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Abstract: Bitcoin has become quite known after the 2008 economic crisis and the COVID-19 health
crisis. For some, these cryptocurrencies constitute rebellion against the existing system as governments
encourage uncontrolled expansions in the money supply; for some others, it is a quick source of income.
Undeniably, the volume of the crypto money market has grown considerably in recent years, regardless
of the reasoning of the people who invest and trade in this field. At this point, one of the most important
questions to be investigated is “what variables have caused the tremendous growth in the crypto money
quantities in recent years?”” This study tests the assumption that changes in cryptocurrencies are affected
by changes in national currencies. Thus, the Bitcoin price is the dependent variable, and M1 monetary
supply changes in the USA, European Union and Japanese economies are considered independent
variables. The variables in this study were tested using the time-varying Granger causality method. The
results obtained from this study confirm the philosophy of Bitcoin's emergence and the possibility that it
can be a hedge against the inflationary effects of money, especially after the COVID-19 pandemic.
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1. Introduction

The feeling of trust is one of the most important resources for societies to ensure a long-term
happy and peaceful coexistence. In this context, the sense of trust ensures continuity in the relations
between individuals and institutions; it can be expressed as a conscious choice that includes the
fulfillment of commitments, sincerity, truth, honesty and virtue. In addition to social order and
individual lives, it forms the basis of economic and democratic development (Gokalp, 2003).

Today, in many societies which have developed their institutional capacities and are expressed as
“modern societies”, it is easier to establish trust given the supporting elements such as the rule of law
and openness, as compared to other underdeveloped and developing countries. It is known that, in
developed countries that have successfully established their institutional structure, the division of labor
between institutions and their capacity to deal with problems are easier than in underdeveloped
countries. In other words, while the solution to a problem in developed countries is generally evaluated
within itself, in underdeveloped and developing countries, the solution of a problem is mostly
evaluated based on the solution of other problems (Savas, 2016).

One of the areas where the feeling of trust is most sensitive is undoubtedly the economy. Whether
in a developed or underdeveloped and developing society, investors, capitalists and entrepreneurs are
expected to flee when the sense of trust is lost. Thus, the countries that have built their institutional
infrastructure are able to attract investments to their countries with the help of the legal guarantees they
offer in the constitutional context, although they often promise low profitability.

Independent central banks are among the most important institutions necessary for establishing
economic confidence. Central banks, which direct the economy using monetary policy tools in line
with the economic goals of the countries, have been given great responsibilities. These responsibilities
include ensuring price stability, monetary expansion proportional to economic growth, financial
stability and controlling exchange rate regimes. Many studies consider the simultaneous independence
of central banks and the fulfillment of their duties a very important factor (Acemoglu et al., 2008;
Alesina and Summers, 1993; Cukierman et al., 1993; Arnone et al., 2007).

There are various concerns about the possibility of central banks losing independence. These concerns
arise mostly due to political reasons, such as the politicians' efforts to increase production and prosperity
in the short term to ensure their good performance in elections. The possibility that politicians may utilize
the ability of central banks to create money to finance government debt is another such factor. In general
terms, the autonomy of central banks is important because the politicians in power are not considered
credible and may use their powers for their own interests (De Haan and Eijffinger, 2016).

In addition to the duty of ensuring price stability, which is generally accepted in the economic
literature, new duties of independent central banks, such as ensuring financial stability, have been
added after the mortgage crisis that emerged in the USA economy in 2008. During the 2008 mortgage
crisis, many financial institutions that had difficulty collecting their receivables went bankrupt. Some
institutions were saved at the brink of bankruptcy by the bailout packages prepared by the state with
the “too big to fail” approach due to the concerns that it would lead to chain bankruptcies. Liabilities
owned by these organizations and described as “toxic assets” were assumed by the USA’s Department
of the Treasury and, thus, by the US citizens. To ensure that the liabilities of this procedure were not
just shared between the USA’s Department of the Treasury and residents, but also had global
implications, it was crucial that the planned rescue packages were carried out using the United States
dollar, which serves as the world's reserve currency.
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After the COVID-19 crisis, which emerged approximately 10 years after the 2008 mortgage crisis,
central banks increased their asset purchases due to economic concerns. In this period, the
determination of central banks to reduce inflation on the global scale decreased and gave way to other
economic concerns, such as unemployment and growth, which are considered to be more important.
At this point, the line between the central banks and government policies began to blur. Monetary
policy adjustments tend to adapt and support expansionary fiscal policies rather than
long-term inflation targeting. Central bank autonomy, which was once critical for market confidence
in a country’s bond market, has now become an absolute asset buyer in the market, irrespective of its
long-term goals (Insight Investment, 2020).

