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a b s t r a c t

We apply the GARCH-MIDAS framework to forecast the daily, weekly, and monthly volatil-
ity of five highly capitalized Cryptocurrencies (Bitcoin, Etherium, Litecoin, Ripple, and
Stellar) as well as the Cryptocurrency index CRIX. Based on the prediction quality, we
determine the most important exogenous drivers of volatility in Cryptocurrency markets.
We find that the Global Real Economic Activity outperforms all other economic and finan-
cial drivers under investigation. We also show that the Global Real Economic Activity pro-
vides superior volatility predictions for both, bull and bear markets. In addition, the
average forecast combination results in low loss functions. This indicates that the informa-
tion content of exogenous factors is time-varying and the model averaging approach diver-
sifies the impact of single drivers.

Crown Copyright � 2019 Published by Elsevier B.V. All rights reserved.
1. Introduction

Focusing on the anatomy of volatility by identifying relevant exogenous drivers is important for financial market partic-
ipants and policy makers who are concerned with refining the volatility prediction of asset prices for the sake of risk assess-
ment, risk mitigation, and the formulation of regulatory policies. Remarkably, there is a large body of research examining the
role of macro-economic and financial variables in predicting the volatility of equities (e.g. Schwert, 1989; Paye, 2012) and
other assets such as bonds, foreign exchange, and commodities (e.g. Christiansen et al., 2012).

With the growing popularity of Cryptocurrencies as a new digital asset class in recent years, identification of the factors
driving the volatility of Cryptocurrencies has become an important research topic (Corbet et al., 2018). Cryptocurrencies are
characterized by extreme high and persistent volatility (Chu et al., 2017; Katsiampa, 2017) that exceeds the volatility of
other assets like equities and gold (Klein et al., 2018; Baur et al., 2018). Accordingly, investors and traders in the
ement of
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Cryptocurrency market are eager to refine their knowledge of the determinants of volatility for the sake of risk and portfolio
management. However, the related literature provides inconclusive findings and is generally limited in regard to the cover-
age of Cryptocurrencies, the drivers of volatility, and the methods used.

Previous studies consider the volatility of Bitcoin1 using GARCH-based models and mostly predict Bitcoin volatility based
only on past returns as conditional information (e.g. Katsiampa, 2017). Other internal drivers of Bitcoin volatility have also been
studied. Kristoufek (2015) analyzes various drivers of Bitcoin prices and volatility based on a wavelet approach. He finds that
Bitcoin shows signs of a classical currency with supply and price level being main drivers of volatility along with a sentiment
component. These internal drivers are also examined by Baek and Elbeck (2015) who do not identify any exogenous drivers in
the early years of price development in the Bitcoin market. Furthermore, Balcilar et al. (2017) show that trading volume is not
useful to predict Bitcoin volatility.2 Interestingly, some other studies focus on Bitcoin volatility while considering exogenous
macro-economic and financial variables such as equity indices (Dyhrberg, 2016), equity market volatility (Bouri et al., 2017;
Charfeddine and Maouchi, 2019), currencies (Dyhrberg, 2016), and commodities such as gold (Dyhrberg, 2016). However, most
of those studies focus on Bitcoin only and test predictability within GARCH models. These GARCH models require the frequency
of explanatory variables to match that of the predicted (volatility) variable (i.e., daily vs daily, weekly vs daily, or monthly vs
monthly), which unfortunately constrains the choice of the potential explanatory variables. Furthermore, those studies are
restricted to specific investment horizons like days or months and are conducted with in-sample analysis.

In this paper, we examine the macro-economic and financial factors driving the volatility of not only Bitcoin but other
leading Cryptocurrencies (i.e., Ethereum, Litecoin, Ripple, and Stellar) as well as the Cryptocurrency index CRIX (Trimborn
and Härdle, 2018). Importantly, our methodology is founded on the GARCH-mixed data sampling (GARCH-MIDAS) approach
of Engle et al. (2013), which allows not only the use of explanatory variables with various frequencies (i.e., daily and
monthly), but also differentiation between short-term and long-term volatility components.3 We also conduct out-of-
sample analyses, consider various forecasting horizons (i.e., day, week, and month), and extend some of the analyses to the
time-varying case. Such a rich examination adds to the strand of research that focuses only on in-sample perspective and per-
formance in terms of goodness-of-fit (Dyhrberg, 2016; Catania and Grassi, 2017; Chu et al., 2017; Corbet et al., 2018; Katsiampa,
2017; Ardia et al., 2019; Peng et al., 2018; Phillip et al., 2018; Baur et al., 2018; Klein et al., 2018).

Studying the factors driving the volatility of Bitcoin and other leading Cryptocurrencies via the GARCH-MIDAS approach is
important and of relevance to investors and traders in the Cryptocurrency market for several reasons. First, no consensus
exists on the factors determining the volatility of Bitcoin. This is probably due to the restriction of choice of potential
explanatory variables based on a single frequency, such as daily, whereas other key variables such as the Global Economic
Policy Uncertainty index and Global Real Economic Activity are only available at the monthly frequency. Therefore, the use of
a GARCH-MIDAS approach allows us to extend the existing literature by including important variables at various daily and
monthly frequencies. Second, the application of the GARCH-MIDAS model helps differentiate between short-term and long-
term components of volatility and their determinants. This is useful for market participants in the Cryptocurrency market
who generally prefer to match different trading and investment strategies to their investment horizons. For example, traders
have short term investment horizons, which makes them concerned with short term volatility, while investors have long
term investment horizons and are therefore more concerned with long term volatility4 and its determinants. Third, the appli-
cation of the GARCH-MIDAS model to the determinants of volatility in the markets of Bitcoin and other Cryptocurrencies helps
reconcile contradicting findings and refine the knowledge of traders and investors for their decision making.

