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Abstract: This article describes a refinement of recurrence analysis to determine the delay in the
causal influence between a driver and a target, in the presence of additional perturbations affecting the
time series of the response observable. The methodology is based on the definition of a new type of
recurrence plots, the Conditional Joint Recurrence plot. The potential of the proposed approach resides
in the great flexibility of recurrence plots themselves, which allows extending the technique to more
than three quantities. Autoregressive time series, both linear and nonlinear, with different couplings
and percentage of additive Gaussian noise have been investigated in detail, with and without outliers.
The approach has also been applied to the case of synthetic periodic signals, representing realistic
situations of synchronization experiments in thermonuclear fusion. The results obtained have been
very positive; the proposed Conditional Joint Recurrence plots have always managed to identify the
right interval of the causal influences and are very competitive with alternative techniques such as
the Conditional Transfer Entropy.

Keywords: joint recurrence plot; conditional transfer entropy; synchronization; autoregressive
models; causality in time series

1. Multiple Causality between Time Series

Most specialists agree to trace the concept of synchronization back to Huygens and his study on
what we define today as antiphase synchronized pendula. Presently, the study of synchronization
between dynamical systems is generally focused on determining the nature of the coupling among the
observables involved. As different forms of mutual influence exist, different synchronization typologies
can be defined as well. Phase synchronization, generalized synchronization, and lag synchronization
are just some examples [1]. Several valuable theoretical approaches have been proposed, see, e.g.,
in [2–4], for their assessment. In practical applications, the evolution of the generalized and phase
synchronizations between two quantities are among the most widely studied, while lag synchronization
is often aimed at inferring the delay of the maximal influence between two observables.

As dynamical systems can be observed in all of natural science, from medicine and biology to
engineering and physics, the interest on their coupling, dynamic, and relation is a still very active
topic of research. In biology, for example, Pavlova et al. [5] applied the detrended fluctuation analysis
(DFA) to characterize complex interactions between neurophysiological signals, to avoid destroying
the long-range correlation in the original data using prefiltering techniques. In medicine, studies
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about brain signals have motivated the development of different new approaches such as the use of
the complex networks to understand the relationship between brain organization and behavior [6].
Considering climate application also, a new method, called the Reservoir Computing Causality
method (RCC), has been recently developed by Huang et al. [7], and also compared with the Extended
Convergent Cross Mapping (ECCM) [8] to identify the causal direction, coupling delay between two
quantities described by two time series. This method has the advantage of not requiring the estimation
of the embedding dimension and of the delay time. In engineering, Tirabassi et al. studied the relation
between inferred functional networks and the underlying structural networks between two dynamical
systems, a simulated set of Kuramoto oscillators, and an experimental set of Rössler chaotic electronic
circuits, finding that there were regimes of the dynamics in which the functional connectivity of the
system mimics the structural one, or in which the former is a good approximation of the latter [9].
Zhao et al. then showed the reciprocal characterization of time series and multilayer networks and
introduced the concept of interlayer entropy between two quantities aimed at measuring the strength
of interrelationships from one layer to another, demonstrating that in networks it is the equivalent of
transfer entropy in time series [10]. In telecommunication and electronics, integrated circuits and their
design [11], both due to the wide range of dynamics that can be explored and to the huge amount of
complex data that can be produced, represent an interesting field of research for many applied oriented
studies like chaos-based secure communications [12] using the so called snap circuits.

The investigation of the causal influence of dynamic systems is therefore a very difficult problem,
far from being completely solved [13,14] even for two time series. In addition, as complex systems
can very rarely be considered isolated and immune from external influences, it might be necessary to
consider additional influences that might affect our understanding and lead, in practical applications,
to wrong conclusions about the physical mechanisms behind the measurements acquired, especially
when interested at the time delay of causality. This article is a contribution to this line of work,
providing a new technique for the analysis of the synchronization between two quantities to assess
the time delay of causality in presence of external perturbations. The methodology can be easily
generalized to more quantities, as shown for a case study in Section 6.

The proposed approach is based on the recurrence plots [15]. Results have been compared with
the Transfer Entropy and its extension, the so-called Conditional Transfer Entropy [16].

Section 2 recalls the Recurrence Plots and defines the new Conditional Joint Recurrence Plot
(CJRP), while Section 3 reviews the Transfer Entropy and its extension the Conditional Transfer Entropy.
Section 4 is consequently dedicated to the description of the tests performed on an autoregressive
system, while Section 5 shows the results obtained for a case study dealing with periodic synthetic
functions aimed at mimicking realistic situations of synchronization experiments in thermonuclear
fusion. Section 6 shows an example of the application of the CJRP to four autoregressive quantities,
to illustrate the actual potential of the approach to be extended to more complex situations. Section 7
covers the issue of reliability in the presence of outliers in the data, while the future planned applications
of the tool used herein are discussed in Section 8. The last section draws the main conclusion of
the work.

2. Refinement of Joint Recurrent Plots

A RP is actually a plot of a matrix, showing the occurrences in times at which a phase space
trajectory visits the same area in phase space [15]. Mathematically it is described by a recurrence matrix:

RPi j = Θ
(
ε− ‖yi − y j‖

)
, yi, j ∈ Rm, i, j ∈ 0, N (1)

where N is the number of samples, “m” the dimension of the embedded phase space, ‖◦‖ is a norm,
and ε is a threshold, usually around 10% of the average or of the maximal or mean diameter of the
attractor [15]. RP can be extended with the notion of the joint recurrence plots (JRP), taking the
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Hadamard product of two RPs and so allowing investigation of the possible simultaneous occurrences
between two quantities or two dynamical systems. Mathematically, in the case of two time series [15]

JRPxy
ij = Θ

(
εx − ‖xi − x j‖

)
Θ
(
εy − ‖yi − y j‖

)
, yi, j ∈ Rm, xi, j ∈ Rn, i, j ∈ 0, N (2)

With an analogous meaning for the symbols used. From Equation (2), it emerges clearly that it is
easy to include further quantities in the analysis [15], by simply performing the Hadamard product
(“�”) of the JRP with a RP:

JRPxyz = JRPxy �RPz (3)

Various variants have been introduced for the RR and JRP [15]. Here, we propose the new
conditional joint recurrence plot as

CJRPxy|z = JRPxy �
(
1− JRPzy

)
(4)

While (3) allows estimating the same occurrence in phase space among three quantities, without
distinguishing the actual synchronization between them, (4) has been conceived to filter out the
influence of “z” on “y”, to better investigate the one between “x” and “y”.

