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Cryptocurrency Bubble on the Systemic Risk  
in Global Energy Companies

Qiang Ji,a Ronald D. Ripple,b Dayong Zhang,c and Yuqian Zhaod

abstract

Financialization has brought new challenges to the international energy markets, 
making energy systemic risk a more complicated issue. One of the important fea-
tures is the development of cryptocurrency, which has become a critical part of the 
global financial markets. As a consequence, the rise and fall of cryptocurrency can 
have nonnegligible impacts on the systemic risks in the international energy sec-
tor. This paper empirically tests this hypothesis using the equity data of the top 100 
energy companies from 2014 to 2021. Specifically, we explore the extreme shocks 
of cryptocurrency using multiple bubble tests, and then we test to what extent bub-
bles in cryptocurrency markets can affect systemic risk in the energy sector. Our 
empirical results show that the formation of cryptocurrency bubbles, especially 
when the bubbles burst, significantly increases systemic risks in the energy sector. 
This effect retains the same in the recent COVID-19 pandemic period. In addition, 
oil and gas companies play an essential channel in the risk spillover from crypto-
currency markets to the international energy markets. 

Keywords: Energy companies, Cryptocurrency, Bubbles, Systemic risks, CoVaR 
https://doi.org/10.5547/01956574.44.SI1.qiji

1. INTRODUCTION

Recent literature demonstrates a clear trend of financialization in the international energy 
markets (e.g., Zhang, 2017; Wang et al., 2019a), in other words, energy commodities have shown 
characteristics similar to a typical financial product. While the standard demand and supply factors 
remain critical for energy products, capital flows from financial markets to energy markets lead to 
more complicated pricing mechanisms. As a consequence, non-fundamental factors, such as finan-
cial markets, speculation and sentiments have shown to be increasingly important in determining 
energy prices, which can generate both direct and indirect impact on energy companies (Broadstock 
et al., 2012). In other words, changes in energy prices can affect performance of energy companies 
directly, meanwhile, the price shocks can pass to energy companies indirectly via market wide re-
sponses (Broadstock et al., 2014).

One step further, financialization in energy markets also makes the determinants of sys-
temic risks in the energy sector more complicated. On the one hand, systemic risks in energy sector 
link to energy security and sustainable development, thus casting an important issue for policymak-
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ers; on the other hand, when energy market integrates more with other markets and form a network, 
the spillover effects cannot be ignored. In fact, empirical studies have found a very diversified pic-
ture of risk spillovers between energy and other markets, for example, carbon markets (Balcılar et 
al., 2016); agricultural commodity markets (Shahzad et al., 2018); stock markets (Ma et al., 2019); 
and cryptocurrencies (Ji et al., 2019a). The linkages between the energy sector and financial markets 
and other commodities are not new in the literature, but the appearance of cryptocurrency in the 
spillover network has clear innovative features.

Despite its short history, cryptocurrency is considered one of the main challenges to the 
conventional financial system, and its impacts on financial markets have drawn tremendous attention 
to investors, academia and also regulators. Cryptocurrency is not only one type of digital currency, 
but also an asset to invest or hedge (Wang et al., 2019b). A few recent studies have explored the 
linkages between crude oil prices or energy commodities and cryptocurrency. For example, Bouri et 
al. (2018) find the existence of spillover effects from Bitcoin to energy commodities. Okorie and Lin 
(2020) also report empirical evidence that cryptocurrency and oil prices are linked. Like other finan-
cial assets, the prices of cryptocurrency have experienced frequent and large fluctuations (Gronwald, 
2021). There is also clear evidence indicating the existence of multiple bubbles in cryptocurrency 
prices (Kyriazis et al., 2020).

Because of energy financialization and the increasingly important role of cryptocurrency 
in the global financial network, extreme price fluctuations or bubbles of cryptocurrency can po-
tentially impose significant impacts on the systemic risks in the international energy sector. The 
mechanisms can, once again, be explained by a direct impact on energy companies and an indirect 
impact through market wide changes of systemic risk. To explore this issue, we extend the frame-
work proposed by Brunnermeier et al. (2020), who establish an empirical strategy to test the role of 
asset bubbles on systemic risks in the banking sector. In particular, we first identify bubble dynamics 
in cryptocurrency prices and then use this information to test to what extent systemic risks in the 
energy sector respond to these bubbles.

Instead of exploring risks in energy prices, we take the risk measures of a set of interna-
tional energy companies as the objectives in this research. The important role of large international 
energy companies is well documented in industrial transformation, upgrading, transmitting and su-
pervising risks and uncertainties (Ji and Zhang, 2019). These top energy firms nowadays show 
strengthened risk connectedness (Wu et al., 2021), and their risks also act as a main contributor to 
system risk in the whole energy markets (Ma et al., 2019). Under international financial liberaliza-
tion and frequent energy market turmoils in the recent decade, further exploring systemic risks in 
these firms are critical. While we have already obtained substantial knowledge on the standard risk 
factors for these companies, for example, oil prices (Antonakakis et al., 2018) and economic factors 
(Bianconi and Yoshino, 2014), there are more urgent needs to explore extreme movements in this 
sector and also incorporate new market dynamics into consideration. Thus, studying the systemic 
risks in international energy sector, particularly in the channels through asset bubbles affecting their 
systemic risk, have profound meanings to both practitioners and academia.

