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ABSTRACT

New Moneys under the New Normal?
Bitcoin and Gold Interdependence during
COVID Times

Bitcoin in particular and so-called cryptocurrencies in general have shaken up the financial

world and seem to be claiming an increasing size of the market share. These new virtual
assets present investors with significant opportunities, but also with significant risks. This
paper analyzes the connection between one such crypto, bitcoin, and other traditional
assets (e.g. metals) in times of financial turbulence. Our impulse-response function and
variance decomposition analyses indicate that, as of late, bitcoin has become increasingly
interdependent with gold, and seems just as suitable to hedge against market uncertainty—
we believe this is a very timely conclusion given the pervasive uncertainty that dominates
post-pandemic life.
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1 A world of uncertainty and covid

The new normal is with us and quite likely to stay for a long time. It is thus timely
to reevaluate the relationship between bitcoin (BTC) and other assets such as gold
and silver, which are traditionally considered as old forms of money and, hence, safe
havens against uncertainty. This relationship has been studied in the literature with
varying results, going from a strong linkage (Dyhrberg, 2016a, 2016b; Kang et al., 2019;
or Panagiotidis et al., 2018) to a mild (or no) connection (Bouri et al., 2017a, 2017b;
Cheah & Fry, 2015; Corbet et al., 2018; Dwyer, 2015; or Klein et al., 2018). We wonder
how the previous evidence stands under the light of the new normal paradigm employing
conventional impulse response and variance decomposition analyses.

Figure 1 shows the recent post-covid-19 trends in the EURUSD exchange rate,
along with the prices of BTC, gold, and silver. The data seem to point to a substantial
depreciation of the USD against these assets, starting in March 2020 right after the
pandemic outbreak. Increased worldwide uncertainty might well be a major driver
behind the undermining of the USD as the de facto world currency. However, we might
also wonder whether the covid-19 has been the triggering event that points to other
fundamental problems with the USD, such as the exploding behavior of the debt and
the ever-increasing rate at which money is printed.

Intrinsic value has been, from time immemorial, what people identified precious
metals with. This has been the case of gold and, to a lesser degree, silver. It is thus
no surprise to see both assets faring respectably well in times of financial turbulence
and uncertainty. The purpose of our exercise below is to see to what extent Bitcoin
is mimicking the role precious metals are known for, being a reliable store of value.
This reliability is due to history, whereas the intrinsic value of bitcoin is found in the
yet-to-be-understood technology, the Blockchain, which, arguably, can become money
and payment system all at once.

Table 1 shows the leap in the amount of gold reserves in countries that are arguably
poised to be the economic powerhouse in the forthcoming years. This is most signifi-
cantly the case of China, the largest US trading partner, and the second foreign holder
of US debt after Japan. Given the context, the Chinese government has every reason
to diversify in gold, but also in Bitcoin—China is now the second holder in the world
after the Grayscale Bitcoin Trust and the first among countries, claiming 1% of all the
BTC in circulation (the US is the second with a third of that number).

The remainder of the paper is structured as follows. Section 2 introduces our ana-

lytical framework; Section 3 discusses our results; and Section 4 concludes.



Figure 1: Competing moneys?
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Table 1: Gold reserves, last 10 years

# Country Population Reserves Reserves Reserves  Reserves

btc

2009 (toz.) 2019 (toz.) change (%) p.c. (g.) share (%)

1 United States 327,167,434 8,133 8,133 0 25.01
2 Germany 82,927,922 3,407 3,370 -1 40.75
3 Ttaly 60,431,283 2,452 2,452 0 40.50
4 France 66,987,244 2,435 2,436 0 36.30
5 Russia 144,478,050 649 2,113 226 14.62
6 China  1,392,730,000 1,054 1,853 76 1.34
7 Switzerland 8,516,543 1,040 1,040 0 123.06
8 Japan 126,529,100 765 765 0 6.04
9 Netherlands 17,231,017 612 612 0 35.75
10 India 1,352,617,328 558 600 8 0.45

0.33

0.93

Source: bullionvault.com (2020) and own elaboration.

2 Analytical framework

The economics and fundamentals of cryptos are still unclear. The pervading lack of
strong theoretical underpinnings in this field makes for a conservative approach where
we refrain from establishing a clear-cut cause and effect relationship among the variables
under study. Rather, we rely on Vector autoregressive (VAR) modeling as it yields a
very flexible framework for forecasting and interpreting the interdependencies among
variables, both pre and post-covid-19 (see also Panagiotidis et al., 2019).

A major criticism of VAR modeling is its a-theoretical nature and, in general, the
lack of an underlying structural system descriptive of the real relationships among the
variables in the model.! On the other hand, VARSs provide a very intuitive framework to
see how a shock in one variable is transmitted to all other endogenous variables through
the model’s dynamic structure, what is known as impulse response functions (IRFs)—
this is particularly suitable when the underlying structural model is unknown (Sims,
1980). Three analysis are typically carried out after estimation, Granger causality
tests,? IRFs, and variance decomposition analysis, which is what we set out to do in
the following section.

