385 0.203 0.244 | 0.423 0.209 0.253 | 0.389 0.287 0.237

TABLE 17. Coverage and average length of the semi-parametrically constructed

bootstrap confidence intervals based on the semi-parametric estimation of Drost

et al. (2009a) and the semi-parametric INAR bootstrap from Section 3.1 for
a,G(0),...,G(4) in case of a Poi(3)-INAR(1) DGP with oo = 0.5 for different

sample sizes.

a G(0) G()
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.952 0.962 0.960 | 0.832 0.924 0.930| 0.872 0.932 0.952
average length | 0.288 0.122 0.087 | 0.088 0.038 0.030 | 0.159 0.075 0.056
G(2) G(3) G(4)

n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.784 0.904 0.974]0.978 0.990 0.974|0.652 0.878 0.922
average length | 0.117 0.055 0.044 | 0.052 0.011 0.010 | 0.078 0.041 0.034

TABLE 18. Coverage and average length of the parametrically constructed boot-

strap confidence intervals based on parametric ML estimation and a parametric

Poi-INAR bootstrap for a, G(0), ..., G(4) in case of a Poi(3)-INAR(1) DGP with

a = 0.5 for different sample sizes.
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a G(0) GQ)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage | 0.958 0.946 0.810 | 0.412 0.258 0.196 | 0.682 0.534 0.478
average length | 0.205 0.096 0.086 | 0.408 0.222 0.152 | 0.684 0.432 0.399

G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.808 0.864 0.864 | 0.728 0.880 0.864 | 0.488 0.786 0.844
average length | 0.559 0.348 0.306 | 0.401 0.230 0.204 | 0.235 0.071 0.065

TABLE 19. Coverage and average length of the semi-parametrically constructed

bootstrap confidence intervals based on the semi-parametric estimation of Drost

et al. (2009a) and the semi-parametric INAR bootstrap from Section 3.1 for
a,G(0),...,G(4) in case of a Poi(1)-INAR(1) DGP with o = 0.9 for different

sample sizes.

o G(0) G(1)
n 100 500 1000 | 100 ~ 500 1000 | 100 500 1000
coverage 0.940 0.956 0.952|0.936 0.964 0.952|0.982 0.970 0.980
average length | 0.068 0.029 0.022 | 0.237 0.107 0.078 | 0.040 0.008 0.012
G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.878 0.954 0.942 | 0.900 0.948 0.942 | 0.858 0.926 0.934
average length | 0.111 0.053 0.043 | 0.080 0.036 0.029 | 0.035 0.014 0.011

TABLE 20. Coverage and average length of the parametrically constructed boot-

strap confidence intervals based on parametric ML estimation and a parametric

Poi-INAR bootstrap for a, G(0), ..., G(4) in case of a Poi(1)-INAR(1) DGP with

a = 0.9 for different sample sizes.
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a G(0) GQ)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage | 0.938 0.920 0875 0 0 0 |0.012 0.008 0.010
average length | 0.220 0.082 0.055 | 0.006 0.001 0.001 | 0.005 0.001 0.001
G(2) G(3) G(4)

n

100 500 1000

100 500 1000

100 500 1000

coverage

average length

0.020 0.008 0.006
0.005 0.001 0.001

0.032 0.008 0.006
0.005 0.001 0.001

.032  0.006 0.010
0.005 0.001 0.001

TABLE 21. Coverage and average length of the semi-parametrically constructed

bootstrap confidence intervals based on the semi-parametric estimation of Drost

et al. (2009a) and the semi-parametric INAR bootstrap from Section 3.1 for
a,G(0),...,G(4) in case of a Poi(3)-INAR(1) DGP with o = 0.9 for different

sample sizes.

n

[e%

100 500 1000

G(0)
100 500 1000

G(1)
100 500 1000

coverage

average length

n

0.948 0.950 0.938
0.061 0.026 0.020
G(2)

100 500 1000

0.850 0.924 0.910
0.094 0.040 0.028
G(3)

100 500 1000

0.884 0.940 0.920
0.166 0.078 0.054
G(4)

100 500 1000

coverage

average length

0.766 0.910 0.964
0.117 0.058 0.040

0.984 0.968 0.964
0.055 0.012 0.006

0.698 0.874 0.880
0.084 0.042 0.030

TABLE 22. Coverage and average length of the parametrically constructed boot-

strap confidence intervals based on parametric ML estimation and a parametric

Poi-INAR bootstrap for a, G(0), ..., G(4) in case of a Poi(3)-INAR(1) DGP with

a = 0.9 for different sample sizes.
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a G(0) GQ)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage | 0.940 0.960 0.950 | 0.866 0.950 0.952 | 0.918 0.952 0.958
average length | 0.303 0.117 0.081 | 0.360 0.151 0.105 | 0.335 0.143 0.100

G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.856 0.946 0.940 | 0..732 0.938 0.938 | 0.634 0.852 0.940
average length | 0.235 0.101 0.071 | 0.153 0.072 0.050 | 0.096 0.050 0.037

TABLE 23. Coverage and average length of the semi-parametrically constructed

bootstrap confidence intervals based on the semi-parametric estimation of Drost

et al. (2009a) and the semi-parametric INAR bootstrap from Section 3.1 for
a,G(0),...,G(4) in case of a NB(1,1/2)-INAR(1) DGP with « = 0.5 for different

sample sizes.

o G(0) G(1)

n 100 500 1000 | 100 ~ 500 1000 | 100 500 1000
coverage 0.926 0.446 0.104|0.150 0 0 [0.018 0 0
average length | 0.333 0.142 0.100 | 0.219 0.099 0.070 | 0.053 0.017 0.011

G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.184 0 0 10.832 0.566 0.304 | 0.660 0.558 0.364
average length | 0.097 0.047 0.034 | 0.089 0.041 0.029 | 0.046 0.019 0.013

TABLE 24. Coverage and average length of the parametrically constructed boot-

strap confidence intervals based on parametric ML estimation and a parametric

Poi-INAR bootstrap for a, G(0), ..., G(4) in case of a NB(1,1/2)-INAR(1) DGP

with a = 0.5 for different sample sizes.
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a G(0) GQ)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage | 0.932 0.952 0.940 | 0.826 0.928 0.926 | 0.898 0.918 0.930
average length | 0.362 0.142 0.100 | 0.385 0.175 0.124 | 0.385 0.169 0.120

G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.832 0.938 0.944 | 0.710 0.912 0.932 | 0.486 0.756 0.874
average length | 0.314 0.131 0.092 | 0.177 0.081 0.057 | 0.079 0.039 0.030

TABLE 25. Coverage and average length of the semi-parametrically constructed

bootstrap confidence intervals based on the semi-parametric estimation of Drost

et al. (2009a) and the semi-parametric INAR bootstrap from Section 3.1 for
a,G(0),...,G(4) in case of a NB(10,10/11)-INAR(1) DGP with o = 0.5 for

different sample sizes.

a G(0) G()

n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.948 0.952 0.922|0.866 0.782 0.662 | 0.206 0.004 0
average length | 0.304 0.131 0.091 | 0.229 0.103 0.073 | 0.040 0.008 0.004

G(2) G(3) G(4)
n 100 500 1000 | 100 500 1000 | 100 500 1000
coverage 0.806 0.770 0.660 | 0.890 0.932 0.936 | 0.794 0.794 0.762
average length | 0.107 0.051 0.036 | 0.081 0.036 0.025 | 0.036 0.014 0.010

TABLE 26. Coverage and average length of the parametrically constructed boot-

strap confidence intervals based on parametric ML estimation and a parametric

Poi-INAR bootstrap for a, G(0),...,G(4) in case of a NB(10,10/11)-INAR(1)

DGP with o = 0.5 for different sample sizes.
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Among the various models designed for dependent count data, integer-valued autoregressive (INAR) processes
enjoy great popularity. Typically, statistical inference for INAR models uses asymptotic theory that relies on rather
stringent (parametric) assumptions on the innovations such as Poisson or negative binomial distributions. In this
paper, we present a novel semi-parametric goodness-of-fit test tailored for the INAR model class. Relying on the
INAR-specific shape of the joint probability generating function, our approach allows for model validation of INAR
models without specifying the (family of the) innovation distribution. We derive the limiting null distribution of
our proposed test statistic, prove consistency under fixed alternatives and discuss its asymptotic behavior under
local alternatives. By manifold Monte Carlo simulations, we illustrate the overall good performance of our testing
procedure in terms of power and size properties. In particular, it turns out that the power can be considerably
improved by using higher-order test statistics. In supplementary material, we provide an application to three real-
world economic data sets.

Keywords: Bootstrap; count time series; goodness-of-fit; local power; probability generating function;
semi-parametric estimation

1. Introduction

Integer-valued autoregressive (INAR) models represent a powerful model class for modeling count time
series. They offer a flexible and versatile approach for dealing with autoregressive (AR) time series of
non-negative integer values and are the natural analog of the well-known AR model for continuous-
valued time series. Du and Li (1991) introduce the INAR model of order p to follow the recursion

Xi=a1oXp1+...+apoX; p+e&, t€Z={..,-1,01,...}, (L.1)

where &; id. G, that is, the innovations (&;,f € Z) are independent and identically distributed and
follow a discrete distribution G with range Ny = {0, 1,2,...} and probability mass function (pmf)
(G(k), k € Np). The vector of model coefficients a = (a1, ...,ap) € (0,1)? fulfills Z;’: aj <1.To
ensure the integer-valued modeling of the time series, the model uses the binomial thinning operator
“o” introduced by Steutel and van Harn (1979) as

X,
@joX, ;= Z z", (1.2)

i=1

with (Zl.(t’j ),i eN,re€Z), je{l,...,p} being mutually independent Bernoulli-distributed random
variables Z l.(t’] ) o Bin(1, @) independent of (&, t € Z). Hence, the thinning operations are indepen-
dent over time and independent of (&;, t € Z). Additionally, the thinning operation at time ¢ and &, are
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both independent of X, s < ¢. These comprehensive independence assumptions are characteristic for
the INAR(p) model formulation of Du and Li (1991) and they differ from the one of Alzaid and Al-
Osh (1990). But as only the INAR(p) model of Du and Li (1991) leads to the traditional Yule—Walker
equations for the autocorrelation function (ACF), this model is usually preferred in practice and we
focus on this model specification for the remainder of this paper. However, for p = 1, both versions of
INAR(p) models simplify to the INAR(1) model first introduced by McKenzie (1985) and Al-Osh and
Alzaid (1987).

The aforementioned flexibility of INAR models gets lost if one imposes a (parametric) family of
distributions for the innovations, which, however, mostly happens in the literature because it simplifies
considerably the estimation and the inference for these models. Initially, Al-Osh and Alzaid (1987)
suggested a Poisson distribution for the innovations, which can be considered as the natural analog of
the normal distribution in the continuous case. However, a Poisson distribution may be too restrictive
in applications as it only allows for equidispersion. In the following years, INAR models with several
alternative innovation distributions have been considered. For instance, Savani and Zhigljavsky (2007)
deal with negative binomial innovations, Jazi, Jones and Lai (2012a) with geometric innovations, Jazi,
Jones and Lai (2012b) with a zero-inflated Poisson innovation distribution, and Qi, Li and Zhu (2019)
with zero-and-one inflated Poisson innovations. But regardless of which innovation distribution we
choose, we will always face restrictions and lose some of the flexibility of the INAR(p) model in (1.1).
Hence, we should not test for restrictive (parametric) null hypotheses Hgara with pre-defined innovation
distributions, where

Hy™ : (X;, t € Z) is INAR(p) with G = G ; for some 4 € A (1.3)

for some parametric family of innovation distributions {G», 2 € A} with A C R4 for some (finite) d as
it is usually considered in the literature, see e.g. Meintanis and Karlis (2014), Hudecovd4, HuSkova and
Meintanis (2015), Schweer (2016), Aleksandrov, Weifl and Jentsch (2022), Aleksandrov et al. (2024)
and a bivariate extension in Hudecova, Huskova and Meintanis (2021). Such parametric assumptions
considerably facilitate the estimation and allow for relatively simple testing strategies, but they also
make the tests prone to possible model misspecification. Instead, we want to test the (semi-parametric)
null hypothesis H(S)emi that the data at hand follow an INAR(p) model as in (1.1) with unspecified
innovation distribution, i.e.

H™ : (X,, t € Z) is INAR(p). (1.4)

In practice, irrespective of the concrete underlying innovation distribution, it is very helpful to know
whether an INAR(p) process (1.1) is suitable to adequately capture the dependence structure of the
count time series. In this case, a semi-parametric estimation approach can be used. The general rel-
evance of semi-parametric approaches for Z-valued time series was recently demonstrated by Liu, Li
and Zhu (2021), who consider a similar model setup. In a more general time series setup, Armil-
lotta and Gorgi (2024) introduce the semi-parametric pseudo-variance quasi-maximum-likelihood es-
timation, which is based on a Gaussian quasi-likelihood function relying on the specification of the
pseudo-variance. The latter transfers naturally to time series of bounded counts, which are not consid-
ered here. Instead, we use the semi-parametric estimator of Drost, van den Akker and Werker (2009),
which does not impose any parametric assumption on the innovation distribution and estimates G non-
parametrically. Hence, even without imposing a parametric assumption on the innovation distribution,
such (semi-parametric) INAR processes are generally attractive in applications as they are very flexible
and still easily interpretable due to their autoregressive nature.

The paper is organized as follows. We introduce a test statistic for the null hypothesis defined in
(1.4), derive its limiting null distribution and derive its asymptotic behavior under fixed and local
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alternatives in Section 2. As the limiting null distribution is cumbersome to estimate, we introduce an
appropriate bootstrap procedure in Section 3 to get critical values. Corresponding simulation results are
provided in Section 4. The paper concludes with Section 5, where we summarize the results and give
an outlook on possible future research questions. All proofs are deferred to supplementary material
(Faymonville, Jentsch and Weil3, 2025a), which also contains additional tables and three real-world
data applications. The corresponding MATLAB code is provided in further supplementary material
(Faymonville, Jentsch and Weil3, 2025b).

2. Semi-parametric goodness-of-fit test for INAR models

Suppose we observe a sample X1, ..., X, of time-series count data and we want to construct a test
statistic for the null hypothesis ngmi in (1.4). While Meintanis and Karlis (2014) exclusively consider
parametric null hypotheses Hgara of the form (1.3) without providing asymptotic theory, we adopt their
idea of constructing a suitable L,-type test statistic based on two estimators of the (joint) probability
generating function (pgf). The first pgf estimator shall be consistent in general, and the second one only
under the null H(S)emi. In Meintanis and Karlis (2014), the pgf estimation under their (parametric) null

Hgara facilitates a lot due to their parametric assumption on the innovations, which results in closed
form expressions for the pgf, depending on a finite number of estimated parameters determining the
innovation distribution. In what follows, by contrast, we deal with more general expressions under the
semi-parametric setup in (1.1).

2.1. Joint probability generating function of INAR models

As we want to test for INAR-type dependence structure of order p, we consider the joint pgf of p + 1
consecutive random variables X;, ..., X;_,, which uniquely determines the full dependence structure
of a (stationary) Markov process of order p. Then, for ug, ...,u, € [0, 1], the joint pgf of X;,..., X,
is defined as

Xt-p
gp(uo,...,up) =8X,..., Xtip(uo,...,up) ::E(u())(f...upt I)' (21)

For the construction of a suitable pgf-based goodness-of-fit test statistic, we exploit the INAR depen-
dence structure of X, ..., X;, and derive an explicit representation of the joint pgf g, for INAR(p)
models.

Lemma 2.1 (Joint pgf of INAR(p) processes). For X;,...,X;_, following an INAR(p) process (1.1),
the pgf gp defined in (2.1) can be represented by

r X
gp(ug...,up)=gs(ug) - E n{uj(1+a'j(u0—l))} , 2.2)

j=1
where g (uo) = X7, P(&: = k) ug =Y G (k) ug.

The proof is contained in Subsection C.1 in the Supplement (Faymonville, Jentsch and Weil3, 2025a).
Taking a closer look at (2.2), we see that the pgf g, can be represented as a product of two factors.
While the first factor exclusively depends on the pmf of the innovation distribution, (G (k), k € Ny), the
second factor is the joint pgf of (only) p consecutive random variables X;_1,...,X; ,, whose argu-
ments u;(1+a;(uo—1)), j=1,..., p also depend on the autoregressive model coefficients a1, ..., a.
Note that the representation (2.2) does not require any further (parametric) assumptions on G.
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2.2. Goodness-of-fit test statistic

When we renounce all parametric assumptions on the innovation distribution, the main challenge is
the estimation of the INAR model, determined by the model coefficients a1, ..., @, and the innovation
distribution G. We cannot resort to (parametric) estimation methods such as moment or (conditional)
maximum-likelihood estimation (see e.g. Weif3, 2018) that are usually employed to consistently esti-
mate the (low-dimensional) parameter vector determining the innovation distribution. Instead, we use
the semi-parametric estimator introduced in Drost, van den Akker and Werker (2009), which main-
tains the parametric binomial thinning, while simultaneously enabling the non-parametric estimation
of the innovation distribution. For a small-sample refinement of this semi-parametric estimator using
penalization techniques, we refer to Faymonville et al. (2023).

The estimation procedure proposed by Drost, van den Akker and Werker (2009) allows for joint
estimation of the INAR coefficients and the pmf of the innovation distribution, (G (k), k € Ny). Given
X1, ..., Xy, their semi-parametric maximum-likelihood estimator

@sp, Gp) = @sp, 15+ @sp,ps Gp(0), Gp (1), ..., (2.3)
which they prove to be consistent and efficient, is defined to maximize the conditional likelihood, i.e.

n

—~ - .G
(@sp, Gsp) € arg max B l—l P((ZXH _____ Xep)o | 2.4)
(@,G)€[0,11PXG \r=p+1
where G contains all probability measures on N and P‘(’X?_I Xeop): X denotes the transition proba-
bilities
p
*G =P o Xi—j e =x | Xoy = Xi—p=
(Xt Xt—p )oXe a,G @i t—j T &t =Xt t—1=Xt-15-+-5A&f—p =Xt—p
Jj=1

= (Bin(x;—1,a1) * ... *Bin(x;_p,ap) * G){x}.

Here, P, G denotes the underlying probability measure induced by an INAR(p) process with coeffi-
cients  and innovation distribution G, Bin(x;_;, @;) is the binomial distribution with parameters x;_;
and @, j=1,...,p and “+” denotes the convolution of distributions. The estimator in (2.3) allows to
estimate the pgf in (2.2) under the semi-parametric null Hy™ in (1.4) without using any parametric
assumption on the innovation distribution. Naturally, we use the plug-in estimator

n p

- - 1 - Xe-j
gp:Hy(w) := g (uo) - P Z 1_[ {“J’(l +@sp, j (1o — 1))} ) (2.5)
t=p+1 j=1
where w= (ug,u1,...,up) and
00 00 max(X1,..., Xn)
Be(wo) =) Pler=kyuf =Y Gypuf = > Gyk)uf (2.6)
k=0 k=0 k=0

with the semi-parametric estimators asp, j, j € {1,...,p} and (5Sp(k), k € Ny) from (2.3). The last

equality in (2.6) holds, because, for fixed n € N, we have asp(k) =0Vk > max(Xy,...,Xy); see Drost,
van den Akker and Werker (2009) for details.
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While the estimator g, ¢, (u) explicitly makes use of the INAR structure, the (non-parametric) esti-
mator g, (u), defined by

1 n

p
> [T e

t=p+1 j=0

g,(u) =
gp() n—p

is consistent in general, that is, under the null and under the alternative. Hence, under the null H(S)emi
in (1.4) of an underlying INAR(p) process, both g ., (u) and g, (u) estimate the same quantity. This
allows to construct the Lj-type test statistic 7,, defined by

Tnzn/()l.../o1 (gp;HO(u)—§p(u))2w(u;a)du, (2.8)

where du = dug---dup and w(u;a) == (a + 1)r+l Hf:o u? is a weighting function with weighting
parameter a > 0. The weighting function is constructed to integrate to one such that w becomes a
probability density function (pdf) on [0, 1]7*!. Choosing a = 0 corresponds to no weighting, whereas
larger values for a > 0 (common choices are e.g. a =2 and a = 5) put more weight close to the right
boundaries of the integration intervals [0, 1], see Giirtler and Henze (2000). In what follows, we shall

use a more precise notation of 7, than introduced in (2.8). Note that 7}, is naturally a function of

X1,..., Xy, butalso that the definition of 7;, relies on (nuisance) parameter estimators @\Sp = (6sp, ésp),
which are also functions of Xj, ..., X;,, themselves. This justifies the notations
T, =Tu(X1,...., X)) = Tn(é;p;Xl, L Xp) = Tn(gsp) (2.9)

The test statistic 7;, in (2.8) is of a similar structure as in Meintanis and Karlis 12014). However, by
contrast to their parametric approach, we are using the semi-parametric estimator fp = (@sp, Gp) from
(2.3). We should reject the null hypothesis Hy™™ in (1.4) for large values of 7, in (2.8).

Remark 2.2 (Higher-order test statistics). For the construction of test statistics in the spirit of (2.8)
to test for the null H(S)emi in (1.4), we could also consider pgfs of higher order s > p, which may be
beneficial to better detect Markov chain alternatives of higher order than p. That is, for any s > p, we
can define the test statistic

1 1 2
T,Es)zn‘/o [) (gs;HO(uo,...,us)—§S(u0,...,us)) w(ug, ... us;a) dug - - dus, (2.10)

where g is defined as in (2.7) with p replaced by s, and

R _ l n S _ thj
8s:Ho (o, - - -, us) == ge(u) - s tzl 1_! {“J‘(l + aisp, j (1o = 1))}
=s+1 j=

with @, ; ;=0 for j=p+1,...,s. Note that T,\”) = T;, holds.

While the test statistic 7}, as proposed in (2.8) requires (numerical) integration, making use of (2.5)
and (2.7), it can also be expressed without any integrals.
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Lemma 2.3 (Calculation of 7,, without integrals). The test statistic T,, given by (2.8) can be equiva-
lently written as

1

n 1
a+1)P!
(n—p)z( ) BI+X,_J-+XS_J-+a

1+ X, +Xs+a

n=

max(X1 ..... Xn) X1+ Xs-1 01 X p+Xv P lp

1
D GulkGyk) Y Z > 2 >
ki ka=0 =0 = 20 o lthkitkata+
P max(X1,..., Xn)
Xl‘ +X i hilt —~
1—[( —-j T Xs— J) A;”( 1)li—hi (hj]) 2 Z Gyp(k)
J= =0
X1+ Xs- Xi-p+Xs— ] .
b Z I3 ; (1% o ()l
5 - :
=0 =0 =0 hp:01+k+Xs+a+Zm:1h AWy sp.Jj hj

The proof is contained in Subsection C.2 in the Supplement (Faymonville, Jentsch and Weif3, 2025a).

