StupENT ECconomic REvIEW VoL. XXXIV

226
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Investigation into
Speculative Bubbles in
Ethereum’s Price
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Jonathon McKeown, Senior Sophister

Cryptocurrencies have dramatically changed the way
we think about money. With the rapid development of
electronic payments around the globe, their popularity
has skyrocketed over the past decade, and cryptocurren-
cies now occupy a considerable space in many investors’
portfolios. With this increase in popularity has come a
huge amount of price volatility, and consequently most
of these currencies are prone to mildly explosive specu-
lative bubbles. In this paper, Michaela Fricova and Jon-
athon McKeown seek to establish whether the Ethereum
market reflects periodically collapsing speculation in its
prices, using a recursive unit root procedure introduced
by Phillips (2013a). Their results strongly support the
hypothesis of multiple bubbles emerging in the series.
They date-stamp 15 bubbles over the investigated time
period, ranging from one day to 73 days in length. The
longest bubble period, spanning between February 2,
2017 and April 17, 2017, is discussed with respect to
price evolution in the Bitcoin market, as well as with
regards to Ethereum software being adopted for com-
mercial use.
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I. Introduction
Since its introduction in early 2015, Ethereum has become the sec-
ond largest cryptocurrency by total dollar market value (Beneki et al.,
2019). By early 2017, market capitalization of the cryptocurrency sur-
passed $69 billion (Liu & Serletis, 2019). Ethereum was developed as a
decentralized network of applications, eliminating third party institutions
that tend to control crucial data by granting users their control over in-
formation (Ethereum Foundation, 2016). Ethereum’s price has displayed
high volatility (Catania et al., 2018). As shown in Figure 1, the several
thousand percent surge in Ethereum prices since the beginning of 2017
has been accompanied by an increasing return in dispersion. As Phillips
et al. (2015) point out, the history of financial markets tends to repeat
itself. Therefore, accurate ex post identification of speculative bubbles
might provide cryptocurrency investors with warning mechanisms to
prevent losses on their current positions (Houbner, 2018).
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Figure 1. Crude USD Ethereum Prices between 8/2015 and 10/2019

II. Literature Review

The first attempt to describe a bubble in the financial markets
can be attributed to Keynes (1973) who noted that “stock prices may not
always be governed by an objective view of ‘fundamentals’ but by what
average opinion expects the average opinion to be” (quoted in Cuthb-
ertson & Nitzsche, 2004). However, such a definition makes it extreme-
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ly difficult to quantify exuberance phenomena in the financial markets
(Blanchard, 1982; Phillips, 2015).

A viable alternative has been proposed by Adam and Szafarz
(1992) who define bubble as a scenario in which prices are driven up by
the expectation of further growth. Consequently, market actors can be
conceptualized as rational speculators' who bet on further price rises.
The definition can be easily accommodated in the traditional Asset Pric-
ing Approach to speculative bubbles, whereby exuberance constitutes the
part of the market price which exceeds an asset’s fundamental value.
Detecting the existence of bubbles therefore entails determining the fun-
damental value of the underlying asset. This is usually performed by cal-
culating the expected present value of the payoffs (including dividends)
considering all relevant information and then subtracting this comput-
ed present value from the market price of the asset (Cuthbertson et al.,
2004). A major problem with this approach for cryptocurrencies, howev-
er, is that they are hard to value as they do not have clearly identifiable
cash flows (e.g. dividends) (Taipalu, 2012; Pesaran & Johnsson, 2018).

To circumvent the issue of fundamental value determination,
Diba et al. (1988) devised a right-tailed unit root test, known as the con-
ventional cointegration-based bubble test in the literature. However, sim-
ulations performed by Evans (1991) indicate that this technique produces
a false positive result 25% of the time.