The idea behind the methodology developed for the application of (4) is as follows. A key
parameter of the RP and of their extensions is the threshold ε in (1). The higher its value, the more
elements equal 1 in the matrix; the lower its value, the more difficult it is to get a “1”. This reflects
the fact that, when reducing the threshold, the closer the points on the attractors have to be in order
to count as recurrences. As the aim is determining the delay between a driver “x” and response
observable “y” in presence on external perturbation “z”, to exclude the effect of unwanted occurrences,
one can proceed by fixing the threshold εJRPxy around its optimal value and iteratively reducing the
threshold εJRPyz . Then, for each value of εJRPyz , a scan in the delay between the two signals is performed,
to determine the time of maximum interaction between the two systems.

Reducing progressively εJRPyz in Equation (4), starting from a value εJRPxy ∼ εJRPyz , the number of
occurrences between z and y decreases. Only the points on the attractors of z that are close to those of y
cause the Heaviside function to output a “1” and consequently a “0” in the matrix of CJRPxy|z. In this
way, the occurrences between x and y are preserved and the ones between z and y are progressively
sifted out. Scanning the value of εJRPyz , the CJRP reaches a stable region, in which it is possible to extract
reliably the desired information with specific indicators (see later). On the contrary, decreasing the
threshold εRPz in Equation (3), the resulting JRP provides the occurrences where both x and z strongly
influence y, but the relative importance of the two cannot be determined. To conclude, the direct use of
the JRPxy would not be able to single out spurious occurrences induced from external perturbations on
the response system.

Besides allowing a synthetic visualization of complex processes recurrences, RPs, JRPs, and CJRPs
may be used also to derive important properties of a system phase space. It has to be considered in fact
that single isolated points correspond to infrequent states with a short persistence, while the existence
of vertical and horizontal lines accounts for states relatively stable in time. The most interesting features
are the diagonal lines, corresponding to trajectories in the phase space visiting the same region at
different times. Short diagonals are characteristic for weakly correlated, stochastic, or chaotic processes,
while long diagonals occur for deterministic processes [15]. Thus, recurrence quantification analysis [17]
provides a number of useful estimators, which are derived from the visual features occurring in
RPs. In the following, three main estimators are considered [15,17]: the mean diagonal length (L),
the determinism (DET), and the recurrence rate (RR). L and DET are related to the periodic behavior of
the system analyzed, while RR estimates the density of recurrences. For coupled systems, the length of
a diagonal is proportional to the duration of the local evolution of the trajectories; the determinism,
defined as the percentage of recurrence points forming the diagonal lines and consequently related to
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the length of the diagonal lines, allows measuring the predictability (or determinism) of the system.
Finally, the recurrence rate represents an indicator for correlated recurrences.

A detailed description of these estimators can be found in the literature [15,17] and is out of
the scope of this article. In Equations (5)–(7), the mathematical expressions for L, DET, and RR are
provided according to [15,17]

L =

∑N
l=lmin

lP(l)∑N
l=lmin

P(l)
(5)

DET =

∑N
l=lmin

lP(l)∑N
l=1 lP(l)

(6)

RR =
1

N2

N∑
i, j=1

RPi j (7)

where N is the number of samples, “l” stands for a specific diagonal length, while P(l) represents the
number of diagonal lines with the specified length “l”. The minimum value for lmin in (5) and (6) has
been set to lmin = 2 [15,18].

To conclude the section, it has to be mentioned that in this article a well-established CRP tool [18]
has been used to evaluate the RP, their extension, and the estimators RR, DET, and L.

3. Transfer Entropy and Conditional Transfer Entropy

The aforementioned methodology has been compared with the application of the Transfer Entropy
(TE) and of the Conditional Transfer Entropy (CTE) [16] on the same set of data.

From the publication of Schreiber [19] onward, the Transfer Entropy has been widely applied in
the natural sciences to infer the information flow from a driver to a response system and consequently
to infer Granger causality relationships [20].

Considering two physical observables evolving in time, and their representation as two time
series “x” and “y”, using the formalism of the (discrete) Markov process of order “m”, it is possible to
introduce the TE in a natural way. The underlying assumption is that the probability of the occurrences,
for each observable, of their value at the time instance “n + 1” depends only on certain number of
previously assumed states of the quantity itself. In other words, x or y have a memory of order (l) or (k),
respectively. The second assumption is that, if x has a causal influence on y, the past values of x allow
minimizing the uncertainty in the prediction of y at the time “n + 1” [16].

Considering the previous assumptions, the TE quantifies the importance of the knowledge xn, of a
process x(k), to predict the occurrence of the state yn+1 of a process y(l), also taking into consideration
the contribution from the memory of y itself. What has just been said can be expressed mathematically
in terms of the conditional mutual information between x(k) and y(l) or between x(k), y(l), and z(m)

when a further quantity is considered as relevant for the information flow [16]:

TEX→Y = I
(
x(k)n , yn+1

∣∣∣∣y(l)n

)
(8)

CTEX→Y|Z = I
(
x(k)n ; yn+1

∣∣∣∣y(l)n , z(m)
n

)
(9)

Equation (8) for discrete variables can be written as [19]

TEX→Y =
∑

p
(
yn+1, x(k)n , y(l)n

)
log2


p
(
yn+1

∣∣∣∣x(k)n , y(l)n

)
p
(
yn+1

∣∣∣∣y(l)n

)
 (10)
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Equation (10) can be easily interpreted also as follows. If the knowledge of x(k)n does not improve the

prediction of yn+1, i.e., p
(
yn+1

∣∣∣∣x(k)n , y(l)n

)
= p

(
yn+1

∣∣∣∣y(l)n

)
, then TE = 0. Considering continuous quantities,

the definition slightly changes and gets more complicated, but the idea is the same. Similar ideas and
assumptions are at the basis of the CTE as well.

