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1. Introduction to VisualDom

The wavelet local multiple correlation (WLMC) is a signal process-
ing tool that was developed to estimate dynamic wavelet correlation
for multivariate time series [1]. This tool is based on the concept
of multiple regression and measures a non-stationary time-evolving
correlation structure at different scales within a multivariate set of
time series. The WLMC consists of one set of multiscale correlations
over time, each of them calculated as the square root of the regression
coefficient of determination in a linear combination of locally weighted
wavelet coefficients for which such coefficient of determination is a
maximum. The WLMC produces a set of multi-scale correlations over
time and scale that are represented visually as a heat map [1-4]. The
WLMC has also an associated R package: wavemulcor [5,6], which
is available on The Comprehensive R Archive Network (CRAN).

The WLMC is an extension of the work by [7], published a decade
ago. Although the statistical signal processing techniques introduced
in this work, named wavelet multiple correlation (WMC) and wavelet
multiple cross-correlation (WMCC) are not dynamic in time. That is,
the WMC and WMCC can be used to estimate the correlation as a
global measure at different wavelet scales for a set of multivariate time
series, but these techniques cannot be used to study the evolution of
correlation though time. The R package wavemulcor [5] was origi-
nally developed to include these tools, and the R package W2CWM2C
[8,9] was developed to provide some graphical improvements of the
wavemulcor [5]. The WLMC was originally developed to analyse
financial time series [1], but this tool has been introduced to analyse
other kind of data from different scientific disciplines, for example,
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energy research [3,10], climate sciences [4], chaotic and nonlinear
dynamics [2], technology sector [11], among others.

One of the less exploited features of the WLMC is that this is able to
estimate and identify the variables that maximizes the multiple correla-
tion through time and scale for a set of multivariate time series under
study that come from a dynamical system [2,4]. This characteristic
could be interpreted to lesser extent — although these are not the same —
as the phase-difference or coherence phase when the wavelet coherence
is estimated via the continuous wavelet transform [2,12]. However,
despite the R package wavemulcor includes a function to estimate
the dominant variables, to the best of our knowledge, there is no exist
a graphical representation for the dominant variables, much less a com-
putational software to do it. For this reason, in 2020 we introduced this
graphical representation of the WLMC to analyse multivariate climate
time series [4], later on in 2022 we showed that this graphical tool is
very useful to obtain knowledge from nonlinear and chaotic dynamical
systems [2]. However, these works were focused on methodological
aspects and science rather than on software applications. Following
this necessity, at the end of 2022, we created a set of R functions to
implement this quantitative and graphical tool and an R package to
contain these functions, which is named VisualDom:a tool to visualize
dominant variables in dynamic wavelet multiple correlation analysis
[13].

VisualDom unlike wavemulcor that contains a great number
of functions only contains three, thereby considerably simplifying the
estimation and visualization of the wavelet local multiple correlation.
In VisualDom one function was created to estimate the WLMC and
other two were developed to plot as a heat map the wavelet correlation
coefficients and the dominant variables that are statistically significant
(within the 95% confidence interval) of the dynamical system under
analysis. However, the most important contribution of VisualDom is
the function used to plot the dominant variables of a dynamical system,
which is not included in wavemulcor or W2CWM2C. Another feature of
VisualDom is that the graphical functions include a multi-plot format,
that is, these functions plot at the same graphic the time series under
study and a heat map for the wavelet correlation coefficients or for
the dominant variables. We would like to point out that this multi-plot
feature contained in VisualDom is neither included in wavemulcor
and W2CWM2C. This simple graphical feature helps to visualize at the
same time the time series under scrutiny and the dynamic wavelet
multiple correlation analysis of these series. The functions contained
in VisualDom are quite flexible because these contains multiple pa-
rameters to personalize the visualization of the time series under study
and the heat maps of the wavelet correlation coefficients and dominant
variables. Furthermore, we have included in VisualDom two data sets
named rdata_climate and rdata_Lorenz to illustrate its use.

