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ABSTRACT
This paper examines the extent to which herding and feedback trading behaviors drive price dynamics
across nine major cryptocurrencies. Using sample price data from bitcoin, ethereum, XRP, bitcoin cash,
EOS, litecoin, stellar, cardano and IOTA, respectively, we document heterogeneity in the types of
feedback trading strategies investors utilize across markets. Whereas some cryptocurrency markets show
evidence of herding, or, 'trend chasing', behaviors, in other markets we show evidence of contrarian-type
behaviors. These findings are important because they elucidate upon, firstly, what forces drive
cryptocurrency markets and, secondly, how this type of trading behavior affects autocorrelation patters
for cryptocurrencies. Finally, and from our intertemporal asset pricing model, we shed new light on the
observed nature of the risk-return tradeoffs for each of our sampled cryptocurrencies.
Keywords: Cryptocurrencies; feedback trading; herding behavior; risk-return tradeoff
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1. INTRODUCTION
Herding and feedback trading behaviors are important to identify and quantify when exploring the time
series dynamics of asset prices because they have the potential to instigate a plethora of phenomena, such
as excess volatility, momentum and reversals. Herding behavior is generally characterized by a group of
traders who trade in the same direction for a period of time. In asset pricing tests, 'feedback trading' refers
to the relationship between herding behavior and lag returns (Nofsinger and Sias, 1999; Koutmos, 2012;
Guo and Ou-Yang, 2014; Chau et al., 2016). Ascertaining econometrically the nature of feedback trading
can help answer this question: Is there herding on the basis of past price movements? This question is
important to answer because it provides insights into what forces impact asset price dynamics across time.
The historic market crash of 1987 sparked much interest among academics and policymakers for
models that can identify and quantify herding behaviors. This crash was so swift and epic in proportions,
that research during this time period began to investigate what role psychology plays in buying and
selling decisions (Shiller, 1990; Tversky and Kahneman, 1991; Akerlof and Shiller, 2010). As Devenow
and Welch (1996) argue, "...imitation and mimicry are perhaps among our most basic instincts...investors
are influenced by the decisions of other investors..." (p. 603).
Today, the crash of 1987 is rather distant, although perhaps the deleterious effects of the tech
bubble and subsequent crash of 2000 and the 2008-09 financial crisis are fresher in our minds. In the
present day, we are experiencing what appears to be a growing trend in the use of cryptocurrencies as a
medium of exchange and as a (speculative) asset for investing.1 Unlike conventional assets,
cryptocurrencies have experienced a high degree of price volatility, prompting academics and
policymakers to question the merits of cryptocurrencies as either investment assets or mediums of
exchange (Velde, 2013; Gandal et al., 2018).
In this paper, we argue that cryptocurrency markets provide an interesting empirical laboratory
for testing whether herding is econometrically detectable in such markets. Much of the growing literature
on cryptocurrencies, and mostly bitcoin, find that such prices are rather detached from economic
fundamentals (Pieters and Vivanco, 2017; Koutmos, 2018). If cryptocurrency prices cannot be explained
using conventional asset pricing factors, there is a possibility that their prices may, therefore, be irrational
(Gandal et al., 2018).
In a 2018 article in Money, Robert Shiller likens bitcoin's price appreciation to the Dutch tulip
mania and is quoted as saying that "(bitcoin) might totally collapse and be forgotten and I think that's a

1

For a list of companies that accept Bitcoin as payment for goods and services, see https://99bitcoins.com/who-accepts-bitcoinspayment-companies-stores-take-bitcoins/. Prominent companies, such as Bloomberg, Expedia, Gap, JC Penney, Microsoft,
Subway, to name but a few, are on the list.
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good likely outcome, but it could linger on for a good time, it could even be 100 years..."2 Despite the
often-bleak assessment cryptocurrencies receive from policymakers and academics, they seem to be
gaining widespread interest. As Williamson (2018) humorously puts it, "...if nothing else, bitcoin gives us
something to talk about...but should a sensible person buy the stuff?"
Motivated by our growing need to understand what forces drive cryptocurrency prices, along with
conjectures that their prices may be irrational, we estimate feedback trading models on nine major
cryptocurrencies (bitcoin, ethereum, XRP, bitcoin cash, EOS, litecoin, stellar, cardano and IOTA,
respectively) to ascertain whether herding is present in such markets and, if so, the direction of the
herding in response to lagged returns. Conducting such tests, as are described in more detail later on, will
provide insights into what forces drive their price dynamics and may bring us closer to understanding
why their prices rose (and declined) so rapidly in a rather short period of time. Specifically, we seek to
answer the following empirical question: Are cryptocurrency price movements driven by herding
behaviors? Following Shiller (1984) and Sentana and Wadhwani (1992), among others, we implement a
feedback trading model to test for such herding behaviors and to assess the direction of such behaviors on
the basis of lagged returns. In other words, when there is a price appreciation in the prior trading day,
does this result in subsequent buying (i.e. 'trend chasing') or subsequent selling (i.e. 'contrarian trading')?
By way of preview, our results show that for some of the cryptocurrency markets (bitcoin,
ethereum, XRP, cardano) there is evidence of trend chasing (i.e. positive feedback traders), while for
other cryptocurrency markets (EOS and stellar) there is evidence of contrarian trading (i.e. negative
feedback traders). Taken together, our findings suggest heterogeneity in trading patterns across markets
and, generally speaking, that herding has a statistically important impact on the price dynamics of
cryptocurrencies.
Furthermore, we also contribute preliminary evidence of a positive risk-return relation for several
of our sampled cryptocurrencies (ethereum, XRP, cardano, and IOTA). This finding, despite the relatively
short life that many cryptocurrencies have, is very surprising and is not something that is statistically
discernible when examining the time series properties of the prices of conventional asset classes. This
finding suggests that increases in volatility are associated with rises in prices and, on average, volatility is
rewarded in the cryptocurrency market. Among other reasons, this feature in the data can be alluring for
prospective investors looking to increase their portfolio exposure to cryptocurrencies.
The remainder of this paper is structured as follows. Section 2 provides a literature background
on herding behaviors and on the sampled cryptocurrencies. Section 3 describes the sample data while
Section 4 outlines the empirical framework. Section 5 discusses the findings and Section 6 concludes.
2

