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Abstract: This study analyses whether returns of top market capitalised crypto-
currencies are affected by their movements or major global macroeconomic news. 
Daily data are collected for the leading 10 cryptocurrencies from July 2017–December 
2018. This study, (i) tests whether lagged variables can help predict other variables’ 
returns through a vector autoregression (VAR) model, (ii) analyses the response 
of cryptocurrencies to one standard deviation shock on Bitcoin’s returns, and (iii) 
decomposes factors that contribute to variance and tests for structural breaks. 
Findings show that most cryptocurrencies do not significantly affect other variances, 
except for Monero, which represented between 19% and 45% of the variances of five 
cryptocurrencies. Autoregressive (AR) models are superior in forecasting one day ahead 
return forecasts, compared to the VAR model, whereas the random walk (RW) model 
ranked last. Although remarkable structural breaks are observed via impulse response 
functions during December 2017–January 2018, no major news announcements were 
released on the same day the breaks occurred. Overall, this study suggests the need for 
high-frequency cryptocurrency prices to tackle the issue of the relationship between 
intraday news release and cryptocurrencies. 
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1. Introduction
One of the most distinct features of cryptocurrencies, as opposed to traditional curren-
cies, relates to the fact that cryptocurrencies do not have physical representations 
(Folkinshteyn, Lennon, & Reilly, 2015). No intrinsic value like other traditional cur-
rencies, proportionately higher volatilities, and no volatility spill over with alternative 
assets (Berentsen & Schar, 2018; Corbet, Meegan, Larkin, Lucey, & Yarovaya, 2018; 
Phillip, Chan, & Peiris, 2018), make cryptocurrencies an interesting candidate to study 
when it comes to whether macroeconomic events affect their returns. In the literature, 
the effect of global news on various investment products vary. For example, prior 
studies have found significant relationships between stock returns and money growth 
(Cornell, 1983), between different interest rates and stock returns (Chan, Karceski, & 
Lakonishok, 1998) and between major US global financial condition indices and net 
positions of actively traded USD foreign currency futures (Gurrib, 2018). However, 
Burniske and White (2017) reported that despite Bitcoin (BTC) retaining the lead in 
terms of usage as found in most wallets and exchanges, BTC has also been dubbed as 
an ineffective tool in managing price volatility due to its low correlation with major 
currencies like the US dollar, Euro and the British Pound, and commodities such as gold. 
Moreover, Yermack (2015) reported macroeconomic changes, which cause movements 
in exchange rates, are not captured by BTC’s price movements.

This study thus aims to test whether the top ten cryptocurrencies are influenced 
by their asset class returns or global major news announcements.1 The scope of this 
study would thus also cover major news announcements that originate from the US, 
Europe and the UK. Due to the decentralised feature of cryptocurrencies, and relatively 
few studies on cryptocurrencies’ price formations, this study focusses mainly on news 
coming from the most developed economies such as the US, UK and Europe. This is in 
line with the EUR/USD and GBP/USD being some of the most actively traded currencies 
globally. The use of global events, like news from the US or Europe, is also supported 
by Liu and Tsyvinski (2018) who found similar exposures to BTC risk when examining 
different regions which includes the US, Europe, Japan, Canada and Asia (excluding 
Japan). Although studies, such as Kumar and Smith (2017) support the notion that 
cryptocurrencies should not affect monetary policy actions in relation to interest rates 
and inflation control measures, the effect of changes in interest rates and inflation-
related announcements on major cryptocurrencies has yet to be analysed. BTC open 
source allows the creation of new cryptocurrencies daily, which further fuels the need 
to investigate whether alternative investments, such as BTC, affect the returns of other 
cryptocurrencies and/or are affected by global financial news.

Our study contributes to the existing literature by closing the gap in two main 
areas. The study is the first to present a vector autoregression (VAR) model to help 
predict the returns of leading cryptocurrencies using one step ahead forecasts. The 
Granger causality and impulse responses are carried out to analyse the impact of 
cryptocurrency’s returns on each other’s return. The VAR model is the first one to be 
compared to the autoregressive (AR) and random walk (RW) models. The superiority 

1 See https://coinmarketcap.com/ for more information about the market capitalisation of cryptocurrencies.
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of the AR model as compared with the VAR model provides information on the relative 
non-importance of any cryptocurrency in affecting the return and variances of others, 
instead of relying only on its own lags. The relatively poor forecasting ability of a RW 
model suggests the returns for cryptocurrencies can be better forecasted using a VAR 
model. Second, ours is the first study to analyse the presence of structural breaks within 
a VAR framework. This notion is important due to the volatility spikes noticed during 
December 2017–January 2018 in most cryptocurrencies. The presence of considerable 
structural changes within the cryptocurrencies’ returns adds further value because they 
provide information that cryptocurrencies, such as other alternative investments, can 
be affected structurally. This effect can be caused by own asset class movements or 
external factors, such as macroeconomic events. The study investigates the potential 
effect of major news announcements on the leading ten cryptocurrencies, instead of 
focussing on BTC only. This inclusion allows for improved generalisation of results. This 
paper explores the major news announcements released in the US, Europe and the 
UK after being categorised into three groups, namely, inflation/interest rates-related, 
unemployment and economic growth-related news, which also enables the possibility 
of detecting whether any specific groups are prone to affect cryptocurrencies’ returns.

The current study has added value for active wallet users, whose number doubled 
to nearly 6 million over 2013–2018. Knowledge on the drivers of cryptocurrencies’ 
returns to the investor can be important. As such, this knowledge sheds light on 
whether cryptocurrencies’ returns are largely affected by their and other crypto-
currencies’ returns compared with other external factors, such as macroeconomic 
news, which typically affect other asset classes, such as equity, currencies and com-
modities. This study also has important policy implications for regulatory bodies, such 
as the Security Exchange Commission (SEC) and CFTC (Commodity Futures Trading 
Commission). Furthermore, this study will help shed light on whether cryptocurrencies 
are affected by major macroeconomic events and/or the movements of specific 
cryptocurrencies. Large price changes were observed in major cryptocurrencies, 
such as BTC, since its launch in 2009. Thus, the findings suggest whether certain 
cryptocurrencies’ returns should be supervised closely and whether volatility spikes 
are detrimental to the returns of cryptocurrency investors. Government bodies are 
also concerned with the use of these digital currencies to channel illegitimate money 
as observed in the Silk Road case due to the decentralised and anonymous nature of 
cryptocurrency systems (Newton-Small, 2013). As postulated by Hoskinson (2013), 
converting cryptocurrencies from and then to fiat money, with increased regulated 
exchanges, would potentially provide better information on the use of cryptocurrencies.

