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Abstract

This paper explores the tail behavior of cryptocurrency momentum strategies and the
profitability of volatility-managed momentum portfolios. Our main results derived
from using a sample of large-cap cryptocurrencies and equal-weighted momentum
portfolios indicate that cryptocurrency momentum is subject to severe crashes. Even
a single cryptocurrency can cause insignificant momentum portfolio returns. In line
with the literature on volatility-managing equity portfolios, our findings suggest that
volatility management is a useful tool for mitigating cryptocurrency momentum
crashes. Further corroborative evidence suggests that cryptocurrency momentum
appears to be a phenomenon associated with large-cap cryptocurrencies.
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Tail risk
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1 Introduction

Stock price momentum, first documented by Jegadeesh and Titman (1993), has
received enormous attention among scholars. This simple trading strategy—a zero-
investment portfolio that is long past winner stocks and short past loser stocks—
not only holds in expanded samples (Jegadeesh and Titman 2001) but is perva-
sive across unrelated asset classes (Asness et al. 2013) and holds up to scientific
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replications (Hou et al. 2020). Unfortunately, momentum strategies suffer from
reoccurring crashes or drawdowns that are so severe that it can take more than a
decade to recover (Barroso and Santa-Clara 2015; Daniel and Moskowitz 2016).
To remedy the problem of momentum crashes, several studies have proposed to
scale past returns using volatility or variance (Barroso and Santa-Clara 2015; Dan-
iel and Moskowitz 2016; Moreira and Muir 2017). Despite this intuitively appeal-
ing approach, volatility scaling has shortcomings. Liu et al. (2019) have argued that
volatility scaling suffers from look-ahead bias. Also, Cederburg et al. (2020) con-
ducted a comprehensive empirical investigation using a broad sample of 103 equity
portfolios and concluded that volatility management often diminished real-time per-
formance. Contrarily, Liu et al. (2019) found that the approach proposed by Bar-
roso and Santa-Clara (2015) was not subject to look-ahead bias and yielded reliable
results. In sum, some controversy surrounds the performance of volatility-managing
momentum strategies.

In recent years, momentum strategies have been applied to cryptocurrencies.
Using monthly return data on cryptocurrencies, Grobys and Sapkota (2019) investi-
gated the profitability of crypotcurrency momentum strategies. Unlike Asness et al.
(2013), who documented momentum across different asset classes, the authors did
not find support for cryptocurrency momentum using monthly returns from 2014 to
2018. By contrast, Liu et al. (2022) implemented cryptocurrency momentum strate-
gies using weekly data from 2014 to 2020 and documented large positive payoffs
of 3% per week. Also, in an earlier study, Liu et al. (2020) implemented a cryp-
tocurrency momentum strategy from 2015 to 2018 sample and reported outsized
average payoffs of 36% per week. However, confirming the findings in Grobys and
Sapkota (2019), Shen et al. (2020) found that, regardless of the momentum strategy
using weekly data from 2013 to 2019, insignificant negative returns on cryptocur-
rency portfolios occurred. Thus, no consensus exists on cryptocurrency momentum
profits.

Motivated by this literature, the present study re-examines cryptocurrency
momentum strategies using weekly observations in the period 2016 to 2023. To con-
trol for liquidity, we focus on the top 30 cryptocurrencies with the highest market
capitalization. From a practical standpoint, if an investor seeks to implement cryp-
tocurrency momentum strategies in a market dominated by only a few coins, they
must be tradable in the real world. Of particular interest, we examine the magni-
tudes of momentum crashes for cryptocurrency strategies by comparing the payoffs
of the plain strategy with various trimming approaches. Potential increases in the
statistical significance of cryptocurrency momentum payoffs after trimming would
suggest that their performance depends on the tails of the distribution. Addition-
ally, we explore the profitability of various volatility-managed approaches to scale
cryptocurrency momentum payoffs. These analyses yield further insights into how
volatility management affects the tail risk of cryptocurrency momentum profits.

Our study contributes to relevant literature in several ways. First, as discussed ear-
lier, since studies on cryptocurrency momentum are inconclusive, it is possible that
sample specificity explains disparate findings on cryptocurrency momentum. In this
regard, the market for cryptocurrencies is notorious for recurring bubble formations
(e.g., Grobys 2024a; Kyriazis et al. 2020; Wheatley et al. 2019) that can generate
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(seemingly) significant cryptocurrency momentum payoffs. Furthermore, it is a
well-known stylized fact that the profitability of momentum strategies is more pro-
nounced among microstocks (Fama and French 2008, 2018). Is the profitability of
cryptocurrency momentum driven by micro-cryptocurrencies, which would be dif-
ficult to implement in practice due to liquidity problems? Our study addresses these
important questions by using a considerably longer sample period than earlier stud-
ies and focusing on 30 large cryptocurrencies with the highest market capitalization.

Second, potential profitability of cryptocurrency momentum could be driven by
extreme events arriving with low probability. That is, inconclusiveness about the
profitability of cryptocurrency momentum could be an artifact of tail events that
occurred in some samples. As already mentioned, momentum equity strategies are
plagued by recurring crashes (Barroso and Santa-Clara 2015; Daniel and Moskowitz
2016). We extend this research by exploring this issue for cryptocurrency momen-
tum strategies. More specifically, we investigate the profitability of Barroso and
Santa-Clara’s (2015) risk-managed cryptocurrency momentum strategies. According
to Liu et al. (2019), these strategies are not subject to look-ahead bias.

Third, and last, we document evidence that sheds light on the implied risk associ-
ated with cryptocurrency momentum and risk-managed strategies. As noted in Taleb
(2020), power laws provide a simple yet useful methodological framework to derive
the implied risk of payoff series. Specifically, the power law exponent gives us via
extrapolation information on the implied risk—that is, the lower the economic mag-
nitude of the power law exponent, the higher is the implied risk of the strategy. Even
if large standard deviations (viz. crashes) were not observed, power law functions
allow us to form probabilistic assessments about the potential arrival of crashes.!
Hence, contributing to the literature on cryptocurrency momentum (i.e., Liu et al.
2020, 2022; Zaremba et al. 2021), we explore the implied risk of cryptocurrency
momentum strategies by modeling the tail returns of cryptocurrency momentum as
power laws.

Using large-capitalization cryptocurrencies and implementing cryptocurrency
momentum for various sample periods, we find profits of 1.74% per week from Jan-
uary 2016 to July 2020.> These raw payoffs are only nominally significant at the
10% level, which suggests that results in Liu et al. (2022) are possibly attributable to
small-cap cryptocurrencies lacking liquidity. In the ex post July 2020 sample period,
the average return on cryptocurrency momentum is negative and statistically insig-
nificant consistent with Grobys and Sapkota (2019) and Shen et al. (2020). For the
overall sample, cryptocurrency momentum produced an insignificant average raw
payoft of 0.90% per week.

! Previously documented by Mandelbrot (1963) for cotton price changes, Lux and Alfarano (2016)
argued that the power law behavior of financial assets is a stylized fact. In this respect, Mandelbrot’s
proposed Lévy-stable hypothesis has been subject to extensive investigations across asset classes for over
five decades. Interestingly, a recent study of Grobys (2024b) explores the momentum variance risk for
stock price momentum and documents that the realized variance risk is infinite.

2 Note that this sample mainly overlaps with the sample used in Liu et al. (2022), and the end of the cho-
sen sample coincides with the end of the sample used in Liu et al. (2022).
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What explains these ambiguous findings? Using various trimming techniques,
we find that cryptocurrency momentum is subject to severe crashes. For example,
in December 2020 corresponding to the ex post sample period used in Liu et al.
(2022), cryptocurrency momentum crashed by —255.23%. Even though the presence
of severe crashes is in line with the literature on stock price momentum (Barroso
and Santa-Clara 2015; Daniel and Moskowitz 2016), we find that this crash is not
related to market reversals but instead to an extreme price jump in a single crypto-
currency in the short leg of the portfolio. Excluding this single event by means of
data trimming increases the weekly average return on cryptocurrency momentum
to 1.51% per week for the overall sample with a ¢-statistic of 2.63 (i.e., significant at
the 1% level). Likewise, risk-managed techniques increase the average payoffs by a
substantial margin. Indeed, most of our risk-managed strategies increase the weekly
average raw return by more than 200% compared to plain strategy payoffs. Upon risk
adjustment of payoffs using asset pricing factors, including a cryptocurrency market
factor and plain cryptocurrency momentum factor, risk-managed payoffs as meas-
ured by the intercepts of the regression models are statistically significant at the 5%
level. These findings are consistent with earlier studies on risk-managed stock price
momentum (e.g., Barroso and Santa-Clara 2015; Moreira and Muir 2017).