This article can be found at http://time.com/money/5109474/bitcoin-predictions-collapse-economist-robert-shiller/. In the
article, Warren Buffett is also quoted as being rather pessimistic to the future of cryptocurrencies: "...in terms of cryptocurrencies,
generally, I can say with almost certainty that they will come to a bad ending...when it happens or how...I don't know..."
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2. REVIEW OF LITERATURE
2.1. HERDING BEHAVIORS AND FEEDBACK TRADING
A wealth of empirical and theoretical evidence in the behavioral finance domain suggests investor
psychology can contribute to speculative bubbles and excess volatility in financial markets, which
undermine informational and allocative efficiency. Well documented examples exist of phenomenon that
conflict with the efficient market doctrine, such as the under- and over-reaction of stocks (Bartov et al.,
2000), the equity premium puzzle (Mehra and Prescott, 1985), firm size and calendar effects (Reinganum,
1983; Keim and Stambaugh, 1986), and price momentum (Frazzini, 2006). Moreover, such behavioral
biases can lead to noise trading and are inconsistent with individual investor welfare (Huberman and
Regev, 2001).
A specific focus of recent behavioral finance literature has been the role of herding in financial
markets (Cipriani and Guarino, 2014). Broadly speaking, this literature can be separated into two main
streams that consider rational and irrational herding behaviors, respectively (Hirshleifer and Teoh, 2003).
Much of the focus with this literature is on intentional, or, rational, herding and informational cascade
effects. In particular, investors may choose to intentionally ignore any fundamental or private information
they may possess and instead 'follow the herd' by imitating the trades of other investors (Graham, 1999).
Additional reasons for herding (positive feedback trading) can arise from reputational and career concerns
(Dasgupta and Prat, 2008) or when there are liquidity or hedging concerns that cause widespread trading
in one direction or another.
Whilst theoretical literature offers important insights, empirically testing for the existence of
herding behavior in financial markets is empirically challenging. One important reason being that it is
difficult to establish whether traders trade based on imitation strategies, disregarding any private
information, or simply trade based on the same shared information set (Cipriani and Guarino, 2009;
Cipriani and Guarino, 2014). Thus far, herding behavior has been shown to exist in a number of financial
market settings, such as in stock markets (Carparelli et al., 2004), bond markets (Galariotis et al., 2016),
amongst financial analysts (Welch, 2000; Bernhardt et al., 2006) and on social trading platforms
(Gemayel and Preda, 2018).
2.2. CRYPTOCURRENCIES AND POLICYMAKERS
Since the inception of Bitcoin in 2009 (developed by Satoshi Nakamoto - likely a pseudonym for the
individual, or, group of cryptographers), cryptocurrency markets have witnessed staggering growth and
substantial volatility. While only a select few cryptocurrencies (such as bitcoin, ethereum and XRP) have
drawn much of the attention in the popular press and academic research, there are well over 2,000
cryptocurrencies presently in circulation. Presently, bitcoin is the largest and commands a market
5