This extra liquidity provided to the market by central banks for various reasons causes a real loss
in the assets of those who previously owned the assets due to inflationary effects. The excessive growth
of the monetary bases controlled by central banks at the global scale degrades the reliability of the
national currencies of these countries; in addition, the savings-earnings of the households that are
largely unaware of this process are reduced by the central banks and governments.

One of the most important reactions to this economic policy came from the Internet. On
November 1, 2008, Satoshi Nakamoto announced the whitepaper of the popular cryptocurrency
Bitcoin. On this date, Nakamoto defined Bitcoin, the first currency based on cryptography, as a medium
of exchange that is decentralized and does not rely on any central authority or record-holder. With this
feature, it possesses a cryptographic proof-based electronic payment system in which two parties can
directly transact with each other without the need for a third trusted person, thus replacing the trust
element traditionally needed during transactions (Nakamoto, 2008).

As aresult of governments’ uncontrolled use of policy tools during the 2007-2008 financial crisis,
the real economy was separated from the paper economy; this separation has resulted in debts from
firms and households that cannot be expected to be repaid (Perez, 2009). The functioning of the
monetary system has been discussed extensively by the public since the 2008 mortgage crisis. Thus,
some people began to explore solutions to solve reputational difficulties in the fiat money system by
turning to non-monetary assets, such as gold and silver, as a means of holding value. Undertaking this
task, Bitcoin portrayed itself as an alternative monetary system in reaction to the current monetary
system (Weber, 2014). This vantage point suggests that the emergence of Bitcoin after the 2008
mortgage crisis is not a coincidence. This poses a challenge to the Bitcoin credit system’s viability, as
well as to the notion that debt has always been a vital aspect of money. It also acts as a test environment
for a new alternative system (Kostakis and Giotitsas, 2014). Fiat money, which is under the control of
central banks, can be produced freely and endlessly, as in the Weimar Republic; however, Bitcoin can
be produced in a limited way with a pre-planned and periodically increasing cost. This situation is
expected to cause an inflationary effect on the purchasing power of nominal currencies over time, and
Bitcoin, which is accepted in some circles and whose supply is limited, is expected to increase in value.
In reality, there are two intrinsically worthless currencies, both of which can be used for transactions:
Bitcoin and central bank currencies (Schilling and Uhlig, 2019).

The major thesis of this study is that there is a causal relationship between central bank money
supplies and cryptocurrency prices. The FED (Federal Reserve System), ECB (European Central Bank)
and BOJ (Bank of Japan) central banks, which have significant weight in the global money market,
and Bitcoin, which has the largest volume in the crypto money market, were chosen to test this idea.
The data were used to examine the link between the M1 money supplies of the three central banks in
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the sample with high representativeness of the research universe, and the values of the cryptocurrency
Bitcoin cover the period 2010: M8-2023: M1.

Although cryptocurrency is a fairly new field, it has attracted many researchers given the popularity
it has gained in a short time. The number of theoretical and empirical studies in this field is increasing
daily, and their relationships with different variables are being examined. The relationship of Bitcoin,
which is considered an investment and savings tool by many people today, has been the focus of many
studies, along with other variables. This study was aimed to include relevant studies in this area.

Many studies have examined whether cryptocurrencies can be used as hedging instruments. Bouri
etal. (2017a,2017b), Dyhrberg (2016), Fang et al. (2019), Su et al. (2020), Urquhart and Zhang (2019)
and Wu et al. (2019) studied the possible use of cryptocurrency as a hedging tool. Dyhrberg (2016)
found that hedges against the FTSE can be made using the Bitcoin Prices Index and the United States
dollar. This can be added to the investment basket for portfolio diversification and risk control.
According to Bouri et al. (2017a), Bitcoin is a weak hedge tool that should only be used for
diversification. Wu et al. (2019) discovered that it has a modest protection function under economic
policy uncertainty. However, Su et al. (2020) proved that Bitcoin can be used to lower geopolitical
concerns for economies and investors. Bouri et al. (2017b) discovered that it could operate as a buffer
against uncertainties. Urquhart and Zhang (2019) discovered that Bitcoin could be used as a hedge
against certain currencies. Fang et al. (2019) noted that it can function as a hedging mechanism in
particular situations of economic instability. Urquhart and Zhang (2019) discovered that Bitcoin
functions as a daily trading hedge, a form of investment and a safe zone against specific currencies.