Finally, our empirical evidence reveals that one single outlier corresponds to 37%
of the overall compounded return of the cryptocurrency momentum strategy. Using
power laws to model the returns on cryptocurrency momentum shows that the vari-
ance of this strategy is statistically undefined as implied by a power law exponent
of @ < 3. This finding suggests that the returns on cryptocurrency momentum are
as risky as the returns on cotton price changes (Mandelbrot 1963) or venture capital
(Lux and Alfarano 2016). Remarkably, risk-managing cryptocurrency momentum
does not significantly change the tail risk of cryptocurrency momentum (i.e., the
power law exponents are statistically the same for both the plain strategy and various
risk-managed counterparts). Based on this evidence, we conclude that cryptocur-
rency momentum is riskier than previously believed.

2 Literature review
2.1 Cryptocurrency momentum

Since the seminal paper by Jegadeesh and Titman (1993), momentum has continued
to be one of the most persistent anomalies in the asset pricing literature. This invest-
ment strategy involves taking a long position in assets that have performed well in
the recent past and a short position in assets that have performed poorly. Several
theoretical models that highlight investors’ behavioral biases, including Barberis
et al. (1998), Daniel et al. (1998), Hong and Stein (1999), and others, have sought to
explain momentum.

A growing number of studies have investigated the momentum strategy in the
cryptocurrency market. One of the pioneering studies in this area was by Grobys and
Sapkota (2019). They analyzed a dataset consisting of 143 cryptocurrencies from
2014 to 2018. Employing portfolio analysis across different time windows ranging
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from 2 to 12 months, as well as evaluating time series momentum effects (Moskow-
itz et al. 2012), their findings indicated an insignificant payoff for the momentum
strategy in the cryptocurrency market.

Liu et al. (2020) used a dataset of 78 cryptocurrencies to identify the common
risk factors that explain their returns. Among the factors studied, including mar-
ket and size, they found that a momentum factor well explains average returns in
both time series and cross-sectional analyses. In contrast with Grobys and Sapkota
(2019), they identified a positive payoff for a one-year momentum strategy that tends
to diminish as the market capitalization of coins increases.

Liu and Tsyvinski (2021) identified a strong influence of time series momentum
within one-to-four week horizons. Unlike equity market momentum, they argued
that cryptocurrencies do not show an interaction between momentum and investor
attention that could arise from a common latent mechanism. In their subsequent
study, Liu et al. (2022) expanded their analysis by demonstrating that a three-factor
model with market, size, and momentum factors explains the cross section of cryp-
tocurrency returns. They utilized a dataset of 1827 coins with market capitalization
over 1 million USD from the beginning of 2014 to July 2020 and sorted portfolios
using a one-to-four week formation period. In their analysis, they documented that a
long/short momentum strategy produced significant average payoffs of roughly 3%
excess weekly returns. Using similar weekly formation periods and the 2000 largest
cryptocurrencies, Dobrynskaya (2023) arrived at similar conclusions.

However, Shen et al. (2020) reported contrasting results. They collected data
for 1786 coins from 2013 to 2019 using equally weighted portfolios and a weekly
updated momentum strategy. Their results documented a negative momentum payoff
increasing from larger to smaller cryptocurrencies. Moreover, consistent with the
presence of a reversal effect, Borgards and Czudaj (2020) showed that persistent
price overreactions occurred for twelve cryptocurrencies.

On the whole, empirical evidence on cryptocurrency momentum is inconclusive.
Zaremba et al. (2021) have pointed out that mixed results may stem from differ-
ences in methodological approaches and sample construction. Moreover, they docu-
mented a liquidity dependency of cryptocurrency returns, especially for the smaller
ones. Notably, small coins often exhibit extremely illiquid characteristics, which
could pose significant challenges, especially when attempting to implement strate-
gies that short cryptocurrencies. Hence, liquidity constraints can contribute to mixed
evidence also.

2.2 Risk-managed strategy

Although the stock price momentum anomaly continues to persist, it can suf-
fer from periods of poor performance. In the equity market, research has dem-
onstrated that, during economic and financial downturns, the high returns
of momentum strategies tend to diminish. This downtrend appears to occur in
the wake of large market declines followed by rebounds. As argued by Daniel
and Moskowitz (2016), the returns on the stock price momentum strategy can
be viewed as a written call option on the market. The intuition is that, during a
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market decline, high-beta stocks tend to suffer more significant losses compared
to low-beta stocks, which tend to fare relatively better. For this reason, the portfo-
lio strategy tends to be long low-beta past winners and short high-beta past losers.
However, when the market rebounds, high-beta stocks experience rapid increases
in returns. These returns can lead to losses for the momentum strategy due to the
portfolio’s conditional large negative beta with respect to the market (Grundy and
Martin 2001).

Seminal work by Barroso and Santa-Clara (2015) demonstrated that crashes can
be mitigated by managing the risk of the strategy. To do so, they scaled long/short
momentum portfolio returns by the inverse of their six-month realized variance and
a target constant. Using this simple approach, they documented an improvement
in the strategy that not only diminished the impact of the worst crashes but also
improved the overall performance in normal periods, nearly doubling the Sharpe
ratio. The performance of the risk-managed strategy was robust to different subsam-
ples and different international markets. Moreover, they found that the turnover of
this strategy was comparable to that of a plain momentum strategy, thereby avoiding
high transaction costs that makes the strategy feasible for real world implementation.

Moreira and Muir (2017) investigated the performance of different volatility-
managed strategies using a similar approach. They constructed stock portfolios for
market, momentum, value, profitability, return-on-equity (ROE), investment, and
betting-against-beta (BAB) factors using the previous one-month realized variance
and a scaling factor. They showed that these portfolios achieve higher risk-adjusted
returns compared to their naive counterparts and generate substantial alphas when
regressed on a broad range of asset pricing factors. They also emphasized the effec-
tiveness of these strategies, demonstrating strong evidence of a relationship between
past volatility and current volatility, which tends to increase as the time horizon
shortens.

However, this volatility scaling approach is not without criticism. Liu et al. (2019)
identified a look-ahead bias in the scaling factor of Moreira and Muir (2017) related
to the constant chosen in order to obtain the same full-sample variance. Upon cor-
recting this issue, they found that risk-managed portfolios did not outperform the
market in the sample period from 1936 to 2017. Furthermore, they observed that
these portfolios exhibited an unattractive high maximum drawdown, which could
make them less appealing to investors. Subsequently, they replicated their analysis
by considering the volatility-targeting strategy of Barroso and Santa-Clara (2015).
Although this approach does not suffer from look-ahead bias, as the constant is spec-
ified ex ante, the authors once again found evidence that volatility-managed portfo-
lios did not outperform the market.

Another study by Cederburg et al. (2020) studied the performance of volatility-
managed portfolios using a comprehensive set of 103 equity strategies with mixed
results. They found that these portfolios do not consistently provide significantly
higher payoffs than their plain momentum counterparts (e.g., 50 of them failed
to outperform). While they obtained a positive alpha from spanning regressions
in sample, the instability of the parameters in out-of-sample tests indicated a less
impressive Sharpe ratio for the strategy. It should be noted that they used the look-
ahead bias approach of Moreira and Muir (2017) to construct their portfolios.
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More recently, Angelidis and Tessaromatis (2023) suggested that the disappear-
ing profitability of volatility-managed portfolios may be linked to a reduction in
arbitrage costs. After the implementation of trading and information rule changes
in the USA during the early 2000s, which enhanced market liquidity, volatility man-
agement strategies became redundant.

3 Data

We download cryptocurrency data from coinmarketcap.com, a leading source com-
monly used in the literature. To determine the investment opportunity set for each
year, we retrieve the price time series of the 30 cryptocurrencies with the highest
market capitalization at the end of December® of the previous year from December
2015 to December 2022. We make this choice to obtain a sample of liquid crypto-
currencies that are tradable in the real world and, therefore, avoid issues associated
with smaller coins that likely alter momentum strategy payoffs (Fama and French
2008, 2018; Zaremba et al. 2021).* The final sample contains daily prices and mar-
ket capitalization data denominated in US dollars for 89 unique cryptocurrencies.
Table 10 in Appendix provides the list of all sample coins by year. Using these data,
we construct equal-weighted long/short portfolios from the first week of January
2016 to the fourth week of December 2023, viz. 416 weekly observations.

A potential data issue is that the composition of the investment opportunity set
may not systematically include 30 coins each year. Some of the top cryptocurren-
cies in the earlier years defaulted over time and were thereafter no longer tracked
by coinmarketcap.com. To mitigate this potential survivor bias, we retrieve missing
observations from other sources, such as finance.yahoo.com and coincodex.com, in
order to complete data series as much as possible. Any remaining missing data, for
which we could not obtain information, are excluded from the sample. Additionally,
we exclude stablecoins from the investment set. These coins are tethered to another
asset class to maintain a stable value. For this reason, they do not provide a return
and are not a relevant investment opportunity.

