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Abstract: This paper studies the causal relationship between Bitcoin and other investment assets.
We first test Granger causality and then calculate transfer entropy as an information-theoretic
approach. Unlike the Granger causality test, we discover that transfer entropy clearly identifies
causal interdependency between Bitcoin and other assets, including gold, stocks, and the U.S. dollar.
However, for symbolic transfer entropy, the dynamic rise-fall pattern in return series shows an
asymmetric information flow from other assets to Bitcoin. Our results imply that the Bitcoin market
actively interacts with major asset markets, and its long-term equilibrium, as a nascent market,
gradually synchronizes with that of other investment assets.
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1. Introduction

The Bitcoin (we use a capital B, i.e., Bitcoin, to refer to the system, and a lowercase b, i.e., bitcoin,
to refer to the unit of account [1]) market, which was valued only at 0.00076 U.S. dollar (henceforth,
USD) per bitcoin in its beginnings, has grown to a market capitalization of 130 billion dollars at
present. At the same time, drastic market falls and rises have led to concerns and controversies.
Owing to the rapid growth in market capitalization and extreme price fluctuations, legislators and
economists came up with a definition of what cryptocurrency is in an economic context. Considering
its potential impact on marketplaces, we investigate the characteristics of cryptocurrency as an asset,
which could give us clues about cryptocurrency and its role, e.g., as a hedging instrument or its
diversification benefits.

Bitcoin, which has the longest history and dominant market capitalization compared to the other
cryptocurrencies, has been used in most of the literature as a representative for cryptocurrency. In
particular, various studies have concurrently tried to characterize Bitcoin as a currency or
commodity. Some have documented that the issuance and circulation system of Bitcoin guarantee its
scarcity and lower the transaction costs in foreign exchanges [1,2]. Others have reported that Bitcoin
could be used as an investment asset as a hedging or diversification tool and considerably reduce the
risk of a portfolio [3,4]. However, the literature is inconclusive about its features, as Bitcoin has unique
risk-return characteristics, and is volatile in a way that is unlike other assets [5,6]. For example,
Yermack [7] argued that Bitcoin is neither a complementary currency nor a commodity. As such,
there is a debate over the nature of Bitcoin that has yet to reach unanimous agreement.

As an extension, Erdas and Caglar [8] identified that Bitcoin only has a limited causal relation
with the S&P 500 Index, and not with other assets, such as Brent oil, the USD, and the Borsa Istanbul
100 Index. Corelli [9] showed that only a few Asian currencies, such as the Thai baht and Taiwan
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dollar, have causal links with Bitcoin. On the contrary, a causal interconnection, namely information
flow, is well identified between Bitcoin and altcoins, where the cryptocurrency market itself seems to
be relatively isolated from, or independent of, other assets [10,11].

This study aims to identify the causal relationship between Bitcoin and other investment assets.
In causality tests, we discover that the information-theoretic approach clearly differs from the linear
autoregressive approach. Our results present strong interconnections between Bitcoin and other
assets, and suggest that the Bitcoin market actively interchanges information with other markets.
Conversely, a symbolized dynamic rise—fall pattern reveals an information flow with an asymmetry
from other investment assets to Bitcoin. In terms of the dynamic pattern in a return series, our
findings imply that the nascent Bitcoin market potentially synchronizes with other asset markets that
have more trading activities and less uncertainty [12-14].

The remainder of this paper is organized as follows: Section 2 describes data and methodology.
Section 3 reveals the results, Section 4 discusses them, and Section 5 provides the conclusion.

2. Materials and Methods

2.1. Data

Our data spanned five years, from January 2014 to December 2018, and we used daily log
returns. The sample period started from the beginning of 2014 when Mt. Gox (the largest
cryptocurrency exchange, handling about 70% to 80% of Bitcoin transactions by 2013) went bankrupt
and the Bitcoin price collapsed [15]. The price of Bitcoin, in terms of USD per bitcoin, is provided by
Quandl.com. Bitcoin exchange operates 24 hours a day, and thus we chose the closing price based on
that disclosed at 19:00 EST when the relevant data were updated. The S&P 500 Index is the daily
closing price provided by the Center for Research in Security Prices, and gold is the international
gold daily closing price (in USD) provided by Goldprice.org. USD/EUR is the exchange rate provided
by the Federal Reserve Bank. Table 1 summarizes the descriptive statistics in detail.

