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Abstract. The paper focuses on monitoring and modelling of the cryptocurrency market. The application 
of the chosen research methods is based on the analysis of existing methods and tools of economic and 
mathematical modelling of time series research on the example of the cryptocurrency market. It is proved 
that the use of individual methods is not relevant, as they do not give an adequate assessment of the specified 
market, so a comprehensive approach is the most acceptable. Therefore, monitoring and modelling of some 
cryptocurrency pairs with different capitalization degree were implemented by fractal and recurrent methods 
of the financial markets. The daily values of currency pairs for the period from September 2015 to November 
2019 were chosen as information basis for monitoring and modelling. The use of R/S modelling method 
make it possible to conclude the persistence of time series of the selected cryptocurrencies indicating that 
the market trends are clearly defined, the currency pair of XRP/USD has the highest level of trend resistance. 
To compare the obtained results, the comprehensive approach is offered using recurrent diagrams that help 
to determine the cryptocurrency stability. The results of modelling by the recurrent method show that the 
most stable cryptocurrencies are the ones with the highest capitalization, namely Bitcoin and Ripple. 

1 Introduction 

In the context of digitalization and virtualization of the 
financial sphere, the problem of forecasting the 
cryptocurrency market dynamically developing in recent 
years, is of particular importance. The improvement of 
tools for modelling and forecasting of the cryptocurrency 
market and risk management are necessary in the context 
of public distrust of cryptocurrency as an innovative 
financial asset, and the presence of a number of risks 
inherent in the cryptocurrency transactions (asset security, 
hedging complexity, high price volatility, lack of 
guarantees, legal barriers, the limited use as a means of 
payment). 

National and international researches pay great 
attention to this problem. Authors [1] point out that the 
formation and development of the cryptocurrency market 
are associated with Bitcoin release and blockchain 
technology that have some spheres of application; and 
cryptocurrencies are innovative financial asset that 
attracts investors. 

Different approaches and methods are used for 
modelling and forecasting the cryptocurrency market and 
forming the investment portfolio. As this market becomes 
more and more difficult, the potential investors need tools 
allowing them to form a highly profitable investment 
portfolio that may include such an asset as 
cryptocurrency. 

To calculate the cryptocurrency market efficiency, 
paper [2] offers to use Factor Augmented VAR (TVP-
FAVAR)-model considering the impact of a large number 
of variable factors on a dependent variable and allowing 
to study the dynamics of more than 45 cryptocurrencies. 
This approach helps to conclude that the periods of 
high/low uncertainty in the market correspond to 
strong/weak link. The authors explain the trend by the 
increased degree of the market uncertainty associated 
with the process of cryptocurrency price fluctuations. In 
this situation, they propose to form a dual investment 
portfolio, the structure of which can be varied by the 
dynamic hedge ratio and the dynamic weights of the 
portfolio. Using the ARFIMA-FIGARCH model with two 
distributions and the modified logarithmic periodogram 
method, authors [3] studied the stability of eight biggest 
cryptocurrency markets and made a conclusion that they 
were unstable, volatile, had the limited trading horizons 
and time gaps, complicating the process of attracting 
investors. 

Paper [4] proposes to assess the dynamics of the 
cryptocurrency profitability and stability by the 
multivariate stochastic model, which allows to calculate 
the average currency volatility. Its practical application 
shows the significant impact of such factors as the 
volatility of the cryptocurrency market on the one hand, 
and the rapid growth in demand for it on the other. 

In their paper [5], researchers use a Lotka-Volterra 
model with variable intervals to model the number of 
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transactions for Bitcoin, Litecoin and Ripple using two- 
and three-dimensional models that allow them to get high-
precision forecast for Bitcoin and satisfactory level for 
Litecoin and Ripple. 

The investigation of cryptocurrency time series using 
econometric models of stochastic volatility is shown in 
papers [6, 7]. Alternative one-dimensional dynamic linear 
and multivariate vector autoregressive models are 
compared in paper [6]. This approach improves the 
accuracy of the forecast. 

The paper of scientists [8] shows that the use of 
standard GARCH models can make incorrect VAR and 
ES forecasts, and thus, lead to inefficient risk 
management and optimization of the investment portfolio. 
Therefore, the authors propose to use the method of model 
building (model complex) of VAR and ES recheck based 
on a confidence model (MCS) to minimize risks and 
financial losses. 