The remainder of the paper provides a literature review, breakdown of data under 
analysis, methodology, descriptive statistics, and analysis. Certain conclusive remarks 
are made at the end of the study.

2. Literature Review
While different regulatory bodies such as the Commodity Futures Trading Commission 
(CFTC) defines cryptocurrencies as commodities, with the Security Exchange Com-
mission (SEC) defining it as a currency, or a new asset class (Burniske & White, 2017), 
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cryptocurrencies share some commonalities with equities. Conrad, Custovic, and 
Ghysels (2018) compared the financial asset capabilities of Bitcoin and observed several 
similarities to gold and the U.S dollar. Common features with the equity market include 
the size of cryptocurrencies which is based on market capitalisation; cryptocurrency 
trades transacting both on spot prices, with even some cryptocurrencies trading on 
futures and options markets like the Chicago Board Options Exchange (CBOE) and the 
Chicago Mercantile Exchange (CME).

Liu and Tsyvinski (2018) also looked at whether cryptocurrencies and equity 
markets behave in the same fashion, by analysing if BTC, Ripple’s (XRP) and Ethereum 
(ETH) returns are compensated by risk factors derived from equity markets. Their 
findings suggest sizable betas from the capital asset pricing model, with however 
significant alphas. The interconnectivity among cryptocurrencies is supported by Phillip 
et al. (2018) who reported that 225 cryptocurrencies display many diverse stylized 
facts including long memory and heteroscedasticity while Katsiampa, Corbet, and 
Lucey (2019) who examined the volatility spillover effects provided evidence that time-
varying conditional correlations exist and are mostly positive. Corbet et al. (2018) found 
cryptocurrencies markets to have only limited connectivity with other asset classes such 
as commodity, bonds and equity markets. In view of the rather inconclusive evidence 
regarding discernable relationships between cryptocurrencies and asset classes, this 
study would look into whether macroeconomic events can affect returns of the top ten 
leading cryptocurrencies, based on market capitalisation.

Among all the features of digital currencies captured by Ciaian and Rajcaniova 
(2016), such as low transaction costs, anonymity, no inflationary pressures, lack 
of regulation, and price volatility, the latter has particularly attracted investors’ 
attention. Firstly, digital currencies are stored and accessible through software or 
hardware wallets. For instance, BTC can be purchased either by exchanging them for 
standard fiat money such as the US dollar or Euro, by acquiring them from the sales 
of goods and services denominated in BTC, or through a mining. Secondly, although 
cryptocurrencies do not have any intrinsic values as they are fiat currencies with no 
underlying consumption or production value as observed in commodities like gold, 
cryptocurrencies are not the sole currencies with no intrinsic value, since global 
currencies such as the US dollar and Euro also share the same feature, being fiat 
currencies created under government rulings. Thirdly, the volatility exhibited in global 
currencies is also present in cryptocurrencies, with ±20% fluctuation in Euro/US dollar 
prices over 2009–2015, but more pronounced fluctuations for the BTC which fluctuates 
from $0 to $1,100, before plunging back to $225 over the same period.

Features of cryptocurrencies like virtual monetary units with no physical represen-
tation, no central authority to keep an exclusive right to hold or monitor accounts, 
and relatively higher volatility in prices, are the main ones distinguishing traditional 
assets with these digital assets (Berentsen & Schar, 2018). With each cryptocurrency 
having predetermined supply, which can only be changed through a massive consensus 
among market participants, changes in market expectations are expected to be driven 
mostly by demand factors. It is thus an empirical question on whether these digital 
asset prices are affected by their own or external events such as macroeconomic news. 
With a significant proportion of wallet users and wallet providers being based in the 
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US and Europe (Hileman & Rauchs, 2017), the study of macroeconomic news onto 
cryptocurrencies from these regions is warranted.

Findings regarding the relationship between cryptocurrencies and macroeconomic 
factors are mixed in the literature. On the one hand, Kristoufek (2013) studied 
the formation of BTC price and proposed that the latter cannot be explained by 
macroeconomic factors mainly because cryptocurrencies are not issued by a specific 
government or central bank, suggesting that global news may play more important 
roles than local news. This notion was supported by Bouoiyour and Selmi (2015), who 
also found BTC to be a speculative bubble rather than being related to market forces. 
Wang and Vergne (2017) used newspaper mentions of BTC as a proxy for “buzz” and 
found that high “buzz” was followed by low BTC returns. On the other hand, Van Wijk 
(2013) focussed on macroeconomic factors, such as stock market indices, oil prices and 
exchange rates, and found that certain foreign currency pairs, such as Euro/USD and 
oil prices, share significant relationships with BTC in the long run. Lee (2014) explored 
the relationship between the attractiveness of BTC and its demand and found this 
relationship was dependent on the type of news released at a specific period. Liu and 
Tsyvinski (2018) analysed the exposure of BTC, ETH and XRP returns to macroeconomic 
factors and found low and statistically non-significant relationships.

These studies lacked concentration in three areas. First, some studies focussed 
mainly on analysing solely BTC’s price, which can lead to poor generalisation of results 
for other cryptocurrencies because it is the leading cryptocurrency. As observed earlier, 
other cryptocurrencies have been growing at different rates, thereby suggesting an 
imperfect synchronicity with BTC price movements. Using price as opposed to returns 
also shows certain weaknesses in that comparing returns across asset classes is more 
useful compared to price actions. Returns also tend to be stationary at certain levels, 
which can be useful for statistical inferences. Second, the non-testing of structural 
breaks points to potential weaknesses in terms of stability in the adopted models. 
Third, although studies, such as Van Wijk (2013) and Ciaian, Rajcaniova and Kancs 
(2016) investigated certain macroeconomic factors, they focussed largely on factors 
such as equity market indices, oil prices and foreign currencies. Interpreting news 
announcements is also subject to the investor’s expectations. Any difference between 
actual news information and set expectations can lead to a change in asset prices. Our 
study relies exclusively on the potential effects of major economic news on leading 
cryptocurrencies. Thus, the scope of this paper will not differentiate between positive 
and negative news at this juncture.

