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Abstract: This manuscript deals with a novel, nonlinear, and non-stationary stochastic model with
symmetric, Laplacian distributed innovations. The obtained model, named Laplacian Split-BREAK
(LSB) process, is intended for dynamic analysis of time series with pronounced and permanent
fluctuations. By using the method of characteristic functions (CFs), the basic stochastic properties
of the LSB process are proven, with a special emphasis on its asymptotic behaviour. The different
procedures for estimating its parameters are also given, along with numerical simulations of the
obtained estimators. Finally, it has been shown that the LSB process, as an adequate stochastic model,
can be applied in the analysis of dynamics in the world market of crude oil and natural gas.
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1. Introduction

One of the important topics in modern research is the stochastic modelling of time
series with emphasized and persistent fluctuations. To this end, in recent decades, various
stochastic models have been proposed, especially in econometrics and financial engineering
(see, c.f. [1-8]). A particular problem arises when the observed time series have a non-
stationary dynamic, which usually affects the greater complexity of their stochastic structure
(for more recent studies, see, c.f. [9-14]). To solve these and similar problems, Engle and
Smith [15] proposed the stochastic permanent breaking (STOPBREAK) process, which was
later examined by many authors, especially in the domain of structural and permanent
changes in the fluctuations of some real-world data [16-20]. Stojanovi¢ et al. [21] introduced
a more general form for the STOPBREAK-based stochastic process, named the Split-BREAK
process, which was also applied in modelling various time series with permanent and
pronounced fluctuations. It is worth pointing out that some more general forms of the
Split-BREAK process, the so-called General (or Gaussian) Split-BREAK (GSB) process, were
introduced later and discussed in Stojanovi¢ et al. [22-24] as well as Jovanovic et al. [25].

The main characteristics of the GSB process are based on its Gaussian innovations,
which somewhat simplifies the examination of the properties of this model. Nevertheless,
there are some specific time series that do not have the Gaussian property. To that end, as
an alternative approach, some other stochastic distributions can be considered. They are
usually assumed to have a symmetric distribution (as in the case of a zero-mean Gaussian
distribution), but with some additional properties that certain non-Gaussian distributions
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have. For these reasons, a new, general form of the Split-BREAK process with symmetric
Laplacian innovations, called the LSB process, is proposed here.

In the next section, the definition and main properties of the LSB process are outlined.
Some additional stochastic characteristics of the LSB process, with special emphasis on
examining its asymptotic properties, are discussed in Section 3. As a basic tool, the charac-
teristic functions (CFs) method was used here. The CF calculation procedure is known for
simplifying the finding of probability distributions, rather than calculating them directly,
and is particularly useful in determining the cumulative distribution functions (CDFs).
As will be seen below, it will be quite suitable for investigating time series distributions
as constituents of the LSB process. Various procedures for parameter estimation of the
LSB process, as well as examining the asymptotic properties of the obtained estimators,
are given in Section 4. Section 5 describes the Monte Carlo simulations of the obtained
estimators, while Section 6 presents the application of the LSB process in the dynamic
analysis of prices and trading volumes of crude oil and natural gas in the world market.
Lastly, some concluding remarks are highlighted in Section 7.

2. Definition and Structure of the LSB Process

Akin to previous works of GSB process [21-25], the underlying LSB time series is
given by the following additive decomposition:

Yy =my+egg, (1)

where t = 0,1, ..., T is the finite time values set. In Equation (1), series () represents the
martingale means and (¢;) are the innovations, that is, the series of independent identical
distributed (IID) random variables (RVs). It is usually assumed that innovations (g;) are
given on the probability space (Q), F, P), which is expanded by some filtration F = (F}).
Practically interpreted, filtration (F;) collects the ‘information” about some financial index
at a certain point in time f. Therefore, the RVs (¢;) will be F;-adaptive for each t = 0,1, ..., T.
In the following, we assume that innovations (¢;) have the centred Laplace distribution,
given with probability density function (PDF):

folx) = ;Aexp(—'i')x ER, @

where A > 0 is the scale parameter. Let us emphasize that the proposal of the Laplace
distribution is motivated by the fact that this distribution, compared to the Gaussian,
can more adequately fit the distributions of many financial time series with pronounced
“peaks”. Such a situation is shown in Figure 1, which shows the histograms of the empirical
distributions of the log-returns h; = In(P;/P;_1),t =1, ..., T. Here, the price of crude oil
and natural gas on the world market is taken as the basic financial index (P;), which will
be discussed in more detail below. According to the well-known properties of Laplace
distribution (see, c.f. [26], pp. 60), the conditional mean and variance of innovations (¢&;)
are, respectively,

E(e|Fi1) = 0, Var(e|Fy1) = E(&}|Fi1) =22% 3)
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Figure 1. Histograms of the empirical distributions of log-returns fitted with Gaussian and Laplace

distributions.

After integrating the function f;(x), where, due to the absolute value, two symmetric
cases are distinguished, its CDF is obtained as follows:

sexp(x/A), x <0

Fe(x) = P{e; < x} = L ez = {1 — lexp(—x/A), x>0

L bmofs-(2))

On the other hand, for a series of martingale means (m;), it is assumed that they are
given recurrently by the relation:

-1
my=my_1+q181 =mo+ Y qiej, ®)
=0

where it is almost certainly (as) my = p(const.) and e 1 = g9 = 0. Moreover, (q;) is a series
of noise indicators, that is, the RVs that depend on innovation series (¢¢) as follows:

1, € . >c¢
_ 2 _ 4 t—1
qr = I(st,l > C) = {O, 2 <c (6)

Here, ¢ > 0 is the so-called critical value of the reaction, i.e., the parameter that
indicates the significance of previous realizations of innovations (¢;), which would allow
that their current values to be included in Equation (6). More precisely, in the case g;_1 = 0,
the value of martingale mean m; is equal to its previous value m;_;. Therefore, the value
of the basic LSB series (y;), given by Equation (1), is obtained with a “small” fluctuation,
dependent on (¢;) only. On the contrary, when q; = 1, a pronounced fluctuation of the
value y; is registered. In this way, the previous realizations of innovations (¢;) impact the
level of variations of the basic LSB time series (y;), that is, the intensity of fluctuations of
the LSB process. Using some simple calculations, in the same way as in Jovanovic¢ et al. [25],
the following properties of the mentioned time series can be easily proven:

Theorem 1. Let (y;) and (m;) be the series defined by Equations (1) and (5), respectively. Then,
both series have the constant and equal mean:

E(y:) = E(m) = p,
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as well as the variances:
Var(y;) = 2(tac + 1)A%, Var(m;) = 2ta.A, t >0, (7)

where a. = E(qt) = E(q?) = P{e? > c}. In addition, the correlation functions of the se-
ries( y;) and (my) are, respectively,

acmin(s, t) +1
(acs +1)-(act +1)

min(s, t)

\/ﬁ..

Pm(s,t) =

py(s,t) = N

It is noticeable that previous theorem gives some additional information about the
stochastic properties of the LSB process. Since (m1;) is measurable in relation to the field
Fi_1, this series represents the component that describes the predictability and stability of
the LSB process (see Figure 2 below). On the other hand, the innovation series (¢;) is the
noise (deviation) component of the main LSB series (1), compared to the martingale means
(my). Furthermore, according to Equation (7), it follows that the variances of the series (y)
and (m;) are non-constant and their order of dependence is equal to time moment (#) when
they are observed. Thereby, the correlation functions of (y;) and (m;) depend on both time
variables t, s, thus indicating that these series are non-stationary. On the other hand, when
s >t >0, it follows:

. t . act+1
limon (s, t) = N 1, limpy (s, t) = IR =1,

that is, both correlation functions satisfy the condition of L2-continuity.

