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Abstract

This paper attempts to analyze the return connectedness between non-fungible tokens (NFTs) market and other financial assets (equity, bond, currency, gold, oil, Ethereum) during the period of January 2018-June 2021. By using the TVP-VAR approach, we show that the overall connectedness between the financial assets increases during the COVID-19 period. Our static analysis shows that the majority of NFTs returns behavior are due to their own shocks and only a small portion of this variation is determined by the innovation from other assets. The results suggest that NFTs are mainly independent of shocks from well-familiar assets classes and even from its close member, the Ethereum. The Dynamic analysis across time reveals that during normal times, NFTs act to some degree as transmitters of systemic risk, but on the contrary, they shift role and act as absorbers of risk spillovers during stressful times. This suggests that NFTs may have diversification benefits during turbulent times, as apparent during the COVID-19 crisis, and especially around the great March 2020 plunge. 
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Highlights: 
· We present a first analysis for NFTs and other financial assets return connectedness
· Overall connectedness increases during the COVID-19 and the 2018 market crash
· NFTs are mainly independent of shocks from other assets classes 
· Apart from NFTs, Ethereum transmits systemic risk during COVID-19 outbreak
· NFTs absorbs risk during the outbreak of COVID-19 similarly to Gold and US Dollar








1. Introduction 

Over the last decade, cryptocurrencies have attracted the attention of public, media, investors, and policymakers. Likewise, we observe fast-growing literature analyzing the financial properties of cryptocurrencies. A stream of those studies explores the spillover and connectedness within the cryptocurrency market and between cryptocurrency and other financial assets (Baumöhl, 2019; Zeng et al. 2020; Aharon, Umar, and Vo, 2021). The outbreak of COVID-19 substantially influences the spillovers and connectedness among financial assets (Wang et al. 2021; Bissoondoyal-Bheenick et al. 2021). Understanding the connectedness is important as it lies at the core of risk measurement and management (Diebold and Yilmaz, 2014), providing important evidence to financial market participants. 
In this paper, we explore the returns connectedness between the Non-Fungible Token (NFT) market and other financial assets and the role of the COVID-19 outbreak in this interaction. We are now experiencing the emergence and growth of a new phenomenon, namely, the Non-Fungible Tokens (NFT). An NFT is a crypto asset that represents an intangible digital item such as an image, characters, art, video, game item, or even tweet. It differs from cryptocurrencies as NFTs are pure assets and the non-fungibility feature makes them unique (Dowling, 2021a). Most NFTs are powered by smart contracts on the Ethereum blockchain. The ownership records cannot be modified as they are secured by the Ethereum blockchain. As expected, there is scarce literature on NFTs. Ante (2021) shows that Bitcoin and Ethereum prices affect the NFT market while there is no effect of the NFT market on cryptocurrencies. Dowling (2021a) reports a limited volatility transmission between cryptocurrencies and NFTs. However, a further analysis documents a co-movement between the Ethereum and NFT markets. Dowling (2021b) finds that the NFT market is inefficient due to the early growth stage. Yet, we do not know how NFTs stand among other financial assets. How NFTs are correlated with other asset classes? Are there any spillovers from and/or to NFTs? We contribute to these immature NFT studies by analyzing the total connectedness and especially the return connectedness between NFTs and other financial assets (equity, gold, crypto, currency, oil, and bond) using the TVP-VAR model. To the best of our knowledge, this is a pioneer study exploring the spillover between NFTs with other financial assets. 
The main findings are as follows. Our static analysis implies that the majority of NFTs returns are due to their own shocks while only a very small portion of NFTs variation is determined by the innovation from other financial assets, in both pre-pandemic and pandemic periods. NFTs are mainly independent of shocks from other asset classes providing important implications for investors in portfolio construction. The dynamic analysis verifies the potential diversification benefits to which NFTs may offer. We reveal that while in early 2018 NFTs are receivers of risk spillovers at the market plunge occurred around February 2018,  during the COVID-19 crisis and especially around the great plunge in financial markets during March 2020, NFTs act as clear receivers of risk, similarly to other safe-haven assets such as Gold and the US Dollar.
The paper structure is as follows. Section 2 details the data, Section 3 explains the methodology, Section 4 reports the empirical results, while the last section summarizes and concludes. 