The GARCH-MIDAS approach, which was initially applied into the broad finance and economics literature by Engle et al.
(2013), has been recently prolonged into the literature on Bitcoin finance. Using the GARCH-MIDAS approach, Fang et al.
(2019) provide evidence that global economic policy uncertainty enhances the hedging effectiveness of Bitcoin and the pre-
diction of Bitcoin volatility, while Conrad et al. (2018) explore the factors driving Bitcoin’s volatility and provide evidence
that Bitcoin volatility is closely linked to global economic activity.5

Our current paper is more related to Conrad et al. (2018), but differs in several respects. First, while Conrad et al. (2018)
focus on Bitcoin, we examine Bitcoin and four other leading Cryptocurrencies (Ethereum, Litecoin, Ripple, and Stellar) that
have been eroding the dominance of Bitcoin over the Cryptocurrency market and becoming serious competitors and alter-
native digital investments. We also consider the broad Cryptocurrency index CRIX. Second, we use broad range of possible
economic and financial variables which might influence the volatility of major Cryptocurrencies. These include the Global
Financial Stress Index (Bouri et al., 2018), global and Chinese economic policy uncertainty (Demir et al., 2018), and crude
oil (Hayes, 2017). Third, and unlike Conrad et al. (2018) who use an in-sample analysis and compare information criteria
of models with an identical number of parameters which makes a penalization irrelevant, we conduct a pseudo-out-of-
sample and forecasting analysis over various time horizons to overcome this issue with the cost of less predictive power
(Diebold, 2015; Hansen, 2010). We also conduct a rolling analysis to assess the stability of the forecast errors over time.
1 There is a vast literature on the price determinants of the original Cryptocurrency, Bitcoin, based on the of the information contents of macro-economic and
financial variables (see, among others, Kristoufek, 2015; Bouri et al., 2017; Baumöhl, 2019; Bouri et al., 2018; Bouri et al., 2018; Corbet et al., 2018; Demir et al.,
2018; Panagiotidis et al., 2018).

2 Aalborg et al. (2019) find that information on trading volume improves modelling volatility for Bitcoin.
3 Notably, the explanatory variables enter into the specification of the long-term volatility component of the GARCH-MIDAS model.
4 Remarkably, Katsiampa (2017) presents evidence that Bitcoin volatility can be decomposed into long and short-term components.
5 The authors state that their results suggest the superiority of GARCH-MIDAS over the simple GARCH model for forecasting Bitcoin volatility.
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Our empirical analyses are not only useful to investors for the construction of improved forecasts of long-term volatility
in the Cryptocurrency market but to policy-makers concerned about market efficiency in this young Cryptocurrency market.
This makes our paper related to the literature on the efficiency of financial markets in general (Malkiel, 1989) and the Cryp-
tocurrency market in particular (see, among others, Urquhart, 2016; Nadarajah and Chu, 2017; Bariviera et al., 2017;
Kristoufek, 2018; Alaoui et al., 2018). The fact that the Cryptocurrency market is much younger than the equity market could
have an adverse effect on the market efficiency of the various Cryptocurrencies under study, leading to potential predictabil-
ity. This is interesting, as recent empirical evidence on the efficiency of Bitcoin and other Cryptocurrencies provides a mixed
picture and in some cases evidence that market efficiency varies over time. In an early study, Baek and Elbeck (2015) find no
evidence of predictability, whereas later studies report contradicting evidence (Urquhart, 2016; Nadarajah and Chu, 2017;
Bariviera, 2017; Kristoufek, 2018; Sensoy, 2019), which suggest the possibility to predict Bitcoin volatility.6

Lastly, our work is related to research on the usefulness of Cryptocurrencies for investors and the benefits of adding Cryp-
tocurrencies to traditional portfolios (Anyfantaki et al., 2018; Petukhina et al., 2018; Trimborn et al., 2019). Our findings con-
tribute to understanding the time-varying drivers of volatility of this new asset class which heavily influences the success of
portfolio allocation strategies.

Our main results show that the volatility in the Cryptocurrency market is not detached from economic fundamentals, but
it is more driven by global economic and financial factors than country-specific ones. Generally, our results concur with the
results of Conrad et al. (2018) and Fang et al. (2019) regarding Bitcoin.

The methodology is outlined in Section 2. Price data is summarized in Section 3 while the results are discussed in Sec-
tion 4. Important implications are presented in Section 5.
2. Methodology

In this section, we introduce the models to forecast the volatility of Cryptocurrencies based on the well known autore-
gressive conditional heteroskedasticity models. The standard GARCH(1,1) process (Engle, 1982; Bollerslev, 1986) builds

on the squared innovations of the return series rt to model the returns’ volatility
ffiffiffiffiffi
ht

p
and reads as follows:
6 Thi
of the u
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p
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ht ¼ xþ ae2t�1 þ bht�1: ð3Þ
Here, l is the unconditional mean and et the scaled innovation of the return series. As suggested by Klein et al. (2018), we use
Student’s t distributed innovations zt for the model to account for the non-normal returns of Cryptocurrencies. Moreover, the
parameter x describes a constant long-term variance, a the impact of the scaled, squared innovations, and b the auto-
regressive impact of the past variance. Following, the unconditional variance of the standard GARCH model is
E r2t
� � ¼ x

1�a�b for the given case of a GARCH(1,1). Thus, the conditions for non-negativity and stationarity include
x;a; b > 0 and 1� a� bð Þ > 0. This process, however, does not incorporate external explanatory variables which might fur-
ther explain the volatility of the underlying return process.