It is worth mentioning that, on average, the turnover of coins in the investment
opportunity set is 37% annually. This high turnover underlines the considerable dif-
ference in the stability between the equity market and the cryptocurrency market.
Only 8 cryptocurrencies—namely, Bitcoin (BTC), Ethereum (ETH), XRP (XRP),
Dogecoin (DOGE), Litecoin (LTC), Monero (XMR) and Stellar (XLM)—main-
tained their positions in the top 30 from 2015 to 2022.

3 To do so, we utilize Cryptocurrency Historical Data Snapshots provided by coinmarketcap.com. The
website offers a historical overview of the market for each week. Since these data are not provided daily,
we select for each year the top 30 coins based on the data from the last Sunday of December.

# Note that this is also in line with the literature on foreign exchange rates that often focuses on the G10
currencies due to liquidity issues (Assness et al., 2013). Using the G10 currencies to form momentum
portfolios leaves us with three equal-weighted currencies in both the long and short leg.
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4 Empirical analysis
4.1 Portfolio sorts

Using 30 large cryptocurrencies in December of the previous year, we sort all avail-
able cryptocurrencies into quintiles based on their past 30-day returns. We skip the
most recent daily price quotation to compute the previous month’s formation period
(FP) return on cryptocurrency i:

7 = 100(pij-1.0 = Pij-30.) ’ 0

Pij-30.

where p;;_;, denotes the closing price of cryptocurrency i on the previous trading
day j-1 for a given week 7, p;;_s,, denotes the closing price of cryptocurrency i in
the past 30 trading days for a given week ¢, and rfrP is the corresponding forma-
tion period return on cryptocurrency i in week . The momentum portfolio is long
(short) cryptocurrencies with the highest (lowest) formation period returns. Using
quintile sorts, our momentum portfolio is long on portfolio group 5 (“winners”) and
short on portfolio group 1 (“losers”). We hold the equal-weighted zero-cost portfo-
lio one week ahead and rebalance our portfolio at the beginning of each week. This
plain momentum approach ensures that the investment opportunity set consists of

Table 1 Descriptive statistics for the cryptocurrency market and momentum factor

Sample Sample 1 Sample 2 Sample 3

Return vector Momentum Market Momentum Market Momentum Market
Mean 0.90 1.70 1.74 2.72 -0.19 0.40
Median 1.38 0.83 1.33 1.69 1.44 0.18
Maximum 61.34 65.11 61.34 62.72 22.08 65.11
Minimum —255.28 —34.41 —73.86 —34.41 —255.28 -30.34
Std. deviation 17.20 11.78 14.42 13.28 20.21 9.40
Skewness -38.02 1.18 -0.27 0.88 -11.14 1.72
Kurtosis 121.81 8.50 10.18 6.31 141.19 15.20
Jarque-Bera (JB) 249,133.90 621.56 505.30 137.08 148,582.10 1217.95
(p-value JB) (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)
Observations 416 416 234 234 182 182

This table reports the descriptive statistics of the cryptocurrency market and momentum factors. The
market factor is an equal-weighted portfolio of cryptocurrencies consisting of the top 30 cryptocurren-
cies based on their market capitalization. Using quintile sorts and these top 30 cryptocurrencies, the
momentum factor is a strategy that is long cryptocurrencies with the highest return in the 1-month for-
mation period and short those with the lowest return in the 1-month formation period. We skip 1 trad-
ing day between the holding period and formation period. This strategy employs equal-weighted asset
allocations and is rebalanced weekly. The weekly data sample is from the first week of January 2016 to
the fourth week of December 2023 period comprised of 416 observations. Sample 1 corresponds to the
overall period (i.e., January 2016 to December 2023), sample 2 covers the subperiod from the first week
of January 2016 to the last week of July 2020, and sample 3 spans the subperiod from the first week of
August 2020 to the last week of December 2023
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Table 2 Portfolio sorts for the

Portfolio  P1 P2 P3 P4 P5 (P5-P1)
momentum factor

Panel A. Portfolio sorts for sample 1

T 1.46 1.30 1.37 1.88 2.36 0.90
;iFP —-19.60 —6.30 2.68 1428 64.14 (1.06)
Panel B. Portfolio sorts for sample 2

T 1.91 2.39 249 295 3.66 1.74%*
7:,”’ —-2096 —-543 546 2029 88.39 (1.85)
Panel C. Portfolio sorts for sample 3

7 0.87 -0.10 —-0.07 0.50 0.68 -0.19
7 —-17.84 —-740 —-090 656 3296 (-0.13)

i

This table reports the portfolio sorts for the cryptocurrency momen-
tum factor. Using quintile sorts and the top 30 cryptocurrencies
in terms of their market capitalization, the momentum factor is a
strategy that is long cryptocurrencies with the highest return in the
1-month formation period and short those with the lowest return in
the 1-month formation period. We skip 1 trading day between the
holding period and formation period. This strategy employs equal-
weighted asset allocations and is rebalanced weekly. Portfolio 1
(P1) corresponds to the loser portfolio, and portfolio 5 (P5) cor-
responds to the winner portfolio. The average return for portfolio
i={1,2,3,4,5}is denoted as r;, whereas the average portfolio return
for the formation period (FP) is denoted as 7?‘”. The weekly data
sample is from the first week of January 2016 to the fourth week
of December 2023 comprised of 416 observations. Sample 1 corre-
sponds to the overall period (e.g., January 2016 to December 2023),
sample 2 covers the subperiod from the first week of January 2016 to
the fourth week of July 2020, and sample 3 spans the subperiod from
the first week of August 2020 to the fourth week of December 2023.
The t-statistics for the zero-cost portfolios are given in parenthesis

“Statistically significant on a 10% level

the same assets for a given year. At the end of December of each year, we re-assess
which cryptocurrencies are in the top 30 in terms of market capitalization.
Descriptive statistics for both the cryptocurrency momentum portfolio and the
market factor are reported in Table 1. The results from our portfolio sorts are shown
in Table 2. The weekly data sample is from the first week of January 2016 to the
fourth week of December 2023 period comprising 416 weekly observations. Sam-
ple 1 corresponds to the overall sample period (i.e., January 2016 to December
2023), sample 2 covers the subperiod from the first week of January 2016 to the
fourth week of July 2020, and sample 3 spans the subperiod from the first week
of August 2020 to the fourth week of December 2023. In Table 1, we see that the
market factor outperformed the momentum strategy in these three sample periods.
Notice that the momentum strategy performed remarkably well at 1.74% per week
in sample 2, which ends in the fourth week of July 2020 as in Liu et al. (2022).
Table 2 indicates that this payoff is significant at the 10% level. As expected, Table 2
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documents that the average formation period returns are linearly increasing from
portfolio group 1 (loser) to group 5 (winner) for all samples. Holding period returns
also linearly increase for samples 1 and 2, but this pattern does not hold for sample
3. Concerning the latter subperiod, if we exclude one discontinuity that occurred
at the end of December 2020, Figs. 1 and 2 show that the cumulative returns on
the cryptocurrency momentum portfolio are linearly increasing. Of particular note,
the aforementioned one-week discontinuity manifests a large momentum crash equal
to —255.28%.

4.2 Trimming

To further investigate whether the poor performance of cryptocurrency momentum
is attributable to an outlier, we apply various trimming approaches to the data. Spe-
cifically, trimming 1 is a procedure that shrinks the distribution between the 5th and
95th percentiles, trimming 2 shrinks the distribution between the 1st and 99th per-
centiles, and trimming 3 excludes only the largest observation in terms of absolute
value (i.e., —255.28%). We report the corresponding descriptive statistics for sample
1 (overall sample period) in Table 3. Regardless of the trimming procedure, now
the average raw return of the cryptocurrency momentum portfolio is highly signifi-
cant at a 1% level. These results confirm that the poor overall performance of the
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Fig. 1 Cumulative returns on the cryptocurrency momentum strategy. Using quintile sorts and the top 30
cryptocurrencies in terms of their market capitalization, the momentum factor is a strategy that is long
cryptocurrencies with the highest return in the 1-month formation period and short those with the lowest
return in the 1-month formation period. We skip 1 trading day between the holding period and forma-
tion period. This strategy employs equal-weighted asset allocations and is rebalanced weekly. This figure
plots the evolution of the cumulative returns for the zero-cost momentum portfolio from the first week of
January 2016 to the last week of December 2023
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Fig.2 Cumulative returns on the cryptocurrency market factor and the momentum portfolio. The market
factor is an equal-weighted portfolio of cryptocurrencies consisting of the top 30 cryptocurrencies based
on their market capitalization. Using quintile sorts and the top 30 cryptocurrencies, the momentum fac-
tor is a strategy that is long cryptocurrencies with the highest return in the 1-month formation period
and short those with the lowest return in the 1-month formation period. We skip 1 trading day between
the holding period and formation period. This strategy employs equal-weighted asset allocations and is
rebalanced weekly. This figure plots the evolution of the cumulative returns for the market factor and
momentum portfolio from the first week of January 2016 to the last week of December 2023

cryptocurrency momentum strategy in the sample period in Liu et al. (2022) is due
to an extreme heavy tail produced from a single outlier arriving in the end of the
year 2020. Interestingly, given that the Jarque—Bera test in Table 3 does not reject
the null hypothesis of normally distributed cryptocurrency momentum portfolio
returns (p-value 0.18), we infer that returns between the 5th and 95th percentiles are
normally distributed. The critical question that remains is: How can cryptocurrency
momentum crash risk be managed?