2.3. Asymptotic theory

To derive the limiting distribution of our test statistic 7},, recall that, according to (2.9), we are actually
confronted with 7;,(6s,). Before addressing this case in Section 2.3.2 below, let us consider first the

somewhat simpler case of T, (6y) in Section 2.3.1, where the semi-parametric estimator §Sp is replaced
by some 6y = (@, Go) € [0,1]7 X G.

2.3.1. Limiting distribution of T,,(0)

Let us consider the test statistic 7, (60) = 7,,(6o; X1, - - ., Xn) in more detail. It is defined similarly to
Ty =T, (6sp) in (2.8), but with g, 5, in (2.5) replaced by g.x,, where

gp:H, (W) :=go, s (up) - n+ Z 1_[ {uj(l +ao(ug 1))}Xr—1’

p t=p+1 j=1

with go ¢ (uo) := X372, Go(k)uk uy- While the original test statistic 7, (Hsp) introduced in (2.8) allows to

test for Hseml in (1.4), that is, for the whole INAR(p) model class, T,,(6p) is useful to test for null
hypotheses of the form

HE™ (09) 1 (Xq, t €Z) is INAR(p) with 6 = 6 2.11)

for 6y = (@p, Go) with some pre-specified ag = (ap,1, ..., @0,p) and Gy = (Go(k), k € Np). Note that
H™ (6) € HE™ for all 0y € [0,1]7 X G.

The following proposition shows that, under the null H§™ (6)), the test statistic 7;,(6p) can be rep-
resented as a degenerate V-statistic, which enables the derivation of its limiting distribution.

Proposition 2.4 (T,,(0) as a V-statistic). Let 6y € [0, 1]7 X G. Suppose the null hypothesis ngmi(ﬁo)
in (2.11) holds, that is, X1, ..., X, follow an INAR(p) process with coefficients ag = (a1, - .., @0, p)
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and innovation distribution Go = (Go(k), k € Ng). Then, the test statistic T, (0g) is a degenerate V-
statistic. That is, T, (6y) can be represented as

Tlbo) = s D D) hTiYsido),

t=p+1 s=p+1

where Yy = (Xy,..., Xt-p), Ys = (X5, ..., Xs—p), 60 = (@0, Go) and h: RPFL x RPHL 5 R with

1 1 P P
h(Yt»YS;HO):/ / go,s(uo)l_[(uj(l +ap,j (ug — 1)) X7 —nu;(t_j (2.12)
0 0 =1 /

J Jj=0

p p
) Xs—j
x| 80,2(uo) | [(uj(1+ a0 (o= )X = [ [ |wluo,....upsa) dug...du,
j=1 j=0

the symmetric and continuous kernel and E (h(y;,Ys;00)) =0 for all y; = (x;,...,x;-p) € RPHL

The proof is contained in Subsection C.3 in the Supplement (Faymonville, Jentsch and Weif3, 2025a).
This finding allows to use the asymptotic results established for degenerate V-statistics by Leucht and
Neumann (2013), which leads to the following theorem.

Theorem 2.5 (Limiting distribution of 7,,(6y) under H(s)emi(eo)). Let 6y € [0,1]7 x G. Suppose the

null hypothesis ngmi(eo) in (2.11) holds, that is, X, ..., X, follow an INAR(p) process with coeffi-
cients ag = (a,1, . . .,0,p) and innovation distribution Go = (Go(k), k € Ny). Then, for n — oo, we
have

d (o]
T (6p) — Z/lkzz,
=

where (Zy )y is a sequence of independent standard normal random variables and (Ay)y the sequence
of nonzero eigenvalues of the equation

E(h(y,Yo:00)P(Yp)) = AP(y) (2.13)

enumerated according their multiplicity, where (®y )y are the associated orthonormal eigenfunctions
and the kernel h is defined in (2.12).

The proof is contained in Subsection C.4 in the Supplement (Faymonville, Jentsch and Weif3, 2025a).
Based on the asymptotic results from Theorem 2.5, we can define the (unconditional) test

()Dn,H() = l(ql,,y,OO) (Tn(GO)),
where g1_,, denotes the (1 — y)-quantile of the x2-type limiting distribution of Yo Ak Z]%.

2.3.2. Limiting distribution oan(gsp)

Now, let us consider again the originally proposed test statistic 7}, := Tn(gsp) as defined in (2.8). To
derive its limiting distribution, we impose the following condition which ensures the consistency of the
estimator (2.3), see Drost, van den Akker and Werker (2009) for details.
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Assumption 1. We assume that the true parameter 6y = (@g, Gg) € A X G, where G = {G € §~ :0<
G(0) < Egs!™ <oo}and A={a € (0,1)7 : 37 aj <1},

The limiting distribution under the null H(s)emi in (1.4) is given in the following theorem. For the
proof, we make use of the fact that

Tu(Bsp) = T (60) + 0p (1), (2.14)

where 7,, can be defined as T}, in (2.8), but with kernel / replaced by h defined in (C.8) in Faymonville,
Jentsch and WeiB} (20252), and 6y = (@p, Go) € AX G. As T, (6p) is also a degenerate V-statistic under
H{*™, we can use again the theory derived in Leucht and Neumann (2013) to establish the limiting

distribution of T},(6) and, together with (2.14), also of T}, (§Sp) under the null H(S)emi.

Theorem 2.6 (Limiting distribution of 7, =T}, (§sp) under H(S)emi). Suppose the null hypothesis ngmi
in (1.4) holds, that is, X, ..., X, follow an INAR(p) process. Let Assumption 1 be satisfied. Then, for
n — oo, we have

T, -4 > Lz, (2.15)
k=1

where (Zy )y is a sequence of independent standard normal random variables and (Ik) k the sequence
of nonzero eigenvalues of the equation

E(h(y,Y0;00)®(Yp)) = 1D (y) (2.16)

enumerated according their multiplicity, where (@) are the associated orthonormal eigenfunctions
and the kernel h is defined in (C.8).

The proof is contained in Subsection C.5 in the Supplement (Faymonville, Jentsch and Weif3, 2025a).
In the latter, we see that the effect of the estimator §Sp on the limiting distribution is captured by the
Fréchet derivative of Eg,(h1(Y1,u,6)) with respect to 6 and evaluated at 6 = 6y with h; defined in
(C.3). If this Fréchet derivative would be equal to zero, the substitution of 6 by §Sp would not affect
the limiting distribution at all. But according to (C.4) and (C.5), we see that it is generally not equal to
zero and, consequently, the estimator 6, does affect the limiting distribution of the test statistic.

Now, based on the asymptotic results from Theorem 2.6, we are ready to define the (unconditional)
test

en =1G,_,.00)(Tn), (2.17)

where g1_,, denotes the (1 — y)-quantile of the x>-type limiting distribution of pIpa /TkZ]%. As this
distribution is not pivotal and cumbersome to estimate, we recommend to use a suitable bootstrap
procedure in Section 3 that was proposed by Jentsch and Weiss (2019).

para

Remark 2.7 (Testing parametric null hypotheses H;"""). Under the parametric null hypothesis H, gara
in (1.3), a test statistic of the form 7}, in (2.8) can be used. Then, in (2.5), we have to replace ge(ug) by
83 (u0) =232 G7(k) ug, where A is some +/n-consistent estimator for A, G is sufficiently smooth in
A and some arbitrary /n-consistent estimator @ for & has to be used. Then, its limiting distribution can

be derived by similar arguments.
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2.4. Power properties

In this section, we prove consistency of our proposed test under fixed alternatives in Section 2.4.1 and
discuss its asymptotic behavior under suitable local alternatives in Section 2.4.2.

2.4.1. Power under fixed alternatives

Suppose we observe data X, ..., X, from some (strictly) stationary count time series process (X;,7 €
Z). Then, we want to test the (semi-parametric) null hypothesis Hy*™ in (1.4) against the (natural)
alternative

H™ : (X,, t € Z) is not an INAR(p). (2.18)

Consequently, H Temi consists of all stationary count time series processes that are not INAR processes
of some (fixed) order p (with unspecified innovation distribution).

Furthermore, as the test statistic 7;, in (2.8) relies on the semi-parametric estimator @\Sp of Drost, van
den Akker and Werker (2009), who presume an underlying INAR(p) process, we have to make sure
that §Sp still behaves well if the INAR model is misspecified. That is, in analogy to Theorem 2 in Drost,
van den Akker and Werker (2009), we assume that a 0p,is = (@mis, Gmis) € (0, 1)P X G exists such that
a weak convergence result

Vi (p = O ) ~» =~ g0mis (2.19)
holds, where S%mis is some tight, Borel measurable Gaussian process obtained as in equation (15) in
Drost, van den Akker and Werker (2009), but under the alternative, i.e., when the fitted INAR model is
misspecified. Similarly, ‘I’mIS ~! denotes here the inverse Fréchet derivative of the ‘limiting’ estimating
equations under the alternatlve of a misspecifed INAR model, which can be obtained as in equations
(8) and (9) in Drost, van den Akker and Werker (2009).

Hence, for studying the behavior of the test ¢, under fixed alternatives, let (X;,t € Z) be some
(strictly) stationary count time series process such that (2.19) holds. Furthermore, we assume that the
joint pgf of X;,...,X,_p, which is denoted by g, differs from gp.q,, which is the joint pgf of the
theoretical best INAR(p) fit to the process (X;, t € Z) under the alternative. More precisely, we suppose
that

gp:Hy (W) —gp(u) =C(u) (2.20)

holds for some (bounded) function C : [0, 1]P*! — R that is non-zero on some (sub)set S C [0, 1]P*!
having strictly positive Lebesgue measure A(S) > 0. Additionally, we assume that the weak conver-
gence

{Vn (gp:r,(w) — gp () = (gp:1, (W) — gp(W))) ,u€ U} = {Gpis(u),u e U} (2.21)

holds for some centered Gaussian process {Gis(u),u € U} with covariance kernel Kj,;s(uj,uy),
uj,up € U, where U := [0, 1]”“. Then, we have the following result on the asymptotic behavior of
T,, under fixed alternatives.

Theorem 2.8 (Consistency of 7;, under fixed alternatives). Suppose (X;,t € Z) is a strictly stationary
count time series process generated under the alternative H ‘;emi such that (2.19), (2.20) and (2.21) hold.
Then, for all y € (0, 1), the test @, from (2.17) is consistent for testing ng’"i against alternatives H‘l‘emi,
that is, E(p,) — 1 as n — oo,
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The proof is contained in Subsection C.6 in the Supplement (Faymonville, Jentsch and Weil}, 2025a).
Before we consider the case of local alternatives in the next subsection, Remark 2.9 gives a sufficient
Markov condition for (2.20) to hold.

Remark 2.9 (Consistency of 7,, for Markov processes of order p). The class of processes defined
by H ?emi in (2.18) is too rich to achieve consistency for T; under general alternatives in H ?emi. For
instance, this is because the stationary distribution of a Markov process of some order p’ > p is not
completely determined by the joint pgf g, of X;, ..., X;_,. In fact, we would require a test that makes
use of the joint pgf g, of X;,...,X;_p, that is, a test of higher order in the sense of Remark 2.2.
More precisely, by using a higher-order test T,ES) with s > p’, consistency is guaranteed in the case of
Markovian alternatives of order p’ > p.

Hence, when using T, = T,Ep ) for testing the null H(S)emi against H semi,Markov(p)

1 , Where

H iemi’Markov(p ). (Xy, t € Z) is a Markov process of order p, but not an INAR(p), (2.22)

due to continuity of g, and g . g, property (2.20) will generally hold. Consequently, we get consistency
of T,, against all alternatives in H ieml’MarkOV(p ) that also fulfill (2.21).

In the following example, we illustrate the fixed-alternative setup covered by Theorem 2.8.

Example 2.10 (Fixed INAR(2) alternative). Suppose we want to use 7, in (2.8) (with p = 1) for
testing the null H(S)emi of an INAR(1) process and the data Xi,..., X, is generated from an INAR(2)
process with 6 = ((a1, ), G), that is, with coefficients ay,a; € (0,1), a; + a; < 1, where a; # 0, and
some innovation distribution G € G. Then, on the one hand, we have

X1
81:H, (1o, u1) = 8¢ Hy(uo) - E ({Ml(l + a1, g, (1o — 1))} )

where g¢ m,(uo) = X5y GH, (k) ulg and 0y, = (a1,H,,GH,) is the solution of the population ana-
logue of (2.4) (i.e. the argmax of the expectation of the log-likelihood), when fitting an INAR(1) to
X1,..., X, when the true DGP (X;,t € Z) is the INAR(2) specified above. On the other hand, using
g1(ug,uy) = E(ué(’uf“') = E(ué(’ui(‘“ 1%1-2) = g5 (ug, uy, 1), we have

X1 X
g1(ug,u1) = g (uo) E( up (1+a(up— 1))} {(1 +a(ug - 1))} )

—_——

Furthermore, writing g; (ug, 1) = g1 (ug, u1;0) and using a Taylor series argument, we have

_ _ _ 1
g1(uo,u1;6) =g1(uo, u1;0H,) + &1 (1o, u1;60H,)(0 — 0p,) +0 (—)

Vi

where 1, = ((@1,#1,,0), GH,). Altogether, due to g1.x1, (o, 1) = 811, (U0, U1 Orty) = g1 (g, 13 O1y)
this leads to

. ~ ~ 1
81:H, (uo, u1) — g1 (ug,u1) = g1 (ug, u1;0H,) (0 — 6g,) +o0 (—)

Vi
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uniformly in (ug,u;) € [0, 1]%. Furthermore, as e, # 0, we also have 6 — 5H0 #0in [0,1]%> x G such
that

1 pl
2
n./o ‘/0 (81:1, (o, u1) — g1 (o, u1))” wluo, ur; a)dugduy — +oo (2.23)

asn — oo, because g1 (ug, u1; gHo) (60— gHo) is non-zero on a set with strictly positive Lebesgue measure
such that (2.20) holds.

2.4.2. Power under local alternatives

For studying the behavior of the test ¢, under local alternatives, we have to consider observations
from a triangular array of count time series (X, ;,=1,...,n, n € N). For each fixed n, suppose that
Xn15-++»Xn,n are generated from a (strictly) stationary count time series process under H{*™ such
that the DGP under the alternative depends on n and converges to a DGP under ngmi as n — oo,
We denote the limiting process under H(S)emi by (Xo,s,t € Z). For all n €N, let g, , with g, ,(u) =

E(u())(”” -~~u[),("””’) denote the joint pgf of X, ;,..., X, ;—p that differs from gp.r, , Which is the

joint pgf of the theoretically best INAR(p) fit to (X, ;,t € Z). Furthermore, let g . 1z,.» (1) and g, ,, (1)
be the corresponding estimators as defined in (2.5) and (2.7) based on X, 1,. .., X, ». Note that both
quantities are now equipped with an n to match the notation of g, ,(u) and g,.x, »(u), but g, (u)
and gp.x,(u) defined in (2.5) and (2.7) depend of course already on n. Furthermore, suppose that
(Xn.t,t=1,...,n, n € N) is constructed such that

8p;Hy,n (w) - gp,n(u) =a,C(u) +o0 (an) (2.24)

holds uniformly over u € U for some a,, — 0 as n — oo and some (bounded) function C : [0, 1]7*! - R
that is non-zero on some (sub)set S C [0, 1]7*! having positive Lebesgue measure A(S) > 0. Addition-
ally, we assume that the weak convergence

{‘/ﬁ (:S;p;Ho,n(u) - gp,n(“) - (gp;Ho,n(u) - gp,n(u))) ,WE U} = {Gloc(u),u € U} (2.25)

holds for some centered Gaussian process {Gj,.(u),u € U} with covariance kernel Kj,.(uj,uy),
u,up € U. Then, we have the following result on the asymptotic behavior of 7;, under local alternatives
of the form described above.

Theorem 2.11 (Power of 7,, under local alternatives). Suppose (X, ;,t=1,...,n, n € N) forms a
triangular array of count time series and, for each fixed n, X, 1, ..., Xn n is generated from a strictly
stationary count time series process under the alternative Hf"mi such that (2.24) with a, =n~"? and
(2.25) hold. Then, for all y € (0, 1), the test ¢, from (2.17) fulfills lim, o E(@n) =1 = Fioc(q1-y),
where Fj,. denotes the cumulative distribution function of the limiting distribution of T,, under local
alternatives, that is, of

1 1 2
/0 /O (Gloc(u)+C(u)) w(u;a)du. (2.26)

If ap, — 0 such that \[na, — oo, the test ¢, remains consistent, that is, we have E(¢,) — 1 as n — .
If a, = o(n~'12), the test ¢, has no asymptotic power, that is, we have E(g,) — y as n — oo.
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The proof of Theorem 2.11 is contained in Subsection C.7 in the Supplement (Faymonville, Jentsch
and Weil}, 2025a). Taking a closer look at the limiting distribution under local alternatives in (2.26),
we see that it can be decomposed in three additive terms A, A, and Az, where

1 1 1 1
Al:/o /0 lm(u)w(u a)du, A2:2/0 /0 Gioc(m)C(w)w(u; a)du,
1 1
— ... 2 .
A3—‘/0. ‘/0 C (w)w(u;a)du.

While A; corresponds to the y>-type limiting distribution of T, = T, (Gsp) derived in (2.15) for the
underlying (limiting) process (Xp,,t € Z) under the null Hgeml and to the first term of 7, dis-
cussed in the proof of Theorem 2.8 for fixed alternatives, the second term A has a centered nor-
mal distribution with variance determined by the covariance kernel Kj,. of the Gaussian process
Groe = {Gioc(n),u € [0,1]7*1} and by the function C(u), u € [0, 1]7*!. Finally, the third term A3
is deterministic and strictly positive as the function C is assumed to be non-zero on some set with
positive Lebesgue measure. Consequently, together, A, + A3 has a non-centered normal distribution
with mean A3z determined by C and variance determined by G, and C. As A and A, are driven by
the same Gaussian process G,¢, A1 and A, will be typically dependent. Altogether, we see that the
limiting distribution of 7;, under local alternatives consists of a y2-type limiting distribution that is
shifted by a non-centered normal distribution.

In continuation of Example 2.10 dealing with a fixed-alternative setup, we illustrate local alternatives
covered by Theorem 2.11 in the following example.

Example 2.12 (Local INAR(2) alternatives). Suppose we want to use 7,, with p = 1 for testing the
null ngmi of an INAR(1) process and the data X, 1,..., X, , is generated from an INAR(2) process
with coefficients ay, a2 , € (0, 1), where a3, = ¢/+/n for some ¢ € R such that @, a3, € (0,1), a; +
a2, < 1 for all n € N and some innovation distribution G € G. Then, on the one hand, we have

X1
81:Hy,n (U0, U1) = 8, Hyn(U0) - E ({Ml(l + a1, Hy,n (1o — 1))} )

where g Hy.n(10) = X7 G Hy,n (k) ug and 8y, = (@1,Hy,n» GHy,n) is the solution of the population
analogue of (2.4) (i.e. the argmax of the expectation of the log-likelihood), if fitting an INAR(1) to
Xu.15- - Xn,n when the true DGPs of (X, ;,t=1,...,n, n € N) are INAR(2) processes. On the other
hand, using

Xt.n th

X, 1n x .
gn (o, ur) = E(ug""u,"™") = E (uj, chrXean) = g5 (o, uy, 1),

we have
Xi—1,n Xt-2.n
gl,n(uo,ul)=ge(uo)'E({M1(1+al(uo—1))} {(1+02,n(u0—1))} )

where we used that g . » (10) = g £ (uo) holds as G does not depend on n by construction. Then, writing
81;Ho,n (0, U1) = 81;Hy,n (0, U1 O H,n), Where Org.n = ((@1,Hy.n50), G Hy,n) — 6o, and using a Taylor-
series argument, we have

gl

81:Hy .0 (10, 11508y 1) = 81:1y.n (10> U1 00) + &1.115.0 (10, 13 00) (O 0 — O0) + 0 (
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where g1.51,,n (1o, u1; 6o)(+) denotes the Fréchet derivative of &1;Hy,n (1, u1;0) (with respect to 6; see
also (C.4) and (C.5) in the Supplement (Faymonville, Jentsch and Weil3, 2025a)) evaluatec}v in 50. Simi-
larly, writing g1, (4o, u1) = g1,n (10, u1;60n), Where 6, = ((@1,a2,1), G) = ((@1,0),G) =6 asn — oo,
we get

~ ~ ~ 1
&1,n(uo,u156n) = g1,n (1o, u1;6p) + &1,n(ug,u1;600) (6, — ) +o0 (%) .
Altogether, due to g1.,_» (10, ui;0o) = g1.n(ug,uy;0y), this leads to
. ~ .~ ~ ~ ~ 1
81:Hy,n (Mo, u1) = 81,0 (10, u1) = &1.Hy,n (10, u15600) (OHy,n — 00) — &1,n (U0, u15600) (0, — 6p) +0 Nk

Furthermore, we have \/ﬁ(gyo,n - 8o) = ((0, ¢),0g) and Vn(6, — p) — ((d,0),0g) for some d € R
by construction, where Og denotes the zero-sequence Og = (0,0,0,...) € RYM(G) Note that the d is in
the first entry of the limit, while the ¢ above is in the second entry. Finally, using uniform convergence
of both g1,p1,,n (0, u1;60) and of g1., (ug, u1;6p) to g1(uo,u1;6p), we get

1 el
2
n/o /0 (81:H0,n (10, u1) = 81,0 (w0, u1))” wlug, ur;a) dug du,

1 el B i
—)./o ./o (gl(Mo,u1;90)(((0,6),0g))—8'1(Mo,ul;6’0)(((61,0),0g)))2W(uo,u1;a)duodul (2.27)

as n — oco. The last right-hand side is strictly positive, because the expression that is squared and
weighted before integration, that s, g1.p, (10, u1; o) (((0,¢), 0g))—&1(uo,u1;00)(((d,0),0g)) is non-
zero on a set with strictly positive Lebesgue measure such that (2.24) holds with a,, = 1/4/n. If a,, — 0
as a slower rate such that y/na,, — oo, we get divergence to +oo as for fixed alternatives such that the
corresponding test remains also consistent. If a,, = o(n~'/2), (¢, d) has to be replaced by (0,0) such
that the corresponding test has no asymptotic power as the function to be squared and integrated is
exactly zero over [0, 1]%.

3. Bootstrap inference

As we have seen in the previous section and as already stated by Meintanis and Karlis (2014) and
beforehand by e.g. Giirtler and Henze (2000), Meintanis and Swanepoel (2007), Leucht (2012), and
Leucht and Neumann (2013), L,-type test statistics as proposed in (2.8) do not exhibit a conventional
(Gaussian) limiting distribution under the null. Although Drost, van den Akker and Werker (2009)
derive a CLT for their semi-parametric estimator (@sp, @Sp), this does not lead to a simple limiting
distribution of 7, see Theorem 2.6. Therefore, we propose a tailored bootstrap technique to make
the testing procedure practicable. On the one hand, the bootstrap has to replicate correctly the binomial
thinning operations (1.2) in the INAR recursion (1.1) and, on the other hand, we have to use appropriate
bootstrap innovations that capture the correct, but unspecified innovation distribution.