It is worth noting in this introduction, that the main issues about the TE lays in the estimation of
the entropies in Equations (8) and (9) and consequently in the probability density functions (pdfs).
Methods have been established to tackle this issue, like the Kraskov, Stögbauer, and Grassberger (KSG)
estimator [21] that extends the Kozachenko–Leonenko estimator [22]. Basically, in the jointly embedded
space between x(k)n , y(l)n , a specific norm (usually the max-norm) assesses the distance between kth
nearest neighbors and entropies are expressed as functions of this distance and the digamma functions.
Further details can be found in literature and are actually out of the scope of the article [16,21].

To conclude the section it has to be mentioned that in this work the well-established JIDT tool
presented in [23] has been used to evaluate the TE and the CTE.

4. Numerical Tests: Autoregressive Models

The first group of tests has been performed using synthetic data generated with the following
family of autoregressive models, constructed on the basis of [24]

xn = (c1xn−1 + c2xn−2 + r0) + r(µ = 0, σ = pxn)

zn = (c3zn−1 + c4zn−3 + r0) + r(µ = 0, σ = pzn)

yn = f
(
xαn−4, zβn−2; c5, c6, c7

)
+ r0 + r(µ = 0, σ = pyn)

(11)

In (11), c1 = 0.95
√

2, c2 = −0.64
√

2; c3 = 0.25
√

2 c4 = −0.5
√

2; the function f
(
xαn−4, zβn−2; c5, c6, c7

)
varies depending on the test performed as Table 1 reports. r0 stands for a sample drawn from a normal
standard Gaussian distribution; r(µ = 0, σ = pxn) stands for a sample drawn from a normal Gaussian
distribution with σ equals to a percentage “p” of the estimated value for xn, yn, zn. Quantities in (11)
have been evaluated using 504 points and discarding the first four samples.

Table 1. Definition of the functions analyzed for the autoregressive test.

Type f() Parameters

f p=···
I (◦) c5xαn−4 + c6zβn−2

c5 = 0.5, c6 = [c5, 2c5, 5c5, 10c5]
(α, β) = [(1, 1), (1, 2), (2, 1), (2, 2)]

p = [0, 0.1, 0.2]

f p=···
II (◦) c7xn−4 · zn−2 c7 = [0.25, 0.5, 1.25, 2, 5]p = [0, 0.1, 0.2]

f p=···
III (◦) c5xαn−4 + c6zβn−2 + c7xn−4 · zn−2

c5 = 0.5
(c6, c7) = [(c5, 0.25), (2c5, 0.5), (5c5, 1.25), (10c5, 5)]

(α, β) = [(1, 1), (1, 2), (2, 1), (2, 2)]
p = [0, 0.1, 0.2]

In (11), both the driver (“x”) and the perturbation (“z”) influence the response quantity (“y”).
For each evaluation of Table 1, twelve different realizations of the system (11) have been averaged.
Figure 1 provides a picture of the attractor built from y for f p=0

I (α = β = 1, c5 = 0.5, c6 = 0.5).
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The methodology, based on the estimator described in Equation (4), performs well on
autoregressive data. Figure 2 shows the behavior of the CJRP while varying εJRPyz for the case
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2εJRPxy ;

(c) εJRPzy =
1
8εJRPxy ; (d) εJRPzy =

1
10εJRPxy Black pixels stand for occurrences, satisfying the Hadamard

product of the definition in Equation (4).

The most challenging tests have been the ones concerning the nonlinear coupling with or without
a correlation term, i.e., f p=···

I (◦) and f p=···
III (◦) with (α, β) = (2, 2) according to the notation reported in

Table 1, while varying the added percentage of noise p and coupling terms c5,6,7.
The overall procedure has been reported graphically in Appendix A for one of the difficult cases

studied, i.e., f p=
III (

◦). Figure 3 reports the behaviors of the average 〈L〉, 〈DET〉, and 〈RR〉, evaluated at
two stable stages of the analysis obtained following the methodology described above.
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Figure 3. Estimators obtained at two stable stages of the analysis, aimed at determining the
actual synchronization lag between x and y. Left [(a–c), f p=0
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)
]; right [(d–f);
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]. (a,d) The averaged values of L over the replications; (b,e) the averaged
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Comparison of the estimators drawn from the CJRP (left column) and the JRP (right column) varying
the εzy threshold while leaving εxy one to its optimal value. The overall iterative procedure has been
reported in Figures A1 and A2 in Appendix A.
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It has also to be stated that the procedure proved to be robust against small errors in the evaluation
of the initial guess of the threshold εxy [15]. The methodology in fact allowed detecting the right delay
between the driver “x” and the response system “y” even varying the threshold itself over a reasonable
interval up to the 30% of its initial estimate.

The embedding dimension has been chosen as the value corresponding to the minimum percentage
of false nearest neighbors (FNN). Following the Kennel, Brown, and Abarbanel methodology [25],
Rtol = 15, Atol = 2.0 have been used to evaluate the FNN percentage. At the same time, the optimal lag
for the construction of the embedded and delayed space has been set considering the first minimum of
the mutual information [25].

Figure 3a–c shows the analysis performed with the same coupling between x and y (c6 = c5)
and without noise. Figure 3d–f shows the results on the same formulation with 20% of added
Gaussian noise.

The estimators suggest in both cases a delay of dxy = 4. Increasing the noise, the peak at the actual
delay appears less distinct from the overall behavior. However, for practical applications to real data,
considering a parabolic fit, the indicators show a clear peak at the expected delay.

Results have been compared with the TE and its extension. Figure 4 reports the average value
obtained with the use of the TE.
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)
. Negative values of the TE are due to the

KSG algorithm used to evaluate the TE itself and implies that the information flow is less than expected
and is a symptom of no relationship [16,23].

Considering the results of the tests shown in Table 1, it has to be mentioned that the TE cannot
always detect the actual delay dxy = 4, but the use of the CTE clarify the analysis detecting the correct
delay at which z influences y, i.e dzy = 2.