Our dataset includes the prices of a sample of the Thomson Reuters top 100 international 
energy companies, the cryptocurrency index (CRIX) and other related financial variables from July 
2014 to March 2021. The systemic risks among energy firms are measured by the conditional value 
at risk CoVaR and ∆CoVaR (Adrian, 2016) relative to their local market indices. We use the CRIX 
index (Trimborn and Härdle, 2018) to represent the overall performance of the cryptocurrency mar-
ket. Then the Backward Supremum Augmented Dickey Fuller test (Phillips et al., 2015a; Phillips et 
al., 2015b) is used to identify bubble dynamics in the cryptocurrency index.
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The main analytical framework of our study is similar to Brunnermeier et al. (2020). We 
also categorize bubbles into bubble building (boom) and bubble busting (burst) phases and then 
measure lengths and sizes accordingly. The connectedness between systemic risks and cryptocur-
rency bubbles is then investigated via panel data models. The empirical results show a significant 
positive effect from cryptocurrency bubbles to systemic risks in energy firms, particularly during 
the burst of bubbles. We also find that bursts impose a larger impact on extreme downside risks. A 
number of robustness checks verify our main findings.

The contributions of this article can be summarized into the following four aspects: First, 
this paper complements the literature on the role of cryptocurrency prices in global financial mar-
kets. Instead of looking at the price movement itself, we extend the existing literature by exploring 
extreme price movements (i.e., bubbles) in cryptocurrency and the impacts on systemic risks. Sec-
ond, we identify new evidence of energy financialization. Forming and bursting price bubbles in 
cryptocurrency, a new type of financial asset, can increase systemic risks in the energy sector. Third, 
by investigating different types of energy firms, we show that oil and gas companies play important 
roles in connecting shocks from the cryptocurrency market to systemic risks in other types of en-
ergy firms. Last but not least, our sample covers the recent COVID-19 pandemic period, and thus 
allows us to comment on the dynamic relationship in this special scenario and thus add to the large 
volume of literature exploring systemic risks in international energy and financial markets under the 
pandemic.

The rest of this paper is structured as below. Section 2 reviews relevant literature. Section 3 
briefly explains the methodology on bubble detection, systemic risk measurements and the empirical 
model. Section 4 describes the data used in this paper. The main empirical results are reported and 
discussed in Section 5. Section 6 concludes the paper with further discussion on policy implications.

2. LITERATURE REVIEW

2.1 Asset bubbles and systemic risks

The concept of rational bubbles is introduced in the literature (Blanchard et al., 1982) in 
that bubbles are consistent with rationality. A non-fundamental component exists in prices due to 
self-confirming beliefs (Diba and Grossman, 1988). Technically, a significant boom in asset price 
driven by a systematic deviation of the market price from the fundamental value of the underlying 
asset can be defined as an asset price bubble (Brunnermeier and Oehmke, 2013).

In fact, bubbles exist from the very early days of the modern economy and often associate 
with significant economic or financial instability, and in its extreme form, crisis (Garber, 2001). 
One of the most well-known early stage bubbles is the Dutch tulip mania, and its consequence not 
only on investor losses but also hurting Dutch commerce. Commodity bubbles are no match to the 
consequence of financial bubbles due to financial connections and systemic risks, and financial 
bubbles tend to have more profound impacts both on financial markets and the aggregate economy. 
For example, the dot-com bubble results in a large loss in the financial market, and more severely, 
the burst of the sub-prime bubble eventually gives rise to the greatest recession in history (Roy and 
Kemme, 2020). In other words, bubbles, especially bursting of bubbles, are associated with a signif-
icant increase in systemic risks. Empirically, Schularick and Taylor (2012) use long historical data to 
investigate the relationship between bursting bubbles and financial crisis and evidenced significant 
linkage. Brunnermeier et al. (2020) discuss the channels in which asset price bubbles lead to finan-
cial stability. In their paper, motion loss and liquidity spirals due to bursting bubbles can impose 
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significant impacts on the systemic risk in banking institutions. A strong increase in systemic risk 
caused by asset bubbles is found in their empirical studies. Their strategy provides new insights to 
study bubble-systemic risk relationships based on microeconomic level data, which also inspires the 
current study.

2.2 Systemic risks in the international energy sector

Energy sector plays a very special role in economic development across the world. Main-
taining sustainable and affordable supplies of energy is a significant matter for national security. 
Typical supply factors, such as the role of OPEC and geopolitical uncertainties, are often the main 
concerns (Ji et al., 2019c). The scenario has changed due to energy market financialization, which 
leads to a large volume of literature investigating systemic risks in the international energy sector 
(Lautier and Raynaud, 2012; Kerste et al., 2015). With financialization, energy has not only charac-
teristics of a typical commodity but also features of financial assets. These dual characteristics make 
systemic risks in the energy market more complicated. For example, Mensi et al. (2021) show that 
systemic risks in energy markets are higher than those in stock markets.

Much existing literature on systemic risks in the international energy markets concentrates 
on the macro-level, studying price dynamics and spillover effects across markets (e.g., Yang et al., 
2021). Some recent works switch attention towards the micro-level by recognizing the importance 
of individual energy companies, especially large companies in the international energy sector (e.g., 
Wu et al., 2021). Under global financial liberalization and frequent market turmoil in the recent 
decade, the top energy firms nowadays show strengthened risk connectedness, and their risks also 
act as a contributor to system risk in the whole energy markets (Ma et al., 2019). Thus, studying sys-
temic risks at the company level, particularly international energy sector, has important meanings.

2.3 Cryptocurrency bubble and energy

While existing literature has demonstrated risk spillovers between energy and stock mar-
kets or other commodity markets (Zhang and Broadstock, 2020), cryptocurrency has emerged as 
a new hot spot. Being a new challenge to the conventional financial system, cryptocurrency has 
quickly become an important player in the global capital market, though its prices often experienced 
frequent and large fluctuations. Some studies show that the cryptocurrency market is inefficient and 
predictable, indicating speculating opportunities, e.g., Atsalakis et al. (2019), Nadarajah and Chu 
(2017), Urquhart (2016). Another property appealing to empirical studies is the high volatility and 
speculative nature of cryptocurrencies. Corbet et al. (2018b) and Katsiampa (2019) apply GARCH-
type models to investigate the conditional volatilities and discuss the speculative interests of popular 
cryptocurrencies.