capitalization of over $200 billion (or approximately 60% of the total market capitalization of all
cryptocurrencies).
Despite the growing popularity of cryptocurrencies, their exchange rate behavior across time is
something that is not fully understood. Although many such digital coins offer the potential for high
investment returns and anonymity to investors, they also exhibit very high market volatility and are prone
to speculative bubbles (Cheah and Fry, 2015; Fry and Cheah, 2016; Katsiampa, 2017). These
characteristics, coupled with calamitous events such as the February 2014 hack of cryptocurrency
exchange Mt. Gox, have prompted policy makers and regulators to express concern about cryptocurrency
investing and the suitability of current regulatory frameworks. A prevailing view seems to be that "VCs
(virtual currencies) are highly risky and unregulated products and are unsuitable as investment, savings or
retirement planning products" (European Supervisory Authorities, 2018 p.1). In terms of environmental
concerns, Vranken (2017) examines the energy consumption required to power Bitcoin's proof-of-work
(PoW) consensus mechanism and suggests alternatives.
In 2017, U.S. Securities and Exchange Commission (SEC) Chairman, Jay Clayton, issued a
public statement warning against growing manipulation and fraud in cryptocurrency markets (Securities
and Exchange Commission, 2017). On February 2018 the European Supervisory Authorities (ESAs)
published a warning to European consumers about investing in cryptocurrency markets citing price
bubbles and extreme market volatility (European Supervisory Authorities, 2018).
These apparent trends are increasingly encouraging regulators and law enforcement agencies to
investigate trading behaviors in cryptocurrency markets and to see how they translate into price
movements. In May 2018, the U.S. Department of Justice (DOJ) launched a criminal investigation into
whether traders were manipulating cryptocurrency markets through illegal activities, such as market
rigging, thereby producing large price spikes and excessive volatility (Robinson and Schoenberg, 2018).
This investigation prompted the U.S. Commodity Futures Trading Commission (CFTC) in June 2018 to
demand detailed trading data from four major cryptocurrency exchanges (Rubin et al., 2018).
2.3. BEHAVIOR OF CRYPTOCURRENCY PRICES
Over the last few years, academic research has began exploring the characteristics of cryptocurrency
markets and the exchange rate behavior of these digital coins. Arguably one of the most alluring topics in
this research is an attempt to uncover what forces, if any, are responsible for the seemingly erratic price
movements of these digital coins; for example, Cheah and Fry (2015) explore whether a fundamental
price for bitcoin exists while Bariviera (2017) and Tiwari et al. (2018) check the informational content of
bitcoin returns. Yermack (2015) argues that bitcoin has no such fundamental value and is merely a
speculative instrument, since it does not fulfill the functions of a traditional state-issued fiat currency.
6

Other research has employed time series methods to study the dynamics of bitcoin price changes.
Katsiampa (2017) models the volatility of bitcoin prices using GARCH models and compares the
goodness-of-fit of different models. Bariviera (2017) argues that the time-varying nature of bitcoin prices
can shift depending on the degree of information efficiency that can exist across time regimes. Some of
the more recent research in the field examines whether bitcoin price bubbles are detectable (Cretarola and
Figà-Talamanca, 2019) and information transmission among different bitcoin exchanges (Giudici and
Polinesi, 2019). Fry and Serbera (2020) estimate the degree of speculation in cryptocurrency markets.
Drawing on work by Kristoufek (2013), they show how Google searches for cryptocurrencies can be
driven by recent price movements. Akyildirim et al. (2020) use various machine learning methods to test
the predictability of the most liquid twelve cryptocurrencies in circulation. This particular study concludes
that machine learning can be used to potentially forecast cryptocurrencies, albeit this may be possible
only at the intraday level when using past prices. This study, like many of the aforementioned,
emphasizes the need to understand more the driving forces behind cryptocurrency prices and what
implications they have for investors and policymakers.

3. SAMPLE DATA
In order to ascertain the extent to which herding behaviors are present in cryptocurrency markets, we
sample a total of nine cryptocurrencies (bitcoin, ethereum, XRP, bitcoin cash, EOS, litecoin, stellar,
cardano and IOTA, respectively). These cryptocurrencies, along with their respective sample ranges and
some summary statistics, are listed in Table 1. As is shown, the sample starting dates differ for each of the
cryptocurrencies because their initial coin offerings (ICOs) occurred on different dates. However,
presently, all these nine cryptocurrencies are some of the largest in terms of market capitalization and the
most liquid in terms of trade volume. While bitcoin itself presently constitutes approximately 60% of the
total market capitalization of all cryptocurrencies in circulation, several of the other relatively lesser
known cryptocurrencies are becoming more popular.
{TABLE 1}
The data are all sourced from https://coinmarketcap.com and consist of the daily closing prices
for the nine sampled cryptocurrencies. Since all the respective cryptocurrencies trade in several exchanges
around the world simultaneously, an empiricist faces the challenge of selecting which exchange to use for
the price data. While one viable option is to simply use the largest and most liquid exchange, another is to
aggregate the price data in order to have a more representative data series. The advantage to using price
data from https://coinmarketcap.com for empirical testing is that price data is calculated as the volumeweighted average of all prices reported in the various exchange markets.
7

