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Introduction
With the invention of Bitcoin (Nakamoto 2008) followed by altcoins, the skeptical yet 
unstoppable rise of the cryptocurrency market has drawn significant attention in recent 
years. This unique financial market provides many key features to be explored. One of 
these features is the effect of maximum daily return (MAX) on cryptocurrency prices. In 
their seminal paper, Bali et al. (2011) introduce the MAX effect showing that stocks with 
extreme historical positive returns are inclined to exhibit lower returns in the future. 
This effect in asset pricing has received empirical support by many studies in the stock 
market literature, including Fong and Toh (2014), Barinov (2018), and Hung and Yang 
(2018). In this study, following Bali et al. (2011), we investigate the role of lagged extreme 
positive returns in the cross-sectional pricing of cryptocurrencies.1

Recently, the cryptocurrency market has attracted increased attention from inves-
tors as it offered a brand new and distinguished investment opportunity.2 Unlike other 
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financial assets, cryptocurrencies are based on electronic cash payment systems with-
out any participation of higher authority or physical representation. It provides online 
trading through an algorithm that helps trace transactions. This attractive financial asset 
has an infinite divisibility with low transaction costs. The literature has indicated certain 
features of the cryptocurrency market, such as price clustering (Urquhart 2017), diversi-
fication benefits (Corbet et al. 2018a; Kajtazi and Moro 2019; Urquhart and Zhang 2019; 
Akhtaruzzaman et al. 2020), pricing bubbles (Corbet et  al. 2018b), volatility dynamics 
(Katsiampa et al. 2019; Shen et al. 2020; Akyildirim et al. 2020), and arbitrage opportuni-
ties (Makarov and Schoar 2020).

A group of recent studies investigate the predictability of cryptocurrencies, that is, the 
inefficiency in this market. However, the results are somewhat contradictory.3 For exam-
ple, Caporale et al. (2018) examines the return persistence—and therefore predictabil-
ity—of the cryptocurrency market and shows a positive correlation between past and 
future returns of four main cryptocurrencies. Similarly, Zhang et al. (2018) and Al-Yahy-
aee et al. (2018) report inefficiency in the cryptocurrency market, and Tzouvanas et al. 
(2019) shows that momentum effect exists in the short-term. Akyildirim et  al. (2021) 
finds evidence that the cryptocurrency market is inefficient even in the weak form as 
it is possible to predict future returns by applying machine learning tools on historical 
prices.4 Contrariwise, Vidal-Tomas and Ibanez (2018) and Sensoy (2019) argue that the 
efficiency of Bitcoin has evolved over time. Focusing on momentum effects in crypto-
currencies, Grobys and Sapkota (2019) indicates a slight efficiency in the cryptocurrency 
market. Wei (2018) shows that as market liquidity increases, return predictability dimin-
ishes. However, the study reports signs of efficiency improvement only for Bitcoin while 
other cryptocurrencies remain inefficient.

As stated above, the predictability of cryptocurrency returns has been studied in detail 
by many researchers in the recent years. However, there is room to explore this concept, 
especially with respect to different dimensions, such as investor preferences. For exam-
ple, empirical literature provides evidence that investors exhibit preference for lottery-
like assets. Kumar (2009) documents the likelihood of individual investors to choose 
assets with a relatively low probability of a large payoff. The author defines these assets 
as low-priced with high idiosyncratic volatility and high idiosyncratic skewness. Follow-
ing this argument, Bali et al. (2011) investigate the investor preference over lottery-like 
stocks using MAX as a proxy for extreme returns. In addition, they argue that regarding 
the tendency to extreme positive returns, these under-diversified investors show prefer-
ence for skewness. Moreover, Fong and Toh (2014) uncover the dependency of MAX 
effect on investor sentiment and show that certain groups of institutional investors are 
also prone to gamble in high MAX stocks. Previous studies have shown that, in addi-
tion to the US equity market, European (Annaert et al. 2013; Walkshäusl 2014), Austral-
ian (Zhong and Gray 2016), Hong Kong (Chan and Chui 2016), Chinese (Nartea et al. 
2017), and Brazilian (Berggrun et al. 2019) stock markets demonstrate the presence of 
the MAX effect.

3 Refer to Corbet et al. (2019) for an excellent review on the literature of cryptocurrency markets.
4 While this study uses a direct approach in feature selection, further advancements could be applied by choosing the 
model features in two stages. For an example, see Kou et al. (2021b).
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Motivated by these different lines of literature, we investigate whether and how the 
MAX effect exists in the cryptocurrency market. Following Bali et al. (2011), we start by 
sorting cryptocurrencies according to their maximum daily return in the past month. 
We examine weekly returns on the resulting portfolios for the period between January 
2014 and September 2020.5 The average difference between weekly returns on the high-
est and lowest value-weighted MAX portfolios is found to be 3.03%, whereas the dif-
ference in corresponding three-factor alphas is 1.99%, both being significant with the 
Newey and West (1987) adjusted t-stat of 4.10 and 3.72, respectively. The results are 
robust to sorting cryptocurrencies each week based on averages of two, three, four, and 
five highest daily returns within the past month. This suggests that portfolios with the 
highest past extreme returns outperform portfolios with the lowest past extreme returns 
in the future. In addition to the documented investor preference over lottery-like assets, 
a positive difference between high MAX and low MAX portfolios indicates a permanent 
impact of extreme positive returns. For further examination, we perform bivariate port-
folio analysis on raw returns and compare three-factor alphas, controlling for various 
characteristics, such as size, price, momentum, short-term reversal, and illiquidity. The 
bivariate analysis differs from the univariate analysis by double sort where we first cat-
egorize coins according to a certain characteristic and then sort by MAX to detect the 
MAX effect cleared from any other potential impact. The bivariate portfolio analysis and 
Fama and MacBeth (1973) cross-sectional regressions provide supporting evidence for 
the MAX effect. The univariate regression of MAX on lagged MAX, as well as the mul-
tivariate regression with seven additional control variables, produces positive, consider-
ably large, and extremely significant MAX coefficient.

We contribute to the cryptocurrency literature by investigating the relationship 
between maximum daily returns and expected future returns. Coin-level cross-sectional 
regressions show that the MAX effect has an explanatory power over future cryptocur-
rency returns. Our results contradict with the findings of Grobys and Sapkota (2019), 
Jia et al. (2020), and Grobys and Junttila (2021). Grobys and Sapkota (2019) report no 
supporting evidence of momentum effects by testing 143 cryptocurrencies and indicate 
that the cryptocurrency market is not as inefficient as earlier studies suggest. Moreo-
ver, Jia et al. (2020) examine the predictive power of higher moments on the cross-sec-
tion of expected returns using 84 cryptocurrencies. They document a significant return 
predictability of higher moments and a negative significant relationship between posi-
tive extreme returns and future returns. Similarly, Grobys and Junttila (2021) investi-
gate the speculative behavior in the cryptocurrency market by utilizing a data set of 20 
coins excluding Bitcoin for the period between January 2016 and December 2019. They 
report that investors tend to prefer cryptocurrencies with high payoffs and low subse-
quent returns. However, we note that these studies have limited samples, and we believe 
that the sample size is crucial for obtaining accurate results. Therefore, in this analysis, 
we use all cryptocurrencies over $5 million market capitalization with publicly available 
data. This gives us 17 cryptocurrencies at the beginning of our sample period, which 
reaches up to 523 cryptocurrencies in the end. Our sample is very close to the entire 

5 We consider weekly returns as in the cryptocurrency market, trading and investor reactions to market sentiment is 
faster than the traditional financial markets (Dyhrberg 2016; Hong 2017).
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universe of cryptocurrencies traded in the market, which enhances the robustness of our 
findings.6 Furthermore, the conclusion of Li et al. (2020a) is consistent with our results 
that cryptocurrencies with the highest extreme returns pursue their superior perfor-
mance in the future.

In this study, we additionally analyze the volatility effect on subsequent cryptocur-
rency returns. Ang et al. (2006) report that there exists a negative relationship between 
idiosyncratic volatility and expected returns, whereas Zhang and Li (2020) argue a con-
trary positive relation for cryptocurrencies. We find a high correlation between idi-
osyncratic volatility and maximum daily returns and suspect whether MAX acts as a 
substitute for volatility, which would make this effect transient in the cryptocurrency 
market. We examine this problem by performing bivariate portfolio analysis on MAX, 
wherein the sorting on the volatility component is performed by using both Garman 
and Klass (1980) volatility (VOL) and idiosyncratic volatility (IVOL) for robustness. 
Precisely, we first sort portfolios based on maximum daily returns, controlling for VOL 
(IVOL), and report a value-weighted average raw difference between high MAX and 
low MAX portfolios of 1.58% (0.91%) with a t-stat of 5.17 (2.72). The high significance 
of returns indicate that MAX effect is valid and persistent. Furthermore, when we sort 
portfolios according to IVOL, controlling for MAX, we obtain insignificant differences 
for raw return and alpha differences between the highest and lowest idiosyncratic vol-
atility deciles. We further conduct a cross-sectional regression analysis and find sup-
porting evidence for a significant MAX effect and an insignificant volatility effect over 
expected returns. Consequently, the positive explanatory power of MAX on subsequent 
returns is robust to controls for various volatility measures.