Phillips et al. (2011) build upon the idea developed by Diba et
al. (1988), but instead of running a single test over the whole sample,
they implement right-tailed Augmented Dickey-Fuller tests using subsets
of the data incremented by one observation at each run. They name this
method the Supremum Augmented Dickey Fuller test and show that it
does not only result in much greater power - even in the presence of pe-
riodically collapsing bubbles - but also allows us to pinpoint the start and
end date of the bubble with its backward date-stamping procedure. At its
core, the technique assumes that the series satisfies the sub-martingale?
property.

The sub-martingale definition of bubble time series, as outlined

1 Hence the terms “speculative” or “rational” bubble later in the text.

2 Asset prices adhere to martingale behaviour when successive price changes are unpredictable,
although the variance of the price changes can be predicted from past variances under the mar-
tingale property (definition derived from Cuthbertson & Nitzsche, 2004). This is contrasted with a
sub-martingale behaviour of a series whereby there is a widely anticipated direction of price-change
in the asset market - the price changes have a strict lower bound during a run-up stage of a bubble.
Refer to section “III. Methodology” for further details
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in Phillips et al. (2011), has been more strongly supported in the research
on financial market speculation (Biagini et al., 2013; Protter, 2013).
Sub-martingale bubbles have also been advocated in the cryptocurrency
literature - Cheung et al. (2015), for example, applied the Backward Su-
premum Augmented Dickey Fuller procedure to Mt. Gox Bitcoin prices.
Their analysis discovered 33 time periods of exuberance in the Mt. Gox
exchange between July 2010 and February 2014. To our knowledge, no
paper has aimed at identifying speculative bubbles in Ethereum ex-post.

II1. Methodology

This section introduces the Backward Supremum Augmented
Dickey Fuller method® (as defined by Phillips et al., 2013a) and outlines
how the procedure will be utilized for the purposes of our analysis.

At its core, the BSADF methodology is based on the assumption
that during its bubble run-up period, asset prices exhibit sub-martingale
behaviour. It is assumed that there is a widely anticipated direction of
price-change in the asset market as opposed to a martingale behaviour of
asset prices whereby the best forecast of all future values of the bubble
depends only on its current value (Cuthbertson et al., 2004).

The aforementioned definition of a price evolution in a market
with bubbles be illustrated via a standard Asset Pricing Model, as speci-
fied in Equations (1) and (2).

1
1+Tf

Py = 22 0(—) Et(Desi + Uei) + B (1)

Et(Be+1) = (I +15)Be )

It is evident from (1) that if the bubble term B: is equal to zero,
then today’s price of the asset is equal to the asset’s discounted expected
value, which can be further defined as a function of the expected divi-
dend stream D:+i, unobserved fundamentals U+, and the risk-free inter-
est rate 1£. In line with the martingale assumption, both Ds+;, and Us+; are
assumed to be stationary or at most integrated to order one and, hence,
the prices P: follow a unit root process in the absence of a bubble. How-
ever, if the bubble term By, deviates from zero, the process is not a unit
root anymore, but instead exhibits explosiveness over time. Such a solu-

3Later referred to as the BSADF method in the text.
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tion can be easily derived from (2), whereby the evolution of the bubble
term is explosive (under the assumption that the risk-free rate has a zero
lower-bound, i.e. rr> 0). Clearly, the Asset Pricing Model outlined in (1)
does not allow for the presence of run-down periods after the bubble has
reached its peak price, and hence lacks the required complexity to allow
for multiple and periodically collapsing bubble periods.

Our method enriches the specification by allowing for the possi-
bility of a time-varying risk-free interest rate (i.e. rf =r(t)) into an Asset
Pricing model (in line with Phillips & Yu, 2011). With such a non-con-
stant discount factor, bubble periods can be mildly explosive, meaning
that they can temporarily divert from the fundamentals but subsequently
return to the discounted expected value* .