3. Data and Methodology

3.1 Data Collection

The leading cryptocurrencies in terms of each cryptocurrency’s market capitalisation 
weight relative to the whole market capitalisation over July 2017–September 2018 as 
identified from https://coinmarketcap.com/ were BTC, ETH, Bitcoin cash, Litecoin, XRP, 
Dash (DASH), NEM (XEM), Monero (XMR), IOTA (MIOTA), and NEO. Although data are 
available for BTC and LTC from 28 April 2013, prices for the ten cryptocurrencies are 
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available only from 23 July 2017. As previously mentioned, with most wallet providers 
and users being in North America and Europe, the major news selected come from the 
US, the UK and Europe. Daily data were collected from 23 July 2017 to 1 September 
2018 from CoinMarketCap. Major news announcements were collected from the St. 
Louis Federal Reserve Economic Database (FRED) and Forex Factory’s Market Data 
Application (MDA).

To capture as many important news as possible, all inflation, interest rates, 
growth and unemployment-related news are collected and categorised as inflation/
interest rate, growth and unemployment announcements. If news from different 
categories are released on the same day, these are excluded from the later analysis 
because different news could potentially have varied impacts on asset prices. This 
limitation could be eliminated in future research if high frequency data are available 
for all cryptocurrencies. Statements by policy makers or central banks are disregarded 
due to their qualitative nature. However, if released with another news item from 
a different category on the same day, both news items are disregarded. Finally, 
whenever quantitative news from the same category are released on the same day, 
the more important one is captured. For example, when inflation-related Core CPI 
m/m and CPI m/m are released on the same day (such as 11 August, 2017), only 
Core CPI m/m is retained for future analysis because traders pay further attention to 
the data that are adjusted for fluctuations in food and energy prices. The time zone 
is set to the Coordinated Universal Time (UTC) to match news announcements with 
cryptocurrencies’ returns.

3.2 Methodology

The methodology adopted in this study centres on first adopting a VAR model using 
the cryptocurrencies under study. VARs have extensively been used in the literature. 
For instance, Watson (1994) and Waggoner and Zha (1999) summarised different 
VAR techniques; Mills (1999) and Tsay (2001) applied VAR models onto financial data. 
Sims (1980) vigorously supported that VAR models are valid tools in the econometrics 
of data description, forecasting, structural inference and policy analysis. Stock and 
Watson (2001) found VARs are robust tools in forecasting and data description and 
recommended the use of economic theory or institutional knowledge in relation to 
differentiating between causation and correlation.

Our study addresses the issue of excessive variables by optimising the lag structure 
and updating the model from a general to a parsimonious model by removing 
insignificant coefficients form the lag structures. A reduced and a recursive form VAR 
model are adopted in this study because of the lack of economic theory between 
cryptocurrencies and news announcements. The reduced form VAR model is specified 
as follows:

 (1)[
𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡
𝐸𝐸𝐵𝐵𝐸𝐸𝑡𝑡

⋯
𝑁𝑁𝐸𝐸𝑁𝑁𝑡𝑡

] = [
𝛼𝛼1
𝛼𝛼2
⋯

𝛼𝛼10

] + [
𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1
𝐸𝐸𝐵𝐵𝐸𝐸𝑡𝑡−1

⋯
𝑁𝑁𝐸𝐸𝑁𝑁𝑡𝑡−1

] [
𝜋𝜋11

1  ⋯ 𝜋𝜋1𝑥𝑥
1

⋮ ⋱ ⋮
𝜋𝜋𝑥𝑥1

1 ⋯ 𝜋𝜋𝑥𝑥𝑥𝑥
1

]+…+ [
𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−𝑁𝑁
𝐸𝐸𝐵𝐵𝐸𝐸𝑡𝑡−𝑁𝑁

⋯
𝑁𝑁𝐸𝐸𝑁𝑁𝑡𝑡−𝑁𝑁

] [
𝜋𝜋11

𝑁𝑁  ⋯ 𝜋𝜋1𝑥𝑥
𝑁𝑁

⋮ ⋱ ⋮
𝜋𝜋𝑥𝑥1

𝑁𝑁 ⋯ 𝜋𝜋𝑥𝑥𝑥𝑥
𝑁𝑁

]+ [
𝜀𝜀1𝑡𝑡
𝜀𝜀2𝑡𝑡
⋯

𝜀𝜀10𝑡𝑡

] 
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where BTCt, ETHt,…,NEOt are the ten cryptocurrencies prices and α1…10 represents the 
intercepts in the system. BTCt–1, ETHt–1,…,NEOt–1 are the ten cryptocurrencies prices, 
which are lagged by 1 day. Each dependent variable is a function of its own lagged 
variables, in addition to other lagged dependent variables, thereby allowing for only 
endogenous variable in the system. For example, NEOt–N is NEO lagged by N days, where 
N represents the number of lags after optimising the lag structure. π represents the 
coefficients of the independent variables and ε1t,ε2t,…,ε10t are the error terms of the 
individual equations.

To remove redundant lags in the model, lags are optimised after conducting 
the Wald coefficient test. Conventional diagnostic testing is performed to check for 
normality (Jarque–Bera normality test), and serial correlation (Breusch-Godfrey LM 
test) in residuals. The reduced form and recursive VARs are used to summarise any 
significant covariance between the cryptocurrencies’ returns. The Granger causality test 
is used to examine if lagged values of one variable help to predict another variable. It 
shows the p-values associated with the F-statistics to test if relevant sets of coefficients 
are zero. The Granger causality test is modelled as follows:

 (2)

where πi…n represent the impacts of other cryptocurrencies’ lagged returns onto one 
specific returns and πj…n represent the impacts of one cryptocurrency’s lagged return 
onto its own cryptocurrency’s returns. yt represents the ten cryptocurrencies’ returns. 
The paper then moves to analyse shocks within the VAR system by examining the effect 
of one standard deviation change in the error terms of determining BTC over different 
cryptocurrencies’ returns.

Jordà (2005) provided a breakdown of the methodology of impulse responses 
by local projections. The impulse response function of the selected cryptocurrencies’ 
returns yt to BTCt returns, that is, up to 10 days after its occurrence, is calculated as the 
residual between the following two forecasted estimations:

 (3)

where the impulse responses are based on the best mean squared multi-step-ahead 
forecasts. Several proponents of the use of impulse response by local projections onto 
financial markets include Furceri and Zdzienicka (2012) who analysed the effect of debt 
crises onto GDP and Bernal-Verdugo, Furceri, and Guillaume (2013) who analysed the 
effect of labour reforms and bank crises onto unemployment.

Forecast error decompositions, which capture the proportion of variance in the 
error made in forecasting a variable due to a specific shock over a given horizon, are 
also reported. Findings suggest considerable interaction among cryptocurrencies. The 
reduced form VAR can also be used to forecast the return of cryptocurrencies and 
evaluate their performance against certain benchmarked models. Multi-step-ahead 
forecast is computed by estimating the VAR through a given day.