A few studies have raised the importance of studying cryptocurrency bubbles. For instance, 
Kyriazis et al. (2020) provide a comprehensive review of literature on cryptocurrency bubbles. Un-
like commodities or stocks, the fundamental values of cryptocurrencies are difficult to determine. 
Being a relatively new type of asset with limited information, bubbles are more likely to form in 
cryptocurrency markets. Price movements in cryptocurrency markets are more likely to be driven by 
irrational exuberance in investors’ behaviours (Shiller, 2015) or speculative demands. By definition, 
bubbles reflect persistent price deviation from the fundamental value, and more importantly, the 
deviation is often following an explosive pattern, thus it allows us to identify price bubbles without 
knowing the true fundamentals. Technically, the explosive price movements found in the time series 
can be considered bubbles (Phillips et al., 2015a; Phillips et al., 2015b).
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Bubbles in cryptocurrency markets are also found to be connected with other assets or 
cross currency types. Holub and Johnson (2019) find a strong linkage between Bitcoin bubbles and 
Bitcoin’s peer-to-peer market during a bearish period of the year 2017. Bouri et al. (2019) trace 
the evolution of seven popular cryptocurrencies and conclude bubble formations among them (also 
see Cheung et al. (2015), and Corbet et al. (2018a)). In addition, they show that the explosive price 
movements in cryptocurrencies tend to be connected, in other words, there are co-explosivity in 
cryptocurrency markets. Further analysis by Bouri et al. (2020) finds co-jumping behavior among 
some cryptocurrencies, indicating the existence of cross-market risk spillovers.

Recent literature shows that cryptocurrency has a close link to energy and commodity 
markets. Bouri et al. (2018) show that Bitcoin returns lead to spillover effects on a few traditional 
trading assets, particularly commodities. Similar findings are also reported by Ji et al. (2018) using 
a directed acyclic graph methodology. Shahzad et al. (2019) study the safe-heaven role of Bitcoin 
to traditional assets, and they conclude that Bitcoin could be considered as a weak safe-heaven as-
set. However, Ji et al. (2020) do not support this finding, bringing the analysis into the COVID-19 
pandemic phase.

In general, going through these existing works of literature suggest that studying crypto-
currency bubbles and their impacts on systemic risks in the energy sector is important. Taking a mi-
cro perspective following the empirical strategy proposed by Brunnermeier et al. (2020) can provide 
additional evidence to understand systemic risks in the international energy markets.

3. METHODOLOGY

3.1 Bubble detection method

In this section, we introduce the method to employ in detecting bubbles in the cryptocur-
rency market. The cryptocurrency bubbles are mainly detected by using two types of methods in the 
literature. One is to use the Backward/Generalised Supremum augmented Dickey-Fuller (BSADF) 
tests (Phillips et al., 2015a; Phillips et al., 2015b) to examine the time series of cryptocurrency 
prices and detect bubbles, see Cheung et al. (2015), Corbet et al. (2018a) and Bouri et al. (2019) 
for empirical examples. Another popular method is the Log Periodic Power Law (LPPL), which is 
usually combined with parametric time series models to indicate bubbles, see related ones (Mac-
Donell, 2014; Wheatley et al., 2018; Shu and Zhu, 2020). In the present paper, we stick to the former 
method, because (1) by computing backward ADF statistics for flexible window-lengthen sub-sam-
ples, the BSADF approach is well established to obtain its asymptotic results and provides a surveil-
lance strategy to act early warning alerts; (2) it purely detects the non-stationary explosive behaviour 
from the price data, which is more suitable for cryptocurrency assets with undefined fundamental 
values; (3) it is more intuitive and capable of detecting multiple bubbles within a given period of 
the dataset, evidenced by the simulation study in Phillips et al. (2015a) and Phillips et al. (2015b) as 
well as empirical applications, e.g., Cheung et al. (2015) and Corbet et al. (2018a).

To specify the approach of the BSADF test, we consider the following asset pricing equa-
tion:

=0

1
= ( ) ( ) ,

1
i

t t t i t
fi

y U B
r

∞

+ +
+∑   (1)

where yt is price of the asset of interest, i.e., CRIX index in our context, rf is the risk-free rate, Ut is 
the latent fundamentals, and Bt is the bubble formation that is assumed to satisfy the submartingale 
property 1( ) = (1 )t f tB r B+ + . The principle applied here is that the non-stationary or explosive 
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behaviour of differenced price data would deduce a bubble, given that the fundamental term Ut is 
either to be stationary or a unit root process (Phillips and Magdalinos, 2007). From this perspective, 
the bubbles identified here differs from the traditional concept of rational bubble in the sense that the 
roots can exceed one. Conducting a unit root test recursively from the right side of the sample offers 
a real-time detection mechanism for asset bubbles.

The following model specification is considered to set up a testing procedure,

. .
2

1= , (0, ), = 1,
i i d

t t t ty dT y Nη θ ε ε σ θ−
−+ + 

where d is a constant, T is the sample size and the localising parameter η controls the magnitude 
of the deterministic term as T →∞. In order to test the explosive behaviour of yt, the above model 
specification is transited to a dynamic model in rolling window sub-samples under the framework of 
the recursive approach. To be specific, considering the rolling window regression with a sub-sample 
beginning from w1th fraction of the total sample (T) and terminating at the w2th fraction of the total 
sample, where w2 = wl + wl for a window length wl of Tw observations, we can write

. .
2

, , 1 , ,1 2 1 2 1 2 1 2=1

= , (0, )
k i i d

i
t w w w w t t i t tw w w w

i

y y y Nα β ψ ε ε σ− −∆ + + ∆ +∑   (2)

where k is the lag order of the model. Implementing an ADF test to this regression model we obtain 
the statistic 2

1

w
wADF .

In the recursive procedure, each sub-sample starts from the initial point of the sample w1 
= 0 and ends at w2 = wl, by expanding wl from the smallest sample fraction w0 to the largest sample 
fraction 1, we this can obtain the supreme of the ADF statistics.