Moreover, we examine the relationship between extreme positive returns and skew-
ness. Empirical findings document that more positively skewed portfolios yield subse-
quent lower returns (Harvey and Siddique 2000; Smith 2007; Mitton and Vorkink 2007; 
Conrad et al. 2013). However, Brunnermeier and Gollier (2007) and Barberis and Huang 
(2008) theoretically show that this result is more likely to be reasoning from the over-
optimism for low-price and low-probability states in which extreme returns are over-
weighted. Studies on cryptocurrencies present conflicting results on the impact of 
skewness on the cross-section of returns (Balcilar et al. 2017; Wei 2018). In addition, Jia 
et al. (2020) indicate that return predictability of skewness is affected by extreme posi-
tive returns. Therefore, we further analyze the relationship between MAX and skew-
ness to test whether extreme positive returns proxy for skewness. We use two different 
measures, total skewness (TSKEW) and idiosyncratic skewness (ISKEW) (Boyer et  al. 
2010), and conduct bivariate portfolio analyses, along with cryptocurrency-level cross-
sectional return regressions. Our findings demonstrate that the MAX effect is robust 
when we control for total and idiosyncratic skewness.

Finally, we investigate the impact of investor sentiment on maximum daily returns as 
many studies in the empirical literature show that investor sentiment has an effect on 
cross-sectional returns (Baker and Wurgler 2006, 2007; Da et al. 2015; He et al. 2019). 

6 2000 cryptocurrencies narrow down to 973 in total, when we apply $5 million market cap filter to exclude illiquid 
cryptocurrencies and obtain more reliable and robust results. However, when we conduct the same analyses using all of 
2000 coins, the outcomes are similar to those presented in the study. Results are available upon request.
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Specifically, Stambaugh et al. (2012) document that overpricing of stocks is more preva-
lent during high sentiment periods. Fong and Toh (2014) demonstrate the dependence 
of MAX effect over investor sentiment and report that—controlling for the past senti-
ment—the significance of MAX effect decreases. Regarding the crytocurrency mar-
ket, Karalevicius et al. (2018) report that investors are inclined to overreact to news on 
media; thus, Bitcoin prices act according to the sentiment direction. In addition, Polasik 
et al. (2015) indicate that Bitcoin returns are contingent upon popularity, media senti-
ment, and the total number of transactions. To investigate the speculative bubbles with 
relatively high returns in the cryptocurrency market, Chen and Hafner (2019) utilize 
StockTwits sentiment analysis and report high volatility during low sentiment periods. 
Considering the sentiment impact reported in the literature, we conduct a bivariate 
portfolio analysis, controlling for the investor sentiment. We observe that the difference 
between high MAX and low MAX value-weighted portfolio raw returns equals 2.80% 
(3.25%) with a Newey-West adjusted t-stat of 3.16 (1.98) during the low (high) sentiment 
period. Furthermore, we plot the time-series of cumulative long-short portfolio returns 
and investor sentiment. In line with the findings of Fong and Toh (2014), in the crypto-
currency market, we report that the performance of long-short hedge portfolio based on 
MAX is higher following high sentiment periods. Our results support the momentum 
impact of extreme positive returns. Nevertheless, the MAX effect continues to be robust 
after controlling for the investor sentiment as it remains significant in both high and low 
sentiment states.

The remainder of the paper is organized as follows. Second section presents univariate 
and bivariate portfolio-level analyses and coin-level cross-sectional regressions. Third 
section discusses the relationship between extreme returns and volatility measures, 
while fourth and fifth sections focus on the connection of extreme returns with skew-
ness and investor sentiment, respectively. Finally, sixth section concludes the paper.

Maximum daily return and the cross‑section of expected returns
We use daily closing prices of all cryptocurrencies with publicly available data.7 We 
exclude cryptocurrencies with market capitalization below $5 million, and we incorpo-
rate a new coin into the sample after waiting for six months.8 The data source is Coin-
MarketCap (https:// coinm arket cap. com/ coins/), and our sample spans the period from 
the beginning of January 2014 to the end of September 2020. Sample size starts with 
only 17 cryptocurrencies at the beginning and reaches up to 523 cryptocurrencies by the 
end of the period under examination.

7 List of cryptocurrencies are available upon request.
8 We thank the anonymous referee for this suggestion. Cryptocurrencies with low market capitalization show extreme 
low liquidity, which complicates the application of practical trading strategies in reasonable sizes. Moreover, when a coin 
is initially launched, price behavior might be very strange until it is adopted by users, miners, and traders. It takes some 
time for it to gain substantial acceptance and liquidity. Therefore, we consider cryptocurrencies with market caps over 
$5 million and exclude the first six months of price behavior out of our sample.

https://coinmarketcap.com/coins/
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Variable construction

We construct most of our variables following Bali et al. (2011). Our variable of interest 
is the maximum daily return within the past month (MAX), calculated weekly for each 
coin, as described in Eq. (1).

where Ri,d is the return on cryptocurrency i on day d, and Dm is the number of trading 
days in month m.9 To estimate BETA, we follow Scholes and Williams (1977) and Dim-
son (1979) and consider lag, current, and lead returns on market index. We estimate 
Eq. (2) weekly for each coin using daily returns within a month.

where Rm,d is the cryptocurrency market portfolio return on day d, and rf ,d is the risk-
free rate on day d.10 We measure SIZE by the natural logarithm of the cryptocurrency’s 
market capitalization by the end of previous week. As another size variable, we meas-
ure PRICE by the natural logarithm of one plus the cryptocurrency’s price by the end 
of previous week. The momentum variable (MOM) is calculated weekly for each coin 
as the cumulative return over the previous three weeks starting two weeks ago, that is, 
the cumulative return from week t-4 to week t-2. Short-term reversal (REV) is defined as 
the cumulative return on cryptocurrency i within the past week, that is, the cumulative 
return in week t-1. To measure illiquidity (ILLIQ), we follow Amihud (2002) and calcu-
late the ratio of absolute daily cryptocurrency return to its mean dollar trading volume 
each week, as shown in Eq. (3).

where VOLDi,d is the respective trading volume in dollars and D is the total number 
of trading days in a week. Our final variable of interest is volatility (VOL). To estimate 
weekly volatility of each coin, we follow Garman and Klass (1980) and use Eq. (4).

where N is the total number of trading days in a month and D is the total number of 
trading days in a week. Hi,d , Li,d , Ci,d and Oi,d are the highest, lowest, closing, and open-
ing price of cryptocurrency i, respectively, on day d.11

(1)MAXi,t = max(Ri,d), d = 1, . . . ,Dm

(2)
Ri,d − rf ,d = αi + β1,i(Rm,d−1 − rf ,d−1)+ β2,i(Rm,d − rf ,d)

+ β3,i(Rm,d+1 − rf ,d+1)+ ǫi,d

(3)ILLIQi,t =
1

D

D
∑

d=1

|Ri,d |

VOLDi,d

(4)VOLi,t =

√
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√

√

N

D

N
∑

d=1

[

1

2

(

log
Hi,d

Li,d

)2

−
(

2log(2)− 1
)

(

log
Ci,d

Oi,d

)2
]

11 There exists a high cross-correlation between MAX and idiosyncratic volatility, which causes multicollinearity in the 
regression models. Therefore, we use Garman-Klass volatility (then the correlation coefficient between MAX and volatil-
ity becomes 0.0028) to capture the intraday information, which seems to have a considerable impact on price variability 
(Eross et al. 2019; Mensi et al. 2019; Jia et al. 2020).

9 The meaning of trading days in the cryptocurrency market is different from that in the traditional stock market, as the 
coin market is always active. In our analysis, we assume a week and a month to be 7 and 28 trading days, respectively.
10 We construct a daily value-weighted cryptocurrency market index using all sample cryptocurrencies. Risk-free rate is 
the one-month T-bill return.
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Table 1 shows descriptive statistics of variables. Our main variable of interest, MAX, 
has a mean value of 22% with a lower median value of 16%. In addition, MOM, REV, and 
VOL averages are 7%, 2%, and 91%, respectively. Mean and median values of ILLIQ is 
slightly low, which indicates that we have been able to remove the most illiquid coins out 
of the sample.

