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Abstract
This study analyzes the role of information shares of futures contracts in the price 
discovery of Bitcoin as well as its impact on the correlation of Bitcoin and tradi-
tional assets including S&P500, gold and bond. Time series estimations reveal posi-
tive and significant effects of information shares from Bitcoin futures trading activi-
ties, suggesting that the information from institutional trading activities contributes 
to the price discovery of Bitcoin. In addition, the study finds that increases in infor-
mation shares of institutional trading in Bitcoin futures negatively affect Bitcoin-
S&P500 and Bitcoin-gold correlations, but raise the Bitcoin-bond correlation.

Keywords Price discovery · Information shares · Institutional activity · Bitcoin 
futures

JEL Classification G19 · G23

1 Introduction

The cryptocurrency market is the most sought-after topic in finance when Bitcoin 
(BTC) and Ether (ETH) hit multiple all-time highs and the entire cryptocurrency 
market capitalization exceeds 2 trillion USD (equivalent to that of Apple) in this 
year’s bull run. Unlike late 2017 when the market went into a bearish phase after 
reaching its all-time high, the market has witnessed a remarkable bullish trend this 
year thanks to the increased institutional adoption of cryptocurrency. As major 
cryptocurrencies such as BTC or ETH are still in the price discovery phase after 
breaking their all-time highs and institutional adoption keeps surging, it is worth 
investigating the relationship between institutional activity and the price discovery 
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of the cryptocurrency market. Several prior studies have examined price discovery 
in the cryptocurrency market using various approaches. Brandvold et al. (2015), for 
instance, examine price discovery across different BTC exchanges from April 2013 
to February 2014 and find that Mt.Gox and BTC-e were the leaders in price discov-
ery during this period. Dimpfl and Peter (2021) study various exchanges including 
Bitfinex, Kraken and Poloniex from March 2017 to November 2017, and the results 
show that Bitfinex is the leader in price discovery followed by Poloniex and Kraken. 
In addition to price discovery in different exchanges, other studies investigate price 
discovery between spot prices and futures such as Baur and Dimpfl (2019), Corbet 
et al. (2018), and Kapar and Olmo (2019). The findings of these studies are, how-
ever, not in union whereby Baur and Dimpfl (2019) and Corbet et al. (2018) claim 
that spot price leads price discovery, while Kapar and Olmo (2019)’s results give the 
opposite conclusion. Recently, Chang and Shi (2020) examine the dynamic informa-
tion shares of Bitcoin (BTC), Ether (ETH), Ripple (XRP) and Litecoin (LTC) using 
daily data and find that the information share of BTC is the largest. Their results also 
show that 20% of variations of the BTC information share can be explained by mar-
ket capitalization and trading volume.

Earlier studies such as Moosa (2020) claim that a steep decline in BTC is evidence 
of a price bubble instead of a price discovery path from late 2017–2018. However, 
we have witnessed a significant increase in institutional activity in the cryptocurrency 
market, especially BTC, such as Microstrategy, Tesla, Grayscale BTC Trust or Ruffer 
Investment Company toward the end of 2020 and in early 2021.1 As the institutional 
investors continue to enter the BTC market as it becomes mature, their trading activity 
is expected to play a vital role in the price discovery of BTC. The important role of 
institutional investors in an asset market is documented in numerous studies for equity 
(e.g., Chan & Lakonishok, 1995; Foster et al., 2011; Sias et al., 2001), and institutional 
trading is also reported to drive the stock market more than retail trading (e.g., Griffin 
et al., 2003; Koesrindartoto et al., 2020; Stoffman, 2014). Since the current literature 
has not clearly explained the significance of institutional trading activity in the price 
discovery of BTC, our study will provide more empirical evidence on this branch of 
the literature. In particular, we analyze whether the information shares of futures price 
in BTC price discovery, measured in the spirit of Hasbrouck (1995, 2003), is posi-
tively correlated with the BTC futures trading activity, establishing the implication 
that institutional trades matter in BTC price discovery.

Another goal of this study is to examine whether the relative importance of BTC 
institutional trading activity in BTC price discovery contributes to the BTC correla-
tion with other traditional assets such as equity, gold and bond. Several studies have 
investigated the correlation between cryptocurrencies and traditional assets such as 
Brière et al. (2015), Bouri et al. (2017a, 2017b), Corbet et al. (2018), Shahzad et al. 
(2019), and Charfeddine et  al. (2020), and most studies document a weak correla-
tion between BTC/cryptocurrencies and conventional financial assets, making BTC a 
potential candidate for diversification benefits in a multi-asset portfolio (Pham et al., 
2021). However, the existing literature on the cross-asset correlation of BTC mainly 

1 Accessed this website on 15 April 2021: https:// decry pt. co/ 47061/ public- compa nies- bigge st- bitco in- 
portf olios.

https://decrypt.co/47061/public-companies-biggest-bitcoin-portfolios
https://decrypt.co/47061/public-companies-biggest-bitcoin-portfolios


113

1 3

Journal of Industrial and Business Economics (2022) 49:111–131 

covers the periods when the BTC market was driven by the retail investors only, and 
little is known on the impact of time-varying institutional trading activities on the cor-
relation of BTC with other assets. While the retail investors still play an important role 
in BTC price surge, institutional investors can provide more liquidity than the former 
and potentially become more crucial in the BTC price discovery as the market matures, 
similar to the stock market (e.g., Chan & Lakonishok, 1995; Foster et al., 2011; Sias 
et al., 2001). Therefore, the institutional multi-asset portfolio rebalance including BTC 
position is likely to have an impact on the correlation of BTC with the traditional 
assets. As such, it is important to empirically examine the extent to which the relative 
importance of institutional trading activity in the BTC market contributes to the cross-
asset correlations of BTC. In particular, our study analyzes whether the BTC futures 
information shares, a proxy for institutional involvement in the BTC market, drive the 
correlation of BTC with traditional assets.

The findings of this study evaluate the impact of institutional trading activity on the 
price discovery of BTC and its correlations with other assets. In general, we find that 
the information shares of BTC futures contribute more (less) to BTC price discovery 
when the trading activities of institutional traders in BTC futures rise (fall). Our results 
also show that the correlation between BTC and US equity/gold decreases when the 
information shares of futures price and hence institutional involvement in the BTC 
market rise whereby institutions tend to buy (sell) more BTC from selling (buying) 
equity/gold. In addition, we find the institutional activity in the BTC market increases 
with the BTC-bond correlation, although the results are less significant. The remainder 
of this paper is structured as follow. Section 2 describes the data and methodology used 
in the study, Sect. 3 discusses the findings, and Sect. 4 concludes the paper.

2  Data and methodology

We obtain the 1-s intraday data of nearest-maturity futures price of BTC, 10-year 
T-Note and e-mini gold on Chicago Mercantile Exchange (CME), S&P 500 ETF (SPY) 
on New York Stock Exchange, and spot prices of BTC and gold from Thomson Reuters 
Tick History. The data sample starts from 18th December 2017, the earliest date avail-
able for BTC futures contracts, to 26th March 2021. We note that while SPY trades in 
Monday–Friday from 9:30 to 16:00 EST, the futures contracts of BTC, 10-year T-Note 
and gold trade in Sunday–Friday 17:00 to 16:00 CT, and the spot prices of BTC and 
gold are available throughout 24 h a day. In addition, we use SPY and 10-year T-Note 
futures to proxy for the S&P500 index and bond spot prices, respectively. Lastly, we 
collect the daily BTC spot market capitalization and mean USD transaction fee of BTC 
blockchain from coinmetrics.io and Google trend data containing the keyword “Bit-
coin” from trends.google.com as the control variables in the regression analysis.