Table 1. Descriptive statistics for daily log returns of Bitcoin, S&P 500, gold, and USD/EUR.

Min. Max. Mean Std. Skewness  Kurtosis
Bitcoin —0.27 0.25 8.96 x 1074 3.85x 1072 —0.24 6.25
S&P 500 —0.04 0.05 2.50 x 1074 8.35%x 1073 —0.50 3.79
Gold —0.03 0.04 5.66 X 1075 8.75x 1073 0.15 1.83
USD/EUR  —0.03 0.03 —-135x10"* 533x1073 0.11 2.52

The number of observations is 1062 for all variables. Std., Min., and Max. are standard deviation,
minimum and maximum values of each time series, respectively.

Bitcoin has the smallest minimum and the largest maximum values among all the assets
considered, thus suggesting extreme fluctuations in market returns. The kurtosis of Bitcoin is about
two to three times larger than that of the S&P 500 and gold, and has the largest standard deviation in
order of magnitude. These leptokurtic and fat-tailed natures further indicate that the proportion of
extreme values in Bitcoin returns are quite high. In addition, negative skewness implies investors’
risk aversion attitude in the Bitcoin market as in the stock markets [16].

2.2. Granger Causality

Let X; and Y; be the two time series. Weiner [17] documented that Y; is “Causing” X, if we
are better off in predicting X, using information including Y; than by using information about X,
only. Especially, the Weiner—Granger causality numerically defines the concept of the causal
relationship between the two variables [18]. In general, we define that ¥; “Granger causes” X, to
avoid confusion by using the term “Causality” itself when there is a statistically significant regression
coefficient of Y,. The Granger causality test assumes that the following specification in vector
autoregression with lag p, denoted by VAR(p), holds for two stationary time series, X; and Y;:
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Xe=a+3_ B + X0 VX + e, (1)

where a denotes a constant term; f; presents a coefficient that quantifies the extent to which Y,_;
explains X;; y; is an autoregressive coefficient that quantifies the extent to which X,_; explains X;;
€, indicates Gaussian white noise; and p represents the largest lag order obtained from the Akaike
Information Criterion (AIC), Hannan Quinn (HQ), Schwarz Criterion (SC), and Final Prediction Error
(FPE) [19-21]. The null hypothesis, that is “Y; does not Granger cause X,” is defined as follows:

Ho’ﬁ1=ﬁz="'=ﬁp=0~ 2)

2.3. Transfer Entropy

Transfer entropy between two variables, e.g., X; and Y; for Xt(k) ={X;, X¢_1,+, Xe_} and Yt(l) =
{Y;, Ye_1,-, Y;_1}, can be expressed as follows [22]:

Tyox = H(Xt+1|Xt(k)) - H(Xt+1|Xt(k)J Yt(l))’ @)

where H (Xt+1|Xt(k)) denotes the degree of uncertainty for predicting X,,, for a given Xt(k) and
H(X 41 |Xt(k), Yt(l)) stands for the degree of uncertainty for predicting X,,, for a given Xt(k) and Yt(l):
Both are expressed by conditional entropy. Therefore, transfer entropy Ty_x can be considered to be
an asymmetric measure that enables us to estimate the information flow transmitted from Yt(l).

We calculated transfer entropy through a histogram analysis, one of the most commonly used
discretization methods. Specifically, we considered a histogram defined on equally-spaced intervals
(also known as bins). For a random sample, using the mean squared error, the bin width was
determined by selecting an appropriate number of bins in the sample range [23-25]. Then, we
calculated the conditional entropy of the discrete random variables [26] and finally estimated transfer
entropy.