Non-stationary Stationary

6 -4 -2 0 2 4

4 -2 0 2 4 6

Figure 2. Dynamics of the non-stationary and stationary series of the LSB process (parameter values
are: y =0andc= A =1).

Finally, we define another important LSB series, the so-called increments of the LSB
process:
Xe=yt =y, t=1,..., T ®)

This series, according to Equations (1), (5), and (6), can be represented in the following
way:
Xt =¢r— 0181, )
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where 0 =1—g; =1 (‘C’%—l < c). Obviously, the series (X}) represents a bilinear, as well as
stationary stochastic process with a random coefficient 8;, which is usually called Splitting
moving average process (of order 1), that is, a Split-MA(1) process. Note that the term
‘split’, as in the case of the main LSB series (y;), is justified by the fact that (X;) operates in
two modes:

(a) If the fluctuations of innovations (¢;) were emphasized in the previous moment in
time, it follows 0;_1 = 0. Thus, equality (9) becomes X; = ¢;.

(b) Fluctuations ¢;_; whose square do not exceed the critical value ¢ imply 6;_; = 1.
Thus, the value of X; is given as a linear, integrated MA(1) process X; = & — &;_1..

Obviously, the Split-MA(1) series (X¢) has a similar structure to MA(1) processes,
which can be applied in their examination. Based on earlier assumptions, the basic proper-
ties of this series, obtained by some simple computations, can be expressed as follows:

Theorem 2. Let (X;) be the time series defined by Equations (8) and (9). Then, the mean and the
variance of this series are, respectively,

E(X)) =0, Var(X;) = E(Xf) =2A%(b + 1),

whereb, =1 —a. = P(e%_1 < c). In addition, the correlation of this series is as follows:

1 h=0

Cov(Xt, Xiip) !
px(h) = V(ar(X t)+ =< =3k, h=+1
f 0, otherwise,

and it has the finite moments (of the order n):

0 n=2k+1,

ny __ 7 o
E(Xt)—{ 1 (3 1 nby), "k k=0,12,...1

It is worth noticing that, according to Equations (8) and (9), it follows that:
Yt —Yt—1 =& — thletflr t=1,..., T/

which represents a nonlinear integrated autoregressive moving average (ARIMA) model
with “temporary” components (6;_1¢;—1). As will be seen later, this implies the specific
structure of the (stationary) series (X;), as well as the other (non-stationary) components
of the LSB process. Nevertheless, as will be seen below, due to its stationary quality, the
Split-MA(1) process (X;) plays an important role in examining the stochastic properties of
the LSB process, as well as in estimating its parameters. Figure 2 shows the realizations of
all LSB time series obtained by Monte Carlo simulations. Note that non-stationary time
series (y¢) and (m;) (graphs on the left) can have very different trajectories, in contrast to
realizations of the stationary series (X;) and (&) (graphs on the right).

3. Distributional Features of the LSB Process

Some important stochastic properties of LSB series, regarding their distributions
and asymptotic behaviour, are discussed here. To this end, as mentioned earlier, the
series (X¢) plays a significant role due to its stationary quality. Using the method of
characteristic functions (CFs), the basic stochastic properties of this series can be expressed
in the following way.
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Theorem 3. Let (X;) be the time series defined by Equations (8) and (9). Then, for any x €
Randt=0,1,...,T, the CDF of the RVs (X) is given by:

Fx(x) = P{X; < x} :( %)Fg( )+bCG( ), (10)

where Fq(x) is the CDF of the Laplacian distributed RV (e;) , given by Equation (4), and

G(x):1+sgn(x)<1—(| | ) p( E: |>),xE]R. (11)

Proof. To begin with, let us define the series of RVs {; = 0;¢;,t =0,1,..., T. Thereby, the
RVs (6¢) and (g;) are mutually independent, so it follows:

E(&) = E(6))E(e) = 0, Var(&) = E(@%)E(e%) = 2hA%

It can easily be shown that it is Cov (¢, &1 ) = 0, i.e., the RVs (¢;) are uncorrelated
for any i # 0. Using the conditional probabilities, for the CDF of the RVs (¢;) one obtains:

Fe(x) = P{¢ <x}.
= P{Ct < X|9t = 1}P{9t = 1} —Q—P{gt < X|6t = O}P{Qt = 0}
= P{St < x}~P{9t = 1} + P{x > 0}‘P{9¢ = 0}
— beF(x) + (1= be)Fo(x),

where Fy(x) = I(x > 0) is the CDF of the RV Iy £ 0. According to this, the CF of the RVs
(C¢) is obtained as follows:

pe(u) = Zoei”"l-"g(dx) = JZj(zi”"[l?CZ:E + (1 — b)) Ryl (dx)
= be@e(u) + (1 —be)po(u).

Here, ¢¢(u) = (1+ A%u?) ~and @o(u) =1 are, respectively, CFs of the RVs (¢;) and
Iy = 0. Substituting these CFs into the previous equality gives:

1

According to this equality and Equation (9), as well as the result of using the partial
decomposition of rational functions, for the CF of the RVs (X;) one obtains:

—be be
@s(”)'@é( ) 1+A2u2 + (1+A2y2)?

_1=be | b 1 1 1
=Tz T <1+i/\u trm e T (1i/\u)2>

= e+t | (1r2) T (1)
= e+ (- 3) e (%))

Here, (u) = (1 — 2iu)_k/ 2 are the CFs of RVs x7 with chi-square distribution and
k = 4 degrees of freedom (DF). According to Lévy’s correspondence theorem (see, c.f., [27]),
the CDFs which correspond to CFs i (—Au/2) and ¢, (Au/2) are chi-square-based RVs

ex(u)

(12)
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—Ax% /2 and )\x% /2, respectively. By applying the well-known facts about )(% distribution,
these CDFs are, respectively,

Gy (x) :== P{_%X% < x} — p{xi > _2%} _ {(fL +1)exp(—%), x<0

1, x>0;
1—(£+1Dexp(—%), x>0
Ga(x) == P{%X% < x} =P{x} <%} = {0 (% +exp(=1) 0.

Note that the functions G; (x) and G, (x) satisfy the equality G(x) = G1(x) + Ga(x),
where G(x) is the function given by Equation (11). Hence, by again applying the Lévy’s
correspondence theorem to the last expression in (12), Equation (10) immediately follows.

Remark 1. Let us emphasize that the function G(x) is not an ‘ordinary’” CDF, but the sum of
two chi-square-based CDFs G1(x) and Gy(x) , which can also be seen in the left plot in Figure 3.
Furthermore, by differentiating Equation (10) when x # 0, and after some computations, the
probability density function (PDF) of the series (X;) can be obtained as follows:

et = (1- 5 )+ T — Fe(-E) (14 5 (B 1)) oo

Notice that PDF fx(x) differs from the PDF of the innovations (e;)with respect to the last multi-
plicative term in Equation (13). Moreover, these PDFs become equal when b, = 0, and both are
symmetric functions, as shown in the right-hand plots of Figure 3. B

CDFs

PDFs

Figure 3. Plots of CDFs (a) and PDFs (b) of increments (X;), regarded as a mixed distribution of
Laplacian distributed innovations (&¢), and two chi-square-based distributions (parameter values are:
u=0A=1,b =0.5).

