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Abstract

In Tthis paper, we attempts to analyze the connectedness between returns for connectedness between non-fungible tokens (NFTs) market and other financial assets (equitiesy, bonds, currenciesy, gold, oil, Ethereum) during the period of from January 2018 to -June 2021. By using the Time-Varying Parameter Vector Autoregressions (TVP-VAR) approach, we show that the overall connectedness between the the returns for financial assets increaseds during the COVID-19 period. Our static analysis shows that the behavior of the majority of NFTs returns behavior are is attributabledue to endogenoustheir own shocks and only a small portion of this variation in returns resulted from is determined by  the impact of innovation infrom other assets. The results suggest that NFTs are mainly independent of shocks from well-familiar assets classes and even from its their close memberrelation, the Ethereum. The dDynamic analysis across time reveals that during normal times, NFTs act to some degree as transmitters of systemic risk to some degree, but during stressful times, their role shifts, and theyon 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 market plunge. 	Comment by Susan: Do you mean currencies or cryptocurrencies, or both here? In the introduction, you refer to both.	Comment by Breaden Barnaby: Consider changing to "endogenous shocks" or "shocks from endogenous factors"	Comment by Breaden Barnaby: Does this change correctly reflect your meaning?	Comment by Breaden Barnaby: Consider changing to "common" if this is what is meant.
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Highlights: 
· We present thea first analysis to date for of the connectedness of returns for NFTs and other financial assets. return connectedness
· Overall connectedness increaseds during the COVID-19 crisis and the 2018 market crash.
· NFTs are mainly independent of shocks from other assets classes. 	Comment by Susan: Could this read immune from?
· In addition toApart from  NFTs, Ethereum also transmitteds systemic risk during the COVID-19 pandemicoutbreak.
· NFTs absorbeds risk during the outbreak of COVID-19 similar to that ofly to gGold and the U.S. dDollar.








1. Introduction 

Over the last decade, cryptocurrencies have attracted the attention of the public, media, investors, and policymakers. There is alsoLikewise, we observe a rapidly-growing and evolvingfast-growing body of literature analyzing the financial properties of cryptocurrencies. A stream of those studies explores the spillover and connectedness within the cryptocurrency market and between cryptocurrenciesy and other financial assets (Baumöhl, 2019; Zeng et al. 2020; Aharon, Umar, and Vo, et al. 2021). It has already been shown that tThe outbreak of COVID-19 outbreak substantially influenceds the spillovers and connectedness among financial assets (Wang et al. 2021; Bissoondoyal-Bheenick et al. 2021). Understanding the connectedness is criticalimportant, 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 nNon-fFungible tTokens (NFTs) market and other financial assets, and the impactrole  of the COVID-19 outbreak oin this interaction. Financial markets have recently beenWe are now  experiencing the emergence and growth of thea new phenomenon of, namely, the Non-Fungible Tokens (NFTs, which are). An NFT is a crypto assets that represents an intangible digital item, such as an image, characters, art, video, game item, or even a tweet. It NFTs differs from cryptocurrencies in thatas NFTs are pure assets and their non-fungibility feature makes them unique (Dowling, 2021a). Most NFTs are powered by smart contracts on the Ethereum blockchain, which means that their. The ownership records cannot be modified, as they are secured by the Ethereum blockchain. In light of their very recent appearance,As expected, there is littlescarce literature on NFTs. Ante (2021) shows that Bitcoin and Ethereum prices affect the NFT market, while althoughthere is no effect of  the NFT market has no effect on cryptocurrencies. Dowling (2021a) reports a limited volatility transmission between cryptocurrencies and NFTs, but . 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 itsthe early growth stage. Yet, we do not know how NFTs stand compare toamong other financial assets. How do NFTs are correlated with other asset classes? Are there any spillovers from to and/or fromto NFTs? We contribute to these immature initial NFT studies by analyzing the total connectedness, and especially the return connectedness, between NFTs and other financial assets (equitiesy, gold, cryptocurrencies, currenciesy, oil, and bonds) using the Time-Varying Parameter Vector Autoregressions (TVP-VAR) model. To the best of our knowledge, this is a pioneer study exploring the spillover between NFTs with and other financial assets. 	Comment by Breaden Barnaby: Consider omitting this expression, as it would require more explanation. (Something like "As expected given their short history," may be acceptable.)	Comment by Susan: Does this also refer to Dowling 2021a – if so, it should be notes. Also, if so, it could be rewritten to read “Dowling (2021a) reports a limited volatility transmission between crytptocurrencies and NFTS
The main findings are as follows. Our static analysis implies that the majority of NFTs returns are due to endogenoustheir own shocks, while only a very small portion of the variation in NFT returnss variation is attributable to determined by the the impact of innovation from in other financial assets, duringin both pre-pandemic and ongoing pandemic periods. NFTs are largelymainly independent of shocks from other asset classes. This hasproviding important implications for investors in portfolio construction. OurThe dynamic analysis verifies the potential diversification benefits to whichthat NFTs may offer. We uncoverreveal that while in early 2018 NFTs wereare recipientseivers of risk spillovers fromat the market plunge that occurred in around February 2018,  during the COVID-19 crisis, and especially around the great plunge in financial markets during March 2020, NFTs acted as clear recipientseivers of risk, much likesimilarly to other safe-haven assets, such as gGold and the U.S. dDollar.	Comment by Breaden Barnaby: Consider changing to "endogenous shocks" or "shocks from endogenous factors"	Comment by Susan: Could this read immune from?	Comment by Breaden Barnaby: Superfluous given the reference to "around February 2018" below.
The paper is structured is as follows. In Section 2, we details the data, in Section 3 we explains the methodology, in Section 4 we reports the empirical results, andwhile in the last section, we present a summaryizes and conclusiondes. 