The traditional method of the cryptocurrency market 
analysis is technical analysis, but in the conditions of high 
market volatility, it is reasonable to combine the methods 
of technical analysis with the methods of economic and 
mathematical modelling. Thus, authors [9] propose a non-
parametric model based on technical analysis as an 
alternative method of assessment and forecasting of the 
cryptocurrency market. This approach calculates the 
forecast values of Bitcoin’s profitability through a neural 
network and indicates the speculative nature of the 
market. 

Traditional methods and modelling do not allow to 
make accurate forecasts and calculations for the 
development of the cryptocurrency market being a 
nonlinear complex economic system and to detect the 
occurrence of crisis phenomena. 

Therefore, it is necessary to use the methods being 
traditionally inherent in other fields of science. 
Econophysics has rather powerful methodological 
apparatus for modelling complex socio-economic systems 
in modern economic science. 

Thus, paper [10] points out that it is necessary to apply 
comprehensive approach for the forecast considering the 
nonlinear dynamics and the inherent chaos and fractality 
of the digital currencies. The authors propose the hybrid 
model for the forecast based on the neural network of 
long-term memory (LSTM) and empirical wavelet 
decomposition (EWT), along with the cuckoo search 
algorithm (CS) for digital currency time series to obtain 
more accurate forecast values. 

Authors [11] use monofractal analysis to investigate 
the price volatility in the cryptocurrency market and 
multifractal fluctuation analysis to test the model for 
stability. 

A strong impulse effect in the Bitcoin and Ethereum 
markets and a reversal effect for Ripple and EOS at high 
fluctuations were found as a result of the model 
implementation. The application of this model will help 
to form effective alternative strategies for the allocation 
of assets in the investment portfolio. 

Ukrainian scientists [12] propose the procedure for 
determining the normalized economic coordinates, 
economic mass and heterogeneous economic time, based 
on the basic concepts of general theory of relativity and 

relativistic quantum mechanics. They are based on the 
analysis of time series describing socio-economic 
phenomena and economic interpretation of uncertainty by 
Heisenberg. The authors confirm that the economic mass 
of the time series can be an indicator of crisis phenomena. 

Therefore, a combination use of different methods of 
economic and mathematical modelling of the 
cryptocurrency market allows to increase the accuracy of 
forecasting, to identify the indicators of crisis phenomena, 
to analyze the degree of volatility and risk of both 
individual cryptocurrencies and their pairs. 

2 Research methodology 

2.1 R/S-analysis 

R/S-analysis was first proposed by B. Mandelbrot [13] 
and is based on H. Hurst hydrological studies. According 
to Hurst, the essence of fractal analysis for time series is 
to process the structure of a series that reflects a certain 
process and demonstrates a quantitative degree of chance. 
In paper [14], this approach was proposed to quantify the 
nature of self-affine structures. 

The method of R/S-analysis allows calculating the 
parameter of self-similarity H, which measures the 
intensity of long-term dependencies in a time series. This 
metric is based on the analysis of the parameter range and 
the standard deviation. 

Here is an algorithm for R/S-analysis. Suppose that the 
time series y = {yi}, i = 1, 2, …, N is given, which must 
be led to “logarithmic returns”. The resulting sequence is 
divided into initial segments у = у1, у2, …, уN. 

(i) The average value and standard deviation of Sn 
are calculated for each segment. 

(ii) The cumulative deviation is calculated: 

௧,ேݔ = ∑ ௜ݕ) ே)௧ܯ−
௜ୀଵ ,   (1) 

where уі – increase in a year i, МN – average, уі for N 
periods. 

(iii) Range is determined: 

ܴ(ܰ) = max൫ݔ௧,ே൯ − min൫ݔ௧,ே൯ ,  (2) 

where R(N) – deviation range хt,N, max(xt,N) – maximum 
value for xt,N, min(xt,N) – minimum value for xt,N. 

(iv) From the ratio 

ܴ/ܵ = (ܽܰ)ு,    (3) 

where R/S – normalized range, N – observation number, 
а – constant, the Hurst exponent Н is derived. 

