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Abstract: In many physical, social, and economic phenomena, we observe changes in a studied
quantity only in discrete, irregularly distributed points in time. The stochastic process usually
applied to describe this kind of variable is the continuous-time random walk (CTRW). Despite the
popularity of these types of stochastic processes and strong empirical motivation, models with a
long-term memory within the sequence of time intervals between observations are rare in the physics
literature. Here, we fill this gap by introducing a new family of CTRWs. The memory is introduced
to the model by assuming that many consecutive time intervals can be the same. Surprisingly, in
this process we can observe a slowly decaying nonlinear autocorrelation function without a fat-
tailed distribution of time intervals. Our model, applied to high-frequency stock market data, can
successfully describe the slope of decay of the nonlinear autocorrelation function of stock market
returns. We achieve this result without imposing any dependence between consecutive price changes.
This proves the crucial role of inter-event times in the volatility clustering phenomenon observed in
all stock markets.

Keywords: continuous time random walk; intertrade times; volatility clustering

1. Introduction

In many physical, biological, and economic systems we can identify elementary
events occurring irregularly in time . Additionally, the times between those events can be
interdependent in a non-trivial manner, which can lead to complex behavior. Therefore, it
is no surprise that point processes are of high interest to researchers and their applications
are widely studied [1,2]. Two of the most popular models are autoregressive conditional
duration (ACD) [3] and the Hawkes model [4,5]. The canonical versions of both models
include short-range dependencies (for ACD see [3,6–11]; for Hawkes see [12–20]). Both of
them, however, have been extended to describe long-range memory (for ACD see [21–31];
for Hawkes see [32–42]).

Real-world stochastic processes have numerous features which can be associated
with elementary events. For instance, in the transaction data from a stock market we
observe the events—the transactions occurring in specific moments—and their features:
the price and volume of each transaction. Inter-trade times from stock market transaction
data are a perfect example of a point process. However, in order to describe the price of
transactions, which we do below, one must go beyond the framework of point processes,
which does not incorporate features of the elementary events. A natural generalization is
the continuous-time random walk (CTRW).

The CTRW was the first proposed formalism to describe the dynamics of a variable
changing its value in unevenly spaced points in time. Point processes extended to fit this
phenomenon are called marked point processes [16]. Moreover, the distribution of time
intervals between those points can be arbitrary. This formalism was introduced in 1965
by Montroll and Weiss [43] and since then it has been applied in a broad range of fields,
ranging from astrophysics to economics and the social sciences. For a detailed review,
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see [44]. In the canonical CTRW, both increments of the observed process and waiting times
(inter-event times) are i.i.d. random variables. An exemplary trajectory of such a process is
shown in Figure 1.
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Figure 1. The example trajectory of the continuous-time random walk (CTRW), consisting of jumps of
process values ∆xn preceded by waiting times ∆tn. In the canonical CTRW, ∆tn and ∆xn are i.i.d. ran-
dom variables drawn from the distributions ψ(∆tn) and h(∆xn), respectively. In this paper, we
consider the CTRW model with long-term dependence in the series of waiting times ∆t1, ∆t2, . . . , ∆tn.

All kinds of random walks, starting with normal diffusion, through anomalous dif-
fusion (both subdiffusion and superdiffusion) to Levy flights, can be described within
the CTRW formalism. This can be achieved by using specific distributions of waiting
times or increments (especially with heavy tails) and by considering memory in waiting
times, increments, or coupling between them. The CTRW models with correlated incre-
ments were initially proposed to study lattice gases [45–47]. More recently, they have been
used to model high-frequency financial data [48–60]. On the other hand, CTRW models
with correlated waiting times are not well-studied. With the exception of a few recent
attempts [52,61,62], these models have not been analyzed nor used to model empirical
data. This fact is surprising in light of the recent popularity of point processes such as
ACD and the Hawkes process. The aim of this work is to fill this gap. We propose a
new CTRW model which incorporates dependencies of inter-event times. Our intention
is to model long-range memories in the sequence of waiting times, an aim inspired by
numerous empirical examples [63–69]. Our model is simple yet general enough to explain
the properties of empirical data. That makes it a perfect candidate for future applications
and a relevant reference point for future work.

The paper is organized as follows. In Section 2, we present the motivation behind
the model, with correlated waiting times based on financial data. Next, in Section 3 we
propose a way to include dependencies between the waiting times, in particular the long-
range memory. In Section 4, we solve the CTRW model with correlated waiting times by
calculating its propagator, moments, and the autocorrelation function (ACF) of increments.
We then fit our model to tick-by-tick transaction data from the Warsaw Stock Exchange in
Section 5. Finally, we provide a summary of our work in Section 6. Two appendices at the
end provide a clarification of the mathematical methods that we have used.

2. Motivation

Models with interdependent waiting times are used to describe electron transfer [63],
the firing of a single neuron [64], interhuman communication [65], and the modeling of
earthquakes [66–69]. An excellent example of a process with correlated inter-event times
that we will describe in this manuscript is tick-by-tick transaction price data from the stock
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market [70]. These data are very convenient to use, as they are of high quality and easily
accessible in large amounts.

Firstly, let us recall two basic stylized facts observed in the majority of stock mar-
kets [71].

• In the ACF of time-dependent log-returns, we observe short-term negative autocorre-
lation.

• However, we observe slowly decaying positive autocorrelation for the ACF of absolute
values of time-dependent log-returns.

The latter is considered to be reminiscent of the volatility clustering phenomenon.
Of course, these are not the only or the most significant stylized facts, but these two do

not directly depend on the log-return distribution. The list should also contain the broad
distribution of log-returns [72]; multi-fractality [73,74]; universal scaling of the distribution
of times between large jumps [75,76]; and the slow, power-law decay of the correlation
between these times. We will further discuss the latter in this manuscript. Usually, the
CTRW models used to describe high-frequency stock market data consider waiting times
∆tn as inter-transaction times, and process increments ∆xn as logarithmic returns between
consecutive transactions. Taking into account the so-called bid-ask bounce phenomenon
allows CTRW processes to reproduce the first stylized fact of short-term negative autocor-
relation [58,77,78]. In this type of models, waiting times ∆tn are i.i.d. variables and only
the dependence between ∆xn and ∆xn−1 is considered. Unfortunately, models considering
only this type of dependencies turned out to be unable to describe the time ACF of absolute
values of price changes [60]. Technically, it is possible to obtain a CTRW model reproducing
both stylized facts, but it requires a power-law waiting-time distribution ψ(∆t). However,
this solution is not satisfying as we can obtain waiting-time distribution directly from the
empirical data of inter-transaction times. It turns out that this distribution is far from a
power-law one [58]. These results suggest that the source of the second stylized fact is not
in the distributions of increments h(∆x) and waiting times ψ(∆t), but in the dependence
between consecutive ∆x and ∆t values.