Unlike traditional asset classes which typically trade on weekdays only, cryptocurrencies trade all
seven days of the week. Figure 1 shows time series plots of the closing prices and trade volumes of all the
sampled cryptocurrencies (in USD). Around the end of 2017 and the beginning of 2018, bitcoin reached
record price levels. It appears that most of the sampled cryptocurrencies (with the exception of EOS)
experienced record prices during this time though. EOS also experienced a record high price during the
end of 2017 and the beginning of 2018 but experienced even higher prices and volumes in the Spring of
2018. The reasons for the recent declines in cryptocurrency prices may stem partly from China's ban on
cryptocurrencies and efforts by the Chinese government to halt their trading and exchanging entirely.
{FIGURE 1}
From Figure 1 we see a high degree of price volatility for all the nine sampled cryptocurrencies.
This type of volatility risk is incomparable to that of traditional asset classes, yet, may very well be
alluring for investors and speculators alike. Table 2 reports summary statistics computed using the natural
logarithmic first-differences of each of the cryptocurrencies' closing prices,

:

. The

mean returns for most of the cryptocurrencies is quite high in relation to what is observed when
examining the returns of traditional asset classes.3 Of all the cryptocurrencies, only bitcoin and IOTA are
negatively skewed. All of them, however, are highly leptokurtic. This suggests thicker tails and therefore
higher tail risks in comparison to normally distributed return series. The Sharpe ratio is computed for each
of the cryptocurrency return series,

, as

whereby

denotes the risk-free rate.4 The

denominator for the Sharpe ratio is the standard deviation of cryptocurrency returns, . The value-at-risk
(VaR) for the cryptocurrencies' returns is calculated as follows:
the mean return;

is the value of the portfolio invested;

depending on the confidence level;

whereby

is

is the number of standard deviations

is the standard deviation of returns and

is the time window

(Signer and Favre, 2002).
{TABLE 2}
Although not directly comparable because of their unequal sample ranges, it appears that EOS,
bitcoin cash, cardano, IOTA and stellar (in that order) are the riskiest of the cryptocurrencies given their
VaR estimates, while ethereum, bitcoin, stellar and cardano (in that order) have the highest Sharpe ratios.
However, considering the pronounced higher moment risks (skewness and kurtosis risks) which all these

3

Cryptocurrency returns are all stationary and do not contain a unit root (results not tabulated for brevity but available upon
request). This permits empirical testing using the feedback regression analysis that is described in Section 4.
4

See http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html for data on the risk-free rate, . Using movingaverage approaches to extrapolate weekend data (to correspond with cryptocurrencies' trading dates, which are 7 days a week),
we estimate the Sharpe and modified Sharpe ratios in Table 2. The results are qualitatively identical if we set
. This is
because, during the sample ranges we examine, the risk-free rate is essentially zero.
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cryptocurrencies have within their return distributions, it is possible that our VaR and Sharpe measures
may downplay their risks.
Given the non-Gaussian nature of cryptocurrency price changes, it is important to incorporate
higher moment risks beyond only the first two moments. As Signer and Favre (2002) demonstrate, VaR
models that overlook distributional characteristics, such as excess kurtosis ("fat tails"), provide an
incomplete picture of the price risks of the underlying asset in question. From the perspective of a riskaverse investor, a high degree of kurtosis in an asset's return distribution is an undesirable characteristic as
this implies a relatively greater probability of extreme (negative) returns. To thus incorporate higher
moment risks, Table 2 also reports each sampled cryptocurrencies' modified VaR (MVaR) and modified
Sharpe ratio, respectively (Gregoriou and Gueyie, 2003). The MVaR can be expressed as follows (using
some of the same notation as the VaR discussed earlier):
(1)
whereby

is the value of the portfolio invested in the sampled cryptocurrency;

the probability
of returns;

and -1.96 for a 95% probability;

is skewness in returns;

is the mean return;

is the critical value for
is the standard deviation

is excess kurtosis in returns. The skewness and kurtosis of the

cryptocurrencies' returns are defined as follows:
(2)
(3)
After computing the cryptocurrencies' MVaR, we can then compute their modified Sharpe ratios:
(4)
From Table 2 we see that MVaR estimates are higher than VaR estimates for bitcoin, ethereum, XRP,
bitcoin cash, EOS, litecoin, cardano and IOTA. The most pronounced difference is the case of XRP. Of
all the sampled cryptocurrencies, it has the largest degree of kurtosis (and thus tail risk) in its return
distribution. Inspection of the modified Sharpe ratios shows that ethereum, stellar and cardano (in that
order) provide the most favorable reward-to-risk profile for investors. In almost all cryptocurrencies,
modified Sharpe ratio estimates are lower than that of Sharpe ratio estimates. This is to be expected since
MVaR estimates (the denominator in the modified Sharpe ratio shown in equation (4)), tend to be higher
than VaR estimates. The message here is that although cryptocurrencies have yielded high returns
historically, they pose large tail risks for investors. This message is also consistent with Fry (2018), who
documents heavy tails in cryptocurrency markets.

9

The question becomes, given cryptocurrencies' unruly price dynamics, whether herding behaviors
are present in such markets and, if so, what impact do they exert on cryptocurrency price dynamics. The
next section proceeds in outlining the empirical framework used to explore this question.