𝑦𝑦𝑡𝑡 = 𝛼𝛼1 + ∑ 𝜋𝜋𝑖𝑖𝑥𝑥𝑡𝑡−𝑖𝑖𝑛𝑛
𝑖𝑖=1 + ∑ 𝜋𝜋𝑗𝑗𝑥𝑥𝑡𝑡−𝑗𝑗𝑛𝑛

𝑗𝑗=1 + 𝜀𝜀𝑡𝑡, 

𝐼𝐼𝐼𝐼𝐼𝐼 (𝑧𝑧) ≡ 𝐸𝐸[𝑦𝑦𝑡𝑡+𝑧𝑧−1|𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1 = 1, 𝑦𝑦𝑠𝑠, 𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1, 𝑠𝑠 > 𝑡𝑡] 

 𝐸𝐸[𝑦𝑦𝑡𝑡+𝑧𝑧−1|𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1 = 0, 𝑦𝑦𝑠𝑠, 𝐵𝐵𝐵𝐵𝐵𝐵𝑡𝑡−1, 𝑠𝑠 > 𝑡𝑡], 
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To compare the forecasting ability of the VAR model, out-of-sample forecasts are 
compared with the AR(p) and RW models. The root mean squared forecast error (RMSE) 
is calculated as the root of the average squared value of the forecast error over the out-
of-sample period. The rationale behind AR(p) models is that it can explain the current 
value of cryptocurrency’s prices, θt, by a function of historical p values. In the vector 
notation, the AR(p) model is expressed as:

 (4)

where π = (π1,π2,…,πp), θt–i = (θt–1,θt–2…,θt–p) and ϵ t~N (0 ,σ 2). If the mean is not zero, 
then the AR(p) model is updated to include an intercept α, where α = μ(1 – π1 –…πp). 
However, the RW model assumes that the cryptocurrency’s returns move away from 
their present position in a random fashion and is presented as follows:

 (5)

where ω t~N (0 ,σ 2). The RW model has the same form as an AR(1) model except that it 
is non-stationary because π = 1. Following Jordà (2005), the number of lags under AR(p) 
is optimised using Akaike information criterion (AIC).

4. Research Findings

4.1 Descriptive Statistics

Figure 1 and Figure 2 display the monthly US dollar prices of the leading crypto-
currencies for July 2017–September 2018. For clear presentation of fluctuations in 
cryptocurrency prices, we divide them into three groups and two charts displayed in 
Figure 1 and Figure 2. Figure 1 shows two groups of cryptocurrencies including BTC in 
one group and ETH, BCH, LTC, DASH, XMR and NEO in another group. The secondary 

𝜃𝜃𝑡𝑡 = 𝜋𝜋𝜽𝜽′𝒕𝒕−𝑖𝑖 +  𝜖𝜖𝑡𝑡, 

𝜃𝜃𝑡𝑡 = 𝜃𝜃𝑡𝑡−1 +  𝜔𝜔𝑡𝑡, 
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Figure 1. Prices of leading high-price cryptocurrencies in US$ (July, 2017–September, 2018).
Source: https://coinmarketcap.com/
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axis on the right-hand side of the graph shows that BTC experienced considerable price 
increases to $15,175 in December 2017 (highest price recorded was $19,500). Notably, 
the others also witnessed similar price trends over the period under study. This trend 
can be explained by the correlation coefficients, as observed in Table 1, where the 
selected cryptocurrencies shared relatively high positive correlation coefficients that 
range from 0.61 to 0.9. Figure 2 shows the three low-price cryptocurrencies, namely 
XRP, NEM and MIOTA, having lower values as compared to others. The untabulated 
descriptive statistics show that the mean value of BTC was the highest at $7,959, 
whereas NEM’s was the lowest at $0.36. BTC also had the highest risk with a standard 
deviation of $3,406, compared with NEM, which had the lowest risk with a standard 
deviation value of $0.31. All cryptocurrencies were positively skewed and leptokurtic. 
The low values in the Jarque–Bera normality test (results are not reported) suggest the 
cryptocurrencies’ prices are not normally distributed.
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Table 1. Correlation among leading cryptocurrencies

 BTC ETH BCH LTC XRP DASH NEM XMR MIOTA NEO

BTC 1         
ETH 0.75 1.00        
BCH 0.88 0.78 1.00       
LTC 0.90 0.84 0.86 1.00      
XRP 0.71 0.84 0.78 0.78 1.00     
DASH 0.87 0.75 0.93 0.86 0.75 1.00    
NEM 0.73 0.81 0.82 0.77 0.90 0.87 1.00   
XMR 0.90 0.87 0.88 0.94 0.82 0.90 0.81 1.00  
MIOTA 0.92 0.76 0.89 0.87 0.72 0.88 0.79 0.88 1.00 
NEO 0.61 0.94 0.63 0.75 0.75 0.64 0.71 0.80 0.61 1.00

Figure 2. Prices of  leading low-price cryptocurrencies in US$ (July, 2017–September, 2018).
Source: https://coinmarketcap.com/
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The Im-Pesaran-Shin (IPS), Augmented Dickey–Fuller (ADF) and Phillips-Perron (PP) 
stationarity tests support that cryptocurrencies’ prices are stationary after first order

differencing (results are not reported). Log returns, computed as              , were found 

to be stationary at 99 percent confidence level. The log returns are used for the 
remainder of the study because they are stationary and convey additional interest to 
the investor who wants to compare the returns among different asset classes. We did 
not pursue a vector error correction model because all variables were stationary at all 
levels. As per Equation (1), the VAR model should be optimised for the number of lags. 
The results of AIC test supported an optimal lag structure of two. Hence, we used two 
lags in the analyses. 

Granger causality tests are carried out to determine whether the lagged returns 
of one cryptocurrency is useful in predicting other cryptocurrencies’ returns. Table 2 
displays the p-values associated with the F-statistics for testing if the relevant regressor 
coefficients are zero. Numbers in italics are significant at the 5% level. Out of the 90 
p-values displayed, 37 were less than or equal to 5%, which suggests that approximately 
40% of the regressors are significant in predicting cryptocurrencies’ returns. Upon close 
inspection, all cryptocurrencies’ returns have p-values less than 5%, which suggests 
that they help in predicting BTC’s returns. Conversely, BTC returns are significant in 
predicting only two cryptocurrencies’ returns including BCH and NEM. XMR is found to 
be significant at the 5% level in predicting the other nine cryptocurrencies’ returns. Only 
DASH was found to be a significant contributor of XMR returns with a p-value of 0.038.