To complete the section, another test has been performed to address the capability of CJRP to detect
the proper delay between z and y instead of x and y. Figure 5 provides the behaviors of the estimators
considered, for the case f p=0

III

(
x2

n−4, z2
n−2; 0.5, 0.5, 0.25

)
, stopping the aforementioned methodology once

a stable behavior of the CJRP has been reached. Appendix A provides also the plots of the scan
performed. As it can be observed, the CJRP can detect the correct delay at dyz = 2.
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5. Numerical Tests: Causality Horizon

A second typology of test has been performed, aimed at investigating the causality horizon [26–29],
i.e., the maximum time interval into which two physical quantities are synchronized and in which
one observable can be thought as the “drive mechanism” of the second observable, for periodic and
quasiperiodic signals of the same nature as those encountered in real experiments in thermonuclear
scenarios [30,31]. In this kind of experiment, particular instabilities of the plasma, with potential
harmful effects on the machine integrity, are paced by triggering them frequently enough that they do
not have time to become dangerous for either the performance or safety of the reactor. The information
related both to the evolution of such instabilities and of the occurrence of the pacing, can be retrieved
by measuring specific physical quantities in the form of time series. Besides practical implementation
difficulties, the evaluation of the pacing efficiency is difficult because the instabilities are quasi periodic,
and therefore after a perturbation induced by the control systems, if enough time is allowed to
pass, they are bound to reoccur. Typical pacing techniques are the injection of frozen deuterium
pellets for controlling ELM instabilities [31] or ICRH power modulation for the control of sawtooth
instabilities [30]. The latter experiment has been considered in this paper, by means of a simple
synthetic model. A square function with ν = 3Hz, 50% duty cycle and two sawteeth functions with
different frequencies ([ν1, ν2] = [3Hz, 1.25Hz]) have been considered. A delay of 50 samples has been
added to the fastest sawteeth function with respect to the square wave, then the two have been summed
as shown in Figure 6. The resulting time series are meant to simulate the modulation of a fast (paced)
sawtooth by a square wave modulation in presence of a slower (natural) sawtooth behavior [30,31].
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Figure 6. Illustrative example of the second test performed. Top: Driver: square function in blue and
response observable in orange, due to the sum of the two sawteeth functions used. Bottom: sawteeth
function considered. In blue the fastest one at 3Hz, delayed of 50 samples with respect to the square
function and in orange the slower one at 1.25 Hz.

For this test, 1500 samples have been generated and the first 100 removed. Normal Gaussian
noise with a standard deviation equals to p = [0.01, 0.05, 0.1] of the values assumed by the periodic
functions has been also added on data.

With regard to the nomenclature, the square function, the driver, has been referred to as “x”,
the response, i.e., the fastest and delayed sawteeth as “y”, i.e., the slower sawteeth function and the
external perturbation, as “z”.

Results are reported in Figure 7. All the estimators for the noiseless test show the correct delay at
dxy = 50. Adding the noise, from the results in Figure 7d–f, it can be seen how the L estimator is not
very informative in this case, while the correct delay can be detected and more clearly observed using
DET and RR.
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Again, results are compared with the use of the TE and the CTE. As it can be observed in Figure 
8a for the noise-free case or in Figure 8b for the 10% of added noise. 

Figure 7. Methodology performed to remove the influence of z from y in the occurrence analysis using
the CRJP for the case of Figure 6. Left: (a–c) without noise; right: (d–f) adding a 10% of noise on all the
time series considered. In panels (a,d) L; in panels (b,e) Determinism; in panels (c,f) RR. Comparison
of the CJRP (left column) and JRP estimators (right column) while varying the εzy threshold while
leaving the εxy at its optimal initial value.

Again, results are compared with the use of the TE and the CTE. As it can be observed in Figure 8a
for the noise-free case or in Figure 8b for the 10% of added noise.
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Figure 8. Behaviors for the synthetic signals analyzed and shown in Figure 6 with (a) 0% of noise and
(b) 10% of Gaussian noise on data. Negative values of the TE are due to the KSG algorithm used to
evaluate the TE itself and implies that the information flow is less than expected and is a symptom of
no relationship [16,23].

Considering Figure 8a, the TE allows estimating the correct delay between the driver and the
response system, but spurious peaks appear in both Figure 8a,b. In real applications, the actual delay
of dxy = 50 samples would not be detected directly. The CTE improves the results especially for the
noiseless data in Figure 8a. However, the behavior of the CTE with noised data (Figure 8b) requires a
deeper and nontrivial analysis that might lead to wrong assessments when analyzing real data with
periodic or quasiperiodic behaviors, typical of synchronization experiments in magnetically controlled
nuclear fusion. Similar to the previous tests, it has to be considered that the CTE depends on two
delays: one between the driver “x” and response “y” (dxy) and another between the secondary driver,
i.e., the perturbation, “z” and the response quantity itself (dzy). Fixing a certain value for dzy, a behavior
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of the CTE as a function of dxy can therefore be observed. Scanning the possible delays between the
two sawteeth functions (“z” and “y”), i.e., changing the dzy values and observing the behavior of
the CTE, completely different behaviors emerge in which the maximum of the CTE at a specific dxy

cannot be detected clearly. This is basically due to the periodic characteristic of the signals and of the
secondary driver. Consequently, the delays dzy to set in order to proceed with the analysis, i.e., in order
to detect the dxy at which the maximal influence of “x” on “y” can be addressed, have been selected
considering the local maxima observed from the TEx→y. In such a way, it has been noticed that the
local peak at dxy = 50 remained almost unaltered as it can be observed in Figure 8b, being the actual
delay between the driver and the response system and consequently the maximum causality horizon
for the signals analyzed.

On the other hand, the analysis, performed with the CJRP and shown in Figure 7, is actually
less vulnerable to possible misunderstanding. Secondary peaks appear, but the actual one at the
expected delay is identified directly by two estimators out of the three considered without any other
further interventions.