4. EMPIRICAL FRAMEWORK
This paper seeks to shed light on the forces that drive cryptocurrency prices by testing to what extent
herding behavior is present in cryptocurrency markets. Based on the models of Merton (1980), Shiller
(1984) and Sentana and Wadhwani (1992), the empirical framework herein assumes two types of
heterogeneous traders or investors. The first type are mean-variance

optimizers who trade in order

to maximize their expected mean-variance utility. Their decisions are based on the means and variances
of returns across time and their demand function for a given cryptocurrency can be defined as follows:
(5)
where

is the fraction of a given cryptocurrency, which mean-variance optimizers hold at time .
is the expected return conditional on information available as of

footnote (4),

while, as discussed in

denotes the risk-free rate. Relative risk aversion is signified by the coefficient

consistent with theoretical asset pricing, should be positive in sign and statistically significant. If

and,
is

positive and significant, it is evidence for a positive risk-return tradeoff. The conditional variance of the
cryptocurrencies' returns at time

is denoted by

. If we assume the coefficient

is positive,

although the actual cryptocurrency price data ultimately decide its sign and significance, the product of
reflects the risk premium at time . Thus, the demand for cryptocurrencies by such mean-variance
optimizers is determined by the level of volatility risk,
cryptocurrencies rises when their expected returns,

, whereby their demand for
, also rise.

The second group of traders or investors are herders

and engage in 'trend chasing,' or,

'momentum' behaviors. Their demand for cryptocurrencies depends on lag returns,

, and can be

expressed as
(6)
where

is the fraction of cryptocurrencies they hold at time . The fact that the demand function for

such herders is conditional solely upon lag returns is not necessarily simplistic. This is because
cryptocurrency investment websites that make buy and sell recommendations utilize such momentum
tactics (based on past prices) and, since these websites are viewed by many and are publicly available,

10

may contribute to amplify herding behaviors at any given time.5 Hudson and Urquhart (2019) illustrate
how technical trading strategies, many of which derive from equity markets and which use past prices to
try and get a sense of where prices are going in the future, can be successfully used in cryptocurrency
markets. Thus, equation (6) posits that herders trade on the basis of lag returns,
instrumental in telling us the direction of such herding behavior. If

. The coefficient

is

is positive, it would indicate that

herders are following trend chasing, or, momentum behaviors and buying when there are recent price
increases and selling when there are recent price decreases. Such behavior may or may not be rational.
For example, it may be the result of electronic stop-loss orders that traders and investors place or could be
the result of 'distress' selling after significant price declines. Regardless of the reason, or its rationale, it is
a form of herding that can sway prices in one direction or another. If

is negative, it shows market

participants are buying when there are recent price decreases and selling when there are recent price
increases. A negative sign for

reflects contrarian-like behaviors or 'buy low and sell high' type of

strategies.
At any time for a given cryptocurrency, and in equilibrium, it is required that all available coins
are held by these two heterogeneous groups:
(7)
Now, if we substitute equations (5) and (6) into equation (7), we have the following:
(8)
The equation in (8) can be stated as a regression equation with a stochastic residual term if we set
and

. When substituting these into equation (8), we have
(9)

Consistent with theoretical asset pricing postulations, it is expected that

is positive. If it is positive, this

denotes a positive risk-return tradeoff (Merton, 1980).
The term

implies that if herders engage in trend chasing, or, momentum

trading behaviors, and therefore the parameter

is positive and significant, it will cause a negative

autocorrelation pattern in the return series for the given cryptocurrency that is proportional to the
conditional variance,

. On one hand, herders who 'chase trends' during high volatility periods may

cause a relatively greater negative return autocorrelation than when they engage in such behavior during
low volatility periods. On the other hand, a negative sign for , denoting that herders buy when recent
prices decrease and sell when recent prices increase, results in positive autocorrelation since we have
.
5

An example of such a website is https://www.tradingview.com/symbols/BTCUSD/technicals/ for bitcoin. This website makes
recommendations based on, among other momentum indicators, moving average techniques. Websites such as this also permit
investors to post their trade positions and to chat with other investors. Despite having some value and their good intentions, such
websites can also contribute to herding behaviors whereby traders and investors attempt to mimic one another.
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The model in (9) can be expressed in an algebraically simplified form and, consistent with asset
pricing theory, when including a coefficient to account for autocorrelation resulting from nonsynchronous trading or other market frictions (Lo and MacKinlay, 1990), we have the following:
(10A)
Equation (10A) is an implementable and tractable model for detecting herding behaviors, whereby
and

. The constant term,

, is included as is convention when testing asset pricing

regressions. Economically, it may serve to account for other information content not subsumed in other
coefficients.

serves as the autocorrelation coefficient. Because of the structure of (10A), the model

simplifies to the classic Merton (1980) intertemporal capital asset pricing model when herders are not
present;

.
We refer to equation (10A) as our "base model" and extend this to test the hypothesis that

negative returns for the respective cryptocurrencies can potentially exacerbate herding behaviors.
Consistent with Koutmos (1997), in order to empirically test for this type of asymmetric behavior, we
also include the following term to our "extended model" as follows:
(10B)
As mentioned, if

is negative and statistically significant, there is evidence of trend chasing. Now, with

the newly added term
herding. If

, however, we can examine whether lagged negative returns amplify

, then negative returns indeed amplify herding. The coefficient on
for

is therefore

, and

for

(11)

Finally, to implement equations (10A) and (10B), respectively, an estimator for cryptocurrencies' return
volatilities,

, is needed. In this paper, we use the exponential generalized autoregressive

conditional heteroskedasticity (EGARCH) model of Nelson (1991),
(12)
where the term

is the absolute value of the standardized innovations. The coefficients

and

6

signify volatility asymmetry and persistence.