This software paper is structured as follows. Section 2 describes
the VisualDom software in detail. Section 3 provides an illustrative
example. Finally, Section 4 presents the impact of this software and
proposes some future work.

2. Software description

The R package VisualDom is free software (GPL license) and is
available on CRAN [13], the main worldwide repository of R pack-
ages [14]. Since VisualDom is available on CRAN, installing it can
be made from R by executing the instruction install.packages
(¢‘VisualDom’’). VisualDom contains three functions in two
separate entities. One function is for estimation and the other two are
for graphing, as explained visually in Fig. 1. VisualDom does not
require compilation or others external computational languages and
can be installed and used in the main current operating systems (Win-
dows, GNU/Linux and MacOS), due to R is multiplatform, i.e., R runs
in multiple computing platforms. The package VisualDom depends on
the following three R packages: waveslim [15], wavemulcor [6],
and plot3D [16], all of which are on CRAN. The first package is
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used to decompose through the MODWT (Maximal Overlap Discrete
Wavelet Transform) the time series under study, the second one is used
to estimate the wavelet local multiple correlation, whereas the third
package is used to built the heat maps. In addition to these packages,
several pieces of code (around 500 lines) in R have been written to
estimate and visualize the multivariate time series under scrutiny, the
wavelet correlation coefficients and the dominant variables.

2.1. Software functionalities

The R package VisualDom includes three functions: (1) es-
tim_WLMC() for estimating the wavelet local multiple correlation,
which is based on the wave.local.multiple.correlation()
function contained in the R package wavemulcor [5,6]; (2) plot_
estim_WLMC() for plotting the time series under analysis and the
wavelet correlation coefficients as a heat map and uses the output
of estim_WLMC(); and (3) plot_dominant_WLMC() for plotting
the time series under study and the dominant variables as a heat
maps. plot_dominant_WLMC() also uses the output of the es-
tim_WLMC() function. A detailed description of their syntaxes is
presented in the following lines:

(1) estim_WLMC(inputdata, wf='"1a8", J, window, M, Ymaxr=NULL)

+ inputdata: it is a matrix of N columns (variables or dynamic
systems’ components under study) by P rows (number of elements
of the variables under study). The first column is the time that
must be regular or evenly spaced and the other N—1 columns are
the variables under analysis.

wf: this is the name of the wavelet filter used in the MODWT
decomposition of the time series under analysis. There are avail-
able several wavelet filters to be used, but we use by default the
Daubechies orthonormal compactly supported wavelet of length
L = 8, that is, LA(8) or “la8”. A relatively long wavelet filter
(e.g. LA(4) or LA(8)) is adequate to analyse non-stationary time
series but also correlation structures that are not stationary [1,4].
J: this parameter defines the maximum level of the MODWT
decomposition and this must be an integer number. There are
some works that recommend to use round(log,(N) —3) [1,4]. N
is the number elements (rows) of inputdata.

window: this is the weight or window function. The default func-
tion is the Gaussian window (“gaussian”), but other five window
functions can be used: “uniform”, “Bartlett’s triangular”, “Cleve-
land’s tricube”, “Wendland’s truncated power” and “Epanech-
nikov’s parabolic”. For more information look at the function
wave.local.multiple.correlation() contained in the
R package wavemulcor [5,6].

M: this is the length of the weight or window function and must be
an integer number. It is recommended to use round(N/8) [1,4].
Ymaxr: this parameter is used to indicate which variable will be
used to maximize the multiple correlation for each wavelet scale,
by default is NULL. That is, we do not define a priori an specific
variable but instead let the WLMC select one [1,4].

The output of estim_WLMC() is a list named LISTvals that
contains four elements:

+ CORCOEF: this element contains the dynamic wavelet correlation
coefficients.

+ CIlo and CIup: these two elements are the lower and upper
95% confidence intervals (CIs) of the dynamic wavelet correlation
coefficients.