Many important studies have linked cryptocurrencies with money supply and inflation. Some
important studies were conducted by Blau et al. (2021), Chohan (2021), Conlon et al. (2021), Narayan
et al. (2019) and Wang et al. (2022). Blau et al. (2021) offered strong evidence: a sudden surge in the
price of Bitcoin is linked to a large increase in the inflation rate. This lends credence to the notion that
Bitcoin can serve as an inflation hedge. According to Narayan et al. (2019), Indonesia’s monetary
aggregates and Bitcoin growth rates are connected. In addition, Bitcoin price hikes have been found to
reduce the velocity of money and evaluate currency. Chohan (2021) claims that the citizens of a
developing country can use Bitcoin to protect themselves from hyperinflationary processes. Conlon et
al. (2021) studied the time-series association between cryptocurrency values and future inflation
expectations. The findings from the wavelet timescale technique indicate that expected inflation
forecasts have a brief positive correlation with both Bitcoin and Ethereum. This also coincides with
the early beginnings of the COVID-19 crisis. Outside of this time frame, there is only limited proof
that cryptocurrencies act as a hedge against rising inflation expectations. Wang et al. (2022) examined
the long- and short-term interactions between Bitcoin prices and money supply, the consumer price
index (CPI) and economic policy uncertainty (EPU). The findings show that money supply has an
impact on Bitcoin prices, and that money supply, CPI and EPU, all exhibit dynamic inter-shocks.
Bitcoin prices are negatively affected by money supply and EPU. Bitcoin values, which are viewed as
a type of hedge mechanism, are positively impacted by CPI. Ma et al. (2022) studied the impact of
USA monetary policy shocks on Bitcoin prices. The study’s findings emphasize how monetary policy
crucially affects the price of Bitcoin. Despite arguments to the contrary, monetary policy shocks
contribute to a relatively minor percentage of Bitcoin price volatility. Schilling and Uhlig (2019a)
emphasized the significance of monetary policy for cryptocurrencies in an economy where fiat and
cryptocurrencies coexist and are both seen as worthless.
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Studies have been conducted to determine the relationships between cryptocurrencies and other
financial instruments. Haglak (2018) evaluated the causality between Bitcoin and the USD, EUR GBP
and JPY, which are accepted as stable currencies, as well as gold and oil. The findings show that Bitcoin
has no association with currencies or commodity prices over the long term, but that there is a
short-term reciprocal causal relationship with commodity prices. Zhu et al. (2017) analyzed monthly
data for the period of 2011-2016 using a vector error correction model. In the model, the Custom Price
Index, US Dollar Index, Dow Jones Industrial Average, Federal Funds Rate and gold price were used
as economic variables influencing Bitcoin prices. The results suggest that all of these variables affect
Bitcoin prices, but their respective influences differ. The relationship between Bitcoin and the
numerous currencies, commodities, securities and altcoins was explored by Pirgaip et al. (2019).
According to their findings, Bitcoin has no long-term association with any asset. Fang et al. (2019)
investigated whether uncertainty in global economic policy affects the long-term volatility of Bitcoin,
global stocks, commodities and bonds. They discovered that uncertainty in global economic policy has
a favorable effect on Bitcoin-stock correlation and a negative and substantial effect on Bitcoin-bond
correlation. Warsito (2020) used the variables, gold, dollar index and composite stock price index in
the Indonesia Stock Exchange variables and Bitcoin and Ethereum cryptocurrencies. Warsito (2020)
determined that the volatility of Bitcoin and Ethereum is not affected by other variables, but by their
own historical prices. Schilling and Uhlig (2019b) have created a model that shows that Bitcoin can
compete as a viable alternative to traditional fiat currencies based on transfer costs, taxes and exchange
rates. Benigno et al. (2022) developed a model in which there are two national fiat monetary systems
and one global currency (cryptocurrency). If the global currency is used in both countries, the national
nominal interest rates should be equal. Deviation from the interest rate parity introduces the risk of
approaching the zero lower bound or abandoning the national currency.

The aim of this study is to model the dynamics between Bitcoin prices and the money supply of
the three major economies. To this end, Bayesian-VAR, Toda-Yamamoto (1995) causality tests were
carried out in the first stage of the empirical analysis. Then, the time-varying causality test was
modeled with the thought that the causality relationship may change over time due to the occurrence
of some structural changes. The remainder of the paper is arranged in follows: The section titled “Data
and methodology” describes the econometric approach and data. This section also includes the
empirical analysis. The discussion of empirical findings is detailed in the section titled “Findings”. The
section under “Conclusion” contains the results and comments.

2. Data and methodology

This study econometrically investigates the effect of money supply increases in the USA, the
eurozone (19 countries) and Japan on Bitcoin prices. These three economies were evaluated within the
scope of the study due to the reliability and accessibility of the data in terms of transparency and the
volumes of the economies. Due to the monthly data set available for Bitcoin prices, the sample period
ran from August 2010 to January 2023, with a total of 150 monthly observations. The data set for
Bitcoin prices was obtained from the historical data page published by Yahoo Finance; the narrow
money series for the USA, Japan and eurozone (19 countries) economies were obtained from the
monthly economic indicators of the Organization for Economic Co-operation and Development data
bank. LBTC, LFM1, LEMI1 and LIM1 represent a series of Bitcoin prices, the USA central bank money
supply, the European central bank money supply and Japan’s central bank money supply, respectively.
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Figure 1. Time series plots of the variables.