2
0 0

[ ,1]2 0

( ) = sup .
w

w w
SADF w ADF

∈

The statistic 0( )SADF w  thus determines whether there is a bubble occurred in the sample. Addition-
ally, in order to address the detection of multiple bubbles, Phillips et al. (2015a) and Phillips et al. 
(2015b) proposed a double recursive test denoted as the BSADF test, giving the formula,

2
02 1[0, ]1 2 0

( ) = sup .
w

w w
w w w

BSADF w ADF
∈ −

Comparatively, the BSADF test performs a SADF test through backward expanding sub-samples, 
in which the endpoint of each sub-sample is fixed by w2 while the starting point is increasing from 
0 to 2 0w w− . This approach improves the detective capability for multiple bubbles because it would 
provide more information by adapting the true data generating mechanism. The test is also robust 
to short-lived blips because the detected bubble duration must exceed log(T) observations that are a 
condition imposed by Phillips et al. (2015a) and Phillips et al. (2015b).

The estimators of bubble origination date ˆ ew  and termination date ˆ fw  are thereby con-
structed by the crossing time formulas as below,

2 22 22 2[ ,1] [ log( )/ ,1]2 0 2

ˆ ˆ= inf { : > }, = inf { : < },
a aT T

e w f ww ww w w w T Te

w w BSADF cv w w BSADF cv
δ∈ ∈ +

where 
2

aT
wcv  is the critical value at α  percentile significance level based on 2Tw   observations, for 

⋅   denoting the integer part, and δ  is a frequency-dependent parameter. The above formula indi-
cates that the origination date of the bubble is the first observation whose BSADF statistic is greater 
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than the nominal critical value, and the termination date is the last observation whose BSADF sta-
tistic is less than the critical value during the period of bubbles.

In order to scrutinise the impact of bubbles features, following Brunnermeier et al. (2020), 
we also calculate the characteristics of bubble length and size. Each bubble episode can be separated 
into a boom phase and a burst phase, where the boom refers to the period when the bubble originates 
and reaches the price peak during the whole episode, and the burst refers to the period from the 
price peak to bubble termination date. Distinguishing booms from bursts not only helps us better 
understanding the formation of bubble, but also allow us to verify the effect of investors’ irrational 
exuberance behaviour on the systemic risk in the international energy market. Then, we count the 
number of observations that a bubble booms since its origination and bursts since its peak, denoted 
as boom length and burst length. Moreover, we measure the size, which is calculated as the relative 
asset price between the current observation to the last pre-bubble observation during the boom, and 
the relative asset price between the current observation to the peak of the bubble episode during the 
burst. The bubble length and size are valued at zero outside of the bubble episodes.

3.2 Measuring systemic risk

We quantify the downside systemic risk using CoVaR and ∆CoVaR measurements (Adrian, 
2016), which can be used to determine the effect of cryptocurrency bubbles on the systemic risk 
in the international energy sector. It is well known that given an equity return series rt, we usually 
measure the downside risk via the Value-at-Risk (VaR), which is expressed as ( ) =t tr VaRτ τ≤ , 
for the chosen percentile . By definition, the VaR measures how much the asset of interest would 
lose with a nominal probability during a certain trading period. The measurement can be directly 
estimated through the quantile regression or indirectly estimated through a GARCH-type data gen-
erating mechanism.

However, it is arguable that the VaR measurement only estimates the downside risk on its 
own but neglects the potential linkages between the specific share and the whole market perfor-
mance. Thus, by incorporating the impact of financial distress in the whole equity market, Adrian 
(2016) proposed a CoVaR measurement. Given a particular equity return of ith energy company ri,t, 
its CoVaR quantifies the VaR of this asset conditional on the fact that the whole market rm,t experi-
ences an extreme downside movement, where rm,t is the representative market index. In the formula 
we have

, , ,,( | ) = ,i t m t m ti tr CoVaR r VaRτ τ≤ ≤

where VaRm,t is the τ th quantile VaR measures of the market index return for a given time horizon.
Here we focus more on the marginal contribution of the energy companies to the entire eq-

uity market during the market distress condition. Hence, based on the estimator of CoVaRt, we also 
calculate the ∆CoVaR, which is the difference between the VaR of the market as a whole conditional 
on the distressed market status and the VaR of the market as a whole conditional on the benchmark 
of the market, where the benchmark is usually considered the as median of the return distribution of 
market index. Thus, it gives

| , 0.5| , | ,
= .m i t m VaR t m VaR ti i

CoVaR CoVaR CoVaRτ τ τ
τ∆ −  (3)

∆CoVaR quantifies the contribution of an energy company to the systemic risk by estimating the 
extra VaR of the entire equity market when this company occurs a downside risk. Following Adrian 
(2016), we estimate ∆CoVaR via a quantile regression method.
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3.3 Panel data model

With the calculation of cryptocurrency bubbles and the systemic risk measures for energy 
companies, we next conduct a panel data analysis to investigate the effect of bubbles on systemic 
risk. The model regresses the measurement of ∆CoVaRt of energy company i at time t on fixed effect 

0β , the dummies of booms and bursts in the cryptocurrency market at time t, lagged firm-level char-
acteristics, the interaction terms of the bubble with bubble and firm-level characteristics, and lagged 
macroeconomic and other control variables.

, 0 1 2 , 1 3

4 , 1 5 1 ,

=

,

Bubble Bubble
i t t i t t t

Bubble
t i t t i t

CoVaR I FirmChar I BubbleChar

I FirmChar C

β β β β

β β ε
−

− −

∆ + + + ×

+ × + +
 (4)

where Bubble
tI  is the binary indicator of booms or bursts. Following Brunnermeier et al. (2020), we 

also subtract the median from firm-level and bubble characteristics for a convenient interpretation. 
Thus, the coefficients represent the changes in the systemic risk in the median characteristics of 
an energy company during a boom or burst of median size and length. To interpret coefficients, a 
positive (negative) 1̂β  decides an increasing (decreasing) in marginal contributions of systemic risk 
during the bubble booms or bursts episodes. 3β̂  captures the impact of bubble on systemic risk de-
pending on firm-level characteristics, e.g., trading volume and idiosyncratic volatility. The impact 
depending on bubble characteristics similarly represented by 4β̂ , as the effect of size and length of 
boom and burst can vary differently to the systemic risks.