We first study that the information shares of BTC futures market IS are linked to 
futures trading activity with the following regression on daily observations:

(1)
log(BTC futures trading activity)t

= �0 + �1log(% spreadt) + �2log(realized volatilityt) + �3ISt + �t,
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where the realized volatility and % spread are common factors to explain the trading 
activity, see Karpoff (1987) and Chordia et al. (2001), respectively. realized volatility 
is measured as the square root of the sum of squared 1- or 5-min midquote futures 
returns over a day, and % spread is measured as the daily average of (ask price  –  
bid price)/midquote price in futures market throughout the day. We also control for 
the weekday fixed effects and calculate the Newey and West (1987) standard errors 
adjusted for 5 lags. We next analyze the extent to which the BTC futures’ informa-
tion shares can explain the BTC correlation with other assets from the following 
regression:

where the daily realized correlation is computed from 1-min spot returns, the daily 
BTC futures’ information share ISt−i lags the BTC correlation with other assets from 
i = 0 to 5 days, and the daily trading activityt is measured by trading volume or the 
number of trades on day t to control for the positive linkage between trading activ-
ity and asset price volatility, therefore any potential relation between trading activity 
and cross-asset correlation. We also include the weekday fixed effects and calculate 
the Newey and West (1987) standard errors adjusted for 5 lags. As a robustness test, 
we add the BTC spot market capitalization, daily mean USD transaction fee of BTC 
blockchain, and Google trend that contains the keyword “Bitcoin” to capture the ris-
ing interest on BTC, which in turn impacts BTC price and its correlation with other 
assets, e.g. see Chuffart (2021) for the predictability of cryptocurrency attention on 
BTC price.

Our sample period contains the COVID pandemic that has been shown to 
adversely impact financial markets, therefore the connectedness and volatility trans-
mission between different assets. For example, Fig. 1 illustrates a shift to the posi-
tive domain in the daily correlation between BTC and S&P500 as well as gold since 
2020. We treat this issue with two approaches. We first include the time trend and its 
squared value in (Eq. 3) to capture any nonlinear trend of correlation. Alternatively, 
we have a dummy variable COVID equal 1 since the start of 2020 and its interaction 
with ISt−i in (Eq. 4) to study any change in the main coefficient of interest during the 
COVID pandemic as follows:

(2)
correlationt = �0 + �1log(BTC futures trading activityt)

+ �2log(the other asset trading activityt) + �3ISt−i + �t,

(3)

correlationt = �0 + �1log(BTC futures trading activityt)

+ �2log(the other asset trading activityt) + �3ISt−i + �4log(BTCmarket capt)

+ �5log(dailymeanUSD transaction feet) + �6log(Google trendt)

+ �7time trendt + �8time trend
2
t
+ �t

(4)

correlationt = �0 + �1log(BTC futures trading activityt)

+ �2log(the other asset trading activityt)

+ �3ISt−i + �4ISt−i × COVID + �5COVID + �t.
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To proxy for the information shares of futures price in the BTC price discovery, 
we follow Hasbrouck (1995, 2003) as follows. Given the same underlying crypto-
currency in the futures and spot market, the random walk component is the same for 
all prices. The random walk innovation variance is then decomposed into compo-
nents attributed to innovations in each price, and the relative contribution of a price 
series to this variance is defined as its information shares. Let p1t and p2t be the log 
spot price and futures prices, respectively, and the quantity p1t − p2t ex-ante does not 
diverge over time. To measure the information shares of either futures or spot price, 
we estimate the reduced-form econometric specification or the vector error correc-
tion model (VECM) of order M as follows:

where pt is the column vector of log prices, Ai is the matrix of autoregressive coef-
ficients, � = E

(

p1,t − p2,t
)

 is the mean deviation, �
(

p1,t−1 − p2,t−1 − �
)

 is the error 
correction term, and � is the adjustment coefficient. Each price in the VECM model 

(5)Δpt = A1Δpt−1 + A2Δpt−2 +⋯ + AMΔpt−M + �
(

p1,t−1 − p2,t−1 − �
)

+ ut,

Fig. 1  Daily realized correlation of different assets. This figure presents the daily realized correlation 
between different assets based on 1-min spot returns. The sample period starts from 18th December 2017 
to 26th March 2021. SPY trades in Monday–Friday from 9:30 to 16:00 EST, the futures contracts of 
10-year T-Note trade in Sunday–Friday 17:00 to 16:00 CT, and the BTC and gold spot prices are avail-
able throughout 24 h a day. SPY and 10-year T-Note futures are used as a proxy of S&P500 and bond 
spot prices, respectively
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contains a latent random walk component or the “efficient price”. This component is 
unobservable without further identification restrictions in the current reduced-form 
specification, but its innovations have the property that they are linear in the distur-
bances. In other words,

where wit is the random walk innovation in the ith price series, and the aij is deter-
mined from the VECM parameter set. Both futures and spot prices reflect the same 
efficient price, or the random walk innovations are identical. Therefore. the rows in 
the coefficient matrix are the same, and we focus on either one to have the random 
walk innovation variance as

If the price innovation covariance matrix is diagonal, Var
(

w1t

)

= a2
11
�2
1
+ a2

12
�2
2
 , 

and the information share of ith price series is defined as Ii = a2
ii
�2
i
∕Var

(

w1t

)

 . If 
the price innovation covariance matrix is not diagonal, the information share is not 
exactly identified, alternative factor rotations are examined, and we take the simple 
average of information shares from different factor rotations. We measure the infor-
mation share on daily basis to allow the time-varying mean deviation � . We also 
note that if the price innovations are highly correlated, it is not possible to assign 
explanatory power with any precision, so we employ a time resolution of 1–5 s to 
avoid introducing correlation by time aggregation. To avoid a large number of coef-
ficients if the interval width is small, we follow Hasbrouck (2003) to use the polyno-
mial distributed lags.

We note that the BTC spot returns and futures returns Granger cause to each 
other in the Vector Autoregressive VAR(20) model from daily returns at the 1% 
significance level.2 In other words, futures returns and their trading activities mat-
ter to the spot market and therefore underlying BTC price, even when institutional 
investors only trade futures contract in the BTC market. This is because the institu-
tional investors3 are main players in the CME futures market due to its restrictive 
contract specifications, e.g. 5 BTCs per contract vs. 0.001 BTC as the minimum 
trade amount per perpetual futures contract in Binance, and they have limited access 
to the spot market due to regulatory issues over the sample period.4 This gives us 
further support to study the information shares from the futures market as a proxy 
of the relative importance of institutional trading in the BTC market. Alternatively, 
Gonzalo and Granger (1995) measure the information share of a market from the 

(6)wt =
(

w1,tw2,t

)�
= Aut =

[

a11 a12
a21 a22

]

(

u1tu2t
)�
,

(7)Var
(

w1t

)

=
(

a11a12
)

[

�2
1
�12

�12 �2
2

]

(

a11a12
)�
.

2 For brevity purpose, the full results are available upon request.
3 See https:// news. bitco in. com/ cmes- bitco in- futur es- rise- sugge sts- insti tutio nal- inves tors- are- start ing- to- 
swarm- toward- crypto/ and https:// www. cmegr oup. com/ openm arkets/ finan ce/ what- is- drivi ng- insti tutio 
nal- inter est- in- crypto. html
4 See https:// www. coind esk. com/ jpmor gan- bitco in- etfs- cme- futur es- premi um.

https://news.bitcoin.com/cmes-bitcoin-futures-rise-suggests-institutional-investors-are-starting-to-swarm-toward-crypto/
https://news.bitcoin.com/cmes-bitcoin-futures-rise-suggests-institutional-investors-are-starting-to-swarm-toward-crypto/
https://www.cmegroup.com/openmarkets/finance/what-is-driving-institutional-interest-in-crypto.html
https://www.cmegroup.com/openmarkets/finance/what-is-driving-institutional-interest-in-crypto.html
https://www.coindesk.com/jpmorgan-bitcoin-etfs-cme-futures-premium


117

1 3

Journal of Industrial and Business Economics (2022) 49:111–131 

permanent (as opposed to transitory) shocks in that market to underlying price that 
result in a disequilibrium, which is reflected through the error correction process 
of CME futures price in our context. We argue that this error correction process is 
potentially inefficient when compared with other traditional assets because a major-
ity of institutional investors are not able to exploit any arbitrage opportunities in the 
BTC market from trading futures and spot contracts. Therefore, we focus on the 
Hasbrouck’s information shares and leave other metrics for future research.