Univariate portfolio analysis

We form decile portfolios by sorting cryptocurrencies based on MAX values and pre-
sent the value-weighted and equal-weighted average weekly returns in Table 2. Portfo-
lio 1 (10) is the portfolio of cryptocurrencies with the lowest (highest) maximum daily 
returns during the previous month. The first column of Table 2 shows that the value-
weighted average raw return difference between decile 10 (high MAX) and decile 1 (low 
MAX) is 3.03% per week with a corresponding Newey-West adjusted t-stat of 4.10. Simi-
larly, as shown the third column of Table 2, the raw difference between the low MAX 
and high MAX equal-weighted portfolio returns average 2.45% per week with a t-sta-
tistic of 3.22. Table 2 also reports the intercept terms (alphas) from regressions of the 
value-weighted and equal-weighted portfolio returns on a constant, the excess market 
return, a size factor, and a momentum factor, following Fama and French (1993) and 
Carhart (1997). The excess cryptocurrency market return is the difference between 
cryptocurrency market index return and the risk-free rate. For the size factor, we fol-
low Liu et al. (2020) and Zhang and Li (2020) and split cryptocurrencies per week into 
three groups by market capitalization. We form value-weighted portfolios for each size 
group and calculate the difference between average returns of small and big size portfo-
lios. Similarly, for the momentum factor, we split cryptocurrencies per week into three 
groups by momentum.12 We construct value-weighted portfolios for each momentum 
group, and we calculate the difference between average returns of the highest and lowest 

Table 1 Descriptive statistics of the main variables

Table reports summary statistics of the main variables used in the study. Mean, median, standard deviation, skewness, 
kurtosis, 25th and 75th quartiles of weekly calculations are shown. MAX refers to the maximum daily return within a month. 
BETA is the market beta calculated as the sum of coefficients on lag, current and lead returns on market portfolio. SIZE 
equals the natural logarithm of the cryptocurrency’s market capitalization by the end of previous week. PRICE is the natural 
logarithm of one plus the cryptocurrency’s price. MOM stands for momentum that equals the cumulative return over the 
previous three weeks skipping past week. REV stands for short‑term reversal and equals the return in the past week. ILLIQ 
refers to Amihud illiquidity measure, which is calculated by the ratio of absolute daily cryptocurrency return to its mean 
dollar trading volume. VOL refers to Garman‑Klass volatility measure, which takes into account the highest, lowest, opening 
and closing prices

Mean Median SD Skewness Kurtosis 25th Quartile 75th Quartile

MAX 0.22 0.16 0.20 2.92 16.51 0.10 0.26

BETA 0.86 0.93 0.71 − 0.70 19.87 0.51 1.21

SIZE 17.12 16.72 1.44 1.07 3.51 15.99 17.90

PRICE 0.55 0.12 0.91 2.31 8.60 0.02 0.67

MOM 0.07 0.00 0.43 4.18 42.77 − 0.16 0.19

REV 0.02 0.00 0.20 2.37 23.23 − 0.09 0.09

ILLIQ 0.00 0.00 0.00 6.12 57.71 0.00 0.00

VOL 0.91 0.77 0.50 1.25 4.44 0.55 1.14

12 We compute momentum as the cumulative return over the past three weeks following Liu et al. (2020).
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momentum portfolios. The difference between the high MAX and low MAX value-
weighted portfolio’s three-factor alphas equals 1.99% with a Newey-West adjusted t-stat 
of 3.72, as shown in the last two rows of Table 2. The difference between the high MAX 
and low MAX equal-weighted portfolio alphas equals 2.44% with a Newey-West t-stat 
of 3.34. For both value-weighted and equal-weighted portfolios, the differences between 
average returns and three-factor alphas are both economically and statistically signifi-
cant. In addition, we observe that as average MAX increases, both average returns and 
alphas increase monotonically. Contrary to the significant negative MAX effect in equity 
market (Bali et  al. 2011; Hung and Yang 2018), these findings show that portfolios of 
cryptocurrencies with the highest extreme returns continue to exhibit superior perfor-
mance in the future.

We repeat the univariate portfolio analysis by considering not only the unique extreme 
positive return (MAX) but also the averages of N (N = 2, 3, 4, and 5) highest daily 
returns within the past month, denoted by MAX(N). Table 3 presents the results of the 
analysis. Panel A reports the average return and alpha differences between the highest 
and lowest average MAX(N) for the value-weighted portfolios, and Panel B shows those 
for the equal-weighted portfolios. We also show the results from Table 2 in the first col-
umn of Table 3 for ease of comparison. The value-weighted and equal-weighted average 
raw return differences between the high MAX(N) and low MAX(N) remain economi-
cally and statistically significant.

Looking at Tables 2 and 3, we may argue that investors expect the extreme positive 
daily return behavior to last in the future and thus they may be willing to purchase 
these coins for higher prices. To understand the persistence of the MAX effect and to 
discuss the relationship between extreme positive returns and certain characteristics 

Table 2 Returns and alphas on portfolios of cryptocurrencies sorted by MAX

Decile portfolios are formed every week from January 2014 to September 2020 by ranking cryptocurrencies based on 
the maximum daily return (MAX) within the past month. Decile 1 (10) is the portfolio of cryptocurrencies with the lowest 
(highest) maximum daily return over the previous month. Table presents the value‑weighted (VW) and equal‑weighted 
(EW) average weekly returns, three‑factor alphas on the value‑weighted and equal weighted portfolios, and average 
maximum daily returns of cryptocurrencies within the past month. The bottom two rows report the differences in weekly 
returns and the differences in alphas between portfolios 10 and 1, and the corresponding t‑statistics. Newey‑West (1987) 
adjusted t‑statistics are presented in parentheses

***, ** and * denote significance at 1%, 5% and 10%, respectively

Decile VW portfolios EW portfolios

Average Return Alpha Average Return Alpha Average MAX

Low MAX − 0.009 − 0.009 0.006 0.003 0.056

2 − 0.007 − 0.008 0.016 0.016 0.083

3 − 0.007 − 0.008 0.012 0.013 0.099

4 − 0.007 − 0.008 0.013 0.011 0.126

5 0.002 0.001 0.024 0.021 0.132

6 0.000 0.000 0.016 0.015 0.169

7 0.010 0.008 0.017 0.013 0.200

8 0.007 0.007 0.027 0.024 0.241

9 0.020 0.014 0.022 0.021 0.317

High MAX 0.021 0.011 0.031 0.027 0.555

10-1 difference 0.030 0.020 0.025 0.024

(4.102)*** (3.724)*** (3.217)*** (3.342)***
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of cryptocurrencies, we run the Fama and MacBeth (1973) regression models. In par-
ticular, for each week, we regress the maximum daily return within that particular 
month on the maximum daily return from the past month and seven lagged control 
variables. As explained in “Variable construction” section, our control variables are 
the market beta (BETA), the log of market capitalization (SIZE), the price of cryp-
tocurrency (PRICE), the return over three weeks prior to the past week (MOM), the 
return in the previous week (REV), the Amihud illiquidity measure (ILLIQ), and the 
Garman-Klass volatility measure (VOL). For each of the 348 sample weeks, we win-
sorize all variables in the cross-section at 5% level from both upper and lower tails to 

Table 3 Returns on portfolios of cryptocurrencies sorted by multi-day MAX

Decile portfolios are formed every week from January 2014 to September 2020 by sorting cryptocurrencies based on the 
average of N highest daily returns (MAX(N)) within the past month. Decile 1 (10) is the portfolio of cryptocurrencies with the 
lowest (highest) maximum multi‑day returns over the previous month. Table presents the value‑weighted (VW) (in Panel 
A) and equal‑weighted (EW) (in Panel B) average weekly returns for N=1, 2, 3, 4, and 5. The bottom two rows report the 
differences in weekly returns and the differences in three‑factor alphas between portfolios 10 and 1, and the corresponding 
t‑statistics. Newey‑West (1987) adjusted t‑statistics are presented in parentheses