2. Data 
We included daily data of various assets (gold, equitiesy, currenciesy, bonds, cryptocurrenciesy) having different levels of risk and return. Following Bouri et al. (2021), the sample includeds the MSCI World Index, gGold, the PIMCO Investment Grade Corporate Bond Index Exchange-Traded Fund, the U.S. Dollar Index, Ethereum, cCrude oOil, and Non-fungible Token (NFTs). All the data wasis obtained from investing.com, with the exception of that  except for NFTs. Our NFT data comprisedis secondary market trades collected from https://nonfungible.com/. Following Dowling (2021a, 2021b), we calculated the mean value of transaction prices of sales on a daily basis. Dowling (2021a, 2021b) focuses on sub-markets in the NFT market by using weekly and daily data. We reliedy on the daily data, as our data includeds all trades in the NFT market, thus providing. This gives us with a higher number of observations for analysis. In addition,, and using data for the entirewhole market data can mitigate the issue of extreme volatility present in the sub-markets. 	Comment by Breaden Barnaby: Consider using a consistent term throughout: either "crypto" or "cryptocurrencies"
Our data covers the period is from January 01, 2018, to June 30, 2021. Starting period of the dataThis period is determined by the data availability of data on in the NFT market, and. The data period includes the recent pandemic, which may havecan substantially influenced the connectedness among financial assets. Consequently,In this regard, we divided the datasample as into the pre- COVID-19 period and the ongoing COVID-19 period. The cutoff date was setis determined as January 13, 2020, in accordance withfollowing Bouri et al. (2021).[footnoteRef:1] 	Comment by Breaden Barnaby: This is not strictly a "sample" in the statistical sense: consider changing to "data" [1:  We also used March 13, 2020 as our cutoff point. The main results are essentially similar. The full 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] subsequently appliedused 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: 	Comment by Breaden Barnaby: Not in the list of references.
Does this refer to:
Antonakakis, N., Chatziantoniou, I. and Filis, G., 2017. Oil shocks and stock markets: dynamic connectedness under the prism of recent geopolitical and economic unrest. International Review of Financial Analysis, 50, C, 1–26.?	Comment by Susan: The same comment refer [2:  See 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 model presented model in equation (1), and based on the Wold representation theorem, can be transformed to its moving average (VMA) representation as follows: 	Comment by Susan: Is a citation needed for this?
,                                                                      (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 greaterbigger 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 presumably probably affected the dynamics between the variables under analysisexamination, we distinguish between three different, yet related periods:. Namely, the entire sample period,  (January 01, 2018 to- June 30, 2021 – - Panel A);, the pre-COVID-19 period, (January 01, 2018 to- January 12, 2020 –- Panel B; and) period, the COVID-19 period encompassing the outbreak of the crisis and thereafteronwards,  (January 13, 2020 to- 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 and Ethereum, both belonging to the same blockchain technology family, are associated with the highest volatility as measured by the standard deviation. At the same time, oOil, at the same time, having beenbeing heavily affected by the sudden drop in economic activity during COVID-19, is also associated with a heightened degree of volatility during the pandemic periodhealth crisis. NFTs, Ethereum, and oOil are not exceptions, asno exception since an increase in the volatility during COVID-19 is pronounced also for gGold, eEquitiesy, bBonds, and the U.S. dollar was also significant during the COVID-19 period.. NotablyInterestingly, while the mean return of both NFTs and Ethereum wasis negative before the COVID-19 crisis, they shifted from losers to winners during the crisis, having not only positive mean returns, but also the highest ones of all the assets under analysis. The Jarque-Berra test (JBJarque and Bera, 1980) 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 although Figure 1 shows generally a generally 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 and pronounced spikes beginning around this period. However, while this pattern applies toapart from Ethereum and other traditional assets, such as the U.S. dDollar, gGold, oOil, and bBonds, it seems that such a pattern has overlooked it is not apparent in the behavior of NFTs returns behavior. This maymight imply that the behavior of NFTs behavior is perhaps atypicalisolated or different from the behavior of other assets or during the COVID-19 crisis as an exogenous event. It may also be the first indication of  the diversification benefits of NFTs bearing diversification benefits, in terms of portfolios construction.	Comment by Susan: Anomalous?