6. Extension to More than Three Observables

In all natural sciences it is not uncommon to deal with multiple sources affecting the same
observable, i.e., the response system. An important example in nuclear fusion deals with the need of
avoiding disruptions [32,33]. Disruptions are abrupt and unwanted events occurring in magnetically
controlled nuclear fusion tokamaks due to the rapid loss of the plasma confinement, usually in a time
scale of few milliseconds, causing the termination of the pulse and having the potential to cause serious
damages to the reactor. While it is known nowadays that many factors concur to the occurrence of
this kind of events, neither their relative importance nor the sequence of the triggering factors are
fully understood. Consequently, to investigate the possibility of using the CJRP with more than three
variables, tests have been conducted and an example is reported in this section. Another observable
“v” has been introduced in (11) and coupled linearly with y with a delay of dvy = 6. The system used
to generate the synthetic data is reported in Equation (12), that actually extends (11) and has also been
built on the basis of the work in [24],

xn = 0.95
√

2xn−1 − 0.64
√

2xn−2 + r0

zn = 0.25
√

2zn−1 − 0.5
√

2zn−3 + r0

vn = 0.85
√

2vn−2 − 0.35
√

2vn−4 + r0

yn = 0.5xn−4 + 0.5zn−2 + 0.5vn−6

(12)

where r0 stands for a sample drawn from a normal standard Gaussian distribution. For this analysis,
506 samples have been evaluated and the first six were discarded. The objective of this test is to confirm
that the approach of the CJRP can identify the proper delay between a driver and a target in presence
of more than one disturbing influence. The methodology described in the previous sections has been
applied and the results reported here for the stable region, again using twelve repetitions of the system
in (12). In this example, the threshold εzy and εvy have been reduced iteratively. The CJRP allows
estimating quite easily the correct synchronization between x and y at the delay dxy = 4 as can be
derived by simple inspection of Figure 9.
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Figure 9. Behaviors of <RR> (a), <DET> (b), and <L> (c), and for the system in (12). The study is
aimed at highlighting the synchronization between x and y, minimizing the effect of both z and v from
y. Considering (12), the expected delay is dxy = 4.

7. Presence of Outliers

As a final test, also the presence of outliers has been investigated. Here, the results obtained for the
f p=0.1
III

(
x2

n−4, z2
n−2; 0.5, 5, 2.5

)
relationship described in Table 1 have been reported as the formulation
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belongs to one of the most challenging cases studied. The test has been performed considering the
system described in (11), but adding for each element xn, yn, zn a Gaussian randomly picked value, i.e.,
Nxn,yn,zn(µ, σ), according to the following rule,

Nxn,yn,zn(µ, σ) =
{

N(µ = 0, σ = p(xn, yn, zn)) i f g ∈ U[0, 1] < 0.2
N(µ = (xn, yn, zn), σ = p(xn, yn, zn)) i f g ∈ U[0, 1] ≥ 0.2

(13)

where U[0, 1] indicates a uniform distribution between 0 and 1 from which a scalar g value is picked.
Results are reported in Figure 10 for the two stable iterations of the methodology suggested and in
Figure 11 for the TE and CTE. RR and DET identify correctly the actual delay between x and y. On the
other hand, in this case it can be observed how the TE cannot evaluate clearly the correct delay as
another spurious peak dxy = 19 emerges of almost the same amplitude as the right one; the CTE on the
contrary provides the appropriate information.
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considering outliers in data. The methodology detects the correct delay at

dxy = 4, with the exception of the <L> estimator that has not been reported.
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Figure 11. Behavior of (a) TE and (b) CTE for the autoregressive system in presence of outliers as
described in Equation (13). The TE detects the delay at dxy = 4 and a spurious one at dxy = 19 with
almost the same amplitude, while the CTE finds the actual delay dxy = 4 at dzy = 2.

To complete the section, another test with different percentages of outliers (10%, 20%, or 30%)
has been reported. In this case, either a Normal or a Skew-normal distribution has been used as
pdf to generate the outliers themselves. For coherence, results regarding the same relationship
f p=0.1
III

(
x2

n−4, z2
n−2; 0.5, 5, 2.5

)
reported previously have been used. The time occurrence of an

outlier has been chosen randomly, then considering the Normal case, it has been drawn from
N(µ = (xn, yn, zn), σ = 0.1(xn, yn, zn)). For the Skew-normal [34] case instead, for each outlier, a scalar
“g” has been picked up first from a uniform distribution, then if g ∈ U[0, 1] ≤ 0.5 the skewness parameter
has been set to “4”, otherwise to “−4”. Results are coherent in both cases with the test reported in the
previous paragraph. Already with 10% of outliers, indeed the TE cannot detect the expected delay and
an analysis based on this estimator would suggest a weak or no correlation between the driver and the
response quantity. Considering the CTE instead, behaviors are similar to Figure 11b. Setting the right
delay of dzy = 2 between the quantity “z” and the response one, the maximum of the curve can be
observed at either dxy = 3 or dxy = 4, without a sensible difference between the two values. Increasing
the number of outliers, a lower value of the maximum detected by the CTE is observed. While the
JRPxyz does not detect the correct delay between the driver and the response quantity, considering
the CJRP instead, as in the previously reported test the “L” estimator is not informative, but the RR
and the DET detect correctly a delay between the driver and the response system at either dzy = 4 or
dxy = 5. The higher the number of outliers, the more oscillations are observed. Similarly with the CTE,
not a particular dependence has been observed on the type of pdf used.

8. Discussions on Lines of Future Investigations

In terms of future applications in thermonuclear fusion, the developed tools could contribute to
the development of integrated scenarios for ITER [35] and to the refinement of diagnostics for the
magnetic fields [36,37]. Other interesting challenges would be the determination of causal relations
between various atmospheric phenomena in the environmental sciences, whose periodic nature renders
detrending and interpretation very delicate [38].
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9. Conclusions

In this work, a new type of Recurrence Plot has been defined: the Conditional Joint Recurrence
plot or CJRP. Its properties have been tested using synthetic data generated with autoregressive linear,
nonlinear noised, and noise-free models, with different couplings, using also periodic noised and
noise free synthetic signals and including outliers. Results have shown the capability of the CJRP to
identify the actual time delay of the causal influences, removing the effects of external perturbations
up to a relevant level of noise added to the data. The outcomes of the tests have been averaged over
twelve repetitions to provide a significant statistical basis to the conclusions. It should be mentioned
that, in terms of individual realizations, 92% of correctly detected cases has been observed in general.
In particular, the lowest scoring has been obtained for the nonlinear case f p=0.2

III

(
x2

n−4, z2
n−2; 0.5, 0.5, 0.25

)
with a 75% of success rate. This is thought to be due to the typology of the formulation analyzed and
to the specific noise added.

