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Notation

Fto=F =0(Xss<t) o-field generated by history of random process {X;}
up to time ¢

Fi% =o0(Xs,s > t+m) o-field generated by future of random process {X,}
from time t +m

E[X:|Fi-1] conditional mean value of random variable X,
given o-field F;_4

var [ X |Fi—1] conditional variance of random variable X,

given o-field F;_;

X 2N (0, V) convergence in distribution of random variable X
to a random variable having normal distribution
with mean 0 and variance V'

X, 25 X asn — 400 convergence almost surely,

equivalent to P(X,, — X asn — +o00) =1

A®B Kronecker product of matrices A and B

1 identity matrix of particular dimension



Chapter 1

Introduction

Random coefficient autoregressive models, abbreviated in this work as RCA, have been
studied for a long time which indicates their usefulness in econometric practice. One of
the first pieces of work concerning these models were paper [2] by Andél published in 1976
and publication [25] by Nicholls and Quinn from 1982.

These models belong to a broad class of conditional heteroscedastic time series mod-
els because of their varying conditional variance. Well-known autoregressive conditional
heteroscedastic models (ARCH) introduced by Engle in [11] are in fact just special cases
of RCA models, see [31] or [32]. In the latter article, Tsay states that “RCA models
were widely investigated by time series analysts and ARCH models were investigated by
econometricians” which together with second-order equivalency between RCA and ARCH
models (meaning that they have the same conditional expectation and variance) justify
the necessity of studying RCA models. It is nicely expressed by the author a few pages
later: “Recognition of this connection provides useful insight into these two types of mod-
els. First, a combination of research in time series and econometrics provides sufficient
theory for understanding and using these models: to econometricians, properties of the
ARCH models, conditional and unconditional, can be derived directly form those of the
RCA models available in the time series literature; to time series analysts, applications of
the ARCH models in econometrics justify the practical value of the RCA models.” Tsay
then introduced extension of RCA concept called conditional heteroscedastic autoregres-
sive and moving averages models (CHARMA) and the rest of the article is devoted to
estimation of such models. CHARMA models are close to ARMA-ARCH models that
can be briefly described as standard autoregressive moving average models with ARCH
type error process, see for instance [38].

The relation between RCA and ARCH processes is investigated in [16] as well, where
the author found a connection between RCA process and AR-ARCH process. There is
also investigated an extension of RCA model into a model with heteroscedastic error
process variance of which depends on time. Estimation of AR-ARCH process and tests
for stationarity under weaker conditions are also described in the sequence of articles [21]

and [22] written by Ling where the author uses double-autoregressive model as a special
case of ARMA-ARCH models.
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RCA models represent a natural extension of the well-known autoregressive processes.
Specifically, process { X;,t € Z} is called RCA process of order p, in short RCA(p) process,
if X; for each t € Z satisfies

p
Xi =Y (Bi+ Bii) Xi—i + Vi, (1.1)

i=1
where (3y,..., 3, are unknown constant parameters, {Y;,t € Z} is an error process with
zero expectation and {B; = (B:1,...,Bi,),t € Z} denotes a p-dimensional random

coefficient process with zero expectation.

Natural discussion about necessity of such an extension of AR processes might appear,
meaning whether the coefficients might not be treated as non-random without significant
loss of accuracy. This leads to testing of randomness of the coefficients which is mentioned
in [25] (Chapter 6) and summarized in [1] and [13], for instance.

Let us come back to RCA models given by equation (1.1). Their stochastic setup was
initially defined by the following set of assumptions:

A1: Random coefficient process {By,t € Z} is a sequence of independent and identically
distributed random vectors with zero mean and constant finite variance matrix ¥ (in case
that B, are univariate random variables, their variance is denoted as 0%).

A2: {B;,t € Z} and {Y;,t € Z} are mutually independent.

A3: Error process {Y;,t € Z} is a sequence of independent random variables with zero
mean and finite variance o2

Andél in [2] derived conditions for existence of the RCA process as a weakly stationary
solution of the singly-infinite stochastic difference equation (SDE) (1.1) starting at ¢ = 0.
In our doubly-infinite setup, given by equation (1.1) and assumtions A1-A3, the stationary
solution is granted by the conditions derived in [25] which will be stated later. The authors
of [25] also studied various estimators of unknown parameters 3, 0% and X, in which case
they needed more strict modification of assumption A3.

A4: Error process {Y;,t € Z} is a sequence of independent and identically distributed

random variables with zero mean and finite variance 2.

This classical stochastic setup was relaxed during past years in a lot of ways. For
instance, Hwang and Basawa in [14] studied estimators of RCA models where the random
coefficients and the error process are correlated through a time-independent covariance
matrix. They called such models Generalized RCA process and investigated both esti-
mation of the covariance structure and limit distribution of the least-squares estimators.
Alternatively, the error process can be heteroscedastic with time-dependent variance o2,
see [16], [17], and even then the assumption of independence could be weakened into

martingale difference property, see [15].
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In this work we will employ another type of generalization related to the choice of the
error process in RCA model, previously used for instance in [5]. Namely, during particular
sections we will use the following assumption:

A5: Error process {Y;,t € Z} is an ergodic and strictly stationary martingale difference

sequence with respect to F; = o (B, Yy; s < t) with finite variance 0.

Concerning parameter estimation of RCA models, we go down the non-Bayesian time
domain path following the work of Nicholls and Quinn (see [25]). However, Bayesian
approach seems to be also favorable and gives useful results, see for instance [37]. In
that paper, Wang and Ghosh worked with RCA process as a three-level hierarchical
model (they called it RCAR there) and did parameter estimation and unit-root testing in
this Bayesian setup. Using simulation they concluded that this approach is suitable for
smaller sample sizes with presence of volatility in the data and it is robust against model
misspecification.

Estimation of parameters in RCA models, especially of the first-order, has been done in
great detail by many authors. Basic least-squares estimators and their weighted versions
are commonly used with various relaxations of model assumptions. Maximum likelihood
estimator is also very popular (for proper derivation of the estimator see for instance [25]),
although it does not have explicit expression in general. Quasi-maximum likelihood esti-
mator of parameters in the first-order RCA models under optimal conditions is studied
in [4], more elaborate estimators, namely generalized M-estimators, are introduced in [19]
where asymptotic normality in a semiparametric model setup is discussed. Authors in [39]
deal with an integer-valued RCA processes and they utilize estimator proposed by Schick
in [28].

The aim of this work is to develop theory of the estimators of RCA models originally
introduced by Schick in [28] for the first-order RCA process only. He proposed a whole
class of functional y/n-consistent estimators and we extent this concept for generalized
RCA processes for higher-order and multivariate first-order cases. The following chap-
ters are structured similarly, beginning with model definition and defining the function
estimator. The model definition parts include theorems about existence of the general-
ized RCA process. After that we prove strong consistency and asymptotical normality of
the functional estimator for all mentioned RCA models. We estimate the asymptotical
variances, or variance matrices, and prove strong consistency of proposed estimators. We
also discuss the optimal choice of the functional estimator in the context of efficiency of
the estimators.

We begin with the first-order RCA models. Chapter 2 properly defines RCA(1) pro-
cess and describes its basic properties. Then we mention commonly used least-squares
estimators and maximum likelihood estimator. Section 2.4 presents functional estimator
and findings done by Schick in [28]. In the subsequent paragraphs, we investigate statis-
tical properties of such estimators, devoting the extra attention to rate of convergence to
normal distribution.

Chapter 3 introduces the concept of functional estimators into higher-order RCA mod-
els. We derive strong consistency and asymptotical normality of such estimators. The
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asymptotical variance matrix is derived both in general and for three specific choices of
the estimator. We also suggest a consistent estimator of the variance matrix there.

In a similar manner, Chapter 4 deals with multivariate first-order models. Such models
have been briefly studied in [25]. Estimation of special cases of non-random RCA models,
traditional vector autoregressive processes, is thoroughly discussed for instance in [23]
(Section 3.2 for the least-squares estimation, Section 3.4 for the maximum likelihood
estimation). There is also a remark about the random coefficient models in Section 18.2.1
and about an extension of multivariate AR models into stable ARMA models with time
dependent coefficients. The regularity conditions for such models could also be found
in [26].

Some conclusions and possible further topis are mentioned in Chapter 5. Since the
statistical inference presented in the proofs requires more complex techniques, special
theorems about convergency and more elaborate matrix operators are needed. There-
fore, Chapter 6 consists of non-trivial auxiliary lemmas used throughout the previous
chapters. For instance, the proofs concerning the rate of convergence in Section 2.4.4 re-
quire concepts and properties concerning the dependency structure (mixing, L,-mixingale
and near-epoch dependency in L,-norm) together with the Berry-Esséen theorem. Some
proofs, especially in Section 3.2.1, are based on matrix handling, so the Kronecker product,
vec and vech operators and their relations are stated in Chapter 6.

We present illustrative simulations and figures throughout the whole text. All of them
were done using software package R. Since we have not found any native estimation
procedure in R for RCA processes, we created a few functions by ourselves, especially
for simulation and estimation of RCA models. Commented source codes of the main
procedures are attached in Chapter 7.



Chapter 2

Estimators of the first-order models

2.1 Model specification

We will study the first-order RCA models in this chapter. We will present various esti-
mators of unknown parameters and compare them both theoretically and via simulation
studies.

The first-order RCA process, abbreviated as RCA(1), is a special case of equation (1.1)
for p = 1, namely

X, =B+ B) X;-1+ Y, (2.1)

where the previous notation remains unchanged except that we omit unnecessary indices
and variance of univariate random coefficient process {B;,t € Z} will be denoted as ¢%.
For further statistical inference, we will need the following stationarity assumption:

A6: 2 +0} <1

Definition 2.1. RCA(1) process

Real-valued random process {X;,t € Z} is called RCA(1) process if X, satisfies Vt € Z
equation (2.1) where B; and Y; fulfill assumptions A1, A2, A4, and AG6.

Remark that (2.1) can be written in the form X; = X, 1 + u;, where u;, = B, X;_1 + Y;.

If we denote F; = 0 (Bs, Ys; s < t) and notice that both B, and Y; are independent of
Fi—1, we can derive conditional moments of RCA(1) process.

E[Xi|Fi1] = E[(8 + B) Xy + Y| Fii] = X1, (2.2)

var [Xt|ft_1] == E[ (Xt — E[Xt|ft_1])2 |ft_1] == E[(BtXt_l + Y;)Z ‘ft_1:| =
= E[B; X} || Fi1] + 2E[B, X, 1 Y| Fia] + E[Y? | Fioi] =
= o5 X2 |+ % (2.3)

In case 0% > 0, the model has non-constant conditional variance which is sometimes
referred to as conditional heteroscedasticity. When both error and coefficient processes

11
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are mutually independent iid sequences and when the stationarity assumption is met,
there exists strictly stationary and ergodic solution of equation (2.1) (see [25], Corollary
2.2.1 and Theorem 2.7). In other words, there exists RCA(1) process according to Defi-
nition 2.1. From Section 2.4.2 to the end of this chapter, we will study a generalization
of the previously defined RCA(1) process.

Definition 2.2. Generalized RCA(1) process

Real-valued random process {X;,t € Z} is called Generalized RCA(1) process (GRCA(1)
for short) if X; satisfies Vt € Z equation (2.1) where B; and Y; fulfill assumptions A1, A2,
A5 and stationarity condition A6.

There exist other generalizations in literature (see for instance [14]) which are also
abbreviated as GRCA, so please do not get confused. Our extension covers for instance

cases of RCA models with ARCH or GARCH error process.

Theorem 2.1.
There exists a Generalized RCA(1) process according to Definition 2.2 which is Fi-
measurable, ergodic and strictly stationary.

Proof: We will basically follow similar proofs from [25]. We will show that there

exists an ergodic and strictly stationary Fi-measurable process W, defined as W e
;08 [T.—4(8 + B;_1)Y;_;, that satisfies stochastic difference equation (2.1).

We can formally iterate process {X,} given by equation (2.1)

Xi=(B+B)Xe 1+ =Y+ (B+B)(B+Bi1)Xs 2+ Y1) =
=Y+ B+ B)Yia+ (B+B)(B+Bi1)Xp 2= =
=Y+ (B+ B)Yi1+ (B+ B)(B+ Bi1)Yi o+
+ B+ B)(B+ Bi1)(B+ Bia)Yi 3+ ...
Let us define W, = Z;:o i;})(ﬁ + Bi_i)Y;—j, for t € Z and r =0,1,2,... (where the
product is defined as 1 for j = 0). Using independence of {B,}, its mutual independence
of {Y;}, and assumption 3%+ 0% < 1 we have that variables {W,,.,r € N} possess Cauchy
property for fixed ¢, because for s < r it holds that
E[W,, — W, |* =
:E}(ﬁ+Bt>(ﬁ+Bt—s)n—s—1++(ﬁ+Bt)(ﬁ‘l“Bt—r—i—l)Y;—r

= Z Z E((B+B)--.. (B4 Biy1i)Yii- (B4 Bi) ... (8+ Biy1)Yiy) =

‘ 2

1=s+1j=s5+1
= Y E((B+B) (B4 Buaa)Y2) = Y (B +0p) 07 <
i=s+1 i=s+1
+o00

< Z (B +03) 0> =0 as s — +oo.
1=s+1
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For s > r the inference is similar. Thus, for each t € Z there exists a limit in quadratic
mean of {W;,,r € N} for r — +o00 which is equal to W;. W, is a function of Y3, Y, 4, ...
and By, B;_1, ... which does not depend on time ¢, so W; € F;. Since both {B;} and {Y;}
are strictly stationary, ergodic, and mutually independent, {W;} is also strictly stationary
and ergodic (see Lemma 6.1). Moreover,

+oo j—1 +oo j—1
(B+ B)W_1 = (B+ By) ZH5+Bt 1-k)Yio1-; = Z H (B4 Bi—p-1)Yi1-j =
Jj=0 k=0 j=0 k=—1
400 j—1
=Y TIB+Bir)Yiey =W, -V,
j=1 k=0

so process {W;} satisfies equation (2.1) and we can refer to this process as Generalized
RCA process. O

The previous theorem gives us the explicit solution of equation (2.1) in form

+oo j—1

Xi =Y T8+ B-w)Yi-, (2.4)

=0 k=0

where the product is defined as 1 for j = 0. Condition 32+ 0% < 1 ensures that the infinite
sum (2.4) exists in the Ly sense. Recently published condition —oo < Eln|f + By| < 0
derived in [4] guarantees that the sum converges almost surely (the latter condition means
that 3 + By is "less than one” on average, see [3]). We can conclude from (2.4), using
independence of B; and Y}, that

EX, =0, (2.5)

0.2

var X; = m. (2.6)
The essential task is how to estimate the unknown parameters — in our case parameters
B, 0%, and o2. The last two are usually treated as auxiliary requisites for the first one to
be estimated. Equation (2.1) defines the meaning of unknown parameters: Parameter [3
may be seen as magnitude of the dependence of present value X; on past value X; 1, 0%
expresses variability of this dependence and o2 simply stands for volatility of the error
(noise) process that blurs the dependence. Figure 2.1 indicates the influence of 5 and 0%
using simulated RCA(1) models. Two upper plots differ in variance 0% and we can see
that larger variance means more extremal values, more clustering of volatility. Two lower
plots illustrate situation 0% = 0, when random coefficient process RCA(1) simplifies to
standard autoregressive process AR(1), and we can see impact of the sign of parameter (3
— for negative 3 the values more frequently change their sign.
Suppose for a while, that we have a sample of size n drawn from some general model
with unknown parameter 0 to be estimated. We are interested whether estimator an 6, is
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Figure 2.1: Simulated RCA(1) processes with N(0,1) distributed error process Y; inde-
pendent of normally distributed random coefficients B, where [3,0%] = [0.5,0.6] (upper
left panel), [0.5,0.2] (upper right panel), [0.5,0] (lower left panel) and [—0.5,0] (lower
right panel).

strongly consistent, in which case we know that the estimator is close to its true value when
the sample size is large enough (without any information about rate of the convergence).
Providing that the estimator is asymptotically normal, we can also estimate the variance
of difference 6,, — ¢. We can numerically compare estimators by either their asymptotic
variances or their mean square errors defined as MSE, = E(6, — 0)?. Whenever it is
possible we omit in notation the explicit dependence on sample size n, so we put h= §n
for instance.
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2.2 Least-squares estimators

The similarity of RCA and AR models evokes that we could estimate the parameters of
RCA process using the conditional least-squares method (LS estimator). The estimator
which minimizes quantity

n n

D (X —E[Xy|Fa])® =) (X — BX,0)°
t=1 t=1
is equal to
XXXy
Brs=5——. (2.7)
t_Zl Xty

Parameters 0? and 0% can be estimated as follows: Analogously to equation (2.3), we can
derive that E[u?|F;_1] = 0? + 0%5X? . Then the linear regression equation

~2 2 2 2
u, =0"+o0p-X;,+e

is solved where u;, = X; — BLSXt,l are the estimated residuals and &; is a noise process.
The standard Gauss-Markov solution of the regression equation, provided that n > 0 and
that {X2,t=0,1,2,...,n} is not a constant sequence, is equal to

6,\2 _ Z?:I(Xf—l B 7)(‘th - ﬁLSXt—l)2
B — n -~ 9
thl(th—l - X)2

. (2.8)
o = - Z(Xt — BrsX; 1) — 05X,
=1

where X = 15" X2 .