Although the LBTC series has shown a downward trend in some periods, we see that, in Figure
1, it has an upward trend in general. It is noteworthy that the eurozone and Japanese money supply
series show a similar upward trend. The graph of the Fed’s money supply series shows that there was
an increase of less than 0.5 basis points between 2010 and 2020, a dramatic increase was experienced
in 2020 and the increasing trend continued until 2022.

We carried out the Leybourne (1995, ADFmax) test based on the maximum Augmented
Dickey-Fuller ((Dickey and Fuller, 1981), ADF) t-statistic and nonlinear STAR type Kepatanios, Shin,
& Snell (2003, KSS) tests, in order to investigate whether the time series used in the study have a
random walk process. Kepatanios et al. (2003) proposed a test procedure to detect no stationarity for
exponential smooth transition autoregressive processes in nonlinear series.

Ve = BYe—1 +VYYe-10(6; yr_a) + &, t=1,..,T (1)

In Equation (1), we have that &,iid(0,02); 8 and y are prediction parameters; the exponential pass
function is defined as 0(6;y,_4) = 1 — exp (—0yZ,). In addition, Equation (1) is assumed to be 6 > 0,
and the delay parameter is d > 1. Under this assumption, Equation (1) can be expressed as follows:

Ay, = ¢yeq +VYe-1[l — exp(—0yZ )] + & ?2)

In Equation (2), ¢ = B — 1. If 6 is positive, it effectively determines the average rate of return.
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Equation (3) is written under constraints of ¢ = 0 and d = 1.

Ayy = yye_1[1— exp(—@yf_l)] + & (3)

The null hypothesis expressing the unit root is defined as Hy: 8 = 0, and the alternative hypothesis
expressing a nonlinear return to the mean is defined as H,: 8 > 0. Emphasizing that it is not possible to
test the null hypothesis directly, Kapetanios et al. (2003) proposed a new auxiliary regression equation
by calculating the first-order Taylor series and considering that the error terms of the equation may
have autocorrelation.

Ay, = X5, pjAdye_j + 6yi_1 + & (4)

For Equation (4), the t-statistic to test the Hy: § = 0 hypothesis against the H;: § < 0 hypothesis is
defined as ty, =$ (Kapetanios et al., 2003). Noting that the ty, statistic is not a normally

distributed asymptotic standard, Kapetanios et al. (2003) calculated new critical values for three cases
in their study.

In their work on the concept of time change using the Granger causality test, Shi et al. (2018) and
Shi et al. (2020) emphasized that evaluating the persistence of causal links throughout time is possible.
Tests based on the lag-augmented VAR (LA-VAR) approach developed by Dolado and Liitkepohl
(1996) and Yamada and Toda (1998) allow for non-stationary variables. In addition, although Shi et al.
(2018, 2020) developed a new method, they considered the other two methods suggested by Thoma
(1994), Swanson (1998) and Balcilar et al. (2010) (Kendirkiran, 2021). They developed three different
algorithms using recursive estimation methods: the forward expanding (FE) window, the rolling (RO)
window and the recursive evolving (RE) window.

The unconstrained VAR(p) model can be expressed as the following multivariate matrices:

yt=nxt+£t, t=1,,T (5)

In Equation (5), y; = (y11,¥2¢)" is the endogenous variable vector; x, = (Ly', ..y, _,, ...,y’t_p)' is
the explanatory variable matrix; My p+1) = [®o, Py, ..., D, | represents the coefficient vector. 1 is the
least squares estimator; 2 = T-1Y7T_, & &, is the error term variance; X’ = [x;, x5, ..., xy] shows the
observed explanatory variables. The Wald test statistic calculated to test the null hypothesis that y,, is
not the Granger cause of y;, is as follows:

W = [R vec(Ml) <]'[R(Q ® (X'X))R’]_l[R vec(Il)] (6)

In Equation (6), R, represents the selection matrix p X 2(2p +1), and the 2(2p+1)x1

dimensional coefficient vector of I1 is represented by (17 ) Under the null hypothesis stating that there
is no causality, each R row chooses one of the p coefficients over the lagged values of y,;, in Equation

(5), to set it to zero. Under the assumption of non-causality and conditional homoscedasticity, the Wald
test statistic exhibits an asymptotic )(5 distribution (Shi et al., 2018).