2. Data 
We include daily data of various assets (gold, equity, currency, bond, cryptocurrency) having different levels of risk and return. Following Bouri et al. (2021), the sample includes MSCI World Index, Gold, PIMCO Investment Grade Corporate Bond Index Exchange-Traded Fund, US Dollar Index, Ethereum, Crude Oil, and Non-fungible Token (NFT). All the data is obtained from investing.com except NFT. Our NFT data is secondary market trades collected from https://nonfungible.com/. Following Dowling (2021a, 2021b), we calculate the mean value of prices of sales on a daily basis. Dowling (2021a, 2021b) focus on sub-markets in the NFT market by using weekly and daily data. We rely on the daily data as our data includes all trades in the NFT market. This gives us a higher number of observations for analysis, and using the whole market data can mitigate the extreme volatility in the sub-markets. 
Our data period is from January 01, 2018, to June 30, 2021. Starting period of the data is determined by the data availability in the NFT market. The data period includes the recent pandemic, which can substantially influence the connectedness among financial assets. In this regard, we divide the sample as pre- COVID-19 period and COVID-19 period. The cutoff date is determined as January 13, 2020, following Bouri et al. (2021).[footnoteRef:1]  [1:  We also used March 13, 2020 as our cut point. The main results are essentially similar. The results are available upon request.] 


3. Methodology 
This section presents the dynamic connectedness procedure based on TVP-VAR methods proposed by Antonakakis and Gabauer (2017) and originally provided by Diebold and Yilmaz (2009, 2012, 2014). Diebold and Yılmaz (2009, 2012, 2014) (DY) introduced a rolling-window VAR-based approach to provide various connectedness measures obtained from variance decompositions. Then, Antonakakis and Gabauer (2017)[footnoteRef:2] used a time-varying parameter vector autoregressive model (TVP-VAR) based on a time-varying covariance structure as proposed by Primiceri (2005). The TVP-VAR(p) model can be represented as:  [2:  The reader is referred to Antonakakis and Gabauer (2017) for the advantages of using TVP-VAR and how it mitigates several shortcomings of the common VAR approach.] 

,  	                                                              (1)
                                                                      (2)
The presented model in equation (1), and based on the Wold representation theorem, can be transformed to its moving average (VMA) representation as follows: 
,                                                                      (3)
where  is an  dimensional matrix.
To obtain the dynamic connectedness measures between the different variables, we use the time-varying parameters and variance-covariance matrices of the TVP-VAR model in Diebold and Yilmaz’s measure of connectedness. As a result, the elements of the dynamic H-step generalized variance decomposition matrix  =   can be defined as: 

where  is the jth diagonal element of  . The normalized terms    are used to determine the dynamic total directional connectedness, net total directional connectedness, and total connectedness as follows.
The interconnectedness among the different variables is measured by the total connectedness index (TCI), and is calculated as: 
.                                                                       (4)
The directional spillover received by variable i from all other variables j, is measured as:
                                                                       (5)
Similarly, the spillovers received by variable j from all other variables i, is calculated as:
                                                                       (6)
To measure the net pairwise directional connectedness, we subtract the total directional connectedness to others from total directional connectedness from others. This can be considered as the influencing variable i has on the analyzed network. That is,  
                                                                       (7)
At last, the net pairwise directional connectedness is defined as: 
. If the value is bigger than zero, this implies that variable i dominates variable j; otherwise, the latter dominates the former. 

4. Empirical Findings 

Table 1 reports the descriptive statistics for the variables of interest. Given that COVID-19 is arguably an exogenous event to financial markets and has probably affected the dynamics between the variables under examination, we distinguish between three different, yet related periods. Namely, the entire sample period (January 01, 2018- June 30, 2021 - Panel A), the pre-COVID-19 (January 01, 2018- January 12, 2020 - Panel B) period, the COVID-19 encompassing the outbreak of the crisis and onwards (January 13, 2020 - June 30, 2021 - Panel C). 
 