3  Findings and discussion

Figure  1 presents the daily realized correlation between BTC spot market and 
S&P500, gold and bond returns over the studied sample period. Until the end of 
2019, BTC price did not exhibit a clear relationship with S&P500, gold and bond 
since the correlations fluctuated around zero over this time period. Since the start of 
2020, the daily correlations between BTC and S&P500 as well as gold on average 

Table 1  Summary statistics

This table presents the daily summary statistics over the sample 
period from 18th December 2017 to 26th March 2021. SPY trades 
in Monday–Friday from 9:30 to 16:00 EST, the futures contracts 
of BTC, 10-year T-Note and gold trade in Sunday–Friday 17:00 to 
16:00 CT, and the BTC and gold spot prices are available throughout 
24 h a day. The daily realized correlations between different assets 
are calculated from the spot prices of BTC, S&P500, gold, and bond 
based on 1-min returns. SPY and 10-year T-Note futures are used to 
proxy for S&P500 and bond spot prices, respectively

Mean Std. dev

BTC futures
 1-s IS (%) 61.49 30.75
 5-s IS (%) 56.64 22.60
 Volume (000 s) 5.16 4.04
 # trade 3947 3145

SPY ETF
 Volume (000 s) 73,108.68 44,611.09
 # trade 290,624 200,942

Gold futures
 Volume (000 s) 0.65 0.75
 # trade 505 586

10-year T-Note futures
 Volume (000 s) 1110.26 893.84
 # trade 39,799 30,442

Pairwise correlation
 BTC-S&P500 0.051 0.111
 BTC-gold 0.010 0.037
 BTC-bond − 0.005 0.035
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shifted to the positive domain and strongly varied in this region. Meanwhile, BTC 
and bond demonstrated a weakly negative relationship, whose correlation fluctua-
tions were not so intense as those observed between BTC and S&P500 or gold. Over 
the full sample period, the averages of daily correlation between BTC and the other 
asset classes are reported in Table 1 to be 0.05, 0.01, and -0.005 for S&P500, gold, 
and bond, respectively. In addition, the standard deviations of daily correlations 
are much larger than the average counterparts by at least 2 times, suggesting that 
these assets do not have a stable relationship. Figure  2 presents the daily trading 
activity in the futures markets of BTC, S&P500, gold, and bond, with trading activ-
ity measured by trading volume or the number of trades. Together with the sum-
mary statistics in Table 1, it suggests that the trading activity is most crowded in the 

Fig. 2  Daily trading activity of different assets. This figure presents the daily trading activity measured in 
(log) volume or (log) number of trades (# trade) of different assets. The sample period starts from 18th 
December 2017 to 26th March 2021. SPY trades in Monday–Friday from 9:30 to 16:00 EST, and the 
futures contracts of BTC, 10-year T-Note and gold trade in Sunday–Friday 17:00 to 16:00 CT
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stock market, followed by bond, BTC and gold. On average, the daily volumes are 
73,108 thousand shares, 1110 thousand contracts, 5 thousand contracts, and 0.65 
thousand contracts, for S&P500, bond, BTC, and gold, respectively. In addition, the 
standard deviations of daily trading activity are less than the average counterparts 
in all assets, except for gold, implying that the S&P500, bond and BTC markets 
display a more stable and intense trading activity than gold on average. The conclu-
sion remains the same with number of trades. To measure the extent of institutional 
activity in the BTC market, we utilize the information shares of BTC futures price. 
The summary statistics in Table 1 document that the contribution of futures price 
to BTC price discovery is fairly considerable with the daily average of information 
shares of 57–61%. In addition, the daily standard deviations of information shares 
are less than the average counterparts by 40–50%, indicating that the information 
shares do not wildly fluctuate over the sample period.

We first confirm that the information shares of the futures market are closely 
associated with its trading activity and present the results of Eq. (1) in Table 2. With 
either the number of trades or trading volume as proxies of trading activity, the coef-
ficients of information shares are positive and statistically significant at 1–5% level. 
In other words, the greater contribution of futures price to BTC price discovery, the 
more intense the trading activity in the futures market. Our findings are consistent 
with the previous literature in Chordia et al. (2001) and Karpoff (1987) whereby the 
coefficients on %spread and realizedvolatility are statistically negative and positive 
at the 1% significance level respectively. Intuitively, the more liquid or volatile mar-
ket is associated with the higher-level trading activity. The results are also robust to 
different data frequencies in the measurement of information shares. To conclude, 
the information shares of the BTC futures market meaningfully capture the trading 
activity of the futures market in the presence of standard controls. This suggests that 
the price discovery of underlying BTC incorporates BTC futures market activity, 
which is commonly believed due to institutional investors in the context of CME 
futures contracts.

To test the hypothesis that the relative importance of institutional investors in 
the BTC market contributes to the correlation movement between BTC and other 
assets, we run Eq. (2) and present the results in Tables 3, 4, 5 and 6. We first dis-
cuss the relationship between asset correlation and trading activity. With respect to 
the BTC-S&P500 correlation, the coefficients on trading activity in each market are 
positively and statistically significant at the 1% level, and the coefficients of BTC 
trading activity reduce its statistical significance in Eqs. (3) and (4) with more con-
trols. Meanwhile, the trading activity in the futures market is positively (negatively) 
related to the BTC-gold correlation at the 1% (5%) significance level in Eq. (2) for 
BTC (Eq. (4) for gold), and it is positively (negatively) related to the BTC-bond cor-
relation at conventional statistical significance levels in Eqs. (3)–(4) for BTC (across 
all Equations for bond).

Regarding the main hypothesis results, Tables 3, 4, 5 and 6 document the nega-
tive and statistically significant coefficient on the information shares of BTC futures 
in the regression of BTC-S&P500 correlations at the 1% significance level in 
Eq. (2), robust to different data frequencies in the information shares. This implies 
that when institutional activity is more active in BTC futures, therefore the greater 
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Table 3  Regression results for correlation with trading volume and one second-based information shares

Equation (2) Equation (3) Equation (4)

Coefficient t-stat Coefficient t-stat Coefficient t-stat

BTC-S&P500 correlation
 BTC volume 0.034 [7.42]*** 0.011 [2.22]** 0.007 [1.42]
 SPY volume 0.065 [4.97]*** 0.070 [5.75]*** 0.066 [5.25]***
 IS − 0.147 [− 9.15]*** − 0.074 [− 3.19]*** − 0.009 [− 0.45]
 IS*COVID − 0.144 [− 4.73]***
 BTC volume 0.030 [6.01]*** 0.005 [1.09] 0.002 [0.43]
 SPY volume 0.064 [4.84]*** 0.071 [5.72]*** 0.069 [5.27]***
 1-lag IS − 0.131 [− 8.45]*** − 0.045 [− 2.06]** 0.009 [0.5]
 1-lag IS*COVID − 0.117 [− 3.63]***
 BTC volume 0.030 [6.24]*** 0.006 [1.37] 0.004 [0.74]
 SPY volume 0.064 [4.78]*** 0.071 [5.7]*** 0.069 [5.31]***
 2-lag IS − 0.130 [− 8.42]*** − 0.047 [− 2.32]** 0.003 [0.19]
 2-lag IS*COVID − 0.112 [− 3.63]***
 BTC volume 0.028 [5.78]*** 0.006 [1.19] 0.002 [0.47]
 SPY volume 0.066 [4.83]*** 0.072 [5.75]*** 0.069 [5.29]***
 3-lag IS − 0.127 [− 8.41]*** − 0.045 [− 2.27]** 0.006 [0.35]
 3-lag IS*COVID − 0.110 [− 3.4]***
 BTC volume 0.029 [5.96]*** 0.005 [1.06] 0.003 [0.55]
 SPY volume 0.064 [4.65]*** 0.072 [5.69]*** 0.071 [5.38]***
 4-lag IS − 0.126 [− 8.36]*** − 0.037 [− 2.14]** 0.011 [0.63]
 4-lag IS*COVID − 0.108 [− 3.57]***
 BTC volume 0.029 [5.82]*** 0.006 [1.23] 0.003 [0.58]
 SPY volume 0.064 [4.66]*** 0.072 [5.66]*** 0.069 [5.18]***
 5-lag IS − 0.126 [− 8.5]*** − 0.049 [− 2.38]** 0.004 [0.21]
 5-lag IS*COVID − 0.128 [− 4.46]***