The GARCH-MIDAS model (Engle et al., 2013) disentangles the volatility into a short-term (gt;m) and a long-term compo-
nent (sm) and roots in the Component- and Spline-GARCHmodels (Engle and Lee, 1999; Engle and Rangel, 2008). The process
explicitly allows for further explanatory variables to model the time-varying long-term volatility component. While the gt;m

is a standard GARCH(1,1) process, sm is described by means of the MIDAS technique and involves data of lower frequency.
The full model for the daily Cryptocurrency returns reads as follows:
rt;m ¼ lþ et;m; ð4Þ
et;m ¼ zt;m

ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
smgt;m

p
with zt;m � tmð0;1Þ i:i:d:; ð5Þ

gt;m ¼ ð1� a� bÞ þ a
e2t�1;m

sm

 !
þ bgt�1;m; ð6Þ

sm ¼ exp c þ h
XK
k¼1

uk x1;x2ð ÞXm�k

 !
; ð7Þ

uk x1;x2ð Þ ¼ k= K þ 1ð Þð Þx1�1 1� k= K þ 1ð Þð Þx2�1PK
j¼1 j= K þ 1ð Þð Þx1�1 1� j= K þ 1ð Þð Þx2�1 ; ð8Þ
where l is the unconditional mean, t and m are the indices for the days and months, and Xm is the explanatory variable at
monthly frequency.For the short-term GARCH process gt;m the standard non-negativity and stationarity constrains have to
s contradicts the view on the transition of the Cryptocurrency market and its progress toward maturity. Some might argue that the design and integrity
nderlying distributed ledger technology and the digital-only presence of the markets has led to a tremendous growth and maturing of these markets in
t years.
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hold. Wang and Ghysels (2015) further discuss the stationarity conditions for GARCH-MIDAS. To weight the lagged low-
frequency variables, we use the Beta-weighting scheme uk x1;x2ð Þ introduced by Ghysels et al. (2007). It is straightforward
that the model decomposes to the standard GARCH model if h ¼ 0 in Eq. (7). Here, we employ monthly explanatory variables
to describe the long-term component of the daily conditional volatility of Cryptocurrencies and set K ¼ 12, which translates
in incorporating the last twelve monthly observations of the explanatory variable.

We forecast the 1-day, 7-days, and 30-days ahead variance of ht;m ¼ smgt;m by estimating the parameters of the model for
a rolling window t ¼ 1; . . . ; T and predicting the next period’s variance. For 1-day ahead, the predicted variance is:
7 Exc
ĥTþ1;M ¼ sM ð1� a� bÞ þ a
e2T;M
sM

 !
þ bgT;M

 !
; ð9Þ
whereM is the corresponding month to T. In order to predict the 7-days and 30-days ahead variance, i.e. s ¼ 7 and s ¼ 30, we
conducted a recursive substitution of the unknown variance forecast back to time T:
ĥTþs;M ¼ sM ð1� a� bÞ
Xs
i¼0

aþ bð Þi þ aþ bð ÞsgT;M

 !
: ð10Þ
Note that our estimate for the future long-term variance s is the last element of the in-sample regression, namely sM . Doing
so, we avoid to forecast each exogenous variable. Moreover, it allows the last available information of the exogenous variable
to affect also the short-term forecasts. Ederington and Guan (2010) criticize the way of substitute the variance forecasts
recursively. The authors show that keeping the same relative weights for more recent and older observations might affect
forecasts of longer horizons negatively. However, as outlined in Nguyen and Walther (2019), the long-term component of
GARCH-MIDAS affects the overall volatility including forecast of longer horizons.

We evaluate the forecast by means of the Heteroskedasticity-adjusted Mean Squared Error (HMSE)
HMSE ¼ N�1
XN
i¼1

1� ri;m � l̂
� �2

=ĥi;m

� �2
; ð11Þ
and the Heteroskedasticity-adjusted Mean Absolute Error (HMAE)
HMAE ¼ N�1
XN
i¼1

j1� ri;m � l̂
� �2

=ĥi;mj: ð12Þ
The two measures are often used to evaluate GARCH models (e.g. Bollerslev and Ghysels, 1996; Patton, 2011). Based on the
Model Confidence Set (MCS, Hansen et al., 2011), we derive a set of models outperforming the other models which are not an
elements of the respective MCS. Following Hansen et al. (2011), we calculate two different sets, namely the 90% and 75%
confidence sets. We use the GARCH(1,1) model as a benchmark and also employ the average forecast combination of all
GARCH-MIDAS models (1/n) as model averaging approach by
ĥi;m ¼ jPj�1
X
p2P

ĥp
i;m;
where P is the set of all models under investigation.

3. Data

We employ time series of prominent Cryptocurrencies, i.e. Bitcoin, Etherium, Litecoin, Stellar, and Ripple. All Cryptocur-
rency time series are retrieved from coinmarketcap.com. In addition, we use the Cryptocurrency index CRIX available from
thecrix.de (Trimborn and Härdle, 2018). All daily price series are sampled until July 31, 2019 but vary in their starting point.
An overview of the respective sampling period and resulting total number of observations is given in Panel A of Table 1 along
with selected descriptive statistics. We set the initial and rolling training sample to one year, i.e. 730 days. Consequently, we
have varying lenghts of out-of-sample periods from 698 days (Etherium) to 1552 days (Bitcoin and Litecoin), representing
roughly two to four years, respectively. An in-depth statistical overview of Cryptocurrencies is given in Härdle et al.
(2019). Fig. 1 presents the price movements of the selected Cryptocurrencies in our sample period.