< Table 1 >

As can be seen from Table 1 and regardless of the period examined, the NFTs, as well as the Ethereum belonging to the same blockchain technology family are associated with the highest volatility as measured by the standard deviation. Oil, at the same time, being heavily affected by the sudden drop in economic activity during COVID-19, is also associated with a heightened degree of volatility during the health crisis. NFTs, Ethereum, and Oil are no exception since an increase in the volatility during COVID-19 is pronounced also for Gold, Equity, Bonds, and the US dollar. Interestingly, while the mean return of both NFTs and Ethereum is negative before the COVID-19 crisis, they shift from losers to winners during the crisis, having not only positive mean returns but also the highest ones. The Jarque-Berra test (JB) indicates a rejection of the null hypothesis and hints that the examined series do not conform to a normal distribution, as most of the variables have the features of both excess kurtosis and skewness. In addition, we use the log first differences of each series to test for stationarity. In unreported results of ADF and Phillip-Perron tests, we reject the null hypothesis, confirming that the data is stationary at the 1% level.[footnoteRef:3]  [3:  The findings are available upon request. ] 


We note that though Figure 1 shows generally a mean-reverting behavior, the outbreak of the COVID-19 and the great plunge in financial markets during March 2020 is associated with relatively clear large spikes beginning around this period. However, apart from Ethereum and other traditional assets such as the US Dollar, Gold, Oil, and Bonds, it seems that such a pattern has overlooked the NFTs returns behavior. This might imply that NFTs behavior is perhaps isolated or different from the behavior of other assets or during the COVID-19 as an exogenous event. It may also be the first indication of NFTs bearing diversification benefits, in terms of portfolios construction.

< Figure 1 >

Examining the pairwise correlation matrices in Table 2 supports this line of thinking. The results reported at the top of Table 2 show that NFTs are generally having weak correlations with the traditional asset classes such as Gold (+0.0268), Equity (+0.0322), Oil (+0.0585), Bonds (+0.0427), and the US dollar (-0.0004). The only exception is its correlation with Ethereum which is slightly stronger (+0.1098), especially during the COVID-19 period (+0.1974), and naturally may be expected since the price of NFTs is denominated in Ethereum units. However, the reported correlation levels mainly point to a weak relationship of NFTs with other assets, regardless of the examined period.

< Table 2 >

To have a clearer investigation on the role that NFTs might fulfill in the context of systemic risk spillovers, we turn now to test the interactions of NFTs with other system variables using the novel TVP-VAR approach under which a static and dynamic analysis can be applied. The findings of the static analysis are summarized in Table 3, while the dynamic fashion findings are reported in Table 4. As done previously, we separate our investigation to the entire period, the pre-Crisis period and the COVID-19 period and onwards.

< Tables 3-4 >

We begin with the static analysis in Table 3. The diagonal values refer to the own variation of each variable, while other non-diagonal values in a certain row are the percentage (%) of variation received FROM other variables in the system. The values in the rightmost FROM column reflect the total shocks spillovers from the system on the row’s variable. Similarly, other non-diagonal values in each column refer to the transmission of a certain column variable TO each system variable. The last row TO is the aggregate impact of a certain column variable TO the entire system. Finally, the NET row determines the role of each variable. Positive (Negative) value hints that the variable is a Transmitter (Receiver). 

We observe several interesting trends. First, similarly to former studies such as the recent works (e.g., Adekoya & Oliyide 2021, Bouri et al. 2021, Wang, Li, and Huang (2021), Umar, Aziz & Tawil, 2021) the overall connectedness between the various system variables has increased during the COVID-19 period. As can be seen from Table 3, the degree of the system connectedness is obtained by dividing the total contribution FROM (which is also equal to the total contribution TO the system) by the number of system elements, yields the TCI (total connectedness index). TCI, as a measure of the systemic risk transmission increases from 20.14 to 32.41, that is, an increase of nearly 60% in the interdependence and connectivity of the assets under investigation. This suggests that during the COVID-19 period, nearly one-third of the variation in the system variables emanated from the mutual shocks in the examined system variables. Figure 2 uses a dynamic track of the total connectedness measure also verifies this trend. The vertical axis presents the total connectedness index in percentages and reflects the portion of the variation which can be attributed in average to the interactions between the system variables. According to Figure 2, during the first quarter of 2018 (Mainly during February)[footnoteRef:4], during which the equity market has experienced some of its largest daily point losses, and also during the second quarter of 2020 at which the COVID-19 erupted and will be remembered as one of the worst periods to financial markets, there is an increase in the connectedness measure, which is much more conspicuous, compared with the static analysis. However, these findings reflect only the general illustration of the connectivity, while it is interesting to map the single role of each asset examined, focusing mainly on our desired new asset class, the NFTs, around such events.  [4:  https://money.cnn.com/2018/02/05/investing/stock-market-today-dow-jones/index.html] 