Different formulations have been tested before selecting the one in (4), also using the Cross
Recurrence Plots. However, the best results have been obtained with the formulation reported.

The great flexibility of the Joint Recurrence Plots, to include more quantities, simply adding
terms in the Hadamard product, allows the CJRP to be easily extended to more than three quantities.
Tests have been performed using the autoregressive system studied in this article and the results
confirm what was just stated.

In conclusion, for practical purposes, the proposed CJRP can be implemented to complement
the transfer entropy and the conditional transfer entropy. On the other hand, the CJRP approach
presents various advantages: it is both simpler to implement and interpret and can also be extended
immediately to higher numbers of variables, which presents a very serious challenge for TE and CTE.
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Appendix A

In this appendix, the plots regarding the methodology described in the article have been reported.
The iterative procedure via the estimators used to quantify the CJRP can be observed. Figures A1 and A2
are related to the study reported in Figure 3, while Figure A3 is related to the counter example reported
in Figure 5.
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Figure A1. Behaviors of <L>(a), <DET>(b), and <RR>(c) for 𝑓 . (𝑥 , 𝑧 ; 0.5,0.5,0.25). The study 
is aimed at inferring the correct delay between x and y at 𝑑 = 4, while minimizing the influence of 
z. Vertical black lines have been added at the expected delay between the driver and the response 
system. The most informative plots have been put in a red and ticker frame 
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)
. The study

is aimed at inferring the correct delay between x and y at dxy = 4, while minimizing the influence of z.
Vertical black lines have been added at the expected delay between the driver and the response system.
The most informative plots have been put in a red and ticker frame.
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Figure A2. Behaviors of <L>(a), <DET>(b), and <RR>(c) for 𝑓 . (𝑥 , 𝑧 ; 0.5,0.5,0.25). The study 
is aimed at inferring the correct delay between x and y at 𝑑 = 4, while minimizing the influence of 
z. Vertical black lines have been added at the expected delay between the driver and the response 
system. The most informative plots have been put in a red and ticker frame. 

Figure A2. Behaviors of <L> (a), <DET> (b), and <RR>(c) for f p=0.2
III

(
x2

n−4, z2
n−2; 0.5, 0.5, 0.25

)
. The study

is aimed at inferring the correct delay between x and y at dxy = 4, while minimizing the influence of z.
Vertical black lines have been added at the expected delay between the driver and the response system.
The most informative plots have been put in a red and ticker frame.
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Figure A3. Behaviors of <L>(a), <DET>(b), and <RR>(c) for 𝑓 . (𝑥 , 𝑧 ; 0.5,0.5,0.25). The study 
is aimed at inferring the correct delay between z and y at 𝑑 = 2, while minimizing the influence of 
x. Vertical black lines have been added at the expected delay between the driver and the response 
system. The most informative plots have been put in a red and ticker frame. 

References 

1. Luo, A.C.J. A theory for synchronization of dynamical systems. Commun. Nonlinear Sci. Numer. Simulat. 
2009, 14, 1901–1951, doi:10.1016/j.cnsns.2008.07.002. 

2. Palus, M. Synchronization as adjustment of information rates: Detection from bivariate time series. Phys. 
Rev. E 2001, 63, 046211, doi:10.1103/PhysRevE.63.046211. 

3. Romano, M.C. Multivariate recurrence plots. Phys. Lett. A 2004, 330, 214–223, 
doi:10.1016/j.physleta.2004.07.06. 

4. Zou, Y.; Romano, M.C.; Thiel, M.; Marwan, N.; Kurths, J. Inferring indirect coupling by means of 
recurrences. Int. J. Bifurc. Chaos 2011, 21, 1099–1111. 

5. Pavlova, O.N.; Pavlov, A.N. Scaling features of intermittent dynamics: Differences of characterizing 
correlated and anti-correlated data sets. Phys. A 2019, 536, 122586, doi:10.1016/j.physa.2019.122586. 

6. Chai, S.M.; Chen, W.; Liu, D.B.; Tang, M.; Chen, X. Complex network analysis of brain functional 
connectivity under a multi-step cognitive task. Phys. A 2017, 466, 663–671, doi:10.1016/j.physa.2016.09.058. 

7. Huang, Y.; Fu, Z.; Franzke, C.L.E. Detecting causality from time series in a machine learning framework. 
Chaos 2020, 30, 063116, doi:10.1063/5.0007670. 

8. Ye, H.; Deyle, E.R.; Gilarranz, L.J.; Sugihara, G. Distinguishing time delayed causal interactions using 
convergent cross mapping. Sci. Rep. 2015, 5, 14750, doi:10.1038/srep14750. 

9. Tirabassi, G.; Sevilla-Escoboza, R.; Buldú, J.M.; Masoller, C. Inferring the connectivity of coupled oscillators 
from time series statistical similarity analysis. Sci. Rep. 2015, 5, 1–14, doi:10.1038/srep10829. 

10. Zhao, Y.; Peng, X.; Small, M. Reciprocal characterization from multivariate time series to multilayer 
complex networks. Chaos 2020, 30, 013137, doi:10.1063/1.5112799. 

11. Cuautle, E.T.; Valencia-Ponce, M.A.; De la Fraga, L.G. Sizing CMOS Amplifiers by PSO and MOL to 
Improve DC Operating Point Conditions. Electronics 2020, 9, 1027, doi:10.3390/electronics9061027. 

Figure A3. Behaviors of <L> (a), <DET> (b), and <RR> (c) for f p=0.0
III

(
x2

n−4, z2
n−2; 0.5, 0.5, 0.25

)
. The study

is aimed at inferring the correct delay between z and y at dzy = 2, while minimizing the influence of x.
Vertical black lines have been added at the expected delay between the driver and the response system.
The most informative plots have been put in a red and ticker frame.