< Figure 1 >

This line of analysis is supported by an Eexamination ofing 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 haveing weak correlations with the traditional asset classes, such as gGold (+0.0268), eEquitiesy (+0.0322), oOil (+0.0585), bBonds (+0.0427), and the U.S. dollar (-0.0004). The only exception is theirits correlation with Ethereum, which is slightly stronger (+0.1098), especially during the COVID-19 period (+0.1974), and naturally may be predictable, asexpected since the price of NFTs is denominated in Ethereum units. However, the reported correlation levels mainly point to a weak relationship of between NFTs with and other assets, regardless of the examined period.

< Table 2 >

In order Tto have facilitate a clearer investigation ofn the role that NFTs might fulfill in the context of systemic risk spillovers, we turn now tothen tested 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 into the entire period, the pre-Crisis period and the ongoing COVID-19 period and thereafteronwards.

< Tables 3-4 >

We begain with the static analysis in Table 3. The diagonal values refer to the intrinsicown variation of each variable, while other non-diagonal values in a certain each 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 in each row. Similarly, other non-diagonal values in each column refer to the transmission of a certaineach column variable TO each system variable. The last row TO is the aggregate impact of eacha certain column variable TO the entire system. Finally, the NET row determines the role of each variable. Positive (nNegative) values hints that the variable is a Transmitter (Receiver). 	Comment by Breaden Barnaby: Is there any clear reason why these terms should be capitalized? If not, consider changing to "transmitter (receiver)"