Using a similar procedure, the distributive properties of non-stationary LSB series
(my) and (y¢) can be shown as follows.

Theorem 4. Let (y:) and (my) be the time series defined by Equations (1) and (5), respec-
tively, where my = wu(const) . Then, for any x € Rand t = 0,1,..., T, the CDFs of the
series (my) and (yy) are, respectively,

En(x,t) := P{m; < x} = ,él [(1 — b)) (x) + cho(x)} ® Fu(x), (14)
2

Fy(x,£) = P{y; < x} = él [(1=b)EP () +beRo(x)| @ Fu(x) © R(x),  (15)
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where” ® "is the convolution operator, and Fy(x), Fg(j ) (x) are the CDFs of the RVs Iy, &, respec-
tively. Additionally, the following convergences (in the distribution) hold when T = +oo:

1 d 5 1
—m; — N(0,2a.A7), —
v G
Proof. Similarly to the previous theorem, let us introduce RVs #; = q¢¢, t =0,1,...,T. Itis
easy to show that (7;) is a series of mutually uncorrelated RVs, with E(7;) = 0, Var(1;) =
2a.A?, where a. = E(qt) = P{e? > c} = 1 — b.. Applying the conditional probabilities
again, for the CDF of (7;) one obtains:

yt—f+.A/(o,2acA2), t— doo. (16)

Fy(x) =P{gy <«x}
= P{nr < x|qr = 1}-P{qs = 1} + P{n: < x|q: = 0}-P{q: = 0}
= P{e; < x}-P{q: =1} + P{x > 0}-P{q; = 0}
=acF(x) + (1 —ac)Fy(x).

According to this CDF, the appropriate CF of the RVs (77;) can be obtained as follows:

op(u) = jfooei“xl-"ﬂ(dx) = jfooei“x [acFe + (1 —ac)Fo(dx)

= acge(u) + (1= a)gou) = 1+ ac rrkmz — 1)
= 3 +b
T 1Az T Ve

Now, by using Equation (5), for the CFs of the martingale means (1) one obtains:
= o 1—be f
Pm(u,t) = (Pu(”)j:l—[() oy (u) =™ (HW + bc) , (17)

where ¢, (1) = e* is CF of the RV my £ u. According to Equation (17) and the corre-
spondence theorem of Lévy [27], Equation (14) follows. In a similar way, according to
Equation (1), the CFs of the series (y;) can be written as follows:

eltt 1—be f

From here, Equation (15) is immediately followed by reapplying the correspondence
theorem of Lévy.

Let us now prove the second part of the theorem, that is, Equation (16). First, using
previous Equations (17) and (18), for the CFs of RVs m;/ V't and yt/\/f, whent=1,2,...,

one obtains:

¢ iup t
M . iuy/\ﬁ ot — > Jr _ M
@m(\ﬁ/ t) =e [1 + ac(t+)\2u2 1)]t =e (1 e Az ) ¢
u o teiu;t/\ﬁ t o _ M _ ﬁ
ou(5rt) = m |1 ae (e — 1) = i (1 - aeiliz) -

From here, taking the limit values, when t — +c0 and u € R is a fixed (but arbitrary)
value, the following is obtained:

. l 1 l _ 706/\2u2
tEEIme(\ﬁ,t) N thwq)y<\ﬁ’t> ¢ :

Thus, obtained limit is the obvious the CF of the Gaussian distribution N/ (O, 211CA2) ,
which confirms the convergences in (16). [
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Remark 2. In the proofs of the previous two theorems, the uncorrelated series of RVs (&t ) and (1) can
be interpreted as innovations with non-zero “optional” values. As the relation; + 1y £ ¢4 holds, it
is sufficient to take only one of these two series for consideration. Moreover, it is easy to see that
these RV's have the following CDFs:

Fz(x) = beFe(x) + (1 — be) Fo(x),
Fy(x) = (1 = be)Fe(x) + bcFo(x) = Fe(x) + Fo(x) — Fz(x).

Obviously, both of these functions are continuous almost everywhere, with the only breaking
point x = 0 where ‘jumps’ of size 1 — b. and b, occur, respectively (for more details see Stojanovic
et al. [28,29]). For these reasons, the CDFs of the series ({¢) and (n;) represent mixtures of the
Laplacian and discrete distribution concentrated at zero, which we call the Contaminated Laplacian
Distribution (CLD). This fact prevents the application of some of the standard procedures in the
examination the properties of non-stationary series (y;) and (my) .

On the other hand, asymptotic relations in Equation (16) show that even non-stationary
time series (my) and (y;) , obtained by non-Gaussian innovations (g;) , one can generate se-

ries (mt / \ﬁ) and (y;/ \/E) , which will converge to Gaussian distribution when t — +oo. These
facts are of practical importance when applying the LSB process and can be easily observed by the
convergence of the appropriate CFs @y, (u /vt t) and @y (u/ Vi, t). As an illustration of this,
convergences of the modulus of both of these CFs, for different time values, are shown in Figure 4. B

gl
Ji

Ea y

Figure 4. Convergences of modulus of the characteristic functions ¢, (u vy t) and ¢y (u/ Vi, t) ,
when t=1,2,...,500 (parameter values are the same as in Figure 3).

In the following, the asymptotic properties of some other time series, obtained by
linear transformations of the non-stationary time series (m;) and (y;) are presented. It
primarily refers to the possibility of finding their asymptotically normal (AN) distributions,
and can be proven by the following proposition:

Theorem 5. Let us define, for an arbitrary o > 1, the a-mean time series:
_ 1 t — 1 t
Mo = ﬁsz’ Yia = tjxyj,
j=1 j=1
where(y;)and(my)are the non-stationary time series given by (1) and (5), respectively. Then the

following statements are valid:

(1) Whenl < a < 3/2, both series]\_/lt,.“and?t;ahave an asymptotically normal distribution, i.e.,
the following relations, whent — o0, are valid:

_ 2 /\2t3—2a — 2 /\2t3—2a
Mt;tx ~ N(ﬂtla/acB)/Yt;a NN(tha/aC:S) (19)
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(i1) Whena > 3/2, both series]\_/lt;,xandl?t;aare asymptotically vanishing, i.e.,

Mia —5 I, Yia — Iy, t — oo, (20)

Proof. First, we prove the statement of the theorem in the case of series M t. According to
the definition of series (1), given by Equation (5), the following is obtained:

v 1 ¢ 1y il 1 = ;
My =@mlomi=m) (mo +k20 Jiex | = @ | tmo + ) (t = J)aje;
= ]:

Therefore, the time series ]\_/It;,x is represented as the sum of uncorrelated RVs #;_y,
when k =1,...,t. Applying the well-known features of the CFs, as well as the CF of the

series (17¢), for the CFs of RVs ]QIM one obtains:
u i ku
S

M;n
. tl’“t 20
= ot 1 — 1)
T (s e )]

From here, by taking the logarithm of the function ¢ — (u, t), the following function
M;u

is obtained: t
(u,t) = iupt!=* + Y. fi(u t,a),

u,t,a) :=Inge_
P ( ) (PMM =
where:
120 ack?A?u?
ftwtn) =+ (g —1) | =1~ )

After some computation, we find that:

fi(0te) 2a. k> A2t -0
w T (B RALL) (B (1—a) A | g
Pf(0ta) _ 2ackPAR (B (ac—2)kPAM M2 43 (ac— 1)k At )
ou? (P2 +12A202)2 (120 4 (1—a, )K2A2u2 ) 0
_ _2afk2)\2 < 0
- 120 .