Obviously Eu; = 0. Although the variance of errors wu; is constant, which can easily
be seen using variance of X; given by equation (2.6) and noticing that
o , 1-p

varu, = E (E[uf|Fi1]) = E (03X}, + 07) 201231_5_0]23 tot=o 1—0—o0%

conditional variance of u; quadratically depends on X;_;. This us true as long as % > 0,
in case of 0% = 0 both conditional and non-conditional variance of u; reduces to .
Taking into account this general conditional heteroscedasticity of errors, we can improve

the estimator by minimizing

z": (X, — B[X)|Fa])® 2": w oo z": (Xi — 8X;1)°
£~ var (X | Fia] — E[uf|Fi_1] p— opXiq+o?
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We gain the weighted conditional least-squares estimator (WLS estimator)

n
Z X Xe—1
‘72+‘7129'X15271

) =1
Pwrs = 55— : (2.9)
t—1
However, to evaluate the latter formula we also need to estimate parameters o? and
0%. We usually use two-step estimation procedure: Calculate (3rg first, find 52 and 0%

according to equations (2.8) and then compute Oy s by (2.9), where the true values of
unknown variances are replaced by their estimates 62 and 7%, as the final estimate.

2.3 Maximum likelihood estimator

Other widely used method for parameter estimation is maximum likelihood procedure. It
is based upon additional assumption that joint distribution of the errors and the random
coefficients is normal but it works even if this assumption is violated (then it is called
quasi-maximum likelihood method). Conditional likelihood function L,, is defined as the
conditional density of vector (Xi,...,X,) given Fy. Its maximum is equivalent to the
maximum of function
n 2
1.(3,0% 0%) = —% Z (ln(02 +o%- X2 )+ (Xe = Xi-1) ) : (2.10)

2 2 . x2
— o’ +op- X7,

Function (2.10) is non-linear in 0% and ¢% and it is impossible to find its maximum

explicitly. Usual approach to this optimalization task (see [25]) is to introduce auxiliary
2
parameter r = Z& rewrite (2.10) into

— BX, )2
zn(ﬁ,r,g2):__n1ng ——Zln L+ rX7 ) = o 22 1t+fx2t ) (2.11)
t—1

differentiate it with respect to 3 and o2, respectively

ol o L (X = BX 1) X
86(ﬁ7r70)_0_2t2:1: 1+7’Xt271 I
aln 2\ ﬁXt 1
go2 o) = =3 2042 1+rX31

and set the partial derivatives equal to zero to find the extreme. The results depend on
parameter r and have form

Zn XtXt;1
t=1 14+rX?
Br)=———>7— (2.12)
Zn i1
t=1 14rX2 |
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ii rXi)® (2.13)

— 1+7"Xt21

Finally, terms (2.12) and (2.13) are put back into equation (2.11), where the last term is
omitted because it has no impact on the extreme, and expression

1 1 ¢
ln(r) = —énln o?(r) — 5 Zln(l +rX2 ) (2.14)
t=1

is maximized with respect to r. Optimal 7 defines maximum likelihood estimators (2.12)
and (2.13), estimator 6% equals 7 - 5%(7).
We could also differentiate directly function (2.10) with respect to g:

ol, = — BXi1) X
95 ohoh) =3 = - 2 ;l 1 (2.15).
t=1

Then solution of equatlon (ﬁ 0?,0%) = 0 is exactly equal to the weighted least-squares
estimator (2.9), so in our case of RCA(1) models the maximum likelihood estimator co-
incides with the weighted least-squares estimator. Notice, that if the random coefficient
has zero variance (6% = 0) then those estimators equal the ordinary least-squares estima-
tor (2.7).

Figure 2.2 illustrates the estimation procedure using simulated RCA(1) process (500
observations) with true parameter 3 = 0.3, 03 = 0.4 and ¢? = 1 in which stationarity
assumption A6 is met (3?+0% = 0.49 < 1). We successively computed expressions (2.12),
(2.13) and (2.14) for values r = 0,0.05,0.10,...,2. Left panel of 2.2 shows curve [,(r),
right panel displays ((r). The colored dots highlight the values for specific choices of

2

parameter r = C;—?: Red color stands for the least-squares estimator (r = 0), green
color for the theoretical weighted least-squares estimator (r = 0.4 because we know that
0% = 0.4 and 0? = 1) and blue color for choice r = 1 will play a special role in the
following chapters. The maximum likelihood estimator of ( is defined as the maximum
of function I,,(r), which is achieved for r = 0.29 with 7,,(0.29) = —103.92 and corresponds
to BM 1 = 0.275 (brown lines in the figure). Finally, the green horizontal line in the right
panel indicates the weighted least-squares estimator (2.9) provided that we pretend not
to know true values of 0% and o2

Firstly, least squares estimator BLS = 0.2568 heavily underestimates true value 5 =
0.3. Secondly, notice that the maximum likelihood estimator (55, = 0.2749) is close
to the weighted least-squares estimator (both theoretical B{fl’/}fs = 0.2783 and “properly”
estimated BWLS = 0.2779). The reason, why the maximum likelihood estimator is not
exactly equal to the weighted least-squares estimator as it should be according to the
theory, is that the likelihood curve is plotted using estimated parameter o%(r) instead of
its theoretical value 1. Finally, although estimator 5(r) given by (2.12) with r = 1 equals
0.2908 and still underestimates the true value, it is the closest estimator of all mentioned.
Since the curve in the right panel of Figure 2.2 increases as r increases, in this case we
could obtain the best estimator if we set r = 1.74.
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Figure 2.2: Left panel: Log-likelihood function [,,(r) given by (2.14). Right panel: Esti-
mator of parameter 3 given by (2.12). Based on simulated RCA(1) model with g = 0.3,
0% =04 and ¢% = 1.

2.4 Functional estimator

More general approach to RCA estimation was proposed by Schick in his paper [28]. He
introduced a whole class of estimators that are asymptotically equivalent to the quasi-
maximum likelihood estimator but require weaker moment conditions and can be com-
puted more easily. Since we will explore his ideas further, let us describe the basic concept
in more detail.

Consider the RCA(1) model according to Definition 2.1 and put w(z) = o2 + 0%
Let ¢(x) be a measurable function that satisfies x¢(x) > 0 for every = # 0. Define

S 6(Xit) - X,

Bg) = 4= 2.16)

; O(Xi—1) - Xia

wnd E (6(Xo)w(Xo)
V(6) = 00l 2.17
(@) (E(<Z5(X0)Xo)) (217)

The motivation for the functional estimator might be the following: Consider the
weighted least-squares estimator given by equation (2.9) which could be rewritten into
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form
- Xi1
_ D e S
Bwrs = =
= 52+‘723’Xt2—1 t—1
and notice that it is exactly equal to equation (2.16) with ¢(z) = #‘%Q:Q = oGy Sim-

ilarly, the ordinary least-squares estimator BLS given by equation (2.7) corresponds to
the choice ¢(x) = x. Thus, one could allow also other functions ¢ to determine the
contribution of the past values X;_; to the estimator.

2.4.1 Choice of generating function

Schick proved in [28], Theorem 1, that for bounded functions ¢ the estimator B(qﬁ) is
strongly consistent estimator of parameter § and that it is asymptotically normal with
zero mean and variance V' (¢), namely

-~

Va(B(¢) — B) 2> N (0,V(¢)) as n — oo.

He also proved that the smallest asymptotic variance V' (¢) is achieved for the weighted
least-squares estimator. This can be seen from equation (2.17) using Cauchy-Schwarz
inequality and noticing that for function ¢ (z) = w?x) function ¢

V(y) = E(ste) ):

(B (st X )() B
B

E (¢*(Xo)w(Xo))
(E (6(X0)Xo))"

1 ‘(Xo)w(Xo)) _
E(wé;)) 2( 0)w (X )

Since V(¢) = V(c - ¢) for any non-zero constant ¢, the optimal estimator is determined
uniquely as a consequence of the previous Cauchy-Schwarz inequality.

The same conclusion about the optimal choice of the generating function can be proved
using similar techniques as Rao did in [27] for inference of the lower bound of variance
for a general estimator. Since we will need such techniques for RCA(p) and multivariate
RCA(1) models later on, let us describe it in detail and prove the previous result once
again. The motivation for such approach stems from maximum likelihood function de-
rived in Section 2.3. Consider equation (2.15), where the first derivative of log-likelihood
function I, with respect to parameter 3 is derived, and assume that parameters o? and
0% are known. Now we can compute the Fisher information

al,, 2_ & X1y 2_
109)=8(55) —E<Z+—X> -

t=1

= V(o).
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= Xi_qug 2
=Y E(E|(5—F—) |Ful ]| =
; ( ( +UBX31) | ”D

n 2 n 2
:ZE( 2 Xt2712 ut|}_t1) E( 2 Xt;Q )Z
—1 (o +‘713X1t—1) — 0+ opXi

X2 1
=n-F— 29 .

o2+ 0% X¢ V()

using strict stationarity of process {X;} and the fact that sequence {021(;‘#;;%1
tingale difference w.r. to J; and thus it is a sequence of non-correlated variables. So the
inverse of the Fisher information corresponds to the variance of the weighted least-squares
estimator.

Now, let us define random variables

} is mar-

n

T, = Z QS(thl)(Xt - ﬁthl) = Z Qb(thl)ut;
=1 =1 (2.18)

T, = zn: Xt71<Xt - ﬁthl) zn: Xy

o5 X2, +0? w(X;q)

t=1 t=1

We have

n

ET, = ZE A X)) = B(E[@(Xi1)(BiXio1 + V)| Fici]) =
—ZE O(Xe1) X1 - B[By| Fioa] + ¢(Xim1) - EV1|Fia]) = 0.

Since E[p(X;_1)w| Fi1] = o(Xi—1) - E[uwg|Fim1] = 0, sequence {¢p(X;_1)u;} is a non-
correlated martingale difference which means that

ET? = ZE (¢(Xt 1 t ZE A( Xy 1) ul|Fie 1}) -
- Z E A(Xyo1)™- Ut |~7:t 1 ZE (Xi1)? - (0 X7 + ‘72)) -
= ZE (03X2+0%)) =n-E (6(X0)? - w(Xy)) . (2.19)

Similarly, we could prove that ETy, = 0 and {%} is a martingale difference

sequence. Thus

X? u? X2
= () B (o)
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- ; E (w(fft—:)? ~w(Xt_1)> =n-B (wﬁo)) . (2.20)

Finally, covariance between variables 77 and 75 equals

XS us
ET'T, = E Z¢ Xi1 Ut Zw(Xl )) =
s—1

s=1

= E Z¢Xt;(j(t 1 ZZ¢Xt1 slutus

1) t=1 s=1

15
-3 (SR )+ SZIE(W&&??:;W“S) :
=n-E (¢(Xp) - Xo) " (2.21)

using the fact that for ¢ > s (and analogously for ¢ < s)

B <¢(Xt—1)Xs—1utus) _x (E[¢(Xt—1)Xs—1utus |E—1D _

w(Xs—l) w(Xs—l)
o ¢<Xt—1)Xs—1us . ” —
—E ( ol tm_l]) 0.

Now we define random vector (77, T,)" whose variance matrix equals

Elea ET1T2 Eqb(XO)Qw(XO)a E¢(X0)X
—n. o , (2.22)
ET\T,, ET2 E6(Xo)Xo, Bt

where the elements of the matrix were computed in (2.19) - (2.21). Variance matrix (2.22)
is positively semi-definite (or non-negatively definite) which means that its determinant
has to be non-negative. Thus

X2
w(Xo)
E¢(Xo)*w(Xo) > 1
(Bo(X0)Xo)" — B
= V(¢) 2V (¥)

Eo(Xo)*w(Xo) - E — (BEp(X0)X0)* > 0

which agrees to the previous proved result using Cauchy-Schwarz inequality.
The choice of function ¢ has tremendous impact on estimator 3(¢). Generally, esti-

mator B(qﬁ) is invariant w.r. to multiplication of function ¢(x) by non-zero constant c,



CHAPTER 2. ESTIMATORS OF THE FIRST-ORDER MODELS 22

—— sigmaB2=0
— sigmaB2=sigma2
—— sigmaB2>sigma2

phi(x)
0
1

Figure 2.3: Functions ¢(z) = —%— for ¢? = 0.5 and 0% varying from 0 to 1. Red
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straight line ¢(x) = z corresponds to 0% = 0, blue curve to 0? = 0% = 0.5.

thus B(gb) = B(c-gb). We have already seen that ¢(z) = = corresponds to the least-squares
estimator (such function ¢ is not bounded but the statistical properties for the estimator
could be proved separately, see for instance [25]). The optimal function ¢, in the sense of
the minimal asymptotical variance, leads to the weighted least-squares estimator that is
also equal to maximum likelihood estimator in the normal case. Notice that the optimal
estimator requires the knowledge of 0% and ¢% (or their ratio at least). Schick solved
this problem by introducing a class of consistent estimators of 0? and ¢% depending on
arbitrarily chosen bounded function y. Then he proved (see Theorem 3 in [28]) that both
strong consistency and asymptotic normality remain valid when we plug those estimates
0% and 0% into the optimal estimator.

Figure 2.3 displays functions ¢(z) = —%— with fixed ¢® = 0.5 and various o%.

1 0—12312
Red straight line ¢(z) = x corresponds to the choice of function ¢ for the least-squares
estimator (2.7), blue curve corresponds to the choice 0 = 0%. Generally, the larger

parameter 0% is the more bounded function ¢. This means that functional estimator (2.16)
with such function ¢ down-weights larger observed values — they are “suspected” to be
caused by more volatile random coefficients.