Let us start with an empirical analysis of the step ACF of series ∆tn and |∆xn|. We
observe approximately power-law memories in waiting times and absolute values of price
changes; see Figure 2a. For a lag (in the number of steps) . 3, the autocorrelation of |∆xn| is
higher than the autocorrelation of ∆tn, but for a lag > 3 it is otherwise. This result suggests
that in the limit of long times, the dependence between waiting times may be more critical
than dependence between price changes. To verify this hypothesis we perform a shuffling
test. We compare the time ACF of price changes’ absolute values for four samples of time
series. The first one is the original time series of tick-by-tick transaction data. The second
time series keeps the price changes ∆xn in the original order but shuffles the order of
waiting times ∆tn. This way, we obtained a time series keeping all dependencies between
price changes ∆xn, but without any dependencies between waiting times ∆tn. In the third
time series, we kept the original waiting times ∆tn but shuffled the price changes ∆xn. In
the last, fourth time series, both ∆tn and ∆xn were shuffled. Let us emphasise that all four
time series have the same, unchanged distributions ψ(∆tn) and h(∆xn). The results are
shown in Figure 2b. As expected, we observe the slow, almost power-law decay of the
time ACF for the first empirical time series. Surprisingly, removing dependencies between
waiting times does not change the time ACF in the limit of t→ 0, but significantly increases
its slope of decay in the long-term. On the other hand, removing dependencies between
price changes decreases the time ACF, dividing it by an almost constant factor but does not
change the slope of the decay. The removal of all dependencies still leads to a positive time
ACF, resulting from the non-exponential empirical distribution of waiting times.
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Figure 2. Figures 2 and 3 were prepared using transaction data for KGHM (one of the most liquid
Polish stocks) from period of January 2013 to July 2017. Both figures are on a log-log scale. (a) The
plot of normalized empirical step ACF of ∆t and |∆x|. Both functions decay like a power-law. For lag
= 1, the autocorrelation of |∆x| is higher. However, it decays faster, and for long times the memory
in waiting times is stronger. (b) The plot of the normalized time ACF of |∆x| for four time series.
The presented lines are for empirical data (thick black), empirical price changes, and intra-daily
shuffled waiting times (dotted red); intra-daily shuffled price changes and empirical waiting times
(dash-dotted green); and intra-daily independently shuffled price changes and waiting times (thin
blue). Considering only empirical dependencies of waiting times reproduces the ACF, which decays
with almost the same slope as the empirical one.

The empirical observations presented above convinced us that it is necessary to
consider long-range dependencies between waiting times within CTRW to reproduce the
slowly decaying ACF of price changes’ absolute values observed in the financial data.

Please note that in Figure 2, we analyzed the step ACF for lags up to 100 and the
time ACF for times up to 1000 s. The procedure used to estimate the time ACF was
presented in [58] and is a modification of the classical slotting technique introduced in [79].
Such limits were chosen due to the length of trading sessions (around 8 h or 1000 trades).
Unfortunately, these limits are not long enough to detect power-law dependencies. The only
way to increase these limits is by joining all sessions into one sequence. In this procedure,
we merge the end of one session with the beginning of the following one (we omit overnight
price changes). These two periods of the sessions are different, as we observe intraday
activity in financial data [80]. The session begins with short inter-transaction times and a
high standard deviation of price changes. Usually, up to the middle of the session, average
inter-trade times increase, and the standard deviation of price changes decreases. The
situation reverts again close to the end of the session. This phenomenon is called the lunch
effect [81]. We use the canonical method to remove intraday non-stationarity by dividing
each waiting time by the corresponding average waiting time, depending on the time that
has elapsed since the beginning of the session for each day of the week separately [82,83].
The comparison of the step ACFs of waiting times for non-stationarized and stationarized
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data is presented in Figure 3a. As a result of this procedure, we obtain the power-law
decay over four orders of magnitude of lag. In Figure 3b, we present the time ACF of price
changes’ absolute values for stationarized data, which also exhibit power-law decay over
four orders of magnitude of time lag. It is now reasonable to ask what the relationship is
between the decay exponents of these autocorrelations. Fortunately, the model studied in
this paper gives a strict answer to this question.
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Figure 3. All intraday data (waiting times and corresponding price changes) are joined into one data
set. (a) The plot shows the normalized step ACF of ∆t for non-stationary and stationarized cases.
The stationarizing procedure is described in the main text. (b) The plot of the normalized time ACF
of |∆x| with stationarized waiting times. Both stationarized autocorrealations decay like a power-law
with similar slope.

3. Process of Waiting Times

Let us now focus on the sequence of inter-transaction times ∆t1, ∆t2, . . . , ∆tn, . . .. We
are now looking for the point process to describe this series, which will be suitable for use
in CTRW. For this reason, we need analytically solvable models. Moreover, we would like
to use the empirical distribution of inter-event times ψ(∆tn) and observe the power-law
step ACF, as shown in Figure 3a. Even these two simple conditions exclude ACD models
and Hawkes processes from our considerations. We are not interested in ACD models, as
the power-law ACF can be obtained only within the fractional extension. In the Hawkes
process, both the waiting time distribution and autocorrelation depend on the memory
kernel [15,84]. Therefore, they cannot be set independently. As the Hawkes process is
defined solely by its kernel, both waiting time distribution and autocorrelation depend
on it. Thus, it would be difficult (if it is possible at all) to reproduce both empirical WTD
and ACF at the same time. This feature of the Hawkes process hampers its use in the
description of empirical data.

As the solution to our search, we propose a simple point process in which waiting
times ∆t are repeated. In a very general sense, our proposition can be interpreted as
a discretized version of CTRW, adapted to the role of the point process. Let us briefly
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describe this analogy. Within the canonical CTRW, values of the process are represented
by a spatial variable, and the time is continuous. The spatial variable remains constant for
a given period of continuous waiting time. Now, we define the point process by the series
of waiting times. Here, the number of repetitions νi of the same value of waiting time is
the analog of waiting time in the canonical CTRW. The exemplary realization of such an
adapted process of waiting times is shown in Figure 4.