To reveal changes in causal relationships over time, Thoma (1994) proposed the
FE window Wald test. According to Thoma’s (1994) FE window Granger causality method, the starting
point is fixed at f; for all subsamples, where f is the fractional observation of interest, and fyis the
necessary smallest window size to predict the model. The fractional f, indicates the minimum window size;
observation f, which expresses the causality period of interest, progresses from f, to 1 (Shi et al., 2018).
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The regression array’s regression window (f;,) size is maintained constant using the Swanson
rolling technique and, accordingly, keeps a fixed distance from the starting point f, as the
corresponding observation (f, and hence the endpoint of regression f,) is rounded from f; to 1.
According to Swanson’s (1985) procedure, a remarkable change in causality is observed when an
element of the Wald statistical progression exceeds the associated critical value. The onset date of an
alteration in causality is defined as the initial observation that exceeds the critical value corresponding
to the test statistical value.

Drawing on the work of Phillips et al. (2015a, 2015b), a supplemental test based on the supremum
norm (sup) of an iteratively developed set of Wald statistics is proposed.

Accordingly, for each relevant fractional observation (f € [f;, 1]), the Wald statistics are obtained
for a set of backward-expanding samples. The endpoint of the sample strings is provisionally steady at
the final observation under the f = £, run, and they blossom forward from that point. According to this
procedure, the starting points of the sample series utilized in the regressions vary between f; = (f; — fo)
and the first observation. The Wald statistic procured for each subsample regression is defined in
Equation (7) to be represented by W, ().

SWe(fo) (fI1, f2) € A, fo = f{WfZ(fl)} (7)

Ao ={(fu.f2):0<fo+fi<fo <Lved < f; <1— fo}

In this procedure, which is called the RE procedure, f, € (0,1) is assumed for the minimum sample
size. In contrast to the RO window approach, the RE procedure permits a discrepancy in the window
widths f,, = f, — fi = f, utilized in the models.

In the FE window procedure, f; = 0 is fixed and arranges f = f,, whereas, in the RO window
procedure, the fixed window width is defined as fw = f2 — f1 > f0, and window initialization is
defined as f; = f, — f,. For all three procedures, f can be used for real-time tracing in the current
observation, because they are based on historical information. The goal is to find the largest Wald
statistic. To this end, the procedure allows regression to seek the optimum starting point for each
observation. This flexibility means restarting the sub-observation to accommodate any change in
structure or the causal side that may occur inside the observation (Shi et al., 2018).

fe and f; indicate the start and end points in causality and are estimated as the test statistics of the
first observation that surpasses or falls under the critical value. In the case of a single pass, the dating
principles are given according to the following transition times:

Forward: f, = inf {f: We(0) > cv}/\f} = inf {f: W (0) < cv}
felfol felfor]

Rolling: f, = inf {fiW:(f — fo) > cw}Afr = inf {fiW:(f — fp) < cv}
felfo] Fe[for]

RecursiveEvolving: f, = inf {f: SWe(fo) > scv} /\f} = inf {f:SWf(fO) < scv}
felfol felfon]

where cv and scv respectively show the critical values of the Wy and SW; test statistics. The start and
end dates are estimated similarly if there is more than one key during the sampling period. The
procedure looks for the start and end dates of episode i,with i > 2 in the sample intervals [f;_,, 1] and
[fie, 1], respectively (Shi et al., 2018).
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3. Findings

The empirical part of the study consisted of examining the dynamics between Bitcoin and the money
supply of the three major economies. Table 1 summarizes the descriptive statistics of the series. We see
that the maximum value of BTC is USD 61309.6, and the minimum value is USD 0.1. While all series
are skewed to the right, it can be said that FM1, EM1 and JM1 series are kurtic compared to the normal
curve, that is, their variability is high. Finally, it is observed that no series exhibited a normal distribution.

Table 1. Descriptive statistics of series.

BTC FM1 EMI1 IM1
Mean 8759.647 6555911 7432.246 7124373
Median 951.1000 3337.150 7094.844 6781044
Maximum 61309.60 20699.60 11714.43 10480547
Minimum 0.100000 1748.700 4663.060 4939771
Std. Dev. 14460.71 6790.338 2247.773 1686738
Skewness 2.038437 1.356002 0.467187 0.551846
Kurtosis 6.304107 2.930469 1.959786 2.046827
Jarque-Bera 172.1127 45.99874 12.21939 13.29171
Probability 0.000000 0.000000 0.002221 0.001299
Observations 150 150 150 150

First, we applied logarithmic transformations to the series, and then investigated the correlative
relationship between the Bitcoin price and the money supply series.

Table 2. Pairwise correlation with LBTC.

Correlation Probability
LFMI1 0.7633 0.0000
LEMI 0.9131 0.0000
LIMI 0.9087 0.0000

It has been observed that there is a positive, strong and statistically significant correlation between
the Bitcoin price series and the money supply series in Table 2. We examined interactions between
money supply series and Bitcoin prices with Bayesian-VAR, Toda-Yamamoto (1995) and
time-varying Granger causality models. An important consideration in determining the VAR model is
to choose the optimal length of lags. From a Bayesian point of view, the most convenient way to solve
this problem is to use Bayesian model comparison. For this, we first selected a reasonable set of
possible lags, 1, ....pmax, and then we applied a Bayesian VAR(p) model for each p lag. Finally, we
compared the fitted models using their log-marginal probabilities (Litterman, 1980, 1986). We used
FPE, AIC, HQIC, and SBIC information criteria to determine the appropriate maximum length in the
VAR model.
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Table 3. Determining the maximum lag length.