BTC-gold correlation
 BTC volume 0.006 [3.84]*** 0.001 [0.72] 0.000 [0.02]
 Gold volume − 0.001 [− 0.5] − 0.001 [− 0.92] − 0.003 [− 2.34]**
 IS − 0.035 [− 6.56]*** − 0.012 [− 1.88]* 0.000 [0.05]
 IS*COVID − 0.029 [− 2.44]**
 BTC volume 0.006 [3.28]*** 0.001 [0.31] − 0.001 [− 0.42]
 Gold volume 0.000 [0.01] − 0.001 [− 0.84] − 0.003 [− 2.29]**
 1-lag IS − 0.030 [− 5.67]*** − 0.003 [− 0.54] 0.007 [0.98]
 1-lag IS*COVID − 0.026 [− 2.19]**
 BTC volume 0.005 [3.34]*** 0.001 [0.55] 0.000 [− 0.22]
 Gold volume 0.000 [− 0.21] − 0.001 [− 0.92] − 0.003 [− 2.33]**
 2-lag IS − 0.033 [− 6.26]*** − 0.010 [− 1.71]* 0.002 [0.35]
 2-lag IS*COVID − 0.031 [− 2.83]***
 BTC volume 0.005 [3.16]*** 0.001 [0.58] 0.000 [− 0.21]
 Gold volume 0.000 [− 0.08] − 0.001 [− 0.94] − 0.003 [− 2.27]**
 3-lag IS − 0.032 [− 6.05]*** − 0.011 [− 1.89]* 0.000 [0.01]
 3-lag IS*COVID − 0.028 [− 2.52]**
 BTC volume 0.005 [3.25]*** 0.001 [0.48] 0.000 [− 0.24]
 Gold volume 0.000 [− 0.02] − 0.001 [− 0.84] − 0.003 [− 2.27]**
 4-lag IS − 0.030 [− 5.59]*** − 0.007 [− 1.09] 0.003 [0.44]
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Table 3  (continued)

Equation (2) Equation (3) Equation (4)

Coefficient t-stat Coefficient t-stat Coefficient t-stat
 4-lag IS*COVID − 0.027 [− 2.47]**
 BTC volume 0.005 [3.04]*** 0.001 [0.58] 0.000 [− 0.21]
 Gold volume 0.000 [− 0.03] − 0.001 [− 0.87] − 0.003 [− 2.14]**
 5-lag IS − 0.033 [− 6.19]*** − 0.015 [− 2.62]*** − 0.003 [− 0.37]
 5-lag IS*COVID − 0.035 [− 3.24]***

BTC-bond correlation
 BTC volume − 0.002 [− 1.3] 0.002 [1.49] 0.002 [1.37]
 Bond volume − 0.001 [− 1.95]* − 0.002 [− 2.96]*** − 0.001 [− 2.5]**
 IS 0.015 [3.24]*** 0.013 [1.98]** 0.000 [− 0.06]

IS*COVID 0.032 [3.33]***
 BTC volume − 0.002 [− 1.19] 0.003 [2.02]** 0.003 [1.76]*
 Bond volume − 0.001 [− 1.86]* − 0.002 [− 2.94]*** − 0.001 [− 2.34]**
 1-lag IS 0.010 [2.01]** 0.002 [0.36] − 0.008 [− 1.17]
 1-lag IS*COVID 0.022 [1.94]*
 BTC volume − 0.001 [− 0.81] 0.003 [2.05]** 0.003 [2.08]**
 Bond volume − 0.001 [− 1.76]* − 0.002 [− 2.85]*** − 0.001 [− 2.36]**
 2-lag IS 0.013 [2.59]*** 0.010 [1.55] − 0.006 [− 0.89]
 2-lag IS*COVID 0.036 [3.58]***
 BTC volume − 0.001 [− 0.89] 0.004 [2.54]** 0.003 [2.3]**
 Bond volume − 0.001 [− 1.72]* − 0.002 [− 2.84]*** − 0.001 [− 2.2]**
 3-lag IS 0.009 [1.85]* 0.001 [0.16] − 0.012 [− 1.62]
 3-lag IS*COVID 0.025 [2.23]**
 BTC volume − 0.001 [− 0.73] 0.004 [2.67]*** 0.004 [2.61]***
 Bond volume − 0.001 [− 1.72]* − 0.002 [− 2.83]*** − 0.001 [− 2.22]**
 4-lag IS 0.008 [1.79]* 0.000 [0] − 0.015 [− 2.13]**
 4-lag IS*COVID 0.031 [2.99]***
 BTC volume − 0.001 [− 0.64] 0.004 [2.55]** 0.004 [2.36]**
 Bond volume − 0.001 [− 1.71]* − 0.002 [− 2.87]*** − 0.001 [− 2.24]**
 5-lag IS 0.009 [2.01]** 0.004 [0.68] − 0.009 [− 1.16]
 5-lag IS*COVID 0.028 [3.01]***

This table presents the regression results of daily correlation on the BTC futures information shares as follows: 
correlationt = �0 + �1log(BTC futures trading activityt) + �2log(the other asset trading activityt) + �3ISt−i + �t , (Eq. 2), 
correlationt = �0 + �1log(BTC futures trading activityt)

+ �2log(the other asset trading activityt) + �3ISt−i + �4log(BTCmarket capt)

+ �5log(daily meanUSD transaction feet) + �6log(Google trendt)

+ �7time trendt + �8time trend
2
t
+ �t

  (Eq. 3), 

correlationt = �0 + �1log(BTC futures trading activityt) + �2log(the other asset trading activityt) + �3ISt−i
+�

4
IS

t−i × COVID + �
5
COVID + �

t
.  (Eq. 4) 

where i = 0,… , 5 days. The sample period starts from 18th December 2017 to 26th March 2021. SPY trades 
in Monday–Friday from 9:30 to 16:00 EST, the futures contracts of BTC, 10-year T-Note and gold trade in 
Sunday–Friday 17:00 to 16:00 CT, and the spot prices of BTC and gold are available 24 h throughout a day. 
SPY and 10-year T-Note futures are used to proxy for S&P500 and bond spot prices, respectively. The data on 
futures contracts and SPY are used to calculate trading activity of the corresponding assets. The daily realized 
correlations are calculated from the spot prices of BTC, S&P500, gold, and bond based on 1-min returns. The 
weekday fixed effects are included, and the Newey and West (1987) standard errors are adjusted for 5 lags
***, **, and *statistical significance at 1%, 5%, and 10% level, respectively.
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Table 4  Regression results for correlation with trading volume and five second-based information shares

Equation (2) Equation (3) Equation (4)