In order to explain the long-term volatility component in the GARCH-MIDAS set-up, we utilize various financial and eco-
nomic time series which are given in Panel B of Table 1. In particular, we use the monthly returns and realized volatility of
the S&P 500, the MSCI Emerging Markets 50 (MSCI EM), the Dow Jones Precious Metals (DJPM) index, and the Crude Oil Front
Month Futures of the West Texas Intermediate (WTI) in order to investigate the impact of the U.S. and Emerging Markets,
especially Chinese, equity markets as well as the influence of commodities. Additionally, we employ the CBOE implied
volatility index of the S&P 500 (VIX) as well as the Bank of America Merryl Lynch Global Financial Stress Index (GFSI) to cover
for possible spillovers of financial volatility.7 In terms of economic variables, we include the Global (Current) and the Chinese
ept for the GFSI, all variables are retrieved from Thomson Reuters DataStream. The data for the GFSI is gathered from Bloomberg Terminal.

http://coinmarketcap.com
http://www.thecrix.de


Table 1
Descriptive statistics of the daily return series of Cryptocurrencies and the monthly explanatory variables. OoS refers to the Out-of-Sample, Obs. are the number
of observations, St.Dev. is the Standard Deviation, ADF is the Augmented-Dickey-Fuller-test for unit roots, logRet is the logarithmic return, sRet is the simple
return or growth rate, and RV refers to the realized variance. The asterisks ***, **, and * correspond to the level of significance of 1%, 5%, and 10%.

Start OoS Start End OoS Obs. Total Obs. Mean St.Dev. ADF

Panel A: Cryptocurrencies (daily)
Bitcoin logRet 01-May-2013 01-May-2015 31-Jul-2019 1552 2283 0.1877 4.3406 �48.0490***
Etherium logRet 01-Sep-2015 01-Sep-2017 31-Jul-2019 698 1430 0.3552 6.3583 �36.7008***
Litecoin logRet 01-May-2013 01-May-2015 31-Jul-2019 1552 2283 0.1372 6.5908 �46.7255***
Ripple logRet 01-Sep-2013 01-Sep-2015 31-Jul-2019 1429 2160 0.1872 7.3533 �44.2214***
Stellar logRet 01-Sep-2014 01-Sep-2016 31-Jul-2019 1063 1795 0.2065 7.7007 �39.5458***
CRIX logRet 01-Aug-2014 01-Aug-2016 31-Jul-2019 1094 1826 0.1675 3.9018 �43.9010***

Panel B: Explanatory Variables (monthly)
S&P500 logRet 01-Jun-2012 – 01-Jul-2019 – 86 0.1248 0.3922 �10.6459***
S&P500 RV 01-Jun-2012 – 01-Jul-2019 – 86 0.1184 0.0529 �2.1861**
VIX 01-Jun-2012 – 01-Jul-2019 – 86 15.2631 3.8542 �1.6748⁄
GFSI 01-Jun-2012 – 01-Jul-2019 – 86 �0.0140 0.2599 �4.0505***
MSCI EM logRet 01-Jun-2012 – 01-Jul-2019 – 86 0.0039 0.5290 �9.5255***
MSCI EM RV 01-Jun-2012 – 01-Jul-2019 – 86 0.1329 0.0457 �1.7935⁄
GSCI logRet 01-Jun-2012 – 01-Jul-2019 – 86 �0.1009 0.6455 �7.8434***
GSCI RV 01-Jun-2012 – 01-Jul-2019 – 86 0.1710 0.0655 �1.2788
DJPM logRet 01-Jun-2012 – 01-Jul-2019 – 86 �0.0442 0.5541 �8.9683***
DJPM RV 01-Jun-2012 – 01-Jul-2019 – 86 0.1548 0.0598 �1.9749**
WTI logRet 01-Jun-2012 – 01-Jul-2019 – 86 �0.0819 1.0491 �7.9744***
WTI RV 01-Jun-2012 – 01-Jul-2019 – 86 0.2943 0.1355 �1.2633
GEPU sRet 01-Jun-2012 – 01-Jul-2019 – 86 3.1402 21.5390 �10.5299***
CEPU sRet 01-Jun-2012 – 01-Jul-2019 – 86 11.2589 46.7857 �11.5198***
GREA 01-Jun-2012 – 01-Jul-2019 – 86 �49.3104 36.9252 �1.6588⁄
USD logRet 01-Jun-2012 – 01-Jul-2019 – 86 0.0318 0.2119 �9.3324***
USD RV 01-Jun-2012 – 01-Jul-2019 – 86 0.0575 0.0203 �1.2861

Fig. 1. Prices of Bitcoin (BTC), Etherium (ETH), Litecoin (LTC), CRIX index points (CRIX), Ripple (XRP), and Stellar (XLM) in log-scale with their respective
sampling range ending July 31, 2019.
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(South China Morning Post) Economic Policy Uncertainty index (GEPU and CEPU, www.policyuncertainty.com) as well as the
Global Real Economic Activity (GREA)8, and the trade weighted USD index (fred.stlouisfed.org/series/DTWEXM).
8 We are thankful to Lutz Kilian for providing the updated data on his website (https://sites.google.com/site/lkilian2019/research/data-sets). The
construction is described in detail in Kilian (2009, 2019).

http://www.policyuncertainty.com
http://fred.stlouisfed.org/series/DTWEXM
https://sites.google.com/site/lkilian2019/research/data-sets
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For the financial variables we use monthly logarithmic returns (logRet) and the monthly realized volatility

RVm ¼PM
t¼1r

2
t;m. We keep GFSI, the volatility index VIX, and GREA at levels. The two Economic Policy Uncertainty indices

are used as simple returns (sRet).