We observe several interesting trends. First, consistent withsimilarly to former  earlier researchstudies, including  such as the most recent studiesworks (e.g., Adekoya & Oliyide 2021, Bouri et al. 2021, Wang et al. , Li, and Huang (2021), Umar, Aziz & Tawil, et al.  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, which yields the Total Connectedness Index TCI (TCItotal 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 analysisinvestigation. This suggests that during the ongoing COVID-19 period, nearly one-third of the variation in the system variables could be attributed toemanated from the mutual shocks in the examined system variables. Figure 2, which 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, oin average, to the interactions between the system variables. According to Figure 2, during the first quarter of 2018 (mMainly during February),[footnoteRef:4], during which time the equity market has experienced some of its largest daily point losses, and also during the second quarter of 2020, when at which the COVID-19 crisis erupted, leading to whatand will be remembered as one of the worst periods to financial markets, there wasis an increase in the connectedness measure., which This increase is much more conspicuous, compared with in the dynamic analysis than in the static analysis. However, these findings reflect provide only athe general illustration of the connectivity. It is therefore valuable, while it is interesting to map the single role of each asset examined, focusing mainly on our targeteddesired new asset class, the NFTs, around the time of 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 endogenoustheir own shocks, and only a small portion of the variation in NFTs returnsvariation is attributable todetermined by  the impact of innovation infrom other system variables. The intrinsic variation in NFT returns own NFTs portion of variation reported in the diagonal equals to 93.82%, 96.59%, and 87.58%, in the full, pre, and ongoingthe COVID-19 episodesperiods, respectively. Even at the outbreak of the COVID-19 crisis and thereafteronwards, 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’ intrinsicown  variation. This analysis again suggests that NFTs are mainly independent of shocks from the other assets classes investigated, including even Ethereum. Dowling (2021a) also documents a similar finding for the case of Ethereum. ExaminingLooking at the NET row in the COVID-19 period thatwhich represents stress time,, reveals that NFTs’its role shifts to that of a receiver of shocks (-0.82), even though in the pre-COVID-19 period, theirits net role is that of a transmitter (+5.11) of shocks. This hints that NFTs might provide diversification benefits, especially during periods of crisis times. Interestingly, NFTs’the close relation,member, Ethereum,, exhibitshas the opposite dynamic as do NFTs in the system compared with NFTs. While in the pre-COVID-19 period, 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). 	Comment by Breaden Barnaby: Consider changing to "endogenous shocks" or "shocks from endogenous factors"	Comment by Susan: Could these read immune from?

To further verify this result, and to track more closely track the role of NFTs role, we used thea  TVP-VAR dynamical analysis, which alloweds us to observe the connectedness of NFTs connectedness across time. We dividedsplit 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). 	Comment by Susan: Dynamical is correct, but everywhere else the word dynamic is used – can dynamic be used here as well?
The Dynamic analysis of the Dynamic figure reveals two main points at which the connectedness has undergoes a substantial movement: during the first quarter of 2018, and around the COVID-19 period. When examining the 2018 pointperiod, we foundreveal 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 resultingconsequently interest rates raisehikes. 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, also seems to act also as a receiver but in additional other periods of 2018, which was, in total, a bad year for investors. In addition, it appearsseems that the fear of future inflation is was fueled from by shocks in the fixed income market (bBonds), shocks and was is also triggered from by the rising oil prices at theat time.[footnoteRef:5] To summarize, the dynamic analysis can arguably provide arguably a first initial empirical evidence as for the diversification potential of NFTs.	Comment by Breaden Barnaby: This change is clearer and more concise	Comment by Breaden Barnaby: "change" may be a clearer expression	Comment by Breaden Barnaby: Unnecessary: consider deleting [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 our analysis ofze the second point period 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 gGold and the U.S. dDollar, in their shock-absorbing features. It seems that NFTs, gGold, and the U.S. dDollar share the same shape of effect on the rest of the system variables. That is, they have 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 the COVID-19 period, it seems that Ethereum seems to interacts in the oppositely way withto 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.	Comment by Breaden Barnaby: When the periods are first defined, this is presented as the third period (1. whole time frame, 2. per-COVID-19, 3. COVID-19), so it may be clearer to replace this phrase with simply "COVID-19 period"	Comment by Breaden Barnaby: This is somewhat vague (the 'shape' of the plot: in what way?), so consider replacing with simply "a similar"