4.3 Risk-managed cryptocurrency momentum

Appendix Figure 6 plots the evolution of a rolling time window of the standard
deviation of four momentum portfolio returns over our weekly sample from January
2016 to the fourth week of December 2023. In line with earlier studies on momen-
tum crashes, the realized volatility process of cryptocurrency momentum exhibits
persistent periods of high and low volatility. Following Barroso and Santa-Clara
(2015), we implement a risk-managed cryptocurrency momentum portfolio as
follows:

RM.MOM C oM
M = =M

, ~ 't > 2
Jot O-tJ ( )
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Table 3_ De,s criptive statistics Method Trimming 1 Trimming 2 Trimming 3

after trimming
Mean 1.33%%% 1.47%%* 1.51%%*
(t-statistic) (3.94) (3.23) (2.63)
Median 1.38 1.38 1.39
Maximum 18.93 43.22 61.34
Minimum —13.70 -31.14 —73.86
Std. deviation 6.54 9.22 11.73
Skewness 0.23 0.40 —-0.28
Kurtosis 3.14 5.54 13.34
Jarque-Bera (JB) 3.48 120.20 1855.04
(p-value JB) (0.18) (0.00) (0.00)
Observations 374 408 415

This table reports the descriptive statistics of the cryptocurrency
momentum factor after trimming the data. Using quintile sorts and
the top 30 cryptocurrencies in terms of their market capitalization,
the momentum factor is a strategy that is long cryptocurrencies with
the highest return in the 1-month formation period and short those
with the lowest return in the 1-month formation period. We skip 1
trading day between the holding period and formation period. This
strategy employs equal-weighted asset allocations and is rebal-
anced weekly. The weekly data sample is from the first week of
January 2016 to the fourth week of December 2023 comprised of
416 observations. Trimming 1 is a procedure that shrinks the dis-
tribution between the 5th and 95th percentiles, trimming 2 shrinks
the distribution between the 1st and 99th percentiles, and trimming
3 excludes only the largest observation measured in terms of the
absolute economic magnitude. The #-statistics for the payoffs of the
trimmed zero-cost portfolios are given in parenthesis

EEE

Statistically significant on a 1% level

where ¢ denotes a scaling factor corresponding to the target level of volatility, rf”OM
denotes the return on the plain momentum strategy in week ¢ as described in
Sect. 4.1, rftM’MOM denotes the return on the risk-managed momentum portfolio of
strategy j in week #, and 6‘,2/- is the estimated standard deviation of the momentum
portfolio between week ¢ — j and week ¢ — 1 with j € {4,8, 12} defined as:

3

In Fig. 3, we plot the time series evolution of the scaling factor, or =, used for

volatility-managing cryptocurrency momentum payoffs (i.e., j = 8 in zi/ssociation
with ¢ = 10 from the second week of April 2016 to the fourth week of December
2023). Similar to the results documented by Barroso and Santa-Clara, as shown
in Fig. 3, the scaling factor leverages (deleverages) the cryptocurrency momen-
tum payoffs when past volatility was low (high). Subsequently, we risk adjust the
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Mar 02, 2018 Jan 31, 2020 Dec 31, 2021 Dec 01, 2023

Fig.3 Evolution of a scaling factor used for volatility-managing cryptocurrency momentum payoffs.
Using quintile sorts and the top 30 cryptocurrencies in terms of their market capitalization, the momen-
tum factor is a strategy that is long cryptocurrencies with the highest return in the 1-month formation
period and short those with the lowest return in the 1-month formation period. We skip 1 trading day
between the holding period and formation period. This plain momentum strategy employs equal-
weighted asset allocations and is rebalanced weekly. Risk-managed (RM) cryptocurrency momentum

RM,MOM RMMOM _
strategies (r OMy scale plain momentum returns as follows: Tt ° = rMOM where c is scaling

factor correspondmg to the target level of volatility, and G, ; ;18 the estlmated standard deviation of the
momentum portfolio between week ¢ —j and week ¢ — 1 with j € {4,8,12}. This figure plots the evolu-
tion of the scaling factor derived from j = 8 in association with ¢ = 10. The weekly data sample is from
the second week of April 2016 to the last week of December 2023 period comprised of 404 observations

risk-managed cryptocurrency momentum payoffs using the following factor
regression model:

M = g By B e O
where rf”’“ denotes the cryptocurrency market factor in week ¢, which is simply an
equal-weighted portfolio of our cryptocurrencies used for implementing the momen-
tum strategy, rf”OM denotes the return on the plain cryptocurrency momentum strat-
egy in week 7, €;, denotes a white noise error at time 7, and 0; = («;, §;;, B;,) is a
vector of estimated parameters.

Descriptive statistics in Table 4 are shown for risk-managed cryptocurrency
momentum portfolios using ¢ = 10 to implement the scaling factor. In the sam-
ple period April 2016 to December 2023, we observe that the mean weekly
payoffs for most risk-managed cryptocurrency momentum strategies are greater
than cryptocurrency market returns at 1.59% per week and higher than the plain
strategy at 0.71% per week. Specifically, using an 8-week rolling time window
strategy to estimate the past realized volatility of the cryptocurrency momentum
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Table 4 Descriptive statistics for volatility-managed cryptocurrency momentum portfolios

Factor/strategy Market factor rMom rﬁ""’ MOM r;’t” MOM rf”["’ MOM
Mean 1.59%#:* 0.71 2.40%* 1.86%* 1.33
(-statistic) (2.69) (0.83) (1.81) (2.09) (1.45)
Median 0.78 1.28 1.81 1.44 1.28
Maximum 65.11 61.34 124.95 70.11 78.22
Minimum —34.41 —255.28 —335.26 —226.30 —262.64
Std. Dev 11.87 17.25 26.69 17.93 18.47
Skewness 1.20 —8.16 —4.55 —4.67 —-6.93
Kurtosis 8.52 123.48 68.75 68.22 106.45
Jarque-Bera (JB) 609.62 248,847.00 74,162.62 73,082.99 183,380.10
(p-value JB) (0.00) (0.00) (0.00) (0.00) (0.00)
Observations 404 404 404 404 404

Using quintile sorts using the top 30 cryptocurrencies, the momentum factor is a strategy that is long
cryptocurrencies with the highest return in the 1-month formation period and short those with the lowest
return in the 1-month formation period. We skip 1 trading day between the holding period and formation
period. This plain momentum strategy employs equal-weighted asset allocations and is rebalanced
weekly. Risk-managed (RM) cryptocurrency momentum strategies (rftM MOMy cale plain momentum
nRM,MOM — AirMOM

Jit it

tility and G, ; is the estimated standard deviation of the momentum portfolio between week 7 — j and week
t — 1 with j € {4,8, 12}. This table reports the descriptive statistics for the volatility-managed momentum
portfolios. The weekly data sample is from the second week of April 2016 to the fourth week of Decem-
ber 2023 comprised of 404 observations

returns as follows: , where c is scaling factor corresponding to the target level of vola-

o,

“** Statistically significant on a 1% level, ** statistically significant on a 5% level, * statistically signifi-
cant on a 10% level

portfolio, we obtain risk-managed raw payoffs that are statistically significant
at a 5% level with an impressive 1.86% per week. Moreover, a strategy using a
4-week rolling time window shows even higher payoffs at 2.40% per week, but
significance drops to the 10% level. Whereas Table 1 shows that the kurtosis of
the plain cryptocurrency momentum strategy equals 121.81, risk-managed coun-
terparts in Table 4 exhibit lower kurtosis values ranging from 68.22 (strategy
using j = 8) to 106.45 (strategy using j = 12). This evidence suggests that risk
managing the cryptocurrency momentum strategy diminishes the occurrence of
crashes, which has been reported for risk-managed momentum strategies in the
equity market (e.g., Barroso and Santa-Clara 2015).

The regression results reported in Table 5 show that risk management of
cryptocurrency momentum generates risk-adjusted returns ranging between
0.76% and 1.69% per week with z-statistics from 2.00 to 3.21 that are significant
at the 5% level or lower. The R-square values range from 71 to 83 percent, i.e.,
most of risk-managed cryptocurrency return variation is explained by the market
factor and plain momentum factors. Consistent with earlier risk-managed equity
momentum studies, the loadings with respect to the cryptocurrency market fac-
tor are economically low but statistically significant.