4. Results

4.1. Out-of-sample forecast results

We use the presented exogenous drivers of the long-term volatility to forecast the conditional volatility of Bitcoin, Ether-
ium, Litecoin, Ripple, Stellar, and CRIX. The forecast horizon is set to one day, one week, and one month, i.e. 1-day, 7-days,
and 30-days ahead forecasts since Cryptocurrencies are traded continuously.

Table 2 presents the results for the two loss functions. We do not find a single driver which is consistently outperforming
its peers over the cross-section of Cryptocurrencies and forecasting horizons. Hence, each Cryptocurrency tends to have a
specific exogenous variable which results in the lowest corresponding loss function. Over all 1-day ahead forecasts, we find
GEPU to best predict Bitcoin, DJPM RV for Etherium, GFSI for Litecoin, GREA for Ripple and CRIX, and CEPU for Stellar. These
drivers lead to both the lowest HMSE and HMAE. However, the choice of exogenous variable varies over different forecast
horizons.

From the set of exogenous variables, GREA, GFSI, CEPU, and the S&P 500 RV result in the most inclusions of the 90% and
75%MCS. In total, GREA (GFSI, CEPU, and S&P 500 RV) appear to be included 21 (14, 16, 12) times in the 75%MCS and even 26
(19, 17, 20) times in the 90% MCS out of 36 possibilities.9 This is interesting, since the next best choices only result in 10 and 13
appearances, respectively for the 75% and 90% MCS. This finding indicates that GREA—a proxy for the world’s business cycle—is
a very robust predictor of Cryptocurrencies’ volatility over their cross-section. Moreover, the GSFI and the RV of the S&P 500,
both indicators of financial stress, also provide information important for forecasts. Remarkably, the Economic Policy Uncer-
tainty of China is among the best predictors, showing that not only China (Ciaian et al., 2017), but also policy uncertainty is
important in Cryptocurrency markets (Demir et al., 2018; Fang et al., 2019). We note that our benchmark model, the basic
GARCH(1,1) does a very poor job and is only included 3 and 7 times over all 36 possibilities. Even more astonishing is the finding
that common choices of volatility drivers of other asset classes, in particular VIX (8 and 12) or the WTI logRet (5 and 2), do not
predict the volatility of Cryptocurrencies sufficiently, especially not for shorter horizons. Fig. 2 illustrates the fitted long-term
component of GREA for the Bitcoin time series in comparison to the constant long-term volatility of the simple GARCH. After
2014, GREA seems able to model the long-term mean, around which the short-term component is fluctuating. However, the
simple GARCH only provides some kind of baseline.

Comparing our forecasting results with the in-sample results of earlier studies, we can confirm the findings of Conrad
et al. (2018) for Bitcoin, that macroeconomic business cycle indicator and the S&P 500 RV contain important information
for Cryptocurrency volatility. The authors employ the Baltic Dry index which is somewhat similar to Kilian’s (Kilian,
2009) GREA. Interestingly, GREA also turns out to be of explanatory value for other commodities (Nguyen and Walther,
2019). However, we cannot support the findings that the VIX is important for the volatility of Bitcoin. Moreover, we cannot
conclude that the US exchange rate, as suggested by Dyhrberg (2016), has some potential for forecasting Cryptocurrencies.
Our results also reflect those of Bouri et al. (2018). While the authors find evidence of dependency between the GFSI and
Bitcoin returns, we can conclude that GFSI does also have predictive information for the long-run volatility.

The GARCH-MIDASmodel with GREA as exogenous driver is the first-best choice in our sample. However, the second-best
choice is not another single predictor, but the average forecast combination of all models under investigation. It is included
in 17 (20) out of 36 different MCS for 90% (75%) level of confidence. We conclude that the model averaging is an interesting
alternative to single predictors, since it somewhat diversifies the forecasts at each point in time.

Based on several robustness checks, these results hold. In particular, we changed the lags of the MIDAS model to
36 months, used a GJR-GARCH to account for the well-known leverage effect in the short-term dynamics as well as a change
in the underlying return distribution to a Normal distribution.

4.2. Further analysis based on rolling relative loss functions

To further illustrate the superiority of forecasts using GFSI, GREA, or the naive forecast combination, we provide the roll-
ing relative HMSE and HMAE for the daily, weekly, and monthly volatility forecasts of Bitcoin in Figs. 3–5. Based on the roll-
ing average 60-days HMSE and HMAE, the errors of S&P500 RV, GFSI, GSCI RV, GREA, CEPU and the naive 1/n combination are
plotted relative to the HMSE and HMAE of the simple GARCH. The idea is borrowed from Herrera et al. (2018) and allows us
to evaluate the stability of the forecast errors over a given period. The first observation, i.e. the first average error is the mean
of the first 60 single errors relative to the mean of the first 60 errors of the benchmark model (simple GARCH). The second
average error is then the mean over the second single error to the 61st and so on.

It appears that the predictors have better forecasts errors relative to the simple GARCH most of the time. Especially, the
naive forecast combination has better performance, with a few exceptions in 2015 and 2018. Additionally, we find that e.g.
9 There are 36 possibilities rooting in three different forecasting horizons, six different Cryptocurrencies, and two different loss functions.



Table 2
Forecasting results with GARCH-MIDAS and exogenous variables for 1-day, 1-week, and 1-month ahead. Value correspond to the p-value from MCS for each
loss function. Asterisks indicate the inclusion in the MCS (TR statistic with 10000 bootstraps, * and ** indicate 90% and 75% confidence level, respectively). The
number 1:0000 in each column represents the lowest loss function.