We require the waiting times ∆tn (values of the process in the discrete subordinated
time n) to come from the distribution ψ(∆tn) (∆tn > 0), with a finite mean 〈∆t〉. We define
νi as the number of repetitions of the same waiting times (drawn independently for each
series of repetitions). Let νi be the i.i.d. random variables with the distribution ω(νi). In
general, it can be any distribution, but to recreate the power-law step ACF of waiting times
we will focus on a fat-tailed distribution with a finite first moment 〈ν〉. In particular, we
use the zeta distribution with parameter ρ

ωρ(k) = k−ρ/ζ(ρ); ζ(ρ) =
∞

∑
i=1

i−ρ, ρ > 1, (1)

where ζ(ρ) is Riemann’s zeta function. Its expected value is equal to 〈ω〉 = ζ(ρ−1)
ζ(ρ)

for
ρ > 2 and the variance is finite for ρ > 3. The cumulative distribution function is given by
Hk,ρ
ζ(ρ)

, where Hk,ρ = ∑k
i=1 i−ρ is the generalized harmonic number. Let us introduce Ω(k) =

∑∞
i=k ω(i) as a sojourn probability. We have Ω(k) = 1− Hk−1,ρ

ζ(ρ)
for the zeta distribution.

2
3

4
51

Figure 4. The example realization of the process of waiting times, the values of which correspond
to the waiting times ∆tn of the point process used in the primary CTRW process. Process values
∆t1, ∆t2, . . . , ∆tn come from the values ∆t1, ∆t2, . . . , ∆tk repeated ν1, ν2, . . . , νk times, respectively.
Number of repetitions νi are drawn from the distribution ω(νi). In the example above: ν1 = 1, ν2 =

3, ν3 = 2, . . . and ∆t1 = ∆t1, ∆t2 = ∆t3 = ∆t4 = ∆t2, ∆t5 = ∆t6 = ∆t3, . . ..

We define a soft propagator of the process of times P(∆t; n|∆t0, 0), which is the
conditional probability density that the waiting time, which was initially (at n = 0) in the
origin value (∆t = ∆t0), is equal to ∆t after n steps. The soft propagator can be expressed
by

P(∆t; n|∆t0, 0) = δ(∆t− ∆t0)Ωfirst(n) + [1−Ωfirst(n)]ψ(∆t), (2)
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where Ωfirst(n) is the sojourn probability obtained from ωfirst(n), which is the stationarized
distribution of the repetition of the first waiting time:

ωfirst(n) = ∑n′=1 ω(n + n′)
∑n′′=0 ∑n′=1 ω(n′′ + n′)

=
∑n′=1 ω(n + n′)

∑n=1 nω(n)
=

∑n′=n+1 ω(n′)
〈ω〉 ,

Ωfirst(n) = ∑i=n ∑n′=i+1 ω(n′)
〈ω〉 =

∑i=1 iω(i + n)
〈ω〉 =

〈ω〉 − nΩ(n + 1)−∑n
i=1 iω(i)

〈ω〉 .
(3)

The first term of the right-hand side of Equation (2) is the probability that the process value
will stay constant (equal ∆t0) after n jumps. The second term indicates that there will be a
process value jump with probability 1−Ωfirst(n), so new process values will be completely
independent, drawn from the distribution ψ(∆t).

Restricting ourselves to ω(n) in the form of the zeta distribution, we can obtain

Ωfirst(n) = 1− n
〈ω〉 +

nHn,ρ

ζ(ρ− 1)
−

Hn,ρ−1

ζ(ρ− 1)
, (4)

and hence the propagator given by Equation (2). The step autocovariance of waiting times
∆tn can be expressed as

cov(n) = 〈∆ti∆ti+n〉 − 〈∆ti〉 〈∆ti+n〉 = 〈∆ti∆ti+n〉 − 〈∆t〉2 , (5)

where symbol 〈. . .〉 means taking the average. Note that ∆ti+n = ∆ti with probability
p = Ωfirst(n). With probability 1− p, the ∆ti is independent. This leads to

cov(n) = p 〈∆t2〉+ (1− p) 〈∆t〉2 − 〈∆t〉2 = σ2
∆t p = σ2

∆tΩ
first(n). (6)

We are interested in the asymptotic form of autocorrelation for n� 1. We can use following
approximation (Theorem 12.21 from [85])

ζ(ρ)− Hn,ρ ≈
n1−ρ

ρ− 1
. (7)

Finally, we obtain the normalized step ACF

corr(n) =
cov(n)
cov(0)

≈ n−(ρ−2)

ζ(ρ− 1)(ρ− 2)(ρ− 1)
. (8)

The step ACF of waiting times decays like a power-law and the decay exponent is ρ− 2.
It is worth emphasizing that even considering only ρ > 2, required for the existence of a
finite average number of repetitions, we can obtain any value of the decay exponent.

4. The Primary Process

Now we are ready to define the primary CTRW process with repeating waiting times.
This process is characterized by two key properties:

• changes of the process value ∆xn are i.i.d. random variables from the distribution
h(∆x), with finite variance σ2

x (and thus finite first two moments µ1 and µ2),
• waiting times ∆tn come from the process described in Section 3.

Note that we do not assume any dependence within the series of consecutive changes
of the process value ∆x1, ∆x2, . . . , ∆xn. We do not make any further assumptions about the
shape of distributions h(∆x). The memory in this process is present only in the sequence
of waiting times.

Let us start the analysis of the properties of this process with the following observa-
tion. As the changes ∆xn are independent, the changes above any given threshold occur
independently. Knowing the result in (8), we can calculate the autocorrelation of the series
of inter-occurrence times between changes above or below any threshold. The details of
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the derivation are presented in Appendix B. It turns out that we also obtain power-law
decay with the exponent −(ρ− 2), the same as in (8).

Moreover, we managed to obtain the soft propagator of the primary CTRW pro-
cess and the characteristics derived from it. The details of calculations can be found in
Appendix A. Here we present selected results, namely, the first two moments and the time
autocorrelation of changes, in the limit of long times (t→ ∞). We consider analytical terms
(t, t2, t3, . . .) and the most significant power-law term when ρ is non-integer.