With two lags per each dependent variable and 10 cryptocurrencies, a need to 
move from a generic to a parsimonious model arose. Following the Wald coefficient 
tests, redundant coefficients were removed from the VAR system. Table 3 summarises 
the findings under the parsimonious VAR model. With two lags, 10 cryptocurrencies 
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p

t

t−











1

Table 2. Granger causality tests

 Dependent variable

 BCH BTC DASH ETH LTC MIOTA NEM NEO XMR XRP

 BCH – 0.000 0.043 0.313 0.158 0.500 0.743 0.121 0.656 0.952
 BTC 0.007 – 0.450 0.690 0.211 0.263 0.003 0.209 0.696 0.661
 DASH 0.040 0.000 – 0.247 0.401 0.030 0.015 0.954 0.038 0.116
 ETH 0.008 0.000 0.987 – 0.295 0.054 0.045 0.032 0.784 0.826
 LTC 0.001 0.000 0.878 0.822 – 0.088 0.083 0.223 0.363 0.584
 MIOTA 0.004 0.000 0.848 0.248 0.190 – 0.419 0.040 0.191 0.159
 NEM 0.155 0.000 0.923 0.459 0.071 0.142 – 0.826 0.112 0.130
 NEO 0.005 0.000 0.433 0.815 0.134 0.617 0.253 – 0.426 0.341
 XMR 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 – 0.000
 XRP 0.000 0.000 0.037 0.017 0.169 0.003 0.010 0.004 0.441 –

Note:  The table shows the p-values of the F-statistics for testing if the coefficients are zero. A two-day lag is 
used in the Granger causality test based on the AIC test. Numbers in italics are significant at the 5% 
level and suggest that the regressor helps to predict the return of the dependent variable.
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Table 3. VAR results

Dependent p-value of own p-value of own p-value of Structural break dates
variable  lag (1st lag) lag (2nd lag) LM test Sequential Repartition

BCH 0.0012 0.0006 0.4720 11/10/2017 11/22/2017
    2/1/2018 1/30/2018
    6/12/2018 6/12/2018
BTC 0.0024 0.4745 0.1406 11/2/2017 11/26/2017
    3/9/2018 1/31/2018
    5/24/2018 5/24/2018
DASH 0.0000 0.0000 0.0533 5/22/2018 9/21/2017
    11/20/2017 11/29/2017
    1/30/2018 1/30/2018
    9/21/2017 5/23/2018
MIOTA 0.3282 0.2909 0.3108 11/28/2017 12/1/2017
    1/30/2018 1/30/2018
    6/12/2018 4/13/2018
    4/13/2018 6/12/2018
ETH 0.6282 0.5729 0.2526 12/11/2017 10/12/2017
    3/10/2018 12/12/2017
    6/22/2018 3/8/2018
    10/12/2017 6/22/2018
LTC 0.3183 0.8586 0.9916 12/8/2017 10/9/2017
    3/26/2018 12/9/2017
    6/12/2018 3/13/2018
    10/9/2017 6/12/2018
NEM 0.0000 0.0003 0.2424 3/16/2018 12/12/2017
    6/10/2018 2/10/2018
    12/12/2017 6/10/2018
NEO 0.7493 0.3492 0.2151 12/14/2017 9/27/2017
    3/14/2018 1/2/2018
    6/10/2018 3/12/2018
    9/27/2017 6/10/2018
XMR 0.0319 0.5740 0.7372 11/21/2017 9/22/2017
    3/13/2018 12/4/2017
    5/24/2018 3/12/2018
    9/22/2017 5/24/2018
XRP 0.0021 0.1371 0.1295 12/14/2017 10/4/2017
    2/22/2018 12/21/2017
    6/12/2018 2/21/2018
    10/4/2017 6/12/2018

Note:  p-values are reported only for the two-day lag of dependent variables. Numbers in italics are significant 
at the 5% level.

and 1 intercept in each time series equation, the general model stood at 210 variables 
for 403 observations. The highly positive correlations among the cryptocurrencies as 
observed in Table 1 suggest that a reduction in form is plausible. Although not reported 
in Table 3, the parsimonious model results were reached by removing more than half 
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of the lagged independent variables after conducting the Wald coefficient test and 
removing any coefficient not significantly different from zero at the 5% level. For brevity, 
only the p-values of own lags are reported, although other independent variables were 
significant in explaining the current dependent variable. The 1-day lag returns of BCH, 
BTC, DASH, NEM, XMR and XRP and 2-day lag returns of BCH, DASH and NEM were 
statistically significant in explaining the current returns of BCH, DASH, LTC, NEM, NEO, 
XMR and XRP, respectively. The LM serial correlation test (Breusch-Godfrey test) is not 
significant at 5 percent significance level, which suggests the absence of autocorrelation 
in the models. BTC had the highest R-squared value of 0.58, followed by DASH 
(0.51) and ETH (0.47). Furthermore, this study conducts Bai-Perron tests of L+1 vs. L 
sequentially determined breaks (Bai & Perron, 1998) because the Bai-Perron test allows 
us to test for possible multiple structural breaks at unknown dates. The structural break 
dates are also reported in Table 3. An observation is that the common dates include 
November and December for shocks.

As also observed in the residual graphs in Figure 3, all residuals were close to zero 
as expected, except during December 2017 to January 2018, where some volatility 
spikes were noted. The next four sections inspect impulse responses, forecast error 
decompositions, evaluate the forecasting ability of the VAR model and compare the 
results with the AR(p) and RW models.

4.1.1 Structural breaks 

As shown in Figure 3 and observed in Figure 4, excessive noise was noted during 
October 2017 and February 2018 and were mostly concentrated during December 2017 
to January 2018. Notably, abrupt changes were observed in all cryptocurrencies around 
December 2017. This finding requires the need to check for potential structural breaks 
in the model, which can be the result of major news announcements. We identified 
three inflation/central bank categorised news, four employment-related news, and 
three growth-related news, outlined in Table 4, which were released during this period. 