* YmaxR: this contains the indices (numbers from one to the num-
ber of variables) of the corresponding variables whose correlation
is calculated against a linear combination of the rest.
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estim_WLMC()
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Graphing (output)

plot_estim_WLMC()
key parm.: inputdata,
LISTvals, J, COLS

series

keyparm.: inputdata,wf,J,
‘:> window,M,Ymaxr

plot_dominant_WLMC()

key parm.: inputdata,
:> LiSTvals, J, COLS

Fig. 1. Software architecture of the R package VisualDom [13]. Given a set of multivariate time series that come from a dynamical system, VisualDom estimates and plots
the wavelet local multiple correlation (WLMC) coefficients and the dominant variables or components that are statistically significant (within the 95% confidence interval).

(2) plot_estim_WLMC(inputdata, LISTvals, J, fac=1, FLAG=TRUE, FLAGNA=1,
COLS=c(1:5), LTY=c(rep(1,5)), LWD=c(rep(1.2,5)), DIST=c(seq(0,10,2)))

inputdata: this is the same data set used in estim_estim().
LISTvals: it is the list generated by estim_estim().

J: this is the maximum level of the MODWT decomposition and
was previously defined.

fac: this parameter is used to scale the wavelet time-scales or
“periods” (if the phenomenon studied occurs almost periodically)
when the time scale is not the unit, by the default is 1.

FLAG: this flag is used to plot the Y axis of the multivariate time
series if the number of these series is less than four, by default is
TRUE.

FLAGNA: this is used to plot (by the default is 1) or not (please
use 0) the correlation coefficients that are (not) statistically sig-
nificant (within the 95% confidence interval).

COLS, LTY, and LWD: these parameters are the colours, the type
of lines, and the tick sizes used to plot the multivariate time series
under analysis.

DIST: this parameter is used to define the distances among the Y
axis when the multivariate time series are plotted.

The output of plot_estim_WLMC() is a multi-plot displayed
via screen containing the multivariate time series under study and a
heat map of the dynamic wavelet correlation coefficients statistically
significant of these series. We would like to highlight that the way to
address and show graphically the statistical significance is a remarkable
feature of VisualDom, which is not included in wavemulcor [5,6].
This multi-plot can be saved in your preferred format (e.g. JPG, PNG,
PDF, etc.).

(3) plot_dominant_WLMC(inputdata, LISTvals, J, fac=1, FLAG=TRUE, FLAGNA=1,
COLS=c(1:5), LTY=c(rep(1,5)), LWD=c(rep(1.2,5)), DIST=c(seq(0,10,2)))

All of which have already been described.

The output of plot_dominant_WLMC() is also a multi-plot sho-
wed via screen, which contain a plot of the time series under scrutiny
and a heat map of the dominant variables that are statistically signif-
icant (within the 95% confidence interval). This graphical represen-
tation of the dominant variables is the main and flagship function of
VisualDom.

2.2. Auxiliary data sets

VisualDom includes two data sets to exemplify its use. The first
one rdata_climate contains three annual reconstructed climatic
indices (anomalies in °C) spanning the years from 500 to 1850 CE,
i.e.: (1) sea Surface Temperatures anomalies from the Main Devel-
oped Region (SSTMDR) for tropical cyclones [17]; (2) the ENSO (El
Nifio-Southern Oscillation) SST anomalies (el Nifio 3 region) [18];
and (3) the AMO (The North Atlantic Multidecadal Oscillation) SST
anomalies [18]. The second data set is named rdata_Lorenz, which
contains the three components (X, Y and Z) of the Lorenz system
[2,13]. The Lorenz system is without a doubt one of the most famous
nonlinear dynamical mathematical models and consists of three cou-
pled first-order ordinary differential equations. This dynamical system
generates a multivariate set of time series that is ideal to be analysed
with the functions contained in VisualDom, as was showed recently
in [2].