Generally, a simple stress-test of choice of function ¢ was performed and Figure 2.4
displays the results. We simulated RCA(1) process of 100 observations with parameters

B =03, 04 = 04 and 0 = 1. The true value of parameter § was then estimated
using estimator (3(¢) with ¢(z) = o for ¢ = 0,0.05,0.10,...,2. We repeated such

simulation and estimation procedure 1000 times, computed average values of estimator
for each choice of constant ¢ and plotted the results as a function of ¢, see Figure 2.4.
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Figure 2.4: Average estimator B(qf)) (true value § = 0.3) for various choices of function
¢(x) = 75z for ¢ =10,0.05,0.10,...,2. Red dot (c = 0) corresponds to the least-squares
estimator, green dot (¢ = 0.4) to the weighted least-squares estimator and blue dot (¢ = 1)

to functional estimator used later on.

We highlighted important choices of ¢ there — red dot with ¢ = 0 corresponds to the
least-squares estimator, green dot with ¢ = 0.4 corresponds to the weighted least-squares
estimator and blue dot with ¢ = 1 corresponds to the functional estimator that will be
used later on mainly.

According to results of the previous simulation, we can conclude that the least-squares
estimator underestimates true value of parameter (in average of about 7%) whereas the
weighted least-squares estimator and the functional estimator with ¢ = 1 are closer to the
true value (relative differences are about —0.3% and +0.5% in average, respectively).

2.4.2 Consistency and asymptotical normality

In the previous paragraph we described a class of estimators of RCA(1) process where the
estimators depend on chosen function ¢. The mentioned results concerning consistency
and asymptotical normality were proved by Schick in [28] under assumptions that both
error process and coefficient process are mutually independent sequences of iid random
variables. In this section we relax the assumption about independence of error process
and replace it by martingale difference sequence property.
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We managed to prove consistency and asymptotical normality for the functional esti-
mator in our GRCA(1) setup.

Theorem 2.2.

Let {X;,t € Z} be a Generalized RCA(1) according to Definition 2.2.

Let E[Y2|F;_1] = 0% < 400 a.s. for all t and let ¢(x) be a measurable function such that
Then the estimator ((¢) defined by (2.16) is strongly consistent estimator of 3 and

\/ﬁ(g(qﬁ) — [3) converges in distribution to normal distribution with zero mean and vari-
ance V(¢) defined by (2.17).

Proof: The key expression for derivation of the properties of the estimator is

) S (X1 - (Xi — BXi1)
Bl¢) - B=—""— . (2.23)
%tzzl (Xi-1) - Xey

S|

According to Theorem 2.1, process {X;} is strictly stationary and ergodic, so both
O(Xi—1)( Xy — BXy—1) and ¢(X;_1)X;_1 are also strictly stationary and ergodic. The er-
godic theorem (see e.g. [10], Theorem 13.12) gives us convergence of their sample averages
to their expected values. Moreover,

E[(b(thl) : (Xt - 6Xt71)‘-}ttfl] = (b(thl) : E[Yuftfl] = 07

so ¢(Xi—1)-(X;—X;—1) is a martingale difference sequence with respect to filtration {F;}
(thus, its expectation is zero). The denominator of (2.23) converges to non-zero and finite
value E (¢(Xy) - Xo), and we have B((b) — [ —0as. as n — oo that is equivalent to
strong consistency of estimator B (9).

Similarly, the Lindeberg-Levy theorem for martingales (see [7]) applied to martingale
difference sequence ¢(X;_1) - (Xy — fX;—1) with variance

var (qb(Xt_l)(Xt — ﬁXt_l)) =E (E[¢2(Xt_1)( — X))’ Fe 1]) =
= E (¢*(Xi1) - E[(BiXyo1 + )2 Fioi]) =
= E (¢*(Xi-1) - (X705 +0%)) = E (¢7(Xo) - w(Xo))
yields

% Z O(Xi1)- (X, — BX, 1) 2 N (0,E (¢*(Xo) - w(Xo))) asnm—oo.  (2.24)

Equation (2.23) immediately gives that

- 7 Zn: O(Xi-1) - (Xi — BXi)
Vn(B(¢) - ) = —

9

=1
LS (X)) - Xo

t=1
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where the numerator converges according to (2.24) and the denominator converges al-
most surely (and consequently in distribution) to E¢(Xy)X, from the ergodic theorem

discussed earlier. Therefore, /n(B(¢) — 3) 5 N(0,V(¢)) for n — oo where V(¢) is de-
fined by (2.17). O

Similarly to the extension of the least-squares estimator of parameter g to the func-
tional estimator depending on chosen function ¢(x), Schick also generalized the estimators
of variances 0% and ¢® into a broader class of the estimators depending on function ().
Namely, let ¢(z) be a measurable function, denote th = L 3" (X, ), X =150 X7,
and let v = cov(1(Xy), X2) # 0. Then the estimators are defined as

> (WX y) — %)(Xt: B($)X;-1)?
S (X)) — 0)XE ’

5(0) =+ 3 (X~ B(6)Xa) — FH()X,

t=1

Tp(v) =

(2.25)

n

where B\ (¢) is an arbitrary estimator of parameter 3. Since the proof of the consistency
of such estimators given by Schick is based solely on the ergodicity of RCA(1) process, it
is valid also for our Generalized RCA(1) process. More interesting is the connection of
these functional estimators to estimators derived by (2.8) — estimators 0% and 72 stated
there are the special cases of 6%(¢) and 5%(¢) for ¢(x) = 2 and ¢(z) = z, which could
be easily derived noticing that Y, (X2, — X)X2, =Y (X2, — X)2

Now we can state and prove a theorem about the consistent estimator of the asymp-
totical variance of estimator 3(¢).

Theorem 2.3.
Let {X;,t € Z} be Generalized RCA(1) according to Definition 2.2. Let 0* < +o00 and
let ¢(x) be measurable function such that 0 < E (¢(X,) - Xo) < +o00. Let % and 52 be

strongly consistent estimators of 0% and o?, respectively.
Define

) > GA(X,) (32 + 55 XP)
V(g)=n-"=— — (2.26)
(£ otxx:)

Then estimator IA/(ng) is strongly consistent estimator of asymptotical variance V (¢) de-

fined by (2.17).

Proof: Estimator V() could be rewritten into the form

M:

¢* (X)) X7

SIH

733 ¢H(X) + 75 L)

1
2

(3 5ot
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Similarly to the proof of Theorem 2.2, we know that ¢*(X;), ¢*(X;)X? and ¢(X;)X; are
strictly stationary and ergodic which together with the consistency of 6% and 02 gives

N
ﬁﬁ%ﬁ%WHﬁJ%ﬁ%»

% > P(X)XP — 0} - E(¢*(X0)XF) |
t=1

LS 0(X)X, — B (6(X0)Xs)

t=1

The combination of the limiting values equals the variance matrix (2.17) which completes
the proof. 0

2.4.3 Simulation study

In the previous section we described some estimators of RCA and Generalized RCA
models. Since those estimators differ only in the choice of generating function ¢, they
posses similar asymptotical properties. In the subsequent simulation, we will see that
there can be substantial differences for final sample size among the estimators.

The aim of the study is to vary length of simulated RCA( ) time series from 50 to
500 observations and compare the least-squares estimator ﬁLS, the weighted least- squares
estimator ﬁWLS and the functional estimator ﬁ(¢) defined by (2.16) with ¢(z) = 5.
Moreover, we are curious to know whether the assumption about independence of errors
Y, is crucial.

Setup of the simulations is the following: We simulate a sequence of observations from
RCA(1) model given by equation

X; = (034 By)X¢1 + Y, (2.27)

where random coefficients {B;,t € Z} are independent N(0,0.4) random variables. Error
process {Y;,t € Z} is a sequence of identically distributed variables with zero mean and
unit variance independent of { B;}. Notice that since true parameter 3 = 0.3 and 0% = 0.4,
stationarity condition 3? 4+ % < 1 is fulfilled. Constellation [3,0%] = [0.3,0.4] has been
chosen to illustrate the behavior of the estimators. We also performed more exhaustive
simulation for general [, 03] € R? such that 5% + 0% < 1 which results will be described
later.
We consider two cases:

1. {Y;} are independent and normally distributed random variables so X; forms clas-
sical RCA(1) model.
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2. {V;} stands for ARCH(1) process of the form

Y, =0:Z; a.s.,
0f =05+05Y2, as.,

where {Z;,t € Z} is a sequence of independent and identically N(0,1) distributed
variables. Thus, {X;} is Generalized RCA(1) model according to Definition 2.2
because ARCH process is obviously a martingale difference sequence of no longer
independent random variables. The particular choice of ARCH process does not
seem to be crucial because we achieved similar results using other ARCH processes.

Simulation procedure:
e set sample size n € {50, 100, 150, ...,500}
e do for each choice n of sample size:

— repeat 1000 times
1. simulate RCA(1) time series according to (2.27) (n observations)

2. estimate true parameter 3 = 0.3 using BLS, QWLS and B(gb) with ¢(z) =
T2, respectively and estimate asymptotical variance V(¢) for each esti-
mator

—~

=\ 2
— for each estimator compute [ = 1000 21000 B, MSE = 1000 21000 ( — ﬁ)
and V(¢) = L Y1000 Pri(g)

e for both types of errors Y; plot E, MSE and ?(gzﬁ) for each estimator as function of
sample size n.

The weighted least-squares estimator requires the knowledge of variances o2 and 0%
(see expression (2.9)). We estimate those parameters as we have discussed previously
using linear regression estimates (2.8). Figures 2.5 to 2.7 display achieved results.

In brief, the weighted least-squares estimator and the functional estimator behave
similarly whereas the ordinary least-squares estimator tends to underestimate the true
value of parameter, especially in case of ARCH errors.

More precisely, the functional estimator seems to perform even little bit better than
WLS estimator in the sense that average estimate of parameter (3 is usually closer to its
true value 0.3. Variance of the functional estimator also decreases to zero most quickly,
its asymptotical variance is stable. Figure 2.7 also reveals known fact that the smallest
asymptotical variance is theoretically achieved by the weighted least-squares estimator.
The worst results are achieved by LS estimator in Generalized RCA (1) model with ARCH
errors. It not only underestimates the true value of parameter about 10% for small sample
sizes but also its M SFE is roughly twice as large as for the other estimators and converges
very slowly. The estimate of asymptotical variance is not stable and even increases as
sample size rises.
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Figure 2.5: Average estimate ELS (red curve), EWLS (green curve) and E(qﬁ) with ¢(z) =

1= (blue curve) for parameter § (true value 0.3) in simulated Generalized RCA(1)

process with iid error process Y; (left panel) and ARCH errors (right panel).
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Figure 2.6: MSE of estimator 3 (red curve), By s (green curve) and 3(¢) with ¢(z) =

1= (blue curve) in simulated Generalized RCA(1) process with éid error process Y; (left

panel) and ARCH errors (right panel).
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Figure 2.7: Average asymptotical variance of estimator BLS (red curve), BWLS (green
curve) and B(¢) with ¢(z) = 357 (blue curve) in simulated Generalized RCA(1) process
with did error process Y; (left panel) and ARCH errors (right panel).

The difference between the weighted least-squares estimator and the functional es-
timator lies in estimation of auxiliary parameters ¢ and % — WLS needs them to be
estimated formerly while the function estimator does not. We can observe that in practice
there is no substantive difference it the estimate, even the functional estimator performs
better without their knowledge.

This simulation study might be compared to the simulations we published earlier
(see [34]). The conclusions are similar to the previous ones. The possibly larger smooth-
ness of current curves is caused by larger number of simulations performed (1000 instead
of 100) and by slightly different approach in generation of the time series due to computa-
tional requirements. Technically, here we generated sequences of the maximum length 500
observations and truncated them for smaller sample sizes whereas previously we generated
each sequence independently.

The previous results emphasized the effect of the increasing sample size. Let us add
another factor into the simulations, namely freedom in [3,0%]. Specifically, we varied
both 8 and ¢% in 0,0.1,0.2,...,0.9 (maintaining that 3% + 0% < 1) and for each choice
of [3,0%] accomplished the previous simulation procedure. The results are displayed on
Figures 2.8 and 2.9, precise numbers are included in Table 2.1.
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Figure 2.8: Average differences ,/8\ s — B and B(d)) — B with ¢(z) = =5 (upper figure and
lower figure, respectively) for various parameters 3 and 0% (horizontal and vertical axis
in each panel). Sample size varies across the panels from 50 (left bottom panel) to 500
(right upper panel).
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Figure 2.9: Average difference B\W 1.g — 3 for various parameters 3 and o% (horizontal and
vertical axis in each panel). Sample size varies across the panels from 50 (left bottom
panel) to 500 (right upper panel).

Figure 2.8 consists of two pictures — upper figure shows the results of the simulation for

the least-squares estimator B g, lower figure shows the same for the functional estimator

B (¢) with ¢(z) = 1=57. The results for the weighted least-squares estimator are separately
displayed on Figure 2.9. Each figure consists of 10 panels each of which stands for the
particular sample size of the simulations (ordered by rows from bottom to top and from

left right, sample sizes are n = 50,100, 150, ... ,500). Each panel displays the average

difference of the particular estimator 3 — 3 as a function of 3 and ¢% (the numbers
which the plots are based on are reported in Table 2.1). In other words, the color of
each small square defined by coordinates [3, 03] visualizes the result of 1000 simulations
of RCA(1) model with given the parameters 3 and ¢%. If we traced the small square
[3,0%] = [0.3,0.4] across the panels, we would obtain the line plot 2.5 for instance.

