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Table 3 Comparison of Eigenvalues of
Different Correlation Coefficient Matrices
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Table 4 Statistical Characteristics of Cryptocurrencies Network Topological Index under Different Thresholds
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6
w J r w J r
0.100 36 1 31.620 0.928 0.050
0.200 35.890 0.997 ~0.064 29.510 0.904 0.191
0.300 35.400 0.988 -0.072 28.050 0.879 -0.110
0.400 34.050 0.973 25.350 0.876 -0.081
0.500 32.050 0.945 -0.079 21.570 0.786 -0.222
0.600 27.450 0.865 -0.114 14.210 0.655 -0.310
0.700 18.700 0.748 -0.230 6.270 0.459 - 0.436
0.800 3.560 0.370 -0.409 0.811 0.141 —0.447
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Figure 4 Probability Density of DCCA Nonlinear Correlation Coefficient
and Linear Correlation Coefficient before and after Denoising
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Table 5 Statistical Characteristics of Cryptocurrencies Network
Topological Index under Different Thresholds after Denoising

JELAMEDCCARA I R B LA R BOERE
0
w J r w J r
0.100 36 1 31.840 0.938 —-0.077
0.200 36 1 29.620 0.906 —0.077
0.300 35.620 0.991 —0.073 28.110 0.880 —0.107
0.400 33.620 0.962 -0.102 25.500 0.857 -0.162
0.500 32.490 0.942 —0.135 22.380 0.783 —0.232
0.600 28.050 0.884 —0.138 15.620 0.679 —0.315
0.700 19.510 0.764 —0.280 5.780 0.464 —0.543
0.800 2.760 0.296 —0.473 0.541 0.110 -0.742
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Table 6 Ranking of Influence Strength of Cryptocurrencies in

Network under DCCA Nonlinear Correlation Coefficient Matrix

HE# fai S HE# fai i S HE# (N S
1 ETH 0.760 14 TRX 0.712 27 LINK 0.656
2 ADA 0.754 15 LSK 0.709 28 WAVES 0.652
3 XMR 0.738 16 ETC 0.707 29 REP 0.645
4 NEO 0.737 17 XLM 0.704 30 HT 0.644
5 QTUM 0.736 18 NEM 0.704 31 SNX 0.622
6 DASH 0.734 19 BAT 0.700 32 RVN 0.592
7 ZEC 0.731 20 ZRX 0.695 33 DOGE 0.591
8 EOS 0.729 21 DCR 0.693 34 USDT 0.546
9 LTC 0.729 22 MKR 0.692 35 XTZ 0.501
10 IOTA 0.726 23 BCH 0.692 36 TUSD 0.484
11 ICON 0.724 24 ONT 0.689 37 VET 0.324
12 BTC 0.719 25 BNB 0.687

13 BTG 0.716 26 XRP 0.679

RTEEMXRRBEETESNBEMENEPZNEEHAS
Table 7 Ranking of Influence Strength of Cryptocurrencies in
Network under Linear Correlation Coefficient Matrix

HE# IR RN HE IR M5 HE# (R SN SR BE
1 ETH 0.642 14 BCH 0.572 27 REP 0.475
2 ADA 0.619 15 NEM 0.570 28 WAVES 0.455
3 LTC 0.612 16 ETC 0.557 29 DOGE 0.426
4 NEO 0.611 17 BTG 0.556 30 HT 0.423
5 XMR 0.600 18 TRX 0.548 31 LINK 0.416
6 DASH 0.597 19 LSK 0.539 32 SNX 0.330
7 QTUM 0.597 20 ICON 0.534 33 RVN 0.313
8 BTC 0.597 21 ZRX 0.516 34 VET 0.122
9 ZEC 0.585 22 MKR 0.514 35 USDT 0

10 IOTA 0.578 23 BNB 0.506 36 XTZ 0

11 XRP 0.578 24 ONT 0.500 37 TUSD 0

12 XLM 0.574 25 DCR 0.499

13 EOS 0.572 26 BAT 0.492
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Research on Topological Properties of Cryptocurrencies
Network Based on Random Matrix Theory

CAO Guangxi, XIE Wenhao
School of Management Science and Engineering, Nanjing University of Information Science & Technology, Nanjing 210044,
China

Abstract: The relationship between financial assets is often expressed as a complex dynamic system, and there is a significant
linkage between different assets. In-depth research on the interdependence structure and risk transmission of financial assets
can not only prevent the impact of risks and avoid losses but also has great significance to promote the healthy development of
financial markets.

This study selects 37 major cryptocurrencies from March 20, 2018, to December 31, 2019, as the research object, and uses
the nonlinear DCCA correlation coefficient and the traditional linear correlation coefficient to construct the correlation coeffi-
cient matrix between cryptocurrencies. Meanwhile, the random matrix theory is used to denoise and filter the two kinds of cor-
relation coefficient matrices. Constructing a cryptocurrencies network under different thresholds, and studying the interdepend-
ent structure of cryptocurrencies, the nature of the network topology, and the intensity of risk contagion of each cryptocurrency.

The results show that the nonlinear interdependence between cryptocurrencies were stronger. Cryptocurrencies network
exhibits a small-world effect, and the connection strength of cryptocurrencies network is different under different thresholds.
When the threshold is small, the cryptocurrencies network is dense and stable. When the threshold is large, the cryptocurren-
cies network is sparse, and the average degree and clustering coefficient of the cryptocurrencies network is also small. The
cryptocurrencies network under the two correlation coefficient matrices mainly shows heterogeneity. Further research shows
that there are a lot of random noises in the cryptocurrencies market. After de-noising according to the random matrix theory
(RMT), the correlation between cryptocurrencies assets is closer, at the same threshold, the average degree and average cluster-
ing coefficient of the cryptocurrencies network are increased, and the heterogeneity is more obvious. Finally, through the em-
pirical analysis of cryptocurrencies network risk contagion, it is found that the risk of Ethereum and Cardano is most easily
transmitted to other cryptocurrencies in the network. Cryptocurrencies network presents different local time-varying character-
istics, and the local time-varying characteristics of the network are more stable when the threshold is smaller.

Given this, firstly, the interdependence between cryptocurrencies is best measured from a non-linear perspective, and the
dynamic nature of the interdependence relationship should be considered. Secondly, investors engaged in cryptocurrencies
should always pay attention to the risk transmission between cryptocurrencies assets, especially the impact of Ethereum and
Cardano on other assets. Finally, it is suggested that relevant financial risk regulators should strengthen the supervision of
cryptocurrencies to ensure the healthy development of financial markets.

Keywords: cryptocurrencies network; topological properties; random matrix theory; correlation coefficient; denoising
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