References

1. Luo, A.C.J. A theory for synchronization of dynamical systems. Commun. Nonlinear Sci. Numer. Simul. 2009,
14, 1901–1951. [CrossRef]

2. Palus, M. Synchronization as adjustment of information rates: Detection from bivariate time series.
Phys. Rev. E 2001, 63, 046211. [CrossRef]

3. Romano, M.C. Multivariate recurrence plots. Phys. Lett. A 2004, 330, 214–223. [CrossRef]
4. Zou, Y.; Romano, M.C.; Thiel, M.; Marwan, N.; Kurths, J. Inferring indirect coupling by means of recurrences.

Int. J. Bifurc. Chaos 2011, 21, 1099–1111. [CrossRef]
5. Pavlova, O.N.; Pavlov, A.N. Scaling features of intermittent dynamics: Differences of characterizing correlated

and anti-correlated data sets. Physica A 2019, 536, 122586. [CrossRef]
6. Chai, S.M.; Chen, W.; Liu, D.B.; Tang, M.; Chen, X. Complex network analysis of brain functional connectivity

under a multi-step cognitive task. Physica A 2017, 466, 663–671. [CrossRef]
7. Huang, Y.; Fu, Z.; Franzke, C.L.E. Detecting causality from time series in a machine learning framework.

Chaos 2020, 30, 063116. [CrossRef] [PubMed]
8. Ye, H.; Deyle, E.R.; Gilarranz, L.J.; Sugihara, G. Distinguishing time delayed causal interactions using

convergent cross mapping. Sci. Rep. 2015, 5, 14750. [CrossRef] [PubMed]
9. Tirabassi, G.; Sevilla-Escoboza, R.; Buldú, J.M.; Masoller, C. Inferring the connectivity of coupled oscillators

from time series statistical similarity analysis. Sci. Rep. 2015, 5, 1–14. [CrossRef]
10. Zhao, Y.; Peng, X.; Small, M. Reciprocal characterization from multivariate time series to multilayer complex

networks. Chaos 2020, 30, 013137. [CrossRef]
11. Cuautle, E.T.; Valencia-Ponce, M.A.; De la Fraga, L.G. Sizing CMOS Amplifiers by PSO and MOL to Improve

DC Operating Point Conditions. Electronics 2020, 9, 1027. [CrossRef]

http://dx.doi.org/10.1016/j.cnsns.2008.07.002
http://dx.doi.org/10.1103/PhysRevE.63.046211
http://dx.doi.org/10.1016/j.physleta.2004.07.066
http://dx.doi.org/10.1142/S0218127411029033
http://dx.doi.org/10.1016/j.physa.2019.122586
http://dx.doi.org/10.1016/j.physa.2016.09.058
http://dx.doi.org/10.1063/5.0007670
http://www.ncbi.nlm.nih.gov/pubmed/32611084
http://dx.doi.org/10.1038/srep14750
http://www.ncbi.nlm.nih.gov/pubmed/26435402
http://dx.doi.org/10.1038/srep10829
http://dx.doi.org/10.1063/1.5112799
http://dx.doi.org/10.3390/electronics9061027


Entropy 2020, 22, 865 23 of 24

12. Srisuchinwong, B.; Munmuangsaen, B.; Ahmad, I.; Suibkitwanchai, K. On a Simple Single-Transistor-Based
Chaotic Snap Circuit: A Maximized Attractor Dimension at Minimized Damping and a Stable Equilibrium.
IEEE Access 2019, 7, 116643–116660. [CrossRef]

13. Krakovska, A.; Jakubík, J.; Chvosteková, M.; Coufal, D.; Jajcay, N.; Paluš, M. Comparison of six methods for
the detection of causality in a bivariate time series. Phys. Rev. E 2018, 97, 042207. [CrossRef] [PubMed]

14. Coufal, D.; Jakubík, J.; Jajcay, N.; Hlinka, J.; Krakovská, A.; Paluš, M. Detection of coupling delay: A problem
not yet solved. Chaos 2017, 27, 083109. [CrossRef]

15. Marwan, N.; Romano, M.C.; Thiel, M.; Kurths, J. Recurrence plots for the analysis of complex systems.
Phys. Rep. 2007, 438, 237–439. [CrossRef]

16. Bossomaier, T.; Barnett, L.; Harré, M.; Lizier, J.T. An Introduction to Transfer Entropy; Springer Nature: Cham,
Switzerland, 2016; ebook. [CrossRef]

17. Zblut, J.P.; Webber, C.L., Jr. Recurrence Quantification Analysis. In Wiley Encyclopedia of Biomedical Engineering;
Akay, M., Ed.; John Wiley & Sons: Hoboken, NJ, USA, 2006. [CrossRef]

18. Marwan, N.; Kurths, J. Nonlinear analysis of bivariate data with cross recurrence plots. Phys. Lett. A 2002,
302, 299–307. [CrossRef]

19. Schreiber, T. Measuring Information Transfer. PRL 2000, 85, 461–464. [CrossRef]
20. Granger, C.W.J. Investigating causal relations by econometric models and cross-spectral methods. Econometrica

1969, 37, 424–438. [CrossRef]
21. Kraskov, A.; Stögbauer, H.; Grassberger, P. Estimating mutual information. Phys. Rev. E 2004, 69, 066138.

[CrossRef]
22. Kozachenko, L.; Leonenko, N. A statistical estimate for the entropy of a random vector. Probl. Inf. Transm.

1987, 23, 9–16.
23. Lizier, J.T. JIDT: An information-theoretic toolkit for studying the dynamics of complex systems. Front. Robot.

AI 2014, 1, 11. [CrossRef]
24. Baccalà, L.A.; Sameshima, K. Partial directed coherence: A new concept in neural determination. Biol. Cybern.