The regressions in equations (10A) and (10B) are meant to detect whether 'herding' is present in
cryptocurrency markets and, in the case of equation (10B), whether lagged negative returns exacerbate
such trading. If we can understand whether herding is present in cryptocurrency markets and its feedback
mechanism (the direction of the trading given past returns), it will help us better understand the price
dynamics driving cryptocurrencies.
6

Several symmetric and asymmetric GARCH-type models are used for robustness (not reported for brevity). The findings
reported in this paper are qualitatively analogous when these different models are entertained. These findings, as well as other
GARCH-based diagnostics, are available upon request.
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5. MAJOR FINDINGS
This section discusses coefficient estimates for the herding and feedback models in equations (10A) and
(10B), respectively, which are reported in Table 3. Theoretically, these models have been applied to
traditional asset classes, including equity market indices and financial futures markets, with a consensus
that herding (trend chasing) behaviors are present in such markets (Koutmos, 2012). Additionally, asset
pricing tests extensively document a negative risk-return relation in equity markets (Sentana and
Wadhwani, 1992; Koutmos, 2015).
{TABLE 3}
Empirically, the regression models in (10A) and (10B) are advantageous because of their
tractability and their ability to detect feedback mechanisms; namely, the direction and magnitude of
herding in response to lag returns. Ceteris paribus, an increase in conditional volatility may, first, augment
positive or negative autocorrelation depending on the direction of herding and, second, reduce meanvariance optimizers’ demand for the underlying risky asset. Despite predictability in autocorrelations
which may arise from herding, such predictability is not necessarily exploitable by mean-variance
optimizers given their aversion to rises in volatility.
In the context of cryptocurrencies, the regression models in (10A) and (10B) provide insights into
the forces which drive their price movements. As mentioned earlier, the budding literature on
cryptocurrencies has, first, focused extensively on bitcoin given its large market capitalization and,
second, generally concludes that cryptocurrency price movements cannot be explained on the basis of
traditional economic factors. This leaves room for exploring whether herding behaviors, in one direction
or another, play a role in a range of cryptocurrencies' price movements.
In our case, the parameters of primary interest are

and

for the “based model” as well as the

“extended model.” In addition, and for the “extended model,” it is also of interest to see whether past
negative returns exacerbate herding. Thus, the parameter

, which serves to capture this asymmetry, is

also of empirical interest. If lag negative returns do exacerbate herding, then this parameter will be
positive and statistically significant. However, unlike what is observed in traditional asset classes, there is
no theoretical reason to expect this parameter to take one sign over another. For example, in traditional
asset markets, traders and investors can use margin accounts to trade. However, during market declines,
as the likelihood of margin account liquidation rises, they are more apt to sell their positions.
Consequently, this further exacerbates herding behaviors. Cryptocurrency markets however, given their
distinct risk characteristics and clientele, may or may not show signs of such asymmetric behavior.
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Inspection of the signs and statistical significance of the parameters reveals heterogeneity across
the cryptocurrencies. For the parameter

for our "base model," we see evidence for a positive risk-return

tradeoff in the case of ethereum, XRP, cardano and IOTA, respectively, while a negative risk-return
tradeoff for EOS. The parameter

, which tests for herding, is significant for all cryptocurrencies except

for bitcoin cash, litecoin and IOTA. The ensuing signs for

across these cryptocurrencies, however, is

different.
The heterogeneity in the signs for

and

is an important finding because it suggests that

cryptocurrencies are presently segmented and not integrated, despite the fact that blockchain technology
underlies the ecosystems of many of these currencies. When we focus on the nature of the herding
behavior, we see evidence of trend chasing behavior for some of the currencies (bitcoin, ethereum, XRP
and cardano) and contrarian trading for others (EOS and Stellar). In traditional foreign exchange markets,
for example, trend chasing behaviors can statistically be detected in major currencies. But in the case of
cryptocurrencies, this is not always the case. Thus, despite the seeming comovement in the price series of
cryptocurrencies (as shown in Figure 1), these results argue that there is some degree of segmentation
among them, at least for now.
As mentioned earlier, trend chasing behaviors (buying during recent price increases and selling
during recent price decreases) leads to a negative sign for the parameter

and a negative autocorrelation

pattern. For both the “base model” and the “extended model,” we see this happen for bitcoin, ethereum,
XRP and cardano. The degree of this negative autocorrelation, however, rises in absolute terms in relation
with the level of conditional volatility. Among these, only XRP and cardano show a positive and
significant sign for

at the 5% level. This is an indication that negative lag returns intensify herding

behavior for these digital coins.
Conversely, and for both the “base model” and the “extended model,” EOS and stellar indicate
that contrarian behaviors are present (buying during recent price declines and selling during recent price
increases). Among these, only stellar shows a positive and significant sign for

at the 5% level. This

type of feedback is empirically novel and is not observed when examining traditional asset classes. What
this result suggests is that recent price declines (lag negative returns) actually serve to fuel contrarian
behaviors.