General rule how to read these figures says that the more pink color means the larger
under fit of the estimator. We can see that the least-squares estimator underfits the mod-
els especially for smaller sample sizes which has already been revealed by the previous
simulation. In addition, these figures also illustrate the effect of the magnitude of the ran-
dom coefficients and their variance. The pink color is more concentrated to the boundary
B3+ 0% =1 which width is much broader for small sample sizes. On the other hand, low
values of the true parameters 3 and o% lead to significantly better estimators.
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o% | 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
-0.017 | -0.029 | -0.044 | -0.068
0.9 | -0.002 | -0.005 | -0.007 | -0.006
-0.010 | -0.014 | -0.014 | -0.017
-0.008 | -0.007 | -0.029 | -0.067 | -0.087
0.8 | -0.006 | 0.006 | -0.003 | -0.018 | -0.015
-0.009 | 0.002 | 0.006 |-0.019 | -0.028
-0.001 | -0.022 | -0.036 | -0.050 | -0.088 | -0.100
0.7 1 -0.001 | 0.001 | -0.004 | -0.003 | -0.018 | -0.017
0.000 | -0.005 | -0.008 | -0.008 | -0.031 | -0.015
-0.010 | -0.019 | -0.031 | -0.043 | -0.059 | -0.085 | -0.114
0.6 | -0.008 | -0.009 | -0.012 | -0.003 | 0.002 | -0.021 | -0.020
-0.010 | -0.016 | -0.013 | -0.011 | -0.008 | -0.026 | -0.029
-0.005 | -0.005 | -0.023 | -0.035 | -0.054 | -0.060 | -0.101 | -0.128
0.5 ]-0.014 | 0.002 | -0.008 | -0.008 | -0.013 | -0.007 | -0.019 | -0.016
-0.008 | 0.002 | -0.015 | -0.010 | -0.010 | -0.015 | -0.052 | -0.040
-0.005 | -0.005 | -0.025 | -0.023 | -0.053 | -0.064 | -0.077 | -0.091
0.4 | -0.007 | -0.001 | -0.018 | -0.005 | -0.015 | -0.019 | -0.004 | -0.005
-0.005 | 0.000 | 0.013 | -0.008 | -0.008 | -0.025 | -0.009 | -0.024
-0.003 | -0.002 | -0.020 | -0.024 | -0.033 | -0.046 | -0.059 | -0.074 | -0.104
0.3 | 0.000 | 0.005 |-0.007 | -0.003 | -0.010 | -0.010 | -0.012 | -0.008 | -0.016
0.001 | -0.002 | -0.008 | -0.005 | -0.011 | -0.016 | -0.024 | 0.057 | -0.031
-0.007 | -0.012 | -0.015 | -0.021 | -0.023 | -0.035 | -0.043 | -0.061 | -0.075
0.2 ] -0.003 | -0.012 | -0.005 | -0.006 | -0.008 | -0.012 | -0.014 | -0.013 | -0.009
-0.009 | -0.009 | 0.066 | -0.023 | -0.014 | -0.015 | -0.021 | -0.040 | -0.038
0.000 | -0.012 | -0.014 | -0.012 | -0.024 | -0.028 | -0.037 | -0.035 | -0.047 | -0.063
0.1 | 0.002 | -0.004 | -0.011 | -0.006 | -0.013 | -0.012 | -0.015 | -0.007 | -0.010 | -0.017
0.011 | 0.002 | -0.011 | 0.197 | -0.017 | -0.025 | -0.029 | -0.023 | -0.018 | -0.038
0.000 | 0.000 |-0.011 |-0.011 | -0.021 | -0.019 | -0.014 | -0.030 | -0.029 | -0.035
0.0 | 0.003 | 0.003 | -0.009 | -0.008 | -0.011 | -0.011 | -0.003 | -0.015 | -0.011 | -0.016
0.003 | 0.071 | -0.035 | -0.013 | -0.011 | 0.031 | -0.035 | -0.014 | -0.039 | -0.044

Table 2.1: Average differences between the true and estimated value of estimated param-

eter (B\ — () for various choices of parameters § and 0%. Sample size of the simulation
equals 50 observations. Presented estimators are LS (top rows), functional estimator
(middle rows), WLS (bottom rows).
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The functional estimator did better job than the least-squares estimator and it depends
neither on the sample size nor on magnitudes of the true parameters. The weighted least-
squares estimator behaves similarly to the functional one. However, there were certain
constellations of the parameters when this estimator was not stable. We also performed
the same simulations for a few different variances o2 and for various choices of the ARCH
process as the noise process. Since they corresponded to the previous results, we does not
present them here.

The conclusions from this simulations might be that the least-squares estimator is a
reasonable and computationally simple estimator when there is low randomness in the
coefficients and if there is no dependency structure in the errors of RCA(1) process. If
there is a dependence present, in our case of the form of ARCH process, in tends to un-
derestimate the parameter whereas the weighted least-squares estimator or the functional
estimator behaves nicely. Also the least-squares estimator requires larger sample sizes not
to underfit the true value of the parameter.

2.4.4 Rate of convergence

We proved consistency and asymptotic normality of the estimator of type (2.16) in Gen-
eralized RCA(1) model specified in Definition 2.2. We also performed a simulation study
which revealed that the functional estimators seem to possess better statistical properties
than the conventional estimators. The aim of this section is to derive the rate of conver-
gence to normal distribution of such estimators for sufficiently large class of functions.

Special case ¢(z) = x has been studied for instance by Basu and Roy in [5] or [6]. In
the first mentioned article, the authors established the rate of convergence of LS estimator
in both univariate and multivariate RCA models. In the second paper, they proved similar
results but they used general autoregressive model with fixed coefficients instead of RCA
process. Similar work was done in [8] for the first-order autoregressive process.

Unfortunately, such approach cannot be used for a general function ¢(x), so we have
to define class of all admissible functions ¢(z). Denote h(z) = z¢(x) and presume that
h(z) > 0 for every x # 0 and that h(z) fulfills Lipschitz condition for given RCA process
X;:

Definition 2.3. Lipschitz function
Let {X;,t € Z} be real random process and h(z) be real measurable function.
Then h(x) fulfills the Lipschitz condition for given process X if

|h(Xs) — h(Xy)| < e Xs — Xi|  aus. (2.28)
for all s,t € Z and some constant ¢, > 0.

Remark:
1. If process {X;} is uniformly bounded by some positive constant cx then function
h(x) = z? satisfies Definition 2.3. This can be seen by noticing that | X2 — X?| =
| Xs + Xo|| X5 — Xo| < (| Xs] + X)X — Xo| < 2ex]Xs — X
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2. Generally, if process {X;} in Definition 2.3 satisfies P(X; € I,Vt € Z) = 1 for some
bounded interval I € R, then any function h(z) with bounded first derivation on 1
suits.

This follows from the Lagrange Mean Value Theorem that states that for such
function h(z) and for each x,y € I there exists z € (x,y) such that h(y) — h(x) =
W(2)(y—). So [h(Xs)—h(X,)| = [1(Z)]-|(Xy— X0)| < maxees [}(2)]-[(Xs— X)| =
cn) Xs — Xi| as..

Thus, function h(z) = %, T

We employ similar techniques as Basu and Roy did in [5] where they explored the rate

of convergence of LS estimator in RCA models. To prove the main result of this section
we need a few auxiliary lemmas. The commonly known ones can be found in Chapter 6
consisting of these auxiliaries exclusively (Lemmas 6.2-6.5), the more specific propositions
will be proved in this section.

It also turned out that we need a Hoeffding-type exponential inequality for a function

of RCA(1) process {X;}. Specifically we have to ensure that

|

where h(x) is given measurable function and ¢, d are some constants. This inequality is
well known when h(z) = x and either {X,} are independent or they form a martingale
difference sequence. For general function h(z) there were similar inequalities proved for
uniformly ergodic Markov chains {X;} (see for instance [12]) or under some assumptions
for ergodic time series (working paper [30]). Unfortunately, none of these generalizations
of the Hoeffding inequality was applicable in our case so we proved inequality (2.29) using
similar techniques as the authors of [17] did for heteroscedastic RCA(1) model.

For that purpose, we employed mixing concept (for further details see [10]):

which corresponds to ¢(z) = fits for instance.

%Z (h(X:) — ER(Xy))

t=0

> 6) <ec- e_d”EQ, (2.29)

Definition 2.4. Strong mixing

Let {V,t € Z} be a sequence of random vectors. Let F' = o(Vgs < t), and
Fi% =0(Vs,s > t+m) for each t,m € Z.

The sequence {V;} is said to be a-mixing (or strong mixing) if lim,, . o, = 0 where

Oy, = SUP ( sup IP(GNH) - P(G)P(H)|> .

+
t€Z \Gert HEFT,

Precisely, a sequence is called a-mixing of size —aq if a,,, = O(m~%) for some a > ay.

Definition 2.5. Mixingale
Let {X;,t € Z} be a sequence of integrable random variables. Let F; = o(Xs, s < t) for
each t € Z.
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The sequence {X;, F;} is called an L,-mixingale if, for p > 1, there exist sequences of
non-negative constants {c;,t € Z} and {(y,m € Ny} such that (,, — 0 as m — 400, and

HEI:Xt|ft7m]Hp < ¢,
X — E[Xt|~7:t+m]||p < ¢lm

hold for all t € Z and m € Nj,.
The L,-mixingale is of size —ag if (,, = O(m™*) for some a > ag > 0.

Definition 2.6. Near-epoch dependency

Let {X;,t € Z} be a sequence of integrable random variables. Let {V,t € Z} be a
sequence, possibly vector-valued, let us define for each t € Z the filtration {F/ 7" m € Ny}
such that F/1" = o(Viipm, ..o, Viem).

The sequence {X;} is said to be near-epoch dependent in L,-norm (L,-NED) on {V,} if,
for p > 0, there exist sequences of non-negative constants {d;,t € Z} and {v,,, m € Ny}
such that v,,, — 0 as m — 400, and

1%~ B[, < dom

hold for all t € Z and m € Nj.
The L,-NED is of size —ay if v, = O(m~*) for some a > ay > 0.

To prove the main theorem, we have to make an assumption about mutual structure
between the random coefficients and the error process.

AT: {(B:,Y;),t € Z} is a-mixing of size —a for some a > 2.

The idea behind using just introduced concepts for proving exponential inequality (2.29)
is briefly the following: A Lipschitz function maintains L,-NED property, L,-NED pro-
cess is L,-mixingale under certain assumptions, and a sum of L,-mixingale items can be
divided into a sum of martingale difference items and some residuum.

Theorem 2.4.

Let {X;, F;} be a uniformly bounded stationary L;-mixingale of size —1 with bounded
constant sequence {c;,t € Z} from Definition 2.5.

Then there exists decomposition

Xt - Rt - Rt—‘,—l + Wt, (230)

where E|R;| < 400 and {W;, F;} is a stationary martingale difference sequence. Moreover,
both sequences {R;} and {W,} are also uniformly bounded. Equation (2.30) immediately
implies that

n—I1 n—1
> Xy=Ry—R,+ )Y W. (2.31)
t=0 t=0
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Proof: This theorem extends Theorem 16.6 from [10] and we will make use of the proof
stated there. Decompositions (2.30) and (2.31) are established in the cited theorem, what
remains is to prove the boundedness. Let us for each m € N and ¢ € Z define a random

variable
m

Ry =Y (B[Xesa|Fioa] = Ximomr + E[Xi 1| Fia]).
s=0
Using triangular inequality and L;-mixingale property we have that

NE

|Rm,t‘ S ( }E[Xt—&-s‘«/ft—l]’ + |Xt—s—1 - E[Xt—s—lyﬂ—l]D S
s=0
m m m 1
< Z(Ct—i-s Qg1+ Cms—1 - Cog1) < 201 - ZCSH < 2¢ - Z CQ(S 1) <d,
s=0 s=0 s=0

where ¢; < ¢; and (511 < @ﬁ for some c¢q,cy > 0. Constant d > 0 exists because of
a > 1. Thus, {R,,:} are bounded uniformly in both m and ¢. In the proof mentioned
above there is shown that for each ¢ € Z, R,, converges to I; a.s. as m — +o00. Thus,
R, are uniformly bounded in ¢ because of the boundedness of R, ;.

Triangular inequality applied to rearranged equation (2.30) yields |W;| = | X;—Ri+Ryq1] <
cx + 2d, which ensures uniform boundedness of W;. O

We have to assume some additional conditions concerning the Generalized RCA(1)
process {X;} to employ the previous techniques.

A8: P(|Xy| < cx) =1 for some constant cx > 0.

A9: P(|By| < ¢p) =1 for some constant cg > 0.

Since the Generalized RCA(1) process {X;} is strictly stationary, the boundedness of
Xy according to A8 ensures uniform boundedness of the whole sequence {X;}, i.e. there
exists constant cx > 0 such that P(|X;| < cx,Vt € Z) = 1.

Theorem 2.5.
Under Assumptions A8 and A9 both {B;} and {Y;} in the definition of the Generalized
RCA(1) process are uniformly bounded.

Proof:

Firstly, sequence {B;} is uniformly bounded according to Assumptions A3 and A9 using
its strictly stationarity property.

Secondly, equation (2.1) gives us |X;| = (8 + By)Xi—1 + Yi| > |B:Xio1 + Y| — [BXi-4],
consequently |B; X, 1+ Y| < |Xy| + |6X;-1] < (1 +|8])ex a.s. due to boundedness of
{X:}, so we know that {B,X;_; + Y;} is uniformly bounded.

Finally, |B;X;—1 + Yi| > |Yi| — | Be|| Xi—1], thus |Yy| < |BeXi—1 + Yi| + | Be|| Xi—1] < ¢ for
some constant ¢ > 0 and all ¢ € Z because all processes on the right hand side of the
inequality are uniformly bounded. O
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Theorem 2.6.

Let {X;,t € Z} be a Generalized RCA(1) process that satisfies Assumptions A7, A8
and A9. Let ¢ : R — R be a continuous measurable function such that h(z) = x¢(x)
satisfies Definition 2.3. Denote Z; = h(X;) — Eh(X;) for each t € Z.

Then there exists the same decomposition of process {Z;,t € Z} as in Theorem 2.4 for
Fi = 0(Bs,Ys; s < t) where both sequences {R;} and {W;} are uniformly bounded.

Proof:
Firstly, we will show that {X;} is Ly-NED on {B;,Y;} of arbitrary size. Let us denote
Fm = o(By,Ys;s =t —m,...,t +m) and verify Definition 2.6:
Definition of RCA(1) model and F}*/'-measurability of B, and Y, for s = t,t—1,...,t—m
yields

1% = BLIFA], = |8+ B)Xeo + Yi — B[(B+ B) X,y + Yol F2] |, =

= ||(8+ B))Xe—1 — (B4 BYE[ X |F70] ||, =

3+ B (s — E[Xal 7)) |, = - -

= <H(ﬁ +Biy) | - (Xt—m—l — E[Xt—m—1|‘/,:fj—$]) <
i=0 2

< (H(ﬂ + Bii) | Ximm—|| + (H(ﬁ + Bti)) E[thmflfffjx] <
1=0 2 =0 2

< (H(ﬁ + Bi) | ex|| + (H(ﬁ + Bt—i)) Cx
=0 2 1=0 2

The last inequality holds due to the uniform boundedness of sequence {X;} by a positive
constant cx. Notice that

[@+5-0) = (E 115+ Bt—z->2) = (BB +B)) T = (3 +05)"T .
=0 2 i=0
So we have

X% = BEGIFE ], < 2 ex (84 03) T

Since it is assumed that 3%+ 0% < 1, term (5% + 0123)%+1 is of order O(m~%) for any a > 0
and thus {X;} is Lo-NED with constants d; = 2 - c¢x in Definition 2.6.

Secondly, {h(X};)} is Lo-NED on { By, Y;} of arbitrary size with constants d; = 2 - ¢ - ¢,
(due to Lemma 6.4 and the Lipschitz property of the function h(z) with some constant
¢p) and so is {Z;} (adding a constant does not violate the NED condition).

Finally, if we knew that {Z,} is L;-mixingale of size —1 we would have the desired de-
composition of Z; according to Theorem 2.4. We will show that {Z;} is even Lo-mixingale
(and the inequality || - |1 < || - ||2 will ensure its L;-mixingale property). This can be
seen by applying Lemma 6.5 to sequence {Z;} (which is L,-bounded for any r > 1 be-
cause the sequence {X;} is bounded and the function h(x) is continuous) and to a-mixing
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sequence { B, Y;} of size —a for some a > 2 (Assumption AT7). {Z;} is Ly-NED of ar-
bitrary size —b, so the size of Ly-mixingale Z; is —min(b, a(1/2 — 1/r)). Notice, that
min(b,a(1/2 — 1/r)) = a/2 — a/r > 1 because the term a/r can be arbitrary small by
increasing . Constants ¢; in Definition 2.5 are equal to O(max(||X¢|/,,2 - ¢ - cp)), they
are bounded due to the boundedness of {X;}, thus both sequences {R;} and {I¥;} in the
decomposition are uniformly bounded according to Theorem 2.4. 0

Theorem 2.7.

Let {X;,t € Z} be a Generalized RCA(1) process that satisfies Assumptions A7, A8 and
A9. Let ¢ : R — R be a continuous measurable function such that h(z) = x¢(x) satisfies
Lipschitz condition (2.28).