< Figure 2 >

According to Table 3, the mapping of the variation of NFTs reveals that the majority of NFTs returns dynamics are due to their own shocks, and only a small portion of NFTs variation is determined by the innovation from other system variables. The own NFTs portion of variation reported in the diagonal equals to 93.82%, 96.59%, and 87.58%, in the full, pre, and the COVID-19 episodes, respectively. Even at the outbreak of the COVID-19 crisis and onwards, there is only a small portion of systemic risk spillover which is determined exogenously to NFTs by the interactions with other assets in the examined system, rather than internally by NFTs’ own variation. This analysis again suggests that NFTs are mainly independent of shocks from other assets classes investigated, including even Ethereum. Dowling (2021a) also documents a similar finding for the case of Ethereum. Looking at the NET row in the COVID-19 period which represents stress time, reveals that its role shifts to a receiver of shocks (-0.82), even though in the pre-COVID-19 period, its net role is a transmitter (+5.11) of shocks. This hints that NFTs might provide diversification benefits, especially during crisis times. Interestingly, the close member, Ethereum, has the opposite dynamic in the system compared with NFTs. While in the pre-COVID-19 Ethereum acts as a NET receiver of risk spillovers (-0.98), during COVID-19 it shifts and acts as a transmitter of shocks (+5.12). 

To further verify this result, and to track more closely NFTs role, we use the TVP-VAR dynamical analysis, which allows us to observe NFTs connectedness across time. We split our examinations in terms of how much of the variation FROM the system is absorbed by each variable (Appendix A) and TO the system (Appendix B). For brevity, we focus here on the result of the net effect of TO minus FROM, which is illustrated by the NET effect (Figure 3). 
The analysis of the Dynamic figure reveals two main points at which the connectedness has a substantial movement: during the first quarter of 2018, and around the COVID-19 period. When examining the 2018 point, we reveal that market crashes occurred several times and especially during February 2018. At this point in time, market participants were mainly concerned about future inflation and consequently interest rates raise. As can be seen from the NET NFTs figure, we observe that precisely during the first quarter of 2018, NFTs are receivers of risk spillovers. Ethereum, seems to act also a receiver but in additional periods of 2018 which was in total, a bad year for investors. In addition, it seems that the fear of future inflation is fueled from fixed income market (Bonds) shocks and is also triggered from the rising oil prices at that time.[footnoteRef:5] To summarize, the dynamic analysis can provide arguably a first empirical evidence as for the diversification potential of NFTs. [5:  For more information please see: 
https://www.cnbc.com/2018/02/05/why-the-stock-market-plunged-today.html, https://www.nytimes.com/2018/02/02/business/stock-market-interest-rates.html, https://money.cnn.com/2018/02/28/investing/stock-market-february-dow-jones/index.html. ] 


Turning to analyze the second point of COVID-19, we clearly see that NFTs acts as a receiver of shocks. During this period, NFTs resemble in the absorbent feature to other common and well-recognized safe-haven assets, such as the Gold and the US Dollar. It seems that NFTs, Gold, and the US Dollar share the same shape of effect on the rest of the system variables. That is, relatively low connectivity during normal times, but during the turbulent COVID-19 period, they act as NET absorbers of systemic risk. Note however, that unlike the 2018 period, during COVID-19 it seems that Ethereum interacts oppositely with NFTs and is mainly a transmitter of risk spillovers. This underscores the significance of a performing dynamic analysis, which can reveal shifts in the role of variables as transmitters or receivers.

< Figure 3 >

5. Conclusion

In this study, we present a first attempt of examining the interconnectedness between NFTs, Ethereum, and common financial assets, namely, Gold, Bonds, Equity, Oil, and the US Dollar. Using the novel TVP-VAR methodology proposed by Antonakakis and Gabauer (2017), we conduct both static and dynamic analyses. Both estimations hint on diversification or hedging benefits which can be attributed to NFTs. The static analysis results show that NFTs have only weak interactions with the investigated financial assets, while the dynamic analysis show that NFTs bear some similarity to Gold, and the US Dollar in terms of risk absorbent during the COVID-19. NFTs has also absorbed risk spillovers during the crashes in February 2018, at which market fear of inflation and interest rates raise were the highest. Surprisingly, while NFTs price is quoted in Ethereum crypto currency units, they share an opposite overall connectedness dynamic, particularly under COVID-19 as an illustration for stressful period. 
In this respect, future research might be extended for their connectedness with respect to changes in different aspects of uncertainty captured by measures such as the VIX (Volatility Index), EPU (Economic Policy Uncertainty), CCI (Consumer confidence Index) and CSI (Consumer Sentiment Index). Others, can take the attempts of the examination for the volatility connectedness of NFTs with other cryptocurrencies.
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Table 1: Descriptive Statistics
	