2000, 84, 463–474. [CrossRef] [PubMed]
25. Kennel, M.B.; Brown, R.; Abarbanel, H.D.I. Determining embedding dimension for phase-space reconstruction

using a geometrical construction. Phys. Rew. A 1992, 45, 3403–3411. [CrossRef] [PubMed]
26. Murari, A.; Lungaroni, M.; Peluso, E.; Gaudio, P.; Lerche, E.; Garzotti, L.; Gelfusa, M. On the Use of Transfer

Entropy to Investigate the Time Horizon of Causal Influences between Signals. Entropy 2018, 20, 627.
[CrossRef]

27. Murari, A.; Peluso, E.; Gelfusa, M.; Garzotti, L.; Frigione, D.; Lungaroni, M.; Pisano, F.; Gaudio, P. Application
of transfer entropy to causality detection and synchronization experiments in tokamaks. Nucl. Fusion 2016,
56, 026006. [CrossRef]

28. Murari, A.; Craciunescu, T.; Peluso, E.; Gelfusa, M.; Lungaroni, M.; Garzotti, L.; Frigione, D.; Gaudio, P.
How to assess the efficiency of synchronization experiments in tokamaks. Nucl. Fusion 2016, 56, 076008.
[CrossRef]

29. Murari, A.; Craciunescu, T.; Peluso, E.; Lerche, E.; Gelfusa, M. On efficiency and interpretation of sawteeth
pacing with on-axis ICRH modulation in JET. Nucl. Fusion 2017, 57, 126057. [CrossRef]

30. Lerche, E.; Lennholm, M.; Carvalho, I.S.; Dumortier, P.; Durodie, F.; Van Eester, D.; Graves, D.; Jacquet, P.;
Murari, A. Sawtooth pacing with on-axis ICRH modulation in JET-ILW. Nucl. Fusion 2017, 57, 036027.
[CrossRef]

31. Garzotti, L.; Lang, P.T.; Alonso, A.; Alper, B.; Belonohy, E.; Boboc, A.; Devaux, S.; Eich, T.; Frigione, D.;
Gál, K.; et al. Investigating pellet ELM triggering physics using the new small size pellet launcher at JET.
In Proceedings of the 37th EPS Conference on Plasma Physics, Dublin, Ireland, 21–25 June 2010; Available
online: http://ocs.ciemat.es/EPS2010PAP/pdf/P2.131.pdf (accessed on 10 June 2014).

32. Murari, A.; Lungaroni, M.; Peluso, E.; Gaudio, P.; Vega, J.; Dormido-Canto, S.; Baruzzo, M.; Gelfusa, M.
Adaptive predictors based on probabilistic SVM for real time disruption mitigation on JET. Nucl. Fusion
2018, 58, 056002. [CrossRef]

33. De Vries, P.C. The influence of an ITER-like wall on disruptions at JET. Phys. Plasmas 2014, 21, 056101.
[CrossRef]

34. Azzalini, A.; Capitanio, C. Statistical applications of the multivariate skew-normal distribution. J. R. Stat. Soc.
1999, 61, 579–602. Available online: https://arxiv.org/abs/0911.2093 (accessed on 20 July 2020).

http://dx.doi.org/10.1109/ACCESS.2019.2936535
http://dx.doi.org/10.1103/PhysRevE.97.042207
http://www.ncbi.nlm.nih.gov/pubmed/29758597
http://dx.doi.org/10.1063/1.4997757
http://dx.doi.org/10.1016/j.physrep.2006.11.001
http://dx.doi.org/10.1007/978-3-319-43222-9
http://dx.doi.org/10.1002/9780471740360.ebs1355
http://dx.doi.org/10.1016/S0375-9601(02)01170-2
http://dx.doi.org/10.1103/PhysRevLett.85.461
http://dx.doi.org/10.2307/1912791
http://dx.doi.org/10.1103/PhysRevE.69.066138
http://dx.doi.org/10.3389/frobt.2014.00011
http://dx.doi.org/10.1007/PL00007990
http://www.ncbi.nlm.nih.gov/pubmed/11417058
http://dx.doi.org/10.1103/PhysRevA.45.3403
http://www.ncbi.nlm.nih.gov/pubmed/9907388
http://dx.doi.org/10.3390/e20090627
http://dx.doi.org/10.1088/0029-5515/56/2/026006
http://dx.doi.org/10.1088/0029-5515/56/7/076008
http://dx.doi.org/10.1088/1741-4326/aa87e7
http://dx.doi.org/10.1088/1741-4326/aa53b6
http://ocs.ciemat.es/EPS2010PAP/pdf/P2.131.pdf
http://dx.doi.org/10.1088/1741-4326/aaaf9c
http://dx.doi.org/10.1063/1.4872017
https://arxiv.org/abs/0911.2093


Entropy 2020, 22, 865 24 of 24

35. Pamela, J.; Romanelli, F.; Watkins, M.L.; Lioure, A.; Matthews, G.; Philipps, V.; Jones, T.; Murari, A.;
Géraud, A.; Crisanti, F.; et al. The JET programme in support of ITER. Fusion Eng. Des. 2007, 82, 590–602.
[CrossRef]

36. Orsitto, F.P.; Boboc, A.; Gaudio, P.; Gelfusa, M.; Giovannozzi, E.; Mazzotta, C.; Murari, A. Mutual interaction
of Faraday rotation and Cotton—Mouton phase shift in JET polarimetric measurements. Rev. Sci. Instrum.
2010, 81, 10D533. [CrossRef] [PubMed]

37. Murari, A.; Pisano, F.; Vega, J.; Cannas, B.; Fanni, A.; Gonzalez, S.; Gelfusa, M.; Grosso, M. Extensive statistical
analysis of ELMs on JET with a carbon wall. Plasma Phys. Control Fusion 2014, 56, 114007. [CrossRef]

38. Bellecci, C.; Francucci, M.; Gaudio, P.; Gelfusa, M.; Martellucci, S.; Richetta, M.; Lo Feudo, T. Application of a
CO2 dial system for infrared detection of forest fire and reduction of false alarm. Appl. Phys. B Lasers Opt.
2007, 87, 373–378. [CrossRef]

© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1016/j.fusengdes.2007.03.003
http://dx.doi.org/10.1063/1.3502039
http://www.ncbi.nlm.nih.gov/pubmed/21061474
http://dx.doi.org/10.1088/0741-3335/56/11/114007
http://dx.doi.org/10.1007/s00340-007-2607-9
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Multiple Causality between Time Series 
	Refinement of Joint Recurrent Plots 
	Transfer Entropy and Conditional Transfer Entropy 
	Numerical Tests: Autoregressive Models 
	Numerical Tests: Causality Horizon 
	Extension to More than Three Observables 
	Presence of Outliers 
	Discussions on Lines of Future Investigations 
	Conclusions 
	
	References