@ Springer



Cryptocurrency momentum has (not) its moments

Table5 Risk adjusting

the volatility-managed
cryptocurrency momentum
portfolio

~ A~

Strategy @ B Bia R?

PRMMOM | G0%%% (2.32) —0.12%% (= 1.96) 1.29%%* (30.74) 0.71
gMMOM 1.32%%% (321) —0.07%% (=2.05) 0.91%+* (37.94) 0.79
PRMMOM. 076+ (2.00)  —0.07%% (=2.30) 0.97%+* (43.58) 0.83

The market factor (rf"”"’ ) is an equal-weighted portfolio of cryptocur-
rencies consisting of the top —30 cryptocurrencies based on their
market capitalization. Using quintile sorts using these top 30 crypto-
currencies, the momentum factor is a strategy that is long cryptocur-
rencies with the highest return in the 1-month formation period and
short those with the lowest return in the 1-month formation period.
We skip 1 trading day between the holding period and formation
period. This plain momentum strategy employs equal-weighted asset
allocations and is rebalanced weekly. Risk-managed (RM) crypto-

RMMOM :
currency momentum strategies (r OMy scale plain momentum

RM., MOM

returns as follows: i, = rMOM where c is scaling factor cor-

responding to the target level of volatility and & o,; is the estimated
standard deviation of the momentum portfolio between week 1 —j
and week ¢ — 1 with j € {4,8,12}. This table reports the results for
the following regression: rRMMOM =a;+p; lrM +B;s rMO Ej s
where ¢;, denotes a white n01se error, ¢ = 10, and 0, = (a "B l,ﬂlz)
is the vector of parameters to be estimated. The weekly data sample
is from the second week of April 2016 to the fourth week of Decem-
ber 2023 comprised of 404 observations. This table reports the point
estimates for the regression models, and #-statistics are given in
parentheses

“ Statistically significant on a 1% level, ** statistically significant
on a 5% level

4.4 Further analysis: power laws governing cryptocurrency momentum returns

In Sect. 4.2, we found that 90% of the cryptocurrency momentum return distri-
bution is normally distributed. A natural question is: What is the distribution of
the remaining 10%? In Appendix Fig. 7 in Appendix, we illustrate the impact of
momentum crashes by computing the compounded returns of two cryptocurrency
momentum return series. Graphially displaying our findings, the blue (red) line in
Appendix Fig. 7 shows the evolution of compounded cryptocurrency momentum
returns using all observed data (excluding the most extreme return correspond-
ing to—255.28%). Strikingly, one outlier—a single observation corresponding
to 0.24% of sample observations—contributes 37% of the overall compounded
return. Hence, it is clear that the distribution of the most extreme 5% of crypto-
currency momentum returns is far from normal.

In line with these data, we posit that the distribution of cryptocurrency momen-
tum returns is governed by a power law capable of generating high impact events
with low probability. Following Taleb (2020), who advocated to model financial
market data using power laws, we model the absolute amount of cryptocurrency
momentum returns as:
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px) = Cx™4, 3)

where C = (a — 1)x%;!

oy With @ € {R+|a > 1}, x denotes the absolute amount of
return for a cryptocurrency momentum strategy (e.g., plain or risk managed) pro-
vided that x € {IR vy Sx <o }, Xy 1s the minimum observation governed by
the power law and « is the magnitude of the corresponding power law exponent.
Given the functional form of Eq. (5), it can be shown that conditional moments of

order k, or E[x|x > XN ], are defined as:

(a—1)
E[Xk|x > xMIN] = mxﬁ;{m' (6)

From this relation, we see that the theoretical mean (variance) only exists for
a>2(a>3).

Following White et al. (2008) and Clauset et al. (2009), who argued that maxi-
mum likelihood estimation (MLE) is the optimal method for calculating power
law exponents, the tail exponents @ can be estimated as follows:

N -1
a=1+N<Zm<xi>> , ™
P MIN

where @ denotes the MLE estimator, N < T is the number of observations greater
than x,,,,, and other notation is as before. Like Clauset et al. (2009), we select x,;
by minimizing the distance between the power law model and the empirical data, or
Kolmogorov—Smirnov distance (D). This distance is defined as the maximum dis-
tance between the cumulative density functions (CDFs) of the data and the fitted
model:

D =MAX,,,,  |S(x)—PX)|, )
where S(x) represents the cumulative distribution function (CDF) of the data for
observations with values greater than or equal x,,;, P(x) is the CDF for the power
law model that provides the best fit to the data in the range of x > x;, N < T is
the number of observations greater than x,,;y, and other notation is as before. In this
regard, Clauset et al. (2009) have shown that the standard deviation for estimated
power law exponents is:

a—1

o= \/]V +O<]%]>. )

Summary statistics for the estimated power law exponents are presented in
Table 6. A number of new insights into risk-managed momentum strategies are
revealed. First, regardless of whether or not risk management is implemented,
the estimated power law exponents are close to @ ~ 3. Upon testing the following
hypotheses:

Hy:a<3versusH, : a >3,
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the evidence in Table 6 fails to reject the null hypothesis. Based on Eq. (6), we infer

that the variance of cryptocurrency momentum returns is statistically undefined.
Second, applying the goodness-of-fit (GoF) test in Clauset et al. (2009), we cannot
reject the power law null model regardless of the strategy analyzed.’ Overall, this
evidence suggests that even though the vast majority of observations are governed
by a thin-tailed distribution (e.g.., the normal distribution), the tails of the distribu-
tion are governed by a power law process with @ ~ 3 implying the absence of vari-
ance or higher moments.

4.5 Robustness checks

A recent study of Hou et al. (2020) finds that the vast majority of asset pricing
studies fails scientific replication and therefore calls for re-examining documented
results using a “similar but not identical statistical model.” The results documented
in the present study are derived from 30 large-cap cryptocurrencies used to construct
both an equal-weighted cryptocurrency market factor and an equal-weighted crypto-
currency momentum factor. Consequently, a reader could argue first that our chosen
methodology deviates from the established practice to use value-weighted portfolios
of assets. Second, because our methodology results in portfolios with only six con-
stituents, a reader could argue that our cryptocurrency momentum portfolio could
be subject to a significant exposure to idiosyncratic risk. Fisher and Lorie (1970)
and Surz and Price (2000) document that the minimum number of assets required
to reach reasonable diversification levels corresponds to 30 constituents. Therefore,
one could argue that the large tail risk for our cryptocurrency momentum strategy
could be a manifestation of lacking diversification.

Hence, to address these concerns, we follow Zaremba et al (2021) and obtain
additional data on cryptocurrencies from coinmarketcap.com, a commonly used
data provider for research on the pricing of cryptocurrencies. The data provided
from coinmarketcap.com are volume weighted averages of prices across 200 crypto-
exchanges. We match the data sample with the sample used in our main analysis and
retrieve daily data from January 1, 2016, until December 31, 2023, a total of 2919
daily observations of 2500 cryptocurrencies. Following Liu et al. (2021), we exclude
cryptocurrencies with less than 1 million market capitalization and we cater for out-
liers by filtering the returns of less than — 99% or greater than+200%. The market
index of cryptocurrencies is the value weighted cross-section average of returns. For
the computation of the momentum factor, we divide the coins into deciles based
on the past seven days returns while skipping the last one day to avoid short rever-
sal effects (see Zaremba et al. 2021) and form value-weighted portfolios for each
momentum group. The momentum factor is the return difference between the top
and the bottom momentum portfolios. Data retrieval and portfolio constructions
are detailed in Zaremba et al. (2021). Note that using (a) an expanded data set, (b)

5 The GoF test assuming the power law hypothesis as the null model is described in Clauset et al. (2009).
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value-weighted portfolios, and (c) a similar but not identical methodology to form
the cryptocurrency momentum portfolio ensures that our robustness checks are in
line with the requirements for a scientific replication (see Hou et al. 2020).

Next, because the vast majority of asset pricing studies in cryptocurrency research
employs weekly data (e.g., Liu et al. 2020, 2022; Shen et al. 2020)—and to make the
results derived from using value-weighted portfolios comparable to results derived
from our main analysis—we transform daily data into weekly data by summing up
seven consecutive returns leaving us with 416 weekly observations covering the
sample from the first week of January 2016 until the last week of December 2023.
In Fig. 4, we plot the cumulative returns on our equal-weighted cryptocurrency mar-
ket factor used in our main analysis and the value-weighted cryptocurrency mar-
ket factor over the sample from January 2016 to December 2023. From Fig. 4, we
observe that until the end of 2019 both indices exhibit virtually the same cumulative
return paths, whereas afterward the value-weighted index appears to exhibit a drift.
Unsurprisingly, principal component analysis (unreported) suggests that the returns
on both cryptocurrency indices exhibit one dominant eigenvalue corresponding to
A= 1.41 > 1, explaining 70.65% of the overall variation. This strongly suggests that
both indices share a common stochastic component despite of being derived from
(a) different weighting schemes and (b) different number of constitutes.