We estimate a reduced-form VAR model to analyze the interdependencies among

'We refrain from structural VAR (SVAR) analysis for the reason mentioned in the previous para-
graph.

2Let us remember that causality here does not strictly mean that changes in one variable cause
changes in another variable, but rather, that the predictive power of a simple AR model will be
increased if we were to include additional variables—strictly speaking, we should be talking about
‘within-sample’ predictability and not causality.



a few money-related variables as done in the literature (see, for instance, Corbet et
al., 2018), namely, the bitcoin price, the gold price, the silver price, the EURUSD
exchange rate, the SP500 index, and the Dow Jones index. We perform the analysis for
a sample of 713 daily observations, drawn from the Bloomberg database, and spanning
from February 2018 to November 2020. We also work with a ‘covid-19 subsample’ of 154
daily observations, which zooms into the period that starts with the pandemic outbreak
in March 2020, and covers the first wave of the pandemic up to the end of September
2020. The model is of the form:

Yy=v+ Ay + .+ Ay, +w teZ

where 1, is a vector of endogenous variables of dimension k, v is a vector of intercepts,
Ay, ..., A, are the coefficient matrices with p the VAR order, and u, is a white noise vector
of innovations (with nonsingular covariance matrix ¥, ) that may be contemporaneously
correlated with each other,® but are uncorrelated with their own lagged values and also
with all of the right-hand side variables.

The orders of the estimated VARs are determined by the more conventional Akaike
criterion (AIC), which seems to be the usual choice in large samples with monthly or
daily frequencies. They turn out to be p = 9 for the full sample (n = 713) and p = 1
for the covid-19 subsample (n = 154).

Notice too that all the variables are transformed into growth rates by taking the
first differences of the logarithms of the (daily) closing prices and indices in our dataset.
By transforming our data into stationary series we satisfy the stability condition of the
VARSs, as all the roots of the characteristic polynomial lie outside the unit circle (see

Appendix)—thus precluding the use of more complex cointegration techniques.

3 Dynamic behavior

3.1 Granger causality

We carry out pairwise Granger causality tests for each equation in the VAR above.

Table 2 displays the joint significance of each of the other lagged endogenous variables

3In order to interpret IRFs it is customary to apply a transformation to the innovations so that
they become uncorrelated.

4Even when the AIC is not a consistent criterion, Liitkepohl (2006) shows that it will asymptotically
choose the correct order almost with probability one when the VAR has a large dimension—typically
when k£ > 5, as is our case. Moreover, he runs a few simulations and shows that although it may
not estimate the orders correctly (with a small k), the AIC produces superior forecasts both in small
and large samples when compared to other criteria such as HQ and SC. Given that our yardstick is
forecasting (and not consistency), we make use of the AIC over the alternatives. In addition, the order
suggested by the FPE (also by Akaike) coincides with the AIC.



(rows), including the joint overall significance (last row), in each equation of the model
(columns). As shown there, BTC and gold seem to have a two-way ‘causal’ relationship
(instantaneous causality), with BTC-to-gold being the stronger one. BTC also seems
to Granger-cause both fiat money (EURUSD) and, to some extent, the Dow Jones and
silver. The evidence also suggests fiat money coming before the changes in SP500 and
the Dow.

The EURUSD rate can be seen as a proxy variable for the US monetary policy and,
by extension, the world’s monetary policy.” US monetary policy is, arguably, behind
the recent asset and housing inflation (see Bordo & Landon-Lane, 2013; and Calvo,
2013, for instance) and also behind the skyrocketing trend of US debt.’

Table 2: Pairwise Granger causality tests
Equation in VAR

lags BTC Au Ag  EURUSD  SP500 DOW

BTC - : .

Au N ) - -

Ag ) )

EURUSD * - . .
SP500 o * * -

DOW - - ) )

Al -

Note: 2 Wald test is not passed or passed at 1 (***), 5 (**), and 10% (*) significance.

3.2 IRF analysis

Our figures below offer our selected IRFs from the estimated VAR model above. A
shock to the ¢ — th variable is transmitted to all the endogenous variables through the
dynamic structure of the VAR. In particular, the IRFs trace the effect of a one-time
shock to one innovation on the current and future values of those endogenous variables.
While the number of IRFs is large” only a few are noteworthy—our focus is thus placed
on the gold-BTC relationship for what it might mean for the future of money.
Further, given that the innovations u; in the VAR model are usually contemporane-
ously correlated, they can be seen as having a common component which cannot be as-
sociated with a specific variable. As done in the literature, we apply the Cholesky trans-
formation to orthogonalize the impulses (Sims, 1980)—or formally ¢, = Pu, ~ (0, D),

where D is a diagonal covariance matrix—thus imposing an ordering of the variables in