Thus, the functions fi(u, t, &) have a local maximum at the point # = 0. By applying
the Laplace approximation of functions fi(u, t,a) at u = 0 (see, c.f. [25,28]), it follows:

. _ L oTo2h.(060) 42
Yp(u,t, ) :zupttl “+k—1[ f%(b?ztoc).%—i—zk(uz)]

t
= iupt! ™" = 3 [”Cfi“uzﬂk(rzb‘ﬁ)}

_ iwtlﬂx _ ”C?ziuz't(tﬂ)ﬁ(ZtH) + Z(tzfzauz)'

Here {(z) denotes an infinitesimally small value of a higher order in relation to z, when

z — 0. Taking the asymptotic value in the previous expression, when t — +co, gives:
fuptl=% — g A23-20 /3 1 <
paalie ) N{ S x
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(u,t), it is easy to see that the first asymptotic
1

Substituting this expression in CFs ¢ —
M;

relation in Equation (19) is valid
The proof for the series l_/t « can be conducted in an analogous manner. Using the

previously proven facts and Equation (1), we find that
Y 1 ¢ v Log_ia
Yoo = wil(mj +e) =M+ Yo =t""m+ L i
= ] =
= 1" %mg + &% +Z(1+kqt e

t, are mutually independent RVs, the CFs of time series Y,

Since &;_4, k=0,1
can be obtained, after some calculations, as follows
t
k+1
o) =m0t o) (552
2 iuptl = 20 2 20
= Az H {tzx_w\zuz + ac(t2“+/\2(k+1)2u2 T a2 ]
1204722 _ ):|

e \PHL Lt .
) [T |1+ ac 28422 (k+1)%u?

_ iuutl—e
=t (m i
Based on this, and applying the same procedure as in the previous part of the proof
(u,t), and by expanding the function

that is, by taking the logarithm of the function ¢
(u,t) at u = 0, we have: ,

Py (u, t,00) =Ing_
Y;u
2a
Yy(ut,a) = idupt! =+ (t+ 1)1n(m)
-
+Zln[1+ac(th+)@(k+1)z 2 ):|
2 2 )

k=1

1u‘ut1 Y4 (t+ 1)ln(1 W

ac (K2 42k)A212 _
_kzl |: ( tZa) + Zk (t ZIXMZ)
dew ANR(t41 22 H(t41) (247 _
— lu‘utl 0N tzg_,’_(/\ZuZ) _ 4ac ?20( ( )( ) +2(t2 2w 2)
Taking the asymptotic values, when t — 40, the following is obtained
iupt! =% — A2y 2(t1 4 gty act? M), 1<a< %
>3

0,
(u, t), the theorem is completely proven. [

Py (u t,a) ~ {

Replacing this expression in the CFs ¢
Y;n

Remark 3. As with the GSB process, the casex = 3 /2is of special interest in the previous theorem
(21)

Asymptotic relations (19) then give

1 d 2a.A?
WZmJHNC t3/22 j

( 2ac)L2>

,t — o0,
j=1
The convergences (21), as in the case of GSB process, we called the central limit theorems

3

(CLTs) for the LSB process. B
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4. Procedures for Parameter Estimation

In this section, we consider the estimations of the (unknown) parameters of the LSB
process, that is the critical value (c), the scale parameter (1), and the mean value (¢). In
order to estimate the first parameter c, it should be emphasized that a series of increments
(Xt), as the only observable and stationary series of the LSB process, will be used. As
has already been pointed out, this series is close to standard, linear MA models, but with
Laplacian distributed innovations (¢;). For these reasons, the estimation procedures like
those used for the mentioned time series will be used here. However, the specificity of the
series (X;) requires some additional estimation procedures, as well as examination of the
quality of the obtained estimators.

4.1. Moments-Based Estimators

According to Theorem 2, the first correlation of the series (X;) is as follows:

be
PX(l) = —ﬁbc, 0< bc < 1,

and solving on b, the estimated value of this parameter is obtained:

ZC: _L(l)' (22)

Note that it is here:

T T -1
px(1) = (Z XtXt1> (Z X?)
=1

t=1

the sample autocorrelation of the Split-MA(1) process (X;). According to Equation (22), it

is easy to see that b, is the appropriate estimate if and only if
0< b <1+ —05<px(1)<0.

Using the estimator ZC, the squared scale parameter A? can be estimated by applying
the equality:
Var(X;) = E(Xf) = 2A2(b. +1).

Applying Theorem 2 again, as well as the sample variance for (X;), we get the estimator:

NZ_ 1 T )
A =—07r—2Y X7 (23)

ZT(ZC n 1) i=1

It is worth pointing out that in Stojanovi¢ et al. [21] it is proven that the estimators b
~2
and A are strictly consistent if innovations (e;) have a continuous distribution. Moreover,

these estimators are asymptotically normal (AN) in the case of symmetrically distributed
RVs (&¢). Note that both conditions are satisfied for Laplace innovations (¢;) and, hence, it
follows:

~ ~2

Theorem 6. The estimatorsb.andA , given by Equations (22) and (23), respectively, are strictly
consistent estimates for the parametersb.and)?, i.e.,

~ ~2
be Z5 b, A 25 A2 T — +oo. (24)
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~ 2
In addition,b.and) are asymptotically normal estimators forb.andA?, respectively, i.e.,

~ ~ ~2 ~
ﬁ(bc—bc> iu\/(o,Vl),\/T(/\ —/\2> i>/\/<o,v2>,T—> too, (25

where: N
V1= (1+b)*(1+4 7b. — 3be(L + b)),
™ 4A*(5+420b.+2bL—3b%)
Vy= =
Vi

_e
L= heE(@iel 1) = B (@ 1) =17 (5 + % +1).

7

Proof. According to Theorem 2, (X;) is a stationary series of RVs and its spectral density is:

AZ

1 , .
(m(—l)e*’“’ + rx(0) + vx(l)el“’) = —(1 = 2bccosw +be),

sx(w) = 7

where vx(h) = Cov(Xt, X; 1) = E(X¢ Xty ) is the covariance function of (X;). Obviously,
the function sx(w) is continuous at the point w = 0, so (X;) is also an ergodic series of
RVs. Thus, by applying the mean ergodic theorem (see, c.f. [30], pp.131), for any & > 0, one

obtains:
T

%Z XtXtJrh ﬁ) ’Yx(h), T — —+oo0. (26)
t=1

~ ~2

Hence, by applying the convergence (26), when i = 0, 1, to the estimators b. and A ,

given by Equations (22) and (23), respectively, the almost certain convergence in (24) is
easily obtained.

Now, let us define series Z; = X;X;11,t = 0,1,...,T — 1, which has 1-dependent

property (see, c.f. Definition 6.3.1 in [31], pp.245). Obviously, the series (Z;) is also

stationary and ergodic, with:
E(Z;) = Cov(Xt, Xi41) = rx(1) = —2bcA%

According to the Cauchy-Swartz and Minkowski inequalities, it follows:

1/3 3
E‘Zt — Wx(1)|3 < |:(E|Zt|3) +2bc)\2:| < +00,

and by applying the Hoeffding—Robbins theorem [32], we have:

T
VT(Z: —yx(1)] = T2} (thtﬂ +2bCA2) 4 N(0,A), T— +o0.  (27)
t=1

Here, after some computations, one obtains:

A =Var(Z;) +2Cov(Zt, Z+1) = E(X?X?, 1) +2E(X: X7, Xpy2) — 37%(1)
= 4AH(1 4 7b, + beL) — 16A%b.L + 120452

= 4A*(1 + 7b, — 3be(L + be)).