Next, we also considered symbolic time series analysis (STSA) as an alternative since it is
common in various research fields, such as physics, information theory, and finance [27,28]. Based
on the time-varying fluctuations in return series, STSA converts a real value into a series of symbols.
First, every consecutive return was converted to binary numbers, i.e., 0Os and 1s, reflecting the
dynamic rise—fall pattern of the series. Subsequently, the binary numbers were transformed to a series
of sequence bundles. Following Ahn et al. [28], we defined the size of a rolling window to quantify
the sequence of binary numbers and then converted all of the corresponding sequence bundles into
a new series of decimal numbers. Finally, transfer entropy could be obtained from the two decimal
series.

3. Results

3.1. Granger Causality Test

Table 2 shows the null hypothesis and results of the Granger causality test on the basis of the
bivariate VAR(p) model. Under the optimal lag order of p = 1, the change of Bitcoin prices “Granger
causes” the change of gold prices, but not the other way around. The change of S&P 500 and Bitcoin
prices mutually “Granger caused” each other. However, regardless of lag orders, we could not find
any significant causal link between Bitcoin and USD/EUR return series. We performed AIC, HQ, SC,
and FPE before building up the VAR model and finally set the optimal lag order p = 1. We also
conducted the Granger causality test with lag order p = 2 to examine the robustness of our results.
We concluded that the change of lag orders does not have a significant effect on our results.

Table 2. Granger causality tests.

Null Hypothesis (Hy) F-statistics (p = 1)
Gold » Bitcoin 0.40
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Bitcoin » Gold 2.83*
S&P 500 + Bitcoin 2.88%
Bitcoin + S&P 500 3.24%
USD/EUR -+ Bitcoin 0.84
Bitcoin +» USD/EUR 0.08

The notation “A + B” denotes the null hypothesis that “A does not Granger cause B.” F-statistic is
used and * indicates significance at the 10% level.

3.2. Normality Test

The VAR(p) model requires the residuals to be Gaussian white noise. Thus, we performed a
normality test on the residuals of the bivariate VAR(p) model. Table 3 summarizes the normality test
results. The test statistics of Jarque-Bera and kurtosis are all larger than the 1% critical value and that
of skewness is larger than the 10% and 1% critical value for two residual series of each VAR(p) model,
ie, Mg and Mgy, respectively. As a result, we can reject the null hypothesis that the residuals of
the VAR(p) model are normally distributed.

Table 3. Jarque-Bera, skewness, and kurtosis tests on the residuals of the bivariate VAR(p) model.

Hy: Residuals are normally distributed

Jarque-Bera Skewness Kurtosis
Mg ¢ 2.49 x 103%* 7.43* 2.48 x 103***
Mg 2.81 x 103*** 44.19** 2.77 X 103**
Mgy 2.64 x 103*** 2.96 2.64 x 103**

Jarque-Bera, skewness, and kurtosis were tested using ? statistics. * and *** indicate significance at
the 10% and 1% levels, respectively. My is the residuals of the bivariate VAR(p) model between the
two asset returns, such as X and Y, where B, G, S, and U represent Bitcoin, gold, S&P 500, and
USD/EUR, respectively.

3.3. Transfer Entropy

Information flow could measure the hidden cause-effect between dynamic events [29]. We used
transfer entropy to examine the causal relationship that is free from the assumption of linear
autocorrelation between the two assets. Effective transfer entropy [30,31] is also considered to cope
with the sample bias. Histogram-based transfer entropy presented mutual information flow,
implying statistical interdependence between Bitcoin and all the other assets, as shown in Figure 1a.
We estimated entropy with the bin width following Freedman-Diaconis [25] by setting k =1 =1,
the same condition as in the Granger causality test. Because the size of bins, related to the number of
possible states of the system, could affect the entropy (amount of information [32]), we further
investigated the robustness of our results with k =1 = 2.