***, ** and * denote significance at 1%, 5% and 10%, respectively

Decile N = 1 N = 2 N = 3 N = 4 N = 5

Panel A. Value-weighted returns on MAX(N) portfolios

Low MAX(N) − 0.009 − 0.003 − 0.004 − 0.003 − 0.002

2 − 0.007 0.002 − 0.001 0.000 0.001

3 − 0.007 − 0.001 − 0.001 − 0.001 − 0.001

4 − 0.007 − 0.001 0.006 0.008 0.002

5 0.002 0.006 0.006 0.006 0.011

6 0.000 0.002 − 0.001 − 0.002 − 0.003

7 0.010 0.008 0.004 0.006 0.010

8 0.007 0.009 0.011 0.007 0.006

9 0.020 0.017 0.017 0.007 0.006

High MAX(N) 0.021 0.022 0.014 0.020 0.023

Return difference 0.030 0.026 0.018 0.023 0.025

(4.102)*** (3.235)*** (3.040)*** (2.212)** (2.447)***

Alpha difference 0.020 0.024 0.023 0.019 0.016

(3.724)*** (3.525)*** (2.773)*** (2.431)*** (2.364)***

Decile N = 1 N = 2 N = 3 N = 4 N = 5

Panel B. Equal-weighted returns on MAX(N) portfolios

Low MAX(N) 0.006 0.005 0.005 0.006 0.007

2 0.016 0.017 0.014 0.015 0.016

3 0.012 0.014 0.013 0.013 0.011

4 0.013 0.013 0.021 0.023 0.016

5 0.024 0.017 0.016 0.017 0.024

6 0.016 0.019 0.016 0.015 0.013

7 0.017 0.024 0.021 0.023 0.026

8 0.027 0.028 0.029 0.023 0.022

9 0.022 0.021 0.021 0.021 0.020

High MAX(N) 0.031 0.027 0.026 0.029 0.032

Return difference 0.025 0.022 0.021 0.023 0.025

(3.217)*** (2.903)*** (2.857)*** (3.051)*** (3.176)***

Alpha difference 0.024 0.018 0.017 0.020 0.021

(3.342)*** (2.543)*** (2.484)*** (2.795)*** (2.822)***
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get rid of the outlier effect without removing any observation. Table  4 presents the 
average coefficients form cross-sectional regressions and the Newey-West adjusted 
t-statistics. The first two rows of Table 4 show that the coefficient of MAX variable 
is positive with an extremely high statistical significance and the adjusted R-squared 
value over 68%. When we add the seven control variables to the regression, MAX 
coefficient remains positive and highly significant with the adjusted R-squared of over 
75% while all other variables become insignificant. This significant explanatory power 
of MAX in the univariate regression on lagged MAX and multivariate regression with 
additional seven lagged variables indicate that a positive relation exists between the 
maximum daily return over the previous month and expected extreme positive cryp-
tocurrency returns. In other words, coins with extreme positive returns are inclined 
to outperform in the following month.

We further investigate the two extreme deciles (low MAX and high MAX) in the 
post-formation period and report the descriptive statistics in Table 5. We use approx-
imately 55,000 weekly returns on cryptocurrencies. Unlike the equal-weighted port-
folio calculation in Table  2 with different number of coins, we weigh all returns 
equally as presented in the first row of Table 5. For this reason, the mean return for 

Table 4 Cross-sectional predictability of MAX

Each week, we conduct a cryptocurrency‑level cross‑sectional regression of the MAX on lagged explanatory variables, which 
are lagged MAX, BETA, SIZE, PRICE, MOM, REV, ILLIQ and VOL. MAX refers to the maximum daily return within a month. BETA 
is the market beta calculated as the sum of coefficients on lag, current and lead returns on market portfolio. SIZE equals the 
natural logarithm of the cryptocurrency’s market capitalization by the end of previous week. PRICE is the natural logarithm 
of one plus the cryptocurrency’s price. MOM stands for momentum that equals the cumulative return over the previous 
three weeks skipping past week. REV stands for short‑term reversal and equals the return in the past week. ILLIQ refers 
to Amihud illiquidity measure, which is calculated by the ratio of absolute daily cryptocurrency return to its mean dollar 
trading volume. VOL refers to Garman‑Klass volatility measure, which takes into account the highest, lowest, opening and 
closing prices. Both dependent and independent variables are winsorized at 5% level from upper and lower tails. Table 
reports the time‑series averages of the cross‑sectional regression coefficients and corresponding t‑statistics. Newey‑West 
(1987) adjusted t‑statistics are presented in parentheses

***, ** and * denote significance at 1%, 5% and 10%, respectively

MAX BETA SIZE PRICE MOM REV ILLIQ VOL R2 (%)

0.957 68.57

(90.128)***

0.413 11.37

(1.255)

− 0.012 8.22

(− 2.228)**

0.083 6.98

(3.915)***

0.084 11.11

(3.371)***

0.109 13.36

(2.218)**

1.540 15.62

(2.315)**

0.242 36.27

(5.953)***

1.339 0.377 − 0.025 0.034 − 0.097 0.731 1.277 0.087 75.47

(24.122)*** (0.907) (− 1.014) (1.106) (− 0.818) (1.179) (0.201) (1.586)
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low MAX is lower than the equal-weighted portfolio average return (in Table 2), and 
the mean return for high MAX is higher than that of Table 2. When compared to low 
MAX coins, high MAX coins have higher average returns with higher volatility and 
slightly more positive skewness. Moreover, upper tail behavior in percentiles presents 
that the high MAX returns at 90th, 95th, and 99th percentiles are nearly twofold of 
low MAX returns. The results demonstrate that there is a higher probability for high 
MAX coins to preserve extreme positive returns in the future.

The analyses thus far uncover some evidence against the investor preference over 
lottery-like assets, which have a slight chance of a large future payoff in the future 
(Kumar 2009; Bali et al. 2011). The MAX variable with a characteristic of high posi-
tive skewness construct a suitable basis for lottery-like behavior (Fong and Toh 2014; 
Zhu et al. 2020). However, in the cryptocurrency market, we observe that if we buy a 
well performing coin portfolio and sell a poorly performing portfolio, there is a high 
probability of continuing to win significant positive returns in the future. Hence, the 
behavior of the cryptocurrency market signals inefficiency and resembles movement 
direction of the momentum factor (Jegadeesh and Titman 1993). To understand more 
about the MAX portfolio composition, we report the summary statistics of crypto-
currencies in the decile portfolios in Table 6. The table presents the averages of the 
weekly median values of characteristics, which are the maximum daily return (MAX), 
the cryptocurrency market beta, the market capitalization (in millions of dollars), the 
price (in dollars), the cumulative return over the previous three weeks prior to the 
week before (MOM), the cumulative return over the past week (REV), the Amihud 
illiquidity measure (scaled by 10−5 ), and the Garman-Klass volatility measure.

Table 6 shows that as we move from decile 1 (low MAX) to decile 10 (high MAX), 
the average of weekly median MAX values increase from 5.38% to 59.56% whereas the 
size values decrease from $426.75 million to $21.92 million. This indicates that high 

Table 5 Distribution of weekly returns for cryptocurrencies in high and low MAX portfolios

Decile portfolios are formed every week from January 2014 to September 2020 by sorting cryptocurrencies according to 
maximum daily return (MAX) within the previous month. The table presents descriptive statistics for the approximately 
55.000 weekly returns on the coins in decile 1 (low MAX) and decile 10 (high MAX) in the subsequent week

Low MAX High MAX

Mean 0.005 0.038

Median − 0.001 − 0.003

Std dev 0.155 0.251

Skewness 2.570 2.919

Percentiles

1% − 0.352 − 0.371

5% − 0.213 − 0.262

10% − 0.154 − 0.199

25% − 0.061 − 0.126

50% − 0.001 − 0.003

75% 0.050 0.155

90% 0.159 0.337

95% 0.256 0.430

99% 0.505 0.722
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MAX portfolios are dominated by smaller-sized cryptocurrencies. This result is con-
sistent with the findings of Chan et al. (1991) and Fama and French (1992) who docu-
ment the high likelihood of relatively smaller firms to return higher profits. As the 
average of median daily maximum return increases through decile 1 to decile 10, the 
price also diminishes. The increase in the market beta indicates that cryptocurrencies 
in high MAX decile are slightly more exposed to market risk. The average values of 
the median momentum and short-term reversal variables both rise as we move from 
low MAX decile to high MAX decile. These findings also support that past winners 
continue to perform better in the future (Jegadeesh and Titman 1993). Furthermore, a 
mild increase exists in the illiquidity measure. Specifically, high MAX coins are found 
to be less liquid and more volatile. This contrary relationship is consistent with the 
findings of Wei (2018).

Bivariate portfolio analysis

In this section, our goal is to understand whether the relationship between maximum 
daily returns and future returns on cryptocurrencies persists as discussed, when we con-
trol for size, price, momentum, short-term reversal, and liquidity. Following Bali et al. 
(2011), we perform the bivariate portfolio analysis where we first sort cryptocurrencies 
by a certain characteristic (such as size). We then categorize each of these deciles accord-
ing to MAX. Thus, we obtain 100 cryptocurrency portfolios. Table 7 presents the results 
for MAX portfolio deciles by averaging across the ten deciles sorted by the character-
istics.13 Average returns and corresponding alphas for value-weighted portfolios and 
equal-weighted portfolios are reported in Panel A and Panel B of Table 7, respectively.