Hence, a bootstrap procedure that fulfills these requirements is the semi-parametric INAR bootstrap
proposed by Jentsch and Weiss (2019), which we will outline in the following:
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1.) Fit semi-parametrically an INAR(p) process (1.1) using the estimator (2.3) proposed by Drost,
van den Akker and Werker (2009) to get estimates @p = (@sp, 1, - - . , &sp, p) and ésp = (ésp(k), ke
Ny) for the INAR coefficients and for the pmf of the innovation distribution, respectively.

2.) Compute the test statistic 7, = Tn(gsp;Xl,...,Xn), where T, is defined in (2.8) and é;p =
Bsp(X1,. .., Xn) = (@sp, Gsp) is defined in (2.3).

3.) Generate bootstrap observations X 1* ,..., X, according to

* _ - * vk -~ * ok *
Xi=asp10 X, | +...+@ppo X, ), +&;,
o . . . - . iid 5
where “o*” denotes (mutually independent) bootstrap binomial thinning operations and &f P Gsp

(conditionally on X1,..., X,). _
4.) Compute the bootstrap test statistic 7,; := Tn(ejp; D, P X), where T, is defined in (2.8) and

gip = gsp (X[, X)) = (@, égp) is the bootstrap analog of é’;p based on X7, ..., Xj.
5.) Repeat the Steps 3.) and 4.) B times, with B sufficiently large, to get bootstrap test statistics
#,b
T,”,be{l,...,B}. R
6.) Reject the null hypothesis (1.4) at significance level y if T;, = T,,(65p; X1, ..., X,,) exceeds the

(1 —y)-quantile of the empirical distribution of T;f’b, be{l,...,B}.

To ensure the (approximate) stationarity of the bootstrap time series in Step 3 of the above algorithm,
we use a burn-in period of r observations, which we will then cut off, i.e., we generate X7,..., X},
and cut the first r values. In the simulation study in Section 4, we use r = 100. To initialize this burn-in
period, we use the rounded mean value of the original observations.

The semi-parametric INAR bootstrap procedure is proved to be (first-order) consistent for the large
class of functions of generalized means in Jentsch and Weiss (2019) under mild conditions, and it relies
on the semi-parametric estimator proposed by Drost, van den Akker and Werker (2009), who proved its
(estimation) efficiency. When it comes to formal statements about the efficiency of the bootstrap pro-
cedure itself in the sense of higher-order refinements that make typically use of Edgeworth expansions,
this would require a lot (more) technical details and is beyond the scope of this paper.

Remark 3.1 (Bootstrap for testing parametric null hypotheses Hgara). In the situation of a para-
metric null hypothesis Hgara (1.3) discussed in Remark 2.7, the parametric INAR bootstrap of Jentsch
and Weiss (2019) finds application. There, the semi-parametric estimators §sp = (6Sp, @Sp) and 67;*]) =

(6;},, ézp) of Steps 1.) and 4.) are replaced by suitable parametric estimators.

4. Simulations

We investigate the performance of the proposed goodness-of-fit test through a simulation study, where
we simulate data from different data generating processes (DGPs) under the null and under the alterna-
tive, and where we compute the resulting size and power, respectively. Additionally, we propose a way
to better detect violations of the nulls in terms of model order and highlight a big advantage of our semi-
parametric test being able to test for deviations from the null in terms of the INAR structure. We mainly
focus on the null hypothesis H(S)emi in (1.4) with p = 1 and consider sample sizes n € {100, 500}. To en-
sure stationarity of the generated data, we include a prerun of 100 observations which will be omitted
afterwards. The significance level y equals 5%. We compare our rejection rates with those from the sim-
ulation study performed in Meintanis and Karlis (2014), where the authors considered the parametric

null hypothesis “Hy : (X;, t € Z) is a Poi-INAR(1) process”, which is of the form Hgara in (1.3). They
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considered four different DGPs with different parameterizations: INAR(1) with Poi(1) innovations,
INAR(1) with NB(N, ) innovations, Poi-INAR(2) with Poi(1) innovations, and Poi-INGARCH(1, 1).
For the latter process, we have X;|X;_1, X;_»,... ~ Poi(M;), where M; = By + B1M;_1 + @1 X;—1. In
addition to the DGPs considered in Meintanis and Karlis (2014), we study further data and test scenar-
ios later on. We consider different weighting parameters a € {0, 2,5}. For convenience of comparison,
we state the rejection rates of Meintanis and Karlis (2014, Table 1) in italic numbers (where available).
They used a = 2 in their simulations, so we only get direct comparability for this moderate weighting.
Since we are concerned with a large computational burden due to the semi-parametric estimation and
multiple integration, for conducting bootstrap simulation studies, we use the warp-speed approach with
M =10* Monte—Carlo samples (see Giacomini, Politis and White (2013) for details). While R (R Core
Team, 2022) is sufficient for moderate sample sizes, also see the spINAR package (Faymonville et al.,
2024), we recommend MATLAB (The MathWorks Inc., 2022) for larger n. To get an idea of the com-
puting time, see Tables 1 and 2 in the supplementary material (Faymonville, Jentsch and Weif3, 2025a),
which for different DGPs contain the computing time in seconds for one Monte Carlo sample using the
warp speed method and MATLAB.

4.1. Performance under the null

First, we investigate how our test performs under the null H(S)emi in (1.4). In Table 1, we see the rejection
rates for a Poi(1)-INAR(1) DGP with model coefficient @ and different weighting parameters a. For
all weightings, we are rather conservative but we keep the level of 5%. Meintanis and Karlis (2014)
better exploit the level which could be expected due to their additional (true) information about the
innovation distribution. Additionally, to the parameterizations set by Meintanis and Karlis (2014), we
also consider values of @ lying closer to the boundaries of its parameter range, i.e., @ € {0.1,0.9}, see
Table 3 in the Supplement (Faymonville, Jentsch and Weif3, 2025a). These parameterizations lead to
similar results.

Next, we consider the case of an NB(N, 7)-INAR(1) DGP. Table 2 shows that in this case of overdis-
persion, we are now even closer to the desired size of 5%. The (parametric) test of Meintanis and Karlis
(2014) will generally reject the INAR model class since this DGP represents a scenario under the alter-
native for their null. We also test for the null ngmi in (1.4) with p =2. Table 3 displays the rejection
rates for the different Poi-INAR(2) DGPs. We see that we also keep the level when testing for the null
of an INAR process of order 2. Note that Meintanis and Karlis (2014) solely applied their test to the
first-order null.

In all simulation setups, we keep the level of 5%, but the results are rather conservative. Although
Drost, van den Akker and Werker (2009) proved efficiency of their semi-parametric INAR model esti-
mator, a large number of (innovations) parameters has to be estimated. In contrast, for the parametric

Table 1. Actual sizes in case of a Poi(1)-INAR(1) DGP when testing for Haemi in (1.4) with p = 1. Numbers in

italic are taken from Table 1 in Meintanis and Karlis (2014) who test for Hgara in (1.3) with p = 1 and G 3 =Poi(1).

a=0 a=>5 a=2 MK,(,IZZ
4 a | n=100 n=500 | n=100 n=500 | n=100 n=500 | n=100 ~n=500

0.3 0.036 0.033 0.037 0.040 0.036 0.035 0.049 0.055
0.5 0.040 0.041 0.044 0.046 0.043 0.042 0.051 0.053
0.3 0.032 0.034 0.043 0.022 0.038 0.027 0.056 0.047
0.5 0.032 0.032 0.037 0.029 0.039 0.034 0.055 0.059

W W = =
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Table 2. Actual sizes in case of a NB(N, n)-INAR(1) DGP when testing for ngmi in (1.4) with p = 1. Numbers

in italic display the power values taken from Table 1 in Meintanis and Karlis (2014) who test for Hgara in (1.3)
with p =1 and G, =Poi(1).

a=0 a=5 a=2 MK,a=2
N Vg a | n=100 n=500 | n=100 n=500 | n=100 n=500 | n=100 n=500

1 1/2 05 0.048 0.050 0.050 0.053 0.052 0.052 0.686 1.000
2 2/3 05 0.048 0.049 0.048 0.053 0.045 0.049 0.327 0.897
10 10/11 0.5 0.047 0.046 0.049 0.046 0.046 0.045 0.120 0.149

INAR model, there will be typically no more than p + 2 parameters (p INAR coefficients plus one
or two parameters for the innovations’ mean and variance), which is considerably lower. As these
estimators can also leverage the parametric family of innovation distributions, this explains why the
semi-parametric test may not hold the level as good as parametric test procedures in finite samples.

4.2. Performance under the alternative

Now, we assess how our test performs when the DGP at hand deviates from the null in terms of model
order or model structure. First, we consider the scenario of an INAR(2) with Poi(1) innovations with
the same parameterizations as in Table 3. Table 4 shows that we perform similar to Meintanis and Karlis
(2014) though slightly less powerful due to their correctly imposed assumption on the innovations’ dis-
tribution under the null. With higher weight, however, the power increases, partly surpassing the para-
metric approach of Meintanis and Karlis (2014). The same holds in case of an INGARCH(1, 1) DGP as
demonstrated in Table 5. Also in the setup of a Poi-INAR(2) DGP, in addition to the parameterizations
considered in Meintanis and Karlis (2014), we examine settings where @ + a; are close to 0 or 1, see
Table 4 in the Supplement (Faymonville, Jentsch and Weif3, 2025a). When both | = @, = 0.05, the test
has low power which has been expected since violations of the hypothetical dependence structure are
hard to recognize for such a low level of dependence. In particular, the small value of a; implies that
the corresponding INAR(2) process does not differ much from an INAR(1) process. In case of @1 =0.4
and a, = 0.5 however, we achieve even higher power results than for ¢y = 0.5 and @, = 0.3 in Table 4,
explainable through the higher value of @;. Again, the power increases in the weighting parameter a.
For a better understanding of the weighting concept, consider Figure 1, which contains two heatmaps
of (g1.1, (1o, u1) —g1(uo, u1))>w(ug, uy;a) for alarge sample of an INGARCH(1, 1) DGP with 8o = 1,
B1=0.1and @ =0.5 for n = 5000. The left heatmap corresponds to a =0, i.e., no weighting, the right
one to a = 5. We see that the weighting shifts the differences to the upper right corner marking the
endpoint of the integration intervals [0, 1]. In this area, we get darker color, i.e., the pgfs differ more.

Table 3. Actual sizes in case of a Poi(1)-INAR(2) DGP when testing for H(S)emi in (1.4) with p =2.

a=0 a=5 a=2
1 @ @ | n=100 n=500 | n=100 7=500 | n=100 n=500

1 03 01 0.037 0.040 0.036 0.024 0.035 0.024
1 05 01 0.039 0.043 0.039 0.037 0.037 0.036
1 05 03 0.034 0.041 0.042 0.033 0.040 0.035
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Table 4. Power in case of a Poi(1)-INAR(2) DGP when testing for H(s)emi in (1.4) with p = 1. Numbers in italic
are taken from Table 1 in Meintanis and Karlis (2014) who test for Hgma in (1.3) with p =1 and G j =Poi(2).

a=0 a=5 a=2 MK,a=2
A ay apy | n=100 n=500 | n=100 n=500 | n=100 n=500 | n=100 n=500

1 03 01 0.039 0.046 0.045 0.050 0.040 0.043 0.088 0.035
1 05 01 0.044 0.063 0.056 0.104 0.050 0.086 0.089 0.127
1 05 03 0.097 0.206 0.178 0.525 0.144 0.415 0.191 0.487

Conspicuous at first glance may be the partially poor power results for both the Poi-INAR(2) and the
INGARCH(1, 1) DGP. In the Poi-INAR(2) case, see Table 4, this can be explained by the similarity of
an INAR(1) process and an INAR(2) process with small ;. For the INGARCH(1, 1) DGPs, Meintanis
and Karlis (2014) provide the explanation that such DGPs do not differ much from INAR(1) processes
if the ACF at lag 1, i.e., p(1), is small. As we can see in Table 5, the power distortions exactly occur in
such cases of small autocorrelation.

An additional explanation for the generally rather low power values is that when testing the null of an
INAR(1) process, we consider the pgf of order 1. However, this does not explain the entire dependence
structure of an alternative Poi-INAR(2) or INGARCH(1, 1) process, since both of them are no first-
order Markov chain. To address this, we fit an INAR(1) model to the DGP but now use the second-order
test statistic T,§2> (s =21in (2.10)) by setting @Sp,z := 0 as suggested in Remark 2.2. The size results are
presented in Tables 5 and 6 in the Supplement (Faymonville, Jentsch and Weil3, 2025a), where we see
that we still keep the level of 5%. Tables 6 and 7 in this file and Table 7 in the Supplement contain the
resulting power values. For comparison, for the two first DGPs, we again included the power values of
Meintanis and Karlis (2014) in italics, which still result from using the first-order (p = 1) test statistic
T, in (2.8). As anticipated, when using the second-order test statistic, the power increased, in some
settings substantially. Again, we tend to achieve higher power values with higher weighting.

The parametric testing approaches as in Meintanis and Karlis (2014) allow to test for deviations
from the null in terms of model order, which can also be done with our semi-parametric goodness-
of-fit test. In addition, due to the flexible and non-restrictive nature of the null hypothesis ngmi
in (1.4), we are able to test for deviations from the INAR structure in general. For this purpose,
we consider INARCH(1) and Poi-DAR(1) DGPs with different parameterizations, see Weif3 (2018).

Table 5. Power in case of an INGARCH(1, 1) DGP when testing for H(S)emi in (1.4) with p = 1. Numbers in italic
are taken from Table 1 in Meintanis and Karlis (2014) who test for Hgam in (1.3) with p = 1 and G ; =Poi(2).

a=0 a=>5 a=2 MK,a=2
Bo Bi a; p(1) | n=100 n=500 | n=100 n=500 | n=100 n=500 | n=100 n =500

02 04 010 0.09 0.026 0.018 0.026 0.030 0.023 0.021 0.012 0.050
02 04 020 021 0.031 0.087 0.054 0.131 0.044 0.117 0.042 0.108
1.0 01 050 0.52 0.068 0.205 0.159 0.645 0.113 0.501 0.152 0.512
05 01 050 0.52 0.177 0.707 0.256 0.865 0.237 0.833 0.248 0.724
01 04 040 053 0.264 0.829 0.255 0.816 | 0.264 0.825 0.296 0.902
06 01 0.60 0.66 0.271 0.881 0.446 0.982 0.399 0.969 0.376 0.988
01 02 0.60 0.70 0.497 0.985 0.443 0.973 0.468 0.980 0.534 0.998
01 05 045 0.78 0.526 0.997 0.542 0.996 0.562 0.997 0.669 0.986
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Figure 1. Heatmaps of the weighted squared difference of the two estimated pgfs for an INGARCH(1, 1) DGP
(left: a =0, right: a =5).

Both models exhibit an autoregressive structure of order 1, but are distinct from an INAR model.
The INARCH(1) process is a special case of the INGARCH(1, 1) process, i.e. X;|X;—1,X;—2,... ~
Poi(M;), where M; = 8+ aX,_|. A Poi-DAR(1) process is characterized by X; = a; X;_ + b;&;, where
& iid. Poi(1) and (a;, by) i1d. Mult(1,a,1 — ). In this latter model class, each observation either
chooses the previous observation or the innovation, so the stationary marginal distribution of the inno-
vations equals that of the observations. We choose such values for A and § to obtain similar observa-
tion means as for the other DGPs. For both DGPs, INARCH(1) and Poi-DAR(1), the power is larger
for higher autocorrelation levels (provided that a > 0), see Tables 8 and 9. This is plausible since for
high autocorrelation (and small innovation mean), an INAR(1) process tends to produce “runs”, i.e.,
the same value is realized in consecutive time points. In contrast, the INARCH(1) model shows more
erratic behavior. The Poi-DAR(1) process, on the other hand, exhibits even more extreme runs with
higher autocorrelation combined with further “jumps” in-between these runs.

While we have high power in most scenarios, we also encounter some parameterizations with
low power, e.g., for INARCH(1) processes with low autocorrelation @ and high intercept 8. In
general, we seem to lose power for increasing mean of observations (due to additive terms rather
than increasing autocorrelation). A higher observation mean leads to a wider range of observa-

Table 6. Power in case of a Poi(1)-INAR(2) DGP when testing for ngmi in (1.4) with p = 1 using test statistic
(2.10) with s =2. Numbers in italic display the power values taken from Table 1 in Meintanis and Karlis (2014)

who test for Hgara in (1.3) with p = 1 and G 4 =Poi(4) not using a higher-order test statistic analogously to (2.10).

a=0 a=>5 a=2 MK,(IZZ
A ay ap | n=100 n=500 | n=100 n=500 | n=100 n=500 | n=100 n=>500

1 03 01 0.068 0.205 0.079 0.391 0.082 0.354 0.088 0.035
1 05 01 0.060 0.141 0.080 0.311 0.072 0.251 0.089 0.127
1 05 03 0.114 0.401 0.328 0.958 0.240 0.848 0.191 0.487
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Table 7. Power in case of an INGARCH(1, 1) DGP when testing for H(s)emi in (1.4) with p = 1 using test statistic
(2.10) with s = 2. Numbers in italic display the power values taken from Table 1 in Meintanis and Karlis (2014)
who test for Hgam in (1.3) with p =1 and G ; =Poi(4) not using a higher-order test statistic analogously to (2.10).

a=0 a=>5 a=2 MK,a=2
Bo b1 a; p(l) | n=100 n=500|n=100 n=500 | n=100 n=500 | n=100 n=>500

02 04 010 0.09 | 0.045 0.101 0.052 0.119 | 0.048 0.116 0.012 0.050
02 04 020 021 0.090 0.403 0.099 0.449 0.100 0.467 0.042 0.108
1.0 01 050 0.52 0.068 0.178 0.166 0.691 0.123 0.528 0.152 0.512
05 01 050 0.52 0.141 0.628 0.249 0.884 0.222 0.846 0.248 0.724
01 04 040 053 0.449 0.989 0.366 0.970 0.416 0.983 0.296 0.902
0.6 01 0.60 0.66 0.216 0.812 | 0.440 0.987 0.376 0.973 0.376 0.988
01 02 0.60 0.70 0.566 0.996 0.489 0.989 0.534 0.994 0.534 0.998
01 05 045 0.78 0.697 1.000 0.717 1.000 0.749 1.000 0.669 0.986

tions, potentially affecting both the semi-parametric and the non-parametric estimation of the pgf,
where the latter is also included in the parametric testing approaches. Besides the challenges re-
lated to semi- and non-parametric estimation, the considered DGPs themselves may contribute to
low power results. As mentioned at the beginning of our paper, without restraining to a certain
parametric family of innovations, the INAR model class is very flexible, the unspecified innova-
tion distribution presents a high degree of freedom. Consider for example the INARCH(1) DGP
with 8 =3 and @ = 0.3 which leads to low power results as displayed in Table 8. Additionally,
consider an INGARCH(1,1) DGP with By = 0.6, B = 0.1 and a; = 0.6 which leads to good
power results as displayed in Table 5. For both DGPs, we simulated a sample of n = 5000 ob-
servations and computed the integrand of (2.8) with a =0, i.e., (21,1, (0. u1) — g1 (uo,u1))?, for
ug,uq € {0,0.05,0.1,...,1}. For the sake of comparison, we also considered an INAR(1) DGP with
A =3 and @ = 0.3. Figure 2 shows the boxplots of the resulting values for the three different DGPs.
While the two-dimensional pgf of order 1 of the considered INGARCH(1,1) DGP differs much
from the one of a semi-parametrically estimated INAR(1) process, the first-order pgf of the consid-
ered INARCH(1) DGP is very close to the latter. Actually, g1.q, (1o, 1) and gi(uo,u1) do not differ
much, the differences are even as small as for the considered INAR(1) DGP. This explains the low
power results and underlines the flexibility of the INAR model with unspecified innovation distribu-
tion.

Table 8. Power in case of an INARCH(1) DGP when testing for ngmi in (1.4) with p = 1.

a=0 a=5 a=2
B a | n=100 n=500 | n=100 n=500 | n=100 n=500

0.30 0.032 0.044 0.048 0.129 0.039 0.094
0.50 0.071 0.264 0.159 0.658 0.119 0.540
0.75 0.271 0.914 0.604 0.999 0.506 0.997
0.30 0.035 0.030 0.046 0.022 0.038 0.025
0.50 0.025 0.028 0.052 0.054 0.037 0.034
0.75 0.074 0.184 0.185 0.634 0.133 0.460

W W W = = =
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Table 9. Power in case of a Poi(1)-DAR DGP when testing for ngmi in (1.4) with p = 1.

a=0 a=>5 a=2
A a | n=100 n=500 | n=100 n=500 | n=100 n=>500
2 025 0.144 0.437 0.115 0.226 0.117 0.212
2 050 0.447 0.992 0.535 0.995 0.538 0.994
2 075 0.326 0.982 0.400 0.997 0.401 0.996
6 025 0.142 0.279 0.160 0.159 0.163 0.230
6 0.50 0.117 0.371 0.234 0.707 0.190 0.643
6 0.75 0.016 0.041 0.277 0.980 0.121 0.920

In summary, under the null, it becomes clear that we achieve better results when there is no weighting
of the test statistic. However, since a higher weighting of the test statistic leads to substantially higher
power values under the alternative and we still keep the level under the null using higher weighting, we
recommend using the test with a comparatively high weighting, i.e. a =5.

5. Conclusion

In existing literature, goodness-of-fit tests for the INAR model class are restricted to specific paramet-
ric families of innovation distributions. In this paper, we introduced a novel goodness-of-fit test for
INAR(p) processes that does not rely on parametric assumptions about the nature of the innovations.
We derived the limiting null distribution of our L,-type test statistic based on weighted integrals using
probability generating functions. Additionally, we proved its consistency under fixed alternatives, dis-
cussed the asymptotic behavior under local alternatives, and specified a bootstrap procedure required to
circumvent the complex limiting distribution. In an extensive simulation study, we compared our pro-
posed procedure with the parametric competitor of Meintanis and Karlis (2014). Overall, we got similar
results, but we were able to increase the power against Markov chain alternatives of higher order by
using also higher-order test statistics. Moreover, unlike the parametric approaches of Meintanis and
Karlis (2014), we are able to test for general deviations from the INAR structure and got good power
results for the considered DGPs. We noticed that, when testing with higher weight parameter a, the test
exhibited higher power. Finally, we applied our method to three real data examples from economics
(Faymonville, Jentsch and Weil3, 2025a).
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Figure 2. Boxplots of the squared differences of the two estimated pgfs for the considered INGARCH (left),
INARCH (middle) and INAR (right) DGPs.
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Appendix A: Real-world data applications

To illustrate the application of our proposed goodness-of-fit test, we apply it on three economic
real-world data examples using B = 1000 bootstrap repetitions. The corresponding MATLAB code is
provided in further supplementary material (Faymonville, Jentsch and Weil3, 2024).