Coefficient t-stat Coefficient t-stat Coefficient t-stat

BTC-S&P500 correlation
 BTC volume 0.037 [7.5]*** 0.008 [1.71]* 0.007 [1.5]
 SPY volume 0.073 [5.04]*** 0.072 [5.79]*** 0.067 [5.13]***
 IS − 0.138 [− 6.87]*** − 0.072 [− 2.9]*** − 0.003 [− 0.17]
 IS*COVID − 0.201 [− 3.39]***
 BTC volume 0.035 [6.6]*** 0.005 [0.94] 0.003 [0.59]
 SPY volume 0.073 [5.02]*** 0.073 [5.81]*** 0.071 [5.3]***
 1-lag IS − 0.121 [− 6.33]*** − 0.043 [− 1.96]** 0.011 [0.58]
 1-lag IS*COVID − 0.119 [− 1.97]**
 BTC volume 0.034 [6.68]*** 0.005 [1.17] 0.004 [0.75]
 SPY volume 0.071 [4.95]*** 0.072 [5.8]*** 0.069 [5.26]***
 2-lag IS − 0.120 [− 6.07]*** − 0.054 [− 2.48]** 0.005 [0.24]
 2-lag IS*COVID − 0.153 [− 2.61]***
 BTC volume 0.033 [6.57]*** 0.005 [1.07] 0.003 [0.65]
 SPY volume 0.072 [4.96]*** 0.073 [5.81]*** 0.070 [5.28]***
 3-lag IS − 0.115 [− 5.86]*** − 0.046 [− 2.29]** 0.009 [0.46]
 3-lag IS*COVID − 0.132 [− 2.5]**
 BTC volume 0.033 [6.68]*** 0.005 [1.09] 0.004 [0.72]
 SPY volume 0.070 [4.86]*** 0.072 [5.74]*** 0.071 [5.36]***
 4-lag IS − 0.122 [− 6]*** − 0.055 [− 2.98]*** − 0.002 [− 0.12]
 4-lag IS*COVID − 0.119 [− 2.21]**
 BTC volume 0.034 [6.73]*** 0.006 [1.25] 0.004 [0.81]
 SPY volume 0.071 [4.9]*** 0.073 [5.79]*** 0.069 [5.29]***
 5-lag IS − 0.119 [− 5.92]*** − 0.064 [− 3.15]*** − 0.004 [− 0.22]
 5-lag IS*COVID − 0.171 [− 2.98]***

BTC-gold correlation
 BTC volume 0.006 [3.47]*** 0.000 [0.24] 0.000 [− 0.27]
 Gold volume 0.001 [0.82] − 0.001 [− 0.89] − 0.003 [− 2.28]**
 IS − 0.029 [− 4.6]*** − 0.007 [− 0.91] 0.009 [1.23]
 IS*COVID − 0.046 [− 2.35]**
 BTC volume 0.006 [3.3]*** 0.000 [0.28] − 0.001 [− 0.34]
 Gold volume 0.002 [1.02] − 0.001 [− 0.84] − 0.003 [− 2.26]**
 1-lag IS − 0.027 [− 4.25]*** − 0.004 [− 0.56] 0.009 [1.25]
 1-lag IS*COVID − 0.033 [− 1.56]
 BTC volume 0.006 [3.3]*** 0.001 [0.41] 0.000 [− 0.26]
 Gold volume 0.001 [0.89] − 0.001 [− 0.92] − 0.003 [− 2.42]**
 2-lag IS − 0.029 [− 4.54]*** − 0.010 [− 1.5] 0.005 [0.77]
 2-lag IS*COVID − 0.051 [− 2.55]**
 BTC volume 0.006 [3.31]*** 0.001 [0.43] 0.000 [− 0.23]
 Gold volume 0.002 [0.98] − 0.001 [− 0.89] − 0.003 [− 2.31]**
 3-lag IS − 0.026 [− 4.08]*** − 0.007 [− 1] 0.005 [0.71]
 3-lag IS*COVID − 0.039 [− 2.04]**
 BTC volume 0.006 [3.32]*** 0.001 [0.38] − 0.001 [− 0.4]
 Gold volume 0.002 [1.03] − 0.001 [− 0.79] − 0.003 [− 2.29]**
 4-lag IS − 0.025 [− 3.64]*** − 0.004 [− 0.64] 0.008 [1.1]
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Table 4  (continued)

Equation (2) Equation (3) Equation (4)

Coefficient t-stat Coefficient t-stat Coefficient t-stat
 4-lag IS*COVID − 0.038 [− 1.87]*
 BTC volume 0.006 [3.31]*** 0.001 [0.5] 0.000 [− 0.24]
 Gold volume 0.002 [0.97] − 0.001 [− 0.89] − 0.003 [− 2.22]**
 5-lag IS − 0.029 [− 4.18]*** − 0.014 [− 2.08]** 0.002 [0.24]
 5-lag IS*COVID − 0.061 [− 2.67]***

BTC-bond correlation
 BTC volume − 0.002 [− 1.32] 0.003 [1.97]** 0.002 [1.49]
 Bond volume − 0.001 [− 1.74]* − 0.002 [− 2.93]*** − 0.001 [− 2.47]**
 IS 0.007 [1.21] 0.011 [1.44] − 0.006 [− 0.83]
 IS*COVID 0.052 [2.84]***
 BTC volume − 0.002 [− 1.31] 0.003 [2.05]** 0.003 [1.76]*
 Bond volume − 0.001 [− 1.72]* − 0.002 [− 2.93]*** − 0.001 [− 2.24]**
 1-lag IS 0.002 [0.28] 0.002 [0.26] − 0.010 [− 1.43]
 1-lag IS*COVID 0.014 [0.67]
 BTC volume − 0.001 [− 1.01] 0.003 [2.24]** 0.003 [1.98]**
 Bond volume − 0.001 [− 1.6] − 0.002 [− 2.85]*** − 0.001 [− 2.3]**
 2-lag IS 0.005 [0.93] 0.010 [1.48] − 0.006 [− 0.88]
 2-lag IS*COVID 0.039 [2.48]**
 BTC volume − 0.002 [− 1.11] 0.004 [2.5]** 0.003 [2.2]**
 Bond volume − 0.001 [− 1.6] − 0.002 [− 2.86]*** − 0.001 [− 2.28]**
 3-lag IS 0.002 [0.37] 0.004 [0.47] − 0.013 [− 1.58]
 3-lag IS*COVID 0.041 [2.3]**
 BTC volume − 0.001 [− 0.92] 0.004 [2.57]** 0.003 [2.29]**
 Bond volume − 0.001 [− 1.6] − 0.002 [− 2.86]*** − 0.001 [− 2.19]**
 4-lag IS 0.003 [0.47] 0.004 [0.65] − 0.009 [− 1.34]
 4-lag IS*COVID 0.025 [1.44]
 BTC volume − 0.001 [− 0.88] 0.004 [2.43]** 0.003 [2.11]**
 Bond volume − 0.001 [− 1.61] − 0.002 [− 2.92]*** − 0.001 [− 2.22]**
 5-lag IS 0.004 [0.79] 0.010 [1.52] − 0.004 [− 0.6]
 5-lag IS*COVID 0.028 [1.76]*

This table presents the regression results of daily correlation on the BTC futures information shares as follows: 
correlationt = �0 + �1log(BTC futures trading activityt) + �2log(the other asset trading activityt) + �3ISt−i + �t , (Eq. 2), 
correlationt = �0 + �1log(BTC futures trading activityt)

+ �2log(the other asset trading activityt) + �3ISt−i + �4log(BTCmarket capt)

+ �5log(daily meanUSD transaction feet) + �6log(Google trendt)

+ �7time trendt + �8time trend
2
t
+ �t

  (Eq. 3), 

correlationt = �0 + �1log(BTC futures trading activityt) + �2log (the other asset trading activityt) + �3ISt−i
+�

4
IS

t−i × COVID + �
5
COVID + �

t
.  (Eq. 4) 

where i = 0,… , 5 days. The sample period starts from 18th December 2017 to 26th March 2021. SPY trades 
in Monday–Friday from 9:30 to 16:00 EST, the futures contracts of BTC, 10-year T-Note and gold trade in 
Sunday–Friday 17:00 to 16:00 CT, and the spot prices of BTC and gold are available 24 h throughout a day. 
SPY and 10-year T-Note futures are used to proxy for S&P500 and bond spot prices, respectively. The data on 
futures contracts and SPY are used to calculate trading activity of the corresponding assets. The daily realized 
correlations are calculated from the spot prices of BTC, S&P500, gold, and bond based on 1-min returns. The 
weekday fixed effects are included, and the Newey and West (1987) standard errors are adjusted for 5 lags
***, **, and *statistical significance at 1%, 5%, and 10% level, respectively