We then calculated the transfer entropy by symbolizing the patterns in the return series through
applying STSA, which is robust and powerful in detecting causal link between the two variables
having nonlinearities [33]. The results show causal dependencies between the assets, different from
the histogram-based transfer entropy, as presented in Figure 1b. The transfer entropy using STSA
estimated cause-effect of the dynamic rise—fall patterns in the return series, indicating that
information about the return series of other investment assets has a relatively stronger effect on that
of Bitcoin than the other way around. For STSA, we set the window size S = 5, trading days a week.
It is also robust with the results of S = 3,4, 6,7. Furthermore, weset k =1=1 and k =1 =2 forthe
same conditions as in the histogram-based transfer entropy and confirmed the robustness of our
results.



Entropy 2019, 21, 1116 5 of 8

= som
Gou [ peoar N

p>0.10
2.95%* 279" 0.74* 1.69***
(0.0102) (0.0120) (0.0195) (0.0373)
Bitcoin Bitcoin
273" 2.84** 1.00* 0.92
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(a) (b)

Figure 1. (a) Transfer entropy by histogram analysis; and (b) Transfer entropy by STSA (S = 5). We
display the information flow between the assets. The arrow represents the causal link, and the number
indicates the estimated value of transfer entropy (the value of effective transfer entropy is also
denoted in parentheses). The arrows are colored differently for each value and statistical significance.
The significance level was evaluated by bootstrapping the underlying Markov process [31,34]. * and

*** indicate the significance at the 10% and 1% levels, respectively.

4. Discussion

Many studies have used the Granger causality test to measure causal relationships between
various time series: price fluctuations in oil and gold markets [35] and contemporaneous effects
between stock returns and foreign exchange rates [36]. Earlier studies have identified a causal link of
Bitcoin with gold futures [37] and with stock markets, in particular the S&P 500, in major countries
[8]. Notably, there is still no empirical evidence about a causal link between Bitcoin and fiat money
(e.g., the USD) in commonwealth countries except for a few Asian countries, such as the Thai baht
and Taiwan dollar [8,9]. Thus, our results are generally in line with the literature; Bitcoin has a limited
causal link only with some investment assets, which is asymmetric, primarily from other assets to
Bitcoin.

However, as shown in Table 3, we need to pay extra attention when interpreting the results of
Granger causality tests on the basis of the VAR(p) model; Jarque-Bera, skewness, and kurtosis clearly
indicate that the residuals do not have a normal distribution. Although the linear autoregressive
assumption allows the Granger causality test to explain intuitively the cause-effect relationship
between variables; it is too naive to explain the interactions in complex systems. It is based on
correlations, which refer to a second-order statistical relationship, and so it constrains its relevance
to linear systems [38]. The Bitcoin market and each investment asset market are generally considered
to be complex systems, and the VAR(p) model used for the Granger causality test violates its basic
assumption.

Transfer entropy, on the contrary, does not assume linear autoregression between variables,
which makes it possible to test causality between non-linearly interacting variables [39]. Therefore, it
has been widely used in many places to set apart driving and responding elements of the system [40].
In particular, financial markets are complex systems that express collective phenomena on the basis
of the interacting individual agents [41], so transfer entropy can better detect inter-causality than the
Granger causality test. For example, Marschinski and Kantz [30] measured the transfer entropy
between the Dow Jones and DAX index (German stock index) and showed that there is a statistical
dependency between the two. Kwon and Yang [42] analyzed stock indices between countries and
documented that the United States is the dominant source of the information flow. Specifically, Pele
and Pele [43] analyzed intraday log return series of Bitcoin using several econometric models and
concluded that the entropy-based Value at Risk forecast provides the best results compared to the
GARCH-based classical forecasts.
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As shown in Figure la, Bitcoin mutually exchanges information with other assets and hence
could serve as a hedging instrument for commodity and financial assets [3,4]. Moreover, Bitcoin even
interacts with currency and is regarded as a payment platform, which supports the role of currency
having many conversions and real-time exchanges with conventional currencies [1]. In particular,
considering the magnitude and the statistical significance level, the dependency between Bitcoin and
the others is similar so that the assets potentially interrelate with each other: Other markets are
mutually coupled with Bitcoin’s. In other words, Bitcoin is more likely to be an asset that actively
passes on information than is an unreciprocated information respondent.