The first data set is sourced from Baker Hughes! containing weekly counts of active rotary drilling
rigs. These counts serve as indicator for the demand of products used in drilling, well completion, oil
production, and hydrocarbon processing and have been published since 1944. We specifically focus on
the number of drilling rigs in Alaska from 1991 to 1997 (n = 417). This data set has been addressed
before in Weil} (2018). Figure 1 shows a plot of the time series and the corresponding ACF and PACF.
The characteristic INAR runs suggest a high serial dependence with small innovation mean, which are
confirmed by the high and slowly decreasing autocorrelation level. Looking at the partial autocorrela-
tion function (PACF), an AR(1)-like model seems to be an appropriate fit. Indeed, when applying our
test on the data using a =5, we do not reject the null of an INAR(1) process at 5% level.

The second data set was provided by the Deutsche Borse Group and has been discussed before in
Homburg et al. (2021). It contains counts per trading day of transactions of structured products between
February 2017 and August 2019 (n = 404). The data are displayed in Figure 2. As in the previous exam-
ple of rig counts, the ACF and PACF suggest that an INAR(1) model might be an appropriate fit for the
data. But applying the test of Meintanis and Karlis (2014), it rejects the null of a Poi-INAR(1) model at
5% level (a = 2). Our test, by contrast, also using a = 2, does not reject the INAR(1) null at 5% level.
These different results may be explained by the dispersion of the data. With & ~ 1.47 and s> ~ 2.23, the
index of dispersion is approximately 1.51 suggesting overdispersed counts. This is additionally stressed
out by Figure 3. It displays the semi-parametric (left plot) and parametric estimation of the innovation
distribution, where for the latter we used a Poisson distribution (in the middle) and a geometric dis-
tribution (on the right), respectively. We see that the parametrically estimated (equidispersed) Poisson
distribution differs much from the semi-parametrically estimated innovation distribution whereas the
(overdispersed) geometric distribution seems much more appropriate as innovation distribution. Hence,
while the parametric test of Meintanis and Karlis (2014) fails to detect the INAR model structure due
to their too restrictive equidispersion property of the data under the null, our more flexible test does not
reject the INAR structure.

In our third application, we consider a data set first published by Brinnis and Quoreshi (2010). It
records the number of transaction of the Ericsson B stock per minute between 9:35 and 17:44. Orig-
inally, it provides data for the days between July 2 and 22, 2002. Fokianos, Rahbek and Tjgstheim

! phx.corporate-ir.net/phoenix.zhtml?c=79687&p=irol-rigcountsoverview.

1
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Figure 1. Plot of rig counts and the corresponding (P)ACF.
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Figure 2. Plot of daily trade counts and the corresponding (P)ACF.

(2009), Zhu (2012), Christou and Fokianos (2015), Davis and Liu (2016),Weif3 (2018) and Su and Zhu
(2022) excluswely cons1der the data of July 2 and model the data by an INGARCH(] 1) process The
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Figure 3. Plot of the semi-parametrically (left) and parametrically (Poisson in the middle, Geometric on the right)
estimated innovation distribution.

sponding (P)ACF. By contrast to the first two examples, this data set exhibits a more erratic structure.
The ACF is slowly decaying and the PACF suggests dependencies of higher order than 1. Applying
our goodness-of-fit test to the null HF™ in (1.4) with p = 1, we are initially not able to reject the null

at level 5%. However, when using the second-order test statistic Tf) (s =2 in (2.10)), we ultimately
reject the null (both with a =5). This is plausible since we capture dependencies of higher order by
considering the three-dimensional pgf of order 2, i.e., g, instead of the two-dimensional pgf of order
1, i.e., 81.
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Figure 4. Plot of transaction counts and the corresponding (P)ACF.
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Appendix B: Additional tables

Table 1. Computing time (in seconds) in case of a Poi-INAR(1) DGP, testing for H(S)emi in (1.4) with p = 1.

a=0 a=5 a=2
A a | n=100 n=500 | n=100 n=500 | n=100 ~n=500

0.3 0.109 0.176 0.071 0.168 0.059 0.184
0.5 0.060 0.214 0.050 0.166 0.058 0.164
0.3 0.103 0.254 0.091 0.256 0.076 0.275
0.5 0.083 0.281 0.100 0.230 0.150 0.312

W W = =

Table 2. Computing time (in seconds) in case of a Poi-INAR(2) DGP, testing for H(S)emi in (1.4) with p =2.

a=0 a=5 a=2
A ay apy | n=100 n=500 | n=100 n=500 | n=100 n=500
1 03 01 5.450 11.910 2.970 6.344 4.424 11.102

1 05 01 5.611 18.004 3.630 9.614 4.545  16.480
1 05 03 8.123  32.553 4.396 17.867 6.796  19.555

Table 3. Actual sizes in case of a Poi(1)-INAR(1) DGP when testing for H(S)emi in (1.4) with p = 1.

a=0 a=>5 a=2
A a | n=100 n=500 | n=100 n=500 | n=100 n=500
1 0.1 0.027 0.031 0.024 0.015 0.025 0.022
1 09 0.042 0.050 0.051 0.047 0.046 0.047
3 01 0.037 0.040 0.034 0.030 0.035 0.032
3 09 0.031 0.027 0.033 0.026 0.031 0.027

Table 4. Power in case of a Poi(1)-INAR(2) DGP when testing for Haemi in (1.4) with p = 1.

a=0 a=>5 a=2
A aq ay | n=100 n=500 | n=100 n=500 | n=100 n=500
1 005 0.05 0.039 0.034 0.031 0.020 0.033 0.022
1 0.4 0.5 0.103 0.311 0.198 0.657 0.164 0.538
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Table 5. Actual sizes in case of a Poi(1)-INAR(1) DGP when testing for H(s)eml in (1.4) with p = 1 using test
statistic (2.10) with s = 2. Numbers in italic display the power values taken from Table 1 in Meintanis and Karlis
(2014) who test for Hgara in (1.3) with p =1 and G ;=Poi(1) not using a higher-order test statistic analogously to

(2.10).
a=0 a=5 a=2 MK, a=2
P a | n=100 n=500 | n=100 n=500 | n=100 n=500 | n=100 ~n=500
1 03 0.047 0.047 0.047 0.041 0.044 0.044 0.049 0.055
1 05 0.039 0.047 0.042 0.051 0.038 0.050 0.051 0.053
3 03 0.027 0.035 0.048 0.036 0.042 0.037 0.056 0.047
3 05 0.027 0.030 0.043 0.037 0.038 0.037 0.055 0.059

Table 6. Actual sizes in case of a NB(N, 7)-INAR(1) DGP when testing for ngmi in (1.4) with p = 1 using test
statistic (2.10) with s = 2. Numbers in italic display the power values taken from Table 1 in Meintanis and Karlis
(2014) who test for Hgara in (1.3) with p = 1 and G ;=Poi(1) not using a higher-order test statistic analogously to

(2.10).

a=0 a=>5 a=2 MK,a=2
N bd a | n=100 n=500 | n=100 n=500 | n=100 n=500 | n=100 n=>500
1 172 0.5 0.053 0.053 0.052 0.051 0.053 0.052 0.686 1.000

2 2/3 0.5 0.046 0.050 0.048 0.050 0.049 0.050 0.327 0.897
10 10/11 0.5 0.045 0.044 0.047 0.047 0.045 0.041 0.120 0.149

Table 7. Power in case of a Poi(1)-INAR(2) DGP when testing for ngmi in (1.4) with p =1 using test statistic
(2.10) with s = 2.

a=0 a=>5 a=2
A ) ap | n=100 n=500 | n=100 n=500 | n=100 n=500
1 0.05 0.05 0.042 0.087 0.041 0.114 0.040 0.111
1 0.4 0.5 0.131 0.515 0.384 0.983 0.268 0.900
Appendix C: Proofs
C.1. Proof of Lemma 2.1
Exploiting the INAR(p) model structure of X;, ..., X;—p, we get
P x P x
t—j t—j
E l_luj =E|E l_[uj NXizts. s Xep
Jj=0 Jj=0
=E([ [u)E (ug1x X
- Mj MO t—1s--->» t—-p
j=1

Taking a closer look at the interior conditional expectation and inserting the model equation, we get

ajoX,_ 1+ +apoXipter

E(ug‘wx,_],...,xt,p):E(uo |X,_],...,X,,,,)
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o

E (ugiOX”ilXt_l, . .,X,_p)} CE(u®)

I
—_——

E (ué”"’x”lxt_i)} CE(ug')

= { (l +a; (ug - 1))XH} - g&(uo),
i=1

where we have used that given X;_j,..., X;_), the thinning operations and the innovation &, are in-
dependent. The thinning operation ;o only depends on X;_; and «; o X;—;|X;—; ~ Bin(X;_;, @;) to-
gether with the well-known formula for the pgf of a binomial distribution. Furthermore, we define
gs(ug) :=E (ug ") as the marginal pgf of the innovations. Hence, we get the following representation
for the joint pgf of X;,...,X;—p:

p
X_.
gp(ug, ... up) :=E(l_[uj’ J

p 4
=E([ ]« {l_[(l +ai(uo = 1))"”} 8 (1)

i=1

p

=ge(up) E|[ [u}" {H(lm,(uo— )% }

J=1

P .
=ge(up) - E 1_[ {uj 1+aj(u0 - 1))}XH

J=1

C.2. Proof of Lemma 2.3

Plugging-in (2.5) and (2.7) and rearranging terms, we get

1 1 2
Tnzn‘/O /0 (§p;H0(uo,...,up)—§p(u0,...,up)) w(ug,...,up;a)dug---dup

P
(n p)2(a+1)p+1 Z / / X” l_luj(v l_[ Ja duy---du),

t,s=p+1 j=1 j=1

1 P
X./o ”())(t — g (uo) l_[ (1+@sp, j(uo = 1))XH

J=1

P
(u())(“ —ge(up) l_[ (1+ @sp, j (o — 1))X“j) ug dug

\ J=1 /
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7
=—= (a+1)P*! Zn: ﬁ/luxtﬁxsjmdu
“(n-p)2 J J
(n=p) ts=p+1\ j=1 Y0
1 P
X / (u§’+XS+a+§g(uo)2ug (1+@sp,j (ug — 1)) X757
0 =1
ora 12 ; P Xo:
— e (o) uy ™ [ [ (14 @0 = 1) =g (uo) ug ™™ [ | (1+@sp. (0 = 1)) | duo.
j=1 Jj=l
Furthermore, by using that
1
/ wdu=1/(1+x) (C.1)
0

holds for x # —1, T, can be simplified to get

n
T,=—(a+1)P*!
" (n—p)z(a ) Z l_[1+Xt i+ Xs—jta

t,s=p+1\ j=

1 I P A X
+/0 gs(uo)zug 1_[ (1 + Qgp, j (uo — 1))X”’+XS’J dug

X —_—
1+ X, +Xs+a 1
j:

P
—2‘/0 gg(uo)uX +al_[(1+6sp,j(u0—1))Xf-jduO )

J=1

To be able to use the same integration rule (C.1) also for the two remaining integrals above, we need to
isolate the terms in ug. On the one hand, we have

geo)?= > Geplkn)Gyp(ka)ug™.
ky,kr=0

By using twice the binomial theorem in each case, on the other hand, we get

Xt*j+XS7_] X X ij .
~ X i+Xg_i _ t—jt ~I i\ h; i—hs
(1t (g = DK Xos = Y ( i S’)GQ;)JZ(h]j)uO’(—l)‘J ;
i_,‘:() hj:()
and
Xe-j X h
—~ X,_i _ t— Al i ji—h;
ij= =0

respectively. Altogether, this leads to

)4
n 1 1
To=—— @+ )" || ]
" (n—p)z(a ) (,_I 1+X,_,<+X‘v_,-+a)
\J=* /

1+ X+ Xs+a

r
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8
max(X,..., Xn) X1+ Xs-1 1 Xi-p+Xs-p ip
+ D Gelk)Gylk) )] Z >
kl,k2=0 l1—0 hl lp—O P_O
P X X 1 A Z max(Xy,..., Xn)
_i i)~ . +ki+ko+a+ o~
1_[( t jl“ s j) i;)]( 1)zj ( )/ 1tk du0—2 Z Gsp(k)
j=1 J 0 k=0
X 1+Xs-1 4 Xe-p+Xs-p ip !
X, - l+k+Xs+a+YP _ hy,
DIEDIEDY 1% ) v () [ e |
(=0 Rhy= ip=0 hp=0 j=1 0
Applying (C.1) again, the assertion follows. (]

C.3. Proof of Proposition 2.4

The only aspect that remains to show is the degeneracy. Let & be the kernel defined in (2.12). Using
Ve = (Xt .., Xt—p) € Ng“, under the null ngmi(Oo) in (2.11), we have

1 1 P p
B Yoi00) = [ [ Lenotuo) | (1 a0 = 1))y = [ ui
0 0 J=1

j=0
p p Yo
X E| 0,6 (uo) [ [ (u;(1+ a0, (o= 1))% = Ju;*
Jj=1 J=0
w(ug,...,up;a)dug...dup
1 1 p p
= [ [ vt | a1 ao o= s = u
0 0 J=1 J=0

X (ngHo (X, ... sXs—p) -p&f(Xs,.. s Xs—p))
w(ug,...,upsa)dug...dup
=0,
because pg fu, (Xs., ..., Xs—p) =pgf(Xs, ..., Xs—p) under ngmf(eo). That is, we are in the case of a

degenerate kernel. O

C.4. Proof of Theorem 2.5

Using Proposition 2.4, we already have the degeneracy of the kernel (2.12). In view of Theorem 1
in Leucht and Neumann (2013), under ngmi (89), the kernel h even fulfills the stronger degeneracy
condition

E(h(v, YS'Qn)!Yl YS 1‘\
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1 1 » »
= [ [ {0t Ty +ao 0= yy = [ Ty (€2)
0 0 J=1 J=0
p p X
X E| 80,6 (uo) [ [(uj(1+ao,;(uo— 1% =] Ju;* ¥y, ¥
J=1 Jj=0

w(ug,...,upsa)dug...dup

=0.

By using the Markov property of an INAR process, this is the case, because

p p
. Xo_j
E|go.e(uo) [ [(uj(1+a0(uo = D)X = [ Ju;" M, ¥y
j=1 Jj=0
p p X,
=E| go.e(uo) | [(u;(1+a0,;(uo— 1) =] [u7* 71X p,.... Xsc1
j=1 j=0
p p X
= E| go.e(uo) [ [(u;(1+a0,;(uo= D)5 X1 ., Xeor | = E|[ [ 1X1ps - X
j=1 j=0

p p
_ Xs—j X5
=go,s(uo)| |(Mj(1+ao,j(uo—l)))x“—| |u, TE (up " | X1ps - Xso1)
j=1 Jj=1

p p p
= 20.2(u0) | [(up(1+ 0,0 = 1)) = [ [u}" g0.e(uo) | [(1+ 0,1 (up = 1)%~

J=1 J=1 J=1
=0,

where we used the null H3"™ () to get E(ué(SlX]_p,...,XS_l) = go,¢(up) Hle(l + ag,j(uo —
1))%s-i.

Furthermore, because the kernel 4 is of a quadratic form, it is positive semidefinite. That is, for
allme N and for all ¢y,...,c;n €ER, y1,...,ym € Ng“, it holds ZZ’SZ] cicsh(ye,ys) = 0. Moreover,
because all the terms of the integrand, i.e., g (uo), uo, . .., up, a1, ..., @p, are bounded by 0 from below
and by 1 from above, we have

2

1 1 p p
£ (00, 50:00) = [ . [ E{| go.otu0) [ [y 10,500 = 1)y = T
0 0 Jj=1

w(ug,...,up;a)dug...dup
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With (X;);ez being a strictly stationary and ergodic process (Du and Li, 1991), we can apply Theorem
1 of Leucht and Neumann (2013). Precisely, under the null H3*"" (6) and for n — oo, this leads to

d o0
To(60) — D A Zs,
k=1

where (Zy ) is a sequence of independent standard normal random variables and (A1) the sequence
of nonzero eigenvalues of (2.13) enumerated according their multiplicity with (@), the associated
orthonormal eigenfunctions. O

C.5. Proof of Theorem 2.6

Let 69 = (@g,Go) € A X G denote the true parameter. For any 6 € ©, we see that the kernel 4 can be
represented as

h(x,y:6) = / (e, s 6) 1 (v, u; 0)Q(dw),
[0’1]p+l

where w= (ug,...,up), hy cRPH X [0, l]PJrl x0®—R,0=(0,1)” x G with
p p s
I (e, 0560) = g (o) | [y (1+ (g — 1)) %7 = Juf™ (C3)
Jj=1 j=0

with y; = (x¢,...,X;—p) and the probability measure Q has probability density function w, that is,
dQ/du=w(u). Using that both terms of the difference in (C.3) only take values in [0, 1], @ € (0, 1)?,
G € G and that the integration limits of all the following integrals are 0 and 1, we see that (C.3) fulfills

/ hi(y,u;60)*Q(du) < oo, / Eg, (hl(Yo,u;90)2) Q(du) < o0
[0’1]p+1 [0’1]p+1
as well as the continuity condition
/ (h1(y,u;6p) —h](i,u;eo))zQ(du) —0 fory—y—0.
[0’1]p+l

Due to (C.2), we can conclude that Eg, (h1(Y;,u;60)|Y;—1,Y;—2,...) =0 holds as well.2 Furthermore,
the function £ in (C.3) is continuously differentiable with respect to 6. For the derivatives with respect

to the model coefficients a;, [ € {1,..., p}, we have
P N £ xeej
oG ui0) = a—mggwo)H(uj(l +aj(ug = 1) (C4)

P
| 9
=geo)| [ (a0 = 1)) | 7o (1 ey = 1)
j=1, j#l
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P
= ge(uo) l_[ (u (1 +aj(ug — 1)) | xp—g (g (1 4+ @ (ug — 1)1 ug (ug — 1)

Jj=1,j#l
& -1
e e zl_[(u,<1+aj<uo—1>>>Xf j

Recalling that g ¢ (ug) = X1 G (k)ug , for the partial derivatives with respect to the entries of the pmf
of the innovation distribution G, that is, (G (k), k € Ny), we get

1 (1,0,60) = s ——=g.(uo) ﬂ(u,<1 +aj(ug = 1)) (C5)

0
0G (k) c’)G(k)

(uj(1+aj(ug— 1)),

1l
<
Sk
~.
—Is

=1

which does not depend anymore on (G (k), k € Ny). With the same arguments as used for (C.3), also
hy, the Fréchet derivative of i with respect to 6, fulfills

Ee, / 11 (Yo, 03 60) |0 (du) | < oo,

0’]]p+]

/ ity (v 6) — oy (3w 00)[12Q(dw) — 0 for - y — 0.
[0’1]p+|

Moreover, /& fulfills a Lipschitz-type condition in 8 which we outline in the following. For simplicity,
we set p = | but the subsequent arguments can be extended to higher order p > 1. Denote 0= (a, G)
Then, we get

by (-, 0) =y (-, 0) = hi(-,,0)(6 - 8),

where @ is between 6 and 6 and

hi (-, 0)(0-6) = 8h1(§(;, )IH (- a)+za}:91((;(’k’) w_é(c(k)—é(k))

with

g (uo) (o —X D2 Xpoqu " (X = 1D(1+ (g — 1)) X172
o (Yu,0) ugu, " X, - (g - 151 g - 1)

da o= S X,y (1 4+ g = 1) (g - 1) (C6)
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and

uf (1o — 1)Xt—1uf”l (1 +&(ug — 1))Xe171

dhy (Y, u,0) 0
Jrow,0) , kel (C.7)
dG(k) (g0 0

where we used the previous calculations of (C.4) and (C.5). For the first entry of (C.6), we have
g (1) (o = 12Xy quy ™ (Xy—y = D1+ a(ug - )12 < X, (X - 1) S X2 |
and for all other entries (which are equal to the first entry of (C.7), that is, for all j € N, we have
wl (g = DXpoqu ™ (L+d(ug — )17 < X, < X2

Hence, using the notation [|(a,)nenlli = X, lan|, we get

|l (Ye,0,60) = Fiy (Y2, 0,0) 111 = {11 (Y, 0,6) (6 - 0)]]

X2 (a-@)+ ) X2 (G(k) - G(k))
k=0

X,i_](c?m) ~G(0)
X2, (G(1) - G(1))

( 16 -6ll; )
G -Gl

<2X; 1160 -6l

IA

2
= -1

1

as ||G — G||; <6 - 6]|,. That is, the last part of Assumption (A2) (iv) in Leucht and Neumann (2013)
holds for existing second moments of X; ensured by Assumption 1. Additionally, Drost, Van den Akker
and Werker (2009) show that their proposed estimator (2.3) is regular and consistent and consequently
exhibits the Bahadur-type expansion

~ 1 & B
Gsp:00+;th+op(n 1/2),

t=1

with I; = L(Y;,Y;-1,...) for some measurable function L, Eg, (1;|Y;-1,Y;—2,...) =0 and E90(||lt||§) <
oo, where we refer to Section 5.3 of Van der Vaart (2000) proving this result for the class of M-
estimators (including ML-estimators) under mild regularity conditions. Hence, all assumptions of
Proposition 1 in Leucht and Neumann (2013), which is based on De Wet and Rangles (1987), are

fulfilled and we get that T;,(65p) has the same limiting distribution as % oy 2oy h(Yy, Y 6), where
Y, = (/1) and

(x,y;00) = / (h1(x1,u;600) + Eg, (h1(Y1,8;00)x2)) (h1(y1,;60) + Eg, (h1(Y1,1;60)y2)) Q(du).
[0’l]p+l

(C.8)




FAYMONVILLE ET AL., |2025C 167

Altogether, using Theorem 1 of Leucht and Neumann (2013), we get
—~ d R
T =Ta(0sp) — Z /lkZ]%,
k=1

where (Z; ). is as before and (Zk) x denotes the > sequence of nonzero eigenvalues of the equation (2.16)
enumerated according their multiplicity with (®y ), the associated orthonormal eigenfunctions. (]

C.6. Proof of Theorem 2.8

Let p € N and suppose we observe data Xi,..., X, from some (strictly) stationary count time series
process (X;,t € Z) under the alternative er’"i in (2.18) such that (2.19), (2.20) and (2.21) hold. Then,
by adding suitable zeros g ., (1) — gp.H,(u) and g, (u) — g, (), where u = (ug, ..., up), to the inte-
grand of the test statistic 7;, from (2.8) and expanding the squared term in brackets, we get

T, zn/()l...'/ol(’g‘p;HO(u)—§p(u))2w(u;a)du0...dup

1 1 2
o [ [ (B 00+ G 0 = g ) = 2 ) (5 0) = g 00))

w(w;a)dug---dup

:n/OI"'/;(gp;Ho(u)_gp;Ho(ll)_§p(u)+gp(ll))2w(u;a)duo...dup
+”/01""/01 (gp;HO(u)—gp(u))zw(u;a)duo...dup