Then there exist constants ¢ > 0 and d > 0 such that exponential inequality (2.29) holds.

Proof:

Denote Z; = h(X;) — Eh(X}) for each t € Z. Then Theorem 2.6 gives us decomposi-
tion (2.31) of {Z;}, namely 37" Z, = Ry — R, + .1~y Wi, where {W,} is a uniformly
bounded martingale difference sequence and {R;} is a uniformly bounded random se-
quence. Now we get

(] ) o[t () )

IA

1 17171
S

<P([Ro— Ra| > n- —>+P<

< P(|Ro| +|Ral >+ 5) +erve dm<%>

_)_

using the triangular inequality and the Hoeffding inequality for bounded martingale dif-
ferences (see for instance [10], Theorem 15.20). An upper bound for the first summand
might be easily obtained as follows:

2

P <|Ro| + |Ru| >n - g) B o <ee-(|Ro|+|Rn\) > "7 ) < E( e(\Rol+\Rn|)) R

S Cy - eiQn(%>2

)

where finite constant ¢ can be found thanks to uniform boundedness of {R;}. If we
combine this result with the previous estimate, we get the desired result

1
p<_
n

n—1

S

t=0

2

. £\2
> 5) < max(cy,ca) - e min(d1 2)n-(5)" _ . g=dne O
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Now, let us formulate and prove the main theorem of this section.

Theorem 2.8.

Let {X;,t € Z} be a Generalized RCA(1) process according to Definition 2.2 with
E[Y?2|Fi_1] = 0? < +o0 a.s. for all t. Let Assumptions A7, A8 and A9 be satisfied.

Let ¢ : R — R be a continuous measurable function such that h(x) = x¢(x) satisfies
h(xz) > 0 for x # 0 and the Lipschitz condition (2.28).

Then there exists ¢ > 0 such that for each n € N

(2.32)

where estimator B(gb) is defined by (2.16) and asymptotic variance V (¢) is defined by (2.17).

Remark: This theorem covers both the LS estimator (choice ¢(z) = ) and the estimator
with the smallest asymptotic variance in model with 0% = 0% (choice ¢(z) = for
further discussion see the beginning of Paragraph 2.4.1.

Tar)

Proof: We basically follow similar proof from [5] for scalar RCA(1) model.
For each n € N let us define

1 n
fn= % tz; O(Xim1)( Xy — BXy1),
1 & 1 &
= ﬁ ; ¢<Xt71)Xt71 = ﬁ ; h<Xt71)-

Then /n(B(¢) — 8) = g—:. Denote U(¢) = E (¢*(X1)w(X;)) where w(z) = 0% + o%2* and

notice that V(¢) = % > 0, so we have
O Gkl B T o(7)
e | V" Ve D= ¢— o !

Lemma 6.2 gives us for any € > 0

Eh<X1)fn
(\/_gn x) O (z)

<sup
yeR

In
P( e §y> — ®(y)

+P('Ehg(§(1) 1 > e) +e (2.33)

It can be easily derived that {¢(X;_1)(X; — 6X;_1)} is a martingale difference sequence
with variance U(¢) defined previously. Function ¢ is continuous, process { X;} is uniformly
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bounded, thus {¢(X;—1)(X: — 8X;-1)} is also uniformly bounded. So Lemma 6.3 can be
applied to the first term on the right hand side of inequality (2.33) and we have

In
P( ) §y> — ®(y)

where d > 0 is some constant.
The second term on the right hand side of inequality (2.33) can be arranged into

l <‘Ehg(§(1) !

(Inn)?
T

<d-

sup
yeR

> E) =P(|gn — ER(X1)| > €-Eh(X})) =

:p<

using the definition of g,, and the strict stationarity of { X;}. All conditions of Theorem 2.7
are met and we have

|

where p, ¢ > 0 are some constants.
If we sum up all derived results we gain that for any € > 0 there exist positive constants
d,p,q such that

LS (WX ~ ER(X )

>e- Eh(X1)> :

S5 (K1)~ BA(X )

> Eh(X1)> <p-einet

(Inn)3

sup [P (vt (B(9) — 8) < #) — Ga)| < d- T g p e g
zeR \/ﬁ
Setting ¢ = % we obtain the desired upper bound c - % for some positive constant

c. O



Chapter 3

Estimators of higher-order models

3.1 Model specification

In this chapter we will return our attention to RCA(p) models of general order p which
special case for p = 1 has been studied earlier. Similarly to the previous chapter, we will
be interested in estimation of parameter 3, this time a p-dimensional vector. We will
describe commonly used estimators (see for instance [25]) and introduce an extension of
the functional estimator originally proposed by Schick in [28] for the first-order models and
which we studied in Chapter 2. We will also derive statistical properties of the functional
estimator and compare it to the least-squares estimator.

Equation (1.1) can be rewritten into the form closer to standard autoregressive ex-
pression

P
Xy = Zﬁithi tur =B 1+ (3.1)

i=1

with a new error process uy = y -, By; Xi—; +Y; = BjZ,_1 + Y}, where
B= (061,02 ...,06,), Bi=(Bi1,Bi2,...,B,) and Z;=(Xy, Xio1,.. o, Xept1)
Another useful representation could be via multivariate RCA(1) model of the form
Z,= (B+CyZ;4 + Uy, (3.2)

where U; = (Y;,0,...,0) and

ﬁl 52 ﬁp—l ﬁp

B., B B
1 0 0 0 t,1 t,2 t.p
0 0 0
B=| 0 1 o o |, c=
0 0 0
0 0 1 0

41
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Similarly to the first-order case, we will use the stochastic setup given by assump-
tions A1, A2 and A5. The representation (3.2) of process {X;} as a special multivariate
RCA(1) process enables us to benefit from the theorems that will be proved in Chapter 4.
Namely, we can adopt the stationarity assumption

A10: All the eigenvalues of matrix E(C, ® C;) + (B ® B) are less than unity in modulus.

Definition 3.1. Generalized RCA (p) process

Real-valued random process {X;,t € Z} is called Generalized RCA(p) process if X, sat-
isfies Vt € Z equation (1.1) and fulfills assumptions Al, A2, A5 and stationarity condi-
tion A10.

Theorem 4.1 in Chapter 4 proves that there exists strictly stationary and ergodic
solution of equation (3.2) (or equivalent equation (1.1)), which is measurable with respect
to Fy = o ((BL,Y;)'; s <t), and the solution is of the form

+oo [J—1
Z,=) | [[B+Cii)| Uy, (3.3)
j=0 L i=0

where the product is defined as 1 for 7 = 0. This expression can be directly compared to
its special case (2.4) for RCA(1) models.

Assuming that the conditional variance of error process {Y;} is constant and time
independent, the conditional moments of process {X;} can be computed as follows:

E[X|Fi1] = E[/Blztfl + ut‘ftfl] =B'Z1 + E[Béztfl + Y;t|-,'ttfl} =
=037Z,1+7Z, ,-EB,+E[Y|F 1] =0Z 4, (3.4)

var [ X| Fii1] = B[ (X, — B[X,|Fio1)? [ Fimi] = B[uf|Fim] =
—B|(BiZ1 + V) |Fi | =
=E[Y? +2-BjZ; 1Y, + (BiZ1)*|Fiq] =
=0’ +2-BZi - EY,|F1] + E[Z,_B,BZ;_|F,_1] =
=0’+Z_-EBB)) Z1=0"+Z, | X -7y =
=0+ (Z,_,®Z,_,) - vec(E) =
= 0? +vec (Zi-1Z,_,) - Kl vech(2), (3.5)

where the last equalities are obtained using Lemma 6.8 (identities b, ¢) and Lemma 6.9
from Chapter 6 where the duplication matrix K,, is also defined.



CHAPTER 3. ESTIMATORS OF HIGHER-ORDER MODELS 43

3.2 Functional estimator

The well-known estimator of parameter 3 (see for instance [25]) is the least-squares esti-

mator defined by
n -1 n
BLs = (Z Zt—lzg—l) : <Z Zt—lXt> (3.6)
t=1 t=1

and it possesses essential statistical properties, namely strong consistency and asymptot-
ical normality

Vit (Bus = B) — N (0,0°V"" + VB (ZoZ)Z)37) V),

where V = EZ(Zj,.

Similarly to the first-order case, the unknown parameters o? and X can be estimated
using a linear regression model: The conditional variance of the theoretical residuals u; is
derived in equation (3.5). If we substitute u; by the estimated residuals u; = X;— B; Y/
into that expression, we obtain the regression equation

w=0"+A_y+e

with regressors (1|A}_;) = (1|vec(Z;_1Z, ;) - K, parameters (02,7") = (02, vech(Z)")’
to estimate and a noise process ;. The solution of the regression equation is

? = <Z<At1 - K)(Atfl - K)/> Z(Xt - BILSthl)Q(Atfl - K),
o =1 (3.7)

R 1 & ~1 o

t=1

where A = 13~ A, ;. Nicholls and Quinn proved in [25], Theorem 3.2, that under
higher moment conditions of process {X;} such estimators are strongly consistent and
asymptotically normal. We could generalize estimators (3.7) in the same manner as
Schick did for the first-order RCA(1) models (see formulas (2.25)). Namely, we could
impose a measurable function ¢ : R? — RP, define B, = K,, - vec(v(Z;_1)Z;_,) instead
of the quantities A;_; and reformulate expressions (3.7).

Other commonly used estimators are the weighted least-squares or the maximum like-
lihood estimators. However, the exact derivation of such estimators is not straightforward
and precise statistical inference requires stronger assumptions. Inspired by the extension
of the least-squares estimator of the first-order RCA models into a class of the functional
estimators, we propose an analogous extension for the higher-order models. Consider
measurable function ¢ : RP — RP and define

-1

Blo) = (Z ab(ztl)Z;_l) (Z ¢<ZH>Xt> . (3.8)
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The following theorem states basic properties of estimator (3.8):

Theorem 3.1.
Consider RCA(p) model according to Definition 3.1.
Let E[Y|F,—1] = 0% < 400 a.s. for all t and let ¢ : RP — RP be measurable function such
that E¢(Z)Zj, is a finite positive definite matrix and E (¢(Zo)¢(Zo)' (Z(,XZo)) is a finite
matrix. Denote

1

V() = (E¢<ZO)Z/0)_1 -E (¢(Zo)p(Zo)' - w(Zy)) - (EZo(Zo)') (3.9)

where w(z) = 0 + z'Xz for z € R”.
Then estimator (3.8) is a strongly consistent and asymptotically normal estimator of
parameter 3 with asymptotical variance matrix defined by (3.9).

Remark: Function ¢(x) = x, that corresponds to the least-squares estimator, fulfills the
assumptions provided that EX}! < +oco (see [25], Theorem 3.1). If function ¢ is bounded
then the second assumption reduces to EX? < +o0.

Proof: Using definition of functional estimator (3.8) we can infer that

n

Bo) - B = (% > ¢(zt1>zzl> - (% > [0z X, - ¢<zt1>zzlﬂ}> =

t=1

- (% > ¢(Zt—1)zi1> ' (% > ¢(Zt—1)ut> : (3.10)

Likewise in the proof of Theorem 2.2, the components of sequences {¢(Z;—1)Z;_,,t € Z}
and {¢(Z—1)ug,t € Z} are strictly stationary and ergodic. Moreover, the components of
the latter sequence form a martingale difference sequence because

E[¢(Z-1)w| Fi1] = ¢(Zy—1)E[wg|Fi—1] = 0.

The ergodic theorem (see e.g. [10], Theorem 13.12) tells us that the first term in (3.10) al-

most surely converges to (E¢(Zo)Z) ~! whereas the second term converges to E(¢(Zo)ur) =
0, which completes the proof of consistency of the estimator.
Similarly to equation (3.10) notice that

Vi (Bo) - 8) = (% > ¢<zu>z;1> - (% 2 ¢<Z~>w) -

Choose arbitrary oo € R? and note that also {¢/¢(Z;_1)u;} forms an univariate martingale
difference sequence with variance

var (o/¢(Zs_1)ug) = E (E [(a'¢(zt—1))2 uf|~7:t—1D —

= E((0'6(Z1)* (0 + 2, 521) ) =
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= o'E (¢(Zo)p(Zo)' (0 + Z(XZy)) o < +00.

Due to Lindeberg-Levy theorem for martingales (see [7]) this means that

% Z O/(b(thl)ut = <% Z ¢(Zt1)ut>

has asymptotically one-dimensional normal distribution with zero mean and the vari-
ance computed above. Thus, \/Lﬁ o ¢(Zy_1)u; has asymptotically p-dimensional nor-

mal distribution and so does y/n (B () — B) with the asymptotical variance matrix equal
to (3.9). O

3.2.1 Asymptotical variance matrix

Asymptotical variance matrix of the functional estimator is relatively complex and strongly
depends on the choice of function ¢. In this section we will compute the exact form of the
matrix for a few particular choices of the function and then suggest a consistent estimator
of the variance matrix.

Let us consider asymptotical variance matrix V(¢) given by (3.9).

1. Choice ¢(z) = z corresponds to the least-squares estimator (3.6) and the variance
matrix directly simplifies into

V(¢) =*V '+ V' E(ZyZ(Z)3Zy) - V',
where V = EZ(Z{, = varZ,.
2. Choice ¢(z) =

variance matrix
ZoZ), - ZoZ), )
\Y =(E——-"—— -E VAV / .
(¢) ( 02+Z62Z0) (02 + ZL27)? (U + 4 0)

A ZZy N\ (p TZy  \T_
o2 + 26220 o? + Z62Z0

— (Ep(Zo)Z) "

i, lesults in the weighted least-squares estimator with the

3. Choice ¢(z) = 1 —27, corresponds to the special case of the weighted least-squares

estimator for 3 = ¢ and its variance matrix equals

V(¢) — O_QF—l + F—lE (ZOZE)ZE)EZO> -1

(1+ZyZo)?

where F = E-2%
T T 14ZyZo
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Theorem 3.1 gives the exact formula for the asymptotical variance matrix of estimator
B(¢) for general function ¢. The three specific choices of ¢ given above indicate that
evaluation of the matrix is rather complicated. Naturally, we are interested in a consistent
estimator of this matrix.

Theorem 3.2.
Consider RCA(p) model according to Definition 3.1. Let ¢ : R — RP be measurable
function such that matrix E¢(Zg)Z; is finite and positive definite.

Let 6% and f]n be strongly consistent estimators of 0? and X, respectively. Denote
1< ,
Py = Z O(Zi-1)Zy s,

Q, = _Z [ O(Ze 1)H(Zy 1) (32 + Z)_ 50Ty 1) -

Then
V.(¢)=P;'-Q, P! (3.11)
is a strongly consistent estimator of the asymptotical variance matrix V (¢) given by (3.9).