Using the Bai–Perron multiple breakpoint tests, breakpoint dates were captured 
for each cryptocurrency. Using the Chow breakpoint test, these breakpoint dates were 
tested for structural breaks. As displayed in Table 5, the zero-probability value of the 
F-statistics reject the null hypothesis of no structural breaks at these specific dates. 
Therefore, the significant news announcement for each cryptocurrency are identified 
for further analysis. In line with Table 4, which categorised major news announcements, 
these structural break dates were matched with potential news releases on these 
specific dates. We specified a maximum of 10 days for a news to be a significant event 
in a cryptocurrency price break. The closely related news were for BCH (zero day 
Manufacturing Production m/m – UK and one day Non-Farm Employment Change –US), 
LTC (one day Unemployment Claims – US), NEM (one day Manufacturing Production 
m/m – UK) and XRP (zero day Final GDP q/q – US). Although this finding suggests that 
other categorised news, such as inflation and interest rate related announcements, did 
not have any noticeable impact on cryptocurrency’s returns, the relatively thin amount 
of macroeconomic news as captured in this study from December to January suggests 
a need for higher frequency cryptocurrency data. As mentioned in the Data section, 
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Table 5. Structural breakpoint dates and news announcements

  Chow Structural News announcements
 breakpoint break dates

BTC  0.0000 11/2/2017 –
 0.0405 3/9/2018 –
 0.0004 5/24/2018 –
 0.0000 11/26/2017 Second Estimate GDP q/q – UK (+3 day)
 0.9680 1/31/2018 –
BCH 0.0000 11/10/2017 Manufacturing Production m/m – UK (0 days)
 0.0490 2/1/2018 Non-Farm Employment Change – US (+1 day)
 0.0000 6/12/2018 –
 0.0000 11/22/2017 –
 0.0678 1/30/2018 –
DASH 0.0000 5/22/2018 –
 0.0000 11/20/2017 Manufacturing Production m/m – UK (+10 days)
 0.0000 1/30/2018 Average Earnings Index – UK (+6 days)
 0.0000 9/21/2017 –
 0.0000 11/29/2017 Second Estimate GDP q/q – UK (+6 days)
 0.0000 5/23/2018 –
MIOTA 0.0000 11/28/2017 Second Estimate GDP q/q – UK (+5 days)
 0.1803 1/30/2018 –
 0.0000 6/12/2018 –
 0.0401 4/13/2018 –
 0.0000 12/1/2017 Second Estimate GDP q/q – UK (+8 days)
ETH 0.0000 12/11/2017 Unemployment Claims – US (+4 days)
 0.0961 3/10/2018 –
 0.0000 6/22/2018 –
 0.0000 10/12/2017 Manufacturing Production m/m – UK (+2 days)
 0.0000 12/12/2017 Unemployment Claims – US (+5 days)
 0.1301 3/8/2018 –
LTC 0.0000 12/8/2017 Unemployment Claims – US (+1 days)
 0.0020 3/26/2018 –
 0.0000 6/12/2018 –
 0.0000 10/9/2017 Non-Farm Employment Change – US (+3 days)
 0.0000 12/9/2017 Unemployment Claims – US (+2 days)
 0.0298 3/13/2018 –
NEM 0.0000 3/16/2018 –
 0.0000 6/10/2018 –
 0.0000 12/12/2017 Unemployment Claims – US (+5 days)
 0.0000 2/10/2018 Manufacturing Production m/m – UK (+1 days)
NEO 0.0000 12/14/2017 Unemployment Claims – US (+7 days)
 0.0005 3/14/2018 –
 0.0000 6/10/2018 –
 0.0000 9/27/2017 –
 0.0000 1/2/2018 Unemployment Claims – US (+5 days)
 0.0010 3/12/2018 –
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only news released within one specific category are captured. The effect of news from 
different categories, such as growth and unemployment, that are released on the 
same day but at different hours are not studied because their individual effect is not 
measurable due to the use of only daily cryptocurrency data.

The unrestricted VAR model from Equation (1) is tested for structural changes 
in returns by imposing dummy variables of 1 as exogenous variables for the break 
dates found significant in the above analysis. The results are shown in Table 6. There 
are no significant changes in the p-values of own lags for individual cryptocurrencies 
except that first lag of LTC becomes significant and first lags of NEM and XRP become 
insignificant after including the dummy variables into the models. Surprisingly, a 
majority of break dates are found to be insignificant when included into the VAR model. 
The only six significant dates found to be within the period of 26 November 2017 to 14 
December 2017 are mostly related to Unemployment Claims in the US. However, there 
were no news announcements released on the same day the breaks occurred. This 
finding suggests that cryptocurrencies’ returns witness structural changes around end 
November and early to middle of December.

The findings are supported by Kristoufek (2013) and Bouoiyour and Selmi (2015) 
who argued that cryptocurrencies’ prices, such as BTC, cannot be explained by 
macroeconomic indicators because these financial products are disconnected from 
economic policies. The results are also in line with those of Ciaian et al. (2016) who 
found macro-financial developments, such as exchange rates and oil, are not driving BTC 
prices in the long run. Our findings are also in support of those of Yermack (2015) and 
Liu and Tsyvinski (2018) who found that macroeconomic events, which tend to affect 
major currencies similarly, does not appear to affect cryptocurrencies, such as BTC. The 
relatively poor association of news announcements with important structural breaks 
in cryptocurrencies’ returns suggest that macroeconomic factors were not associated 

Table 5. Continued

  Chow Structural News announcements
 breakpoint break dates

XMR 0.0000 11/21/2017 –
 0.0011 3/13/2018 –
 0.0000 5/24/2018 –
 0.0000 9/22/2017 –
 0.0000 12/4/2017 –
 0.0014 3/12/2018 –
XRP 0.0000 12/14/2017 Unemployment Claims – US (+7 days)
 0.7211 2/22/2018 –
 0.0005 6/12/2018 –
 0.0000 10/4/2017 –
 0.0000 12/21/2017 Final GDP q/q – US (+0 days)
 0.7815 2/21/2018 –

Note:  Values in italics are probabilities of the F-statistic test of p-values with structural break. Plus (+) means 
the structural break occurred after the news. Maximum 10 days events were evaluated.
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with the noise observed in these technology-driven markets. This finding suggests 
that regulatory bodies, such as the CFTC and SEC, capture higher frequency data and 
render these data publicly available as part of sustaining transparency in the financial 
markets. Higher frequency data on cryptocurrencies would allow for broadly available 
news release to be mapped against cryptocurrency movements. The only few significant 
break dates in the unrestricted VAR model reveal that the price volatility during early 
December could have been caused by the unemployment claims in the US for certain 
cryptocurrencies, i.e. ETH, LTC and XRP. The weak results on break dates could infer the 
relatively unimportant macroeconomic news on cryptocurrency price movement. 