	Panel A. Full period
January 01, 2018- June 30, 2021

	
	Gold
	Equity
	ETH
	Oil
	NFT
	Bonds
	US Dollar

	Mean
	0.0003
	0.0004
	0.0012
	0.0008
	0.0039
	0.0009
	-0.0000

	Max
	0.0363
	0.0847
	0.3574
	0.3196
	2.204
	0.0681
	0.0158

	Min
	-0.0589
	-0.1044
	-0.5896
	-0.2822
	-3.4703
	-0.0508
	-0.0169

	S.D. 
	0.0088
	0.0111
	0.0647
	0.0352
	0.5649
	0.0051
	0.0036

	Skewness
	-0.6836
	-1.5256
	-0.9055
	0.2372
	-0.0526
	0.0109
	0.2190

	Kurtosis
	7.8379
	24.2970
	13.2164
	30.1685
	5.2468
	66.0918
	4.6410

	J.B. 
	956
(0.000)
	17512
(0.000)
	4072
(0.000)
	27934
(0.000)
	191
(0.000)
	150598
(0.000)
	109
(0.000)

	
	Panel B. Pre-COVID-19 Period 
January 01, 2018- January 12, 2020

	
	Gold
	Equity
	ETH
	Oil
	NFT
	Bonds
	US Dollar

	Mean
	0.0003
	0.0002
	-0.0030
	0.0000
	-0.0007
	0.0000
	0.0001

	Max
	0.0244
	0.0271
	0.252
	0.1369
	2.2048
	0.0060
	0.0112

	Min
	-0.0216
	-0.0317
	-0.2781
	-0.0823
	-3.4703
	-0.0071
	-0.0104

	S.D. 
	0.0066
	0.0071
	0.0587
	0.0225
	0.5684
	0.0022
	0.0032

	Skewness
	0.1272
	-0.6874
	-0.2440
	0.0225
	-0.2600
	-0.3220
	0.0115

	Kurtosis
	4.0868
	5.2849
	5.6671
	8.5455
	6.3417
	3.5067
	3.2053

	J.B. 
	27
(0.000)
	156
(0.000)
	161
(0.000)
	676
(0.000)
	252
(0.000)
	14
(0.000)
	0.939
(0.625)

	
	Panel C. COVID-19 Period
 January 13, 2020 - June 30, 2021

	
	Gold
	Equity
	ETH
	Oil
	NFT
	Bonds 
	US Dollar

	Mean
	0.0003
	0.0007
	0.0072
	0.0022
	0.0104
	0.0001
	-0.0001

	Max
	0.0363
	0.0840
	0.3574
	0.3196
	1.8816
	0.0681
	0.0158

	Min
	-0.0589
	-0.1044
	-0.5896
	-0.2822
	-1.8534
	-0.0508
	-0.0169

	S.D. 
	0.0111
	0.0155
	0.0718
	0.0490
	0.5608
	0.0075
	0.0041

	Skewness
	-0.8485
	-1.4095
	-1.4815
	0.1415
	0.2485
	0.0156
	0.4000

	Kurtosis
	6.6032
	16.9090
	17.6944
	18.9447
	3.6144
	35.0000
	5.1813

	J.B. 
	252
(0.000)
	3166
(0.000)
	3557
(0.000)
	4026
(0.000)
	9.890
(0.007)
	16129
(0.000)
	85.46
(0.000)


Notes: The table presents the descriptive statistics of the variables of interest. The reported values are the Mean, Max (maximum), Min (minimum), S.D. (standard deviation), Skewness, and Kurtosis moments of each variable distribution, the Jarque-Berra (1980) test and its significance (in Parenthesis) for the normality of each series, and the total number of observations. Panel A, B and C report the statistics for the full period (January 01, 2018- June 30, 2021), the Pre-COVID-19 period (January 01, 2018- January 12, 2020) and the COVID-19 period (January 13, 2020 - June 30, 2021), respectively. The total number of observations are 909, 527 and 382, for these periods, respectively. 
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Table 2: Correlation Matrix
Notes: The table above reports the pairwise correlations of the system variables. Panel A, B and C report the correlation matrix for the full period (January 01, 2018- June 30, 2021), the Pre-COVID-19 period (January 01, 2018- January 12, 2020) and the COVID-19 period (January 13, 2020 - June 30, 2021), respectively. 