FPE AIC HQIC SBIC
1 1.6e-07 —4.27582 —4.20686 4.10613
2 2.0e-13 —17.8646 —17.6577 17.3555
3 1.1e-13 —18.5142 —18.1694* 17.6657*
4 9.7e-14* —18.619% —18.1362 17.4311
5 1.0e-13 —18.5716 —17.951 17.0443
6 1.1e-13 —18.4832 —17.7246 16.6165
7 1.2e-13 —18.447 —17.5505 —16.241
8 1.2e-13 —18.4068 —17.3724 15.8614
9 1.4e-13 —18.2919 —17.1196 15.4071
10 1.4e-13 —18.2801 —16.9699 15.0559
11 1.7e-13 —18.152 —16.7038 14.5883
12 1.7e-13 —18.1668 —16.5807 14.2638

*: optimal lag. An exogenous dummy variable has been added as of March 2020 to show the effect of the COVID-19
outbreak. FPE: Final Prediction Error, AIC: Akaike Information Criterion, HQIC: Hannan-Quin Information Criterion,

SBIC: Schwarz Information Criterion.

In Table 3, the FPE and AIC suggested the maximum lag length of 4, and the HQIC and SBIC
suggested a value of 3. Here, we set pmax=3 and estimated five possible VAR models. We compare the
models in Table 4.

Table 4. Bayesian model tests.

Models Log (ML) PM) P(Mly)
1 1232.9545 0.1000 0.7540
2 1231.8244 0.1000 0.2460
3 1221.1161 0.1000 0.0000
4 1212.1161 0.1000 0.0000
5 1198.3390 0.1000 0.0000

As can be seen in the second column of Table 4, all five models were assumed to be equally
probable a priori. The third column shows the final model probabilities, and the model with the highest
probability is considered the optimum model. The 1 lag model has the highest posterior probability of
0.754; therefore, we chose the lag number to be 1. We applied the Minnesota prior specification (with
a fixed autoregressive (AR) covariance) to estimate the Bayesian VAR model. This method is optimal
when time series are used at model levels. It also performs well as a tool to obtain the dynamic
information about the relationships between variables (in the short and medium term) by using the
levels of time series that we can capture by analyzing impulse-response (IRFs) and prediction error
variance decomposition functions (FEVDs). Since the error covariance is considered fixed in the
Minnesota equation, it reduces the number of parameters to be simulated and speeds up the calculations
(Litterman, 1980, 1986). In Figure 2, the IRF curves show the effects of shock in LFM1, LEM1 and
LJMI series on LBTC.
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Figure 2. Bayesian-VAR IRFs with 95% credible intervals.
In Figure 2, we present the one standard deviation shock response of LBTC from the money
supply series for the Bayesian-VAR model over a period of 13 years (150 steps). According to the

impulse-response graphs, the shocks that will occur in the three money supply series do not have
statistically significant effects on Bitcoin prices.

Shock from LBTC to LBTC Shock from LEM1 to LBTC
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Figure 3. Bayesian-VAR FEVDs with 95% credible intervals.
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To measure the contribution of the impulse variables to the estimation error in the response
variables in terms of variability, we obtained the estimation error variance decompositions (FEVD)
function plots. FEVDs depend on the causal ordering of response variables (StataCorp, 2021). In
Figure 3, over the long run, Bitcoin prices contribute about 0.70 of the forecast error of Bitcoin prices,
while LEMI1 contributes 0.22 and LIM1 and LFM1 contribute about 0.04.

Table 5. Unit root tests.

LBTC LFMI LEMI1 LIMI
Level ADFax  Constant 1.065 (9) —0.061 (0) —2.194 (12) 1.032 (1)
Constant & Trend —1.436 (9) —1.600 (0) -1.317 (12) —1.340 (1)
KSS Constant —-1.056 (9) 0.227 (0) —3.273 (12)** 0.485 (6)
Constant & Trend  —3.339 (9)** —1.609 (0) —2.305 (12) —1.602 (1)
First ADFnax  Constant =9.017 (0)*** —10.528 (0)***  —=3.179 (4)*** —=5.793 (0)***
Differences Constant & Trend —9.161 (0)*** —10.541 (0)***  —2.907 (4)* —5.963 (0)***
KSS Constant —3.926 (7)*** —12.482 (0)***  —3.266 (1)** —4.549 (4)***
Constant & Trend  —3.847 (7)*** —12.488 (0)***  —3.309 (1)* —4.758 (4)***

The optimal lags determined according to the Akaike information criterion are in parentheses. ***, ** and * represent 0.01,
0.05 and 0.10 significance levels, respectively. The critical values defined by Otero and Smith (2012) were used for the
ADF .« test. The Otero and Smith (2017) critical values were used for the KSS test.