By the value of the Hurst coefficient, we can identify 
time series and draw conclusions about the minimum 
forecast of these series behaviour: 

(і) Н = 0.5 – the sequence is white noise; the time 
series is random. The future values of this series are 
independent of the previous ones. System status is random 
walk; 

(іі) 0 < Н < 0.5 – anti-persistent or ergodic time series 
(pink noise), i.e. a series characterized by the so-called 
“return to average”: if there is a decline in the indicator in 
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the studied system over a period of time, an increase 
should be expected in the next period. The closer H is to 
0, the more variable the series is. These changes happen 
quickly, often, but they are small. Note that such 
processes are few in reality. System status – flute; 

(ііі) 0.5 < H < 1 – persistent or trend resistant time 
series (black noise, Brownian motion). The time series is 
characterized by the effect of long-term memory. If the 
series is growing, it is likely to continue to grow. If it falls 
today, a decline should be expected tomorrow. The closer 
the value of H is to 1, the more trend resistance is. The 
closer the value of N is to 0.5, the noisier the number will 
be. System status is a trend. 

2.2 Recurrent diagrams 

Recurrent diagrams as a graphical tool are proposed in 
[15]. They are based on the theory of phase reconstruction 
of space. Many processes in nature are known to have 
periodical character, i.e. recurrent behaviour. Moreover, 
the recurrence (repeatability) of states in the meaning of 
passing a further trajectory close enough to the previous 
one is a fundamental property of dissipative dynamic 
systems [16]. A. Poincare discovered this property and 
formulated it in the form of a “recurrence theorem”: if the 
system reduces its dynamics to a limited subset of the 
phase space, it (the system) is almost certain, i.e., with a 
probability, almost equals to 1, as close to any initially set 
mode as possible [17]. 

The content of this theorem is that a complex 
dynamical system can deviate from its state by the 
exponential law due to the smallest perturbation, but after 
a while the system will seek to return to the initial state 
and undergo similar stages of evolution. 

J. P. Eckmann and co-authors [15] propose a method 
of displaying m – the measured phase trajectory of system 
states ⃑(ݐ)ݔ of N length, on a two-dimensional square 
binary matrix of ܰ × ܰ size, in which 1 (black point) 
corresponds to the repetition of the state at some time ݅ at 
some other time ݆ ; and both coordinate axes are time axes. 
This display was called a recurrent diagram because it 
captures information about the recurrent behaviour of the 
system (Table 1). 

Formally, the recurrent diagram can be expressed by 
the matrix: 

NjixxxR m
jii

m
ji

i ,...,1,,),(,
, 


 , (4) 

where ܰ – the number of measured points, ݔపሬሬሬ⃗ ,  ௜ – the sizeߝ
of neighbourhood of point ⃑ݔ at a moment i, 
‖∙‖ – normalization operator and Θ(∙)– the Heaviside 
function. 

Since ܴ௜,௝ = 1  (݅ = 1, … ,ܰ) by definition, the 
recurrent diagram always contains a diagonal line 
consisting of black points – an identity line at an angle of 
 to the coordinate axes. A separate recurrent point 4/ߨ
does not provide useful information about states in time 
݅ and ݆. Only the whole set of recurrent points allows to 
restore the properties of the system. 

Visual assessment of recurrent diagrams can give an 
idea of the nature of the processes occurring in the system 

under study and conclude that the state of change is 
rapidly due to critical phenomena. 

Table 1. Typical samples of recurrent diagrams and their 
interpretation [16]. 

Sample Interpretation 
Homogeneous Stationary process  
Extinction in the 
upper left and 
lower rights 
corners  

Non-stationary data; the process contains 
trend or drift 

Destruction (white 
stripes)  

Non-stationary data; some conditions are 
exceptional or far from normal; 
transitions may have occurred 

Periodic / 
quasiperiodic 
samples 

Cyclicity in the process; the time distance 
between periodic samples (e.g. lines) 
corresponds to the period; the difference 
in distances between long diagonal lines 
shows the quasi-periodicity of the process 

Diagonal lines 
(orthogonal to the 
main diagonal) 

The evolution of a state is similar to time 
difference 

Vertical / 
horizontal lines 
(clusters) 

Some states do not change or change over 
time; sign of laminar states 

Long inclined 
structural lines 

The evolution of states is similar in 
different periods, but at different speeds; 
the dynamics of systems could change 

3 Research findings 

Six cryptocurrencies were selected for the study; they 
differ in cryptographic (software) code. They are Bitcoin 
(BTC, forks), Namecoin (NMC, forks), Ethereum (ETN, 
crypto 2.0 – the second-generation cryptocurrencies), 
BitShares (BTS, crypto 2.0 – the second-generation 
cryptocurrencies), Ripple (XRP, code from scratch), 
Nextcoin (NXT, code from scratch). Bitcoin, Ethereum, 
Ripple cryptocurrencies are at the top of their 
capitalization ratings. Other cryptocurrencies used in the 
paper are less capitalized, but they are within 450 
positions in the ranking. The study covers the time span 
from September 2015 to November 2019. The 
calculations were made in the MatLab environment based 
data [18]. 