Bitcoin Etherium Litecoin Ripple Stellar CRIX

HMSE HMAE HMSE HMAE HMSE HMAE HMSE HMAE HMSE HMAE HMSE HMAE

1-day ahead forecast
GARCH 0.0002 0.0000 0.0000 0.0000 0.0000 0.0000 0.0001 0.0000 0.0006 0.0000 0.0000 0.0000
S&P500

logRet
0.1682* 0.3910** 0.0000 0.0000 0.0000 0.0000 0.0001 0.0000 0.7770** 0.0332 0.0000 0.0000

S&P500 RV 0.1682* 0.2907** 0.0000 0.0000 0.0113 0.0000 0.0001 0.0000 0.1270* 0.0015 0.1708* 0.0159
VIX 0.0024 0.0000 0.0000 0.0000 0.0074 0.0000 0.0032 0.0000 0.9255** 0.1398* 0.0000 0.0000
GFSI 0.1682* 0.5790** 0.5631** 0.6735** 1.0000** 1.0000** 0.8050** 0.0157 0.1270* 0.0003 0.0257 0.0000
EM logRet 0.1682* 0.5790** 0.0000 0.0000 0.0000 0.0000 0.0001 0.0000 0.6237** 0.0000 0.0000 0.0000
EM RV 0.0263 0.0073 0.0000 0.0000 0.0113 0.0000 0.0001 0.0000 0.0006 0.0000 0.0000 0.0000
GSCI logRet 0.1682* 0.0244 0.0000 0.0000 0.0000 0.0000 0.0001 0.0000 0.0006 0.0000 0.0000 0.0000
GSCI RV 0.0375 0.0626 0.3845* 0.0544 0.0341 0.0265 0.0001 0.0000 0.0006 0.0000 0.0884 0.0687
DJPM

logRet
0.0038 0.0017 0.0182 0.0000 0.0341 0.0001 0.0001 0.0000 0.0006 0.0000 0.0000 0.0000

DJPM RV 0.0263 0.0073 1.0000** 1.0000** 0.0341 0.0003 0.0001 0.0000 0.0006 0.0000 0.0001 0.0000
WTI logRet 0.0375 0.0073 0.0000 0.0000 0.0000 0.0000 0.0001 0.0000 0.0006 0.0000 0.0000 0.0000
WTI RV 0.0145 0.0244 0.0002 0.0000 0.0113 0.0001 0.0001 0.0000 0.1270* 0.0261 0.0000 0.0000
GEPU 1.0000** 1.0000** 0.0000 0.0000 0.0113 0.0000 0.0001 0.0000 0.1270* 0.0000 0.0000 0.0000
CEPU 0.3319** 0.5790** 0.0000 0.0000 0.0113 0.0000 0.0001 0.0000 1.0000** 1.0000** 0.0000 0.0000
GREA 0.3319** 0.5790** 0.0000 0.0000 0.0330 0.0001 1.0000** 1.0000** 0.9255** 0.1398* 1.0000** 1.0000**
USD logRet 0.0033 0.0017 0.0000 0.0000 0.0074 0.0000 0.0001 0.0000 0.0006 0.0000 0.0000 0.0000
USD RV 0.0038 0.0000 0.0184 0.0002 0.0000 0.0000 0.0001 0.0000 0.0004 0.0000 0.0000 0.0000
1/n 0.1682* 0.5790** 0.0000 0.0000 0.0341 0.0003 0.0001 0.0000 0.9255** 0.0081 0.0018 0.0000

7-days/1-week ahead forecast
GARCH 0.4128** 0.0028 0.0217 0.0000 0.0637 0.0001 0.2724** 0.0055 0.2182* 0.0010 0.0041 0.0000
S&P500

logRet
0.6756** 0.8047** 0.0217 0.0000 0.2674** 0.0003 0.2647** 0.0006 0.2182* 0.1143* 0.0530 0.0003

S&P500 RV 0.4128** 0.3655** 0.0217 0.0015 0.6243** 0.7765** 0.2647** 0.0055 1.0000** 0.1143* 0.2155* 0.1270*
VIX 0.4128** 0.0028 0.0217 0.0015 0.2968** 0.0028 0.2724** 0.0246 0.3226** 0.1204* 0.0530 0.0001
GFSI 0.5272** 0.8047** 0.0622 0.2185* 0.2968** 0.9685** 0.2647** 0.0246 0.8696** 0.0069 0.0041 0.0028
EM logRet 0.4128** 0.1757** 0.0217 0.0000 0.2715** 0.0003 0.2647** 0.0006 0.3226** 0.0069 0.2155* 0.0001
EM RV 0.4128** 0.1757* 0.0622 0.0015 0.6243** 0.7765** 0.6037** 0.0246 0.3226** 0.0069 0.0041 0.0004
GSCI logRet 0.4128** 0.1757* 0.0217 0.0000 0.0637 0.0001 0.2647** 0.0006 0.0911 0.0003 0.0041 0.0000
GSCI RV 0.4128** 0.1757* 1.0000** 1.0000** 0.2968** 0.7765** 1.0000** 0.0246 0.0911 0.0010 0.8614** 0.8237**
DJPM

logRet
0.4128** 0.0028 0.0622 0.0049 0.4434** 0.7765** 0.2647** 0.0013 0.0911 0.0001 0.0530 0.0000

