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Abstract—The article discusses the issues of analyzing data 

presented in the form of time series and reflecting the dynamics 

of the development of a certain process, phenomenon or object. 

Particular attention is paid to conducting a comparative analysis 

of the dynamics of various data sets. For these purposes, a 

technique for estimating wavelet coherence was used. The 

approach also involves transforming the original data based on a 

sliding sampling window using higher order moments as an 

implementation of the memory effect. This makes it possible to 

assess the dynamics of the large data sets and increase the 

efficiency of their processing and analysis. Results for real data 

are presented, which make it possible to obtain an additional 

assessment of their mutual dynamics. The obtained results show 

the reliability and effectiveness of such analysis.  
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I. INTRODUCTION 

Analysis is one of the stages in the research and study of 
various phenomena, objects, processes. At the same time, it is 
also a research tool that helps to obtain additional data and to 
transform it into knowledge [1]-[3]. This is fully consistent 
with the general concept of data science [4], [5]. 

Thus, a comprehensive analysis of available data helps to 
make the most effective and well-founded decisions. 
Ultimately, this affects the development or successful 
functioning of what is being studied. This interest in analysis is 
primarily due to the fact that any process, phenomenon or 
object is described by a certain set of data. In this case, it is 
necessary to consider various sources of obtaining such data: 
technical applications, economic dynamics, data on natural and 
man-made disasters, etc. [6], [7]. 

Primary data can be presented in the form of some 
structured set: tables, databases, graphs, etc. However, the most 
common presentation of data is its dynamic structuring in the 
form of some time series [2], [5], [7]. This presentation of data 
allows them to be analyzed and evaluated both from the point 
of view of the general time interval and at its individual 
intervals. It also simplifies the comparative analysis of data 
obtained either from different sources (i.e., from different 
technical devices or processes of economic dynamics), or from 

the same source (for different indicators from one technical 
device or some economic dynamics). Considering the time 
structure of data, it is essential to take into account the 
dynamics of their change, which is crucial for conducting 
comparative analysis [6]. In this case, it is advisable to talk 
about big data analysis. 

Various methods and approaches can be used to analyze 
data. Among such works, it is necessary to mention, for 
example, the study by H. Wickham and H. Wickham, who 
examined various methods of analysis and data processing 
systems [8]. In this case, special attention is paid to statistical 
analysis as one of the leading research tools. Introduction to 
data mining is widely discussed in the work of such authors as 
M. R. Berthold and D. J. Hand [9]. At the same time, the study 
[10] is devoted to the consideration of issues of comparative 
analysis using the example of collisions of heavy ions. This 
study uses descriptive statistics and inferential statistical 
methods. In "A comparative study between physics, electrical 
and data driven lithium-ion battery voltage modeling 
approaches" [11] the authors draw attention to the comparison 
of physical and electrical characteristics when modeling the 
voltage of lithium-ion batteries. J. Mattke, C. Maier, 
T. Weitzel, J. E. Gerow and J. B. Thatcher conduct a 
comparative analysis in information systems research in order 
to select the most effective ones for further work [12]. Herein 
both quantitative and qualitative characteristics of the systems 
that are compared are used. In their study, D. Jelonek, N. H. 
Tien, M. T. H. Dao and D. T. Minh, based on various data sets, 
conduct a comparative analysis of the business strategies of 
Vietnamese developers using the Hoffer matrix [13]. 

Despite such variety of analysis and tools areas (methods, 
theories, algorithms) that allow to conduct relevant research, 
the expansion of data volumes and their significant variability 
require the development of new approaches. A particularly 
important point is the development of new approaches when it 
comes to mutual analysis of data dynamics, when it is 
necessary to obtain additional data at each interval from the 
studied interval [6]. 

Thus, the main purpose of this paper is to consider the 
approach to conducting a comparative analysis of data that can 
be obtained from various sources and describe any processes, 



phenomena, objects. In other words, a new generalized 
approach to comparative data analysis should be considered, 
which describes the study over time and can be presented in the 
form of a time series. For its implementation, it is necessary to 
consider the possibility of using wavelet coherence estimates 
and transforming primary data to increase the efficiency of 
their processing and to obtain additional information. The 
following are specific examples that confirm the feasibility of 
such processing of primary data. 

II. GENERAL PRELIMINARY QUESTIONS FOR COMPARATIVE 

ANALYSIS OF DATA DYNAMICS 

A. Wavelet Сoherence as a Сomparative Analysis Tool 

One of the tools for conducting comparative analysis is the 
use of wavelet coherence estimates, the possibility of 
constructing which is based on wavelet ideologists. The 
method for constructing wavelet coherence estimates allows 
for comparison of various data presented in the form of time 
series. In this case, it is advisable to consider the dynamics of 
data from the point of view of different time intervals, and this 
does not violate the generalization of such dynamics as a 
whole. This is the main difference between wavelet coherence 
estimates and classical methods of statistical analysis [14], 
[15]. 