Here are the estimated values of the Hurst indicator for 
cryptocurrency pairs (Table 2). 

Table 2. Results of the Hurst coefficient calculations. 

Currency pair Hurst coefficient value (H) 
XRP/USD 0.744 
ETH/USD 0.708 
NXT/USD 0.692 
BTS/USD 0.678 
BTC/USD 0.637 
NMC/USD 0.571 

 
According to the obtained values of the Hurst 

coefficient (Table 2), we can conclude that the time series 
of these cryptocurrencies are persistent, i.e. the markets 
show clear trends, since the values of the Hurst coefficient 
are in the range of 0.5 to 1. The XRP/USD currency pair 
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has the highest H = 0.74 meaning that it has the highest 
trend resistance among other currency pairs. In our view, 
the legal recognition of this cryptocurrency at the state 
level is an influential factor. It is one of the most popular 
cryptocurrencies today. It was created to accelerate 
transactions and currency conversion; it is also one of the 
cryptocurrencies used to support the technology of the 
future “Internet of Things”. 

Table 2 shows that the minimum value H=0.571 has 
the NMC/USD currency pair indicating its least trend 
resistance. This cryptocurrency has one of the lowest 
levels of capitalization among the cryptocurrencies under 
consideration. 

Fig. 1 shows the results of calculations in the form of 
recurrent maps. The analysis of recurrent diagram reveals 
common features in distributions of both topology and 
structure of diagrams. The dark areas of the diagram 
indicate that the series is relatively stable. It should be 
noted that the irregular appearance of black and white 
zones indicates the irregularity of the processes occurring 
in the system (Fig. 1 e).  

a)  

b)  

c)  

d)  

e)  
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f)  

Fig. 1. Recurrent time series diagrams of Bitcoin (a), Ripple (b), 
Ethereum (c), Namecoin (d), Nextcoin (e), BitShares (f). 

At the same time, we can state that the points are 
mostly located along the diagonal line for the series 
having higher values of the Hurst coefficient. The 
recurrent points fill a larger region of phase space for 
series with a small Hurst value. 

Fig. 1 shows that in the neighbourhood of point 900 
(2018 crisis), recurrent diagrams for cryptocurrency time 
series are starting to change. For the studied currency 
pairs, we observe the appearance of white areas and 
stripes during a crisis in the neighbourhood of point 900. 
It can also be noted that the recurrent diagrams for more 
capitalized currencies is similar in nature, especially for 
the recurrent diagrams of Bitcoin cryptocurrencies 
(Fig. 1 a), Ripple (Fig. 1 b), and Ethereum (Fig. 1 c). 

The recurrent diagrams are somewhat different for the 
time series of Nextcoin cryptocurrencies (Fig. 1 e), and 
BitShares (Fig. 1 f). The recurrent diagrams of these 
cryptocurrencies are characterized by frequent changes of 
white and dark areas. Concerning the time series of 
Namecoin cryptocurrency (Fig. 1d), its recurrent diagram 
is similar to the recurrent diagrams of the most capitalized 
cryptocurrencies. However, there are white spots and 
lines in the beginning of 2019 (1200 point). It shows a 
certain crisis situation of these cryptocurrencies during 
that period. 
 

4 Conclusions 
We can conclude based on the results of the 
cryptocurrency market research that cryptocurrencies 
have long-term potential and prospects in today’s 
globalized economy being subject to crisis. 

The R/S-analysis shows that trend-resistant 
cryptocurrencies are the most capitalized in times of 
crisis. Ripple, the cryptocurrency being the official 
payment instrument in Japan since 2017, is marked by its 
stability. 

A comprehensive approach to monitoring and 
modelling the cryptocurrency market using recurrent 
diagrams provides information on the temporal 
correlation of phase space points and determines the status 
and trends of the cryptocurrency markets with sufficient 
accuracy regardless of their classification. The analysis of 
the cryptocurrency market in the paper leads to the 
conclusion that the state of currencies on it is quite stable 
at the current date. 

The proposed methodology for monitoring and 
modelling the cryptocurrency market is of practical 
importance as it will allow potential investors to form a 
profitable portfolio with a high level of reliability and 
stability over time. 
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