Transfer entropy has been proposed to estimate the directionality of the coupling between
dynamic systems [38], and a method such as symbolic transfer entropy is often used for reducing
errors and bias correction of the numerical approximation. Figure 1b clearly exhibits that the other
investment assets drive the Bitcoin market so that the symbolic pattern of the others at a given time
influences that of Bitcoin’s. It further supports the hypothesis that a market with more trading
activities (larger trading volume) and smaller uncertainty (less return volatility) is conducive to
having a leading information discovery role than is a market with relatively smaller trading activities
and more uncertainty [12-14]. In sum, the dynamic patterns of the return series reveal the dominance
of the information discovery, and our results suggest that, in the long term, as a nascent market, the
Bitcoin market potentially matures [44] and/or synchronizes with other investment assets.

5. Conclusions

This study analyzed the causal relationship between Bitcoin and three major investment assets.
Unlike the linear autocorrelation approach, particularly the Granger causality test, histogram-based
transfer entropy confirmed the existence of mutual information flow between Bitcoin and the other
investment assets. STSA-based transfer entropy, however, revealed the asymmetric information flow
mainly from major investment assets to Bitcoin. The results indicated that the Bitcoin market—
regarded as an isolated market—indeed, actively interacts with stock, commodity, and even foreign
exchange markets. Transfer entropy, according to the symbolic rise—fall pattern in the return series,
further implied that the nascent and immature Bitcoin market gradually synchronizes with other
markets possessing investor trading experience. Additionally, this study offered evidence that
supports Bitcoin as a complementary currency and a hedging instrument beyond a speculative asset.

Author Contributions: Conceptualization, W.CK. and K.A.; methodology, SM.J.,, E.Y,, W.CK,, and K.A;;
software, S.M.]. and E.Y.; validation, W.C.K. and K.A; formal analysis, 5.M.]. and E.Y.; investigation, S.M.]. and
E.Y,; resources, W.C.K. and K.A ; data curation, S.M.]. and E.Y.; writing—original draft preparation, S.M.]. and
E.Y; writing—review and editing, W.C.K. and K. A ; visualization, S.M.]. and E.Y ; supervision, W.C.K. and K.A ;
project administration, K.A.; funding acquisition, K.A.

Funding: This research was funded by Yonsei University (New Faculty Research Seed Funding Grant) (K.A.).

Conflicts of Interest: The authors in this study declare no conflict of interest.

References

1.  Bohme, R.; Christin, N.; Edelman, B.; Moore, T. Bitcoin: Economics, technology, and governance. J. Econ.
Perspect. 2015, 29, 213-238. doi:10.1257/jep.29.2.213.

2. Kim, T. On the transaction cost of Bitcoin. Financ. Res. Lett. 2017, 23, 300-305. doi:10.1016/;.fr1.2017.07.014.

3. Chuy, J.; Chan, S.; Nadarajah, S.; Osterrieder, ]. GARCH modelling of cryptocurrencies. J. Risk Financ. Manag.
2017, 10, 17. doi:10.3390/jrfm10040017.

4. Guesmi, K.; Saadj, S.; Abid, L; Ftiti, Z. Portfolio diversification with virtual currency: Evidence from bitcoin.
Int. Rev. Financ. Anal. 2019, 63, 431-437. d0i:10.1016/j.irfa.2018.03.004.

5. Baur, D.G.; Dimpfl, T.; Kuck, K. Bitcoin, gold and the US dollar-A replication and extension. Financ. Res.
Lett. 2018, 25, 103-110. d0i:10.1016/j.fr1.2017.10.012.

6. Klein, T.; Thu, H.P.; Walther, T. Bitcoin is not the new gold—A comparison of volatility, correlation, and
portfolio performance. Int. Rev. Financ. Anal. 2018, 59, 105-116. doi:10.1016/j.irfa.2018.07.010.