1 1
e [ [ (o (00 = (0) = 5 ) 2 0 0 () = () w3 it
=1A;+ Ay + A3

with an obvious notation for A;, i = 1,2, 3. When discussing these three terms separately, we see that
the integrand of the first term A; is appropriately centered such that A represents again a degenerate
V-statistic (just with a different kernel) that converges to a (non-degenerate) y>-type distribution by
making use of (2.21). The second term A, diverges to +co as, for all u € [0, 1]P*+!, gp:H,(W) — gp(u)
converges to a non-zero limit such that its square becomes a function that will be strictly positive on
some subset of [0, 1]7*! with strictly positive Lebesgue measure according to (2.20). This leads to an
integral that is also strictly positive and as it is inflated with #, this second term diverges to +co with rate
n. Finally, the third term is a mixed term, where the difference in the first brackets, that is, :g';p; Hy (u) -
8 p:H, (W) — gp(u) + g, (w), is of order O(1/+/n). This is multiplied with g,.p, (u) — g, (u), which is
a function that is strictly positive on some set with positive Lebesgue measure. In total, the integral
behaves like O p(1/+/n) such that the whole third term, when inflated with n behaves like O p (Vn). As
this is slower than the rate O (n) obtained for the second term, altogether, we have T,, = O p(n). That
is, T,, diverges to +co in probability such that, for all y € (0, 1), we have E(¢,) = P(T, > q1—,) — 1.
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C.7. Proof of Theorem 2.11

Let p € N and suppose we observe data X, 1, ..., Xy, , from a triangular array (X, ;,t=1,...,n, n€
N) of count time series and, for each fixed n, Xy, 1,..., X, n is generated from a stationary Markov
chain of order p with state space S C Ny generated under the alternative Hiemi such that (2.24) with
a, = n~12 as well as (2.25) hold. Then, similar to the proof of Theorem 2.8, by adding suitable zeros
8p:Hy,n (W) — &p:Hy,n (W) and g, (u) — g, (w) to the integrand of the test statistic 7, from (2.8) and
expanding the squared term in brackets, we get

1 1 )
Th :n/O ‘/0 (§p;Ho,n(ll)—§p,n(U)) w(w;a) dug---dup

1 1 2
:n-/o h A (gp;Ho,n (W) + (8 psHo.n (W) = 8 pity.n (W) = 8p.n (W) + (gp.n (W) - gp,n(ll)))

w(u;a)dug---dup

1 1 2
=[) o [) (‘/ﬁ(gp;Ho,n(u) - §p,n(u) - (gp;Ho,n(u) - gp,n(u)) ) + ‘/ﬁ(gp;Ho,n(u) - gp,n(u)))

w(w;a)dug---duy
1 1 2
i/o /0 (G(u)+C(u)) w(w;a)dug---dup,

where we used (2.24) with a,, = 1/+/n and (2.25). Otherwise, if a, — 0 such that yn a,, — oo, the test
¢ temains consistent, that is, we have E(p,) — 1 as n — co. If a,, = o(n~'/?), the test ¢, has no

asymptotic power, that is, we have E (¢,) — y as n — oo,
|
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Predictive inference for discrete-valued time series
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Abstract

For discrete-valued time series, predictive inference cannot be implemented through the con-
struction of prediction intervals to some predetermined coverage level, as this is the case for
real-valued time series. To address this problem, we propose to reverse the construction prin-
ciple by considering preselected sets of interest and estimating the probability that a future
observation of the process falls into these sets. The accuracy of the prediction is then evaluated
by quantifying the uncertainty associated with estimation of these predictive probabilities. We
consider parametric and non-parametric approaches and derive asymptotic theory for the esti-
mators involved. Suitable bootstrap approaches to evaluate the distribution of the estimators
considered also are introduced. They have the advantage to imitate the distributions of interest
under different possible settings, including the practical important case where uncertainty holds
true about the correctness of a parametric model used for prediction. Theoretical justification of
the bootstrap is given, which also requires investigation of asymptotic properties of parameter
estimators under model misspecification. We elaborate on bootstrap implementations under
different scenarios and focus on parametric prediction using INAR and INARCH models and
(conditional) maximum likelihood estimators. Simulations investigate the finite sample perfor-

mance of the predictive method developed and applications to real life data sets are presented.
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1. INTRODUCTION

The class of discrete-valued time series models is vast; see Weif (2018) and Davis et al. (2016)
for an overview. A first family of such time series are so-called count time series which include,
e.g., the INAR and the INARCH models that will be further discussed in Section 3. A second
family are categorical time series (which also include ordinal time series), when the data exhibit
a qualitative range consisting of a finite number of categories; see e.g., Pruscha (1993), Fokianos
and Kedem (2003), Weif (2020) and Liu et al. (2022). A special case of categorical time series
are binary time series, where the observations take two possible values only; see e.g. Kedem
and Fokianos (2002) and Jentsch and Reichmann (2021).

In the continuous time series setting, predictive inference commonly deals with point predic-
tion which is accompanied by a prediction interval, where the goal of the latter is to take into
account the uncertainty associated with the point prediction. Given time series data up to some
time point n, that is, given Xi,..., X,,, such prediction intervals are designed to cover future
observations, say X, p, for some h € N, with a desired (high) probability. The main criterion
to judge the quality of such prediction intervals is its asymptotic validity, which is specified,
e.g., in Pan and Politis (2016) as follows. Given time series X1, ..., X,, suppose that the task
is to predict one step ahead, that is, to predict X,,4+1. Then, for 8 € (0, 1), the interval [1,,, uy)

is called an asymptotically valid (1 — /3) prediction interval for X,y if
P(l, < Xpt1 <uplXy,..., X)) =2 1-08 forn— co. (1.1)

In the formulation above, l,, = I,(X1, ..., X,) and u, = u, (X1, ..., Xy) typically are functions
of the observed sample X1,..., X,,.

In the context of discrete-valued time series, the above concept of an (asymptotically) valid
prediction interval is not applicable since intervals do not account for the discrete nature of
the data. In fact and for general choices of 8 € (0,1), it is typically not possible to construct
an interval which guarantees an exact (or asymptotic) level 1 — 8. To address this problem,
in the special case of count time series, Freeland and McCabe (2004) introduced the notion
of coherent forecasting according to which predicted values of count processes should also be
counts themselves. In compliance with this notion, we could rather consider prediction sets
than intervals. These can be obtained by looking at the set [l,, u,] N range(X,+1). However,
also for such prediction sets, it is in general not even asymptotically possible to achieve validity

in the sense of (1.1). This is illustrated by the following example.

Example 1.1. Let X1,..., X, be an ordinal stationary time series stemming from a first-order
Markov process with range(X:) = {0,1,...,5}. Think of X+ as measuring the daily air quality
level in different cities; see the data example of Liu et al. (2022) and the analysis by Jahn and
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Weifs (2024). Suppose that for some xz, € {0,1,...,5}, e.g., for x, = 2, the process has the
following one step transition probabilities: P(X,4+1 = 0|X, = 2) = 0.58, P(Xp41 = 1|X,, =
2) = 0.2, P(Xpy1 = 2/Xp = 2) = 0.11, P(Xps1 = 3|X, = 2) = 0.09 and P(Xp1 = 4|X,, =
2) = P(Xp+1 = 5|X, =2) = 0.01. Then, it is not possible to obtain a prediction set for X,+1
gwen that X, = 2 with an ezact or asymptotic coverage of 95%; see Table 1 for some exemplary

prediction sets.

Xnt1 € ‘ Set Cov ‘ Set Cov ‘ Set Cov ‘ Set Cov
[ {1,2.3) 040 {0,1.2} 089 |{0.1,2,4,5} 0.91{0,1,2,3} 0.8

TABLE 1. Coverages (Cov) for different exemplary prediction sets.

A way to achieve coherent forecasting for the setup of count processes is to return the full
predictive probability mass function of X, 5 given X1, ..., X, as proposed by Homburg et al.
(2023). However, this does not account for the estimation uncertainty that comes with it. In
this paper, we propose an alternative strategy to solve the problem of coherent forecasting
by transforming the predictive inference problem into a parameter estimation problem and by
constructing a corresponding confidence interval for the underlying parameter at some desired
level 1—6, where § € (0,1). To be more specific, let S C R be any user-selected subset of possible
values of interest that X, can take. We propose to estimate the predictive probability of this
set, that is, the probability that X, takes a value in S given the observed stretch X1,..., X,
of the process. The uncertainty associated with such a prediction can then be accounted for by
constructing a (1 — ¢)-confidence interval for the corresponding predictive probability. Clearly,
if range(Xy+p) is known, S C range(X,4p) is a typical choice, which we assume to be the case
for simplicity in what follows. Note that |S| = oo is also allowed.

In Section 2, we elaborate on this general idea. In Section 2.2, we derive some asymp-
totic theory for the corresponding prediction problem, where we concentrate on parametric and
non-parametric implementations of this kind of predictive inference. As we will see, using the
asymptotic distributions derived for the calculation of the described confidence intervals turns
out to be cumbersome in practice. To circumvent this problem, we resort to bootstrap tech-
niques. In particular, we use bootstrapping to construct confidence intervals of the predictive
probabilities of interest under a variety of relevant settings. In Section 2.3, we propose different
bootstrap algorithms and we also address the important problem of model uncertainty (in case
the decision of the user is in favor of a parametric model) by providing a bootstrap procedure
which takes this problem into account in constructing the confidence interval of interest. To de-

rive theoretical results in this context, the investigation of the consistency and the distributional
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properties of estimators under model misspecification is required, a topic which is of interest
on its own. In Section 3, we concentrate on asymptotic and on bootstrap-based approaches for
the case of (discrete-valued) count time series, where predictive inference is implemented us-
ing (conditional) maximum likelihood estimation and (first-order) INAR and INARCH models.
Section 4 discusses some practical issues while Section 5 presents simulation results demon-
strating the capabilities of the different asymptotic and bootstrap methods proposed. Section
6 gives applications to real-life data sets and Section 7 concludes the findings of our paper. All

technical proofs are deferred to the Appendix.

2. PREDICTION FOR DISCRETE-VALUED TIME SERIES

2.1. Predictive Probabilities. Suppose we observe a sample X1, ..., X, from a strictly sta-
tionary, discrete-valued process (X¢,t € Z), that is range(Xo) C R is a countable set. Without
loss of generality, let range(Xo) = {yx, k € N'}, where N C N. Our goal is to predict the future

value X, of the process for some h € N. In this setup and for any S C R, we denote by

)

Y
Sz,

P(Xn+h € S|Xn = gn)
the h-step predictive probability of the subset S given that
X, =(X1,.... X)) = (21,...,2p) =t 2,,.

Péhgg is the conditional probability that the future random variable X,y takes a value in the
subset S given the realization z,, of X,. Let § € (0,1) be small. A (1 — §)-confidence interval

for ng , that is, an interval [L%h) , éh)} with the property

P(LPM < PY) <UM)=1-3,

is called a (1 — §) confidence interval for the h-step predictive probability of the subset S. If the
above statement holds true for n — oo, that is, if

i PO < P8 <U0) =10

n—o0

the corresponding interval is called an asymptotic (1 — &) confidence interval for the h-step
predictive probability of the subset S.

In the following, we concentrate on the case where the underlying process is a first-order,

discrete-valued Markov process and h = 1. In this case Péhz) = Pglz)n and we write for simplicity,

En

since h =1,

PS7ZTL = P(Xn-‘rl S S|Xn = mn) = Z P(Xn+1 = yk'Xn = xn)
keN:yreS
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We assume throughout this paper that =, € range(Xy) is a given value which coincides with
the value of the last observation of the time series Xi,..., X, at hand. Furthermore and in
order to simplify notation, we sometimes also write Py, —,, x,—, for the one step transition
probability P(X:y1 = yx| Xt = x,). Note that our derivations can easily be extended to Markov
models of higher order and to larger prediction horizons, that is, h > 1; we refer to Section 4.2

for more details. We start by imposing the following assumption.

Assumption 1 (Markov process). (X;,t € Z) is a discrete-valued, homogeneous, aperiodic,

irreducible, positive recurrent and geometrically ergodic first-order Markov process.

Remark 2.1. Assumption 1 covers a wide range of discrete time series. It even includes
appropriate nominal time series since we do not require an order of the potentially involved
categories of the data. An example for the latter time series are DAR processes; see Jacobs and

Lewis (1983) for details.

As already mentioned, our aim is to construct a confidence interval for the (one step ahead)
predictive probability of a set S C R of interest, which has an (asymptotic) coverage of 1 — ¢
for some given ¢ € (0,1). In the next two subsections, we will consider parametric and non-

parametric approaches towards this goal.
2.2. Asymptotic Confidence Intervals.

2.2.1. Parametric Prediction. A common situation in time series analysis occurs when a para-
metric model is used to perform prediction. In our context, the predictive probability Pg g, is
estimated using a parametric, first-order Markov model, the properties of which will be specified
in Assumption 2 below. In order to emphasize the dependence of the prediction on the used
model and on the associated parameter vector denoted by 6, we write (X.(0),t € Z) for the
parametric model used for prediction. Note that we do not want to assume that the discrete-
valued time series observed necessarily stems from the parametric process (X(),t € Z) which
will be used for prediction. This seems important in order to address the practically important
situation of model misspecification in implementing the prediction and in constructing the con-
fidence interval for the predictive probability. This situation occurs when the parametric model
class used for prediction does not necessarily coincide with the data generating process. The
following (high-level) assumption specifies our requirements including those needed to obtain

an asymptotically valid confidence interval for the predictive probability of interest.

Assumption 2 (Parametric family of Markov processes).

(i) Mg = {(X+(0),t € Z2),0 € ©} is a parametric family of stationary, discrete-valued,

aperiodic, positive recurrent and geometrically ergodic, first-order Markov process with
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parameter vector # € © C R? for some finite d € N and © a compact set. Furthermore,
01 # 62 implies (X (61),t € Z) # (Xy(02),t € Z).

(i1) There exists a unique 0y € © such that, when fitting a model from the family My to the
process (Xi,t € Z), the estimator 0 used fulfills

\/ﬁ(é\_ 90) i N(Ovv&))v

where Vy, is a positive-definite covariance matriz.

Under the above assumption, we write Pép ;:a)(ﬁo) = Ps,, for the (parametric) predictive

probability of the set S when model class My is used for prediction. Then,

(para) ;o\ __ (para) ~
Psymn (0) - Z PX(+1:yk\Xt:xn(€)’
yrES

is the estimator of Pé.p Z:m(@o) obtained by replacing 6 by 0. Here, P)(g Tla:)ykl X,—a, (00) denotes

the one step transition probability associated with the parametric Markov process (X¢(6p),t €
Z) € My. Now assuming that P)(g iﬁag 3| Xt:wﬁ(@) is continuous differentiable with respect to 0,

we get

(para) 3 _ plera) _ g, plrara) 5T
V(PR Esiximan O) = PX sixim, (00)) = VoY g x, =, (0)V/n(6 = 60)

for some @' such that [|§ — o] < |6 — 6p||. Here and for any 6; € ©, VGP)(girlae)S\Xt:xn(el)
denotes the d-dimensional vector of partial derivatives of plrara) () with respect to 6

X165 Xt=zn
and evaluated at ;. We then get by Assumption 2 and assuming continuity of the partial

derivatives, that as n — oo,

(para) N (para) d 2
VAP L5 w0, 0 = PET 51, (00)) S N (0,03(60), (21)
where
o&(60) = V§ PY 51—, (00) Vo VoY, s, (BO):

The following result easily follows.

Proposition 2.2 (Asymptotic parametric confidence interval for Pép j:“>(90)). Suppose As-
sumption 2 holds true and let V3 be a consistent estimator of Vy, obtained by replacing 0y by
8. Suppose that Pépgza)(ﬁ) is continuously differentiable around 0y and that VgPép;l:a)(Qo) #0.
Then,

S,xn \/ﬁ 15 Sy \/,ﬁ

s an asymptotically valid confidence interval for the predictive probability ng;:a)(ﬂo) with con-

|:P(para)(0) - 25/205( ) P(pm“a)(é‘) + Zé/QUS( )

fidence level 1 — 6, where og(0) = Jg(é\) and J%(é\) is the estimator of 0%(6p) obtained by
replacing 0y by 9. Furthermore, 25/9 denotes the upper 6/2-quantile of the standard Gaussian

distribution.
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Remark 2.3.

(i) Note that in the case of model misspecification, which is allowed by Assumption 2, 0 is
the parameter vector from the parameter space © which best fits the underlying process
(Xt,t € Z) and that the particular value of 6y also depends on the estimation method
used to obtain . Furthermore, the same will be true for the (limiting) distribution
of the estimator 9 and in particular for the variance Vp, of this limiting distribution.
We elaborate in Section 3 on the important case where 0 is a (conditional) mazimum
likelihood estimator.

(i) The construction of the asymptotic confidence interval for the predictive probability
sz:u)(%) relies on the estimator O’%(é\), which is typically difficult to obtain in practice
due to the need to calculate the unknown quantities wpg’jj‘”(é) and V. In Section
2.3, we will introduce bootstrap procedures to estimate these quantities as well as the
distribution of Pgﬁ:a) ((9\) .

(i1i) Assumption 2 (i) can be generalized to allow for an infinite dimensional parameter space
O. For example, this is relevant for the semi-parametric INAR model investigated by

Drost et al. (2009) and Faymonuwille and Jentsch (2025).

2.2.2. Non-parametric Prediction. Alternatively to the situation discussed in Section 2.2.1, we
may consider a fully non-parametric approach to estimate the predictive probability and to
obtain the corresponding confidence interval. In the absence of parametric assumptions, we can
use the appropriate relative frequencies in order to estimate Pg,,. In the following, we denote

the predictive probability Ps s, by Pé"ﬁq f"m in order to distinguish it from the parametric case
(npara)
Pg

o,  is then obtained as follows:

discussed in the previous section. A natural estimator of

n—1
> 1{Xt+165 Xp=wn}
t=1 ’ . n—1

n—1 if zt:l l{Xt:zn} ;é 07
H(npara) _ 121 1ixXy=an}

Xip1€S| Xt=xn — (2.2)

0 it 305 Lxemay = 0.

Notice that by Assumption 1, the estimator ﬁgﬁ‘?gg‘xt:zn converges in probability to Py, es|x,=z,

as n — 0o ; see Derman (1956), where also a limiting Gaussian distribution for these estimators
has been established. An asymptotically valid (1 — §)-confidence interval for ngfm) is given

in the following proposition.

Proposition 2.4 (Asymptotic non-parametric confidence interval for Pg,, = é?:m)). Sup-

pose that Assumption 1 holds true. Then, an asymptotically valid confidence interval for Péfffm)




178

PUBLICATIONS

8
Data X1,...,Xn Xi,...,Xp
Prediction stems from the class My | doesn’t stem from the class My
Non-parametric o
~ Model is ignored “Correct” prediction
P(npa'r‘a)
S, Zn
Parametric ) o L )
N “Correct” prediction Model is misspecified
P(para) ( 9)
S, xn

TABLE 2. Possible constellations that may occur when using a parametric or

non-parametric estimator of predictive probabilities.

with confidence level 1 — & is given by

|:A(npara) - 26/26—\5 ﬁ(npam) 2(5/285

Sen T g1 Se )
o T — 52 i 52 ST~ ) ; LA _ 1 n—1
where g = /0g withog = ag¥sas. Here, using the notation Qs .z, = 727 > i—1 L1{X,11€5 Xi=an}

A 1 n—1
and Qz,, = —7 > 10y 1(x,=a,}, we have

o~ T . R
ag = (1 _QSOCn> and is _ Eng) Egl,Q)
Qz, %n ig,l) igﬁg)

where f)g is a consistent estimator for Xg defined in (A.2). The estimator f]g is obtained by
replacing the corresponding probabilities in 3g by their sample estimators and suitably truncating

the corresponding infinite sums.

2.3. Bootstrap Confidence Intervals. Despite the fact whether a parametric or a non-
parametric approach is used to estimate the predictive probability, when it comes to the con-
struction of the corresponding confidence interval, some care is needed. To elaborate, recall that
parametric assumptions that have been imposed on the underlying process in order to obtain
estimators of the predictive probabilities, may not necessarily hold true in reality. Depending
on which constellation holds true, this (may) affect the (limiting) distribution of the estimators
used and therefore, it has to be taken into account in order to properly construct the confidence
interval of interest. In Table 2, we show the different constellations that may occur when it
comes to prediction. This table summarizes different situations depending on whether the time
series Xq,...,X,, observed stems from a particular parametric class of Markov processes de-
noted by My or not and whether a parametric or a non-parametric approach is used to perform

prediction, that is, to estimate the predictive probability Ps ...

As it can be seen from this table, there are two constellations where the particular method
used to calculate the predictive probability is correct and which are termed as "Correct" Pre-

diction. The first refers to the situation where the time series stems from the parametric class
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My and the same class also is used to calculate the predictive probability. The second concerns
the case where the time series does not stem from the parametric class My and the predic-
tion is implement in a non-parametric way. In the other two constellations, either an error is
made in performing the prediction or the approach is inefficient. To elaborate, an error occurs
in the case where the parametric model class My is wrongly used (model misspecification).
Analogously, the predictive approach becomes inefficient when the parametric model class My
is erroneously not used and the prediction is implemented in a non-parametric way. Now, in
order to construct a proper confidence interval for the predictive probability of interest, these
different constellations have to be taken into account.

The bootstrap procedures developed in this section for the construction of confidence intervals
are able to fully take into account the different situations that may occur as described in Table 2.
Additionally to this important fact, the bootstrap also has the advantage to circumvent the
possibly cumbersome calculations needed to implement in practice the limiting distributions
derived in Sections 2.2.1 and 2.2.2 in order to construct the confidence intervals of interest.

The main structure of the bootstrap procedure proposed consists of four steps, where the first
two have to be specified differently according to which setup from the four possible ones shown in
Table 2 should be imitated in the bootstrap world. We first state this basic bootstrap algorithm,
while the different specifications of the first two steps that should be made will be discussed
later on in more detail. Notice that in the following description, ]357;%, respectively, ﬁ;yxn, are
used to denote any estimator, respectively, bootstrap estimator, of the predictive probability
Pg ;,,, where the specific form these estimators take will be clarified in the discussion following

the basic bootstrap algorithm.

Algorithm 2.5 (Basic bootstrap algorithm for the construction of confidence intervals of pre-

dictive probabilities).

Step 1: Given Xq,...,X,, calculate the estimator ]35,:,;n = 135,,;” (X1,...,Xn) of the predictive
probability Ps g, .

Step 2: Generate a pseudo time series Xi,..., X} and calculate the same estimator as in Step
1 but based on X7,..., X}, to get P, = Py, (X{,....X}).

Step 3: Repeat Step 2 a large number of times, say B times, and calculate
Ly®=py® _Pg,  b=1,..,B,

where ﬁ;il;) denotes the estimator 13;5% obtained in the bth bootstrap repetition.