In addition, by again applying the mean ergodic theorem, i.e., Equation (26) when
h =0, it follows:

T
%Z X2 E(X%) =2A2(b. +1), T — +oo. (28)
t=1
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Thus, the convergences (27) and (28) imply:

VT[px(1) — px(1)] -5 N (0, Vo), T — +eo, (29)

wherein:
A 1+47b;—3b.(L+b.)

~ %00 (1+b,)

Finally, according to the continuity of convergence in distribution (see, c.f. [33], pp.118),
it follows:

4

\/T(;C_bc> i>./\/‘(0,{/41>, T% —I—OO,

wherein:

N )
V= dpx(1) Vo=010+ bc)4V0.
db,

In that way, the first convergence in (25) is proved.
To prove the second convergence in (25), note that series (X?) is also 1-dependent.
According to previous mentioned inequalities, as well as Theorem 2, one obtains:

-0 < () 20001 <o

Thus, by applying again the Hoeffding—Robbins theorem [32], we get:
1 L d
T3y (X} -22%(b: +1)) =5 N(0,D), T — +co, (30)
t=1

where, after some computations, one obtains:
D = Var(X?) +2Cov (X2, X2, ) = 42* (54200 + 2b.L — 302).

Finally, according to the first almost certain convergence in (24), as well as the previ-
ously obtained convergence (30), it follows:

~2 T ~
VTA = %2){% iw\/()\z,vz), T — +oo,
2\/T<bc+1) t=1

where 172 =D/ \N/l. Thus, the second convergence in (25) is obtained. W

~ ~2

Remark 4. Using the estimatorsb.andA , the appropriate estimator of the critical valuec = cean
be easily obtained as a solution to the equation:

P{s% < c} = Zc,

ot, equivalently,

~ 2
Fo(VE) = Fe(—2) = 2R (V) — 1= by = ¢ = [pg—l(bf;l)] NC

Here,F;(x)is the CDF of the Laplacian innovations(e;), given by Equation (4), and we also note that
in Equation (31) the property of symmetry of its distribution is used. It is also noticeable that, from
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the fact thatcis a continuous function of the estimatorb., the strong consistency and AN property
of this estimator follows (see, c.f. [33], pp. 24). R

4.2. Gauss—Newton and Maximum Likelihood Estimators

~ ~2
It is worth pointing out that b, and A are not the most efficient estimators for b. and

A2, In order to obtain more efficient estimators for the observed parameters, similarly to the
case of the GSB process (see, c.f. [21,25]), the so-called modified Gauss—Newton method of
parameter estimation of nonlinear functions can be used. First, we can write Equation (9) as:

e =X+ Qt—lst—l/ t=1,...,T,
or, in the functional form,

€t(X, 9) =X+ 9,5,18,5,1(}(, 9)

Let b, be the estimated value of the parameter b, obtained by the previously described
procedure. According to this, for each t = 1,2, ..., T, we can recursively compute:

0, = 1<s%_1 (X, 5) < E),st <X,5> — Xi+ 0, 1611 <X 5), (32)

with the previously mentioned initial values 50 =1, ¢ (X, 5) =¢€_1 <X, 5) = 0. Addi-

tionally, if we define a series of RVs:

Wt(X, 9) = GtWt_l (X, 9) + € (X,G), (33)

wheret =1,2,...,T,and W, X,5 = (0, it is obvious that RVs W;(X, 0) are F;_1 adapted,

and thus independent of ¢; and 6, 1. Furthermore, according to mentioned properties of
RVs (6;) and (¢¢), it follows that (W (X, 0)) is a stationary and ergodic series of RVs with:

2)2

E(Wi(X,0)) = 0, Var(W(X,0)) = E(W,(X,0))* = T

and correlation function py (h) = blh‘, h =0,+£1,... Now, using a procedure similar to the
one in Lawrence and Lewis [34], we define the so-called residual series:

Ri(X,0) = Wi(X,0) — b:-W,_ (X, 6). (34)

It can be shown easily that R¢(X, 6) are also ;_; adapted, but mutually non-correlated
RVs (see, c.f. Jovanovié et al. [25]). Thus, Equation (34) represents a linear autoregressive
(AR) process (W(X, 6)) with innovations (R¢(X,6)). From here, by applying the usual
regression procedure, another estimator of the unknown, threshold parameter b. € (0,1)
can be obtained by the equality:

R T—1 N N T—1 A\ !
be = Wi (X, 9) Wi (X, 9) w? <x 9) , (35)
t=0 t=0
where, according to Equations (33) and (34),
W, (X 5) = Wi(X,0)| - = 0, W,y (X 5) ey (X, 5),

R (X, 5) = Ri(X,0)| 5= Wt(X, 5) bW (x, 5).
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As in the case of previous estimators, the estimator be gives the estimator of critical
value ¢ = ¢ as a solution of the equation:

P{s% < c} =be == [F;l <bc2+1>

Notice that using the previously obtained estimators b, (as well as BC), that is, the
modelled values of innovations (¢;), defined by Equation (32), the scale parameter A can be
estimated. It is well-known that for the Laplace innovations (&¢) the most efficient estimates
are obtained by using the maximum likelihood (ML) estimators (see, c.f. [35,36]). In the
case of our LSB process, the ML estimator can be obtained according to Equations (1) and
(2), that is, based on the maximization of the log-likelihood function:

Et <X , 9)

By solving the equation (1, ..., y1;A)/9A = 0 and using Equation (32), the estimator
of scale parameter A is obtained as the mean absolute deviation (MAD):

& (x, 5) ‘ 37)

Strict consistency and AN of the estimates b and A can be proven as follows:

2
(36)

I, ymiA) = lntli{zl/\exp<—yt7\mt|>} = —TIn(2A) — %i

t=1

A 1i
A=2
Tt=1

Theorem 7. Estimatorsb.and, defined by Equations (34) and (36), respectively, are strictly
consistent estimators for the parametersb.andA, ie.,

be =5 be, A =5 A, T — +o0. (38)

Moreover,b.andAare asymptotically normal estimators forb.andA, respectively, i.e.,

ﬁ(@c —bc) LN(OJ —bf),\/f(?\—)\) iu\/(o,)@),:r — o0 (39)

Proof. According to definitions of the residuals (R; (X, 5)) and the estimator b, given by
Equations (34) and (35), respectively, we obtain:

T-1 ~ ~ T—1 ~
Y W <X,9> Wit (Xf)) —b. ¥ W? <X,9>
0 t=0

BC - bc = = T =
y W2 (X 9>
=1
T-1 ~ ~
v W, (X e)Rt+1 <X, 9)
=0
- T—1 = : (40)
y W2 <X, 9>
=0

Similarly to the previous theorem, it can be shown that (Wt <X, 5) ) , (Rt <X, 5) ) ,

and (g | X, ] ) are stationary and ergodic time series. Thus, by applying the mean ergodic

theorem, it follows:
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T

|
—_

Ly w (x 5) Rist (X, 5) LN E(Wt (x 5) Rist <X,5)) =0, T— +oo,

-1 A - ) (41)
1 Wf(x,@)-us(wf(x,e)):fﬁ,, T — o0,

t=0 ¢

T-1 ~
& (X,G)‘ Ly E
=0

1
T4

st<X,5>‘ —A  T— oo

These convergences obviously imply the almost certain convergences in Equation (38).
Furthermore, according to Equation (40), in the following decomposition one obtains:

V(5 - T

wherein:
T—1 ~ ~ T-1 ~
Mr_q=Y_ Wt(X,9>Rt+1 (X,G),WT_1 =Y w? (X@)
=0 =0
Asforeacht=1,2,...,T,

E(M;|Fi—1) = My_1 + W; (X, 9) E (Rt+1 (X, 9)) =M;_q,

the series (M) is a martingale. Applying Billingsley’s CLT for martingales [37], we get:

T~2My_, % N(0,Dy), (42)

wherein, according to Equation (34),

~ ~ 2 ~
D, —E(Wt X,9>Rt+1(X,9)> —E(WE(X,()))E(WtH(X,())—bCWt(X,()))Z
e (W (X,0) - 20m(x oW (x,0) + 8202 (x,0) )
202 (1412
= 25 (2~ 2h Cov(W(x,0) Wi (X,6)))

_oop2 [(2A2(14D2)  4A22
- b¢ 1-b, 1-b.

404 (14be)
T 10 -

On the other hand, the almost certain convergence in Equation (41) is the same as:

-1 _as, 272
T "Wr_; — s , T — +oo0. (43)
Thus, the convergences (42) and (43) give the first convergence in (39). Finally, accord-
ing to Equation (33), and after some computations, one obtains:

Var(d) =4 L { < (X 9)) AZ] = F(EWia(X,0) — 0,1 Wi(X,0))” — A2)
= %( ( 71(X,0)) = 2E(0;11 W1 (X, 0)We(X, 0)) + E (6141 WF (X, 0)) — A?)
= 3(% N DE (61 (611 WH(X, 0) + £1(X, 8)) Wi(X, 6)) — %)
=1 # — 2E (0,1 WA(X, 0)) — Az)

1 (2A%(1+b)  4A%h, A2) = A2
=T\ 1=, T 1-b =T

and the second convergence in (39) immediately follows UJ
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Fib,)

Remark 5. Similarly to Theorem 6, the estimatorc,defined by Equation (36), is a continuous
function ofb.. Thus, the strong consistency and AN properties of care also valid. Additionally,
based on the scale parameter estimatorAgiven by Equation (37), the estimatorA®can be defined.
It is also strictly consistent and AN but, at the same time, the most efficient estimator for the
parameterA> Namely, by applying the continuity of the convergence in distribution [33], (pp. 118),
it follows that:

VT(A2=22) 5 N (0, 1), T — oo,

N 2 n
whereVy = (()\2)’) A% = 4)%. Thus, the variance of the estimatorA®is4A*/Tand it is the

minimum of the variance for the unbiased estimator of the parameterA?, obtained from Rao~Cramér’s
inequality (see, c.f. [35,36]). In that way, for the previously defined estimators, inequalities:

N

Ti(be) < Va(be), Va(A2) < Va (b 12)

hold, where we denotedV (b;) = 1 — b2. This means thatb.andA2are more efficient estimators

~ ~2

thanb .andA , respectively, which can also be seen inFigure 5, where asymptotic variances of these
estimators are shown. B

Fide

Fiidy) 02sf

.
.
- 020

015} Faib,

v, Paid,
.

04 0.6 0.8 D.Il D.I-—1 D.If) D.IS
(a) (b)
Figure 5. (a) Plots of the asymptotic variances of the estimators EC (dashed line) and b. (solid line).
(b) Plot of the ratio V,/ IN/Z of the asymptotic variances of the estimators AZ and /N\ .

4.3. Estimators of the Mean Value

In the last part of this section, we consider estimators for the mean value of the LSB
process u = E(y;). For this aim, the sample mean of series is usually used (y;):

_ T
wi=yr==Y vt (44)
t=1

Sl =

which is an unbiased estimator, that is, E (ﬁ) =E @T) = u, but its variance is unbounded.

To prove this fact, we use the a-mean series Yr,,, defined in Theorem 5, in the case where
« = 1. Then, the estimator j can be represented as a sum of uncorrelated RVs:

T

Y (A +kgr_)er— + et
k=1

p=m +l
]’l_ 0 T

7
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and using the same procedure as in Theorem 5, the variance of ﬁ is as follows:

V=V (il) = 22T L o(11) — oo, T 4o

Let us emphasize that the variance V = V(ﬁ) is asymptotically equal to that in
Equation (19), when & = 1, as expected.
In order to obtain a more efficient estimator for the parameter y, a sample mean of the

mean series y,, whent =1,...,T, can be taken, i.e.,

1&- 1
==Yy, ==Y wy, (45)
r= r'=
where wy = H(T) — H(t — 1) and H(t) = ]t.:l j~L,t=1,..., T are the harmonic numbers,
with H(0) = 0. The estimator I is also unbiased for the parameter i, but its weights are
more pronounced at the ‘older’ time points of the realization of the series (y;). This is

consistent with the fact that the covariances of RVs y; depend on these ‘older” time indices.

For these reasons, the estimator 2 is more efficient than 1, which can be shown using a
procedure similar to that of Jovanovi¢ et al. [25]. First, we represent estimator jI as a sum of
uncorrelated RVs:

1 T T-1 T T
ﬁ = T T}’lotzl wy + ZO g€ Z Wy +t 1wt£t p (46)
= j= =

t=j+1

and after some computations (see, for more detail [25]), the variance of i can be obtained
as follows:

V= V(p) = 2a:A2HX(T) + 2 (HX(T)) — +oo, T — oo,

In this way, it can be seen that the asymptotic variance V := V(ji) is also unbounded,
but is asymptotically smaller than V = V (ﬁ) , because:
D 2
VI _ i D

Tgr-{-loo @ T—+oo T

Thus, the estimator fi is (asymptotically) more efficient than .

5. Numerical Simulations of the LSB Estimators

In this section, the parameter estimation procedures of the LSB model are discussed,
where N = 1500 Monte Carlo simulations of the basic LSB series are generated, of the
length T = 1000. At the same time, the main goal is to examine the quality of previously
proposed estimators, that is, their asymptotic properties, which were analysed and shown
in the previous section. To this end, appropriate estimation errors and normality testing
procedures are also used. The summarized values of the estimated parameters, i.e., the
mean (Mean), minimum (Min.), and maximum (Max.), as well as the corresponding mean
square estimated errors (MSEE), are shown in the left part of Table 1. In addition, the
obtained estimates were tested for their AN properties using Anderson—Darling and
Cramér—von Mises normality tests. The appropriate test statistics (denoted by AD and W,
respectively), as well as their p-values, were computed using the R-package “nortest” [38]
and are presented in the right part of Table 1.
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Table 1. Summary statistics of the estimated parameter values of the LSB process, along with the
realized statistics of their normality tests (true parameter values are: 4 = 0and c = A = 1).