Using results from Appendix A, the first moment of the process for t → ∞ can be
approximated as

m1(t) = L−1
[
−i

∂P̃(k; s)
∂k

∣∣∣
k=0

]
(t) ≈ µ1

〈∆t〉 t + µ1
α{ψ}

Γ(4− ρ)
t3−ρ, ρ ∈ (2; 4), (9)

where L−1[·](t) is the inverse Laplace transform, P̃(k; s) is the propagator of the process
in the Fourier–Laplace domain, Γ(·) is Euler’s gamma function, and α{ψ} is a complex
functional of ψ, which has to be calculated separately for each ψ. The most important
term is typical, linear behavior, but we observe an additional power-law term. The second
moment can be written in the form

m2(t) = L−1
[
−∂2P̃(k; s)

∂k2

∣∣∣
k=0

]
(t)

≈ µ2
1

(
t
〈∆t〉

)2
+ σ2

x
t
〈∆t〉 + µ2

1β{ψ} t
〈∆t〉 + µ2

1
γ{ψ}

Γ(5− ρ)
t4−ρ, ρ ∈ (2; 5),

(10)

where β{ψ}, γ{ψ} are complex functionals of ψ, which have to be calculated separately
for each ψ. From the first two moments of the process, we calculate the process variance
(still considering only analytical and the most important power-law term)

σ2(t) = m2(t)−m2
1(t) ≈

(
σ2

x + µ2
1β{ψ}

) t
〈∆t〉 + µ2

1
γ{ψ}

Γ(5− ρ)
t4−ρ, ρ ∈ (2; 5). (11)

It is worth mentioning that for variance the power-law term from the second moment is
more important than the power-law term from the first moment. We can observe normal
diffusion for ρ > 3. However, there is superdiffusion in the case of ρ ∈ (2; 3). We obtain
ballistic diffusion in the limit ρ→ 2.

Having the first two moments, one can calculate velocity ACF, which is equivalent to
normalized ACF of changes for fixed sampling for the stationary process

C(t) =
1
2

∂2m2(t)
∂t2 −

(
∂m1(t)

∂t

)2

⇒ C(t) ≈ µ2
1

1
Γ(3− ρ)

κ{ψ}t2−ρ, (12)

where κ{ψ} =
(

γ{ψ}
2 − 2α{ψ}

〈∆t〉

)
, for ρ ∈ (2; 4). In the limit of t→ ∞ and µ1 6= 0 we observe

a power-law decay of ACF with the exponent ρ− 2. In the case of µ1 = 0, it can be proven
that this exponent is ρ− 1, so the decay is faster (A5).

It is crucial to emphasize that in Equations (9)–(12) for ρ exceeding the mentioned
range, there is still a power-law term with the same dependence on µ1 and the same time
exponent. However, the dependence of the amplitude on ρ takes a different, more complex
form.

5. Empirical Results

We use the constructed process to investigate the role of correlated inter-trade times
in the volatility clustering effect. We consider this process as a toy model, describing
high-frequency financial data. The value of the process represents the logarithm of the
stock price. We can treat transactions as events that change the price. Therefore, the
inter-transaction times correspond to waiting times in our model. The jumps represent



Entropy 2021, 23, 1576 9 of 16

the difference in the logarithmic prices of consecutive transactions, which are logarithmic
returns [52].

The CTRW formalism allows us to obtain the autocorrelation of price returns. More-
over, the same formalism can be used to obtain the nonlinear ACF of absolute increments.
This can be achieved by using different jump distributions h(∆x). To model the process of
price changes in time, we should use the symmetric distribution h(∆x), as the empirical
distribution of returns is symmetrical. As a result, we obtain the vanishing mean µ1 = 0
and the quickly decaying ACF of returns. To derive the nonlinear ACF of absolute returns,
we define the new CTRW process, and by calculating its linear ACF, we obtain the nonlinear
ACF of price increments. Following [60], if as h(∆x) we use only the positive half of the
previous distribution multiplied by 2, we deal with the case of non-zero drift and obtain
an artificial, monotonically increasing process. As µ1 6= 0, we obtain the slow power-law
decay of the autocorrelation of absolute returns, as in the empirical results presented as a
solid black line in Figure 2b.

Since we assumed only one type of memory in our model, introduced by the distribu-
tion ω(ν), we cannot expect that the model will be able to reproduce exact values of the
empirical nonlinear ACF of the absolute returns. The model, however, should be able to
reproduce its slope (as in Figure 2b, in which the green dash-dotted line reproduces the
slope of the solid black line). The theoretical slope is obtained analytically and is equal
2− ρ. It is worth emphasizing that the slope does not depend on the distribution of price
changes h(∆x) or waiting times ψ(∆t) and is fully determined by the single parameter
ρ, characterizing the distribution ω(ν). This fact significantly simplifies the comparison
with the empirical data, as we are required to estimate only one parameter ρ. On the
other hand, the assumption of repeated waiting time is a technical method introducing
memory. We cannot expect to observe such a phenomenon in the empirical time series. The
parameter ρ is a measure of the memory present in the sequence of consecutive waiting
times. Therefore, we estimate this parameter using the slope of the step ACF of waiting
times, which is equal to 2− ρ in the model. It is a surprising and potentially essential
fact that the exponent of the decay of the nonlinear time ACF is the same as in the step
ACF of waiting times. This result motivates us to compare these two values for empirical
financial data. Of course, in the empirical data we also observe a long-term positive step
ACF of |∆x|, which was not included in our model. Therefore, we can expect that the
slope of time ACF of |∆x| should be slightly higher than the slope of the step ACF of ∆t.
Since a long-term nonlinear autocorrelation is usually interpreted as a reminiscence of
the volatility clustering phenomenon, it is interesting to check what part of the observed
volatility clustering effect can be explained only by memory between inter-trade times.
We present the results for the five most traded stocks from the Warsaw Stock Exchange
in Table 1 (ordered by the number of transactions), with the average inter-trade time not
being greater than 30 s.

Table 1. Table with fitted slopes of the empirical stationarized step ACF of waiting times and the
time ACF of price changes’ absolute values for the five most liquid stocks from the WSE. The time
ACF slopes are close to the corresponding step ACF slopes. The analysis was performed on the
tick-by-tick market data from the public domain database [70]. The data covers the period from
3 January 2013 to 14 July 2017. For instance, the data set for KGHM contains 3,096,625 transactions.

Company Step ACF ∆t Slope Time ACF |∆x| Slope

KGHM −0.25± 0.04 −0.25± 0.02
PKOBP −0.33± 0.08 −0.30± 0.02

PZU −0.26± 0.03 −0.28± 0.04
PGE −0.33± 0.07 −0.36± 0.03

PEKAO −0.33± 0.04 −0.37± 0.04
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We see that our model can estimate the slope of time ACF with an accuracy of
around 10%. Moreover, our model can successfully reproduce the power-law decay of
the autocorrelation of inter-occurrence times between changes below or above any given
threshold reported in [75,76]. Please note that the decay exponent predicted by our model
−(ρ− 2), with empirical values presented in the Table 1, is close to 0.31, as reported in [76].

6. Conclusions

We introduced a new continuous-time random walk (CTRW) model with long-term
memory within a sequence of waiting times. We use a simple model of repeating waiting
times instead of commonly-used point processes such as the ACD and the Hawkes process.
Despite its simplicity, our model of repeating waiting times has a few valuable properties. It
is stationary, can be treated analytically, and the distribution of waiting times and memory
in its series can be set independently.