	
	Panel A. Full period

	
	Gold
	Equity
	ETH
	Oil
	NFT
	Bonds
	US Dollar

	Gold
	1.000
	
	
	
	
	
	

	Equity
	0.1053
	1.000
	
	
	
	
	

	ETH
	0.1303
	0.2672
	1.000
	
	
	
	

	Oil
	0.0325
	0.3035
	0.0941
	1.000
	
	
	

	NFT
	0.0268
	0.0322
	0.1098
	0.0585
	1.000
	
	

	Bonds
	0.2913
	0.2476
	0.1262
	0.0648
	0.0427
	1.000
	

	US Dollar
	-0.4625
	-0.1244
	-0.0507
	0.0123
	-0.0004
	-0.2418
	1.000

	
	Panel B. Pre-COVID-19 Period

	
	Gold
	Equity
	ETH
	Oil
	NFT
	Bonds
	US Dollar

	Gold
	1.000
	
	
	
	
	
	

	Equity
	-0.1025
	1.000
	
	
	
	
	

	ETH
	0.0528
	0.0554
	1.000
	
	
	
	

	Oil
	-0.0358
	0.3270
	0.0283
	1.000
	
	
	

	NFT
	0.0375
	-0.0524
	0.0337
	-0.0040
	1.000
	
	

	Bonds
	0.3691
	0.0186
	-0.0074
	-0.0131
	-0.0106
	1.000
	

	US Dollar
	-0.5552
	-0.1102
	-0.0290
	-0.0478
	-0.0118
	-0.1284
	1.000

	
	Panel C. COVID-19 Period

	
	Gold
	Equity
	ETH
	Oil
	NFT
	Bonds
	US Dollar

	Gold
	1.000
	
	
	
	
	
	

	Equity
	0.1858
	1.000
	
	
	
	
	

	ETH
	0.1859
	0.3921
	1.000
	
	
	
	

	Oil
	0.0562
	0.2972
	0.1286
	1.000
	
	
	

	NFT
	0.0196
	0.0910
	0.1974
	0.1032
	1.000
	
	