Step 4: Compute the (1 — 8)-confidence interval as

Ps,, — QT—s/Qv Ps gz, — q;/Q ’
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Data X1,..., X, Xi,...,Xn
Prediction stems from the class My doesn’t stem from the class My
Step 2: X{,..., X} is generated Step 2: X{,..., X} is generated
Step 1:
using the estimated, model-based using the non-parametrically
Non-parametric
~(npara) one step transition probabilities estimated one step transition
Py ~ ~ N ~ ~ (npar
Sin and P§, = Pg:it?‘)(l'(L) probabilities and P§, = P;:i:pm"’)
s Step 2: X{,..., X} is generated Step 2: X{,..., X} is generated
tep 1:
using the estimated, model-based using the non-parametrically
Parametric
(paw)(A) one step transition probabilities estimated one step transition
Py 0 ~ N —~ ~
on and P;, = Pé’: ::‘” (6%) probabilities and P§ , = Pg’] ;:“)(9*)

TABLE 3. Different possible specifications of Step 1 and Step 2 of the basic

bootstrap algorithm depending on which one of the four possible scenarios in

Table 2 should be imitated.

where ¢, denotes the a-quantile of the empirical distribution of L}, that is, P*(L} <

n’

) = a.

Recall that we aim to imitate the distribution of the estimator ﬁS,xn of the predictive proba-
bility under the different possible scenarios. So far, we have considered two types of estimators:

the non-parametric estimator, that is, 1357% = ]Sg;p:m) and the parametric estimator, that is,

-~

ﬁs’m" = ép;’«:a)(g)' Now, depending on whether the time series X7,..., X, stems from the

parametric model class My or not, the distribution of the estimators ﬁggfra), respectively,

Pépﬁ,:a)(a) may be different. This requires a proper specification of Step 1 and Step 2 of the

basic bootstrap algorithm, which is clarified in Table 3.

Remark 2.6 (Unconditional confidence interval vs. conditional prediction interval). In contrast
to bootstrap procedures that aim to construct (conditionally) valid prediction intervals in the
continuous case, we do explicitly not require that the pseudo time series Xj7,..., X} (in all
four cases) has the property that X); = x,, holds true. This is because in the discrete setting
considered in this paper, we propose to reverse the approach and aim for the construction of
a confidence interval for the predictive probability Ps,, instead of constructing a prediction

interval for Xp11 (conditional on X,, = ).

In Sections 2.3.1 and 2.3.2, we will discuss in more detail the implementation and the proper-
ties of the different specifications of the basic bootstrap algorithm described in Table 3. Notice

that investigations of the asymptotic validity of the constructed bootstrap prediction intervals
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essentially need to show that the prediction error L, := ]35,% — Pg ., and the bootstrap pre-
diction error L; := 1?’;'7% — 1357% converge, in a proper way, to the same limiting distribution,
where the latter is assumed to be continuous. Denoting by ¢, the a-quantile of the distribution
of Ly, this convergence would justify the use of the bootstrap for constructing the prediction

intervals of interest due to the following approximation

1=6=P(gs/2 < Lo < q1-5/2)
= P(Psz, — q1-5/2 < Psz, < Psz, — 45/2)

~ P(Psa, =155 < PSay < Pz, — G5p9)-

*

Here, ¢}, denotes the a-quantile of the distribution of the bootstrap error L},

which, by the
assumed convergence in distribution and the continuity of the limiting distribution, satisfies

|q:§/2 — gs/2| — 0, in probability, as n — oo.

2.3.1. Parametric Prediction. In the case of parametric prediction, that is, in the case where

(p ; re) (0) is used, the following two different constellations may occur as shown

the estimator Pg

in the second row of Table 3:
(a) Xi,...,X, stems from the parametric class used to perform the prediction.

(b) Xi,...,X, does not stem from the parametric class used to perform the prediction.

We first elaborate on case (a). Under this scenario, the matrix of transition probabilities used

to generate X7,..., X, is obtained from the parametric model and depends on the estimated
plpara)

Xt+1_ili‘|Xt_I‘(§). The bootstrap pseudo
1= | Xe=a;

parameter vector 0. Its (7,7)th element is given by
time series X7, ..., X is then generated using these parametric one step transition probabilities.
In case (b), the bootstrap time series X7, ..., X is generated using non-parametric estima-

tors of the one step transition probabilities. The (7, j)th element of the corresponding transition

ﬁ(npara)

probability matrix is Xes1=a;| Xi=z:

and it is given in (2.2) for S = {z;} and z,, = z;.
However, in any one of the two scenarios discussed, the bootstrap estimator 6* based on the

pseudo time series X7,..., X, has to imitate the distribution of the estimator 9 as stated in

the following assumption. This high-level assumption has to be validated in a particular setting

of interest, as this will be discussed in more detail in Section 3.

Assumption 3 (Bootstrap CLT for parameter estimator). The bootstrap estimator 6* based on
the pseudo time series X7, ..., X} generated under the two different constellations (a) or (b),
satisfies

NG KN N(0,Vy,) in probability,

where V, is given in Assumption 2(ii).
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Under this assumption, we can establish validity of the bootstrap procedure used to construct
confidence intervals for the predictive probability in case the parametric estimator Pép ;:a) (5) is

used.

Theorem 2.7 (Parametric bootstrap confidence interval for Pép g:a) (60)). Suppose Assumptions
1, 2 and 3 hold true. Let ng:@(e) be continuously differentiable around 6y with gradient
Vng);:a)(ﬁo) # 0. Then, the bootstrap confidence interval for PS(”)ZG) (00) given by

[PETD @) — a5 _g0r PETVO) — 050,

is asymptotically of level 1 — 6. Here, ¢}, denotes the a-quantile of the distribution of L} =

P 6~ PE0 ).

As the above theorem shows, the bootstrap confidence interval for the parametric predictive
probability ng:a)(ﬁo) retains (asymptotically) the desired level 1 — § even if the time series
observed does not stem from the model class used to perform the prediction. As we will see
in the simulations in Section 5, in this case of model misspecification, the confidence intervals
obtained inherit this uncertainty, which manifests itself in larger but more honest confidence
intervals compared to those obtained for the case where X7, ..., X, stems from the model class

My and this class also is used to implement the bootstrap.

2.3.2. Non-parametric Prediction. Consider next the case where the non-parametric estimator
of the predictive probability Igé?f:m) is used to perform the prediction; see the first row of
Table 3. In this case, the time series Xi,..., X, may or may not stem from the parametric
family My. According to which one of the two possible scenarios should be imitated in the

bootstrap world, one can again use the estimated parametric one step transition probabilities,

(para)

ﬁ(npara)
Xip1=zj| Xi=x;

Xes1=a;| Xi=a:" to generate the bootstrap

(5), or the non-parametric analogue,

pseudo time series X7,..., X;. The following theorem can then be established.

Theorem 2.8 (Non-parametric bootstrap confidence interval for Pg,, = ng:m)).

1) Suppose Assumptions 1 holds true and that X5,..., X" is generated using the non-
1 n

parametrically estimated one step transition probabilities ﬁ)(gﬁ?r_ai Xo—as° Then, the
1= | Xe=a;

bootstrap confidence interval for Ps,, given by
S(npara) S(npara)
[Ps,zn *qf—a/zv Pga, *‘J;/z]v
is asymptotically of level 1 — §. Here, ¢}, denotes the a-quantile of the distribution of

% . D (npara) H(npara)
Ly = PS,zn - PS,zn .

(i1) Suppose Assumptions 1, 2 and 8 hold true and that X3,..., X} is generated using the

estimated, model-based one step transition probabilities P)(girlaf)zv\xrzv(a)' Then, the
;| Xi=a;

confidence interval constructed as in (i) is asymptotically of level 1 — 0.
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3. PARAMETRIC PREDICTION USING SPECIFIC ESTIMATORS AND MODELS

We illustrate our proposed prediction methodology by an application to the case where the
popular INAR(1) and INARCH(1) models for count time series are used for prediction. We also
concentrate on (conditional) maximum likelihood estimators of the parameters of these models.
We first elaborate on properties of conditional maximum likelihood estimators under a setting

which allows for model misspecification.

3.1. Conditional Maximum Likelihood Estimators. Let
W (01X1) = > log (PE1 (6)
t=2

P(para)

be the (conditional on Xj) log-likelihood function, where Xi| X

(0) denotes the one step
transition probabilities of the process (X¢(0),t € Z) belonging to the class My. We denote by
O = argmaxgegln (0] X1), the (conditional) maximum likelihood estimator of 6 based on the
time series X1,..., X, stemming from a process (X;,t € Z) satisfying Assumption 1.

Since we are in the setting of a parametric prediction and we will use the estimator Pép ;:a) (éML)

of the predictive probability, in order to construct a confidence interval for Pép ;:a)(ﬂ), a para-

metric or a non-parametric bootstrap approach to generate the bootstrap time series X7, ..., X}
can be used; see the second row of Table 3. Recall that using a non-parametric approach in this
context to generate the pseudo time series, enables us to imitate the distribution of Pg ;:a) (aM L)
under model misspecification. To establish validity of the bootstrap in this setting, the key step
is to show that the estimator 5}{[ 1, satisfies Assumption 3. Towards this goal, some additional

assumptions regarding the properties of the underlying process have to be imposed. We begin

with the following assumption.

Assumption 4 (Data generating process under potential model misspecification).

(i) E(log P)(girjl(t(ﬁ)) has a unique mazimum at 6y in the interior of ©.

(ii) P)((ZZ‘ZT;Q(H) is two times differentiable around 0y with respect to 0 with Lipschitz contin-
wous second-order partial derivatives.

(iii) E||Vglog P)(gia&(t(e)”Z < oo for every 0 € © and the matriz E(V}log P)(gj:l&{t(%)) is
positive definite.

(iv) E(Vglog P)(giﬁ}(t(ﬂ)) = VyE(log P)(g(fﬁ)xtw)) for every 6 € ©.

Part (i) of this assumption guarantees the uniqueness of the limit of the maximum likelihood
estimator which is important when (X;,t € Z) does not necessarily belong to My. Assumption
4(ii) imposes smoothness conditions on the parametric one step transition probabilities, As-
sumption 4(iii) ensures the existence of second-order moments while Assumption 4(iv) allows

for the interchangeability of expectation and differentiation. Such assumptions are common for
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investigating the consistency and distributional properties of maximum likelihood estimators;
see for instance Condition 1.1 in Billingsley (1961).

Using Assumption 4(ii), a Taylor series expansion of I, (0| X;) = Y27, Vi log(P)(?tT;:z] )
around 6y and the fact that lln(é\ML|X1) = 0, we get the basic expression

1 "o~ b 1 ~ ara
I (OnlX1)Vn — 10z — b)) = TUn1 ;Ve log P)(ft‘x,il(ﬁ}g:%, (3.1)

n—
for some ,, € O such that |6, — 6| < ||§ML —6p||. We first establish the following result which
generalizes consistency of the (conditional) maximum likelihood estimator also for case where

the time series at hand does not necessarily stem from the model class My.

Theorem 3.1 (Convergence of §A4L). Assume that X1,...,X, stems from a process satisfying
Assumption 1. Let Mg be a model class satisfying Assumption 2(1) and suppose that Assumption
4(3) is fulfilled. Then, as n — oo,

~ P
Onig, — 90.

Note that analogous to (3.1), a similar expression can also be obtained in the bootstrap world

based on the pseudo time series X7, ..., X, , that is, we have,

1
n—1

"k *\_ / N n 1 - ara
ln(0”|X1) n-— 1(9ML - eML) = _ﬁ Z Vi 10g(P§£*|X;71 (0))‘9:§ML7 (32)
t=2

where (|65, — O]l < 0%, — Oni -

Now, when a parametric model from the class My is fitted using (conditional) maximum
likelihood estimation and this model is used in the bootstrap procedure to generate the pseudo
time series X7, ..., X, then the generated bootstrap data stems from a parametric model with
parameter vector 5ML irrespective of whether this also holds true or not for the observed time
series X1,...,X,,. In this case, and as we will see in the following, asymptotic normality of the

bootstrap sequence

(3.3)

0=0r1

1 ¢ (para)
— ;2 Volog(PL) (9))‘

can typically be established using a central limit theorem for triangular arrays of martingale
differences; see expression (A.9) in the Appendix. However, in the case where X7, ..., X} is gen-
erated non-parametrically using the estimated one step transition probabilities 13)(23 ?Za)c,\ Xy=a:®
such a property for the corresponding bootstrap sequence does not necessarily hold true. In
this case, the asymptotic normality of the bootstrap sequence (3.3) relies on mixing proper-

ties which are related to corresponding properties of the underlying process (X, t € Z). To
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elaborate, consider the sequence

1 " ara
> Volog(PERY (6))
n—1=
1 . (para) (para)
- —— ; (vg log(PL (60)) — BV 1og(p)g‘xt71(eo))), (3.4)
appearing in (3.1) and where E(Vy log(P)(g‘Lg(al1 (69))) = 0 by Assumption 4(iv). For instance,

it is well known that countable Markov chains satisfying Assumption 1 are [-mixing with
B(k) — 0 as k — oo; see Bradley (2007), Theorem 7.7. The maximal correlation coefficient
(p-mixing), to which we focus in the following, is an alternative way to control the dependence

structure of a Markov process and to establish the weak convergence result

1 n ara
Y 10g(P)<£\Xt)71(0)‘9:6
t=2

d (para)
n—1% = N (0.E(T3108(PETY (60)))).

From this, Assumption 4, Theorem 3.1 and expression (3.1), we get that
~ d
\/E(OML — 00) — /\/(07 VQO), (35)

where Ve;l = E(Vg 10g(P)(£ TZL(GO))) We can now establish the following important result
for bootstrap consistency, which shows that the (conditional) maximum likelihood estimator

fulfills the requirements of Assumption 3.

Theorem 3.2 (Asymptotic normality of é\ML). Suppose Assumptions 1 and 2(i) and 4 hold

true.
(i) Let the pseudo time series X7,..., X} be generated using the one step transition proba-
bilities P)(giia:)wj\xt:xi(é\ML) for z;,x; € range(Xo). Then, as n — oo,
V@i, — Oarr) 5 N(0, Vi), (3.6)
in probability, where Vegl = Ey, (V3 log(Pnggll(G)) }0:90).
(i1) Let the pseudo time series X;,..., X} be generated using the non-parametrically es-

timated one step transition probabilities ﬁj(gﬁrfiv‘xﬁz, Assume that (X¢,t € Z) is
;| Xi=a;

p-mizing with p-mizing coefficient py < 1 and E(|Xo|'**?) < 0o for some § > 0 and
(para) —
Jnax. Vo IOg(PXt*\Xt*,l (9)) |9:0AML = op+(v/n). (3.7)

Then, as n — oo, assertion (3.6) holds true with Vegl =E(V3 log(Pnggzl(G)) }0:90)'

Remark 3.3. Note that in assertion (i) of the above theorem, the expectation denoted by Eg,(-)
in the definition of Vp, is taken with respect to the probability measure of the parametric model
with parameter 0y. Furthermore, in assertion (i) of the same theorem, the expectations appear-

ing in the definition of Vi, and denoted by E(-) is taken with respect to the probability measure
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of the underlying Markov process, which does not necessarily belong to the parametric class My.

Clearly, E(-) = Eg, () if (Xi,t € Z) belongs to M.

Remark 3.4. According to Roberts and Rosenthal (1997), any stationary Markov chain that is

geometrically ergodic and reversible is p-mixing with p1 < 1, where

pr = p(0(X1),0(X0)),  pr < pf- (3.8)
The mazimal correlation coefficient p(-,-) is defined by

p(A,B) = sup |Corr(f, ),
FEL(A) gELa(B)

where La(A) is the space of all random variables that are A-measurable and square integrable.

By Theorem 4.4(b1) of Bradley (2007), for a process (Xi,t € Z), we have

{ |B(f(Xi)g(Xi1)) = E(f(X:) E(g(Xin))]
VE(*(X:)VE(6*(Xi-1))

where we used the notation || X |, = (E(X?))'/P for p > 1.

p1 = sup

S 1F (X2 < o0, [lg(Xiz1)ll2 < 00} ;
1.9

3.2. The INAR(1) Model. The INAR(1) model was first introduced by McKenzie (1985) and
Al-Osh and Alzaid (1987) and extended to order p by Du and Li (1991). Recall that according
to the INAR(p) model, X; is generated as

Xi=oq OXt,1+...+Ozp0Xt,p+€t, teZ, (39)

where & "X G with probability mass function G(k), & € No = N U {0} and the vector of

coefficients & = (a1, ..., )" € (0,1)P fulfills >°%_, a; < 1. Recall that in order to account
for the integer nature of the data, model (3.9) uses the binomial thinning operator “o” first
introduced by Steutel and Van Harn (1979) and defined as

Xt
aioXei= Y 2", (3.10)
j=1

with (Zj(lt’i’)7 j e Nte Z),i € {1,...,p} being mutually independent random variables with
Z;t’i) ~ Bin(1, ;) and independent of the innovation process (e, ¢ € Z). Here, Bin(L,p)
denotes the binomial distribution with parameters L € N and p € [0, 1]. Note that according
to this construction, a; o Xy—;|X¢—; ~ Bin(X;—;, o;) holds.

In the case of an INAR(1) model, the one step transition probabilities are given by

min(z¢,xe—1)

ara Ti— ; s .
SSRMINNROE DY (ﬁa{(km)m G —j)  (31D)

§=0
for x4, x4—1 € Np. Assume now that an INAR(1) model with specified innovation distribu-

tion G, depending on a parameter «y is used for prediction. Letting 0 = (o), the predictive
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probability of this model is denoted by ng’;:@(a) =: Péf;l:r) (0). By (3.11) and for the (condi-
tional) maximum likelihood estimator é\ML = (GwML, YMrL) of 0, the predictive probability can be

estimated by

min(zp,j)
P =Y Y (0)ate - a0t Gon G
j€S k=0

To obtain a confidence interval for Pg:ar (fp) one can use the limiting distribution of 67ML. To

elaborate, it is well known that under appropriate conditions including the assumption that

X1,...,X, stems from a INAR(1) model, it holds true that, as n — oo,
Vi (Ous, — 00) % N(0,172(6)), (3.13)

where 8y = (ag, 7o) is the true parameter and I(6y) = E(J;(6p)), where J;(6p) is the Hessian

of —log P;;g?g) (0)) evaluated at 6p; see for instance Billingsley (1961), Freeland (1998) and
n

Weif (2018). Note that E(J;(fp)) can be estimated by (n — 1)1 3 It(GML) also see Remark

t=2
B.2.1.2 in Weik (2018).

Remark 3.5. The asymptotic result (3.13) holds true for a broad variety of INAR processes in-
cluding the prominent examples of a Poisson INAR(1), (Poi-INAR(1)), and a negative binomial
INAR(1), (NB-INAR(1)), process.

From (3.13), we immediately get

Vi TP (B) — P (60) 5 N (0, ). (3.14)
where sgo = Vog(00) T (00)Veg(fo) and Veg(6o) = >jes Ve )((ZIT:.G;T—)jlxt o )|9:00, This

leads to the asymptotically valid (1 — §)-confidence interval

i ~ 26/2§90 (inar) /o 26/2§90
P (@) — 22220 plmen) @) +
S, (Orz) Jn—1 = S (Onrz) Vn-1

for (W")(@o) where §§0 = Vog(0nr) T (0ur) Vog(Opir,) and Zss2 the 0/2-quantile of the

standard Gaussian distribution.

Remark 3.6. Note that in the case of a Poi-INAR(1) process, we have for 0 = (o, A),

min(zy,,j)

inar Tr— N he=A
gla,A) = Pé’am> Z Z ( > 1*a)"km~

jeS k=0
In the case of a NB-INAR(1) process, we have for 8 = (a, N, ),

min(zy,j)

inar -Tn Tn— I'G—k+N G

jeS k=0
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where I'(+) denotes the gamma function. For the Poi-INAR(1) case, we exemplarily get
NV S wp—k—1
ZS go (k)(jikz)!e "k — zpa) (1 — )™
Vg(o, ) = mjii(m",j)* (3.15)
Tn) ok =k 1 —A\yj—k—1(_;
PR, (k )a (1-a)® (jfk)l( e~ NN (=7 +Ek+N).

These expressions have also been used for the numerical calculations in Section 5.

However, if Xi,..., X, does not stem from an INAR(1) model, but this model is fitted to
the data at hand, then one can take advantage of the convergence (3.5) in order to construct a
confidence interval for the predictive probability Pg::”(@o) and proceed analogous to the case
where (3.13) holds true. The main difference in this case is that Vg, # I~(6p) and 8y = (o, 70)

is the unique parameter from the parameter space © which minimizes

(mar mar o N
E(log Xi|X0 ZZlog Xi—r|X) 1= _0)P(Xy =7 X4 1 =s);
r=0 s=0

see Assumption 4(i).

Instead of using the asymptotic Gaussian distributions (3.13), respectively, (3.5) and in order
to avoid estimation of the quantities 1=!(fy), respectively, Vb,, one can use the bootstrap in
both versions described in the second row of Table 3 in order to obtain a confidence interval for

SZ::T (0p). In view of the results obtained in Section 3.1 and, in particular, Theorem 3.2, the
following bootstrap confidence intervals can be constructed depending on whether one wants to
imitate the situation of a time series stemming from the fitted model class or not.

Suppose that Xi, ..., X, does not necessarily stem from an INAR(1) model, but that solely
Assumption 1 holds true. Let the bootstrap pseudo time series X7, ..., X be generated using

the one step transition probabilities of the estimated INAR(1) model given by

min(z¢,x¢—1)

i N Tr—1 i .
P)((Z:ljzzz\xtﬂ:mfl (GML) = Z ( j )O‘ML(1 - O‘ML)QH_1 jfsﬁML (zt - ])~ (3-16)
=0

Then, the bootstrap confidence interval,
(PG Onin) = g P (Bir) = a3 ). (3.17)

is asymptotically of level 1 -6 for Pg,(6o), where ¢, denotes the a-quantile of the distribution
of i, = P B11) = P Burn).
Alternatively and if the conditions stated in Theorem 3.2(ii) hold true and the bootstrap

pseudo time series X7,..., X, is generated using the non-parametrically estimated one step

(npara)

transition probabilities Py 1=z, Xo=x;

, then, using the corresponding bootstrap distribution, a

confidence interval analogue to (3.17) can be constructed.
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3.3. The INARCH(1) Model. The INARCH model belongs to the class of more general
INGARCH models, which have been introduced by Heinen (2003) (under a different name) and
further analyzed by, e.g., Ferland et al. (2006) and Fokianos et al. (2009). The INARCH(p)

model is described as
Xt‘Xt—L Xt 9y~ POZ(B +a1 X1+ ...+ OépXt,p), (3.18)

where 8 > 0, ai,...,0p > 0 and Zle a; < 1. The one step transition probabilities of model

(3.18) are given by

P Tt
(para) P (B + > ail’t—i)
para _ o i=1
PXt:wt‘Xzflixrf,,hm,Xt_p:xt_p = exp (/6 - Zalltl) wt! . (319)
i=1

For p =1, we get the special case of an INARCH(1) model, which has been discussed in Weifs

(2010) and the corresponding transition probabilities reduce to

(ﬁ + Oéztfl)z" .

P(para)
.’I)t!