Bivariate portfolio analysis presents the supporting evidence for our findings in “Uni-
variate portfolio analysis” section. When we control for size, the value-weighted mean 

Table 6 Summary statistics for decile portfolios of stocks sorted by MAX

Decile portfolios are formed every week from January 2014 to September 2020 by ranking cryptocurrencies based on 
the maximum daily return (MAX) within the past month. Decile 1 (10) is the portfolio of cryptocurrencies with the lowest 
(highest) maximum daily return over the previous month. Table presents the averages of weekly median values of each 
decile for various characteristics of cryptocurrencies – the maximum daily return (MAX), the cryptocurrency market beta, the 
market capitalization (in millions of dollars), the price (in dollars), the cumulative return over the previous three weeks prior 
to the week before (MOM), the cumulative return over the past week (REV), the Amihud illiquidity measure (scaled by 10−5 ), 
and the Garman–Klass volatility measure

Decile MAX BETA SIZE ($106) PRICE ($) MOM REV ILLIQ (10−5) VOL

Low MAX 0.054 0.693 426.752 0.982 − 0.030 − 0.019 0.027 0.376

2 0.083 0.871 354.295 0.762 − 0.036 − 0.015 0.033 0.546

3 0.100 0.868 150.015 0.558 − 0.021 − 0.014 0.042 0.605

4 0.126 0.908 251.399 0.668 − 0.011 − 0.006 0.066 0.680

5 0.132 0.801 129.025 0.427 0.022 0.000 0.061 0.657

6 0.169 0.905 174.171 0.518 0.025 0.009 0.070 0.776

7 0.199 0.916 135.694 0.532 0.059 0.012 0.088 0.852

8 0.241 0.889 27.440 0.367 0.076 0.021 0.078 0.896

9 0.314 0.839 35.708 0.313 0.128 0.042 0.129 0.961

High MAX 0.596 0.942 21.916 0.350 0.245 0.077 0.285 1.389

13 We do not report the findings of all 100 portfolios for brevity; however, comprehensive results are available upon 
request.
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return difference between decile 10 (high MAX) and decile 1 (low MAX) is 2.73% with 
a Newey-West adjusted t-stat of 7.70. Furthermore, the corresponding value for the 
value-weighted average risk-adjusted return difference equals 2.47% with a t-stat of 2.71. 
Similarly, after controlling for price, momentum, short-term reversal, and liquidity, the 
value-weighted average return differences between the high MAX and low MAX port-
folios are 1.75%, 1.69%, 1.48%, and 1.76% per week, respectively. For equal-weighted 
portfolios, average return differences between high MAX and low MAX portfolios are 
2.08%, 1.82%, 1.77%, 1.70%, and 1.56% per week, respectively. All mean raw differences 

Table 7 Returns on portfolios of cryptocurrencies sorted by MAX after controlling for SIZE, PRICE, 
MOM, REV, and ILLIQ

Decile portfolios are formed every week from January 2014 to September 2020 by sorting cryptocurrencies based on the 
maximum daily returns after controlling for size, price, momentum, short‑term reversal, and illiquidity. In each column, 
we first rank cryptocurrencies based on the control variable, then within each decile, we sort cryptocurrencies into decile 
portfolios of MAX. Decile 1 (10) is the portfolio of cryptocurrencies with the lowest (highest) maximum daily return over the 
previous month. Table presents the value‑weighted (VW) (in Panel A) and equal‑weighted (EW) (in Panel B) average weekly 
returns. The bottom two rows report the differences in weekly returns and the differences in three‑factor alphas between 
portfolios 10 and 1, and the corresponding t‑statistics. Newey‑West (1987) adjusted t‑statistics are presented in parentheses

***, ** and * denote significance at 1%, 5% and 10%, respectively

Decile SIZE PRICE MOM REV ILLIQ

Panel A. Value-weighted portfolio returns

Low MAX 0.010 0.009 0.007 0.010 0.010

2 0.018 0.014 0.016 0.012 0.017

3 0.013 0.013 0.014 0.010 0.012

4 0.016 0.014 0.010 0.014 0.011

5 0.012 0.010 0.011 0.013 0.010

6 0.021 0.016 0.016 0.016 0.019

7 0.020 0.014 0.013 0.012 0.014

8 0.018 0.013 0.016 0.013 0.015

9 0.016 0.010 0.011 0.010 0.008

High MAX 0.038 0.027 0.024 0.025 0.028

Return difference 0.027 0.017 0.017 0.015 0.018

(7.702)*** (5.555)*** (5.188)*** (4.344)*** (5.244)***

Alpha difference 0.025 0.015 0.014 0.012 0.014

(2.713)*** (2.859)*** (5.246)*** (3.743)*** (2.867)***

Decile SIZE PRICE MOM REV ILLIQ

Panel B. Equal-weighted portfolio returns

Low MAX 0.007 0.009 0.007 0.009 0.009

2 0.015 0.013 0.014 0.011 0.014

3 0.010 0.013 0.012 0.010 0.010

4 0.012 0.013 0.009 0.013 0.011

5 0.009 0.009 0.009 0.012 0.009

6 0.016 0.014 0.014 0.015 0.016

7 0.015 0.013 0.012 0.011 0.011

8 0.012 0.011 0.015 0.011 0.013

9 0.009 0.009 0.010 0.008 0.006

High MAX 0.028 0.027 0.025 0.026 0.025

Return difference 0.021 0.018 0.018 0.017 0.016

(6.197)*** (6.072)*** (5.772)*** (5.310)*** (4.839)***

Alpha difference 0.019 0.016 0.016 0.015 0.013

(2.043)** (2.813)*** (4.807)*** (3.775)*** (2.592)***



Page 14 of 27Ozdamar et al. Financ Innov            (2021) 7:74 

are economically and statistically significant. For value-weighted and equal-weighted 
portfolios, the differences between alpha values of high MAX and low MAX coins are 
statistically significant. As these results coincide with the findings of univariate portfolio 
studies, none of the cross-sectional effects, such as size, price, momentum, short-term 
reversal nor liquidity is powerful enough to explain further the highest extreme returns 
to high MAX cryptocurrencies.

Cross‑sectional return regressions

The portfolio analyses we have conducted thus far give supporting results of a posi-
tive MAX effect. In this section, we investigate the coin level cross-sectional relation 
between MAX and expected returns to observe whether a connection exists at the indi-
vidual level.14 We run Fama and Macbeth regressions of cryptocurrency returns on the 
lagged maximum daily return (MAX), market beta (BETA), log of market capitaliza-
tion (SIZE), price of cryptocurrency (PRICE), return over three weeks prior to the past 

Table 8 Cross-sectional return regressions

Each week from January 2014 to September 2020, we conduct a cryptocurrency‑level cross‑sectional regression of the 
return in that week on lagged explanatory variables, which are lagged MAX, BETA, SIZE, PRICE, MOM, REV, and ILLIQ. MAX 
refers to the maximum daily return within a month. BETA is the market beta calculated as the sum of coefficients on lag, 
current and lead returns on market portfolio. SIZE equals the natural logarithm of the cryptocurrency’s market capitalization 
by the end of previous week. PRICE is the natural logarithm of one plus the cryptocurrency’s price. MOM stands for 
momentum that equals the cumulative return over the previous three weeks skipping past week. REV stands for short‑term 
reversal and equals the return in the past week. ILLIQ refers to Amihud illiquidity measure, which is calculated by the ratio 
of absolute daily cryptocurrency return to its mean dollar trading volume. Both dependent and independent variables are 
winsorized at 5% level from upper and lower tails. Table reports the time‑series averages of the cross‑sectional regression 
coefficients and corresponding t‑statistics. Newey‑West (1987) adjusted t‑statistics are presented in parentheses

***, ** and * denote significance at 1%, 5% and 10%, respectively

MAX BETA SIZE PRICE MOM REV ILLIQ

0.082

(3.135)***

0.016

(0.200)

− 0.001

(− 2.730)***

0.008

(2.624)***

0.039

(2.315)**

0.096

(2.634)***

1.586

(0.970)

0.049 − 0.002 0.003 0.022 − 0.005 0.847

(1.170) (− 0.763) (0.868) (0.734) (− 0.122) (0.228)

0.284 0.012 − 0.006 0.007 0.015 0.013 3.538

(6.136)*** (0.314) (− 1.022) (1.257) (0.209) (0.334) (0.524)

14 Refer to Liu and Tsyvinski (2018) and Liu et al. (2019) for excellent studies on cross-sectional cryptocurrency returns 
and predictability.
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week (MOM), return in the previous week (REV), and the Amihud illiquidity measure 
(ILLIQ), as shown in Eq. (5).

where Ri,t+1 is the realized return on cryptocurrency i in week t+1, and all independent 
variables are lagged one week. Rules on winsorization still apply. Table  8 presents the 
time-series averages of the slope coefficients over 348 weeks from January 2014 to Sep-
tember 2020.