As we observe many phenomena with dependencies between waiting times, possible
applications of this family of CTRW models go beyond the exemplary application presented
here.

However, in this manuscript, we applied the proposed model to describe high-
frequency financial time series. We asked ourselves which commonly known properties of
the financial time series can be reproduced by the long-term memory introduced in our
model, only by means of the repeating waiting times. We have to emphasize that part of
these properties, known as stylized facts, depend on the waiting time distribution ψ(∆t)
and price change distribution h(∆x). As we are not trying to study the general ability of
continuous-time random walk to describe the high-frequency financial time series, we have
not studied the broad distribution of log-returns [72], multi-fractality [73,74], or universal
scaling of the distribution of times between large jumps [75,76]. We have analyzed the
decay of the nonlinear time autocorrelation function of log-returns and the decay of the
step autocorrelation function of times between large jumps. Although we considered only
memory in a sequence of waiting times, we managed to show that long-term dependencies
in waiting times are crucial in explaining the volatility clustering effect and results in the
power-law decay of both measures mentioned above.

Our results indicate that the dependence between consecutive price changes is not
the primary carrier of long-range memory in the volatility clustering phenomenon. To
verify these results, we conducted another simulation. We prepared autocorrelated series
of waiting times according to the Fourier filtering method (for example, described in [86]).
Similarly, as in our model, both the slopes of the step ACF of WTs and the time ACF of
absolute returns were the same. This verification confirms our conclusion and indicates
that it is general, independently of the origin of the autocorrelation between inter-trade
intervals.
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Appendix A

In this Appendix, we sketch the solution for calculating the moments of the process in
the limit of long times. All increments of the process ∆x are independent, so first we will
focus only on the number of jumps. We calculate the probability Pn(t) for n ≥ 0, which is
the probability that it will be exactly n jumps up to time t, P0(t) can be obtained directly
from the definition, as the probability of no jumps in the time t is

P0(t) = Ψ(t)⇒ P̃0(s) = Ψ̃(s), (A1)

where Ψ(·) is the sojourn probability for the waiting time distribution. For n ≥ 1 the
process will be described by the number of series of waiting times k, the waiting times in
each series ∆ti , and the number of repetitions of waiting times in each series νi.

Of course, in each series the number of repetitions has to be at least one, so the number
of series k cannot be larger than the number of jumps n. Particularly, the cumulative number
of jumps in all k series must equal the total number of jumps: ν1 + ν2 + · · ·+ νk = n. All
considered jumps have to happen before looking time t, so the total time elapsed has
to be smaller than t: ν1∆t1 + ν2∆t2 + · · · + νk∆tk ≤ t. Let us call the period between t
and the last jump δt = t − ∑ ∆tiνi > 0. For the simplicity of notation, let us redefine
Ω(ν) = ∑∞

n=ν+1 ω(n).
Looking at the process at time t, we can be in one of two situations. There has been k

series of WTs so far. The next k + 1-th series has just begun, or we could still be in the k-th
series. Therefore, the soft propagator Pn(t) for n ≥ 1 can be written as a sum of two parts:

1. The k-th series of waiting times ∆tk repeated νk times, ended before time t, and the
process is still in the same position (the next waiting time will be from the new
series). The probability of an individual event can be written as the product of these
probabilities:

(a) probabilities ψ(∆ti) that there was waiting time ∆ti in the i-th series for each
series 1, . . . , k;

(b) probabilities ω(νi) that the repetition number was νi in the i-th series for each
series 1, . . . , k;

(c) probability Ψ(δt) that the new WT ∆tk+1 is larger than δt, because there was
no jump in this period;

(d) probability Ω(0) = 1 that the new repetition number νk+1 is at least one. By
definition, this probability is one;

To calculate the total probability, we need to consider the aggregated probability of all
individual events. This means considering all possible sets of variables k, νi, ∆ti. To
do this, we need to sum over all possible k and νi and integrate over all possible ∆ti.

2. The process is, during the series of WTs ∆tk, repeated νk times so far. The probability
of an individual event can be written as the product of these probabilities:

(a) probabilities ψ(∆ti) that there was waiting time ∆ti in the i-th series for each
series 1, . . . , k;

(b) probabilities ω(νi) that the repetition number was νi in the i-th series for each
series 1, . . . , k− 1;

(c) probability Ω(νk) that there will be at least one more repetition of the k-th WT.
This means that the total number or repetitions in this series is larger than νk
observed so far;

As before, we need to consider the aggregated probability of all individual events to
calculate the total probability. In this case, we have another constraint for ∆tk , which
has to be larger than δt, because in other cases, there should be another jump before
time t.

Summing the above requirements, we can write the formula for the soft propagator:
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Pn(t) =
n

∑
k=1

∑
ν1,...,νk

ν1+...+νk=n

∫
∆t1,...,∆tk

0<δt

ψ(∆t1) . . . ψ(∆tk)Ψ(δt)ω(ν1) . . . ω(νk)d∆t1 . . . d∆tk

+
n

∑
k=1

∑
ν1,...,νk

ν1+...+νk=n

∫
∆t1,...,∆tk

0<δt<∆tk

ψ(∆t1) . . . ψ(∆tk)ω(ν1) . . . ω(νk−1)Ω(νk)d∆t1 . . . d∆tk.
(A2)

Next, we calculate the Laplace transform (t→ s) and Z transform (n→ z) to obtain

P̃(z; s) = P̃0(s) + P̃z(s) =
1
s

1
1− f̃ (z; s)

[
1 + F̃(z; s)− z(F̃(z; s) + f̃ (z; s))

]
, (A3)

where f̃ (z; s) = ∑∞
ν=1 z−νψ̃(sν)ω(ν) and, analogically, F̃(z; s) = ∑∞

ν=1 z−νψ̃(sν)Ω(ν). No-
tice that the full soft propagator with included jumps can be easily expressed as the Z
transform of P̃n at the point z = h̃(k)−1

P̃(k; s) =
∞

∑
n=0

P̃n h̃n(k) = P̃(z; s)
∣∣∣
z=h̃(k)−1

=
1
s

1 + F̃(h̃(k)−1; s)− h̃(k)−1(F̃(h̃(k)−1; s) + f̃ (h̃(k)−1; s))
1− f̃ (h̃(k)−1; s)

.