Entropy 2019, 21, 1116 7 of 8

7.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

Yermack, D. Is Bitcoin a Real Currency? An Economic Appraisal. In Handbook of Digital Currency; Lee,
K.C.D,, Ed.; Academic Press: Cambridge, MA, USA, 2015; pp. 31-43.

Erdas, M.L.; Caglar, A.E. Analysis of the relationships between Bitcoin and exchange rate, commodities
and global indexes by asymmetric causality test. East. J. Eur. Stud. 2018, 9, 27-45.

Corelli, A. Cryptocurrencies and exchange rates: A relationship and causality analysis. Risks 2018, 6, 111.
doi:10.3390/risks6040111.

Corbet, S.; Meegan, A.; Larkin, C.; Lucey, B.; Yarovaya, L. Exploring the dynamic relationships between
cryptocurrencies and other financial assets. Econ. Lett. 2018, 165, 28-34. doi:10.1016/j.econlet.2018.01.004.
Drozdz, S.; Minati, L.; Oswiecimka, P.; Stanuszek, M.; Watorek, M. Signatures of the cryptocurrency market
decoupling from the Forex. Future Internet 2019, 11, 154. doi:10.3390/fi11070154.

Chakravarty, S.; Gulen, H.; Mayhew, S. Informed trading in stock and option markets. J. Financ. 2004, 59,
1235-1257. doi:10.1111/j.1540-6261.2004.00661.x.

Chen, W.P.; Chung, H. Has the introduction of S&P 500 ETF options led to improvements in price discovery
of SPDRs? J. Futures Mark. 2012, 32, 683-711. doi:10.1002/fut.20538.

Ahn, K;; Bi, Y.; Sohn, S. Price discovery among SSE 50 Index-based spot, futures, and options markets. J.
Futures Mark. 2019, 39, 238-259. doi:10.1002/fut.21970.

Kristoufek, L. What are the main drivers of the Bitcoin price? Evidence from wavelet coherence analysis.
PloS ONE 2015, 10, 3923. doi:10.1371/journal.pone.0123923.

Bakshi, G.; Kapadia, N.; Madan, D. Stock return characteristics, skewness law, and the differential pricing
of individual equity option. Rev. Financ. Stud. 2003, 16, 101-143. doi:10.1093/rfs/16.1.0101.

Wiener, N. The theory of prediction. In Modern Mathematics for the Engineer, 1st ed.; Beckenbach, E.F., Ed.;
McGraw-Hill: New York, NY, USA, 1956; Volume 1, pp. 165-190.

Granger, C.W. Investigating causal relations by econometric models and cross-spectral methods. Econom.:
J. Econom. Soc. 1969, 37, 424-438. d0i:10.2307/1912791.

Akaike, H. Fitting autoregressive models for prediction. Ann. Inst. Stat. Math. 1969, 21, 243-247.
doi:10.1007/BF02532251.

Hannan, E.J.; Quinn, B.G. The determination of the order of an autoregression. J. R. Stat. Soc. Ser. B 1979,
41, 190-195. d0i:10.1111/j.2517-6161.1979.tb01072.x.

Burnham, K.P.; Anderson, D.R. Multimodel inference: Understanding AIC and BIC in model selection.
Sociol. Methods Res. 2004, 33, 261-304. d0i:10.1177/0049124104268644.

Schreiber, T. Measuring information transfer. Phys. Rev. Lett. 2000, 85,  461-464.
doi:10.1103/PhysRevLett.85.461.

Larson, H.J. Introduction to Probability Theory and Statistical Inference, 2nd ed.; John Wiley and Sons: New
York, NY, USA, 1974.

Scott, D.W. On optimal and data-based histograms. Biometrika 1979, 66, 605-610.
doi:10.1093/biomet/66.3.605.

Freedman, D.; Diaconis, P. On the histogram as a density estimator: L2 theory. Probab. Theory Relat. Fields
1981, 57, 453-476. doi:10.1007/BF01025868.

Shannon, C.E. A mathematical theory of communication. Bell Syst. Tech. ]. 1948, 27, 379-423.
doi:10.1002/j.1538-7305.1948.tb01338.x.