The univariate regression of maximum daily return on future cryptocurrency returns 
results in a positive and statistically significant relationship. The average slope, γ1,t , 
equals 8.21% with a robust t-stat of 3.14. Considering the spread between median of 
MAX between decile 10 and decile 1 from Table 6, we can estimate approximately 445 
basis points difference in the expected weekly returns among high MAX and low MAX 
deciles of median coins. The economic magnitude of this difference is extremely sig-
nificant as well as encouraging for the investors to buy cryptocurrencies with the high-
est daily extreme returns. In addition to MAX, the univariate regressions show that 
SIZE and PRICE have an explanatory power over the expected returns, which is con-
sistent with the findings of Li et  al. (2020b). The average slopes of MOM (3.92%) and 
REV (9.62%) variables are positive and significant at 5% and 1%, respectively. Momen-
tum having a positive explanatory power over future returns coincides with the findings 
of Liu et al. (2020) while contradicting with the results of Grobys and Sapkota (2019). 
When the regression is run with the six control variables except MAX, no significant 
explanatory variable is found. Nevertheless, as shown in the last row of Table 8, when we 
embrace all variables in the regression, MAX shows a higher significance with a coeffi-
cient of 28.43% and a t-stat of 6.14. The regression results show that, contrary to Jia et al. 
(2020), the cross-sectional regressions are a strong evidence for an economically and sta-
tistically significant positive relation between extreme returns and expected returns in 
the cryptocurrency market.

(5)
Ri,t+1 = γ0,t + γ1,t(MAXi,t)+ γ2,t(BETAi,t)+ γ3,t(SIZEi,t)+ γ4,t(PRICEi,t)

+γ5,t(MOMi,t)+ γ6,t(REVi,t)+ γ7,t(ILLIQi,t)+ ǫi,t+1

Table 9 Time-series averages of cross-sectional correlations

 Table reports the averages of the weekly cross‑sectional correlations of the maximum daily return in a month (MAX), the 
average of the highest five daily returns in a month (MAX(5)), the minimum daily return in a month (MIN), total volatility 
(TVOL), idiosyncratic volatility (IVOL), and Garman‑Klass volatility (VOL) 

MAX MAX(5) MIN TVOL IVOL VOL

MAX 1

MAX(5) 0.9978 1

MIN − 0.0354 0.0107 1

TVOL 0.7695 0.7716 − 0.0219 1

IVOL 0.7957 0.7525 0.6506 0.9881 1

VOL 0.0028 0.0036 0.5538 0.0042 0.0013 1
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Extreme positive returns and volatility
The literature on cross-sectional studies of volatility and expected return have revealed 
inconsistent results (Ang et al. 2006; Bali and Cakici 2008; Fu 2009). In the cryptocur-
rency market, Zhang and Li (2020) report a positive and nontemporal relationship 
between idiosyncratic volatility and future returns using more than 500 coins. In par-
ticular, cryptocurrencies with a high maximum daily return within a month also have 
high volatility, as shown in Table 6. Depending on the substantial connection between 
idiosyncratic volatility and maximum daily returns, we examine whether MAX effect 
acts as a proxy for volatility; this section investigates in detail the relation among them. 
First, Table 9 shows the average weekly cross-sectional correlation coefficients between 
six variables: the maximum daily return within the past month (MAX), average of the 
highest five daily returns within the past month (MAX(5)), the minimum daily return 
within the past month (MIN) as described in Eq.  (6), monthly realized total volatil-
ity (TVOL) as described in Eq.  (7), monthly realized idiosyncratic volatility (IVOL) as 
described in Eq. (8), the and Garman-Klass volatility (VOL).

where Ri,d is the return on cryptocurrency i on day d and Dm is the number of trading 
days in month m,

with ǫi,d is the innovation on cryptocurrency obtained from Eq. (9).

Table  9 shows that in our cryptocurrency sample, very high average cross-sectional 
correlations exist between TVOL and IVOL (coefficient of 0.99), TVOL and MAX (coef-
ficient of 0.77), and IVOL and MAX (coefficient of 0.80). MAX and MAX(5) are highly 
correlated as expected, which indicates that they can act as perfect substitutes for each 
other. On the contrary, there is a very low correlation between Garman-Klass volatility 
(VOL) and maximum daily return (MAX), which is why we use this variable as the vola-
tility factor in our analysis.

Second, we perform the bivariate portfolio analysis to further examine the relationship 
between volatility and expected returns on cryptocurrencies. Similarly, as discussed in 
“Bivariate portfolio analysis” section and presented in Table 7, we sort cryptocurrencies 
by MAX, controlling for VOL and IVOL. In order to do that, we form decile portfolios 
that are sorted based on VOL and IVOL. We then rank each volatility decile accord-
ing to MAX and conduct value-weighted and equal-weighted portfolio analysis.15 The 
results for average returns across MAX deciles, the corresponding three-factor alphas, 

(6)MINi,t = min(Ri,d), d = 1, . . . ,Dm

(7)TVOLi,t =
√

var(Ri,d)

(8)IVOLi,t =
√

var(ǫi,d)

(9)Ri,d − rf ,d = αi + β1,i(Rm,d − rf ,d)+ ǫi,d

15 We repeat the same bivariate portfolio analysis by replacing MAX with MAX(5) and obtain very similar results to 
those reported in Table 10. For brevity, we do not report these findings in the paper, but the results are available upon 
request.



Page 17 of 27Ozdamar et al. Financ Innov            (2021) 7:74  

and the Newey-West adjusted t-statistics are shown in Panel A of Table 10. The value-
weighted average raw difference between decile 10 (high MAX) and decile 1 (low MAX) 
is 1.58% (0.91%) per week with a t-stat of 5.17 (2.72) when we control for VOL (IVOL). 
Alpha values are also economically and statistically significant. By allowing deciles to 
contain cryptocurrencies with all levels of volatility and dispersion based on MAX, we 

Table 10 Returns on portfolios of cryptocurrencies sorted by MAX and volatility after controlling for 
volatility and MAX

Double‑sorted, value‑weighted (VW) and equal‑weighted (EW) decile portfolios are formed every week from January 
2014 to September 2020. In Panel A, cryptocurrencies are sorted based on the maximum daily returns after controlling for 
volatility (VOL and IVOL). In Panel B, cryptocurrencies are sorted based on the volatility (VOL and IVOL) after controlling for 
the maximum daily returns. VOL refers to Garman‑Klass volatility and IVOL refers to the idiosyncratic volatility. Decile 1 (10) 
is the portfolio of cryptocurrencies with the lowest (highest) maximum daily return over the previous month. Table presents 
the value‑weighted (VW) and equal‑weighted (EW) average weekly returns. The bottom two rows report the differences in 
weekly returns and the differences in three‑factor alphas between portfolios 10 and 1, and the corresponding t‑statistics. 
Newey‑West (1987) adjusted t‑statistics are presented in parentheses

***, ** and * denote significance at 1%, 5% and 10%, respectively

Decile VOL IVOL

VW EW VW EW

Panel A. Sorted by MAX controlling for VOL and IVOL

Low MAX 0.009 0.008 0.015 0.014

2 0.014 0.012 0.018 0.016

3 0.012 0.011 0.012 0.011

4 0.011 0.010 0.013 0.011

5 0.009 0.008 0.012 0.010

6 0.013 0.012 0.013 0.013

7 0.017 0.015 0.008 0.007

8 0.014 0.012 0.008 0.007

9 0.007 0.008 0.008 0.006

High MAX 0.025 0.028 0.024 0.024

Return difference 0.016 0.020 0.009 0.010

(5.173)*** (6.762)*** (2.720)*** (2.982)***

Alpha difference 0.013 0.018 0.006 0.007

(2.644)*** (3.455)*** (2.128)** (2.031)**

VOL IVOL

Decile VW EW VW EW

Panel B. Sorted by VOL and IVOL controlling for MAX

Low Volatility 0.016 0.019 0.014 0.016

2 0.014 0.014 0.008 0.008

3 0.010 0.011 0.013 0.011

4 0.013 0.011 0.013 0.012

5 0.007 0.006 0.007 0.006

6 0.016 0.015 0.014 0.012

7 0.011 0.010 0.011 0.009

8 0.013 0.011 0.010 0.010

9 0.007 0.006 0.008 0.008

High Volatility 0.020 0.019 0.028 0.028

Return difference 0.004 0.001 0.014 0.012

(1.417) (0.239) (1.287) (1.112)

Alpha difference 0.002 0.002 0.011 0.010

(0.641) (0.621) (0.647) (0.741)
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show that the power of MAX effect to explain future returns persists. In addition to 
value-weighted portfolios, the differences between high MAX and low MAX deciles and 
their significance levels are conformable to those in Tables 3 and 7.