(A4)

The first two moments of the process can be calculated as derivatives of the propagator at
the point k = 0:

m̃1(s) = −i
∂P̃(k; s)

∂k

∣∣∣
k=0

=
µ1

s
J0 + j0
1− j0

,

m̃2(s) = −
∂2P̃(k; s)

∂k2

∣∣∣
k=0

=
2µ2

1
s

j1(J0 + j0) + (1− j0)(J1 + j1 − J0 − j0)
(1− j0)2

+
µ2

s
J0 + j0
1− j0

,

(A5)

where we introduced

jn = j(n; s) =
∞

∑
ν=1

νn ψ̃(sν) ω(ν), Jn = J(n; s) =
∞

∑
ν=1

νn ψ̃(sν) Ω(ν). (A6)

Next, we focus on the specific power-law memory. We set the distribution of the number
of repeats to be zeta distribution with the parameter ρ: ω(ν) = ν−ρ

ζ(ρ)
, ρ > 2. The parameter

ρ has to be bigger than two because the distribution of the number of repeats must have
a finite mean not to break ergodicity. Furthermore, we expand the moments into series,
assuming very small s (so for long times). To do that, we need expansions of j(n; s) and
J(n; s) for n = {0, 1} < (ρ− 1). One can express j(n; s) as the power-law sum

j(n; s) =
1

ζ(ρ)

∞

∑
ν=1

ψ̃(sν) ν−(ρ−n) =
sρ−n−1

ζ(ρ)

∞

∑
ν=1

ψ̃(sν) (sν)−(ρ−n) s︸ ︷︷ ︸
I

. (A7)

The behaviour of sum I can be estimated by integrals∫ ∞

2s
ψ̃(x)x−(ρ−n)dx < I <

∫ ∞

s
ψ̃(x)x−(ρ−n)dx. (A8)
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Therefore, we can approximate sum I into the series and finally obtain

j(n; s) = Cnsρ−n−1 + C0
n + C1

ns + C2
ns2 + C3

ns3 + · · · . (A9)

One can calculate

C0
n = j(n; 0) =

1
ζ(ρ)

∞

∑
ν=1

ν−(ρ−n) =
ζ(ρ− n)

ζ(ρ)
≥ 1. (A10)

Moreover, we can notice that
C0

1
C1

0
= − 1
〈∆t〉 . (A11)

Similarly, we approximated

J(n; s) = Dnsρ−n−2 + D0
n + D1

ns + D2
ns2 + D3

ns3 + · · · . (A12)

Constant terms are:

D0
0 =

ζ(ρ− 1)
ζ(ρ)

− 1 = C0
1 − C0

0 , D0
1 =

ζ(ρ− 2)− ζ(ρ− 1)
2ζ(ρ)

=
C0

2 − C0
1

2
. (A13)

This gives the form of the first moment

m̃1(s) ≈
µ1

s

(
C0

1 + D0sρ−2
) C0

C1
0

sρ−2 − 1

sC1
0

= −µ1

s2
C0

1
C1

0
− µ1

s4−ρ

D0 +
C0C0

1
C1

0

C1
0

, (A14)

concerning only terms increasing with time (s−α, α > 1)—the analytical and the most
important power-law one. Switching to time variables, we obtain:

m1(t) = L−1[m̃1(s)] ≈
µ1

〈∆t〉 t− µ1

D0 +
C0
〈∆t〉

C1
0Γ(4− ρ)

t3−ρ. (A15)

The second moment can be expressed as

m̃2(s) ≈
2µ2

1

〈∆t〉2
s−3 − µ2

1
4C2

0 + 3C1
0 〈∆t〉+ 2C1

1 〈∆t〉+ 2D1
0 〈∆t〉+ C0

2 〈∆t〉2

2C1
0 〈∆t〉2

s−2

− µ2
1

D0 + C1 − D1 + 2 C0
〈∆t〉

C1
0 〈∆t〉

sρ−5 +
µ2

〈∆t〉 s
−2.

(A16)

This gives us the variance in the time domain presented in the main text.

Appendix B

In our model, we can consider waiting times between extreme events. We define an
extreme event as an event occurring on average every 〈N〉 steps. The autocovariance of
waiting times between n extreme events COV(n) can be written as

COV(n) =
∞

∑
W=n−1

∞

∑
K1=1

∞

∑
K2=1

K1

∑
i=1

K2

∑
j=1

NB(W; n− 1)NB(K1; 1)NB(K2; 1)cov(j + i + W − 1), (A17)

where cov(·) is defined by Equation (5) and NB(k, n) is a negative binomial distribution
with k trials, given n successes and the probability of success 1

〈N〉 :

NB(k, n) =
(

k− 1
n− 1

)(
1
〈N〉

)n(
1− 1
〈N〉

)k−n
. (A18)
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The simpler form of this autocovariance can be derived thus:

COV(n) =
(

1
〈N〉

)n−1 ∞

∑
x=0

(
1− 1
〈N〉

)x
cov(x + n)

(
x + n

n

)
. (A19)

Next, we calculate its Z-transform

ĈOV(z) = 〈N〉 ĉov

 1
〈N〉−1
〈N〉 + 1/〈N〉

z

, (A20)

where
ĉov(z) =

1
ζ(ρ− 1)

z
(z− 1)2

[
(z− 1)ζ(ρ− 1)− ζ(ρ) + Liρ,z−1

]
(A21)

and Liρ,z−1 is a polylogarithm function. Setting z = exp(s), we can show that the most
important power-law term is sρ−3, which corresponds to a power-law decay COV(n) ∼
n−(ρ−2), analogically to Equation (8).

References
1. Embrechts, P.; Klüppelberg, C.; Mikosch, T. Modelling Extremal Events: For Insurance and Finance; Stochastic Modelling and

Applied Probability; Springer: Berlin/Heidelberg, Germany, 2013.
2. Daley, D.J.; Vere-Jones, D. An Introduction to the Theory of Point Processes, 2nd ed.; Springer: Berlin/Heidelberg, Germany, 2003.
3. Engle, R.F.; Russell, J.R. Autoregressive Conditional Duration: A New Model for Irregularly Spaced Transaction Data. Econometrica

1998, 66, 1127–1162. [CrossRef]
4. Hawkes, A. Spectra of some self-exciting and mutually-exciting point processes. Biometrika 1971, 58, 83. [CrossRef]
5. Hawkes, A. Point spectra of some mutually-exciting point processes. J. R. Stat. Soc. B 1971, 33, 438. [CrossRef]
6. Dufour, A.; Engle, R.F. Time and the Price Impact of a Trade. J. Financ. 2000, 55, 2467–2498. [CrossRef]
7. Engle, R.F.; Lange, J. Predicting VNET: A model of the dynamics of market depth. J. Financ. Mark. 2001, 4, 113–142. [CrossRef]
8. Engle, R.F.; Russell, J.R. Forecasting the frequency of changes in quoted foreign exchange prices with the autoregressive

conditional duration model. J. Empir. Financ. 1997, 4, 187–212. [CrossRef]
9. Bauwens, L.; Giot, P. The Logarithmic ACD Model: An Application to the Bid-Ask Quote Process of Three NYSE Stocks. Ann.