Parameter . L. . AD \%%
Estimators Statistics Estimated Values (p-Value) (p-Value)
Min. 0.5769
~ Mean 1.0257 0.9908 * 0.1791 **
¢ (MSEE) (3.63 x 10 ~2) (0.0129) (0.0099)
Critical Value Max. 2.0964
Min. 0.7142
. Mean 0.9944 0.3202 0.0441
¢ (MSEE) (7.19 x 10 —3) (0.5320) (0.6059)
Max. 1.2685
Min. 0.7829
~ Mean 1.0026 0.5413 0.0702
A (MSEE) (5.36 x 10 3) (0.1641) (0.2773)
Max. 1.2394
Scale Parameter
Min. 0.8592
A Mean 1.0028 0.4244 0.0588
A (MSEE) (2.52 x 10 3) (0.3173) (0.3920)
Max. 1.1702
Min. —56.420
~ Mean 0.3491 0.1843 0.0282
K (MSEE) (252.01) (0.9088) (0.8701)
Mean Value Max. 55.208
Min. —38.595
N Mean 0.1647 0.2508 0.0289
K (MSEE) (96.62) (0.7417) (0.8621)
Max. 33.0875

*p < 0.05,* p < 0.01.

Based on these obtained estimates, it is evident that almost all of them have the AN
property, which is also confirmed by the previous theoretical results. It is worth pointing out
that even the estimates of the mean values 1 and fi, obtained by the realizations of the non-
stationary series (i), have the AN properties. This is already explained by the theoretical
findings provided by Theorems 4 and 5, which describe the AN properties of this series.
Therefore, the effectiveness of both of these estimators due to their non-stationarity is not
pronounced and, due to unlimited variance, there are a wide range of obtained estimated
values. On the other hand, we note that the AN property is not particularly emphasized
in the case of estimates of the critical value (c¢). This is a consequence of the three-step
procedure for estimating this parameter, because the estimates of the parameter ¢ are
obtained after the estimates of the parameters b. and A have been computed. Nevertheless,
it is clear that, in accordance with the previous theoretical findings, first of all in Theorem 7,

the estimate ¢ is more efficient and has a more pronounced AN property than estimate c.
Finally, in the case of estimates of the scale parameter (1), their efficiency and AN
properties are clearly visible. At the same time, it should be noticed that the moment-based

estimate A has a somewhat slower efficiency and AN property compared to the ML estimate
A, obtained using Equation (37) and the modelled innovations (¢;). This is fully consistent
with the previously explained theoretical findings, that is, the definitions of both of these
two estimates, as well as Theorems 6 and 7. Some visual confirmation of these facts can
be seen in Figure 6, where the histograms of the frequency distribution of the obtained

estimates are shown. Thus, for instance, in all cases (with the exception ¢) the presence of
AN properties clearly can be observed, as well as the efficiency of the obtained estimates.
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Figure 6. Histograms of empirical distributions of the estimated parameters (true parameter values
are the same as in Table 1).

6. Application in Dynamic Analysis of the World Oil and Gas Market

In the following, the application of the LSB process in the dynamic analysis of prices
and trading volumes of crude oil and natural gas on the world market is considered.
We emphasize that the temporal dynamics of these two energy sources is of particular
importance, and they are greatly influenced by global external factors, such as, for instance,
the recent COVID-19 pandemic and the war in Ukraine. Precisely for these reasons, it can
be assumed that all of these factors cause permanent and pronounced fluctuations in the
dynamics of the price and trading volume of these two energy products, which can be
seen in the following Figure 7. As mentioned in the introduction, it will be shown here
that the LSB process can be an appropriate stochastic model for describing dynamics of
these kinds. To this end, based on official data from the National Association of Securities
Dealers Automated Quotations (NASDAQ) Stock Market [39], we observed daily changes
in crude oil prices and trading volumes (in US dollars per barrel) and natural gas (in US
dollars per cubic meter) from 2 April 2018 to 31 March 2023.
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Figure 7. Dynamics of prices and trading volumes of energy products on the world market in the

period from 2018 to 2023: (a) crude oil; (b) natural gas.

In this way, time series of real-world data of length T = 1261 were obtained, and
their main statistical indicators can be seen in the following Table 2. Based on these, it can
be easily concluded that in both cases there are pronounced and permanent fluctuations.
For example, the average price of crude oil is (approximately) 62.57 US dollars per barrel.
However, it varies from 9.06 US dollars (on 21 April 2020, just over a month after the official
announcement of the COVID-19 pandemic), all the way to 123.7 US dollars (on 8 March
2022, a few weeks after the start of the war in Ukraine). Let us notice that the price of
natural gas also has pronounced price ranges, although less pronounced than in the case of
the price of crude oil.

Table 2. Basic statistical and market indicators of crude oil and natural gas in the last five years.

Statistics

Crude Oil

Natural Gas

Price

Volumes

Log-Volumes

Price

Volumes

Log-Volumes

Mean
Median

65.42
64.62

422 x 10°
3.88 x 10°

16.832
17.102

3.591
2.855

1.22 x 10°
1.17 x 10°

12.672
12.789
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Table 2. Cont.

L Crude Oil Natural Gas
Statistics
Price Volumes Log-Volumes Price Volumes Log-Volumes

Mode 67.04 N/A N/A 2.662 1.66 x 10° 12.717

Sample Variance 397.1 5.41 x 1010 0.8172 3.274 3.56 x 10° 0.8194

Stand. Deviation 19.94 2.33 x 10° 0.9040 1.809 5.97 x 10* 0.9052

Minimum 9.060 1.23 x 104 11.617 1.482 1.20 x 10% 8.281

Maximum 123.7 1.69 x 10° 18.273 9.680 435 x 10° 14.56

Note that in addition to the basic financial data (price and volumes of trading), Table 2
also shows descriptive statistics of the so-called log-volumes. They represent an aggregate
financial indicator, obtained as a natural logarithm of the total monetary value of trading
volumes, i.e., A ' '

W i=m(p VD), t=01,...,T, j=12

Here, (Pt(l)) and (Vt(1)> are, respectively, the price and trading volumes of crude oil,

and (Pt(z)) and (Vt(z)) are the price and trading volumes of natural gas, observed at some

pointintime f =1,2,...,T. As is stated in two studies [40,41], the usage of log-volumes
changes the interpretation of activity shocks because unexpected values are not affected
by the growth trend in their dynamics. In addition, the variance of log-volatility shocks
is then more uniform across the sample (that is, over the timeline of the observed data).
This can also be seen through the sample variance and standard deviation of both observed
log-volume series, which are shown in Table 2. Additionally, the corresponding Split-MA(1)
processes for these series are as follows:

() (1)
G _ 0 0 . D Vi _ .
X =y yt_l—lnp(j) —i—an(],), t=1,...,T, j=12,
t—1 t—1

i.e.,, they represent the sum of the log-returns of prices and trading volumes.

We further consider the possibility of using the LSB process as a suitable stochastic
model of logarithmic volume dynamics. To that end, the basic LSB series, i.e., realizations
of log-volumes of crude oil and natural gas, will be referred to as Series A and Series B,
respectively. According to these, as well as the results of using Equations (1) and (5), the
martingale means (mgj )) and innovations (eEJ )) can be obtained by iterative procedure:

ng) _ yEJ) _ WlE]), 2 W)
) . . ‘ N
mE/ = m§]—>1 + ‘Sg])ll{ (55]22> = C}/

where j = 1,2 and ¢ is the estimated critical value, obtained by using Equation (31). As

initial values in (47), as before, we have taken sg ) — s(_])1 =0, as well as m(()] ) = y(()] ) — a,

j =1,2. The estimated values of basic statistical indicators of the increment series (Xt(] )) ,

j = 1,2, as well as two modelled series, martingale means (m(j )>, j = 1,2, and innovation

series <£§j )>, j = 1,2, are presented in the following Table 3.
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Table 3. Statistical indicators of increments, martingale means, and innovations of LSB processes.