6. CONCLUSION
Are cryptocurrencies a modern-day Dutch tulip mania? While some policymakers may think so, there is a
growing interest in these digital currencies and, as shown, more and more traders and investors are
actively buying and selling these digital currencies in organized exchanges. As mentioned in footnote (1),
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there is a growing list of mainstream businesses that have begun accepting them as a method of payment.
The rapidly growing literature examining cryptocurrencies tends to conclude that cryptocurrency prices
cannot be explained on the basis of economic fundamentals or variables that have done well in explaining
the returns of traditional asset classes. Thus, their relatively high price volatility, especially when
compared to traditional currencies or asset classes, may be irrational.
In light of the aforementioned, this paper argues that perhaps herding behaviors drive
cryptocurrency price dynamics. Following Sentana and Wadhwani (1992), among others, this paper
implements a herding model to test for the presence of herding behaviors (whether there is trading en
masse in one direction or another) and feedback effects (the nature of this herding in relation to lag
returns – in other words, is there buying or selling in response to lag positive or negative returns?)
The results herein reveal heterogeneity in herding behaviors and feedback effects. This is an
important finding since it suggests that cryptocurrency markets may be segmented, despite the seeming
comovement they display across time. While literature on cryptocurrencies argues that such currencies
appear detached from economic fundamentals and exhibit price behaviors that are unprecedented,
ironically, and alike traditional assets, we show that herding behaviors are present in cryptocurrency
markets and do drive price dynamics.
As more price data becomes available for more types of cryptocurrencies in the future, future
work may seek to explore whether cryptocurrencies as a whole become more segmented or more
integrated. Despite their seeming comovement, presently, the evidence herein suggests that they are
segmented. This evidence is also important for central bank policymakers to consider, since any
experimental launches of central bank digital currencies (CBDC) are likely to be impacted by speculative
trading, just like currency futures or the sample of cryptocurrencies we discuss herein. While the launch
of CBDCs may seem like a futuristic endeavor for policymakers, Brainard (2020) describes how CBDCs
present opportunities and important risks to the public that nonetheless need to be considered. This is
especially in light of the COVID-19 outbreak which illustrates the importance of having a resilient and
trusted payments infrastructure that can be accessible to all its citizens.
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Figure 1
Time Series Plots of Price and Volume Levels (both in USD)
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Table 1
Sampled Cryptocurrencies
12/27/2013 ─ 08/06/2020

No. of
Obs.
N = 2,415

Lowest
Price
$171.51

High
Price
$20,089.00

Avg.
Price
$3,865.85

Avg.
Volume
$6,762,495,504

Avg. Market
Cap.
$66,983,106,336

ETH

08/07/2015 ─ 08/06/2020

N = 1,827

$0.42

$1,432.88

$204.76

$3,657,618,974

$20,635,347,052

3. XRP

XRP

12/27/2013 ─ 08/06/2020

N = 2,415

< $0.01

$3.84

$0.20

$543,376,997

$8,070,265,090

4. Bitcoin Cash

BCH

07/23/2017 ─ 08/06/2020

N = 1,111

$75.08

$4,355.62

$553.86

$1,475,981,269

$9,593,040,097

5. EOS

EOS

07/01/2017 ─ 08/06/2020

N = 1,133

$0.49

$22.89

$4.79

$1,474,698,444

$3,976,405,305

6. Litecoin

LTC

12/27/2013 ─ 08/06/2020

N = 2,415

$1.11

$375.29

$41.11

$864,180,311

$2,338,081,298

7. Stellar

XLM

08/05/2014 ─ 08/06/2020

N = 2,194

< $0.01

$0.93

$0.07

$106,024,165

$1,384,299,456

ADA

10/01/2017 ─ 08/06/2020

N = 1,041

$0.02

$1.33

$0.11

$130,758,590

$3,050,479,580

MIOTA

06/13/2017 ─ 08/06/2020

N = 1,151

$0.08

$5.69

$0.70

$44,664,584

$1,955,475,564

Cryptocurrency

Abbrev.

Sample Range

1. Bitcoin

BTC

2. Ethereum

8. Cardano
9. IOTA

This table lists the sampled cryptocurrencies used in this paper and some descriptive statistics. Cryptocurrency abbreviations (currency tickers) are
provided in the second column while the third and fourth columns, respectively, indicate the sample range and resultant number of observations. The
remaining five columns are denominated in USD ($) and report the lowest, highest and average price observed over the sample range, along with the
average trading volume and market capitalization, respectively.