D’éConomie Stat. 2000, 60, 117–149. [CrossRef]
10. Grammig, J.; Maurer, K.O. Non-monotonic hazard functions and the autoregressive conditional duration model. Econom. J. 2000,

3, 16–38. [CrossRef]
11. Pacurar, M. Autoregressive conditional duration models in finance: A survey of the theoretical and empirical literature. J. Econ.

Surv. 2008, 22, 711–751. [CrossRef]
12. Hawkes, A.G. Cluster models for earthquakes—Regional comparisons. Bull. Int. Stat. Inst. 1973, 45, 454.
13. Ogata, Y. The asymptotic behaviour of maximum likelihood estimators for stationary point processes. Ann. Inst. Stat. Math. 1978,

30, 243. [CrossRef]
14. Brillinger, D. The identification of point process systems. Ann. Probab. 1975, 3, 909. [CrossRef]
15. Oakes, D. The Markovian self-exciting process. J. Appl. Probab. 1975, 12, 69. [CrossRef]
16. Daley, D.J.; Vere-Jones, D. An Introduction to the Theory of Point Processes. Volume I, 2nd ed.; Probability and its Applications;

Springer: Berlin/Heidelberg, Germany, 2003; pp. 22–469.
17. Bowsher, C. Modelling security market events in continuous time: Intensity based, multivariate point process models. J. Econom.

2007, 141, 876. [CrossRef]
18. Chavez-Demoulin, V.; Davison, A.C.; McNeil, A.J. Estimating value-at-risk: A point process approach. Quant. Financ. 2005,

5, 227–234. [CrossRef]
19. Hewlett, P. Clustering of order arrivals, price impact and trade path optimisation. In Proceedings of the Workshop on Financial

Modeling with Jump Processes, Palaiseau, France, 6–8 September 2006.
20. Large, J. Measuring the resiliency of an electronic limit order book. J. Financ. Mark. 2007, 10, 1. [CrossRef]
21. Beran, J.; Feng, Y.; Ghosh, S. Modelling long-range dependence and trends in duration series: An approach based on EFARIMA

and ESEMIFAR models. Stat. Pap. 2015, 56, 431–451. [CrossRef]
22. Jasiak, J. Persistence in Intertrade Durations. Finance 1999, 19, 166–195. [CrossRef]
23. Karanasos, M. The Statistical Properties of Exponential ACD Models. Quant. Qual. Anal. Soc. Sci. 2008, 2, 29–49.
24. Beran, J.; Feng, Y. Iterative Plug-in Algorithms for SEMIFAR Models: Definition, Convergence, and Asymptotic Properties. J.

Comput. Graph. Stat. 2002, 11, 690–713. [CrossRef]
25. Beran, J.; Feng, Y. SEMIFAR models—A semiparametric approach to modelling trends, long-range dependence and nonstationar-

ity. Comput. Stat. Data Anal. 2002, 40, 393–419. [CrossRef]

http://doi.org/10.2307/2999632
http://dx.doi.org/10.1093/biomet/58.1.83
http://dx.doi.org/10.1111/j.2517-6161.1971.tb01530.x
http://dx.doi.org/10.1111/0022-1082.00297
http://dx.doi.org/10.1016/S1386-4181(00)00019-7
http://dx.doi.org/10.1016/S0927-5398(97)00006-6
http://dx.doi.org/10.2307/20076257
http://dx.doi.org/10.1111/1368-423X.00037
http://dx.doi.org/10.1111/j.1467-6419.2007.00547.x
http://dx.doi.org/10.1007/BF02480216
http://dx.doi.org/10.1214/aop/1176996218
http://dx.doi.org/10.2307/3212408
http://dx.doi.org/10.1016/j.jeconom.2006.11.007
http://dx.doi.org/10.1080/14697680500039613
http://dx.doi.org/10.1016/j.finmar.2006.09.001
http://dx.doi.org/10.1007/s00362-014-0590-x
http://dx.doi.org/10.2139/ssrn.162008
http://dx.doi.org/10.1198/106186002420
http://dx.doi.org/10.1016/S0167-9473(02)00007-5


Entropy 2021, 23, 1576 15 of 16

26. Deo, R.; Hsieh, M.; Hurvich, C.M. Long memory in intertrade durations, counts and realized volatility of NYSE stocks. J. Stat.
Plan. Inference 2010, 140, 3715–3733. [CrossRef]

27. Deo, R.; Hurvich, C.M.; Soulier, P.; Wang, Y. Conditions for the propagation of memory parameter from durations to counts and
realized volatility. Econom. Theory 2009, 25, 764–792. [CrossRef]

28. Sun, W.; Rachev, S.; Fabozzi, F.J.; Kalev, P.S. Fractals in trade duration: Capturing long-range dependence and heavy tailedness
in modeling trade duration. Ann. Finance 2008, 4, 217–241. [CrossRef]

29. Ghysels, E.; Jasiak, J. GARCH for Irregularly Spaced Financial Data: The ACD-GARCH Model. Stud. Nonlinear Dyn. Econom.
1998, 2, 4. [CrossRef]

30. Hautsch, N. Econometrics of Financial High-Frequency Data; Springer: Berlin/Heidelberg, Germany, 2012; pp. 13–371.
31. Bhogal, S.K.; Thekke Variyam, R. Conditional duration models for high-frequency data: A review on recent developments. J.

Econ. Surv. 2019, 33, 252–273. [CrossRef]
32. Hawkes, A.G. Hawkes processes and their applications to finance: A review. Quant. Financ. 2018, 18, 193–198. [CrossRef]
33. Bacry, E.; Mastromatteo, I.; Muzy, J.F. Hawkes Processes in Finance. Mark. Microstruct. Liq. 2015, 1, 1550005. [CrossRef]
34. Daley, D.J.; Vere-Jones, D. An Introduction to the Theory of Point Processes. Volume II, 2nd ed.; Probability and its Applications;

Springer: Berlin/Heidelberg, Germany, 2008; pp. 18–573.
35. Chavez-Demoulin, V.; McGill, J. High-frequency financial data modeling using Hawkes processes. J. Bank. Financ. 2012, 36, 3415.