Ruiz, M.D.C.; Guillamén, A.; Gabaldén, A. A new approach to measure volatility in energy markets.
Entropy 2012, 14, 74-91. doi:10.3390/e14010074.

Ahn, K;; Lee, D.; Sohn, S.; Yang, B. Stock market uncertainty and economic fundamentals: An entropy-
based approach. Quant. Financ. 2019, 19, 1151-1163. d0i:10.1080/14697688.2019.1579922.

Liang, X. The Liang-Kleeman information flow: Theory and applications. Entropy 2013, 15, 327-360.
doi:10.3390/e15010327.

Marschinski, R.; Kantz, H. Analysing the information flow between financial time series. Eur. Phys. ]. B
2002, 30, 275-281. doi:10.1140/epjb/e2002-00379-2.

Dimpfl, T.; Peter, F.J. Using transfer entropy to measure information flows between financial markets. Stud.
Nonlinear Dyn. Econom. 2013, 17, 85-102. doi:10.1515/snde-2012-0044.

Sandoval, L., Jr. Structure of a global network of financial companies based on transfer entropy. Entropy
2014, 16, 4443-4482. doi:10.3390/e16084443.



Entropy 2019, 21, 1116 8 of 8

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

Risso, W.A. Chapter 8: Symbolic Time Series Analysis and its Application in Social Sciences. In Time Series
Analysis and Applications; Mohamudally, N., Ed.; InTech: Croatia, Balkans, 2018; pp. 107-125.
doi:10.5772/intechopen.70826.

Horowitz, J.L. Bootstrap methods for Markov processes. Econometrica 2003, 71, 1049-1082. doi:10.1111/1468-
0262.00439.

Zhang, Y.J.; Wei, Y.M. The crude oil market and the gold market: Evidence for cointegration, causality and
price discovery. Resour. Policy 2010, 35, 168-177. doi:10.1016/j.resourpol.2010.05.003.

Ajayi, R.A.; Friedman, J.; Mehdian, S.M. On the relationship between stock returns and exchange rates:
Tests of Granger causality. Glob. Financ. J. 1998, 9, 241-251. doi:10.1016/51044-0283(98)90006-0.

Rehman, M.U.; Apergis, N. Determining the predictive power between cryptocurrencies and real time
commodity futures: Evidence from quantile causality tests. Resour. Policy 2019, 61, 603-616.
doi:10.1016/j.resourpol.2018.08.015.

Gencaga, D.; Knuth, K.H.; Rossow, W.B. A recipe for the estimation of information flow in a dynamical
system. Entropy 2015, 17, 438-470. doi:10.3390/e17010438.

Razak, F.A ; Jensen, H.J. Quantifying ‘causality’ in complex systems: Understanding transfer entropy. PLoS
ONE 2014, 9, 9462. doi:10.1371/journal.pone.0099462.

Staniek, M.; Lehnertz, K. Symbolic Transfer Entropy. Phys. Rev. Lett. 2008, 100, 8101.
doi:10.1103/PhysRevLett.100.158101.

Mantegna, R.N.; Stanley, H.E. An. Introduction to Econophysics: Correlations and Complexity in Finance, 1st ed.;
Cambridge University Press: Cambridge, UK, 1999.

Kwon, O. Yang, J.S. Information flow between stock indices. Europhys. Lett. 2008, 82, 8003.
doi:10.1209/0295-5075/82/68003.

Pele, D.T.; Mazurencu-Marinescu-Pele, M. Using high-frequency entropy to forecast Bitcoin’s daily Value
at Risk. Entropy 2019, 21, 102. doi:10.3390/e21020102.

Drozdz, S.; Gebarowski, R.; Minati, L.; Oswiecimka, P.; Watorek, M. Bitcoin market route to maturity?
Evidence from return fluctuations, temporal correlations and multiscaling effects. Chaos 2018, 28, 6517.
doi:10.1063/1.5036517.

© 2019 by the authors. Licensee MDP], Basel, Switzerland. This article is an open access
‘@ ® article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).