< Figure 3 >

5. Conclusion

[bookmark: _GoBack]In this study, we present a first examination ofa first attempt of examining the interconnectedness between NFTs, Ethereum, and common financial assets, namely, gGold, bBonds, eEquitiesy, oOil, and the U.S dDollar. Using the novel TVP-VAR methodology proposed by Antonakakis and Gabauer (2017), we conduct both static and dynamic analyses. Both estimations hint aton 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 examined, while the dynamic analysis show that NFTs bear some similarity to gGold, and the U.S. dDollar in terms of risk absorbptionent during the COVID-19 crisis. NFTs has also absorbed risk spillovers during the crashes in February 2018, whenat which market fears of inflation and interest rates hikesraise were at their heightthe highest. Surprisingly, while the price of NFTs price is quoted in Ethereum crypto currency units, the two assets typesy present share an opposite overall connectedness dynamic, particularly during theunder COVID-19 crisis, as an example of aillustration for stressful period. 	Comment by Susan: Please see prior comments about this source	Comment by Breaden Barnaby: A more explicit expression might be better, e.g. "high-volatility" "highly-uncertain" (depending on what kind of "stressful" is actually meant)
In this respect, in future research, our investigation could might be extended for to examine their connectedness of NFTs and Ethereum with respect to changes in different aspects of uncertainty captured by measures such as the Volatility Index VIX (VIX Volatility Index), EPU Economic Policy Uncertainty (EPUEconomic Policy Uncertainty), the Consumer Confidence Index CCI (CCI Consumer confidence Index) and the Consumer Sentiment Index CSI (CSI Consumer Sentiment Index). Others, can take the attempts of the examinationAnother approach would be to examine for the volatility connectedness of NFTs with other cryptocurrencies.
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Table 1: Descriptive Statistics
	
	Panel A. Full Pperiod
January 01, 2018- June 30, 2021

	
	Gold
	Equitiesy	Comment by Breaden Barnaby: Consider changing to "equities" throughout (including tables)
	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
	Equitiesy
	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
	Equitiesy
	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. 	Comment by Susan: It doesn’t appear that the table presents the total number of observations, but, rather, the note does.
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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
	Equitiesy
	ETH
	Oil
	NFT
	Bonds
	US Dollar

	Gold
	1.000
	
	
	
	
	
	

	Equitiesy
	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 pPeriod

	
	Gold
	Equitiesy
	ETH
	Oil
	NFT
	Bonds
	US Dollar

	Gold
	1.000
	
	
	
	
	
	

	Equitiesy
	-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 pPeriod

	
	Gold
	Equitiesy
	ETH
	Oil
	NFT
	Bonds
	US Dollar

	Gold
	1.000
	
	
	
	
	
	

	Equitiesy
	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 pPeriod

	
	Gold
	Equitiesy
	ETH
	Oil
	NFT
	Bonds 
	US Dollar
	FROM

	Gold
	63.92
	3.84
	2.90
	3.52
	0.76
	8.70
	16.35
	36.08

	Equitiesy
	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 pPeriod

	
	Gold
	Equitiesy
	ETH
	Oil
	NFT
	Bonds 
	US Dollar
	FROM

	Gold
	62.93
	1.85
	0.57
	2.61
	1.23
	7.80
	23.02
	37.07

	Equitiesy
	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
	Equitiesy
	ETH
	Oil
	NFT
	Bonds 
	US Dollar
	FROM

	Gold
	58.61
	7.30
	7.63
	5.09
	1.07
	11.81
	8.49
	41.39

	Equitiesy
	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 35: Net Spillover Measurement	Comment by Susan: There are only 3 figure mentioned n the article.
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 Ssystem
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 Ssystem
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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