Furthermore, in Panel B of Table  10, we conduct the reverse sort. We form deciles 
of cryptocurrencies ranked by IVOL and VOL, controlling for extreme positive returns. 
The average raw differences between the high VOL and low VOL deciles of both value-
weighted and equal-weighted portfolios as well as three factor alpha differences remain 
insignificant. The results in Table 10 report no effect of volatility and idiosyncratic vola-
tility on future returns, which is consistent with the findings of Bali and Cakici (2008) 
but contradicts with the significant positive relation indicated by Zhang and Li (2020). 
We observe that when we control for volatility and idiosyncratic volatility, coins with 
extreme positive returns continue to show superior performance in the future. How-
ever, when the data is controlled for MAX, the effect of volatility and idiosyncratic 
volatility on future returns disappear. This analysis further sheds light on the positive 
relation between the highest extreme returns and expected returns in the cryptocur-
rency market.

Table 11 Cross-sectional return regressions with MAX, MIN and VOL

Each week from January 2014 to September 2020, we conduct a cryptocurrency‑level cross‑sectional regression of the 
return in that week on lagged explanatory variables, which are lagged MAX, MIN and VOL as well as six other control 
variables ‑ BETA, SIZE, PRICE, MOM, REV and ILLIQ. MAX refers to the maximum daily return within a month. MIN refers to 
the minimum daily return within a month. VOL refers to Garman‑Klass volatility measure, which takes into account the 
highest, lowest, opening and closing prices. BETA is the market beta calculated as the sum of coefficients on lag, current 
and lead returns on market portfolio. SIZE equals the natural logarithm of the cryptocurrency’s market capitalization by the 
end of previous week. PRICE is the natural logarithm of one plus the cryptocurrency’s price. MOM stands for momentum 
that equals the cumulative return over the previous three weeks skipping past week. REV stands for short‑term reversal and 
equals the return in the past week. ILLIQ refers to Amihud illiquidity measure, which is calculated by the ratio of absolute 
daily cryptocurrency return to its mean dollar trading volume. Both dependent and independent variables are winsorized at 
5% level from upper and lower tails. Table reports the time‑series averages of the cross‑sectional regression coefficients and 
corresponding t‑statistics. Newey‑West (1987) adjusted t‑statistics are presented in parentheses

***, ** and * denote significance at 1%, 5% and 10%, respectively

MAX VOL MIN BETA SIZE PRICE MOM REV ILLIQ

0.082

(3.135)***

0.017

(1.510)

0.331 − 0.010

(9.794)*** − 0.909

0.447 0.005 0.046 − 0.005 0.009 0.062 0.046 1.545

(3.828)*** (0.125) (0.704) (− 1.041) (0.984) (1.850)* (2.514)*** (0.924)

0.094

(2.312)**

0.325 − 0.024

(9.917)*** (− 0.423)

0.363 − 0.889 − 0.012 0.010 − 0.017 0.367 0.078 1.146

(3.964)*** (− 1.055) (− 0.233) (1.217) (− 1.071) (1.957)* (2.051)** (0.531)

0.388 0.023 − 0.105

(10.178)*** (1.017) (− 1.383)

0.441 0.045 0.225 0.018 − 0.001 − 0.002 0.046 0.148 0.597

(3.475)*** (0.515) (0.885) (0.206) (− 0.217) (− 0.236) (1.881)* (2.130)** (0.255)
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Third, we investigate the cross-sectional relationship between volatility and expected 
returns. Table 11 presents the results of Fama-Macbeth regressions. Rules on winsori-
zation still apply. In univariate regressions, the average slope of MAX is 8.21% with a 
t-stat of 3.14. However, the volatility coefficient (1.68%) is not significant (t-stat=1.51), 
which supports the finding that volatility remains inefficient in explaining future returns 
in equal-weighted portfolios.16 When future returns are regressed on MAX and volatil-
ity together, the significance of MAX increases whereas VOL remains insignificant with 
a negative coefficient. When six other control variables are added to the regression, the 
insignificance of VOL remains unchanged. We might suspect that the positive relation 
between idiosyncratic volatility and expected returns reported by Zhang and Li (2020) is 
reasoning from the fact that IVOL acts as a proxy for MAX. Furthermore, we consider 
MIN in our regression analysis to further understand the effect of volatility. As MIN is 
also highly correlated with volatility, it might exhibit a similar behavior with MAX if 
our results are a consequence of volatility effect. Table  11 also shows the Fama-Mac-
beth regression results with MAX, MIN, and VOL. The univariate regression coefficient 
of MIN is 9.36% with a t-stat of 2.31, which is significant at 5% level. The positive sign 
of MIN might indicate that a decrease in a cryptocurrency’s value does not necessarily 
mean lower future returns. In all of 7 regressions presented in Table 11, MAX coefficient 
remains statistically significant after controlling for MIN, VOL, BETA, SIZE, PRICE, 
MOM, REV, and ILLIQ. These results confirm our findings in univariate and bivariate 
analyses with the interpretation that in the cryptocurrency market, the MAX effect is 
not temporal and a positive relation exists between the highest extreme returns and 
future expected returns.

Extreme positive returns and skewness
In this section, we investigate the connection between extreme positive returns and 
skewness. The literature highlights investor preference over positive skewness (Arditti 
1967; Kraus and Litzenberger 1976; Scott and Horvath 1980). Harvey and Siddique 
(2000) shows the relationship between momentum effect and systematic skewness. By 
measuring conditional skewness, Harvey and Siddique (2000) and Smith (2007) indi-
cate that portfolios with a higher skewness tend to underperform in the future. In addi-
tion, Mitton and Vorkink (2007) and Boyer et al. (2010) find negative correlation among 
idiosyncratic skewness and expected returns. Nevertheless, Brunnermeier and Gollier 
(2007) and Barberis and Huang (2008) show that at least theoretically, skewness is not 
the reason for these underperforming stocks. On the contrary, Wei (2018) reports strong 
positive skewness in cryptocurrency returns whereas Balcilar et  al. (2017) show that 
Bitcoin returns are left-skewed. Jia et al. (2020) document that extreme positive returns 
have a significant effect over return predictability of higher moments. Considering the 
literature on the impact of skewness on expected returns, we question whether the 
MAX effect is robust to controls for skewness measures. We use two different measures 
to evaluate skewness, total skewness (TSKEW), and idiosyncratic skewness (ISKEW). 

16 In cross-sectional regressions, the averaging process weigh each coin equally.
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TSKEW is the measure for the third moment of returns and calculated as described in 
Eq. (10).

where Dt is the number of trading days in month t, Ri,d is the return on cryptocurrency 
i on day d, µi is the average of returns on cryptocurrency i in month t, and σi is the 
standard deviation of returns on cryptocurrency i in month t. We compute ISKEW after 
Boyer et al. (2010) as described in Eq. (11).

where as usual Ri,d is the return on cryptocurrency i on day d, Rm,d is the cryptocurrency 
market portfolio return on day d, rf ,d is the risk-free rate on day d, and ǫi,d is the idi-
osyncratic return on day d. The idiosyncratic skewness (ISKEW) of cryptocurrency i in 
month t equals the skewness of daily residuals ǫi,d in month t.

Initially, we conduct the bivariate portfolio analysis where we first sort cryptocur-
rencies based on the skewness measure and then rank each of these deciles by MAX. 
Table  12 presents the results of the analysis. The first (second) column of Table  12 
reports that, after controlling for TSKEW (ISKEW), the value-weighted mean return 
difference between high MAX and low MAX deciles is 2.95% (2.65%) with a Newey-
West adjusted t-stat of 8.06 (7.38). For TSKEW (ISKEW), the three-factor alpha 
difference is 2.67% (2.37%) with a t-stat of 6.41 (6.10). The high degree of positive 
significance in return and alpha differences indicate that neither total skewness nor 

(10)TSKEWi,t =
1

Dt

D
∑

d=1

(

Ri,d − µi

σi

)3

(11)Ri,d − rf ,d = αi + βi(Rm,d − rf ,d)+ θi(Rm,d − rf ,d)
2 + ǫi,d

Table 12 Returns on portfolios of cryptocurrencies sorted by MAX after controlling for skewness

Decile portfolios are formed every week from January 2014 to September 2020 by sorting cryptocurrencies based on 
the maximum daily returns after controlling for total (TSKEW) and idiosyncratic (ISKEW). In each column, we first rank 
cryptocurrencies based on the skewness variable (TSKEW and ISKEW), then within each decile, we sort cryptocurrencies into 
decile portfolios of MAX. Decile 1 (10) is the portfolio of cryptocurrencies with the lowest (highest) maximum daily return 
over the previous month. Table presents the value‑weighted (VW) average weekly returns. The bottom two rows report the 
differences in weekly returns and the differences in three‑factor alphas between portfolios 10 and 1, and the corresponding 
t‑statistics. Newey‑West (1987) adjusted t‑statistics are presented in parentheses

***, ** and * denote significance at 1%, 5% and 10%, respectively

Decile TSKEW ISKEW

Low MAX 0.008 0.009

2 0.012 0.012

3 0.012 0.010

4 0.013 0.015

5 0.009 0.009

6 0.017 0.012

7 0.013 0.009

8 0.012 0.012

9 0.011 0.012

High MAX 0.038 0.035

Return difference 0.029 0.027

(8.064)*** (7.375)***

Alpha difference 0.027 0.024

(6.413)*** (6.102)***
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idiosyncratic skewness explains the link between extreme positive returns and future 
returns.