Repetitiveness aside, we anticipate the asset prices to follow a
unit root process under the null hypothesis of no speculative bubbles
in the market. In the BSADF testing literature, this unit root process is
usually limited to a random walk (Phillips et al., 2011) or a random walk
with an asymptotically negligible drift (Phillips et al., 2015). These two
possible null hypotheses are outlined in Equations (3) and (4). It is clear
from Equation (4) that the drift term d converges to zero as the sample
size T approaches infinity under our assumption of #>0.5. Furthermore,
these two null hypotheses are tested against the competing alternative of
0 > 1. Hence, unlike the standard ADF unit root method with left-tailed
alternative hypothesis of stationarity, we are testing for the right-hand
alternative hypothesis of explosive series.

Ve =0y + & with &, ~ iid(0, 0%), 6=1 3)
Ye=dT "+ 0y,_; + & with &, ~ iid(0,6°),0=1, n > 0.5 (4)

In addition, the BSADF testing procedure involves a sliding
window regression applied recursively throughout the series. This allows
for detecting multiple structural breaks, i.e. time series periods indicative
of a bubble starts or ends (Enders, 2014). To put it more simply, BSADF
specification is outlined via the differenced equation (5).

R ~ =1 o
Ay, = ar;r, BT],szt‘l + ZI{EO ¢T‘1,T2 Aye + & )
ry =1y +1 with 1, >0 ©)

4 Phillips and Yu (2011) introduce the time-varying discount factor into the continuous time Gor-
don Growth Model [GGM].
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In (5), the 17 and r2 correspond to the start and the end points of
the sliding window regression, respectively. It must be pointed out that r;
and 12 are fractions of the overall dataset T and, therefore, the regression
is performed on the data ranging from the r/” fraction of the sample till
the 12" fraction of the sample. Furthermore, the fractional window size re
of the regressions is specified in Equation (6). It is evident from (6) that
the higher the r» the lower the overall number of recursions performed.
Consequently, the coefficient o also determines the sample size of each
regression, denoted by Te. The ADF statistic based on this sliding win-
dow regression can be specified as ADE, 2

SADF(ry) = sup ADF,’ withry[r,,1] (D

The Supremum in the BSADF stands for the ADF? statistic with
a flexible window size. More specifically, in the traditional SADF test
(depicted in Equation (7)), we allow for the fraction parameter r2 to vary,
while the parameter 1/ is still assumed to be fixed at r;/=0. As a result, the
sample sequence ro varies in size, with the ADF statistic for the longest
possible sample size being denoted by ADE; >

In line with Phillips et al. (2015) who performed a simulation
study on the optimal minimum window size selection, we select ro based
on the lower bound of 1% of the full sample. The precise specification of
ro for the purpose of our analysis is depicted in Equation (8).

1,=0.01+1.8/A/T (8)
Performing BSADF comprises of computing SADF on a back-
ward expanding sample sequence. In such a case, the fraction parameter
r2 is fixed to 0, while r:1s allowed to vary. As outlined in Equation (9), we

let the r/ parameter to take on any value between zero and r.-1o.

BSADF (r,) = sup ADF,;? with r; [0, 7, — 1] )

Having acquired the BSADF (ro) statistic, we compute critical
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values using Monte Carlo simulations’® . During this stage, we follow
Phillips et al. (2015) by setting the number of bootstrap replications to
200 and by not permitting multi-core computations. Finally, for infer-
ring significance, we rely on the 99% confidence interval. Such deci-
sion boundary is in line with Cheung et al. (2015) who applied the same
methodology to testing multiple bubbles in the Bitcoin cryptocurrency
market.

IV. Data Set Overview

In our analysis, we consider daily closing prices of Ethereum
over the time period 7 August 2015 to 11 October 2019. We only use the
log value of weighted prices for further computations.

The dynamics of our data are outlined in Table 1. It is evident
from the summary statistics that the series exhibits high deviations from
the long-run mean. We also detect an upward trend in the data, with pric-
es ranging between 0.416 USD in 2015 and 1397 USD during its all-time
high in January 2018. The interquartile range of approximately 283 USD
indicates that the data exhibits fat tails.
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Figure 2. USD Ethereum Prices in log scale over the Sample Period.