125

1 3

Journal of Industrial and Business Economics (2022) 49:111–131 

Table 5  Regression results for correlation with number of trades and one second-based information 
shares

Equation (2) Equation (3) Equation (4)

Coefficient t-stat Coefficient t-stat Coefficient t-stat

BTC-S&P500 correlation
 BTC # trade 0.029 [6.74]*** 0.010 [2.33]** 0.006 [1.32]
 SPY # trade 0.068 [5.61]*** 0.064 [5.77]*** 0.061 [5.21]***
 IS − 0.139 [− 9]*** − 0.074 [− 3.14]*** − 0.011 [− 0.6]
 IS*COVID − 0.137 [− 4.46]***
 BTC # trade 0.026 [5.26]*** 0.005 [1.18] 0.002 [0.32]
 SPY # trade 0.069 [5.52]*** 0.065 [5.75]*** 0.063 [5.28]***
 1-lag IS − 0.125 [− 8.3]*** − 0.048 [− 2.17]** 0.003 [0.16]

1-lag IS*COVID − 0.109 [− 3.39]***
 BTC # trade 0.025 [5.52]*** 0.007 [1.48] 0.003 [0.62]
 SPY # trade 0.069 [5.49]*** 0.065 [5.75]*** 0.064 [5.34]***
 2-lag IS − 0.124 [− 8.28]*** − 0.051 [− 2.45]** − 0.004 [− 0.22]
 2-lag IS*COVID − 0.103 [− 3.36]***
 BTC # trade 0.024 [5.08]*** 0.006 [1.27] 0.002 [0.34]
 SPY # trade 0.070 [5.5]*** 0.066 [5.78]*** 0.064 [5.29]***
 3-lag IS − 0.122 [− 8.2]*** − 0.047 [− 2.37]** − 0.001 [− 0.04]
 3-lag IS*COVID − 0.101 [− 3.13]***
 BTC # trade 0.024 [5.27]*** 0.005 [1.15] 0.002 [0.4]
 SPY # trade 0.069 [5.37]*** 0.066 [5.75]*** 0.065 [5.41]***
 4-lag IS − 0.120 [− 8.18]*** − 0.039 [− 2.25]** 0.004 [0.24]
 4-lag IS*COVID − 0.098 [− 3.27]***
 BTC # trade 0.024 [5.11]*** 0.006 [1.29] 0.002 [0.46]
 SPY # trade 0.069 [5.37]*** 0.066 [5.7]*** 0.063 [5.19]***
 5-lag IS − 0.120 [− 8.26]*** − 0.051 [− 2.42]** − 0.002 [− 0.11]
 5-lag IS*COVID − 0.118 [− 4.13]***

BTC-gold correlation
 BTC # trade 0.006 [3.47]*** 0.001 [0.55] 0.000 [− 0.14]
 Gold # trade − 0.001 [− 0.6] − 0.002 [− 1.23] − 0.004 [− 2.53]**
 IS − 0.034 [− 6.44]*** − 0.011 [− 1.85]* 0.001 [0.12]
 IS*COVID − 0.029 [− 2.49]**
 BTC # trade 0.005 [2.88]*** 0.000 [0.15] − 0.001 [− 0.6]
 Gold # trade 0.000 [− 0.06] − 0.002 [− 1.13] − 0.004 [− 2.47]**
 1-lag IS − 0.029 [− 5.6]*** − 0.003 [− 0.51] 0.008 [1.07]
 1-lag IS*COVID − 0.026 [− 2.23]**
 BTC # trade 0.005 [2.9]*** 0.001 [0.38] − 0.001 [− 0.41]
 Gold # trade 0.000 [− 0.23] − 0.002 [− 1.17] − 0.004 [− 2.46]**
 2-lag IS − 0.032 [− 6.17]*** − 0.010 [− 1.68]* 0.003 [0.45]
 2-lag IS*COVID − 0.032 [− 2.88]***
 BTC # trade 0.004 [2.7]*** 0.001 [0.4] − 0.001 [− 0.42]
 Gold # trade 0.000 [− 0.15] − 0.002 [− 1.22] − 0.004 [− 2.42]**
 3-lag IS − 0.032 [− 5.93]*** − 0.011 [− 1.87]* 0.001 [0.09]
 3-lag IS*COVID − 0.029 [− 2.56]**
 BTC # trade 0.005 [2.82]*** 0.000 [0.33] − 0.001 [− 0.44]
 Gold # trade 0.000 [− 0.08] − 0.002 [− 1.12] − 0.004 [− 2.4]**
 4-lag IS − 0.029 [− 5.45]*** − 0.006 [− 1.06] 0.004 [0.54]
 4-lag IS*COVID − 0.027 [− 2.49]**
 BTC # trade 0.004 [2.59]*** 0.001 [0.4] − 0.001 [− 0.39]



126 Journal of Industrial and Business Economics (2022) 49:111–131

1 3

Table 5  (continued)

Equation (2) Equation (3) Equation (4)

Coefficient t-stat Coefficient t-stat Coefficient t-stat

 Gold # trade 0.000 [− 0.08] − 0.002 [− 1.11] − 0.003 [− 2.27]**
 5-lag IS − 0.033 [− 6.04]*** − 0.014 [− 2.59]*** − 0.002 [− 0.3]
 5-lag IS*COVID − 0.035 [− 3.26]***

BTC-bond correlation
 BTC # trade − 0.001 [− 0.8] 0.002 [1.34] 0.002 [1.34]
 Bond # trade − 0.001 [− 2]** − 0.002 [− 2.99]*** − 0.002 [− 2.58]***
 IS 0.015 [3.16]*** 0.013 [2.02]** 0.000 [− 0.05]
 IS*COVID 0.032 [3.34]***
 BTC # trade − 0.001 [− 0.73] 0.003 [1.83]* 0.003 [1.77]*
 Bond # trade − 0.001 [− 1.94]* − 0.002 [− 2.98]*** − 0.002 [− 2.41]**
 1-lag IS 0.009 [1.94]* 0.003 [0.39] − 0.008 [− 1.15]
 1-lag IS*COVID 0.021 [1.93]*
 BTC # trade 0.000 [− 0.33] 0.003 [1.89]* 0.003 [2.04]**
 Bond # trade − 0.001 [− 1.81]* − 0.002 [− 2.88]*** − 0.002 [− 2.46]**
 2-lag IS 0.012 [2.55]** 0.010 [1.58] − 0.006 [− 0.86]
 2-lag IS*COVID 0.036 [3.59]***
 BTC # trade − 0.001 [− 0.47] 0.003 [2.31]** 0.003 [2.29]**
 Bond # trade − 0.001 [− 1.82]* − 0.002 [− 2.87]*** − 0.001 [− 2.28]**
 3-lag IS 0.009 [1.82]* 0.001 [0.2] − 0.011 [− 1.58]
 3-lag IS*COVID 0.024 [2.23]**
 BTC # trade 0.000 [− 0.32] 0.004 [2.43]** 0.004 [2.56]**
 Bond # trade − 0.001 [− 1.81]* − 0.002 [− 2.87]*** − 0.002 [− 2.31]**
 4-lag IS 0.008 [1.76]* 0.000 [0.04] − 0.014 [− 2.07]**
 4-lag IS*COVID 0.030 [2.98]***
 BTC # trade 0.000 [− 0.22] 0.003 [2.34]** 0.003 [2.33]**
 Bond # trade − 0.001 [− 1.8]* − 0.002 [− 2.91]*** − 0.002 [− 2.34]**
 5-lag IS 0.009 [1.98]** 0.004 [0.7] − 0.008 [− 1.13]
 5-lag IS*COVID 0.028 [3]***