Regarding the firm-level characteristics, due to the unavailability of financial variables 
from companies’ balance sheets at a daily frequency, we derive the related covariates from the his-
torical trading information. One of the firm-level control variables is the trading volume. Addition-
ally, we compute two firm-level characteristics from historical returns. The first is the idiosyncratic 
volatility IVi,t (Ang et al., 2006). For company i, we estimate IVi,t by fitting the following model,

, , , , ,= ( ) ,i d f d i i m d f d i dr r r rα β ε− + − +

where the subscript [ 22, , ]d t t∈ −  , and rf,d is the risk-free rate. By saving the residuals, we then 
compute the idiosyncratic volatility for firm i at time t as

, ,= ( ).i t i dIV var ε

Noted that the IVi,t used here is a proxy of the idiosyncratic volatility as discussed in Ang et al. 
(2006) by incorporating one-month historical trading information. The same idea is also used to 
compute another control variable—maximum daily return (Bali et al., 2011). We calculate the max-
imum daily returns Ai,t by taking the maximum value of one-month historical daily returns.

, ,= max( ), = 22, , .i t i dA r d t t− 

These two firm-level variables have been widely used in empirical studies, which evidences good 
predictabilities to cross-sectional equity returns.

Our model also controls related economic or financial variables specified in Ct. The first 
two variables in this category is the boom and burst of oil price bubbles detected from WTI prices. 
Commonly used equity and energy market indices are also included together with VIX and OVX, 
which are typical measurements of market volatility in equity and oil markets, respectively. Public 
sentiment/attention to cryptocurrency could potentially affect the role of cryptocurrency in financial 
markets, therefore we collect Google trend search index on “Bitcoin”, the most popular cryptocur-
rency, and then use this index to control for public attitude in the regression.
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4. DATA AND DESCRIPTIVE STATISTICS

The use of underlying data vehicles is diversified in the existing literature to presenting the 
asset price of cryptocurrencies. Most of the studies so far concentrated on the price of cryptocur-
rency themselves, e.g., the daily closing price of Bitcoin and Ethereum (Bouri et al., 2019; Corbet et 
al., 2018a). Although it is more practical when the object of interest lies in a particular type of cryp-
tocurrency, the price indices are more often adopted to emphasise the whole market performance, 
e.g., the Bitcoin Price Index (Bouoiyour et al., 2014; Bouoiyour et al., 2016), the Bitcoin Coindesk 
Index (Cheah and Fry, 2015), and the CRIX index (Chen and Hafner, 2019; Hafner, 2020). Also, 
as Kyriazis et al. (2020) pointed out, it is more likely to find intensive bubbles in cryptocurrency 
indices, including the CRIX, Bitcoin price, and Mt.Gox values. A couple of reasons discussed above 
can help explain this statement. First, lacking information of fundamental values in cryptocurrencies 
leads to more speculations; and the second reason is that these cryptocurrencies tend to connected 
with each other, or demonstrate co-explosivity (Bouri et al., 2019; Bouri et al., 2020).

We overlook a particular type of cryptocurrency and concentrate on the CRIX index1 
(Trimborn and Härdle, 2018). The CRIX index covers the sample period since cryptocurrencies 
were publicly deemed as financial assets in 2014. The index’s constituents are updated regularly on 
a quarterly basis to represent the development of the whole cryptocurrency market. For instance, in 
March 2021, the largest three constituents are Bitcoin (BTC, 65.2%), Ethereum (ETH, 16.1%), and 
Binance coin (BNB, 4.55%). Our sample starts from 31 July 2014 when the CRIX index becomes 
available and ends at the recent cryptocurrency trading boom on 10 March 2021, covering several 
“business cycles” of the cryptocurrency market. Considering the characteristic of the high volatility 
of cryptocurrencies, we collect daily data rather than on a monthly basis used in most studies for 
conventional asset pricing.

We study the non-normalised price data for bubble detections. The normalised price is oc-
casionally considered to determine the price fluctuations from the underlying fundamental values. 
For instance, Phillips et al. (2015a) and Phillips et al. (2015b) performed their test to detect equity 
bubbles through the price to dividends data. However, because the dividends are unavailable to cryp-
tocurrency and commodity futures, we apply the BSADF method to raw price data in our analysis. 
This accommodation is supported by Brunnermeier et al. (2020) that to detect bubbles in non-nor-
malised price data would not alter the numerical results of using the normalised one.

The dataset also comprises information from equity and commodity futures markets. We 
collect 100 representative energy companies worldwide based on Thomson Reuters top 100 inter-
national energy leaders2. The sample ranges the same period as the CRIX index. Due to the lack of 
availability and quality of the data, we eventually stick to 72 companies and collect their daily prices 
and trading volumes. These companies are from 34 countries or regions, and they can be further 
categorized into four groups: oil and gas, equipment and services, multiline utilities, and renewable 
energy. Meanwhile, in order to calculate the systemic risk in these companies conditional on the 
corresponding market indices, we also obtain the market indices from their local stock exchanges3. 
Table 1 documents the corresponding market indices collected for each of the energy companies.