Table 1. Summary Statistics

Variable Obs. Mean SD Min Max IQR Skewness Kurtosis

Ethereum P 1527 206.3718 249.5032 0.4316  1397.4800  283.0773 1.731618 6.145035

5 The asymptotic critical values are tabulated but in small samples these computations require Mon-
te Carlo simulations as specified in Phillips et al. (2011).
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Figure 2 also supports the possibility of non-constant volatility in
the series, which could be indicative of conditional heteroskedasticity in
returns. However, visual inspection of squared returns (procedure out-
lined in Diebold et al., 2019) does not support the conditional heteroske-
dasticity hypothesis. In addition, Monte Carlo simulations by Pedersen
and Schiitte (2017) assert minimal impact of heteroscedasticity on the
BSADF procedure (i.e. no critical test statistic distortions). We, there-
fore, do not perform any additional diagnostic checks on the variance
dynamics.

As for serial correlation in the data, the time series is highly per-
sistent because its autocorrelation is close to 1 and significantly differ-
ent from O for lags 1-100. Figure 3 depicts the autocorrelation for lags
0 through 20. As for the partial autocorrelation function, we see both
the values lagged 1 and 2 periods to be significant in explaining today’s
Ethereum prices. Since our autocorrelation function results imply high
persistence in the time series, it is important to determine whether the
observed trend is deterministic or stochastic. To do so, we used the left-
tailed Augmented Dickey-Fuller test. We applied the test to three specifi-
cations: (1) model without a constant; (2) model with a constant; and (3)
model with a trend. In all cases, we failed to reject the null hypothesis of
a unit root in the series® . This result supports a stochastic trend, i.e. the
series to be integrated of order one. However, the test’s critical region is
limited to the left-tail and, hence, does not incorporate the possibility of
explosive series. We consequently apply the BSADF test to investigate
the presence of explosiveness in the prices.

6 We did not utilize the Bayesian information criterion (BIC) to decide on one of the three specifi-
cations, i.e. (1) model without a constant, (2) model with a constant and (3) model with a trend, as
such an approach was criticized by Phillips et al. (2015)
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[Autocorrelation]

LAG AC PAC Q Prob>Q Partial Autocor]
1 0.9977 0.9979 1522.9 0.0000 —
2 0.9966 0.1768 3043.6 0.0000 | EE— —
3 0.9949 0.0006 4560.1 0.0000 | EE—

4 0.9932 -0.0706 6072.2 0.0000 e
5 0.9915 0.0529 7580.2 0.0000 | EE—
6 0.9897 -0.0010 9083.7 0.0000  EEE—
7 0.9879 -0.0601 10583 0.0000 | EE—
8 0.9863 -0.0430 12078 0.0000  EEE—
9 0.9847 -0.0078 13570 0.0000  EEm——
10 0.9832 0.0411 15057 0.0000 —
11 0.9815 0.0032 16541 0.0000  E—
12 0.9796 -0.0504 18020 0.0000 P
13 0.9779 0.0183 19495 0.0000 | E—
14 0.9760 -0.0310 20965 0.0000 e
15 0.9743 0.0139 22430 0.0000 —
16 0.9725 -0.0439 23892 0.0000 | E—
17 0.9706 -0.0400 25348 0.0000 | EEE—
18 0.9686 -0.0265 26800 0.0000 —
19 0.9665 -0.0122 28246 0.0000 | E—
20 0.9644 -0.0389 29687 0.0000  mmm—

Figure 3. Autocorrelation Plot

Table 2: Augmented Dickey-Fuller test for unit root

Underlying DPS # of lags Test statistic 10% Significance 5% Significance 1% Significance
included (p) Critical Values Critical Values Critical Values

ADF without a constant 0 0.585 -1.620 -1.950 -2.580

(Model 1)