Table 5 summarizes the ADFmax and KSS unit root test results. According to both unit root tests,
when the series is considered at levels, the null hypothesis stating that there is no unit root is not
rejected, as it is rejected when they are in the first difference. Both unit root tests support the view that
LBTC, LFM1, LEMI1 and LIJM1 can best be described as I(1).

Table 6. Causality tests.

Direction of causality Wald Test df Prob.

LFM1GC? LBTC 1.3504 2 0.5090
LEM1GC? LBTC 1.8757 0.3915
L]MlGCz LBTC 7.7732 0.0205

After no statistically significant interaction was found as a result of Bayesian-VAR analysis, we
carried out the Toda-Yamamoto (1995) causality test to investigate the short-term dynamics between the
series. For the Toda-Yamamoto (1995) test, the optimum lag length (k) was accepted as 1, similar to the
Bayesian-VAR system. Considering that all series are I(1), the system equation was estimated with k£ +
dmax = 2. The calculated Wald statistics for the coefficients obtained from the seemingly unrelated
regression model are reported in Table 6. When we examine the Wald test results in Table 6, we can see
that there is no causality relationship from LFM1 (p > 0.05) and LEM1 to LBTC (p > 0.05) in the short
run. On the other hand, according to the model result whereby causality was investigated from LIM1 to
LBTC, we found a statistically significant causality in the short term at a significance level of 0.05.

Regarding structural changes, the results of the robust full-sample time-varying Granger causality
analysis are given in Table 7. With reference to Table 7, the null hypothesis, which states that there is no
causality toward LBTC from the LFM1 is rejected according to the Wald tests with the FE, RO and RE
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procedures. On the other hand, the Granger causality relationship from the LEM1 and LIMI1 series to
LBTC is rejected according to the FE window; It is accepted in the 95th and 99th percentile according to
the RE and RO procedures.

Table 7. Time-varying LA-VAR Granger causality test.

Direction of causality Max Wald FE Max Wald RO Max Wald RE
LFM1GC? LBTC 13.482 31.936 35.625
(7.202) (7.794) (8.420)
[9.517] [9.603] [9.903]
LEM1GC? LBTC 4.666 9.307 11.964
(8.181) (9.063) (9.555)
[9.235] [11.167] [12.049]
LJM1GC? LBTC 9.353 20.138 20.138
(7.687) (8.372) (8.767)
[9.847] [9.677] [9.915]

The 95th and 99th percentiles of the bootstrap statistics distribution are shown in parenthesis and brackets, respectively.
The minimum window size was set at 30 observations (20% of the number of available observations was used). The number
of lags was set at p=1, and the number of lags in the lag-augmented part was set at d=1. The Wald statistics were calculated

using a heteroscedastic-robust specification of the variance-covariance matrix.

In order to explore how causal relationships change over time, we can graphically examine a set of
Wald statistics taken from the three procedures. Figures 4—6 show the time-varying Granger causality
test results. While the red line denotes the maximum range of Wald statistics, the long and short
intermittent lines in the figures show the critical values obtained from the bootstrap method at the 5%
and 10% significance levels, respectively. When the test statistic series exceed the critical values, the
null hypothesis stating that there is no causality is rejected and it is decided that there is causality.

The findings of the FE, RO and RE Wald tests, which show the period or periods in which
there is an interaction between the price of Bitcoin and the Fed's money supply, are presented in
Figure 4. According to the FE window, while there was no causality from LFM1 to LBTC until
2020, we detected a strong causality after mid-2020. According to the RO window WALD test, no
causality could be detected from the Fed’s money supply to Bitcoin prices except for certain
periods. Excluded periods include mid-2016 and between 2018M4 and 2019M4. RE window Wald
test results are similar to RO test in terms of the period when causality began. On the other hand,
it is consistent with the FE test as of the period when causality continues. At the end of 2015, the
Fed policymakers slowed down the interest rate increase, and this process continued until the end
of 2016, causing the money to shift to different yield instruments, such as BTC. The excess
liquidity that emerged as a result of the aid and subsidies made after the COVID-19 epidemic
shifted to investment instruments such as the stock market and cryptocurrencies.
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Forward Expanding Wald test for LBTC G-caused by LFM1, 2010m8 - 2023m1 Rolling Wald Test for LBTC G-caused by LFM1, 2010m8 - 2023m1
with 90th (--) and 95th (-) percentiles of bootstrapped test statistics with 90th (--) and 95th (-) percentiles of bootstrapped test statistics
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Recursive Expanding Wald Test for LBTC G-caused by LFM1, 2010m8 - 2023m1
with 90th (--) and 95th (-) percentiles of bootstrapped test statistics
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Figure 4. Time-varying Granger causality tests between LFM1 and LBTC.