4.1.2 Impulse responses

We observed a relatively higher importance of BTC in the cryptocurrency market and 
a strongly positive correlation in Table 1. Thus, we investigated the impact of a shock 
on BTC over other leading cryptocurrencies’ returns. The impulse response functions 
are calculated for the nine cryptocurrencies following one standard deviation shock to 
BTC’s returns in unrestricted VAR system with the inclusion of the structural breaks as 

Table 6. Unrestricted VAR with structural break dates

Dependent p-value of p-value of 
variable own lag own lag News announcements
 (1st lag) (2nd lag) 

BCH 0.0018 0.0000 11/26/2017 1/2/2018 –
   (0.4502) (0.4590) 
BTC 0.0039 0.7789 26/11/2017 (+3) – –
   (0.0387) 
DASH 0.0000 0.0002 20/11/2017 30/1/2018 29/11/2017
   (0.7902) (0.8066) (0.1801)
MIOTA 0.2558 0.3644 28/11/2017 (+5) 1/12/2017 –
   (0.0116) (0.0833) 
ETH 0.9585 0.9601 11/12/2017 (+4) 12/10/2017 12/12/2017 (+5)
   (0.0289) (0.9911) (0.0050)
LTC 0.0292 0.1187 8/12/2017 (+1) 9/10/2017 9/12/2017
   (0.0166) (0.1237) (0.9713)
NEM 0.0860 0.0002 12/12/2017 10/2/2018 –
   (0.6497) (0.6527) 
NEO 0.7839 0.1324 14/12/2017 1/2/2018 –
   (0.7978) (0.5749) 
XMR 0.0131 0.3779 – – –
XRP 0.4117 0.3326 14/12/2017 (+7) 21/12/2017 –
   (0.0000) (0.8596) 

Note:  p-values are reported only for the two-day lag of dependent variables. Numbers in italics are significant 
at the 5% level.
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exogenous variables. The dotted lines represent the 95% confidence intervals in Figure 
4. Based on the results in Figure 4, all other cryptocurrencies experienced a positive 
increase in returns on the 1st day following the one standard deviation shock to BTC’s 
returns, except for XRP and DASH. However, the effect was short-lived, with all returns 
dropping slightly below their pre-shock state, before stabilising to their initial state 
within four days following the initial shock. This finding suggests that despite the shock 
from BTC, which produced an initial positive effect on most cryptocurrencies’ returns, 
this effect lasted no longer than four days. This result is supported by earlier findings 
in Table 2, where the one-day lagged returns of BTC were essential in explaining the 
current returns for only three cryptocurrencies. The steepest effect was observed with 
BTC, where the latter dropped 1.6% within two days following its own shock.

4.1.3 Variance decompositions

Variance decompositions are reported in Table 7 using a 1- to 5-day forecast horizon 
based on unrestricted VAR estimates with the inclusion of the structural breaks as 
exogenous variables. Excluding BTC, where its variance proportions relative to all 
cryptocurrencies are reported, for the remaining cryptocurrencies only the values 
greater than or equal to 5% in at least one period forecast are reported. As expected, 
in period one, all cryptocurrencies’ volatilities in returns were composed primarily 
of their volatilities, which range from 60% to 100%. The Cholesky ordering was set 
from BTC, BCH, DASH ETH, LTC, MIOTA, NEM, NEO, XMR and XRP. As observed, BTC 
contributed only marginally to the volatility of other cryptocurrencies’ returns. Other 

Table 7. Variance decompositions by cryptocurrencies

Period BCH BTC DASH MIOTA ETH LTC NEM NEO XMR XRP

 BTC          
 1 3 97 0  0 0   0 
 2 5 60 6  18 10   0 
 3 4 38 4  11 8   30 
 4 5 38 4  11 8   29 
 5 5 38 4  11 8   29 
 BCH          
 1 100 0       0 
 2 76 1       21 
 3 75 1       20 
 4 74 1       20 
 5 74 1       20 
 DASH          
 1 14 0 86      0 
 2 6 1 42      50 
 3 7 1 40      49 
 4 7 1 40      48 
 5 7 1 40      48 
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Table 7. Continued

Period BCH BTC DASH MIOTA ETH LTC NEM NEO XMR XRP

 ETH          
 1 8 0 11  80    0 
 2 4 1 8  42    45 
 3 4 1 8  41    45 
 4 4 1 8  41    45 
 5 4 1 8  41    44 
 LTC          
 1 5 1 6  28 60   0 
 2 3 2 5  18 36   37 
 3 3 2 5  17 35   36 
 4 3 2 5  18 35   36 
 5 3 2 5  18 35   36 
 MIOTA          
 1  0 7 73 16    0 
 2  1 5 43 10    38 
 3  1 5 42 10    37 
 4  1 5 42 10    37 
 5  1 5 42 10    37 
 NEO          
 1  0 5  17   72 0 
 2  0 4  13   53 23 
 3  0 4  14   51 23 
 4  0 4  14   51 23 
 5  0 4  14   51 23 
 XMR          
 1  0       99 
 2  1       96 
 3  1       94 
 4  1       94 
 5  1       94 
 XRP          
 1  0   11  6  1 76
 2  0   9  5  28 51
 3  0   9  5  28 50
 4  0   9  5  27 49
 5  0   9  5  27 49
 NEM          
 1 5 1 6  16  68  0 
 2 3 5 6  11  50  19 
 3 3 4 6  11  48  19 
 4 3 5 6  11  48  19 
 5 3 4 6  11  48  19 

Note:  The table displays the error decompositions for the 10 cryptocurrencies using 1–5 day forecast 
horizons. With the exception of BTC’s variance contribution that is displayed in all cryptocurrencies, 
only the significant values in relation to others are reported. The Cholesky ordering was set from BTC, 
BCH, DASH ETH, LTC, MIOTA, NEM, NEO, XMR and XRP. All values are in %.
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cryptocurrencies also behaved similarly by contributing only marginally to other 
cryptocurrencies’ variance. The only noticeable exception was XMR, which represented 
29%-25% of BTC’s variance, 20%-21% of BCH’s variance, 48%-50% of DASH’s variance, 
44%-45% of ETH’s variance, 36%-37% of LTC’s variance, 37%-38% of MIOTA’s variance, 
23% of NEO’s variance, 27%-28% of XRP’s variance and 19% of NEM’s variance over 
the two- to fifth-day forecast horizon. Although not reported, an impulse response 
test shows that DASH, ETH, XRP and BCH have a positive effect on their returns 
approximately on the second day following a one standard deviation shock in XMR. 
BTC returns also benefited from a positive effect in their returns around the third day. 
All cryptocurrencies dropped to their pre-shock state before stabilising around the  
fifth day.