This table presents the regression results of daily correlation on the BTC futures information shares as follows: 
correlationt = �0 + �1log(BTC futures trading activityt) + �2log(the other asset trading activityt) + �3ISt−i + �t , (Eq. 2), 
correlationt = �0 + �1log(BTC futures trading activityt)

+ �2log(the other asset trading activityt) + �3ISt−i + �4log(BTCmarket capt)

+ �5log(daily meanUSD transaction feet) + �6log (Google trendt)

+ �7time trendt + �8time trend
2
t
+ �t

  (Eq. 3), 

correlationt = �0 + �1log(BTC futures trading activityt) + �2log(the other asset trading activityt) + �3ISt−i
+�

4
IS

t−i × COVID + �
5
COVID + �

t
.  (Eq. 4)

where i = 0,… , 5 days. The sample period starts from 18th December 2017 to 26th March 2021. SPY 
trades in Monday–Friday from 9:30 to 16:00 EST, the futures contracts of BTC, 10-year T-Note and 
gold trade in Sunday–Friday 17:00 to 16:00 CT, and the spot prices of BTC and gold are available 24 h 
throughout a day. SPY and 10-year T-Note futures are used to proxy for S&P500 and bond spot prices, 
respectively. The data on futures contracts and SPY are used to calculate trading activity of the cor-
responding assets. The daily realized correlations are calculated from the spot prices of BTC, S&P500, 
gold, and bond based on 1-min returns. The weekday fixed effects are included, and the Newey and West 
(1987) standard errors are adjusted for 5 lags
***, **, and *Statistical significance at 1%, 5%, and 10% level, respectively
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Table 6  Regression results for correlation with number of trades and five second-based information 
shares

Equation (2) Equation (3) Equation (4)

Coefficient t-stat Coefficient t-stat Coefficient t-stat

BTC-S&P500 correlation
 BTC # trade 0.032 [6.89]*** 0.008 [1.8]* 0.006 [1.37]
 SPY # trade 0.078 [5.72]*** 0.066 [5.83]*** 0.062 [5.11]***
 IS − 0.131 [− 6.6]*** − 0.075 [− 2.94]*** − 0.010 [− 0.46]
 IS*COVID − 0.187 [− 3.15]***
 BTC # trade 0.030 [5.91]*** 0.005 [1.02] 0.002 [0.44]
 SPY # trade 0.078 [5.68]*** 0.067 [5.84]*** 0.065 [5.31]***
 1-lag IS − 0.116 [− 6.03]*** − 0.049 [− 2.15]** 0.002 [0.12]
 1-lag IS*COVID − 0.110 [− 1.83]*
 BTC # trade 0.029 [6.01]*** 0.006 [1.23] 0.003 [0.6]
 SPY # trade 0.077 [5.67]*** 0.066 [5.86]*** 0.064 [5.31]***
 2-lag IS − 0.116 [− 5.87]*** − 0.061 [− 2.69]*** − 0.005 [− 0.28]
 2-lag IS*COVID − 0.143 [− 2.48]**
 BTC # trade 0.028 [5.92]*** 0.005 [1.13] 0.002 [0.48]
 SPY # trade 0.077 [5.65]*** 0.067 [5.85]*** 0.065 [5.31]***
 3-lag IS − 0.111 [− 5.63]*** − 0.052 [− 2.48]** 0.000 [− 0.01]
 3-lag IS*COVID − 0.122 [− 2.32]**
 BTC # trade 0.029 [6.03]*** 0.005 [1.14] 0.003 [0.52]
 SPY # trade 0.076 [5.59]*** 0.066 [5.81]*** 0.066 [5.44]***
 4-lag IS − 0.117 [− 5.73]*** − 0.060 [− 3.11]*** − 0.010 [− 0.55]
 4-lag IS*COVID − 0.108 [− 2.04]**
 BTC # trade 0.029 [6.08]*** 0.006 [1.26] 0.003 [0.62]
 SPY # trade 0.077 [5.6]*** 0.066 [5.85]*** 0.064 [5.34]***
 5-lag IS − 0.113 [− 5.68]*** − 0.068 [− 3.23]*** − 0.012 [− 0.62]
 5-lag IS*COVID − 0.158 [− 2.77]***

BTC-gold correlation
 BTC # trade 0.005 [3.17]*** 0.000 [0.08] − 0.001 [− 0.4]
 Gold # trade 0.001 [0.67] − 0.002 [− 1.18] − 0.004 [− 2.5]**
 IS − 0.028 [− 4.45]*** − 0.006 [− 0.89] 0.010 [1.29]
 IS*COVID − 0.046 [− 2.37]**
 BTC # trade 0.005 [2.99]*** 0.000 [0.13] − 0.001 [− 0.5]
 Gold # trade 0.001 [0.86] − 0.002 [− 1.13] − 0.004 [− 2.47]**
 1-lag IS − 0.025 [− 4.13]*** − 0.004 [− 0.54] 0.010 [1.33]
 1-lag IS*COVID − 0.033 [− 1.58]
 BTC # trade 0.005 [2.95]*** 0.000 [0.22] − 0.001 [− 0.45]
 Gold # trade 0.001 [0.77] − 0.002 [− 1.18] − 0.004 [− 2.6]***
 2-lag IS − 0.027 [− 4.44]*** − 0.009 [− 1.49] 0.006 [0.87]
 2-lag IS*COVID − 0.051 [− 2.6]***
 BTC # trade 0.005 [2.97]*** 0.000 [0.26] − 0.001 [− 0.42]
 Gold # trade 0.001 [0.82] − 0.002 [− 1.19] − 0.004 [− 2.51]**
 3-lag IS − 0.025 [− 3.93]*** − 0.007 [− 0.99] 0.006 [0.78]
 3-lag IS*COVID − 0.039 [− 2.07]**
 BTC # trade 0.005 [2.99]*** 0.000 [0.23] − 0.001 [− 0.58]
 Gold # trade 0.001 [0.86] − 0.002 [− 1.1] − 0.004 [− 2.48]**
 4-lag IS − 0.023 [− 3.46]*** − 0.004 [− 0.62] 0.009 [1.18]
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Table 6  (continued)

Equation (2) Equation (3) Equation (4)

Coefficient t-stat Coefficient t-stat Coefficient t-stat

 4-lag IS*COVID − 0.038 [− 1.89]*
 BTC # trade 0.005 [2.94]*** 0.000 [0.29] − 0.001 [− 0.44]
 Gold # trade 0.001 [0.84] − 0.002 [− 1.16] − 0.004 [− 2.39]**
 5-lag IS − 0.028 [− 4.02]*** − 0.014 [− 2.07]** 0.002 [0.32]
 5-lag IS*COVID − 0.061 [− 2.68]***