5The USD as the de facto world currency makes up for roughly 60-65% of international trade

transactions.
6By April 2021, the Fed’s balance sheet has grown to about USD 7.7 trillion in US securities.
A total of 36 as we have 6 variables (=6x6).



the VAR model which will assign the effects of any common component to the variable
that comes first. For our analysis this will be the EURUSD rate, as monetary policy
seems to have been a driving force of much speculation in the past few decades.®
Figure 2a shows a very mild reaction of gold to shocks in the BTC equation—
cumulatively, this is never above the quarter of a percentage point for the whole sample
(Figure 2b), which goes from February 2018 to November 2020. However, for the covid-
19 subsample, March 2020 to September 2020, the reaction of gold to a bitcoin shock
is significant and instantaneous, yet fades away completely after the third day (Figure

3a). The accumulated response has however more than tripled (Figure 3b).?

Figure 2: Response (days) to Cholesky one s.d. innovations + 2 s.e., full sample
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Figure 3: Response (days) to Cholesky one s.d. innovations + 2 s.e., ‘first wave’
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8There seems however to be no critical difference were we to choose a different ordering of the
variables.
9Contrariwise, the response of BTC to gold was virtually nonexistent.
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3.3 Variance decomposition

While IRFs trace the effects of an unanticipated shock to one endogenous variable
in the whole VAR system, variance decomposition breaks down the variation in one
endogenous variable into the different component shocks to the VAR. Hence, it provides
information on the relative weight of each random innovation in affecting the variables
in the VAR. In short, the values in Tables 3 and 4 can be seen as the r? values of each
variable in different time horizons of shocks. Notice that each row adds up to 100%.

Tables 3 (full sample) and 4 (covid-19 subsample) show the forecast error of gold
(Au) at the given forecast horizon. The variation in the current and future values of the
innovations to each variable are the contributing factors to the forecast error displayed
in the tables, with the columns to the right representing the percentage of the forecast
variance due to each innovation.

As with the IRFs above, we base our variance decomposition on the Cholesky trans-
formation, which can yield different results when altering the ordering of the variables.
It is worth noting the significant ‘jump’ in the weight of BTC as a driver of gold in the
“first-wave’ covid-19 subsample.!® We interpret this as BTC and gold coming together

in times of financial uncertainty, with BTC taking a leading role.

Table 3: Variance decomposition of gold (10 days), full sample
Forecast error BTC Au Ag EURUSD SP00 Dow

1 0.008402 221 83.22 0.00 14.56  0.00 0.00
2 0.008425 2.23 82.76 0.00 14.65 0.03 0.33
3 0.008461 2.27 8210 0.30 14.58  0.42 0.33
4 0.008538 2.58 80.62 0.64 14.54  0.41 1.20
) 0.008730 3.99 7734 1.86 14.26  0.53 2.01
6 0.008849 3.92 76.36 2.30 1391  1.19 2.31
7 0.008949 4.02 75.01 2.64 13.81  2.06 2.46
8 0.008996 4.46 74.69 2.67 13.66  2.07 2.43
9 0.009049 4.42 74.05 2.66 13.54  2.63 2.69
10 0.009180 5.18 72.66 3.59 13.27  2.68 2.62

Note: as with IRFs above, EURUSD includes ‘common’ shocks (Cholesky ordering).

0Tn contrast, the weight of gold in the forecast error of BTC (not shown) is less than 1% both for
the whole sample and the covid subsample.



Table 4: Variance decomposition of gold (10 days), ‘first wave’
Forecast error BTC Au Ag EURUSD SP00 Dow

1 0.013397 14.41 75.57 0.00 10.02  0.00 0.00
2 0.013718 16.02 72.10 0.14 10.05  0.66 1.02
3 0.013729 16.08 72.00 0.14 10.04  0.68 1.06
4 0.013730 16.08 71.99 0.14 10.03  0.69 1.06
5 0.013730 16.08 71.99 0.14 10.03  0.69 1.06
6 0.013730 16.08 71.99 0.14 10.03  0.69 1.06
7 0.013730 16.08 71.99 0.14 10.03  0.69 1.06
8 0.013730 16.08 71.99 0.14 10.03  0.69 1.06
9 0.013730 16.08 71.99 0.14 10.03  0.69 1.06
10 0.013730 16.08 71.99 0.14 10.03  0.69 1.06

Note: as with IRFs above, EURUSD includes ‘common’ shocks (Cholesky ordering).

4 Final remarks

Our IRF and variance decomposition analyses show how bitcoin has become increasingly
interdependent with gold, while taking a leading role that seems to place it and, by
extension, other cryptos, in a suitable position to hedge against market uncertainty
in post-pandemic life. Future research should focus more on the similarities between
cryptos and precious metals as it will throw more light on what seems to have become
a money race. We hold that cryptos at large, and bitcoin in particular, have come to
challenge the financial status quo, not only by introducing much needed competition,

but also by exposing its long-lived weaknesses.
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Appendix: Inverse Roots of AR Characteristic Polynomials
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