To construct such estimates, the following generalized 
formula is used, taking into account two series of data ( )t(f  

and )t(m ), reflecting the change in a particular indicator over 

time [16]-[18]: 
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where: 

 )b,a(W  – transverse wavelet spectra,
 

b,a  – scale and center of time localization that determine 

the scale of the wavelet transform, 

  – smoothing operator, 

 )b,a(R2
 
– wavelet coherence coefficient.
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these values tend to zero, then a weak correlation is observed. 
Otherwise, there is a strong correlation [16]-[18]. 

Initial data )t(f  and )t(m , as a rule, represent some 

primary indicators of the process, phenomenon or object being 
studied. Therefore, the value of wavelet coherence estimates 
according to formula (1) can be called primary estimates. 
However, there are no restrictions, from the point of view of 
the general ideology of wavelets, regarding the presentation of 
the original data. In this case, the important point is the 
substantiation of such a representation. 

B. Transformation of Primary Data to Construct Wavelet 

Coherence Estimates 

The main idea of the corresponding transformation is to 
implement the memory effect that is inherent in time series 
data [19], [20]. Its essence lies in the fact that subsequent data 
values do not occur spontaneously, but change considering 
previous values. As a result, these changes should be taken into 
account when generating some transformation of the original 
time series. 

Such transformation is possible due to a sliding window of 
sampling from the original data series, the formation of the 
length of such a window and the lag of its sliding according to 
the original data. A schematic explanation of this 
transformation is presented in Fig. 1. 
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Fig. 1: Schematic representation of the transformation of the original time 
series using a sliding window 

 

Thus, in this case, a specific set of data in the selected 
window is considered. This makes it possible to enhance the 
memory effect of a time series in the case of unforeseen 
failures (during analyzing data on technical devices) or the 
occurrence of non-standard situations (in the economy, in the 
case of disasters). Then this effect should be modeled both by 
the size of the sliding window and by changing the delay value 
for such a window. This is where additional information 
appears about the relationship between the data being studied. 

To enhance the memory effect of a time series, it is 
proposed to consider transforming its original data using 
moments of higher orders, where skewness and kurtosis are 
highlighted. In the first case, the skewness of the data 
distribution is taken into account, in the second a measure of 
the sharpness of the peak of such a distribution is considered. 
Thus, the shape of the data distribution is included. In general, 
the above mentioned helps to better account for the reciprocity 
between the data series that are being examined. 

It should be noted that formula (1) for estimating wavelet 
coherence does not change, but only the series of original data 
changes to the transformed series. 
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III. RESULTS AND DISCUSSION 

A. Original Time Series Data and their Transformation 

As it was mentioned earlier, the proposed approach to 
comparative analysis of data dynamics can be considered for 
any set of indicators – from technical devices to economic data. 
Furthermore, time series are selected to describe some of the 
dynamics of economic data. In particular, these are some types 
of financial futures. These data series will not be specified, but 
are proveded as an example for comparing such data based on 
wavelet coherence using moments of higher orders (skewness 
and kurtosis). 

Fig. 2 presents two series of data (series 1 and series 2), 
which describe the dynamics of quotes for two types of 
financial futures.  

 Note, that the relatively similar dynamics between such 
data series, where the correlation coefficient is 0.97. But local 
changes in data dynamics should also be emphasized. 

 

Fig. 2: Dynamics of primary data (series 1 and series 2) 

 

It is these local changes that create special differences in 
the comparative aspect of the dynamics of such data series. 
Therefore, it is important to emphasize these differences and 
highlight them against the general background of data changes. 
For these purposes, it is proposed to use moments of higher 
orders, which are formed from primary data based on a sliding 
window. 

Fig. 3 shows transformed data series (for series 1 and series 
2), which reflect the skewness with a sliding window of 8 
samples and a lag of one sample. 

 

 

Fig. 3: Transformed data (skewness) for the original series 1 and series 2 with a 
sliding window of 8 samples and a lag of 1 sample 

 

Herein, significant differences between the data series 
under study are already visible. Such differences are 
manifested both in the dynamics and in the variability of data 
changes. This is an important aspect in carrying out further 
comparative analysis. 

The figure below shows the transformed data displays 
kurtosis with an 8-sample sliding window and a one-sample lag 
for the same pair of original run 1 and run 2 data. 