[CrossRef]
36. Bacry, E.; Dayri, K.; Muzy, J.F. Non-parametric kernel estimation for symmetric Hawkes processes. Application to high frequency

financial data. Eur. Phys. J. B 2012, 85, 157. [CrossRef]
37. Bacry, E.; Muzy, J.F. Hawkes model for price and trades high-frequency dynamics. Quant. Financ. 2014, 14, 1147–1166. [CrossRef]
38. Filimonov, V.; Sornette, D. Quantifying reflexivity in financial markets: Toward a prediction of flash crashes. Phys. Rev. E 2012,

85, 056108. [CrossRef] [PubMed]
39. Filimonov, V.; Sornette, D. Apparent criticality and calibration issues in the Hawkes self-excited point process model: Application

to high-frequency financial data. Quant. Financ. 2015, 15, 1293–1314. [CrossRef]
40. Hardiman, S.J.; Bercot, N.; Bouchaud, J.P. Critical reflexivity in financial markets: A Hawkes process analysis. Eur. Phys. J. B 2013,

86, 442. [CrossRef]
41. Hardiman, S.J.; Bouchaud, J.P. Branching-ratio approximation for the self-exciting Hawkes process. Phys. Rev. E 2014, 90, 062807.

[CrossRef]
42. Jaisson, T.; Rosenbaum, M. Limit theorems for nearly unstable Hawkes processes. Ann. Appl. Probab. 2015, 25, 600–631.

[CrossRef]
43. Montroll, E.W.; Weiss, G.H. Random Walks on Lattices. II. J. Math. Phys. 1965, 6, 167–181. [CrossRef]
44. Kutner, R.; Masoliver, J. The continuous time random walk, still trendy: Fifty-year history, state of art and outlook. Eur. Phys. J. B

2017, 90, 50. [CrossRef]
45. Kutner, R. Correlated hopping in honeycomb lattice: Tracer diffusion coefficient at arbitrary lattice gas concentration. J. Phys.

Solid State Phys. 1985, 18, 6323. [CrossRef]
46. Kehr, K.; Kutner, R.; Binder, K. Diffusion in concentrated lattice gases. Self-diffusion of noninteracting particles in three-

dimensional lattices. Phys. Rev. B 1981, 23, 4931–4945. [CrossRef]
47. Haus, J.W.; Kehr, K.W. Random walk model with correlated jumps: Self-correlation function and frequency-dependent diffusion

coefficient. J. Phys. Chem. Solids 1979, 40, 1019–1025. [CrossRef]
48. Scalas, E.; Gorenflo, R.; Mainardi, F. Fractional calculus and continuous-time finance. Phys. Stat. Mech. Its Appl. 2000, 284, 376–384.

[CrossRef]
49. Mainardi, F.; Raberto, M.; Gorenflo, R.; Scalas, E. Fractional calculus and continuous-time finance II: The waiting-time distribution.

Phys. Stat. Mech. Its Appl. 2000, 287, 468–481. [CrossRef]
50. Raberto, M.; Scalas, E.; Mainardi, F. Waiting-times and returns in high-frequency financial data: An empirical study. Phys. Stat.

Mech. Its Appl. 2002, 314, 749–755. [CrossRef]
51. Scalas, E.; Gorenflo, R.; Mainardi, F. Uncoupled continuous-time random walks: Solution and limiting behavior of the master

equation. Phys. Rev. E 2004, 69, 011107. [CrossRef]
52. Scalas, E. The application of continuous-time random walks in finance and economics. Phys. Stat. Mech. Its Appl. 2006,

362, 225–239. [CrossRef]
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80. Gubiec, T.; Wiliński, M. Intra-day variability of the stock market activity versus stationarity of the financial time series. Phys. Stat.

Mech. Its Appl. 2015, 432, 216–221. [CrossRef]
81. Gençay, R.; Dacorogna, M.; Muller, U.; Pictet, O.; Olsen, R. An Introduction to High-Frequency Finance; Elsevier Science: Amsterdam,

The Netherlands, 2001.
82. Dacorogna, M.M.; Müller, U.A.; Nagler, R.J.; Olsen, R.B.; Pictet, O.V. A geographical model for the daily and weekly seasonal

volatility in the foreign exchange market. J. Int. Money Financ. 1993, 12, 413–438. [CrossRef]
83. Tsay, R. Analysis of Financial Time Series; Wiley Series in Probability and Statistics; Wiley-Interscience: Hoboken, NJ, USA, 2005.
84. Saichev, A.; Sornette, D. “Universal” Distribution of Interearthquake Times Explained. Phys. Rev. Lett. 2006, 97, 078501.

[CrossRef]
85. Apostol, T.M. Introduction to Analytic Number Theory; Springer: Berlin/Heidelberg, Germany, 1976; pp. 12–338.
86. Makse, H.A.; Havlin, S.; Schwartz, M.; Stanley, H.E. Method for generating long-range correlations for large systems. Phys. Rev.

E 1996, 53, 5445–5449. [CrossRef]

http://dx.doi.org/10.1103/PhysRevE.82.046119
http://www.ncbi.nlm.nih.gov/pubmed/21230357
http://dx.doi.org/10.1140/epjb/e2017-80216-3
http://dx.doi.org/10.1140/epjb/e2019-90453-y
http://dx.doi.org/10.1088/1751-8113/43/8/082002
http://dx.doi.org/10.1103/PhysRevE.80.031112
http://dx.doi.org/10.1103/PhysRevB.91.195420
http://dx.doi.org/10.1038/srep00397
http://dx.doi.org/10.1073/pnas.1013140107
http://dx.doi.org/10.1103/PhysRevLett.95.208501
http://dx.doi.org/10.1209/0295-5075/81/69001
http://dx.doi.org/10.1103/PhysRevResearch.2.013264
http://dx.doi.org/10.1088/1367-2630/abeb46
https://bossa.pl/
http://dx.doi.org/10.1080/713665670
http://dx.doi.org/10.1017/CBO9780511755767
http://dx.doi.org/10.1016/S0378-4371(02)01383-3
http://dx.doi.org/10.1088/1361-6633/ab42fb
http://dx.doi.org/10.1209/0295-5075/95/68002
http://dx.doi.org/10.1103/PhysRevE.90.062809
http://dx.doi.org/10.1103/PhysRevE.76.061115
http://dx.doi.org/10.12693/APhysPolA.117.669
http://dx.doi.org/10.1016/j.physa.2015.03.033
http://dx.doi.org/10.1016/0261-5606(93)90004-U
http://dx.doi.org/10.1103/PhysRevLett.97.078501
http://dx.doi.org/10.1103/PhysRevE.53.5445

	Introduction
	Motivation 
	Process of Waiting Times 
	The Primary Process 
	Empirical Results 
	Conclusions 
	 
	
	References