3. Ilustrative example

The illustrative example presents a dynamic wavelet correlation
analysis for multivariate paleoclimate time series. Specifically, we anal-
yse Last Millennium (LM) relationships among three large-scale annual
reconstructed climate variables characterizing the North Atlantic cli-
mate system, that is: (1) the SSTMDR for tropical cyclones [17]; (2) the
ENSO SST anomalies [18]; and (3) the AMO SST anomalies [18]. These
climate variables are included in rdata_climate, which is part of
VisualDom. This data set is loaded automatically when VisualDom
is called. We examine these large-scale variables since they are known
to influence North Atlantic tropical cyclone activity and because their
underlying drivers are not well understood [4,19]. We show with this
illustrative example that the functions contained in VisulDom are
useful to shade some light for the study of this complex system, as it
was demonstrated few years ago by [4], where a preliminary version
of VisualDom was used. Although this study was more focused on
methodological and scientific aspects rather than software applications.
On the other hand, more recently, [9] applied the R package W2CWM2C,
in particular, the WMCC function — a different but related approach from
a statistical point of view — to the same paleoclimate data set, but in
this work it was not possible to analyse the evolution of correlation and
dominant variables through time. However, despite of this, the results
were quite similar.

Fig. 2 shows the results after applying the functions estim_WLMC ()
and plot_estim_WLMC(). The R code used to produce this figure is
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MDRSST, ENSO, AMO
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600 800 1000
Time
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(128-256]
AG4 128]
(32-64]
°(16 -32]
L (8-16]
(4-8]
[2-4]

0.80 0.85 0.90 0.95

Fig. 2. Multivariate paleoclimate time series and the heat map of the wavelet
correlation coefficients statistically significant (95% confidence interval) obtained via
the WLMC, which was estimated and plotted through the estim_WLMC() and
plot_estim_WLMC() functions from the R package VisualDom [13]. Time and

Periods are in years. ¢ indicates the wavelet correlation coefficients.

library ("VisualDom")
inputdata < rdata_climate

N < nrow(inputdata)

wf < "la8"

window < "gaussian"

J <7

M < 168

LISTvals < estim WIMC(inputdata, wf=wf, J=J, window=

window, MEM, Ymaxr=NULL)

pdf ("WIMC_climate _data.pdf")

plot_estim WIMC(inputdata, LISTvals=LISTvals,
=1, FLAG=TRUE, FLAGNA=1,
COLS=c(4,3,2), LTY=c(rep(1,5)), LWD=c(rep(1.2,5)),
DIST=c(seq(0,10,2.75)))

dev. off ()

J=J, fac

Listing 1: Code used to produce Fig. 2.

in Listing 1. The fist salient observation is the high level of correlation
(from ca. 0.8 to ca. 0.99) for practically the full length of the time
series under study, though this correlation is not homogeneous. For
instance, there is a short interval approximately from 1300 to 1550
for the shortest wavelet scale where the correlation coefficients take
the lowest values. The second salient observation is that the dynamic
wavelet correlation analysis can be done observing at the same time the
time series under study. This last feature is exclusive to VisualDom.
As can be seen on Fig. 2, this graphical tool is a useful initial approach
for analysing dynamic wavelet correlation for a set of multivariate time
series, but it is not enough to discern which are the dominant variables
of the phenomenon of study, and a knowledge of this is essential for
studying complex dynamical systems as the climate system.

Fig. 3 shows the result after applying the estim_WLMC() and
plot_dominant_WLMC() functions to the multivariate paleoclimate
time series. The corresponding R code used to produce this figure is
in Listing 2. We do not define a priori an specific climate variable
that would maximize the multiple correlation for each wavelet scale

W N
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Fig. 3. Multivariate paleoclimate time series and the heat map of the dominant vari-
ables statistically significant (95% confidence interval) obtained via the WLMC, which
was estimated and plotted through the estim_WLMC() and plot_dominant_WL-
MC() functions from the R package VisualDom [13]. Time and Periods are in
years.