Besides, we also collect the WTI crude oil futures price and MSCI world energy sector 
price index from the commodity futures market, aiming to control the effect of oil price. Other con-
trol variables include the three-month T-bill rate as a proxy of the risk-free rate and two volatility in-

1.  data source: https://thecrix.de/
2.  https://www.thomsonreuters.com/en/products-services/energy/top-100.html
3.  Some countries or regions are using the alternative market index, including Colombia by S&P500; Monaco by CAC40; 

Jersey by FTSE100.
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dices, VIX and OVX, standing for the volatilities of equity and oil markets, respectively. The public 
sentiment on cryptocurrency is also controlled via the the Google trend data. Given that equity data 
is observed 5 days a week, we thus accommodate the CRIX index and crude oil futures to the same 
observation dates, eventually rendering a balanced panel with a time series T = 1723.

To understand the properties of the key variables, we look at the price data of CRIX and 
crude oil futures as they would be used to detect bubbles in the cryptocurrency and oil markets. For 
other variables, we take the log difference to get stationary sequences. The Google trend is differ-
enced with order one to obtain a stationary sequence. Table 2 reports summary statistics of some of 
the key variables. The variables oil&gas, equipment&services, multiline utilities, renewable energy 
denote the firm returns for each energy sector. Together with dVolume and market index, these 
variables contain multiple series that consists of energy companies. We do not present the statistic 
summary for each energy firm but compute the median of those statistics to save some space. Table 2 
reveals that the WTI crude oil as a conventional financial asset experienced relatively mild volatility, 
while the CRIX index is extremely volatile, reflecting a maniac cryptocurrency market. The equity 
and indices returns are all zero mean, non-normal distributed, and stationary sequences.

Table 2�: Summary statistics of the representative variables, where oil&gas, 
equipment&services, multiline utilities, renewable energy, dVolume and market index 
are taking the median of the statistics of the panel data. P-values are documented for 
the Jarque-Bera, ADF and KPSS tests.

5. EMPIRICAL RESULTS

5.1 Cryptocurreny bubbles detection

This section discusses the empirical findings on to what extent systemic risks in energy 
companies respond to cryptocurrency bubbles. Figure 1 shows the datestamping of cryptocurrency 
bubbles over our sample period. The blue line from the figure indicates the evolutions of the CRIX 
index price, and the red line stands for the recursive BSADF statistics with its critical value at 95% 
significance level recorded by the green dash line. The detecting sample starts from 10 December 
2014 as the first 0 = 92Tw    observations are burned for a rolling window length, and the detection 
continues until the end of the sample in March 2021.

From the plot, we identify two distinct bubble periods in the cryptocurrency market. The 
CRIX index first shows a persistent bubble-like behaviour in the year 2017, given that its price rap-
idly rockets to $50,000 level despite no significant mining algorithm improvement. The second sus-
tainable bubble period occurs during the recent pandemic period of 2020–2021, and the CRIX index 
continuously reaches its lifetime new peak. For example, the price for Bitcoin is about $7,300 before 
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the pandemic erupted, and at the end of our sample period, a buy of one bitcoin costs $41,326. This 
can be attributed to investors fearing that they prefer to switch their portfolio into a market without 
the interference of a central bank crisis; it is also benefited from the fact that digital currencies can 
alleviate potential liquidity constraints imposed by the local authorities. Some other short-term bub-
bles are also detected during 2016 and 2019, and we explain them by normal market fluctuations.

Figure 1: �Cryptocurreny bubble periods detected by the BSADF statistic on CRIX index with 
the shaded areas indicating the bubble episodes.

Table 3 documents the details of lengths and sizes of cryptocurrency booms and bursts 
during the sample period. It is noticeable the longest boom episode is from 15 February to 21 June 
2017, lasting for 83 days. There are other relatively longer boom episodes in 2017, 2020 and 2021. 
Compared with the bubble buildings, the bubbles burst more rapidly. The columns of size quantify 
the magnitudes of the booms and bursts.

Furthermore, we implement the BSADF method to detect oil bubbles in the WTI crude 
oil futures price, which is considered to control the impact of crude oil futures bubbles on energy 
companies’ performances so that concerns related to the endogeneity of cryptocurrency bubbles can 
be eliminated. Figure 2 displays detected oil bubbles from 2014 to 2021. Compared with the cryp-
tocurrency index, much fewer bubbles are detected in the sample period.

Note that for oil price bubbles, the results show more negative bubbles than positive bub-
bles during our studied period. Negative bubbles are not unusual in financial markets. For example, 
Cheah and Fry (2015) investigate this issue for cryptocurrency markets. Acharya and Naqvi (2019) 
develop a model to explain the formation of both positive bubbles and negative bubbles. Goetzmann 
and Kim (2018) find negative bubbles in stock markets, where positive returns tend to follow ex-
tremely large price decline. In general, negative bubble is to capture the extreme downward price 
movements that are beyond the explanatory power of demand and supply (Fantazzini, 2016). The 
existence of these negative bubbles is also an additional confirmation of financialization in crude oil 
market, where speculative investments drive oil price away from its fundamental value.
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Figure 2: Oil bubble periods detected by the BSADF statistic on WTI price.

5.2 Systemic risks in energy sector

We also obtain the systemic risk measurements for top energy companies using the meth-
ods as described in Section 3.2. We compute the systemic risk measures ∆CoVaR and CoVaR at two 
different quantiles, when = 0.01τ  and 0.05, for each of the energy companies. These measures will 
be used as the dependent variables in the panel data models.

Figure 3 shows the plots of ∆CoVaR and CoVaR of four representative energy companies 
from each of energy sectors, when the nominal quantile = 0.01τ , namely, BP for the sector of oil 
and gas; E.ON SE for the sector of multiline utilities; First Solar for the sector of renewable energy; 
Vallourec for the sector of equipment and services. The standard VaR measures are also plotted for 
references. The VaR measures manifestly capture the downside risks during the time of financial 
system distress, e.g., the market panic triggered by the coronavirus pandemic in March 2020. The 

Table 3: �Length and size of the detected cryptocurrency bubble booms and 
bursts.
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measures ∆CoVaR and CoVaR evolve similarly, although they have a relatively smaller scaling after 
conditioning on the market downside risks. Similar patterns are also observed when we set a higher 
quantile of downside risk with = 0.05τ .