DJPM RV 0.4128** 0.1757* 0.1206* 0.8027** 0.4434** 1.0000** 0.2647** 0.0055 0.0911 0.0003 0.0530 0.0003
WTI logRet 0.4128** 0.0791 0.0217 0.0015 0.0637 0.0001 0.2647** 0.0006 0.0911 0.0003 0.0041 0.0000
WTI RV 0.4128** 0.1757* 0.0622 0.0049 1.0000** 0.7765** 0.6892** 0.0246 0.0911 0.0042 0.2155⁄ 0.0004
GEPU 0.6756** 0.9589** 0.0622 0.0015 0.2968** 0.0752 0.2647** 0.0006 0.0911 0.0069 1.0000** 0.0006
CEPU 1.0000** 1.0000** 0.0217 0.0001 0.4434** 0.7765** 0.2724** 0.0055 0.8696** 1.0000** 0.0530 0.0000
GREA 0.4982** 0.9292** 0.0217 0.0015 0.4309** 0.3819** 0.6892** 1.0000** 0.2182* 0.1204* 0.5983** 1.0000**
USD logRet 0.5327** 0.1757* 0.0217 0.0000 0.2968** 0.0445 0.2647** 0.0006 0.0911 0.0069 0.0530 0.0000
USD RV 0.4128** 0.1757** 0.0622 0.0207 0.2674** 0.0028 0.2647** 0.0055 0.0911 0.0010 0.0041 0.0000
1/n 0.5327** 0.9589** 0.0622 0.0015 0.4434** 0.9685** 0.6037** 0.0246 0.7725** 0.1143* 0.2763** 0.0028

30-days/1-month ahead forecast
GARCH 0.1984* 0.0098 0.0532 0.0000 0.3626** 0.0004 0.2380* 0.0012 0.1112* 0.0000 0.0144 0.0000
S&P500

logRet
0.1745* 0.0256 0.0031 0.0000 0.1086⁄ 0.0003 0.3756* 0.0012 0.8723** 0.4398** 0.0821 0.0002

S&P500 RV 0.2093* 0.0330 0.0532 0.0004 0.4724** 0.0214 0.3756** 0.0029 1.0000** 0.1311* 0.5180** 0.5521**
VIX 0.2093* 0.0166 0.0532 0.0000 0.4724** 0.0214 1.0000** 0.0029 0.5641** 0.1311* 0.0821 0.0002
GFSI 0.2093* 0.0820 0.0532 0.0188 0.8729** 1.0000** 0.2380* 0.0029 0.0252 0.0000 0.0821 0.0021
EM logRet 0.2093* 0.0330 0.0031 0.0000 0.8729** 0.0080 0.2380* 0.0002 0.0252 0.0000 0.0821 0.0021
EM RV 0.1984* 0.0256 0.0532 0.0004 0.4724** 0.0214 0.5555** 0.0029 0.0252 0.0000 0.0821 0.0005
GSCI logRet 0.2093* 0.0330 0.0031 0.0000 0.1086* 0.0003 0.3756** 0.0012 0.1255* 0.0000 0.0144 0.0000
GSCI RV 0.2093* 0.0256 1.0000** 1.0000** 0.8729** 0.0214 0.2380* 0.0012 0.0047 0.0000 0.5180** 1.0000**
DJPM

logRet
0.1745* 0.0098 0.0532 0.0004 0.4724** 0.0302 0.3756** 0.0012 0.0047 0.0000 0.0144 0.0000

DJPM RV 0.2093* 0.0474 0.3410** 0.4264** 0.8729** 0.1739⁄ 0.2380* 0.0012 0.0047 0.0000 0.0821 0.0100
WTI logRet 0.1984* 0.0256 0.0532 0.0000 0.1086* 0.0004 0.2380* 0.0002 0.1112* 0.0000 0.0144 0.0000
WTI RV 0.1745* 0.0166 0.0532 0.0005 0.3626** 0.0214 0.3756** 0.0029 0.1112* 0.0002 0.1622* 0.0100
GEPU 1.0000** 1.0000** 0.0532 0.0004 0.1086* 0.0214 0.2380* 0.0002 0.0252 0.0000 0.0821 0.0005
CEPU 0.9754** 0.5652** 0.0532 0.0000 0.8729** 0.0302 0.2380* 0.0002 0.3653** 0.5643** 0.0144 0.0002
GREA 0.2093* 0.0820 0.0031 0.0000 1.0000** 0.0302 0.5555** 1.0000** 0.1112* 0.4898** 0.5180** 0.9424**
USD logRet 0.2093* 0.0256 0.0031 0.0000 0.3626** 0.0214 0.2380* 0.0002 0.0561 0.0000 0.0144 0.0000

(continued on next page)
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Fig. 3. 60 days rolling window 1-day ahead relative HMSE and HMAE of Bitcoin with S&P500 RV, GFSI, GSCI RV, CEPU, GREA, and the naive forecast
combination. The errors are set relative to the simple GARCH prediction from June 29, 2015 to July 31, 2019. The ‘‘bear” market of 2018 to April 2019 is
shaded in grey.

Fig. 2. Daily volatility (yellow), daily long-term volatility component with GREA (blue), and VIX (red) for Bitcoin from May 1, 2013 to July 31, 2019. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 2 (continued)

Bitcoin Etherium Litecoin Ripple Stellar CRIX

HMSE HMAE HMSE HMAE HMSE HMAE HMSE HMAE HMSE HMAE HMSE HMAE

USD RV 0.2093* 0.0256 0.0532 0.0004 0.1086* 0.0028 0.2380* 0.0012 0.1255* 0.0000 0.0144 0.0000
1/n 0.9754** 0.6998** 0.0532 0.0005 0.4724** 0.1739* 0.5555** 0.0152 0.8723** 1.0000** 1.0000** 0.4558**
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Fig. 4. 60 days rolling window 7-days ahead relative HMSE and HMAE of Bitcoin with S&P500 RV, GFSI, GSCI RV, CEPU, GREA, and the naive forecast
combination. The errors are set relative to the simple GARCH prediction from June 29, 2015 to July 31, 2019. The ‘‘bear” market of 2018 to April 2019 is
shaded in grey.