Proof: Denote Q = ¢(Zo)p(Zo) (0* + Z{XZo) and notice that
V(¢) = (EP1)"" - EQ- (EP) ™

Since {X;,t € Z} is strictly stationary and ergodic so is {¢(Z;_1)Z,_,t € Z} and the
ergodic theorem tells us that P,, =% EP; = E¢(Z¢)Z) as n — +o0o. Term Q,, might be
rewritten as

n

LS B0+ S (6B )oY (2 S (312

t=1

The first term of (3.12) converges to % - E¢(Zg)¢d(Zo) due to consistency of 52 and
ergodicity of {¢(Z;_1)d(Zi—1)',t € Z}. The convergence of the second term in (3.12) has
to be proved more technically (using the Kronecker product, the vec operator and the
related identities from Lemma 6.6 and Lemma 6.8 stated in Chapter 6):

o (% Z ¢<Zf1)¢(zt1)l(zé1§nzt1)> =

:_Zvec @)oZi)),, (2 B2) = LS vee (620 1)6(Z0 1)) -

1x1 n
t

n

_ 1 _
- vec <Z;_1EnZt,1> = Zvec D(Zy-1),10(Zi—1)} ) - ((Z;_l ® Z;_l)vec(En)) =
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n

Z—Z (Zy—1) ® G(Zy— 1)) (Z; 1 ® Zy_)1xp? - Vec(in)zﬁxl =

- (3 S 6z 7)) @ (qs(zt_l)z;_l)) veolS).

n
t=1

The latter term thanks to the ergodicity of {Z,;} and consistency of ﬁn converges to

E ((6(Z0)Zh) © (6(Z0)Z)) - vee(E) = E ((9(Zo) ® 6(Zo)) - (Z ® Zp) - vee(E)) =
= E (vec (9(Z0)6(Zo)') - vec (ZyEZh)) = vee (E (6(Zo)d(Zo) ZyE2Z)) -

Thus, Q, =% EQ as n — +o0o which completes the proof that \Afn(gzﬁ) L5V (g). O

3.2.2 Optimal estimator

Similarly to Section 2.4.1 where we studied the impact of the generating function of
the functional estimators for the first-order RCA models, we will find an optimal choice
of the function for the higher-order models in this section. Optimality of an estimator
will be defined using its asymptotical variance matrix. Namely, estimator 3(¢) defined by
equation (3.8) is optimal if its asymptotical variance matrix V(1) defined by (3.9) satisfies
V(¢)—V(¢) > 0 for any estimator E(cb) with variance matrix V(¢) (the difference of the
variance matrices is a positively semi-definite matrix). This property ensures, for instance,
that the variances of all elements of vector estimator B(@D) are the smallest possible.
Now let us assume that the conditional variance of error process {Y;} equals o2. We will
show that the optimal estimator is the weighted-least squares estimator which corresponds
to the choice ¥(z) = ey, = ﬁ and which asymptotical variance matrix has been
derived in Section 3.2.1, point 2. The derivation mimics the similar inference for RCA(1)
models performed in Section 2.4.1. Let us define two p-dimensional random vectors

T, = z; ¢(Zt—1)(Xt - :Blzt—l) = z; ¢(Zt—1)ut>

- Zt—l(Xt - ﬂlzt—l) & Ly quy
Ty = = .
2 ; 02+ 7, X7, , ; w(Zy_1)

Since both sequences {¢(Z;—1)u:} and {f(titlj‘lt)} are martingale differences w.r. to F;, we
know that both ET; = 0 and ET, = 0. Variance matrix of vector T then equals

ET|T) =E Z O(Zi—1)uy - Z ¢(Zsl)/us> =
t=1 s=1

=B Y dZ)d(Ze) - ui + )Y H(Ze1)$(Zsr) - wsus | =

t=1 s=1
t#s
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n n

= B(¢(Z1)$(Zi—1) - E[uf| Fica]) = Y E((Z-1)$(Zir) - w(Zio))

=1 t=1

=n-E (¢(Z0>¢(Z0), : w(ZO)) (3.13)

using strict stationarity of the process {Z;} and the fact that for t > s (for ¢t < s the same
conclusion holds)

E ZZQb(Zt 1)¢(Zs 1) uus | = E ZZE Zt 1 —) 'Utus|~7:t—1] =
t=1 s=1 t=1 s=1
t>s t>s

SN AZi)o(Zon) - us - Elu| Foa] | =0,

t=1 s=1
t>s

Analogously

The cross-covariance matrix of T; and Ts could be rewritten into

-~ "7 u
ET,T, = E Zo 1)y - so1 s ) =
e ;¢< ' I)Ut Zw(zs—1)>

s=1

(b(Z Z Z, s
_E Z tlzttll Ut ZZ tl 1 s Ul _

t=1 t=1 s=1

t#s
(e e
t— 1 =1 s—1 s 1
t#s
— 0B (6(Z0)Z)) (3.15)

Variance matrix of 2p-dimensional random vector (T}, T%)’ is equal to the block-matrix

ET, T}, ET\T, \ E (4(Zo)p(Zo) - w(Zo)), E(¢(Zo)Zy)
. o , (3.16)
ET,T,, ET,T), E (Zop(Zo)'), E(#)
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where the elements were computed in (3.13) - (3.15). Case p = 1 has been studied
previously and it is based on the non-negativity of the determinant of matrix (3.16). For
general p > 1 we will employ the following theorem which is a modification of the theorem
concerning computation of the determinant for a block matrix:

A B
M = ,

where A, B, C are p X p-dimensional matrices. Let M > 0, B be a regular matrix, and
C be a symmetric regular matrix.
Then

Theorem 3.3.
Consider block matrix

B 'AB'-C'>o0.

Proof: We will prove that A — BC™!B’ > 0 from which the result could be obtained
by multiplication of matrices B~ and B’~!, respectively. Choose arbitrary x € R? and
y € RP. Matrix M is positively semi-definite which means that

X,y )M < ; ) =x'Ax +yB'x + x'By + y'Cy = X' Ax + y'Cy + 2x'By > 0.

We want to know that for any x € R? holds
x'Ax — x'BC 'B'x > 0.

Comparing the previous two inequalities we conclude that it suffices to find y € R? such
that
y'Cy + 2x'By = —xX'BC'B'x.

Denote z = B’x. Then y has to satisfy elliptical equation
y'Cy +2z'y +2C 7'z = 0. (3.17)

Assuming for the moment that p = 1, the equation simplifies into cy? + 2zy + % =0
which is solved by y = —%. And really the choice y = —C~!z fulfils equation (3.17) which
completes the proof. O

Let us come back to block matrix (3.16). If the block elements E¢(Zg)Z{ and E%
are regular matrices, we could employ theorem 3.3 and conclude that

(Eo(Z0)Zy) " E (6(Z0)(Z0)' - w(Z0)) (EZod(Zo)) " (Efszw) ="
= V(o) = V() > 0,

where V(¢) is the asymptotical variance matrix of general estimator ﬁ(qﬁ) and 1(z) = o)

corresponds to the asymptotical variance matrix of the weighted least-squares estimator.
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3.3 Simulation study

In the previous section we extended the concept of functional estimator to the higher-
order RCA processes. The aim of this study is to compare two functional estimators
— one corresponding to the least-squares estimator, the other to the special case of the
weighted least-squares estimator. We are interested in the impact of variances of random
coefficients to the estimators.

Setup of the simulations is the following: We simulate a sequence of observations from
RCA(2) model given by equation

Xt - (()4 + Bt,1>Xt71 + (02 + Bt,Q)thQ + }/:‘,7 (318)

where random coeflicients {B; = (B; 1, B;2)',t € Z} are independent normally distributed
N5(0,¥) random variables and error process {Y;,t € Z} is a sequence of independent and
normally distributed N (0, 1) variables independent of {B,}.

Simulation procedure involves the following steps:

2.0
e st o= | 7! where 02,02 € {0;0.05;0.10;...:0.35}
0 o3
— repeat 100 times
1. simulate RCA(2) time series (500 observations)

2. estimate parameter 3 using B s and B((b) with ¢(z) = respectively

—_Z __
1+2z'z’

—\ 2
— for each estimator compute = 100 2100 B and MSE = L 2100 ( i )

e plot E and MSE as functions of 7 for the fixed level of 3 for each estimator

Before the actual simulation, let us examine stationarity assumption A10 closely. This
assumption states that all eigenvalues of matrix E(C; ® C;) + (B ® B) should be less than
unity in order there exists a stationary RCA process. In our case

B B 04 0.2
C, — t,1 t,2  B= .
0 0 1 0

Using independence of B, ; and B, 5, that follows from their non-correlated jointly normal
distribution, we have

E(C;®Cy)+(B®B) =

B} Bi1Bi» BB B}, 0.16 0.08 0.08 0.04
0 0 0 0 04 0 02 0

=E + =
0 0 0 0 04 02 0 0

0 0 0 0 1 0 0 0
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Figure 3.1: Eigenvalues from staionarity assumption as functions of variances o} and o3.
Each surface stands for a single eigenvalue.

0?4+ 0.16 0.08 0.08 o3+ 0.04

B 04 0 02 0
0.4 02 0 0
1 0 0 0

The latter matrix has four eigenvalues for each choice of o7 and o3. Figure 3.1 displays
those eigenvalues as functions of the variances. Each surface stands for one eigenvalue
and we can see that all of them are bounded by values of z axis —1 and 1, respectively
(pink bottom plane and light blue upper plane). Thus, each choice of variance matrix X
leads to a stationary RCA(2) process.

Results of the simulation study are displayed on Figures 3.2 and 3.3. Compared esti-
mators B¢ and B(17%,) behave similarly when random coefficients have low variances.

However, BLS on average underestimates the true value of parameter when variances
increase and the estimated values vary depending on simulations. On the other hand,
B(i7%,) is stable no matter how large variances of random coefficients are and the esti-
mated values do not vary so much.

We also performed the same simulations with the only difference, namely we set true
parameter 3 in equation (3.18) (where it equals (0.4,0.2)") to (0.2,0.4)" or (0,0)’, respec-
tively. Figures 3.4 and 3.5 display results for 8 = (0.2,0.4)" which do not differ from
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the previous ones and the least-squares estimator still underestimates the true parameter
when variances increase. Figures 3.6 and 3.7 show results for 8 = (0,0)". There both
estimators behave similarly no matter how large the variances are, with a little bigger
MSE in case of the least-squares estimator.
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Figure 3.2: Average estimate of true parameter 8 = (0, 52) = (0.4,0.2)" in simulated
RCA(2) model. Upper panels stand for estimation of 3;, lower for ;. Left panels display
results for the least-squares estimator, right panels for the functional estimator. Horizontal
axis stands for variance o7, curves corresponds to various choices of variance o3 (color of

the curves ranges from black to red as o3 increases).
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Figure 3.3: MSE of estimators of parameter 3 in simulated RCA(2) model (true parameter
B = (B1,02) = (0.4,0.2)"). Upper panels stand for MSE concerning to /31, lower for (.
Left panels display results for the least-squares estimator, right panels for the functional
estimator. Horizontal axis stands for variance o7, curves corresponds to various choices

of variance o3 (color of the curves ranges from black to red as o3 increases).
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Figure 3.4: Average estimate of true parameter 8 = (0, 52) = (0.2,0.4)" in simulated
RCA(2) model. Upper panels stand for estimation of 3;, lower for ;. Left panels display
results for the least-squares estimator, right panels for the functional estimator. Horizontal
axis stands for variance o7, curves corresponds to various choices of variance o3 (color of

the curves ranges from black to red as o3 increases).
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Figure 3.5: MSE of estimators of parameter 3 in simulated RCA(2) model (true parameter
B = (B1,02) = (0.2,0.4)"). Upper panels stand for MSE concerning to /31, lower for [;.
Left panels display results for the least-squares estimator, right panels for the functional
estimator. Horizontal axis stands for variance o7, curves corresponds to various choices

of variance o3 (color of the curves ranges from black to red as o3 increases).
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Figure 3.6: Average estimate of true parameter 3 = (f1,02) = (0,0) in simulated
RCA(2) model. Upper panels stand for estimation of 3;, lower for ;. Left panels display
results for the least-squares estimator, right panels for the functional estimator. Horizontal
axis stands for variance o7, curves corresponds to various choices of variance o3 (color of

the curves ranges from black to red as o3 increases).
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Figure 3.7: MSE of estimators of parameter 3 in simulated RCA(2) model (true parameter
B = (b1,02) = (0,0)"). Upper panels stand for MSE concerning to (;, lower for (.
Left panels display results for the least-squares estimator, right panels for the functional
estimator. Horizontal axis stands for variance o7, curves corresponds to various choices

of variance o3 (color of the curves ranges from black to red as o3 increases).



Chapter 4

Estimators of multivariate models

4.1 Model specification

We will extend the concept of functional estimator to the multivariate RCA(1) models in
this chapter, assuming that values of the process belong to R™ for general m € N. We
will restrict ourselves to the first-order model only, so the results might be compared to
univariate RCA(1) models studied in Chapter 2. Similarly to Chapter 3, we will specify
the model, briefly describe the usual least-squares estimator and define a class of the
functional estimators. We will proof strong consistency and asymptotical normality of
such estimators and we will demonstrate their properties via a simple simulation study.

Process X; = (X/,...,X/") € R™ is called multivariate RCA(1) model of the first
order if X; for each t € Z satisfies

X =(B+B)Xi1 + Yy, (4.1)

where 3 is a matrix of unknown parameters, {B;,t € Z} is a sequence of random matrices
and {Y,t € Z} is a random vector error process. Let us denote

Bii ... Bim Bl' ... BIm v}

Bt e Boum B ... Bpm ym
Equation (4.1) might be rewritten into
Xt = IBXt—l + u, (42)

using new vector error process u; = B X; 1 + Y, = (X}_; ®I) - vec(B;) + Y, (for the
second equation see Lemma 6.8, property d) that will play an important role later on.

We assume that error process Y, is independent of the 7id distributed random coeffi-
cients B;. Similarly to the univariate case, we allow the error process to be a stationary
martingale difference sequence.

29
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A11: All eigenvalues of matrix E(By ® By) + (8 ® B) are less than unity in modulus.

Definition 4.1. Generalized multivariate RCA (1) process

Random vector process {X;,t € Z} is called Generalized multivariate RCA(1) process
if X; satisfies V¢ € Z equation (4.1) and if stationarity condition A1l is met. Matrix
process {B;} is assumed to be a centered iid sequence with finite positive definite matrix
3. = E(vecB; - vec’B;) independent of error process {Y;} which is an ergodic and strictly
stationary martingale difference sequence with respect to F; = o (B, Y; s < t) with finite
positive definite variance matrix G.

If we denote 3 = E(vecB; - vec'B,) and assume that E[Y;Y}|F;_1] = G, we can derive
the conditional moments of process {X;}

E[Xt|ﬂ—1] = IBXt—17

var [X;|Fi_i] = B[ (X; — E[Xy|Fim1]) (Xi — EX| Fmt]) |Fimi] = Elwu)|F_y] =
= B[ ((X)_y @ vee(By) + Y1) ((Xi_; @ Dvee(By) + Y,)' || =
E[( 11 ® Dvee(By)ved (By)(Xy—1 @ I)|Fio1] + E[Y, Y| Fy] =
=X 0D 2 (X eI) +G.
The conditional variance is a m X m matrix and sometimes it is useful to express it as a
vector. Using Lemma 6.8 from Chapter 6, matrix identity ¢, we have

vec (var[Xy|Fi1]) = [(X]_, @ I) @ (X]_, @ I)] - vec(X) + vec(G)
which could be transformed into
vech (var[Xy| F;_1]) = vech (E[u,u)|F,_1]) = H,,vec (var [X,|F_1]) =
=H,, [(X|_;01)® (X|_; ®I)-K],vech(X) + K/, vech(G)] =
=H, (X, ;@) ® (X, ; @ DK/ . - vech(X) + vech(G), (4.3)
where H,,, and K,,,2 are the matrices from Lemma 6.9 in Chapter 6.
The following theorem proves that there exists a unique strictly stationary solution

of the stochastic difference equation (4.1). The solution is measurable with respect to
Fi=0((B,,Y);s <t), and is of the form

X; = Z [H(ﬁ + B )

J=0

) Yt—ja (44)

where the product is defined as 1 for 7 = 0.