LISTvals < estim WIMC(inputdata,
window, M=EM, Ymaxr=NULL)

wf=wf, J=J, window=

pdf("dominant_variables_climate _data.pdf")

plot_dominant WIMC(inputdata, LISTvals=LISTvals, J=J,
fac=1, FLAG=TRUE, FLAGNA=1,
COLS=c(4,3,2), LTY=c(rep(1,5)), LWD=c(rep(1.2,5)),
DIST=c(seq(0,10,2.75)))

dev. off ()

Listing 2: Code used to produce Fig. 3.

(parameter ymaxr=NULL) but instead let the WLMC select one. The
reason for this choice is that although these climate variables are ex-
pected to be correlated among them, their causal relationship remains
a matter of research [4,19]. On the one hand, it is clear that the
dominant variable for the shortest and medium wavelet scales (from
2 to 32 years) is the SSTMDR, with some exceptions for the shortest
scale (2-4 years) and for the time intervals around 600-700 years and
1300-1500 years, where the dominant variable is AMO. On the other
hand, the dominant variable for the largest wavelet scales (from 32
to 256 years) is AMO, as expected. This result is similar to the one
obtained by [9] via W2CWM2C (please look at Fig. 1 right) although
the statistical technique used is different (that is, the WMCC) and does
not take into account the time dimension. It is noticeable to observe
that the time interval 1300-1500 years is precisely the same interval
that in Fig. 2 has the lowest wavelet correlation coefficients. It is also
remarkable to note that this does not make much sense that AMO is a
dominant variable in this short wavelet scale, since AMO has its main
spectral signature multidecadally [18,20]. Even still, it is possible that
AMO might be played an important role in the interannual variability
during these time intervals. Although it is beyond the aim of this paper
to address this issue.

4. Impact and future work

The computational R package VisualDom is designed for scientists
and researchers from different fields of physical sciences who would
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like to conduct applied research on multivariate time series analysis
that come from dynamical systems. VisualDom is easy to use, is
well documented, is free software (GPL license) and is available on
CRAN [13], the official package repository of the R project. The main
contribution included in VisualDom is the function plot_domin-
ant_WLMC(), which display graphically the dominant variables that
maximize the multiple correlation for a set of multivariate time series.
This tool is used to find which variables play an important role in
different time-scales and temporal intervals in a group of multivariate
time series under study. This is especially important in physics research
for the study of nonstationary and nonlinear phenomena that take place
at different time scales, frequencies and temporal periods, such as the
climate system. This novel graphical tool has an enormous potential to
be used with different types of multivariate time series, see e.g., [2—4].
For this reason, we are sure that VisualDom will be also useful for a
wide range of scientific and engineering disciplines.

VisualDom contains three functions: (1) estim_WLMC(), (2)
plot_estim_WLMC() and (3) plot_dominant_WLMC(); and two
data sets: (1) rdata_climate and (2) rdata_Lorenz) to illus-
trate the use of these functions. The functions included in Visu-
alDom are highly flexible, since these functions contain multiple
parameters for controlling the plot of the time series under analysis
and the heat maps of the wavelet correlation coefficients and dom-
inant variables. We would like highlight the flagship feature of the
plot_dominant_WLMC() function, i.e. the graphical representa-
tion of dominant variables, which is not included in the R package
wavemulcor [5,6], and to the best of our knowledge, this has not
been implemented in any other computational package.

Future plans include the implementation of some functions to be
added to VisualDom. For instance, a graphical tool to estimate and
to represent the dynamical wavelet local multiple cross-correlation
(WLMCQ) [1,5]. Other interesting functionalities can be the implemen-
tation of some functions that allow the use of irregular time series,
which address irregular (unevenly spaced) time series that are common
in climatology, oceanography, geophysics, among others. Furthermore,
more sophisticated future directions of research include the computa-
tional implementation of causality tests to be added to VisualDom,
which will be used to infer causation between multiple variables of
dynamical systems.
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