Fig. 5. 60 days rolling window 30-days ahead relative HMSE and HMAE of Bitcoin with S&P500 RV, GFSI, GSCI RV, CEPU, GREA, and the naive forecast
combination. The errors are set relative to the simple GARCH prediction from June 29, 2015 to July 31, 2019. The ‘‘bear” market of 2018 to April 2019 is
shaded in grey.
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GREA performs equally well during bear and bull markets, if one compares the year 2015–2017 with 2018. On the contrary,
the realized volatility of GSCI and the S&P500 lose there relative superiority during the 2018 bear market.



Fig. 6. 60 days rolling window 1-day ahead relative HMSE and HMAE of CRIX with S&P500 RV, GFSI, GSCI RV, CEPU, GREA, and the naive forecast
combination. The errors are set relative to the simple GARCH prediction from September 29, 2016 to July 31, 2019. The ‘‘bear” market of 2018 to April 2019
is shaded in grey.

Fig. 7. 60 days rolling window 7-days ahead relative HMSE and HMAE of CRIX with S&P500 RV, GFSI, GSCI RV, CEPU, GREA, and the naive forecast
combination. The errors are set relative to the simple GARCH prediction from September 29, 2016 to July 31, 2019. The ‘‘bear” market of 2018 to April 2019
is shaded in grey.
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Some of the explanatory variables, e.g. the realized volatility of the GSCI and the S&P500 produce some extreme outliers
in the relative performance especially for the longer-term forecasts of 7-days and 30-days ahead. It is noteworthy that these



Fig. 8. 60 days rolling window 30-days ahead relative HMSE and HMAE for CRIX with S&P500 RV, GFSI, GSCI RV, CEPU, GREA, and the naive forecast
combination. The errors are set relative to the simple GARCH prediction from September 29, 2016 to July 31, 2019. The ‘‘bear” market of 2018 to April 2019
is shaded in grey.
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step-function like increases or decreases are caused by a single outlier which is then present in the 60-day error averages.
This phenomenon with equity measures might be due to a lesser integration of Bitcoin with equity markets (Anyfantaki
et al., 2018) and commodity markets (Ji et al., 2019a,b) in these times. A last important observation to be highlighted is
the forecasting performance during bear market periods, shaded in grey in the plots. We find most of the exogenous predic-
tors to performmuch better than GARCH. This is of particular interest as GARCH is a short memory model and bear periods in
Bitcoin markets are characterized by high volatilities, which should be picked up by simple GARCH-type models rather
quickly. It appears that exogenous factors are better suited in predicting high volatilities during Bitcoin bear markets, which
has direct implications for risk management.

Figs. 6–8 visualize the relative forecasting performance for a broader Cryptocurrency index CRIX. Focusing on an index
rather than a single coin might offer additional insight on forecasting performance. Similar to the findings for Bitcoin, we
find exogenous predictors to outperform during bear market periods. Interestingly, during the turnaround after the bear per-
iod, almost all exogenous predictors perform relatively worse than GARCH. Another important observation is the forecasting
performance with CEPU, the Chinese Policy Uncertainty index, which performs worse than GARCH but yields superior fore-
casts within a few days of the ex-post identified bear market. Chinese policy intervention for Cryptocurrency markets and
closure of exchanges caused several violent market reactions with significant downturns across Cryptocurrencies. This high-
lights the sensitivity of Cryptocurrency markets to policy changes.
5. Conclusions

In this article, we investigate the usefulness of exogenous drivers to predict the 1-day, 7-days (one week), and 30-days
(one month) ahead volatility of Cryptocurrencies. Out of a set of 17 different economic and financial drivers, we conclude
that the Global Real Economic Activity outperforms its peers. The second best choice is the average forecast combination
of all models under investigation. This is interesting for several reasons: Firstly, the volatility of Cryptocurrencies appears
to be driven by the global business cycle rather than country-specific economic or financial variables. It shows that the large
trading activity and market share in emerging markets do not have a steady effect on volatility of Cryptocurrency markets.
Unforeseen policy changes, however, have a short-lived but significant impact. Secondly, the performance of the average
forecasting combination suggests that even though Global Real Economic Activity is the best predictor on average, other
exogenous variables, such as the Global Financial Stress Index or the Chinese Policy Uncertainty Index, contain useful infor-
mation and diversify the impact. This underlines the hypothesis that given the decentralization of Cryptocurrency markets,
there is not a single factor but rather a network of driving factors which interact with each other.
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Future research could extend our work by re-investigating the issue with a different methodology, e.g. using intra-day
data to construct daily realized volatility measures and adopt HAR-MIDAS as in Santos and Ziegelmann (2014). Since we only
use economic and financial variables, one could investigate whether the long-term volatility is driven by Cryptocurrency-
specific drivers such as the realized volatility or the trading volume (Aalborg et al., 2019; Balcilar et al., 2017; Batten
et al., 2019).10 Moreover, it would be interesting to scrutinize the value-added of exogenous drivers for trading strategies, risk
management, and portfolio allocation. Lastly, we only investigate the average forecast combination. Thus, an in-depth analysis
of loss function minimizing forecast pooling would extend the literature.
Appendix A. Supplementary material

Supplementary data associated with this article can be found, in the online version, at https://doi.org/10.1016/j.intfin.
2019.101133.
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