L. Series A Series B
Statistics

() ) @) ) () ()
Mean 352 x 107° 16.898 —0.0196 117 x 107> 12.688 —0.0713
Median —0.0577 17.127 —0.0537 —0.0660 12.830 —0.0702
Mode N/A 16.588 N/A N/A 12.709 N/A
Sample Variance 0.9688 0.7227 0.7156 0.8492 0.8975 0.6484
Stand. Deviation 0.8178 0.8501 0.8460 0.9215 0.9473 0.8053
Minimum —3.5600 11.617 —3.5560 —4.0362 8.2808 —3.8895
Maximum 4.9542 18.185 4.9542 4.6061 14.560 42371
Range 9.5142 6.5680 8.5142 8.6423 6.2794 8.1266
Skewness 2.3966 —2.1680 1.0276 1.5001 —1.9954 0.6335
Kurtosis 5.1593 5.3253 6.1547 7.7933 5.2876 6.0679

Based on the obtained estimated parameter values, certain observations can be made,
which also derive from previously obtained theoretical results. Note first that the average
values of log-volumes are “close” to the average values of martingale means, and that
is consistent with equality E(y;) = E(m;). Moreover, both series A and B have other
similar statistical indicators (variance or standard deviation, for example), which indicates
a certain similarity in their dynamics and other stochastic characteristics. This can be seen

by comparing statistical indicators of the increments (X,fj ) ), j = 1,2, and the innovation

series (sgj )), j =1,2. It is noticeable that the sample means of both series are close to zero,
that is, they have the property of symmetry of their empirical distributions. Finally, it is

worth pointing out that both series (EE] )), j = 1,2, have the estimated values of kurtosis
K; ~ 6, j = 1,2, which could indicate their suitability for stochastic modelling with the
Laplace distribution.

In the following, using the estimation procedure described in the previous section, the
parameters of both real-world time series can be estimated, assuming that their dynamics
are subjected to the LSB model. Table 4 shows the estimates obtained by applying the
above-mentioned procedures, that is, two kinds of parameter estimates of the LSB model.
Additionally, some other estimates, such as the first-order sample correlation px(1) and
the estimates of the threshold parameter b, are shown. Let us notice that the condition
—0.5 < px(1) < 0is satisfied in both series cases, which enables the estimation of the
parameter b,.

Table 4. Estimated parameter values of the log-volumes series.

Parameter Estimates Series A Series B
r 16.832 12.672
Mean Value i 17.004 12.587
Sample Correlation ox(1) —0.1911 —0.3948
Threshold Parameter IEC 0.2362 0.6523
b¢ 0.3766 0.5546
. ¢ 0.0196 0.2868
Critical Value ¢ 0.0459 0.1487
1 0.5201 0.5069
Scale Parameter ))
A 0.4520 0.5113

As has already been pointed out, the values of the modelled series (m(j )) and (sgj )) were
computed by using the most robust estimators of the LSB process ¢, i, 7%. The agreement
between the modelled and actual data can be seen in Figure 8a, where in addition to the

observed log-volume values (ygj )), the modelled martingale mean values (mgj )) are shown.
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At the same time, the agreement between the increment series (Xt(j )) and innovations (sg
is shown in Figure 8b. It is worth noting that high correlations between the actual and
modelled time series are clearly observable, which can also be explained by the theoretical

findings presented in Section 2. Namely, the martingale means (mgj )) are equal to the

log-volumes in cases when there were no pronounced fluctuations of the series (ygj )) in the
previous time period. On the other hand, if emphatic fluctuations occur, the values of the

series (mgj )) and (ygj )) become different, and the resulting deviations indicate the existence
of significant fluctuations and potential risk in the market. Similarly, if at some point in

time point’s innovation series (85] )) has a pronounced fluctuation, the next value of (sgj ))
will be equal to increments (Xt(] )). It is obvious that the agreement of realizations between

these time series is better if, in addition to permanent and emphatic fluctuations of (EE] )),
the critical value c is relatively small.

LSB process Split-MA process

20 30 40 50
-3.00
Time (t) Time (t)

LSB process Split-MA process

—e—Xt {

-4.00

20 30 40 50 ===Iet
-5.00

Time (t) Time (t)

(a) (b)

Figure 8. Dynamic diagrams of empirical and modelled data: (a) log-volumes (solid lines) and
martingale means (dashed lines); (b) increments (solid lines) and innovation series (dashed lines).
The diagrams above present the dynamics of Series A, and below are the dynamics of Series B.

Notice that the CDFs and PDFs of the series (Xt(j ) ), j = 1,2 can be obtained by using
the results given in Theorem 3, that is, Equations (10) and (13), respectively. The above plots

in Figure 9 show fitted PDFs of both empirical distributions of the series (Xt(j )), j=12
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Finally, using the results of Theorem 4, that is, Equation (15), the fitted CDFs H;(x) of the

log-volumes (yg]' )) can be obtained by the iterative procedure:

HY () = (H7) @ ) )( / HY, (x — u)F, (du),t =1,2,...,T, (48)
where
Hé])(x) = (F,®F)(x nyx—u)Fg du) = flx—u>;4)fg( Ydu
- (49)
= [ fe(u)du = Fe(x — p).
—o0
Series A Series B
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Figure 9. Empirical distributions of actual data (given by histograms), along with the corresponding
fitted PDFs (given by lines): (a) Series A; (b) Series B.

From here, by differentiating the CDFs obtained using Equation (48), the correspond-
ing PDFs of the log-volumes (yg] )) can also be easily computed. Therefore, due to the
non-stationarity, these PDFs are dependent on the time argument f. The graphs below in
Figure 9 show the theoretical PDFs of the series (yEJ )), obtained by using the numerical
procedure in the R-package “distr” [42]. The PDFs of the length t < T = 1261 are shown
with dashed lines, and the PDFs of the length T = 1261 are shown with a solid line.
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7. Conclusions

The main stochastic properties of the Laplacian Split-BREAK (LSB) process are pre-
sented here, along with the investigation of the asymptotic properties of the corresponding
LSB series, as well as the procedures for estimating their parameters. It is useful to point
out that one of the advantages of this stochastic model, as in the case of the Gaussian
Split-BREAK (GSB) process, is that it enables the usage of appropriate stationary and non-
stationary components, which provide different procedures for estimating its unknown
parameters. At the same time, of particular importance is the asymptotic behaviour of LSB
series. This is considered as well as the obtained parameter estimators.

Let us point out that one of the important features of the LSB process, as well as
the class of STOPBREAK-based processes in general, is the ability to “remove” the sharp
boundary between stochastic processes with permanent shocks and those in which they
remain transient. Therefore, these stochastic processes can vary between different well-
known non-linear stochastic models (see, for more details, Stojanovi¢ et al. [23,24]). For
instance, the LSB process can vary from an IID (white noise) series, for a larger critical
value of reaction c, to a random walk process, as c approaches zero.

In addition, some of the possibilities of applying the LSB process in modelling dynam-
ics of the real-world series with emphasized and persistent fluctuations are also described.
This provides opportunities for potential future research based on the various kinds of
Split-BREAK processes. At the same time, it is worth pointing out that the dynamic analy-
sis of log-volumes, as composite time series, may represent a certain limitation, due to a
possibility of omitting some other characteristics of the oil and gas market.
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