Next, in Fig. 5 we plot the evolution of the cumulative returns on both the
equal-weighted cryptocurrency momentum factor derived from 30 coins, the
value-weighted cryptocurrency momentum factor derived from a data set com-
prising 2500 coins, and the value-weighted cryptocurrency market factor
derived from a data set comprising 2500 coins. Again, the sample is from Janu-
ary 2016 to December 2023. From visual inspection of Fig. 5, a few interest-
ing issues arise: First, regardless the weighting scheme or number of constitutes
used to form cryptocurrency momentum portfolios, cryptocurrency momentum
strategies appear to be subject to severe crashes. Second, crashes across cryp-
tocurrency momentum strategies do not coincide—and neither do they seem to
be related to market reversals. Third, the value-weighted cryptocurrency momen-
tum factor derived from a data set comprising 2500 coins underperforms both the
value-weighted market index and the equal-weighted counterpart by a substantial
margin.

We continue our analysis by evaluating the descriptive statistics for our value-
weighted cryptocurrency portfolios. In Table 7, we report the descriptive statistics
of the value-weighted cryptocurrency market factor, the value-weighted cryptocur-
rency momentum factor, and the value-weighted cryptocurrency momentum fac-
tor after trimming the data. We use the same trimming procedures as outlined in
Sect. 4.2. Table 7 provides some interesting insights. First, it becomes evident that
the value-weighted cryptocurrency momentum portfolio produces statistically sig-
nificantly negative returns corresponding to — 3.40% per week. Second, although
trimming somewhat increases average returns, average returns remain statistically
significantly negative regardless the trimming approach adopted, with average pay-
offs ranging between — 1.18% and — 2.69% per week. Third, using trimming 1, the
payoff distribution comprising 90% of the value-weighted cryptocurrency momen-
tum returns is statistically distributed as normal, as indicated by the Jarque—Bera test
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exhibiting a p-value>5%. Interestingly, this result is in line with our result docu-
mented earlier for the equal-weighted cryptocurrency momentum strategy. Fourth,
the value-weighted cryptocurrency momentum portfolio is subject to crashes mani-
fested in extreme negative returns: Specifically, 1% of the observed return distri-
bution exhibits payoffs ranging between — 154.75% and —297.30%. Risk managing
only partially remedies this issue.

Then we implement various risk-managing strategies as outlined in Sect. 4.3.
The results are reported in Table 8. From Table 8, we observe that even though risk
managing successfully removes the crashes as indicated by payoff minimum rang-
ing between —1.12% and — 1.82% per week for risk-managed value-weighted cryp-
tocurrency momentum portfolios, average payoffs remain statistically significantly
negative, with average payoffs ranging between — 0.02% and 0.03% and correspond-
ing ¢-statistics ranging between —2.71 and —3.50 indicating statistical significance
on a 1% level. Unsurprisingly, risk adjusting the volatility-managed value-weighted
cryptocurrency momentum portfolio does not result in positive average returns as
implied by the results documented in Table 11 in appendix.

Finally, we explore the tail risk associated with various value-weighted cryptocur-
rency momentum strategies. To do so, we estimate power law models as outlined in
Sect. 4.4 for the plain value-weighted cryptocurrency momentum strategy and various
risk-managed counterparts. The results are reported in Table 9. Strikingly, the esti-
mated power law exponent for the plain strategy is @ = 2.4462 which is in line with the
estimate for the equal-weighted counterpart corresponding to @ = 2.8653 (see Table 6).
Moreover, the GoF tests do not reject the power law null hypothesis for any strategy
as indicated by p-values ranging between 0.3960 and 0.9200. Again, these results cor-
roborate the results documented for equal-weighted portfolios. Furthermore, only for
the strategy using j = 4, the hypothesis @ > 3 can be rejected on a common 5% level,
as indicated by 7= 1.7279 > 1.65.

Overall, whereas equal-weighted cryptocurrency momentum using only 30 coins with
highest market capitalization and value-weighted cryptocurrency momentum using a data
set comprising 2500 coins produce different average payoffs, the results of our robust-
ness checks reveal at least two important commonalities: First, regardless the weighting
scheme or number of coins included, cryptocurrency momentum strategies are subject
to crash risks that are different from momentum crashes documented in the literature on
equities (Daniel and Moskowitz 2016). Second, regardless the weighting scheme or num-
ber of coins included, the tail risk of the plain strategies is qualitatively the same.

5 Discussion

5.1 Comparisons to earlier studies

Our main analysis indicates that a momentum strategy implemented within the
cryptocurrency market does not yield a significant payoff. This result mainly occurs
because the distribution of cryptocurrency momentum returns has severe fat tails

and, as such, extreme negative events nullify the efficacy of such a strategy. This fact
aligns with prior literature on momentum crashes, which asserts that this anomaly is
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Table 6 Estimated power law exponents for various cryptocurrency momentum strategies

ri\/l oM rlleltl/l MOM ril'\/l MOM r:’l‘?’[;/l MOM
a 2.8653 2.9437 33036 3.2685
Xy 9.8708 25.5242 21.4018 16.4004
6 0.1897 0.2803 03700 03017
N (in %) 107 (25.72%) 55 (13.35%) 44 (10.78%) 63 (15.59%)
p-value (GoF) 0.9820 0.8210 0.7970 0.5290
? ~0.7101 ~0.2009 0.8205 0.8900

Using maximum likelihood estimation (MLE), the tail exponents @ are estimated for various cryptocur-

-1
rency momentum strategies as follows: @ =1+ N (Zf;lln(;—>) , where x denotes the absolute
amount of return on a cryptocurrency momentum strategy (e.g”.lprlain or risk managed), @ denotes the
MLE estimator, and N < T is the number of observations greater than x,,,. In line with Clauset et al.
(2009), we select x,,;,y by minimizing the distance between the power law model and the empirical data
defined as Kolmogorov—Smirnov distance (D), which is maximum distance between the cumulative den-
sity functions (CDFs) of the data and the fitted model: D = MAX 5, |S(x) — P(x)|, where S(x) repre-
sents the cumulative distribution function (CDF) of the data for observations with values greater than or
equal x,,,y and P(x) is the CDF for the power law model that provides the best fit to the data in the range
of x > Xy, N < T is the number of observations greater than x,;y, and other notation is as before.
Claus;et et al. (2009) showed that the standard deviation for estimated power law exponents is defined as:
c= “\/;Nl + O( %). This table reports the estimates for power law functions and corresponding descriptive
statistics. In our notation, rﬁ”OM denotes the return on the plain equal-weighted cryptocurrency momen-
tum strategy, whereas rftM MOM - genotes the return on risk-managed equal-weighted cryptocurrency
momentum strategy i. The statistic 7 tests the following hypotheses: H, : a < 3 against H, : a > 3.
Given a significance level of 5% and a one-sided test, the null hypothesis is rejected if 7> 1.65.

susceptible to substantial negative movements (Barroso and Santa-Clara 2015; Dan-
iel and Moskowitz 2016). However, we find that outliers tend to exhibit considerably
larger economic magnitudes compared to those observed in the equity market. As
documented in Daniel and Moskowitz’s study (2016), the lowest monthly returns
for stock price momentum occurred in 1932 with a decline of —74.36%. Similarly,
Barroso and Santa-Clara (2015) computed a maximum decline of —91.59% in 1932.
In our case, the momentum portfolio experienced a crash of —255% at the end of
2020, which is three times larger than the largest equity momentum crash. What can
explain this large disparity in crash risk?