Figure 3: �Plots of the risk measures VaR, CoVaR and ∆CoVaR for the representative energy 
companies when the quantile τ = 0.01.

5.3 Panel model analysis

Now we are ready to estimate the panel data model (4) given in Section 3.3. By truncating 
the rolling window for the BSADF bubble detection approach, our dataset eventually reaches a 
balanced panel with T = 1436 and N = 72. It is notable that our panel data set is different from usual 
macroeconomic studies in which the cross-sections N are larger than the time series T. Nonetheless, 
we consider a fixed effect estimator, as the fixed effect estimator is consistent as long as either N or 
T goes to infinity [Wooldridge, 2010]. To specify the models, below we first denote all explanatory 
variables according to the categories labelled in Model (4),

• �  Bubble
tI  

(1) CRIX bubble boom: tCM , CRIX bubble burst: tCT ;

• � FirmChari,t 

(2) Volume: ,i tU , Idiosyncratic volatility: ,i tIV ; Max: ,i tA ;

• �  Bubble
t tI CRIX BubbleChar×  

(3) CMt × bubble boom size: tMS , CTt × bubble burst size: tTS ; 

(4) CMt × bubble boom length: tML , CTt × bubble burst length: tTL ;

• �  ,
Bubble
t i tI FirmChar×

 
(5) CMt × Ui,t: ,i tMU , CTt × Ui,t: ,i tTU ; 

(6) CMt × IVi,t: ,i tMV , CTt × IVi,t: ,i tTV ; 

(7) CMt × Ai,t: ,i tMA , CTt × Ai,t: ,i tTA ;
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• � Ct 

(8) WTI bubble boom: tWM , WTI bubble burst: tWT ; 

(9) Market index: ,i tM , MSCI energy index: tE , VIX: tV , OVX: tO ; 

(10) Google trend: tG .

Next, we form six model specifications to investigate the predictability of cryptocurrency 
bubbles on the systemic risks in energy companies. Table 4 displays the independent variables that 
are included from Model 1 to Model 6. Models 1–2 only regress the systemic risks on the binary 
bubble variables, and the effect of crude oil bubbles is controlled. Models 3–4 extend to explain 
the firm-level characteristics and the interactions with the bubble indicators, including the trading 
volume, idiosyncratic volatility and maximum returns. Model 5–6 further consider macroeconomic 
control variables, including the market returns and MSCI world energy sector index returns for 
Model 5, and additional VIX, OVX returns and the differenced Google trend data for Model 6.

Table 4: Abbreviations of the independent variables in Model 1–6.

Table 5 demonstrates the fixed effect estimations of all models with the dependent vari-
ables ∆CoVaR and CoVaR, when the nominal quantile set = 0.01τ . Overall, cryptocurrency bubbles 
are associated with a significantly positive contribution to systemic risks, and this effect is mani-
fest particularly during the bubble burst periods. The findings of regressing CoVaR or ∆CoVaR on 
explanatory variables generally remain consistent. To be specific, when the marginal contribution 
to systemic risk ∆CoVaR is considered, the results of Model 1 show that the coefficients on CRIX 
boom and bursts are significantly positive signed after controlling the crude oil bubbles. The results 
of Model 2 reveals that a longer boom will positively impact the systemic risk, while a sudden and 
short burst is more harmful to the system. This is a reasonable finding because rapid collapses usu-
ally come with market panic. Regarding the size of bubbles, we identify that a strong boom tends to 
be followed by a more harmful result, which is consistent with the statement of Brunnermeier and 
Oehmke (2013). Interestingly, the burst sizes are not showing a significant effect on ∆CoVaR.

Meanwhile, the adjusted coefficient of determination R2 for models 1 and 2 is zero. This fact 
does not improve when we include firm-level trading volumes and their interaction terms in Model 
3, despite the trading volume itself is significant to explain the systemic risk. The adjusted R2 of 
Model 4 rises to 6% once firm-level idiosyncratic volatility and maximum returns are explained, and 
both variables are significantly negatively signed, for the reason that higher volatility or maximum 
returns increase systemic risks. Models 5 and 6 control more variables of the equity market, energy 
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commodity, the volatility indices returns, which are significant and further improving adjusted R2 
to 10%. The Google trend data, as the proxy of public sentiment to cryptocurrency, does not add 
significant predictability to the systemic risks in energy sector. Nonetheless, it is remarkable that the 
cryptocurrency bubbles are still significantly positively signed by controlling firm-level character-

Table 5: �Fixed effect estimation by regressing systemic risk measures ∆CoVaR and CoVaR on 
explanatory variables when τ = 0.01 with *, ** and *** representing the significance 
at 90%, 95% and 99%, respectively.
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istics and other market variables, as we observed from Model 1 and 2. Particularly, the coefficients 
of bubble bursts become more significant with higher magnitude, while the coefficients of booms 
are less significant with lower values, indicating a prudential effect of cryptocurrency bubble bursts.

Additionally, we also regress all the six models on the systemic risk measures when the 
nominal quantile is set by = 0.05τ . Table 6 documents the estimation results. The overall signif-
icance and signs of the coefficients are in concordance with the previous findings in the case of 

= 0.01τ . Comparatively, the coefficient sizes are relatively smaller, indicating that cryptocurrency 
bubbles make a stronger impact on the extreme downside risks to the energy sector.

5.4 Further Robustness checks

This section conducts further robustness checks. We first assess the effect of cryptocur-
rency bubbles on the systemic risk among different sectors of energy firms, and we then re-estimate 
the model for sample periods to reflect the normal bubble episodes (December 2014–September 
2019) and the bubble episode during the Covid-19 pandemic (September 2019–March 2021). Model 
6 is implemented throughout the robustness checks, given that all the control variables are involved.