Xe=z¢|Xem1=we1 exp(fﬁ - axf/*l) (3-20)

Assuming that an INARCH(1) model with parameter 6 = (3, ) is used for prediction and us-
ing the maximum likelihood estimator §ML = (BML, aML), the estimated predictive probability

Pg: f:a)(ﬁg) =: Pg;l:rcm(go) is given by

(BvL + Qv )’

PéfZSTCh)(gML) => exp(—PByL — GumLen) i

JjeS

(3.21)

To construct an asymptotic or a bootstrap confidence interval for Péf;’:’mh)(%), one can
proceed as discussed in Section 3.2 for the case of an INAR(1) model.

Notice that under the assumption that (X;,t € Z) is an INARCH(1) model, Zhu and Wang
(2009) proved that /n — 1(fy, — o) 4 N(0,1(6p)™1), where I(6p) can be estimated by (n —
1)1t t§:2 J¢(0p) and

X X X1
_ | B+aXi1)?  (B+aXi_1)?
Jt(go) B Xe X1 XeX?P

(B+aXi—1)?  (B+aXi-1)?

From this we get
V= 1B By) — PSR (00)) 4 N (0, 52), (3.22)

where s2 = Vg(00) TI~(09)Vg(6p) with

g0 = 3" exp(—5 — ) AT

jes
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and the gradient given by

.Z %exp(—ﬂ —aw,)(B+ axn )i - B — axy,)
Vg(B,a)=| ' . (3.23)

> exp(—8 — awn)an (B + ey} (j - B — axy)
jes

4. PRACTICAL ISSUES AND EXTENSIONS

4.1. Range Preserving Confidence Intervals. It may happen that the confidence intervals
obtained exceed the natural range of a probability measure, i.e., the lower bound of the confi-
dence interval is less than zero or the upper bound exceeds one. This situation is more likely to
occur when predictive sets S are considered for which P(X,,11 € S|X,, = z,) is very close to the
boundaries of [0, 1]. To enforce the intervals to preserve the proper range, one way is to use the
percentile method. This works by arranging the B bootstrap replicates ﬁgsﬁ, b=1,2,...,B,
in increasing order, ]3;:(;), e ]3;;5), and use ]3;:;]35/ 2 a5 the lower bound and ]3;:;5(176/ D) as
the upper bound of the confidence interval. In the case that Bd/2 is not an integer, we define

m = [(B+1)§/2] and use ﬁ;izl) as lower and ﬁ;:ffﬂ_m) as upper bound of the confidence

interval.

4.2. Larger Prediction Horizon and Higher Order Processes. Consider the case where
prediction is made for a horizon h > 1. In this case, one can think of the prediction problem as

that of obtaining a point or an interval estimator of the predictive probability
P(X,H_j €S, j:1,2,‘..,h|Xn:.1:n)7 (4.1)

where S; C R, j = 1,...,h, are user-selected sets of values that the process can take. (4.1)
refers to the probability that for the future time points t = n+1,...,n+ h, the Markov process
will visit consecutively the sets Si,...,Sy. Clearly, S; = S for all j = 1,...,h as well as
P(Xy4h € S| X, = @), that is, S; = Sy = -+ = Sp_1 = range(X)), are special cases of (4.1).

Due to the Markov property, the predictive probability (4.1) can be expressed as a sum of
proper one step transition probabilities, that is,
P(Xn4j €85, j=1,2,...,h| Xy =zp)

= Z Z o Z P n=un | Xan—1=un—1 DX 120 1| X 2=tz " L Xn 1251 | Xp=n -
Yn€Sh Yh—1€Sh—1  Y1€S1

This implies that estimating parametrically or non-parametrically the one step transition prob-
abilities Py, —y, |x,=y,_, for K =1,...,h and yo = x5, which are involved in the above expres-
sion, a parametric or non-parametric estimator of the predictive probability P(Xnﬂ €8j,j=
1,2,...,hX, = rn) can be obtained. Furthermore, an asymptotic or bootstrap confidence
interval for the predictive probability of interest can in principle be constructed following the

approaches discussed in the previous sections.




FAYMONVILLE ET AL., |2025A 191

21

When considering Markov processes of higher order p > 1, the goal is to construct a confidence

interval for
Ps (@nyan_pp1) = P(Xn+1 € S| Xn—pt1 = Tnpt1,- -+, Xn = Tn).

For this, the main construction principle remains the same for both the asymptotic and the

bootstrap approaches discussed. Note that a non-parametric estimator of Pg (z, . 2, ,.1) 18

given by
n—p
Z 1{X1+1657Xt7p+1:zn7p+1s"»;Xt:-rn}
ﬁ(npara) _ t=1
Sy(TnsesTn—pt+1) n—p
t; l{thp{»l:znf[H»l1"'1X1,:Z71}
Analogously, a parametric estimator of the form P.éf)(i-r:,)...,zn,pﬂ)(é\) for Péf)(j:,)---,znfpﬂ)(eo) can

be for instance obtained by using a pth order INAR or INARCH model; see Section 3.2 and
Section 3.3.

5. SIMULATIONS

We investigate the small sample performance of the asymptotic and the bootstrap methods to
construct confidence intervals for the predictive probability. For the bootstrap, we distinguish
between the construction principle of Algorithm 2.5 and its percentile versions as discussed
in Section 4.1. We cover non-parametric and parametric setups focusing on predictions using
INAR(1) and INARCH(1) data generating processes (DGPs), as elaborated in Section 3. To
estimate the asymptotic variances involved in the non-parametric setup, we use the R package
stableGR (Knudson and Vats, 2022). For the asymptotic approach in the parametric setup,
we proceed as follows: In case an INAR(1) model is assumed, we use the asymptotic approach
described in Section 3.2 by applying (3.15) and the approximated Hessian of the R function
constrOptim (R Core Team, 2022). If an INARCH(1) model is assumed, we use the procedure
described in Section 3.3.

We use K = 500 Monte Carlo samples and B = 500 bootstrap repetitions for four different
sample sizes n € {100, 500, 1000, 5000}. The significance level ¢ is set equal to 5%. We consider
time series that stem from a Poi(1)-INAR(1) and from a NB(2,2/3)-INAR(1) model, both with
parameter o = 0.5 and from an INARCH(1) model with parameters a = 0.5 and 8 = 1. If not
stated otherwise, we consider S = {1,2}. For simulation, estimation and bootstrapping of the
INAR data, we use the R package spINAR (Faymonville et al., 2024). For the estimation of
the INARCH data, we use the R package tscount (Liboschik et al., 2017).

5.1. Asymptotic Confidence Intervals. We apply the asymptotic procedures introduced in
Section 2.2.1 and Section 2.2.2 to different data generating processes (DGPs) and construct
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confidence intervals for Ps,,. We would like to emphasize that also in the parametric proce-
dure introduced in Section 2.2.1, we construct a confidence interval for Ps,, only coinciding
with Pg, (6p) in case the assumed model for prediction is correct. To construct a confidence
interval for Pg, (6), we would require an estimator for Vj,, see Proposition 2.2, which is not
straightforward in general. To avoid the need of such an estimator, we explicitly refer to the
bootstrap procedures in 2.3. The results obtained are presented in Table 4. First, consider
the case where the DGP is a Poi(1)-INAR(1) process. Comparing coverages and mean lengths
of the asymptotic confidence intervals, we see that the parametric approach using a Poi-INAR
model for prediction performs best. The non-parametric approach keeps up well with respect
to coverage, but it leads to much wider intervals. Furthermore and as expected, the parametric
approach incorrectly using an INARCH model for prediction behaves worse and delivers confi-
dence intervals the coverage of which decreases as the sample size n increases. Consider next
the case where the data stems from an INAR(1) process with innovations having an overdis-
persed NB(2,2/3) distribution. In this case, both parametric models (Poi-INAR and INARCH)
used for prediction are wrong, and this fact manifests itself in low coverages which decrease
as n increases. The non-parametric approach performs best and shows a good coverage. The
last considered case is that of time series stemming from an INARCH(1) process. Here again,
using the wrong model for prediction leads to coverages which deteriorate as the sample size
increases. At the same time and as expected, the parametric approach using the correct model
performs best. The non-parametric approach lead to good results as this was the case in both
previously considered DGPs.

To summarize, we see that concerning the calculation of a confidence interval for Pg,,, there
is a trade-off between robustness and efficiency. The non-parametric approach is robust to model
misspecification. Using a parametric approach is more efficient when the model assumptions
made hold true, but it can lead to worse coverages if this is not the case because then Ps’m"(g)

is not a consistent estimator of Pg,,, .

5.2. Bootstrap Confidence Intervals. We next investigate the finite sample performance
of the bootstrap for constructing confidence intervals. We consider three of the four possible
scenarios described in Table 2, respectively, Table 3. In the parametric case of 2.3.1, we construct
confidence intervals for the parametric predictive probability Pép Zu) (Ao). Recall that only if the

Péz,)g:a) (00) coincide.

parametric model used is correct, the predictive probabilities Ps,,, and
In the non-parametric case of 2.3.2, we construct confidence intervals for the non-parametric
predictive probability coinciding with Pg g, .

First of all, we investigate the parametric prediction setup and, in particular, the two cases

listed in the second row of Table 2 and Table 3. For this purpose, a Poi-INAR(1) model is
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Data Prediction
n 100 500 1000 5000
Poi-INAR Poi-INAR cov | 0.934 0.942 0.952 0.958
ml | 0.133 0.059 0.044 0.019
INARCH cov | 0.440 0.352 0.354 0.122
ml | 0.101 0.043 0.034 0.014
npara cov | 0.915 0.944 0.934 0.964
ml | 0.423 0.199 0.151 0.065
NB-INAR Poi-INAR cov | 0.716 0.550 0.484 0.294
ml | 0.123 0.054 0.039 0.017
INARCH cov | 0.548 0.190 0.140 0.086
ml | 0.105 0.045 0.033 0.014
npara cov | 0.890 0.944 0.926 0.944
ml | 0.441 0.221 0.152 0.070
INARCH Poi-INAR cov | 0.732 0.302 0.174 0.084
ml | 0.115 0.050 0.036 0.017
INARCH cov | 0.932 0.918 0.918 0.944
ml | 0.101 0.042 0.031 0.014
npara cov [ 0.913 0.950 0.926 0.968
ml | 0.452 0.211 0.155 0.070

TABLE 4. Coverage (cov) and mean length (ml) of asymptotic confidence inter-
vals for Pg,, for different sample sizes, different parametric and non-parametric

approaches and significance level 0.05 when applied to different DGPs.
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used for prediction and the following two scenarios for generating the bootstrap time series are

considered: The bootstrap time series is generated non-parametrically, while the estimated Poi-

INAR(1) model is used for prediction and the bootstrap time series is generated parametrically

using the estimated Poi-INAR(1) model and this model also is used for prediction. We generate

time series from the three different DGPs, that is, we use an INAR(1) process with a = 0.5

and Poi(1) innovations, an INAR(1) process with o = 0.5 and NB(2,2/3) innovations and an

INARCH(1) process with & = 0.5 and 8 = 1. Notice that all three processes possess an expected

value of 2. To accurately approximate the unknown probability ng Z:a) (00), we use a sample of

n = 10% observations.




194 PUBLICATIONS

24

The results obtained are presented in Table 5. Observe that if the DGP does not coincide
with the Poi-INAR(1) used for prediction, the bootstrap delivers good coverages which are
approaching the nominal 95% for increasing n in the case where a non-parametric bootstrap
procedure is used to generate the pseudo time series. However, when the bootstrap time series
is generated parametrically using the (wrong) Poi-INAR model, the coverage is systematically
lower. Also in terms of the mean length, there is a visible pattern if the model is misspecified.
As the results show, the confidence intervals obtained in this case by applying a non-parametric
bootstrap are always slightly larger than those obtained when a parametric bootstrap is used.
This reflects the uncertainty associated with the fact that a wrong model is used to perform
prediction. If the model is correctly specified, i.e., when we are in the case of a Poi-INAR DGP
and the corresponding estimated model is used for prediction, both bootstrap procedures work
well with respect to both coverage and length. It seems that in this case, essentially no price
is paid for generating the bootstrap time series non-parametrically, that is, without using the
(true) model. In summary, the proposed procedure in the below right corner of Table 3 is able
to construct confidence intervals for Pg Z’u)(%) that retain the desired coverage.

We next consider the case of non-parametric prediction combined with non-parametric boot-
strapping, i.e., we are referring to the first row and second column of Table 3. In addition,
we also compare the results with the corresponding percentile version described in Section 4.1.
Table 6 summarizes the results and shows that for increasing n and for all DGPs considered,
the coverage is good and improves by getting closer to the desired 95% level. While the mean
length of the intervals is large for small sample sizes, it decrease fast as n increases. Similar

results are obtained using the percentile version.

5.3. Range-preserving Intervals. Table 6 displays the results when using the percentile
version of the bootstrap confidence intervals. As pointed out in Section 4.1, the non-compliance
with the natural range of probability can occur in situations where the considered set S is very
(un)likely. To investigate such a scenario, we reconsider the Poi-INAR(1) DGP with o = 0.5 and
A =1, but now we define S = {10}. In the case of a Poi-INAR(1) DGP, the Poisson distribution
of the innovations transfers to the observations leading to a Poi(A/(1—«)) marginal distribution,
i.e., the observations are Poi(2) distributed. For Y ~ Poi(2), we have P(Y = 10) =~ 3.8 - 107°
illustrating the “unlikeliness” of S. Table 7 compares the results of the parametric asymptotic
approach, the parametric bootstrap approach, where we use the parametric assumption for both
estimating and bootstrapping, and its percentile version, where all three correctly assume a Poi-
INAR(1) DGP. We see that the percentile intervals provide an increased and, consequently, more

accurate coverage especially for small sample size n. This could be expected since we avoid the
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Data Prediction Bootstrap
n 100 500 1000 5000

NB-INAR Poi-INAR para cov | 0.872 0.922 0.890 0.914
ml | 0.128 0.057 0.041 0.018

npara cov | 0.892 0.942 0.930 0.932

ml | 0.139 0.062 0.044 0.019

INARCH Poi-INAR para cov | 0.892 0.902 0.922 0.924
ml | 0.122 0.053 0.039 0.018

npara cov | 0.898 0.914 0.940 0.944

ml | 0.129 0.056 0.041 0.019

Poi-INAR Poi-INAR para cov | 0.900 0.930 0.946 0.956
ml | 0.130 0.058 0.043 0.019

npara cov | 0.906 0.930 0.940 0.952

ml | 0.132 0.058 0.043 0.019

TABLE 5. Coverage (cov) and mean length (ml) of bootstrap confidence inter-
vals for the predictive probability Péf: ;:a) (00) when a Poi-INAR(1) model is used
for prediction, i.e., for Pgﬁ:r)(/\), where A = 1 and X the parameter of the Pois-
son distribution. A parametric (para) and a non-parametric (npara) bootstrap
procedure is used and applied to three different DGPs and four different sample

sizes.

violation of the natural range of probabilities. Asymptotically, the approaches do not differ

much.

6. REAL-DATA APPLICATION

6.1. Rotary Drilling Data. In a first illustration of our proposed predictive inference proce-
dure, we consider a time series of length n = 417 consisting of weekly counts of active rotary
drilling rigs in Alaska (1990-1997)*. They are used to measure the demand of products from
the drilling industry and have previously been analyzed in Weif (2018) and Faymonville et al.
(2025). In Figure 1, we see that the time series contains a lot of runs, i.e., same values for
consecutive time points, which indicates a strong serial dependence together with a small inno-
vations’ mean. The latter is supported by the high and slowly decreasing autocorrelation level

observed in the ACF plot. The PACF plot suggests a first-order autoregressive structure with

4phx.corporate—ir.net/phoenix.zht ml?c=79687&p=irol-rigcountsoverview
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percentile version
Data Prediction Bootstrap n 100 500 1000 5000 100 500 1000 5000
NB-INAR npara npara cov | 0.894 0.944 0.922 0.938 | 0.922 0.958 0.934 0.950
ml | 0.521 0.221 0.154 0.071 | 0.526 0.222 0.156 0.072
INARCH npara npara cov | 0.906 0.950 0.926 0.958 | 0.930 0.960 0.936 0.968
ml | 0.516 0.215 0.160 0.070 | 0.532 0.222 0.164 0.072
Poi-INAR npara npara cov | 0.922 0.940 0.922 0.954 | 0.938 0.956 0.936 0.958
ml | 0.489 0.210 0.155 0.065 | 0.493 0.212 0.157 0.065

TABLE 6. Coverage (cov) and mean length (ml) of bootstrap confidence intervals
for Pg s, for different sample sizes and three different true DGPs. The confidence
intervals are obtained by applying Algorithm 2.5 with the steps specified as in
the upper right corner of Table 3.

percentile version

n 100 500 1000 5000 100 500 1000 5000

Poi-INAR cov | 0.854 0.930 0.928 0.946 - - - -
asy ml (x107?) 8.5 3.7 3.8 1.1 - - - -
Poi-INAR cov | 0.750 0.840 0.884 0.936 | 0.962 0.954 0.946 0.948
bs ml (x107%) | 96 38 38 11| 99 40 39 1.1

TABLE 7. Coverage and mean length of the confidence intervals resulting from
the three parametric approaches for different sample sizes and the different ap-

proaches applied on Poi(1)-INAR(1) DGP with o = 0.5 in case of S = {10}.

p(1) = 0.91. An INAR(1) model appears to be reasonable. Indeed, testing the semi-parametric
null hypothesis of an INAR(1) model, Faymonville et al. (2025) were not able to reject this
hypothesis at 5% level. The data exhibits low counts and a dispersion index of approximately
1.11 suggesting approximate equidispersed counts.

Given that x,, = 0, a company in the drilling industry might be interested in the event
that x,4+1 = 0, i.e., that also in the next week there are no active rotary drilling rigs. As a
consequence, this will result in a low demand of products of this company which may lead to a
reduction of production activity. Apart from the set S0 = {0}, another set of interest could be
the set S = {z : z > 2}. In this case, the company may want to hedge against suddenly more
active rigs in the next week, which is associated with a higher need of replacement parts. In

the following, we aim to estimate the predictive probability of these two sets and to construct
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ACF of rig counts PACF of ig counts.
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FIGURE 1. Plot of time series of weekly active rotary drillings and its corre-

sponding (P)ACF.

a confidence interval for Pgiy 4,0 =1,2, at 95% level. Since x, = 0 and taking into account
the previous findings from the ACF and PACF plots, we may think of the set S®@ as an
unlikely event. We apply the parametric and non-parametric bootstrap method to construct
confidence intervals as described in Section 2.3.1 and Section 2.3.2. We also additionally
calculate the percentile version of these confidence intervals; see Section 4.1. In the parametric
case, we assume a Poisson distribution for the innovations which seems to be reasonable due
to the equidispersed counts. The parametric assumption of an INAR(1) is both used for the
point estimation and for the generation of the bootstrap time series. The same holds true
also in the case where a non-parametric approach is used. Table 8 shows the results of the
predictive probability of the two sets considered. As we see, the results for the parametric and
the non-parametric procedure are close to each other and the confidence intervals obtained for
the non-parametric prediction are, as expected, wider than those obtained in the parametric
case. Furthermore, the percentile confidence intervals seem to be shorter and in the case of
the set S, the benefits of these intervals become clear. While the lower bounds of the two
bootstrap confidence intervals fall below 0, the percentile approach respects the natural range

of the underlying parameter.

6.2. Transaction Data. In a second application, we consider a data set provided by the
Deutsche Boérse Group which has been discussed in Homburg et al. (2021) and Faymonville
et al. (2025). For the period from February 2017 to August 2019, this data set contains n = 404
counts of transactions of structured products per trading day. Figure 2 shows a plot of the
data along with the corresponding (P)ACF. Applying a goodness-of-fit test, Faymonville et al.
(2025) were not able to reject the semi-parametric null hypothesis of an INAR(1) model at
5% level. Furthermore, they argued that due to overdispersion, a Poi-INAR(1) model would
probably not be suitable for this data set. Instead, a Geo-INAR(1) model would be more
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Predictive Probabilities =~ Bootstrap CI ~ Percentile Version
SM  para 0.8822 [0.8402, 0.9631]  [0.8485, 0.9143]
npara 0.8764 [0.8309, 0.9681]  [0.7833, 0.9231]
S para 0.0072 [-0.0067, 0.0115]  [0.0038, 0.0121]
npara 0.0337 [-0.0182, 0.0674]  [0.0000, 0.0909]

TABLE 8. Estimated predictive probabilities and (percentile) bootstrap-based
confidence intervals for the sets S0 = {0} and S® = {x : = > 2} of the Rotary
Drilling Data.

appropriate since the semi-parametrically estimated probability function of the innovations
seems to be rather close to a geometric distribution. These findings motivate the application of
a non-parametric and parametric prediction with bootstrap-based confidence intervals, where
for obtaining these intervals, non-parametric and parametric generation of the bootstrap time
series is applied. We aim to construct a 95% confidence interval for Pg,, and for Pgg, (6y) by
considering two different sets of interests, S) = {0} and S = {2}. While the first one is
associated with a lack of interest in the respective financial product, the second set speaks for
a slight return to activity when x,, = 0. Both sets of interests concern questions related to risk
management and investment strategies. In case of the parametric approaches, we separately
consider the case of Poisson and geometrically distributed innovations. The results obtained are
displayed in Table 9. Let us first discus these results from a goodness-of-fit point of view. By
comparing the results of the parametric Po-INAR approach with those of the Geo-INAR and
the non-parametric approaches, we see that the corresponding confidence intervals are almost
disjoint. Additionally, when a geometric assumption for the innovations is used, the results
seem more plausible and are very close to those obtained using a non-parametric method. In
particular, the confidence intervals obtained using the Geo-INAR(1) model, are contained in
the confidence intervals constructed using the non-parametric approach. This is in line with
the findings in Faymonville et al. (2025), which argued in favor of a geometric distribution for
the innovations. Let us spotlight the issue of model misspecification in the context of this data
example. Toward this, consider the rows 1-4 and 5-9 of Table 9. We see that in the Geo-INAR
case, the confidence intervals based on the parametric and the non-parametric bootstrap are
very similar. This suggests that the uncertainty about the correctness of the parametric model
associated with performing the prediction by using a Geo-INAR(1) model is almost negligible.
In other words, the Geo-INAR(1) model describes this data set well, which seems not to be the
case for the Poi-INAR model. The confidence intervals obtained using the latter model differ

more to those obtained by the non-parametric method.
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PACF of transaction counts
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FIGURE 2. Plot of time series of transaction counts and its corresponding (P)ACF.

Set  Prediction Bootstrap | Predictive Probability = Bootstrap CI
S Poi-INAR  para 0.3203 [0.2720, 0.3676]
npara [0.2598, 0.3822]

Geo-INAR para 0.4929 [0.4469, 0.5290|
npara [0.4549, 0.5245]

npara  npara 0.4884 [0.4023, 0.5752]

S Poi-INAR para 0.2076 [0.1841, 0.2343]
npara [0.1822, 0.2372]

Geo-INAR para 0.1267 [0.1189, 0.1365]
npara [0.1185, 0.1367]

npara  npara 0.1318 [0.0676, 0.1824]

TABLE 9. Estimated predictive probabilities and bootstrap confidence intervals

using different parametric and non-parametric approaches for the sets S M = {0}

and S = {2} of the Transaction Data.