Theorem 4.1.
There exists the Generalized multivariate RCA(1) process according to Definition 4.1
which is F;-measurable, ergodic and strictly stationary:.
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Proof: The existence of RCA process and its properties are profoundly discussed in [25],
Section 2.3. However, the definition of RCA process stated there differs in the assumption
that Y, are supposed to be independent. We will benefit from the proofs given there and
we will show that the crucial steps remain valid also for the RCA process according to
our definition.

Iterating equation (4.1) we get

X =Y, +(B+B) [Yio1+ (B+Bi1)X, o] =
=Y, +(B+B)Yi 1+ (B+B)(B+Bi1)Xi2=...=

= Z Sij1- Y +S, - X, (4.5)
§=0

r

where S;, = [[(B+B;—x) forr=0,1,... and S; _; = I. Denote W, = X; —S;,- X;_,_1
k=0
and if we knew that the sum in (4.5) converges, we could continue with the iteration into

infinity when the second term would diminish to zero and we would obtain the solution
given by equation (4.4) which is equal to the limit of W, as r goes to infinity.

Now we will compute the variance matrix of Wy, in the form of vec operator. Noticing
that

E |:VeC (St,jletijzfiS;ifl)} =E [(S,m;l X St,jfl)} -E [VGC(Yt,J’Yzii)} =0

for ¢ # 7 where we used matrix identity ¢ from Lemma 6.8 in Chapter 6 and the indepen-
dence of S;, and Y, for any time v € Z, we have

vec (E [WWW;T}) = vec (E Z St,j1Yf,j] [Z St,ilYti] > =
=0

L j=0

= vec (E Z St,j—lYt—jYé—jS;,j—ll) =

L j=0

=D E(Stj-1©8-1) - E[vec (YooY )] =
=0
j—1 j—1

= Z E (H(B +B )@ [[(B+ Bt,>> vee (E[Yo Y, )]) =

k=0 1=0

->E (H(g Y B ® (8- Btk>> -vec(G) =
:ZH(B®ﬁ+E(Bt®Bt)) -vec(G) =
=Y (E(By®By) +B® ) - vec(G). (4.6)

J=0
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The condition under which the sum in equation (4.6) converges is equal to the stationarity
assumption A11. That is sequentially proved in Theorem 2.2 and Corollary 2.2.1 in [25], all
of which derivations remain valid under our assumption on RCA process. The uniqueness
of the process {X,} is discussed in Corollary 2.2.2; stationarity and ergodicity is proved
in Theorem 2.7 in [25]. O

4.2 Functional estimator

The least-squares estimator of multivariate RCA(1) model according to Definition 4.1 is
defined (see [25], Section 7.2) as

n n -1
BLS = (Z XtX;l) ) (Z thX:tl) : (4.7)
t=1 t=1

There also has been proved its strong consistency, which in this case means that
vec (BLS — ﬁ) %0

and asymptotical normality of \/n - vec (B LS — B).
The other parameters of the model, variance matrices ¥ and G, can be estimated as
follows: Equation (4.3) gives the expression of the conditional mean of vech(u,u}). If we

compute the estimated residuals u; = X; —@ s X¢—1, Nicholls and Quinn in [25] suggested
to estimate parameters ¥ and G by regressing vech(u,u}) on

(1‘A;—1> = (1|Hm(X§5—1 ® I) ® (X;—1 ® I) lmz)

with the regression parameters (vech(G)’, vech(X))’. The solution of the regression equa-
tion is equal to

vech(E) = (ZH: (A —A) (A — K)’) ) (2”: (A;1 —A) - vech (utu;)) :

vech( é Z vech (u,uy) ~A' Vech(fl),

(4.8)

where A = 13" A, ;. In [25], Theorem 7.2, there is proved that under higher moment
conditions of process {X;} such estimators are strongly consistent (one requires finite 4
moments of the components of vector X;) and asymptotically normal (finite 8 moments).
Likewise in the extension of the functional estimator to univariate higher-order RCA(p)
models, we propose an extension of the least-squares estimator into a broad class of
estimators using measurable function ¢ : R™ — R™. Thus, let us define estimator

(th O(X; ) (th 10(X 1)>_ : (4.9)
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We published the proof of the following theorem for a special multivariate RCA model
with #id errors (see [36]). Since then we have extended the statement to the generalized
RCA models.

Theorem 4.2.

Consider Generalized multivariate RCA (1) process according to Definition 4.1.

Let E[Y,Y||Fi_1] = G a.s for all t and let ¢ : R™ — R™ be measurable function such
that matrix E¢(X)X{, is finite and positive definite. Denote

V(¢)=(EP)"'-E(QGQ) - (EP')"' + (EP)""-E (PXP') - (EP')"',  (4.10)

where P = ¢(X0)X{ ® I and Q= ¢(Xo) @ L.
Then estimator (3(¢) defined by (4.9) is a strongly consistent and asymptotically normal
estimator of parameter 3 with asymptotical variance matrix defined by (4.10).

Proof: According to Definition (4.9) of functional estimator B(qﬁ) we know that
n -1
B<¢>—ﬁ—<zxt¢<xt1 ﬁZXt 16(Xi- ) (th 16(Xi 1>) =
. -1
(Zut¢ (Xi-1 ) (th 16(X- 1)) :

Now using Lemma 6.8 from Chapter 6, matrix identities f and g, we have

n

1 Z (p(Ximr) @ T) wy

n
t=1

vec(B(9) — B) = (% Zﬁb(Xt—l)XQq) ®1 [(4.11)

Strict stationarity and ergodicity of X; guarantees strict stationarity and ergodicity of

both sequences {¢(X;_1)X,_;,t € Z} and {(¢(Xi—1)®@I)wy, t € Z}. Moreover, components

of the latter sequence form a martingale difference sequence with zero mean value, which
. . 2 ..

can be seen by choosing arbitrary @ € R™ and noticing that

Elo/(¢(Xi-1) @ Du| Fia] = o/ (6(Xe-1) @ DE[w|Fia] = 0

Ergodic theorem (see e.g. [10], Theorem 13.12) tells us that the first term in (4.11) con-
verges almost surely to (E¢(Xo)X}) ™! ® I and the second term converges to zero, which
implies that V@C(B(gb) —B) — 0 as n — +o0.

Proof of the asymptotical normality requires little bit more computation:

var

—~

a’(cb(xt_l) @ Du,) = E (B[(0/(6(Xi) @ Du)* £ ) =
(E d(Xiq ®I)utut(¢(xt—1)/®I)O/|}_t—1]) =
(e'( Xt D) ® 1) Blu)| Fia] - (6(Xe-) @ Do) =

B
E
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=E(/(0(Xim1) ©1) - [(Xi; @ DE(Xm1 @ 1) + G - (¢(Xy-1) @ D)) =
= o'E ((6(Xi-1)Xj_; @ DE(X-16(Xs-1) @ 1)) o +
+ o'E ((¢(Xeo1) @ I)G(p(Xy—1) @ T)) . (4.12)

Similarly to equation (4.11) notice that

Vi - vee(B() — B) = (%watnx;l) 91| -

% Z (¢(th1) &® I) u;

where the first term converges to (E¢(Xo)X}) ™! ® I and the second term has due to
Lindeberg-Levy theorem for martingales (see [7]) asymptotically m-dimensional normal

distribution. If we introduce expressions P and Q according to Theorem 4.2, the variance
matrix V(¢) can easily be derived from (4.12). O

4.2.1 Asymptotical variance matrix

Variance matrix V(¢) defined by equation (4.10) is very complicated, so we suggest a
consistent estimator of the asymptotical variance matrix. Firstly, we need an auxiliary
proposition:

Theorem 4.3.
Let (2, A, P) denote probability space. Let {A,,n € N} and {B,,n € N} be random
r x r-dimensional matrix processes. Assume that {B,} is ergodic with finite second

moments and that A,, == A as n — +o0o where A € R"™*" is a finite constant matrix.
Then

1 ¢ a5
- E B;A, B, — E(B;AB/) as n — +o0.
n

=1

Proof: We will prove the convergence of the correspondent components using ergodicity
and the vec operator (see Chapter 6 for its properties):

1< a.s
ec <— E BtAnB;f) g vec B A, B' g B; ® B; - vec(A,,) —
n
=1

“SE(B®@B) - Vec(A) = E (vec (B1ABY)) = vec (E (B;ABY)).

Now let us formulate and prove the theorem concerning the consistent estimator:

Theorem 4.4.
Consider multivariate RCA (1) model according to Definition 4.1.
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Let ¢ : R™ — R™ be measurable function such that matrix E¢(Xo)X{, is finite and positive
definite. Let G, and £, be strongly consistent estimators of G and X, respectively.
Denote Py = ¢(X;_1)X] ; ®1 and Q; = ¢(X;_1)® L

Then

-1

() Elasa (5]

t=1

+n (g Pt) - En: (Ptfznpg) : (; PQ) R

t=1
is a strongly consistent estimator of asymptotical variance matrix V(¢) given by (4.10).

Proof: Process {X;,t € Z} is strictly stationary and ergodic which implies that {P;,t €
7}, {Q:,t € Z}, {P,XP;,t € Z}, and {Q:GQj},t € Z} are strictly stationary and ergodic.
The ergodic theorem tells us that £ 3% P, == EP and 1 Y7 | Q, == EQ as n — —+o0,

where P and Q are defined in Theorem 4.2. Consistency of estimators én, in and
Theorem 4.3 completes the proof. 0

4.2.2 Lower bound for variance matrix

Similarly to the previous chapters, we are interested in the optimal choice of generating
function ¢ for estimator 3(¢). We will employ the same techniques described in Sec-
tions 2.4.1 and 3.2.2, so we will omit unnecessary details. The only difference this time
is that we are not able to identify the optimal estimator (optimal in the sense of asymp-
totical variance matrix). Thus, we will infer the lower bound for asymptotical variance
matrix of the estimators.

Let E[Y;Y}|F;_1] = G and define two m*-dimensional random vectors

Ti=) (6(Xem) ®IL) - (X — FXi1) = ) (6(Xir) @T) -y,

To = Z (X @T) - w(Xeoy) - (X = BX) = Z (X1 @T) - w(Xyo1) ™ -y,

t=1 t=1

where w(z) = (2 ® 1) -2 (z®1I) + G. Since both sequences {(¢(X;—1) ®I) - u,} and
{ (Xt,l ® I) -w(X; ;)7 u;} are martingale differences w.r to F, it immediately follows
that ET; = 0 and ETy = 0 and the variance matrix of vector T equals

ET, T} :E(zn: (Cb(Xt 1 ®I ut> (Zu A( X1 ®I)> =

t=1

- ZE $(Xi-1) @ I) upwy (¢(X-1) ® 1)) =
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n

((a
(6(Xo) @T) - w(Xo) - (6(Xo) @1)) =

(6(Xo) @) - (Xp@1)-£- (X @) + G) - (¢(Xo) ® 1)) =
(¢(Xo) X’®I) (Xo90(Xo) @) + (6(Xo) ®I) G (¢(Xp)' ®T)) =

®

using matrix property from Lemma 6.7 and the notation defined in Theorem 4.2. As the
direct analogy we can infer that

ET,T) =n-E((Xo®I) - w(Xo) " (X{&T)). (4.14)
The cross-covariance matrix of T; and T5 could be computed as follows:

ETlT’ZzE<<zn:(¢(Xt )®I) - ) (Zu w(X, 1) (X;_1®1))>:

t=1

= Z E((¢(Xi—1) @ I) - Elupu) | Foq] - w(Xey) ™ (X, ® 1)) =

- Z E H(Xio1) ® I) w(X; 1) 'W<Xt—1)_1 ' (ngl ® I)) -

=n-E((¢(Xo) ®I) - (X{@I)) =n-E(¢(Xo)Xy®1I) =n-EP. (4.15)

/

Variance matrix of 2m?-dimensional random vector (T, T5)" is equal to the block-

matrix
ET,T,, ET,T,
ET,T,, ET,T,
where the elements were computed in (4.13) - (4.15). Theorem 3.3 tells us that if the
block elements ET, T/, and ET,T), are regular matrices, we have
(ET,Ty) " (ETVTY) - (BT,TY) " — (ET,TY) ' >0
+— (EP)"' E(PYP' + QGQ) - (EP)™' — (ET,T)) " >0
= V(©0) - (BE(XoeD-w(Xo) ! Xy 1))~ >0,

where V(¢) is the asymptotical variance matrix of general estimator B (¢). Thus

-1

(E(Xo®I) w(Xo) ' (X;@1)))

is the lower bound of the asymptotical variance matrix for all functional estimators B((b)
such that E (¢(Xo)X{, @ I) is regular.
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There are a few special cases when we can compute the optimal estimator explicitly.
If ¥ = 0 for instance, which corresponds to the classical AR model, and G = ¢*I for
some 02 > 0, we have w(z) = 0?I. Then the lower bound equals

(E(Xo@D) -w(Xy) " (Xp@T)) ' =0 (EXXp@T)

and asymptotical variance matrix of the estimator ,B’ (¢) with ¢(z) = z achieves this lower

bound.

4.3 Simulation study

We introduced and studied a class of functional estimators of parameter 3 of the multi-
variate RCA (1) process in the previous sections. This study will compare the least-squares
estimator to the particular choice of the functional estimator.

Setup of the simulations is the following: We simulate a sequence of observations from
2-dimensional RCA(1) model given by equation

X} 0.2 0.1 B!' B}* Xt Y/}
X? 0.3 04 B2 B2 X?, %
where both random coefficients B; and error process Y; are mutually independent and

identically normally distributed. We set ¥ = var(vecB;) =0.2-T and G = varY; = L.
Simulation procedure consists of the following steps:

e repeat 1000 times

1. simulate 2-dimensional RCA(1) time series (100 observations) given by equa-
tion (4.16)
2. estimate parameter 3 using B, ¢ and B(¢) with ¢(z) =

_z_
1+2z'z
e compute B = ﬁ Zgio Bz for each estimator

e plot density estimations of all parameters for both estimators

Let us verify stationarity assumption A11 of the process first. This assumption requires
that all eigenvalues of matrix E(B; ® B;) + (8 ® B) are less than unity:

EB;@B)+ (B B) =

varB' 0 0 varB}? 0.04 0.02 0.02 0.01

5 0 00 0 | 006 008 003 004 |
0 00 0 0.06 0.03 0.08 0.04
varB2' 0 0 varB2 0.09 0.12 0.12 0.16
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0.24
0.06
0.06
0.29

0.02
0.08
0.03
0.12

0.02
0.03
0.08
0.12

0.21
0.04
0.04
0.36

using mutual independence of random coefficients that follows from their non-correlated
jointly normal distribution. The latter matrix has four eigenvalues (0.583, 0.064 + 0.0364,
0.064 — 0.036i, 0.050) all of which absolute values (0.583, 0.073, 0.073, 0.050) are less
than one. Thus, the simulated process is well-defined stationary 2-dimensional RCA(1)
process.