Figure 5 shows the test statistical sequences and their corresponding 10% and 5% critical values for
forward, rolling and recursive expanding procedures for causality from the European Central Bank
money supply to Bitcoin prices. All three test procedures produced similar results, with LEM1 not
exhibiting a Granger cause of LBTC. However, according to the RE procedure, it can be said that there
is weak causality for the first and last months of 2018 and the first half of 2019.
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Forward Expanding Wald Test for LBTC G-caused by LEM1, 2010m8 - 2023m1 Rolling Wald test for LBTC G-caused by LEM1, 2010m8 - 2023m1
with 90th (--) and 95th (-) percentiles of bootstrapped test statistics with 90th (--) and 95th (-) percentiles of bootstrapped test statistics

Recursive Expanding Wald Test for LBTC G-caused by LEM1, 2010m8 - 2023m1
with 90th (--) and 95th (-) percentiles of bootstrapped test statistics
154

Figure 5. Time-varying Granger Causality tests between LEM1 and LBTC.

Finally, Figure 6 presents the Granger causality change points identified by the three algorithms
between the central bank of Japan’s money supply and Bitcoin prices. For the FE procedure, there is not
Granger causality between LJIM1 and LBTC. On the other hand, for the RO and RE procedures, there
are three similar periods of causality running from LJM1 to LBTC. Period I started in March 2013 and
ended in mid-2013. With the election of the new government in Japan in September 2012, the scale of
expansionary fiscal and monetary policy was further increased. In this way, the desired growth rates were
achieved in the first quarter of 2013. Due to the tax increases implemented after the success achieved,
the economy again entered into a depression trend (Egilmez, 2014). Period II started in the mid-2019
and continued until the end of that year. Finally, Period III indicates strong causality in January 2023.
Japan continued to pursue its ultra-expansive economic policies in 2023, which it has pursued for many
years. In Japan, where there are negative real interest rates, inflationary effects started to be seen after
many years due to the increase in raw material and energy prices.
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Forward Expanding Wald Test for LBTC G-caused by LJM1, 2010m8 - 2023m1 Rolling Wald Test for LBTC G-caused by LJM1, 2010m8 - 2023m1
with 90th (--) and 95th (-) percentiles of bootstrapped test statistics with 90th (--) and 95th (-) percentiles of bootstrapped test statistics
204

Recursive Expanding Wald Test for LBTC G-caused by LJM1, 2010m8 - 2023m1

with 90th (--) and 95th (-) percentiles of bootstrapped test statistics
20

Figure 6. Time-varying Granger causality tests between LIM1 and LBTC.
4. Conclusions

The nominal value and popularity of Bitcoin, which is claimed to have emerged as a reaction to
the bailout packages of governments and national currencies after the 2008 crisis, have increased since
the first day. In recent years, crypto money, which is one of the best return tools for investors aiming
to protect themselves from inflationary effects and gain returns, has also found a place in the academic
literature. Many studies in this field have investigated how the value of cryptocurrencies, especially
Bitcoin, interacts with other economic indicators. To contribute to the literature, the effects of national
money supplies of selected countries on Bitcoin prices were investigated in this study.

The findings from the Bayesian-VAR and traditional Granger causality test show that there is no
interaction between money supply and Bitcoin prices for the USA and eurozone, but there is such
interaction for Japan. Sub-sample causality test results between the indicators revealed a causal
relationship from money supply to Bitcoin prices for the USA and Japan. According to the findings from
the USA money supply, the existence of Granger causality toward Bitcoin prices was determined during
certain periods, namely, mid-2016, 2018M4-2019M4 and after mid-2020. The abundant money supply
resulting from the financial support packages after the COVID-19 health crisis can be shown as the
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reason that the causal link was not broken in 2020 and later. The results of the sub-sample causality test,
which was investigated from the eurozone money supply to Bitcoin prices, showed weak causality for
the first and last months of 2018 and the first half of 2019. The time-varying Granger causality
relationship was determined from the Japanese economy money supply series to Bitcoin prices from
March 2013 to mid-2013, mid-to-end 2019 and January 2023.

As a result, when the results of analysis were evaluated as a whole in the context of the analyzed
data and countries, a nonlinear causality relationship was determined between the money supply and
Bitcoin prices. This causal relationship has emerged stronger for the USA, especially after the COVID-
19 crisis, owing to the rapid increase in the amount of money put into circulation. These findings
confirm the philosophy of Bitcoin’s emergence and the possibility that it can be a hedge against the
inflationary effects of money, especially after the COVID-19 pandemic.
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