4.1.4 Forecasts

Using RMSE, the VAR model is tested for its forecasting ability over one step ahead 
forecast. Due to the heightened volatility observed in crypto currencies and dynamic 
forecasting being more susceptible to a deterioration in forecasting results as the 
forecasting horizon is increased, we restrict our forecast to one step ahead forecast 
only, to allow the model to capture any recent data fluctuation. The results are 
compared with the AR and RW models. The out-of-sample forecast is set from 2 
September 2018 till 30 September 2018. Using the Breusch-serial correlation LM 
test and Breusch-Godfrey-Pagan heteroscedasticity test, various AR equations were 
found to be not serially correlated and homoscedastic at the 5% significance level, 
except for XRP, LTC and MIOTA, which were found to be not serially correlated, but 
heteroscedastic. Table 8 shows the forecasting results using one day ahead forecasts, 
from 2nd September 2018 till the 30th October 2018, using the VAR, AR and RW 
models. We assume that a drift does not exist in the RW model. Among the three 
alternative models, the RW model ranked last for all cryptocurrencies. The AR model 
was superior in forecasting all cryptocurrencies’ returns, with the VAR model ranking 
second on all occasions. The best VAR model was for XMR which had a slightly lower 
RMSE value of 0.0239 compared to the AR model yielding 0.0237.

Table 8. RMSE of one day ahead forecasts   

  VAR AR RW VAR AR RW

BCH 0.0310 0.0256 0.0358  MIOTA 0.0329 0.0245 0.0365
BTC 0.0150 0.0101 0.0131  NEM 0.0295 0.0238 0.0386
DASH 0.0291 0.0221 0.0337  NEO 0.0296 0.0252 0.0387
ETH 0.0325 0.0284 0.0411  XMR 0.0239 0.0237 0.0347
LTC 0.0246 0.0199 0.0293  XRP 0.0461 0.0394 0.0504

Note:  The table reports the RMSE of the VAR, AR and RW models. The numbers of lags in the AR equation 
of each cryptocurrency are as follows: BCH (2), BTC (5), DASH (1), ETH (6), LTC (6), MIOTA (2), NEM (1), 
NEO (5), XMR (1) and XRP (2). The RW model assumes no drift.



222 Malaysian Journal of Economic Studies Vol. 56 No. 2, 2019

Ikhlaas Gurrib, Qian Long Kweh, Mohammad Nourani and Irene Wei Kiong Ting

4.2 Discussions

Regarding the potential comparison of the findings of this study with those in equity 
markets, the results from structural break tests which show insignificant alignment 
with the release of macroeconomic events, are supported by Kristoufek (2013) who 
postulated that the price creation of BTC cannot be explained by traditional economic 
theories because several determinants of price creations in the conventional theories, 
like being unregulated and trading in a digital economy, are absent in cryptocurrency 
markets and thus cannot be expected to be determined by traditional factors of supply 
and demand. Our results are also consistent with Bouoiyour and Selmi (2015) who 
found the Chinese market index (gold price) to significantly (insignificantly) impact 
BTC’s prices, but more importantly, concluded that BTC’s price is not affected by macro-
economic fundamentals of a real economy but rather act as a digital asset driven by 
speculative behaviour. Our results differ from Van Wijk (2013) who used the Dow Jones 
Industrial Average (DJIA) equity index, FTSE 100 equity index, Euro/USD and oil price 
indices, as representatives of global macroeconomic and financial developments, and 
found a positive and significant impact of the value of DJIA on BTC’s price, but negative 
impact of the Euro/US on BTC’s price. The departure from the latter paper’s results 
can be attributed to different periods under study, and also to the fact that the most 
significant break in cryptocurrencies took place in late 2017, a period not under study in 
the above-mentioned paper.

5. Conclusion
This study aims to shed further light into the return characteristics of cryptocurrencies 
and whether they are affected by their class asset movements or other factors, such 
as global macroeconomic news announcements. Major news was selected from the 
US, the UK and Europe because the highest number of wallet users and providers 
were localised in these countries. News announcements were categorised into three 
groups, namely, inflation/interest rates, unemployment and growth-related. Log returns 
were used because they were stationary at levels and more informative than using 
raw prices. This notion allows investors to compare returns across asset classes. All 
cryptocurrencies’ prices shared an extremely strong and positive correlation with BTC 
prices. Although all cryptocurrencies’ returns help to predict BTC’s returns, BTC was 
non-significantly important in predicting most cryptocurrencies’ returns. XMR, however, 
was significant in predicting nine of the other cryptocurrencies’ returns. Under the 
VAR system, the one-day lag return was significant in explaining the current returns, 
except for BTC, MIOTA and ETH. Following a one standard deviation shock in BTC, all 
cryptocurrencies, except for XRP and DASH, experienced a small increase in their first 
day return. This finding was mostly reversed on the next day, where the effect stabilised 
to its pre-shock levels within four days. BTC and other cryptocurrencies contributed 
only marginally to one another’s variances over a one- to five-day forecast horizon. The 
only noticeable exception was XMR, which weighted between 21% and 45% for the 
volatilities of certain cryptocurrencies. Using RMSEs, the AR model ranked superior in 
most cryptocurrencies compared to the VAR and RW models. The RW model ranked 
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last for all return forecasts. The inclusion of a dummy variable to reflect the potential 
presence of structural changes in the VAR model was found significant at the 5% level, 
compared with a restricted model with no account of structural change. Significant 
structural break dates were found for the majority of the cryptocurrencies during 
December 2017–January 2018. No news announcement matched the occurrence of a 
structural break in the cryptocurrencies’ returns. This result suggests that the selected 
macroeconomic news announcements were important factors that did not affect the 
volatility observed in the cryptocurrencies’ prices. Importantly, higher frequency data 
are warranted for the cryptocurrencies’ prices. The unavailability of higher frequency 
data for cryptocurrencies’ prices denote that certain news collected from various 
categories were not captured in the study. Higher frequency cryptocurrency data would 
ensure that any specific news announcement is analysed against cryptocurrencies’ 
returns in future research. This notion would allow the possibility of better matching 
the possible effect of timely news release onto cryptocurrencies’ returns and cover a 
broad range of news release during different times of the day. Doing so would help 
regulatory institutions, such as the Security Exchange Commission, to examine the 
drivers of returns of cryptocurrencies as an alternative investment and enrich their 
knowledge in whether cryptocurrencies can affect or be affected by other asset classes, 
such as equity or commodities. Last but not least, synchronicity among cryptocurrencies 
can be better observed in high-frequency data series across time zone. As it demands 
another advanced proposal to work on, future research could probably examine hourly 
data when more information becomes available.
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