Results of the simulation study are displayed on Figure 4.1 and in Table 4.1. We have
1000 estimated values of true parameters (11, B12, B21 and (Ba2. We compare the estimators
via both sample means and via density estimations (we use default density estimation in
R based on kernel smoothing).

parameter | true value | LS est. | ¢(z) = ﬁ
B 0.2 0.163 0.182
P2 0.1 0.088 0.098
B2 0.3 0.257 0.278
P22 0.4 0.391 0.401

Table 4.1: Average values of estimated parameters

The least-squares estimator B s always underestimates the true value, especially for

(11 and (31 whereas functional estimator 3( T +zz ,z) is closer to the true values. The density
estimation also reveals bias for the least-squares estimator.
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Figure 4.1: Density of estimated values of the parameters (red color for LS estimator,
blue color for functional estimator) for simulated 2-dimensional RCA(1) process.



Chapter 5

Conclusions and further topics

This work studied estimation of parameters in Random Coefficient Autoregressive time
series models. We introduced the concept of functional estimator originally published by
Schick. The idea behind such estimators is based on generalization of the least-squares
estimator via imposing chosen measurable function that controls contribution of past
observed values.

The functional estimator, which covers both least-squares and weighted least-squares
estimators, was thoroughly investigated. We proved its strong consistency and asypmtot-
ical normality (Theorems 2.2, 3.1, and 4.2) and proposed a strongly consistent estimator
of its asymptotical variance for the univariate first-order case (Theorem 2.3) and asymp-
totical variance matrix for the higher-orders and multivariate cases (Theorems 3.2 and
4.4). We deduced that the weighted least-squares estimator has the smallest asymptotical
variance among all functional estimators and illustrated impact of the choice of gener-
ating function on the estimator for a narrower class of functions where the shape of the
functions depends on a single parameter only. We also established the rate of conver-
gence for the distribution of the estimator to normal distribution (Theorem 2.8). For
the higher-order RCA processes, we evaluated the asymptotical variance matrices for a
few specific choices of the generating function and showed that the optimal estimator (in
the sense of asymptotical variance matrix) is the weighted least-squares estimator again.
Generally, the techniques of the proofs provided were similar to those for the first-order
model, only more attention had to be paid to precise manipulation with matrix terms and
a few technical theorems had to be used (for instance Theorem 3.3).

We performed many simulations throughout the previous chapters. Generally speak-
ing, the least-squares estimator usually underestimated the true value of the parameters
in contrast to the weighted least-squares estimator. Such underfit was heavier for larger
variances of either random coefficients or error process. Since the weighted least-squares
estimator requires the knowledge of additional variance parameters, which typically re-
sults in an iterative estimation procedure, we proposed a special functional estimator
that is equivalent to the weighted least-squares estimator under some special conditions.
It turned out that such estimator behaves well even under general conditions, does not
require any prior knowledge of the parameters, and preserves the simplicity of the least-

70
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squares estimator.

We established the stochastic setup in which we studied behavior of the estimators. In
accord with other authors we assumed that the random coefficient process is a sequence
of independent and identically distributed random variables (or vectors, matrices, respec-
tively) but we relaxed the error process into a strictly stationary and ergodic martingale
difference sequence. Theorems 2.1 and 4.1 proved that there exist such univariate and
multivariate RCA processes.

We are aware that such assumptions are rather strong and hard to verify. The as-
sumptions might be further relaxed which would require more complicated limit theorems
dealing with weak dependency of random variables, vectors or matrices to prove stated
asymptotical results. We could also study the bias of the estimators or eliminate the pre-
sumption that conditional variance of the error process is time invariant which simplified
the proofs. Another generalization could be based on the demanded mutual independence
of the random coefficients and the error process. Some authors have allowed the sequences
to be correlated via a constant correlation matrix. Since we widely benefited from the
independence through the proofs, we did not relax the model in this manner.

Theorem 2.8 is a general Hoeffding-type exponential inequality that might be of in-
dependent interest. It would be possible to extend the result further to the multivariate
case and obtain multivariate version of the Berry-Essén inequality.

We have also tried to apply our results to real data. Unfortunately, financial data of
logarithmic returns we had at our disposal did not exhibit any autoregressive effect. On
the other hand, applications of our results to other theoretical approaches (likewise the
authors of [39] have done in a special simple case proposed by Schick in [28]) is a challenge
for further research.



Chapter 6

Auxiliary results

Definition 6.1. Ergodicity

Let (€2, A, P) denote probability space.

Measurable transformation 7' : Q — Q is said to be measure preserving if P(T~!(A)) =
P(A) for all A € A.

Event A € A is invariant towards transformation T if T-!(A4) = A. Let £ denote o-field
of all invariant events under 7'

Measure preserving transformation 7 is ergodic if P(E) =1 or P(E) =0 for all E € £.
Strictly stationary sequence {X;,t € Z} defined on (9, A, P) is called ergodic if

Xi(w) = X, (T (w))

for all t € Z and w € (), where T is a measure preserving and ergodic transformation.

Theorem 6.1. Ergodic Theorem
Let {X;,t € Z} be a strictly stationary ergodic integrable sequence.
Then

R
,}E’Qog;XtZEXl a.s..

Proof: See [10], Section 13.4, Theorem 13.12. O

Lemma 6.1. Persistency of ergodicity

Let {X;,t € Z} be a strictly stationary ergodic sequence with values in some measurable
space (X, B).

Let f be a measurable map f : (X*°,B*) — (¥, T), where X*° is the product space, B®
is the product o-field, and (Y, T) is a measurable space.

Then {Y;,t € Z} where Y; = f(..., X;_1, X3, X411, ... ) Is an ergodic sequence.

72
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Proof: See [33], Lemma 4.23. Special case for RCA processes with singly-infinite argu-
ments of function f to the past is proved in [28], Theorem 2.7. O

Lemma 6.2. Accuracy of normal approximation
Let (2, F,P) be a probability space and f and g be F-measurable functions.
Then for any € > 0

p(L<a) -0

where ®(z) is the distribution function of the standard normal distribution.

Proof: See [24]. O

Ssgﬂg|P(f§y)—‘1>(y)\ +P(lg—1>¢) +¢,
Y

sup
z€R

Lemma 6.3. Berry-Esséen Theorem

Let {U,,t € N} be martingale difference sequence with constant nonzero variance o2. Let
P(|Uy| < ¢,¥t € N) =1 for some constant ¢ > 0.

Then there exists d > 0 such that for each n € N

1 1 «
P(ﬁ.ﬁ;ng) — ®(x)

Proof: See [18]. O

sup
z€eR

Lemma 6.4.

Let {Xy,t € Z} be Ly-NED of size —a on {V,t € Z} with constants {d;}. Let h(z) be
function that satisfies Lipschitz assumption 2.3 with Lipschitz constant c, > 0.

Then {h(X}),t € Z} is also Ly-NED of size —a on {V';} with constants {cy, - d;}.

Proof: It is a special case of Theorem 17.12 in [10]. O

Lemma 6.5.

Let {Xy,t € Z} be an L,-bounded zero-mean sequence, for r > 1. Let {V,t € Z} be
a-mixing of size —a.

If {X;} is an L,-NED of size —b on {V,}, for 1 < p < r with constants {d;}, then
{Xy, Fi} is an L,-mixingale of size —min(b,a(1/p — 1/r)) with constants {c;}, such that
¢ = O(max(|| X o).

Proof: See Theorem 17.5 in [10]. O



CHAPTER 6. AUXILIARY RESULTS 74

Definition 6.2. Matrix Operators

Let A be an m X n matrix.

Then mn-component vector vec(A) is defined as stacking the columns of A, one on top
of the other in order from left to right.

Let A be an n X n symmetric matrix.

Then n(n + 1)/2-component vector vech(A) is defined as stacking those parts of the
columns of A on and below the main diagonal, one on top of the other in order from left
to right.

Let A be a m X n matrix and B be a p X ¢ matrix.
Then the Kronecker product AQ@B of A and B is the mp x ng matrix whose (4, j)th block
is the p x ¢ matrix a,; - B, where q, ; is the (7, j)th element of B.

Lemma 6.6.
Let A, B, C and D be any matrices and u, v be any vectors.
Then

(a) (A9B)®@C=A® (B®C)

(h) (A+B)®C=(A®C)+(B®C)

(c) (A+B)®(C+D)=(AR®C)+ (B®D)
(d uww'=u®v =v ®u

(e) (A®B) =A'®B'

(f) (A®@B)'=A"lg@B"!

Proof: See [29], Paragraph 3 in Chapter 7, mainly Theorem 7.6. d

Lemma 6.7.
Let A, and B;, 7 =1,2,...,n, be any matrices.

Then
(H Ai) ® (H Bj) = H (A;®B;).

Proof: See [29], Paragraph 3 in Chapter 7. O



CHAPTER 6. AUXILIARY RESULTS 75

Lemma 6.8.

Let A, B and C be any matrices and u, v, X andy be any vectors such that the expressions
below are well defined.

Then

(a) vec(u) = vec(u') = u
(b) vec(uv') =v®u

(c) vec(ABC) = (C'® A) - vec(B)

(d) Au= (U ®I)-vec(A)

) (AT ®(A®I) = (vec(A'A)) ®1
(f) vec(A-B) = (B'®1I)-vec(A)

(g) vec(uv')=(veI)-u

(h) vec ((uv')(xy')) = ((yx’) ® I) . (V ® I) -u

Proof: Properties a—e are proved in [29], Paragraph 5 in Chapter 7. Properties f
and ¢ are direct applications of property c. Property A is a consequence of properties f
and g. O

Lemma 6.9.
Let A be an n X n symmetric matrix.
Then there exist constant (n(n + 1)/2) x n? matrices K,, and H,, for which

vech(A) = H,vec(A)
vec(A) = K] vech(A)

such that H,K' = 1,,,11)/2. Matrix K,, is sometimes called the duplication matrix.
n (n+1)/

Proof: See Theorem A.1.3 in [25]. O
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Source codes

HEHBHHEHAHHEH AR HEH AR BB HBEH AR HBHHERBEHBEHHBHBEHBAH AR B EHBEHBHHEHBEHBRHBH R R BB R HH
function(beta,sigmaB,sigma¥2,n)

HEHBHHEHBHHEH AR HEH AR BB HHEHBEHHBHHERBEHBHHEHBEHBSH AR B EHBEHBEHEHHERBRH RS R ER B SRR HH
{

HEHHFHEH R R R R R R
Functionality: Generates RCA(p) model

Requirements: Library MASS

Assumptions:
- random coefficients have multi-dimensional normal distribution
- error process has normal distribution

Input:

- beta = vector of the true parameters beta

- sigmaB = variance matrix of random coefficients B_t
- sigmaY2 = variance of error process Y_t

- n = length of simulated time series

Output: Data frame consisting of 2 columns
- t = time index from 1 to length
-y simulated RCA model

Note: First n simulations is used as initial starting values.

#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
#
# Example of usage:

# - RCA(1) model:

# gen.rcap(beta=matrix(0.5),sigmaB=matrix(0.3),1,100)

# - RCA(2) model with correlated coefficients:

# gen.rcap(matrix(c(1/3,1/3) ,nrow=2) ,matrix(c(0.3,0.2,0.2,0.4) ,nrow=2),1,500)
#

HESHHAERHHAERH R AR HBRFH AR HH B RS HHERF R AR SR BRRHHERF R RS R R AR SR ARG RBRSHH R H RS H R AR HHH
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library (MASS)

p
N =

eps

dim(beta) [1]
2*n
<- rnorm(N, 0, sqrt(sigmaY¥2))

B <- mvrnorm(N, beta, sigmaB)

y <=

rep(0, N)

for(i in (p+1):N) {

}

y[i]l <- BLi,]1%*%y[(i-1):(i-p)] + eps[i]

data <- data.frame(l:n, y[(n+1):N])
dimnames (data) [[2]]<-1list ("t","y")
return(data)

}

S R A A R R R R R R R R R R R S
function(data)
St A A R R R R R R R R R R R

{

R s i
# Functionality: Estimates RCA(1) model using LS and weighted LS estimators

#

Input:

data = one-dimensional sequence of data to be fitted

Output: Row vector consisting of 6 values

#
#
#
#
# -
# -
# -
# -
# -
#
#

beta = estimate of beta parameter using LS estimator

betaW = estimate of beta parameter using weighted LS estimator

varEps = estimate variance of error process

varB = estimate of variance of random coefficient process

as.var = estimate of asymptotical variance of LS beta estimator

as.varW = estimate of asymptotical variance of weighted LS beta estimator

HERSHHAERHHARH R AR R B RHH AR FH RS R HERH R AR SR AR B H R ERHRRRS R R B SR ARG R B AR HH R R RS H R AR HHH

data<-c(0,data)
n<-length(data)-1
dataO<-data[-length(data)]
datal<-datal-1]

beta<-(datall*}data0)/(datal%*%data0)
names (beta)<-"beta"
est.eps<-datal-beta*datal

x<-data0~2
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y<-est.eps”2
regrese<-1m(y~x)

c<-coef (regrese)

names (¢)<-c("varEps","varB")

var.eps<-fitted.values(regrese)
datalW<-datal/var.eps
dataOW<-dataO/var.eps

betaW<- (datalW¥#*}datal)/(dataOWy*%data0)
names (betaW)<-"betaW"

as.var<-n*sum(c[1]*(datal"2)+c[2]*(datal1~4))/(sum(datal~2)"2)
names (as.var)<-"beta.as.var"
as.varW<-n/sum(datal~2/(c[1]+c[2]*data0~2))

names (as.varW)<-"betaW.as.var"

return(c(beta,betaW,c[1],c[2] ,as.var,as.varW))

}

HEHBHHEH AR HEH AR HEH AR HEHH SRR HBHBERBEHEHHEHBEHBSH AR B EHBEHBEH R B R R BRH RS R ER B SRR HH
function(data,p=1)
HEHBHHEH AR HEH AR HEH AR BB HHEH AR HBHHERBEH AR HEHBEH B R AR B EH B R RS HERHERBEH RS H R R EH RS HH

{
HERHHAERHHARH R AR HBER B AR RH B AR R R ERH R AR SR BRRHHERFR RS R B AR SR ARG R B AR HH R F R RS R B RSB S

# Functionality: Estimates RCA(p) model using LS and functional estimator
#

# Assumptions:

# - function fi is chosen as x/(1+x’x),

# but it is possible to redefine it in the code

#

# Input:

# - data = one-dimensional sequence of data to be fitted

# - p = order of assumed RCA(p) model to be fitted

#

# Output: Data frame consisting of 2 columms

# - beta.ls = estimate of beta parameter(s) using LS estimator

# - beta.f = estimate of beta parameter(s) using functional estimator
#

HERHHAERHHAHHBER BB ERH AR RHBRERRRERF RS R BR R R R AR FR B AR R B AR SRR SRR R R R B H R SRR AR H

fi.ls<-function(x){return(x)}
fi<-function(x){return(x/(1+t (x)%*%x))}

N<-length(data)

varl <- 0
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var2 <- 0
varl.1ls <- 0
var2.1ls <-0

for(i in (p+1):N) {
varl <- varl + fi(data[(i-1):(i-p)])*datali]
var2 <- var2 + fi(datal[(i-1):(i-p)]1)%*/t(datal(i-1):(i-p)]1)

varl.ls <- varl.ls + fi.ls(datal[(i-1):(i-p)])*datalil]
var2.ls <- var2.ls + fi.ls(datal[(i-1):(i-p)])
%%t (datal[(i-1): (i-p)])
}

beta.ls <- solve(var2.ls)¥%x*¥%varl.ls

beta <- solve(var2)¥%x*¥vari

solution <- cbind(beta.ls,beta)

dimnames (solution) [[2]]<-1ist("beta.ls","beta.f")
return(solution)

}
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