ADF with drift (Model 2) 0 -2.101 -2.570 -2.860 -3.430

ADF with drift (Model 2) 1 -1.415 -2.570 -2.860 -3.430

ADF with drift (Model 2) 2 -1.819 -2.570 -2.860 -3.430

ADF with trend (Model 3) 0 -1.185 -3.120 -3.410 -3.960

ADF with trend (Model 3) 1 -0.442 -3.120 -3.410 -3.960

ADF with trend (Model 3) 2 -0.655 -3.120 -3.410 -3.960

V. Results

This section reports the results of our analysis of whether the
market prices of Ethereum exhibited speculative bubble behaviour be-
tween 7th August 2015 and 11th October 2019. As outlined in Figure
4, we find multiple bubble periods using the BSADF testing procedure.
The test statistic, represented by the solid blue line, clearly shows that
it exceeds its corresponding 99% critical value (denoted by the purple
dotted line) 15 times over the sample period, which corresponds to the

identification of 15 episodes of speculative bubbles in the data.
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Figure 4. Backward Supremum Augmented Dickey Fuller Test.

In line with Katsiampa (2018), it might be argued that the ubig-
uity of bubble formation throughout 2016 be linked to DAO hacker at-
tacks. This event undoubtedly would have spooked investors. Likewise,
there were notable reasons for the prolific bubble periods of 2017 with
the increasing media attention and legitimacy Ethereum was receiving
from investors and politicians alike. For example, when Vatilak Buterin
(Etherum’s Founder) described the opportunities for using the technolo-
gies he developed in Russia, a statement released by the Kremlin in June
2017 stated that President Putin supported the idea of securing further
Russian investment in Ethereum. Furthermore, eToro added Ethereum to
its listings on February 23, 2017 when the cost of one coin was only $23.
In May 2017 AVAT Trade added Ethereum to its listings at a time when
one Ether coin was trading at $100. Moreover, in February 2017 large
institutions, such as J.P Morgan Chase, Intel and Microsoft, began to
use Ethereum’s software (Crosby et al., 2016), and this credibility might
have continued to fuel the bullish market.

VI. Limitations and Possible Extensions

Despite the clear-cut findings of our analysis, some caution is
required with respect to the interpretation of the discovered bubble peri-
ods. Primarily, our results stem from the assumption that the underlying
price series exhibits explosive behaviour during periods of speculative
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bubbles. However, other specifications of speculative excess have also
been outlined in the literature. For example, Monschang et al. (2019)
define a rational bubble which follows a random walk. Therefore, more
research and discussion are recommended as to which specification of
cryptocurrency bubble is more suitable. This also brings up the prob-
lem of the very definition of speculative behaviour in the cryptocurrency
market. As stressed in Pesaran et al. (2018), the BSADF test does not
allow for the possibility that the detected periods of exuberance are not
in fact bubbles but are rather signs of rapidly changing fundamentals in
the cryptocurrency.

Another caveat of our research concerns findings recently pub-
lished by Phillips et al. (2015). According to Monte Carlo simulations,
the BSADF test has much lower detective capacity than a recently intro-
duced generalized version of the test — the GSADEF. The superior pow-
er of GSADF is particularly evident when multiple periods of market
exuberance are present in the data. This suggests the direction of future
research in Ethereum should include the usage of the GSADF instead.

VII. Conclusion

We found 15 periods of speculation within the price of Ethereum,
with the most notable bubble period lasting from 3rd February 2017 to
17th April 2017. Thus, our results did support the hypothesis that Ethere-
um was in fact in a bubble for a significant period of time during its price
highs. Our findings might be of interest to investors who are considering
Ethereum’s place within an investment portfolio. Also, the discovered
exuberance might hold the attention of policy makers, particularly with
respect to creating cryptocurrency legislation. While this paper focused
on Ethereum, it is important to outline that there are numerous other
cryptocurrencies, such as Bitcoin, Ripple and Litecoin, that have all ex-
perienced a similar price evolution to Ethereum and therefore, it does
pose the question as to whether or not the market is a bubble in its en-
tirety.
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