Table 2
Summary Statistics and Risk-Return Metrics
VaR

Modified
VaR

Sharpe

Modified
Sharpe

15.4055

-7.6540

-13.0844

0.0290

0.0088

0.0847

11.0751

-11.9916

-16.5229

0.0545

0.0208

6.4702

2.2617

43.7382

-12.5815

-20.2664

0.0155

0.0049

-0.0262

7.6413

0.2457

12.6432

-15.0031

-20.6867

-0.0034

-0.0013

5. EOS

0.0987

7.8295

1.8871

29.4059

-15.2471

-20.0006

0.0126

0.0049

6. Litecoin

0.0386

5.6918

0.3278

16.4170

-11.1173

-16.5667

0.0068

0.0023

7. Stellar

0.1721

7.3405

1.8836

20.1275

-14.2153

-14.0171

0.0234

0.0123

8. Cardano

0.1685

7.5962

2.3310

29.2224

-14.7201

-15.5613

0.0222

0.0108

-0.0545

7.2761

-0.1723

10.1832

-14.3157

-19.9704

-0.0075

-0.0027

Cryptocurrency

Mean

Std. Dev.

1. Bitcoin

0.1149

2. Ethereum
3. XRP
4. Bitcoin Cash

9. IOTA

Skew.

Kurt.

3.9637

-0.9159

0.3431

6.2932

0.1001

This table reports summary statistics and risk metrics for the nine sampled cryptocurrencies' log returns (in percentages). The
sample ranges for each of the cryptocurrencies is described in Table 1 while equations (1) and (4) discuss the modified VaR
(MVaR) and modified Sharpe ratio.
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Table 3
Herding and Feedback Estimates
Base Model

Cryptocurrency

Extended Model

1. Bitcoin

0.0886
(0.797)

0.0010
(0.219)

0.0191
(0.829)

-0.6090**
(-3.400)

0.0391
(0.337)

-0.0031
(-0.571)

0.0190
(0.826)

-0.6070**
(-3.391)

0.0471
(1.466)

2. Ethereum

-0.3395
(-1.539)

0.0173**
(4.092)

0.0766**
(2.251)

-0.5010**
(-2.275)

-0.3766*
(-1.702)

0.0104*
(1.832)

0.0696**
(2.034)

-0.4761**
(-2.157)

0.0754*
(1.820)

3. XRP

-0.0493
(-0.354)

0.0051**
(3.599)

0.1412**
(6.108)

-0.2347**
(-10.782)

-0.3911**
(-2.480)

0.0006
(0.327)

0.1334**
(5.775)

-0.2232**
(-10.237)

0.1460**
(4.544)

4. Bitcoin Cash

-0.2661
(-0.672)

0.0040
(0.704)

0.0286
(0.482)

0.3042
(0.721)

-0.2942
(-0.747)

-0.0092
(-1.367)

0.0392
(0.665)

0.1680
(0.399)

0.1658**
(3.622)

5. EOS

0.3023
(1.255)

-0.0053**
(-2.872)

-0.0378
(-1.204)

0.1810**
(5.292)

0.0379
(0.134)

-0.0066**
(-3.316)

-0.0396
(-1.261)

0.1700**
(4.895)

0.0730
(1.502)

6. Litecoin

-0.2740
(-1.310)

0.0102*
(1.827)

0.0012
(0.035)

-0.3300
(-0.792)

-0.2425
(-1.059)

0.0007
(0.093)

0.0097
(0.255)

-0.4631
(-0.795)

0.0774
(1.584)

7. Stellar

0.2564
(1.340)

-0.0024
(-1.107)

0.0167
(0.643)

0.1486**
(2.921)

-0.3565*
(-1.697)

-0.0114**
(-4.504)

-0.0066
(-0.254)

0.1662**
(3.296)

0.2438**
(6.749)

8. Cardano

-0.7901**
(-2.513)

0.0183**
(4.691)

0.0909**
(2.104)

-0.5703**
(-4.267)

-1.2489**
(-3.687)

0.0116**
(2.675)

0.1022**
(2.373)

-0.7410**
(-5.235)

0.1816**
(3.518)

9. IOTA

-0.5239*
(-1.672)

0.0089**
(2.096)

0.0168
(0.331)

-0.1468
(-0.469)

-0.7136**
(-2.080)

0.0002
(0.019)

0.0124
(0.223)

-0.1020
(-0.238)

0.1371*
(1.732)

This table reports maximum likelihood estimates for the herding and feedback models in equations (10A) and (10B), respectively. Whereas
equation (10A) is the "base model," equation (10B) is the "extended model" and permits testing of asymmetric feedback effects (i.e. whether
lagged negative returns amplify herding behaviors). For illustrative purposes, the coefficient
(for both the "base model" and "extended model")
is dilated by a factor of
(i.e.
). Parentheses show t-statistics whereas (*) and (**) denote significance at the 10% and 5% levels,
respectively.
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