 

Fig. 4: Transformed data (kurtosis) for the original series 1 and series 2 with a 
sliding window of 8 samples and a lag of 1 sample 

 

This figure also highlights the significant differences in the 
dynamics of the data series examined in our research paper. 
Moreover, such differences are distinctive from those 
presented in Fig. 3. This allows a detailed comparison of the 
dynamics of the two data series to be conducted. 

B. Comparative Dynamics of the Studied Data Based on 

Wavelet Coherence Estimates  

First of all, it is crucial to consider wavelet coherence 
estimates in order to compare the mutual dynamics of the 
initial data between series 1 and series 2, which are presented 
in Fig. 2. 

 

 

Fig. 5: Wavelet coherence between original data series 1 and series 2 

 

It can be seen that series 1 and 2 are the most consistent at 
the beginning and after the first half of the time period under 
study. This consistency is also the most significant during this 
period (consistency scores are highlighted in red). Also 
noteworthy is this consistency in the short and long term(s). 



This helps to better understand the dynamics of the data being 
studied and, in particular, to make effective decisions about 
entering the securities market. 

However, the data in Fig. 3 and Fig. 4 show the presence of 
certain differences in the dynamics of the primary data. 
Therefore, consideration of wavelet coherence estimates occurs 
from the point of view of transforming such data using higher 
order moments. 

Fig. 6 shows the results of wavelet coherence estimates for 
data that are transformed using a sliding window of 8 samples 
with a lag of 1 sample based on the skewness indicator (these 
data were displayed in Fig. 3). Fig. 7 displays similar data, but 
for the kurtosis indicator (these data were displayed in Fig. 4). 

 

Fig. 6: Wavelet coherence for the data shown in Fig. 3 (conversion method – 
skewness) 

 

 

Fig. 7: Wavelet coherence for the data shown in Fig. 4 (conversion method – 
kurtosis) 

 

It can be seen that the dynamics of wavelet coherence 
estimates presented in Fig. 6 and Fig. 7, in general, inherits the 
dynamics of estimates, which is reflected in Fig. 5. Moreover, 
the data in Fig. 6 and fig. 7 clarify the primary estimates, since 
the shape of the distribution of the values of the primary data of 
series 1 and series 2 is taken into account. This allows for more 
accurate forecasts and more informed decisions. 

For comparison, wavelet coherence estimates made for 
skewness and kurtosis measures are also considered, but for a 
sliding window of 12 samples and with a delay of 1 sample. 

The corresponding presentation of estimates is shown in Fig. 8 
and Fig. 9. 

It can be said that the presented estimates are within the 
range of previous data and do not contradict them. In this case, 
the primary estimates are refined and the possibilities for 
varying the memory effect of time series are expanded. 

 

Fig. 8: Wavelet coherence for a sliding window of 12 samples and a lag of 1 
sample for the original data series 1 and series 2 (conversion method – 

skewness) 

 

 

Fig. 9: Wavelet coherence for a sliding window of 12 samples and a lag of 1 
sample for the original data series 1 and series 2 (conversion method – 

kurtosis) 

 

It should be noted that the change in the size of the sliding 
window and its sliding lag is completely determined by the 
analysis task and the size of the initial sample. Although the 
size of such a window also correspondents with the accuracy of 
determining the shape of the distribution of primary data over 
the period under study. The approach discussed above allows a 
more accurate assessment of the mutual dynamics of data in 
general, taking into account the memory effect of time series. 

IV. CONCLUSION 

The paper discusses the issues of conducting a comparative 
analysis of the studied data dynamics. Based on a brief review 
of literary sources, the relevance of this topic is shown, 
regardless of the object of research. In this case, special 
attention is paid to data presented in the form of time series, 
which allows the appropriate analysis both between individual 
series and with even different fragments of the same series. As 
a methodology for conducting comparative data analysis, the 



approach of obtaining wavelet coherence estimates is 
considered. To enhance the memory effect inherent in time 
series it is proposed to transform primary data using moments 
of higher orders through updating a sliding window. Specific 
examples, provided in this research paper, show the 
effectiveness of the proposed approach, the feasibility of its use 
to enhance the memory effect of a time series, and clarify the 
results of primary estimates. 

Among the conditions for using this approach, one should 
indicate a sufficient length of the original data series. This 
length is determined by the ability to use a sliding window to 
obtain the converted data. This should be determined 
individually in each specific case. At the same time, it is also 
necessary to pay attention to the possibility of using other 
methods of converting primary data. Such transformation will 
be determined by the conditions of comparison and the 
feasibility of obtaining additional information in new 
conditions. 
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