Cryptocurrencies represent a novel asset class distinct from traditional financial
assets in that they lack an intrinsic economic value based on tangible assets (Corbet
et al. 2019). Their value is derived from their underlying algorithms that facilitate
transaction tracing and, in turn, is linked to the level of trust in this emerging tech-
nology. It is important to note that unlike other asset classes, cryptocurrencies do not
offer promises of future payments or dividends that render them inherently riskier
investments. Indeed, as pointed out by Chaim and Laurini (2019), cryptocurren-
cies show very high levels of unconditional volatility, suffer from large outliers that
are mostly right-skewed, and have leptokurtic return distributions. Moreover, Baek
and Elbeck (2015) showed that Bitcoin is 26 times more volatile than the S&P 500
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Fig.4 Cumulative returns on the equal-weighted and value-weighted cryptocurrency market factor. This
figure plots the evolution of the cumulative returns for the equal-weighted cryptocurrency market factor
derived from 30 coins and the value-weighted cryptocurrency market factor derived from a data set com-
prising 2500 coins. The sample is from the first week of January 2016 to the last week of December 2023

1500
1000

500

0

Jan 08, 2016 Mar 12, 2021 Dec 02, 2022

Jun 21,2019

-500

-1000

-1500

-2000

Value-weighted Momentum

Value-weighted Market Equal-weighted Momentum

Fig.5 Cumulative returns on different cryptocurrency momentum factors and the value-weighted cryp-
tocurrency market factor. This figure plots the evolution of the cumulative returns for the equal-weighted
cryptocurrency momentum factor derived from 30 coins, value-weighted cryptocurrency momentum
factor derived from a data set comprising 2500 coins, and value-weighted cryptocurrency market factor
derived from a data set comprising 2500 coins. The sample is from the first week of January 2016 to the
last week of December 2023

index, and their returns appear to be internally driven by buyers and sellers rather
than influenced by fundamental economic factors. Consistent with the latter, Gro-
bys and Junttila (2021) found evidence of a lottery-like demand in digital curren-
cies markets guided by speculation. Investors’ influence can contribute to bubbles
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Table 7 Descriptive statistics for value-weighted portfolios

Market Cryptocurrency momentum strategies

Factor Plain strategy Trimming 1 Trimming 2 Trimming 3
Mean 277 — 3.40%** — 118k — 1.997%#% —2.69%*
(t-statistic) (5.08) (—2.54) (=2.91) (—2.69) (—2.36)
Median 1.87 -1.02 -1.02 -1.02 —0.95
Maximum 53.09 69.10 15.79 49.63 69.10
Minimum -50.35 —297.30 —21.81 —143.47 —242.36
Std. deviation 11.12 27.28 7.82 14.99 23.17
Skewness 0.15 -5.96 —-0.24 -3.14 —-491
Kurtosis 6.31 55.81 2.76 27.87 45.41
Jarque—Bera (JB) 191.13 50,798.31 4.39 11,184.78 32,765.55
p-value (JB) 0.00 0.00 0.11 0.00 0.00
Observations 416 416 374 408 415

This table reports the descriptive statistics of the value-weighted cryptocurrency market factor, the value-
weighted cryptocurrency momentum factor, and the value-weighted cryptocurrency momentum factor
after trimming the data. Using a data set comprising 2500 coins, the value-weighted cryptocurrency mar-
ket factor at time ¢ corresponds to the value weighted cross-section average of returns. For the value-
weighted momentum factor, we divide the coins into deciles based on the past seven days returns, skip-
ping the last day to avoid short reversal (see Zaremba et al (2021), and form value-weighted portfolios
for each momentum group. The momentum factor is the return difference between the top and the bot-
tom momentum portfolios. Daily data are transformed into non-overlapping weekly data by summing up
seven consecutive holding period returns. The weekly data sample is from the first week of January 2016
to December 2023 comprised of 416 observations. Trimming 1 is a procedure that shrinks the distribu-
tion between the 5th and 95th percentiles, trimming 2 shrinks the distribution between the 1st and 99th
percentiles, and trimming 3 excludes only the largest observation measured in terms of the absolute eco-
nomic magnitude. The #-statistics are given in parenthesis

**%* Statistically significant on a 1% level, ** Statistically significant on a 5% level

in cryptocurrency prices. Their speculative behavior, combined with the absence of
a central authority regulating the supply and potential network effects, makes this
phenomenon highly probable (Wei and Dukes 2021). Not surprisingly, the market
for cryptocurrencies may experience severe price fluctuations and extreme outliers.
Aside from the magnitude of these events, the mechanisms through which they
occur in the context of cryptocurrency are substantially different. Equity momentum
crashes typically originate during times of market decline followed by a rebound.
This phenomenon arises because the momentum portfolio during prolonged reces-
sions, as discussed earlier, tends to be long on firms with low conditional beta on the
market and short on those with high beta. Subsequently, when the market rebounds,
the short positions in the portfolio yield extreme negative returns. According to Dan-
iel and Moskowitz (2016), these extreme negative returns occur because momen-
tum effectively embeds a written (short) call option on the market. This optional-
ity effect, as described by Daniel et al. (2018), follows Merton’s (1974) framework,
wherein a stock can be considered as a call option on the underlying firm’s assets
in the presence of debt. During a recession, past losers experience significant value
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Table 8 Descriptive statistics for volatility-managed value-weighted cryptocurrency momentum portfo-
lios

Factor/strategy Market factor® ,ﬁ” OM(VW) rﬁfy MOM(VW) rf:/I’MOM(VW) r;/'vl,MOMWW)
Mean 2.79%#% =377k —0.03%%* —0.02%%* —0.03%%*
(¢-statistic) (4.99) (=2.78) (=2.71) (=3.18) (=3.50)
Median 1.84 -1.08 —-0.01 —-0.01 —-0.01
Maximum 53.09 69.10 0.49 0.40 0.42
Minimum —-50.35 —297.30 -1.82 -1.12 -1.34
Std. deviation 11.26 2722 0.19 0.15 0.15
Skewness 0.15 -6.20 -2.69 -1.85 -2.80
Kurtosis 6.17 57.50 24.47 13.23 21.29
Jarque-Bera (JB) 170.12 52,587.63 8247.01 1989.64 6159.96
(p-value JB) (0.00) (0.00) (0.00) (0.00) (0.00)
Observations 404 404 404 404 404

. . . RM.MOM(VW) :
Risk-managed (RM) value-weighted cryptocurrency momentum strategies (r,, ) scale plain

RM . MOM(VW) _ 'LrMOM(VW)
- t

value-weighted cryptocurrency momentum returns as follows: r = , where ¢ is

it ey
scaling factor corresponding to the target level of volatility and &,J is the estimated standard deviation of
the momentum portfolio between week 7 —j and week ¢t — 1 with j € {4,8,12}. This table reports the
descriptive statistics for the volatility-managed value-weighted cryptocurrency momentum portfolios.
The weekly data sample is from the second week of April 2016 to December 2023 comprised of 404
observations

“Statistically significant on a 1% level

“This table uses the value-weighted cryptocurrency market factor

losses, which causes their stocks to behave like at- or out-of-the-money call options
on the firm’s assets. The convexity of their payoffs results in slight changes in
value for even large downward moves in their underlying assets, whereas the oppo-
site occurs for upward moves, i.e., when the market rises. Even though the afore-
mentioned mechanism may not be directly applicable in their context, Daniel and
Moskowitz (2016) note that index futures, commodities, fixed income securities,
and currency momentum exhibit option-like behavior.

Contrarily, in the case of cryptocurrency portfolios, crash risk originates from
a single cryptocurrency that experiences a significant price surge, thereby impact-
ing the short leg of the portfolio. For example, the cryptocurrency Mindol (MIN)
experienced a price increase from 0.54 USD to 7.86 USD on December 23, 2020.
This movement of 1400% explains how a short-leg portfolio of 6 cryptocurren-
cies can produce a loss of the cryptocurrency momentum strategy correspond-
ing to—255%. Thus, as demonstrated when applying trimming techniques, this
single currency movement accounts for the insignificant payoff of cryptocurrency
momentum. Of course, this crash is substantially different from the optionality
effect documented in the equity market. Hence, we conclude that cryptocurrency
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Table9 Estimated power law exponents for various value-weighted cryptocurrency momentum strate-
gies

MOM(VW) RM,MOM(VW) RM,MOM(VW) RM,MOM(VW)
Ty "L "o T34

a 2.4462 4.3428 2.8936 3.0419
Xyn 7.6821 0.3697 0.1132 0.1291
c 0.1194 0.7771 0.2725 0.2225
N (in %) 163 (40.35%) 21 (5.20%) 120 (29.70%) 93 (23.02%)
p-value (GoF) 0.6400 0.4160 0.3960 0.9200
T —4.6382%** 1.7279%%* —0.4969 0.1883

Using maximum likelihood estimation (MLE), the tail exponents @ are estimated for various value-

-1
weighted cryptocurrency momentum strategies as follows: @ =1+ N (Z{Ll“(ﬁ)) , where x

denotes the absolute amount of return on a value-weighted cryptocurrency momentum strategy (e.g.,
plain or risk-managed), @ denotes the MLE estimator and N < T is the number of observations greater
than x,,,. In line with Clauset et al. (2009), we select x,,, by minimizing the distance between the
power law model and the empirical data defined as Kolmogorov—Smirnov distance (D), which is maxi-
mum distance between the cumulative density functions (CDFs) of the data and the fitted model:
D= MAXxeM,N|S(X) — P(x)|, where S(x) represents the cumulative distribution function (CDF) of the
data for observations with values greater than or equal x,,;y and P(x) is the CDF for the power law model
that provides the best fit to the data in the range of x > x,,y, N < T is the number of observations greater
than x,,y, and other notation is as before. Clauset et al. (2009) showed that the standard deviation for

estimated power law exponents is defined as: 0 = a\/;ﬁ' + O(ﬁ). This table reports the estimates for power

M

law functions and corresponding descriptive statistics. In our notation, OM(W) denotes the return on the
RM.

plain value-weighted cryptocurrency momentum strategy, whereas Ti MOM(VW) denotes the return on
risk-managed value-weighted cryptocurrency momentum strategy i. The statistic 7 tests the following
hypotheses: H, : @ < 3 against H, : a > 3. Given a significance level of 5% and a one-sided test, the
null hypothesis is rejected if 7> 1.65.