In the first robustness analysis, we group the energy firms into four industrial sectors, in-
cluding oil&gas, equipment&services, multiline utilities and renewable sectors, as documented in 
Table 1. Table 7 shows the estimation results when the dependent variable systemic risk measures 

CoVaR∆  and CoVaR are calculated at the quantile = 0.01τ . Specifically, the results reveal that the 
systemic risks in oil&gas-sectored firms, accounting for the largest proportion of energy firms, are 
positively affected by the cryptocurrency bubbles, which remains consistent with the main findings 
of Table 5. On the contrary, the bubbles either insignificantly or less significantly affect the systemic 
risks in other non-oil&gas firms. In particular, the bubble booms even negatively affect the systemic 
risks in multiline utilities firms. Generally, it is convinced that the oil&gas firms play an essential 
role in the transmitting channel from the cryptocurrency market to the international energy market.

The second robustness analysis considers the effect of cryptocurrency bubbles during the 
recent Covid-19 pandemic. The Covid-19 pandemic brought an unprecedented effect to the whole 
financial system (Naeem et al., 2021; Vidal-Tomás, 2021). In order to distinguish the effect of bub-
bles during the normal and the pandemic phases, we turn back to all energy firms and split the whole 
sample into two time-spans, from 11 December 2014 to 2 September 2019 representing market 
normal phase, and from 3 September 2019 to 10 March 2021 representing the pandemic sub-sample. 
Recall that Figure 1 shows that several bubble episodes are spotted in the first sub-sample during 
the years of 2016–2019, while the CRIX index only behaves bubble-like characteristic at the end of 
2020 and the beginning of 2021 in the second sub-sample. Table 8 displays the results of model 6 
by regressing the systemic risks on explanatory variables in two sub-samples. The estimation results 
indicate that although the burst booms become insignificant in sub-samples, the burst of cryptocur-
rency bubbles brings the systemic risk a significantly positive effect in both market normal or the 
pandemic periods. Interestingly, despite that the control variable of crude oil bubble burst tWT  is 
significant in both sub-samples, its effect turns the opposite way in the pandemic sub-sample. This 
can be understood by the fact that the pandemic outbreak has bottomed the crude oil under its fun-
damental values. Such negative bubbles result in an abnormal effect on the systemic risks in energy 
firms, as discussed in Fantazzini (2016).
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Table 6: �Fixed effect estimation by regressing systemic risk measures ∆CoVaR  and CoVaR  on 
explanatory variables when τ = 0.05 with *, ** and *** representing the significance 
at 90%, 95% and 99%, respectively
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Table 7: �Fixed effect estimation by regressing systemic risk measures ∆CoVaR  and CoVaR  on 
explanatory variables of Model 6 in four different industry groups when τ = 0.01 with 
*, ** and *** representing the significance at 90%, 95% and 99%, respectively.

Table 8: �Fixed effect estimation by regressing systemic risk measures ∆CoVaR  and CoVaR 
on explanatory variables of Model 6 in sample periods (11-December-2014 to 
2-September-2019 and 3-September-2019 to 10-March-2021) when τ = 0.01 with 
*, ** and *** representing the significance at 90%, 95% and 99%, respectively.
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6. CONCLUSION

In this paper, we extend the empirical framework proposed by Brunnermeier et al. (2020) 
to study the boom and burst of cryptocurrency bubbles and their impacts on the systemic risks in 
international top energy companies. We apply the BSADF approach to identify multiple bubbles in 
the cryptocurrency index and then use CoVaR and delta CoVaR to measure systemic risks. A statis-
tically significant relationship is found to confirm our hypothesis. In particular, the burst of bubbles 
contributes more to the increasing systemic risks in the energy sector. Oil and gas companies are 
essential among all energy firms and act as a transmitting channel to other types of energy firms. 
This relationship remains robust in the most recent COVID-19 pandemic period.

Our research has a few interesting contributions to the existing literature. First, we provide 
additional evidence on energy financialization. Development in financial markets, i.e., cryptocur-
rency, can have a profound impact on energy markets by increasing systemic risks. Second, asset 
bubbles not only can induce macro-level uncertainties but also lead to micro-level instability in en-
ergy markets. Third, we show that the recent COVID-19 pandemic, a unique period, does not change 
the significance of this effect.

These findings can also lead to a number of policy implications relevant to managers and 
regulators. For the executives of main energy firms, they should pay attention to the fluctuation of 
cryptocurrency prices, especially when observing pricing bubbles in the markets. These extreme 
movements in cryptocurrency markets may associate with extreme price movements in energy mar-
kets, which will generate direct losses to their companies. Meanwhile, the bubbles in cryptocurren-
cies can induce higher systemic risks in the whole energy sector, leading to stronger needs to hedge 
against such risks. Existing literature on “safe-haven assets” suggests that cryptocurrency may act 
as a safe-haven asset, but the findings here show that extra caution should be taken when forming 
hedging strategies using cryptocurrency, as the frequent bubbles can cause higher risks. Regulators 
may not be able to control cryptocurrencies directly, but they should take cryptocurrency bubbles as 
a signal for increasing systemic risks in stock market, or specifically, energy sector and respond to 
such shocks accordingly.

Looking forward from the current work there are a number of possible extensions, which 
connect commodity market financialization and systemic risks in financial markets, both important 
issues in financial markets. Following the recent literature, hedging increasingly more complicated 
systemic risks is a critical matter for both investors and regulators. Cryptocurrencies and commod-
ities have been added to the basket as safe-haven assets [Ji et al., 2020], but if their extreme price 
movements coincide with market systemic risk, then the ability to hedge against the risks falls. The 
current analytical framework can therefore be extended to investigate hedging performance of cryp-
tocurrencies and other commodities. One limitation of our study is that a relatively short period is 
used for empirical study, more importantly, energy sector has experienced dramatic changes during 
this sample period. While this adds to the value of our study, it may challenge the possibility of 
generalizing to other sectors, which worth further exploration.
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