7. CONCLUSIONS
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The construction of prediction intervals is a well-developed topic in the literature. However,

research is largely limited to the setup of continuous-valued time series. For discrete-valued

time series, classical prediction intervals are not meaningful while prediction sets may not

be able to keep a desired coverage level. To solve this problem, we proposed to reserve the

prediction problem: Instead of constructing prediction intervals or sets given a desired coverage

level, we argued to estimate predictive probabilities for user-selected subsets of values that the

process can take in the future and to manage the uncertainty associated with the prediction

by constructing confidence intervals for the corresponding predictive probabilities. Different
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asymptotic and bootstrap-based procedures have been proposed for the construction of such
confidence intervals, covering parametric and non-parametric setups and allowing to address the
important case of possible model misspecification in implementing such a prediction. Whether
a parametric or a non-parametric approach is used for prediction is a decision that the user has
to make. The methodology proposed in this paper aims to provide a statistical way to quantify
the uncertainty associated with the prediction made. The corresponding confidence intervals
are constructed in such a way that even doubts about the appropriateness of the model used for
prediction can properly be taken into account, which is an important issue in case the decision

of the user is in favor of a parametric model.
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APPENDIX A. AUXILIARY RESULTS AND PROOFS

Proof of Proposition 2.4: From Derman (1956), we get that

5 d
\/E(P)((Tial;a;Xt:zn - PXt+1€S|Xt=In) - N(O’ Jg)’ (A.1)

where a% = agESaS. By making use of the Delta method and writing

H(npara) o S,xn QS,zn
\/E(PX1+IES‘XL:-’ET:, - PXt+1€S\Xt=In) =Vn < @ - Q.
Tn n

=n <g(@5,xm Qr.) — 9(Q5.2,» an)) :

where g(a,b) = a/b with Vg(a,b) = (1/b,—a/b*)T for b > 0, the formula for the limiting

variance 0% = a’'Ya is easily obtained, where
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h=—00

where the infinite sums in all three terms 2%1,1)7 2(51.2) and 2(52’2) converge due to the geometric

ergodicity of the process.

d

Proof of Theorem 2.8: (i) Relying on the estimated relative frequencies ﬁé’:ﬁ:}lx’d’ the

bootstrap procedure described in Step 2 of Algorithm 2.5 corresponds to the Markov bootstrap
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procedure I of Athreya and Fuh (1992). For this bootstrap procedure, it is shown in Theorem
4 of the afore cited paper that

R B ) Sar(0.r2), (43)

X7 ,€5|1X;=xn X4 1€S|Xi=an

in probability, where the variance Tg can be calculated as described in Section 3 of the afore
cited paper. The result follows because
V(BT By - S (B B
yrES

and the continuity of the limiting distribution.

(ii) Since (X;(8),t € Z) is for every 6 € © aperiodic, positive recurrent and irreducible, it has
a unique stationary distribution denoted by ;(6) for i € range(Xy). The bootstrap time series
Xi,..., X} can be considered as stemming from the Markov chain (Xt(a),t € Z). Without
loss of generality, assume that this bootstrap time series starts with the stationary distribution.
Then, P(X] =1) = w,(a) Using Theorem 3, Theorem 4 and Remark 4 of Athreya and Fuh
(1992) and in order to establish assertion (ii) of the theorem, it suffices to show that, as n — oo,

P .
(a) Px;, =jix;=i = P)(fizaz)ﬂxi:i(eo) for every i,j € range(Xy), and

(b) P(X} =1) KR m;i(6p) for every i € range(Xy).
Observe that condition (iii) of Theorem 3 of Athreya and Fuh (1992) is satisfied since the

bootstrap Markov chain (X;(6),t € Z) is irreducible, positive recurrent and aperiodic. Now,

(a) follows since for any 4, j € range(Xp),

-~

_ plpara) P 5(para)
PXfﬂ:J‘X::Z - PXt+1=j\Xt=i( ) - PXt+1=j\Xt=i(90)

by the fact that 95 0p and the continuity of the parametric one step transition probabilities

with respect to 6. Similarly, P(X] =1) = 7'1'1(5) ER 7 (6p). O
Proof of Theorem 3.1: By the continuity of E(log(P)(nggL (0)) and in order to establish the

assertion of the theorem, it suffices to show that, as n — oo,

1 < (para) (para) P
zgg — Zlog (P)g\thl(O)) —E(log P){;‘thl(e)) =0, (A.4)
=2

since by Assumption 4(i), 6 is the unique maximum of E( log (P)({;TZ{I (6))). To see why (A.4)

holds true, we verify the conditions stated in Theorem 1(a) of Andrews (1992). Let
1y (para) (para)
Gn(6) = —— > log (P (0) —E(log (PR (0))).
=2

© is compact by Assumption 2(i). The pointwise convergence G, (6) Boasn— oo, for any

0 € O, follows from the ergodicity of {Xy,¢ € Z}, see Assumption 1. It remains to show the
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stochastic equicontinuity condition, that is, Assumption SE in the afore cited theorem. For this
we have to show that for any € > 0 there exists n > 0 such that

lim supP(sup sup |Gn(§) — Gu(0)| > 6) <€, (A.5)
n—00 0€0 6 B(6,n)

where B(6,7) denotes the closed ball in © of radius n > 0 centered at #. Notice that

P(pa'ra)

SUPyceo ||V9 log X | X1 (0)|| < oo since Vylog plpara)

Xl X (0) is continuous on a compact set. By

Markov’s inequality and the mean value theorem, we have for some ¢’ such that [|'—6|| < ||6—6)|,
that

_ 1 _
lim supP(sup sup |G (0) — Gn(0)| > e) < =limsupEsup sup |[(6— 0)" VoG ()]
oo MO0 geB(o.m) € nooo 0€OGep (o)

< 1 lim sup Esup VoG (0)]|
€ n—oo 0cO

n (para)
< -E-=s Vg log P 0
€ ;lel(gH 0708 Xz\Xl( )

n (para)
—=s E(Vglog P 0
+ 5228” (Volog Xz\Xl( NI

2 )
< '8 sup || Vg log PP (0)
[USC]

€ XQ‘X]
<2,
€
for a constant C' > 0. Thus, for 0 < 1 < €2/(2C), condition (A.5) is satisfied. O
Proof of Theorem 3.2:
(i). In this case, X{,..., X is generated using a model from the class My with estimated

parameter gML. The conditional maximum likelihood estimator g}k\{ 1, based on this bootstrap

time series is defined as

Oir, = argmaxgeoln (0] X7) = argmaxgee ¥ log (PLY) (0)).

t=2
Note that
= argmaer@E*(log (P)(g’f‘g?;il(ﬁ)) = argmaer@EgML (log (P)(f;‘;?;il(ﬁ)), (A.6)
where

E* (log (PEXL (0)) = - Y log(PET . _ ()P (X} =r Xy = 5)

T

and the double summation extends over the entire range of Xy. We use the expansion

L (Onrr|XT), (A7)

]. "o, ~ o~
—— 1, (05| X))V — 1(03p — 0 =—
1 n(On|XT)Vn ( ML ML) Jn—1

see also (3.1), for some 6'~:‘L such that \|§;; — Ozl < Hé}‘UL — Oarz|. Let

Volog(PLTE) (0))]_y = 0(X7 . X7 120,
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Then, we have
1 1 ~
Oz X]) = —— Z (X7, X713 0un), (A8)
n- 145
and (A.8) is (conditional on X1,...,X,) a sequence of martingale differences. This holds true
since
(para)
E*(Vo IOg(PX*\X* 0)) ‘9:9}“ X7 1) (A9)
_ 1 (para) (para) (5
a Z mve}) ;=T‘X¢i1(9) §A/1LPX5=T\XL1(0ML)

- 3o )

_ vg(ZP)(ffi‘j‘X* (rre))
=0,

where all sums go over the range of X;*. Notice that by (A.6) and the exchangeability of differen-
tiation and expectation, see Assumption 4(iii), it is easily seen that E*(g(X}, X} {; gML)) =0.

For the matrix of second-order partial derivatives and since the elements of the matrix
VZlog( )(ff T;(a) (9)) are Lipschitz continuous functions of 6, we get for the Frobenius norm

-l

|Gz - (o), < |G n) - (@),

* H(mlﬁ(@wmx;)> _ (ﬁzg

< OP(H@‘WL — aMLH) + OP(HgML —6o||). (A.10)

The second term of the last inequality goes to zero because §ML L 0p. The first term of
(A.10) vanishes asymptotically by the triangular inequality and because Hé\M L — 6] £ 0and

ng‘\/l L — 6oll £ 0, in probability. To establish the latter statement, it suffices to show that

S ) plpara) P
e ZlogP”ﬂ??* ) ~ B, (log (PET5 0)| 5 0. (A1)
where
Ego(log ( Xprtll;g) 1 ZZlOg P)(garjl)Xt 1= s(a)Pa(fam)(Xt =rXi1=5s)

Notice that in the above set up, (X, X¢—1) follows the distribution generated by a parametric
model with parameter 6y while (X}, X;" ;) that of the same model but with parameter OriL.

Using the notation

W (60) = Zlo PETEL (60) = Bgy (log (PLTE) (6)))

6olX)],
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and arguing as in the proof of (A.4), it suffices to show that W () — 0 in probability for any

0 € © and that 1 > 0 exists such that, in probability,

lim supP(sup sup |W - Wi ()] > e) <, (A.12)
n—00 0€0 GeB(6.n)

for all ¢ > 0. We have

limsup E*sup sup }W;f(g’) - W;(@)}
n—00 0€O 563(9 7)

<77hmsupE supH(n—l 1ZV010gPX*|X I
0 t=2

+nsup [Eg, (Vg log P (0))]]
6cO
< plimsu E E sup || Vg lo ppara) P(pam o=rX| =5
=1 nﬁoop r s 068” 0708 Xo=r|X1= S( )H Onmr ( ! )
+nsup [Eg, (Volog P 6) |
o

- nz Zzgg Hve log P)((p;an:‘)xl 9( )H‘Pt‘}((z)mra)(X2 =T, X1 = s)
r £

+nsup [y, Vo log PLT (0)]
6cO

< 20 Egy (309 Vo log P (0)])).

Note that the equality before the last inequality follows because 0, ML kS 0o implies P(p ara) (X9 =
ML

rX) =s) L Po(fam)(Xg = r, Xy = s) for every r,s. This together with the boundedness in
probability of supgeg ||V log plrere) (0)] leads to

Xo=r|X1=s
(para) para) o _ (para) _ _
ggzgg Vo log Py, rX = o H|P . =rX1=25) Py, (Xo=rX3 5)|
ara ara P
<O0p(1 ZZ‘P;;L ) *T,Xlzs)—Péf )(X2:7‘,X1:s)|—>07

where the last convergence follows by Scheffé’s Theorem. Therefore, for 0 < 1 < €2/2C, where

C = Ey, (supyeo || Vo log P)(?;a‘rxal)( )|]) < oo, assertion (A.12) follows.

By the weak law of large numbers and (A.10), we have
(08P O)omy,) — (@D,
< (v log(P)({ﬁZ)l Ooos,) — (51 00lx) |,
G - (@),
| (t@xn) - (Cn@xn)|,

£o.
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Invoking a central limit theorem for triangular arrays of martingale differences, see Brown (1971)

and Alj et al. (2014), to the sequence

n

5 X 0un) — B (9(X7 X1 001,

:2

also see (A.8), and using the fact that the matrix

Eq, (V3 108(PLIE (0)|y_g,)»

is positive definite, see Assumption 2, the assertion of the theorem follows.

Proof of assertion (ii). The proof of this assertion essentially follows the arguments used for
establishing assertion (i) of the theorem with the main difference concerning the CLT used.
Similar to (A.7), we have

1 ~ —~
1 n( |X1) v 1(67\4L - 6]\4[/) ==

1 ro~
mln(gMde% (A.13)
for some 5;; such that ||§j; — Oz < |\§;“ — Oyl Notice that the centering here by @y, is

justified by the fact that,

argmaxycoE*(log Pxy|x» (7)) = argmaxyeg Z Z log PXt:T‘Xt_FS(0)]3)(313?%_1:8

n
= argmaxyecg Z log Px,x,_,(0) = OpmL-
t=2

According to (A.8), in (A.13) as well, we have

n

1
N (9ML|X1 L X 1 0ur) = WZYM, (A.14)
:2

where the pseudo time series X7,..., X} is generated using the non-parametrically estimated

P(npm"a)

one step transition probabilities Xos1=;| Xo=2:

for x;, x; € range(Xy) (instead of the paramet-
rically estimated one step transition probabilities P)(f arla o) Xi—as (Anr) used in part (i)). In the
following, we will use the central limit theorem of Peligrad (2012, Theorem 1) for triangular
arrays of non-homogeneous Markov chains and adapt it to our (bootstrap) setup. Note that
here we are dealing with the homogeneous case only, which simplifies arguments. By forming
the two-dimensional Markov chain ((Xy, X;—1),t € Z), the latter shares important properties
with (X, t € Z). In particular, the corresponding maximal correlation coefficient is still strictly
smaller than 1.

Moreover, conditional on X1,...,X,, the bootstrap process (X, ¢ € Z) fulfills these proper-
ties as well with probability tending to one. We have

B (F(6)9(XE) — B (X)) E* (g (X:_1)>|

p] = sup XNz < oo, [lg(X1)l5 < o0
fg VE(fAXH))/E*(g2( X))

I




210 PUBLICATIONS

40 MAXIME FAYMONVILLE & CARSTEN JENTSCH & EFSTATHIOS PAPARODITIS

where we used the notation ||X*||; = (E*((X*)P))/P for p > 1. We show that, as n — oo,
pi — p1 in probability holds true, where p; is the corresponding coefficient of the underlying
Markov process which is assumed to be strictly smaller than 1. After having achieved this,
we can argue that pj < 1 holds true in probability and we can make use of Peligrad (2012,
Theorem 1) to establish a bootstrap CLT for (A.14). Toward this goal, we show that

lp1 = p1l =0, (A.15)

in probability, as n — co. Consider the nominators of p] and p;. Then, we have

(B (f(XD)g(Xii)) = EX(F(XT)E™(9(Xi1)) — (B(f(Xi)g(Xi-1)) — E(f(Xi)) E(9(Xi-1)))|

<IE*(F(X)g(Xi21)) — E(F(Xi)g(Xia))| + [E*(f(X7)) E*(9(X[21)) — E(f(Xi)) E(g(Xi1))]-

We show that |B*(fF(X2)g(X7 1)) — BU(X)g(Xi 1) — 0 and [B*(F(X7)E*(g(X}p)) —
E(f(X;))E(9(Xi-1))] — 0, where the latter is implied by |E*(f(X})) — E(f(X;))] — 0.
Similarly, we can deal with the denominator, where we have to show that |E*(f2(X})) —
E(f%(X;))] — 0. We only elaborate on the most cumbersome term |E*(f(X)g(X; 1)) —

E(f(X;)g(X;-1))| (all other terms can be dealt with analogously). We show that

EX(f(X))9(XiZ1)) = E(f(Xi)g(Xi-1))

in probability, as n — oco. For this purpose, let A denote the state space of (X, t € Z) and N
the state space of (X, ¢ € Z). Note that, for all n € N, we have N C N with NV;F being finite.
Then,

EX(f(X7)9(X21))

Yo frge)P(X = X[ =)

r,sENG
= > fr)gls) (PH(X; =r, X[ =)= P(X; =7, X;_1 = 9))
r,sENG
+ Z f(r)g(s)P(X; =71, X1 =)
r,sENE

=1, + I1I,.
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As N — N monotonically as n — oo, we get by the monotone convergence theorem that

II, — E(f(X;)g(X;—1)) in probability. It remains to show that I,, = 0,(1). We have

Io=Y f(r)g(s) (P(X] =r, X7 =5) = P(X; =7, X; 1 = 3))

r,sEN

Z F(r)g(s) (P*(X{k =rX/ ,=5)—-PX;=nrX,_1= s)) 1P (X" =r)P* (X" =5)>0)
r,seN

= Z {]"(r)g(s)l(P*(X* =r)P"(X*=s) > 0)} (P (X =rX/1=5)—P(X;=rX,_1=35))
T,SEN

< Z ’f(r)g(s)l(P*(X* =r)P"(X"=s)> 0)’ PYXS =r X =) - P(X; =71, X;_1 =)
r,s€N

Furthermore,

‘f(r)g(S)l(P*(X* _PHX =) > 0>\

<sup | f(r)g(s)L(P" (X" = r)P* (X" = s) > 0)'

s

fHLP (X" =7)>0) g(s)1(P*(X* = s5) > 0)‘

<sup sup
T S

< (max{| f(X0) - | F(Xa) 1)

Hence, it suffices to show that

(max{[f(XD)],--, [F(X)ID? D |PH(X; =, X =) = P(X; =7, X;1 = 8)| = op(1).
r,.se€N

For this purpose, we aim to show

(max{|f(X1)\, sy ‘f(Xn)”’)Q
NG
andyn Y |PY(X;=r X/ =5)—P(X;=rX,1=s) =0p(1) (A.17)
r,seN

=op(1) (A.16)
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in the following. Starting with term (A.16), for any x > 0, we have

P<max{\f(X1)|,... (X))} > 2'/%n 1/4)

1/2,,1/4
U {Irex > })
P({I5(x0)] > 21/}

—nP ({I7CXDI" > @201y )

CE(f(X0)])
- ( 1/2 1/4)k

nl—k/4

p <<max{|f<xl>,ﬁ DN )

M:/—\

S

Il
—

E(|f(X0)).

Hence, for k > 4, the last right-hand side converges to zero in probability, if E(|f(X1)\k) < 00
holds for all square-integrable functions f. That is, we need 8 + 6 moments, which holds as we
have assumed 12 + § moments for the process (X;,t € Z).

Continuing with (A.17), using S = {z;,¢ € N}, we have

Vi Y |P(Xy =1, Xo =5) — P(X1 =7, X0 = 5)|
'r,sEN

K
S\/ﬁ Z ‘P(Xl = l'qj,X() = mj) — P(X1 = l‘i,Xo = 1‘])‘

ij=1

00 00
+\/ﬁ Z Z‘P(Xl :a?i7X():x]')—P(X1 :ii,X():Ij)‘

i=K+1 j=1

+\/ﬁz Z P(Xy = i, Xo = xj) — P(X1 = i, Xo = ;)]

i=1 j=K+1

:IK,n + -[IK,n + IIIK,m

where K is some arbitrarily large positive integer. For all fixed K, we have that I, = Op(1),

because a multivariate CLT holds for all finitely many relative frequencies, when properly
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centered and scaled with y/n. Further, the second term Ik , can be bounded by

\/E Z Z'ﬁ(XIZIhXO:-Tj)l"‘\/ﬁ Z Z|P(X1:LL‘Z',X(]:LE]')‘

=K1 j=1 =K1 j=1
o0 R o0
<Vn Z P(X;=z;)++n Z P(X1 = ;)
=K+ i=K+1

K (e
=Vn(1=> P(Xi=mz))+vn » P(X1=ux)

i=1 i=K+1

K
=vn(1=> " (P(X) = ;) — P(X; = 7)) \FZPXI_IZ )+ vn Z (X1 =m)
i=1 i=K+1

oo

ZP(XIILEZ)‘F\/?Z Xl*xz

i=K+1 i=K+1

K
<Vl = Y (P =)~ PO =) = i1

K 00 e8]
=*\/EZ(13(X1=%‘)*P(X1=:L‘i))+\/ﬁ Y P(Xi=wz)+vn Y, P(X1=u)

i=1 i=K+1 i=K+1
<Op(1) +2Vn Z = ;)
=K+1
for all K sufficiently large. Analogously, we get the same for term IIIx ,. Hence, altogether,

we have

(max{|f(X1)],- -, |/ (Xn)[})?
Jn

and it remains to argue that, for all K, we also have

Op(1) =op(1)

2 [e ]
i=K+1

By the same arguments used above for (A.16), we get

ax 2 >
(md {|f(X1)‘\7/ﬁ 7‘f(Xn)‘}) 2\/7; Z P(Xl — xz)
i=K+1

*OP (nl k/4E(|f X1 f Z Xl =T )

i=K+1

0P<n<6 RAE(| f(X1)[F Z PXl—zZ).

1=K+1

Hence, for k > 6, the last right-hand side converges to zero in probability, if E(|f(X1)|*) < oo
holds for all square-integrable functions f. This is the case, as we have assumed 12+ § moments
for the process (X, t € Z).

Now since pj < 1 and having established that pj — p1, in probability, there exists a p1 with

p1 < p1 < 1 such that, with high probability, p; < p1 < 1 holds true. Hence, we can use
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Theorem 1 in Peligrad (2012). According to (A.14), we are concerned with

Ly =Y Y, (A.18)
t=2
where
Y = n(X7. X7 0) = 9(X7. X713 Ouaz) = Vo los(PETE) (0), 5., (A.19)

Moreover, as shown above, we have E*(Y/5,) = 0 as well as E*((Y5,)?) < oo and let 52 :=

Var*(LZ). Then, conditional on Xj, ..., X,, we have

*
max |Y,
lStSn‘ t,n

_ (para) — %0
= 1?%)% Vg log(PXp;‘XLl(H)) |6:§AIL =: Cn(GML), (A.QO)

where, for each fixed n and conditionally on 6y, Cr = CZ(&ML) is actually a finite (non-
random) constant as X, < max{Xj,...,X,} by construction of the non-parametric bootstrap

procedure. Also by adapting the notation in Peligrad (2012), let

~

Ani=1—pp1:=1—pj. (A.21)

Then, it remains to show that

Call+logOn))) & o (A.22)

AnOn

as n — 00, in order to prove that

S *

LN N(0,1) in probability.

o5

Making use of the arguments from above, condition (A.22) holds. To see this, note that Xn >0
in probability as Xn < 1 in probability, where the latter holds, because the bootstrap pro-
cess (X/,t € Z) shares the property of a maximal correlation coefficient smaller than 1 (in

probability) with the process (Xi,t € Z), who fulfills this by assumption. Hence, we have

G+ log()) —  (CaY

by assumption (3.7) as 1/6, = Op(1/4/n). Finally, we get

1 e~ « 1 1/2 Ly 4 ara)
el Bua2|X7) = - (f_ 103> 50 NOE(Tilos(PYY 0),,),

because of —1-52 L E(V2 log(P)(nggll(G)) ’0:90) by the weak law of large numbers. Finally,

similar to the arguments employed for part (i), we also have

1

—— 1, 0:1X7) 5 B(V3log(PL 0))],2,,).

which completes the proof of part (ii) as E(V3 IOg(P)(éTgf?,](a))‘e:eO) is positive definite by

Assumption 4.

d
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