	Bonds
	0.2861
	0.2953
	0.1886
	0.0785
	0.0751
	1.000
	

	US Dollar
	-0.4093
	-0.1373
	-0.0651
	0.0425
	0.0132
	-0.3100
	1.000



Table 3:  Static Connectedness Tables
	
	Panel A. Full Period

	
	Gold
	Equity
	ETH
	Oil
	NFT
	Bonds 
	US Dollar
	FROM

	Gold
	63.92
	3.84
	2.90
	3.52
	0.76
	8.70
	16.35
	36.08

	Equity
	3.64
	71.01
	6.68
	8.53
	1.71
	5.49
	2.93
	28.99

	ETH
	2.95
	6.98
	82.13
	2.54
	2.71
	1.73
	0.96
	17.87

	Oil
	1.51
	9.74
	2.19
	83.02
	1.39
	1.10
	1.05
	16.98

	NFT
	0.58
	1.14
	2.21
	1.51
	93.82
	0.41
	0.34
	6.18

	Bonds
	8.51
	3.65
	1.67
	2.31
	0.66
	79.37
	3.84
	20.63

	US Dollar
	17.37
	4.71
	2.20
	3.52
	0.75
	8.00
	63.44
	36.56

	TO 
	34.56
	30.05
	17.86
	21.93
	7.99
	25.43
	25.48
	163.29

	In. own
	98.48
	101.06
	99.99
	104.95
	101.80
	104.80
	88.92
	TCI

	NET
	-1.52
	1.06
	-0.01
	4.95
	1.80
	4.80
	-11.08
	23.33

	NPDC
	4.00
	2.00
	5.00
	1.00
	1.00
	2.00
	6.00
	

	
	Panel B. Pre-COVID-19 Period

	
	Gold
	Equity
	ETH
	Oil
	NFT
	Bonds 
	US Dollar
	FROM

	Gold
	62.93
	1.85
	0.57
	2.61
	1.23
	7.80
	23.02
	37.07

	Equity
	3.47
	77.23
	2.44
	9.18
	1.37
	2.40
	3.91
	22.77

	ETH
	1.30
	1.75
	91.39
	1.73
	2.32
	0.70
	0.80
	8.61

	Oil
	2.06
	9.66
	1.88
	82.63
	1.46
	1.13
	1.18
	17.37

	NFT
	0.59
	0.61
	0.94
	0.71
	96.59
	0.20
	0.35
	3.41

	Bonds
	10.06
	1.19
	1.14
	2.00
	1.05
	82.60
	1.96
	17.40

	US Dollar
	24.01
	2.75
	0.66
	3.48
	1.09
	2.35
	65.66
	34.34

	TO 
	41.50
	17.82
	7.63
	19.71
	8.52
	14.57
	31.22
	140.96

	In. own
	104.43
	95.05
	99.02
	102.34
	105.11
	97.17
	96.88
	TCI

	NET
	4.43
	-4.95
	-0.98
	2.34
	5.11
	-2.83
	-3.12
	20.14

	NPDC
	2.00
	5.00
	3.00
	3.00
	0.00
	4.00
	4.00
	

	
	Panel C. COVID-19

	
	Gold
	Equity
	ETH
	Oil
	NFT
	Bonds 
	US Dollar
	FROM

	Gold
	58.61
	7.30
	7.63
	5.09
	1.07
	11.81
	8.49
	41.39

	Equity
	4.58
	60.85
	11.98
	11.69
	2.75
	6.64
	1.53
	39.15

	ETH
	6.65
	12.26
	67.65
	1.81
	4.24
	5.73
	1.66
	32.35

	Oil
	1.59
	13.55
	2.24
	77.56
	1.31
	1.13
	2.63
	22.44

	NFT
	0.59
	2.49
	5.73
	2.02
	87.58
	1.32
	0.29
	12.24

	Bonds
	7.76
	6.88
	4.80
	4.39
	1.18
	67.55
	7.42
	32.45

	US Dollar
	10.22
	6.85
	5.09
	4.35
	1.06
	19.15
	53.30
	46.70

	TO 
	31.36
	49.32
	37.46
	29.35
	11.60
	45.78
	22.02
	226.89

	In. own
	89.98
	110.17
	105.12
	106.91
	99.81
	113.33
	75.31
	TCI

	NET
	-10.02
	10.17
	5.12
	6.91
	-0.82
	13.33
	-24.69
	32.41

	NPDC
	5.00
	1.00
	2.00
	2.00
	3.00
	2.00
	6.00
	


Notes: The table reports the connectedness measures between the system variables under a TVP-VAR forecast error variance decomposition. Panels A, B and C report the findings for the full period (January 01, 2018- June 30, 2021), the Pre-COVID-19 period (January 01, 2018- January 12, 2020) and the COVID-19 period (January 13, 2020 - June 30, 2021), respectively. 



Figure 1: Returns over the entire sample period
Note: The graphs above present the log returns across time for each of the system variables. The sample period examined is January 01, 2018- June 30, 2021.




Figure 2: Total Connectedness Index (TCI) for the whole period
Note: The figure depicts the dynamic connectedness of the variables of interest across time using a TVP-VAR approach with AR(1) based on the Bayes information criterion (BIC) criteria, and h=20 for the decomposition of the generalized forecast error variance.


 



Figure 5: Net Spillover Measurement
Note: The figures above depict the dynamics of the connectedness of each variable with the other system variables. The sample spans from January 01, 2018- June 30, 2021. Positive values imply that the variable acts as a transmitter of systemic shocks while negative value indicates that the role of variable is a receiver in terms of systemic risk shocks.




Appendix A: Spillover Measurement ‘FROM’ the system
Note: The figures above describe the interaction of each variable with the rest of the system variables as whole in terms of risk Absorption (FROM). 






Appendix B: Spillover Measurement ‘TO’ the system
Note: The figures above describe the interaction of each variable with the rest of the system variables as whole in terms of risk transmission (TO). 
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