*#%* Statistically significant on 1 % level,** Statistically significant on a 5% level

momentum crashes are not related to market reversals but rather arise from an
extreme price jump in a single cryptocurrency.’

Could the crash risk be an artifact of using equal-weighted portfolios and 30
coins only? Expanding the data set to 2500 coins and using value-weighted cryp-
tocurrency momentum portfolios, the results from our robustness checks show that
the crash risk associated with cryptocurrency momentum is not a manifestation of
potential exposure to some idiosyncratic risk. On the other hand, our results are in
line with Zaremba et al. (2021) who scrutinized the momentum and reversal effects
in cryptocurrencies. The authors found that only the 2% of cryptocurrencies that
exhibit the highest market capitalization produce return momentum, whereas 98% of

% Note also from Figs. 2 and Appendix Fig. 7 that the cryptocurrency market was in a clear upwards
move ex ante the cryptocurrency momentum crash which supports our claim that the market did not
experience any reversal when the crash occurred.
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the remaining coins—representing only a small fraction of the total market capitali-
zation—exhibit average momentum payoffs that are negative.

5.2 Implications

The unprofitability of the momentum strategy can be mitigated by implementing some
type of risk management. By adopting the non-look-ahead biased strategy proposed by
Barroso and Santa-Clara (2015), we can effectively avoid crashes and achieve impres-
sive returns that cannot be explained by the market factor or its plain counterpart. These
economically significant payoffs are in line with previous literature on equity mar-
kets. Also, they are consistent with the recent findings by Angelidis and Tessaromatis
(2023), who found that a volatility-managed strategy is effective in a high-cost arbitrage
environment. However, while this strategy enhances risk-adjusted returns, it does not
change the tail risk behavior of the momentum portfolio.

A reader might argue that the three risk-managed cryptocurrency momentum strate-
gies all have lower kurtosis and larger skewness than the un-managed momentum strat-
egy which seems inconsistent with our results derived from power laws. However, while
the kurtosis of the plain cryptocurrency momentum portfolio is 123.48, as documented
in Table 4, the risk-managed counterparts still exhibit extremely heavy tails manifested
in kurtosis values that exceed 3 by a substantial margin: Specifically, from Table 4 we
observe that the lowest kurtosis value is achieved for strategy ri ZIVI’MOM exhibiting a kur-
tosis value of 68.22. For comparison, the excess kurtosis of the Chi-square (exponential)
distribution with one degree of freedom—which exhibits considerably heavier tails than
the standard normal—is 12 (6). It is evident that standard distributions cannot generate
the heavy tails we observe for risk-managed cryptocurrency momentum strategies. A
manifestation of the empirical result that kurtosis values decrease after risk-managing
cryptocurrency momentum is that power law exponents for the returns on risk-managed
cryptocurrency momentum strategies exhibit economic magnitudes that are larger than
@ = 2.8653 which is the estimated tail exponent for the plain strategy. It is important to
note that a lower (higher) tail exponent suggests more (less) extreme outliers. However,
the results documented in Table 6 suggest that, statistically, the hypothesis that & < 3
cannot be rejected for any strategy regardless risk management.

Next, employing power laws to model the returns of cryptocurrency momentum and
its risk-managed counterpart, we observe that the theoretical variance of both strate-
gies is statistically undefined as implied by a power law exponent of a<3. This result
is in line with recent research documenting that the realized variance risk of stock price
momentum is infinite (Grobys 2024b). Hence, because the variance is not finite, a major
implication is that traditional statistical methodologies may lead to invalid inferences.

Is risk-managed cryptocurrency momentum profitable? If the theoretical variance is
undefined, despite impressive cryptocurrency momentum returns using volatility scal-
ing, these payoffs are subject to considerable uncertainty. Whereas Moreira and Muir
(2017) concluded that risk management expands the mean—variance frontier, our results
suggest that we can only make clear inferences about a mean-only space; that is, volatil-
ity scaling likely increases average payoffs but no theoretically defined variance exists.
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6 Conclusion

The momentum anomaly has been subject of extensive studies in the asset pricing
literature. However, published research is inconclusive regarding its applicability
to digital currencies. This paper explored the feasibility of a momentum strategy
implemented in the cryptocurrency market and investigated whether volatility risk
management can enhance its risk-adjusted returns. To do so, we collected cryptocur-
rency data for the top 30 coins in terms of market capitalization at year end and con-
structed equally weighted cryptocurrency momentum portfolios based on weekly
rebalancing. Our sample spanned from the first week of January 2016 to the fourth
week of December 2023, resulting in 416 weekly return observations.

We found that cryptocurrency momentum did not yield a significant payoff due
to a severe crash. Unlike the equity market, this crash was idiosyncratic to a single
cryptocurrency and, therefore, not subject to an optionality effect as documented by
Daniel and Moskowitz (2016) for stocks. In an effort to control crash risk, we imple-
mented risk management strategies based on past return volatility scaling. Using
different past volatility windows, impressive risk-managed payoffs from 1.86% to
2.40% per week were generated. After risk adjusting momentum returns using a fac-
tor model, consistent with equity market studies, significant payoffs persisted.

Using power laws to model tail returns of cryptocurrency momentum and risk-
managed counterparts, further analyses indicated that the theoretical variance is
undefined (i.e., power law exponent o <3). For this reason, traditional statistical
methodologies can yield invalid inferences. Additionally, because risk management
does not change the tail risk of cryptocurrency momentum, we conclude that this
strategy is subject to considerable uncertainty that implies greater risk than previ-
ous cryptocurrency research has suggested.

Our findings have important implications for investors seeking to implement
momentum strategies in the cryptocurrency market. First and foremost, risk man-
agement is critical to earning cryptocurrency momentum profits. Second, even after
risk adjustment via volatility scaling, investors should be aware that tail risk can
still be very high due to undefined return variance. Future research is recommended
to investigate the performance of volatility-scaling risk management for other cryp-
tocurrency anomalies. For example, Liu et al. (2022) constructed zero-cost strate-
gies based on 24 cryptocurrency characteristics broadly classified into four groups,
including size, volume, volatility, and momentum. Hence, future studies are encour-
aged to explore the profitability and the tail risk of zero-cost strategies derived from
other characteristics apart from past return performance.

Appendix

See Figs. 6 and 7, Tables 10 and 11.
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Fig.6 Realized volatility of the cryptocurrency momentum portfolio using a rolling time window of
4 weeks. This figure shows the evolution of a rolling time window of the standard deviation of four con-
secutive momentum portfolio returns over the weekly sample January 2016 to December 2023
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Fig.7 Compounded return on the cryptocurrency momentum portfolio. This figure shows the evolution
of the compounded return on cryptocurrency momentum portfolio returns over the weekly sample Janu-
ary 2016 to December 2023. The blue line shows the evolution of compounded cryptocurrency momen-
tum returns, whereas the red line shows the evolution of compounded cryptocurrency momentum returns
excluding the most extreme return corresponding to —255.28%
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Cryptocurrency momentum has (not) its moments

Table 11 Risk adjusting the volatility-managed value-weighted cryptocurrency momentum portfolio

Strategy a; ﬁ; . @2 R?
f’}” MOM(VW) —0.0106 (—1.25) —0.0008 (—1.02) 0.0034*** (11.06) 0.25
g‘” MOM(VW) —0.0083 (—1.42) —0.0008 (—1.62) 0.0034%** (15.84) 0.41
fll"’ MOM(VW) —0.0095 (—1.63) —0.0012%* (-2.33) 0.0036*** (17.16) 0.46

The market factor (rfW“(VW)) is a value-weighted portfolio of cryptocurrencies derived from a data set
comprising 2,500 coins. Risk-managed (RM) value-weighted cryptocurrency momentum strategies
(rRM MOMW)y — gcale plain value-weighted cryptocurrency momentum returns as follows:
RM MOM(VW) _ MOM(VW)
]f G,

is the estimated standard deviation of the value-weighted cryptocurrency momentum portfolio between
week t — j and week ¢ — 1 with j € {4,8, 12}. This table reports the results for the following regression:

RIM MOMVI) =a;+f;, rMh(VW) + b rMOM(VW) +¢€;,, where ¢;, denotes white noise error, ¢ = 10, and

6' =(a;, ;1> ﬂﬂ) is the vector of parameters to be estlmated The weekly data sample is from the second
week of April 2016 to the fourth week of December 2023 comprised of 404 observations. This table
reports the point estimates for the regression models, and #-statistics are given in parentheses

, where c is scaling factor corresponding to the target level of volatility and 5, ; g

“**Statistically significant on a 1% level

“Statistically significant on a 5% level
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