BTC-bond correlation
 BTC # trade − 0.001 [− 0.9] 0.003 [1.83]* 0.002 [1.46]
 Bond # trade − 0.001 [− 1.85]* − 0.002 [− 2.96]*** − 0.002 [− 2.54]**
 IS 0.006 [1.08] 0.011 [1.46] − 0.006 [− 0.81]
 IS*COVID 0.051 [2.83]***
 BTC # trade − 0.001 [− 0.96] 0.003 [1.87]* 0.003 [1.78]*
 Bond # trade − 0.001 [− 1.85]* − 0.002 [− 2.98]*** − 0.001 [− 2.3]**
 1-lag IS 0.001 [0.15] 0.002 [0.3] − 0.010 [− 1.4]
 1-lag IS*COVID 0.014 [0.66]
 BTC # trade − 0.001 [− 0.63] 0.003 [2.09]** 0.003 [1.98]**
 Bond # trade − 0.001 [− 1.7]* − 0.002 [− 2.87]*** − 0.002 [− 2.37]**
 2-lag IS 0.004 [0.83] 0.010 [1.5] − 0.006 [− 0.85]
 2-lag IS*COVID 0.039 [2.51]**
 BTC # trade − 0.001 [− 0.79] 0.003 [2.29]** 0.003 [2.17]**
 Bond # trade − 0.001 [− 1.73]* − 0.002 [− 2.88]*** − 0.002 [− 2.35]**
 3-lag IS 0.002 [0.29] 0.004 [0.49] − 0.012 [− 1.54]
 3-lag IS*COVID 0.040 [2.29]**
 BTC # trade − 0.001 [− 0.58] 0.003 [2.36]** 0.003 [2.29]**
 Bond # trade − 0.001 [− 1.73]* − 0.002 [− 2.89]*** − 0.001 [− 2.26]**
 4-lag IS 0.002 [0.39] 0.005 [0.69] − 0.009 [− 1.28]
 4-lag IS*COVID 0.024 [1.44]
 BTC # trade − 0.001 [− 0.52] 0.003 [2.28]** 0.003 [2.14]**
 Bond # trade − 0.001 [− 1.74]* − 0.002 [− 2.95]*** − 0.002 [− 2.29]**
 5-lag IS 0.004 [0.7] 0.010 [1.53] − 0.004 [− 0.56]
 5-lag IS*COVID 0.028 [1.75]*

This table presents the regression results of daily correlation on the BTC futures information shares as follows: 
correlationt = �0 + �1log(BTC futures trading activityt) + �2log(the other asset trading activityt) + �3ISt−i + �t , (Eq. 2),  
correlationt = �0 + �1log(BTC futures trading activityt)

+ �2log(the other asset trading activityt) + �3ISt−i + �4log(BTCmarket capt)

+ �5log(daily meanUSD transaction feet) + �6log(Google trendt)

+ �7time trendt + �8time trend
2
t
+ �t

  (Eq. 3), 

correlationt = �0 + �1log(BTC futures trading activityt) + �2log(the other asset trading activityt) + �3ISt−i
+�

4
IS

t−i × COVID + �
5
COVID + �

t
.  (Eq. 4)

where i = 0,… , 5 days. The sample period starts from 18th December 2017 to 26th March 2021. SPY trades 
in Monday–Friday from 9:30 to 16:00 EST, the futures contracts of BTC, 10-year T-Note and gold trade in 
Sunday–Friday 17:00 to 16:00 CT, and the spot prices of BTC and gold are available 24 h throughout a day. 
SPY and 10-year T-Note futures are used to proxy for S&P500 and bond spot prices, respectively. The data on 
futures contracts and SPY are used to calculate trading activity of the corresponding assets. The daily realized 
correlations are calculated from the spot prices of BTC, S&P500, gold, and bond based on 1-min returns. The 
weekday fixed effects are included, and the Newey and West (1987) standard errors are adjusted for 5 lags
***, **, and *statistical significance at 1%, 5%, and 10% level, respectively
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contribution of futures price to BTC price discovery, BTC and S&P500 price move 
in the opposite direction. This finding is aligned with the portfolio rebalancing chan-
nel whereby investors facing lower yields on securities may turn to higher-yield-
ing alternatives (Modigliani & Sutch, 1966; Paludkiewicz, 2021; Tobin, 1969). In 
other words, profit-seeking institutional investors who prefer high risk-adjusted asset 
returns5 potentially reduce their exposure in the equity market to allocate funds 
into the BTC market and vice versa. This leads to the equity selling (buying) pres-
sure that decreases (increases) equity price and BTC buying (selling) pressure that 
increases (decreases) BTC price. The impact is not short-lived given that the coef-
ficients on the lagged information shares are negative and statistically significant, 
though they reduce in magnitude. These results suggest that BTC may act as a hedge 
against a stock market crash and it should be included in a well-diversified portfolio. 
The regression of BTC-gold correlation also reports the negative and statistically 
significant coefficients on the information shares at the 1% significance level in most 
cases of Eq. (2), suggesting that the portfolio rebalance also takes place in the BTC 
and gold markets. We also run several robustness tests that take into account other 
controls as well as the COVID pandemic (see Eqs. (3) and (4) in Table 3, 4, 5, 6). 
For the sake of brevity, we do not report the coefficients of additional controls, and 
they are available upon request.6 In general, the negative coefficient of information 
shares on BTC-S&P500 correlation remains statistically significant in Eq. (3), and 
the results are more striking from 2020 with the statistically significant coefficient 
of the interaction term in Eq.  (4). The conclusions remain the same for the BTC-
gold correlation regression, although the negative coefficient of information shares 
reduce its statistical significance in Eq.  (3). Our results show that the COVID-19 
pandemic has a material impact on the relation between the information shares and 
cross-asset correlation with the stronger and statistically significant coefficient over 
the period starting from 2020. This also suggests that the participation of institu-
tional investors in the BTC market is more widely recognized from 2020.

With respect to the results of the BTC-bond correlation, it is interesting that the 
coefficients of information shares flip to positive in Table 3, 4, 5 and 6, and they 
reduce in magnitude and statistical significance in Table 4 and 6 and in the case of 
lagged information shares. Similar to the case of BTC-S&P500 and BTC-gold cor-
relations, the result is stronger with statistical significance at the 1–10% level over 
the period starting from 2020 as seen from the interaction term coefficient. In con-
trast to the S&P500 and gold markets, the bond market does not support the port-
folio rebalance channel, which can be explained by the fact that bondholders may 
potentially not be driven by profit-seeking.7

6 We document that the coefficients on BTC market capitalization, daily mean transaction fee of BTC 
blockchain, and Google trend are statistically significant negative, positive and negative, respectively, in 
the regression of BTC-S&P500 and BTC-gold correlation. The coefficients flip the sign and remain sta-
tistically significant in the BTC-bond regression.

5 See http:// charts. woobu ll. com/ bitco in- risk- adjus ted- return/ for the Sharpe ratio of different assets.

7 See https:// ticda ta. treas ury. gov/ Publi sh/ mfh. txt that foreign investors are the largest holder of U.S. 
treasury bond market.

http://charts.woobull.com/bitcoin-risk-adjusted-return/
https://ticdata.treasury.gov/Publish/mfh.txt
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4  Conclusion

We find that the information shares in the spirit of Hasbrouck (1995, 2003) have 
significantly positive impacts on the BTC futures trading activity and that the 
futures market contributes to the BTC price discovery. This indicates that spot 
market participants incorporate information from the BTC futures trading activi-
ties in the CME exchange typically dominated by institutional investors.

Moreover, the estimation results reveal that increases in information shares 
negatively affect both the pairwise correlations BTC-SP500 and BTC-gold, 
especially from the start of 2020. Those negative relationships could indicate 
that as institutional investors allocate more (less) funds into BTC, they decrease 
(increase) their SP500 and gold positions as part of their allocation strategies. 
In contrast, increases in the information shares raise the BTC-bond correlation. 
Since the BTC market is quite fragmented with multiple venues including deriva-
tive contracts across the world such as the Grayscale BTC Trust, BTC ETFs and 
Futures trading at different time zones, future studies could analyze more in detail 
how the price discovery of BTC takes place, especially with the upcoming BTC 
ETFs in the U.S. that help institutional investors gain more exposure to BTC.

One drawback of our study is we only focus on the BTC market because of its 
largest market capitalization in the cryptocurrency world. While BTC has been 
approved by regulators in some developed countries such as Canada and the U.S. 
for futures trading and exchange traded funds, many others among over ten thou-
sand cryptocurrencies are subjective to regulation and they are often considered 
as securities. It is therefore interesting for future studies to examine how institu-
tional trading activity can impact the pairwise correlations between other crypto-
currencies and traditional assets, where price discovery of securities-akin crypto-
currencies and institutional interest depend on technological capabilities (Philippi 
et al., 2021) and regulations (Allen et al., 2021).
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