Boyer et  al. (2010) state that among other characteristics, lagged skewness might 
be a weak predictor for future skewness, which we wish to consider. Therefore, we 

Table 13 Cross-sectional predictability of skewness

Each week from January 2014 to September 2020, we conduct a cryptocurrency‑level cross‑sectional regression of the 
skewness measures on lagged explanatory variables, including total skewness (TSKEW) and idiosyncratic skewness 
(ISKEW) as well as six other control variables ‑ BETA, SIZE, PRICE, MOM, REV and ILLIQ. TSKEW refers to the total skewness 
measured for past month using daily returns. ISKEW is the skewness of regression residuals. BETA is the market beta 
calculated as the sum of coefficients on lag, current and lead returns on market portfolio. SIZE equals the natural logarithm 
of the cryptocurrency’s market capitalization by the end of previous week. PRICE is the natural logarithm of one plus the 
cryptocurrency’s price. MOM stands for momentum that equals the cumulative return over the previous three weeks 
skipping past week. REV stands for short‑term reversal and equals the return in the past week. ILLIQ refers to Amihud 
illiquidity measure, which is calculated by the ratio of absolute daily cryptocurrency return to its mean dollar trading 
volume. Both dependent and independent variables are winsorized at 5% level from upper and lower tails. Table reports 
the time‑series averages of the cross‑sectional regression coefficients and corresponding t‑statistics. Newey‑West (1987) 
adjusted t‑statistics are presented in parentheses

***, ** and * denote significance at 1%, 5% and 10%, respectively

TSKEW ISKEW BETA SIZE PRICE MOM REV ILLIQ R2 (%)

0.757 50.25

(51.531)***

0.588 − 1.611 0.108 − 0.131 1.369 0.068 23.819 62.35

(5.046)*** (− 0.876) (0.910) (− 0.964) (1.110) (0.231) (1.529)

0.744 43.57

(49.266)***

0.666 0.075 − 0.001 − 0.005 0.042 − 1.643 − 14.620 56.82

(13.213)*** (0.158) (− 0.044) (− 0.128) (0.135) (− 0.942) (− 0.780)

Table 14 Cross-sectional return regressions with MAX and skewness

Each week from January 2014 to September 2020, we conduct a cryptocurrency‑level cross‑sectional regression of the 
return in that week on lagged explanatory variables, which are lagged TSKEW, ISKEW, E(TSKEW), and MAX as well as six 
other control variables ‑ BETA, SIZE, PRICE, MOM, REV and ILLIQ. TSKEW refers to the total skewness measured for past 
month using daily returns. ISKEW is the skewness of regression residuals. E(TSKEW) refers to the expected total skewness 
fitted each week throughout the cross‑sectional regressions. MAX refers to the maximum daily return within a month. BETA 
is the market beta calculated as the sum of coefficients on lag, current and lead returns on market portfolio. SIZE equals the 
natural logarithm of the cryptocurrency’s market capitalization by the end of previous week. PRICE is the natural logarithm 
of one plus the cryptocurrency’s price. MOM stands for momentum that equals the cumulative return over the previous 
three weeks skipping past week. REV stands for short‑term reversal and equals the return in the past week. ILLIQ refers 
to Amihud illiquidity measure, which is calculated by the ratio of absolute daily cryptocurrency return to its mean dollar 
trading volume. Both dependent and independent variables are winsorized at 5% level from upper and lower tails. Table 
reports the time‑series averages of the cross‑sectional regression coefficients and corresponding t‑statistics. Newey‑West 
(1987) adjusted t‑statistics are presented in parentheses

***, ** and * denote significance at 1%, 5% and 10%, respectively

MAX BETA SIZE PRICE MOM REV ILLIQ TSKEW ISKEW E(TSKEW)

0.009

(2.004)**

0.008

(1.874)*

0.424 0.064 − 0.003 0.005 0.035 0.031 1.612 − 0.006

(7.298)*** (1.710)* (− 1.226) (1.160) (1.841)* (2.696)*** (0.186) (− 0.635)

0.452 0.049 − 0.002 0.003 0.089 0.071 − 0.729 − 0.009

(6.069)*** (1.249) (− 0.716) (0.802) (1.978)** (2.552)*** (− 0.265) (− 0.894)

0.038

(1.747)*

0.411 0.053 − 0.004 0.009 0.026 0.025 1.145 0.031

(6.973)*** (1.265) (− 1.410) (1.586) (2.587)*** (2.650)*** (0.850) (1.375)
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perform coin-level cross-sectional regressions of TSKEW and ISKEW on lagged val-
ues of skewness and six other control variables. Rules on winsorization still apply. 
The results are shown in Table 13. The univariate and multivariate regressions of both 
TSKEW and ISKEW indicate that skewness is extremely significant to predict subse-
quent skewness. Nevertheless, in our next analysis, we additionally consider expected 
total skewness (E(TSKEW)) as a control variable that is fitted each week through-
out the cross-sectional regressions. Table 14 reports the coefficients and correspond-
ing Newey-West adjusted t-statistics from cross-sectional regressions of subsequent 
weekly returns on MAX and nine other control variables, including TSKEW, ISKEW, 
E(TSKEW).

The time-series average coefficients of extreme positive returns are all statistically and 
economically significant in all the specifications. In univariate regressions, coefficients 
of skewness measures (TSKEW, ISKEW and E(TSKEW)) are all positive and statisti-
cally significant. TSKEW is significant at 5%, and ISKEW and E(TSKEW) are significant 
at 10% levels. However, in the full specifications, each of these variables are statistically 
insignificant. Consequently, the empirically indicated positive skewness is consistent 
with the findings of Wei (2018). Nevertheless, contrary to the findings of Jia et al. (2020), 
the results show that the skewness remains insignificant to predict subsequent returns. 
In addition, extreme positive return impact is significantly persistent and robust to con-
trols for skewness measures.

Extreme positive returns and investor sentiment
The empirical literature documents that a significant relationship exists between the 
investor sentiment and expected stock returns (Baker and Wurgler 2007; Yang and Zhou 
2015; He et al. 2019). Baker and Wurgler (2006) present lower subsequent returns, and 
Stambaugh et al. (2012) report common mispricing in stocks during high sentiment peri-
ods. When investors are optimistic about the subsequent returns, they might be inclined 
to invest in stocks with lottery-like features. This gambling tendency originates from the 
expectation of high-performing stocks to continue winning in the future. However, as in 
the theoretical model of Brunnermeier and Gollier (2007), overoptimism might result in 
underperforming stock investments. While Bali et al. (2011) explains this phenomenon 
by MAX effect, Fong and Toh (2014) indicate the dependency of MAX effect on investor 
sentiment. Next, if the MAX effect is induced by investor optimism, the significance will 
vanish when we control for the cryptocurrency market sentiment. Hence, the aim of this 
section is to understand the relationship between the investor sentiment and extreme 
positive returns.

We perform the univariate portfolio analysis to test the effect of investor sentiment 
on subsequent returns. We define two periods: low sentiment and high sentiment. As a 
proxy for market sentiment, we use Bitcoin Sentiment Index, which is constructed with 
regards to the Bitcoin conversations collected from Twitter, Reddit, and Bitcointalk. The 
value changes between 0 and 1, where 0 refers to extreme bearish and 1 refers to extreme 
bullish.17 We categorize weekly data into bins of low sentiment whenever the sentiment 

17 Further information is available at https:// www. augme nto. ai/ bitco in- senti ment/.

https://www.augmento.ai/bitcoin-sentiment/
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index is below the sample median value and high sentiment whenever the sentiment 
index is above the sample median value. We report the value-weighted average raw 
return and three-factor alpha differences in Table 15, with the corresponding t-statistics. 
For low (high) sentiment periods, the mean return difference between decile 10 (high 
MAX) and decile 1 (low MAX) is 2.80% (3.25%) with an adjusted t-stat of 3.16 (1.98). 
These magnitudes are very similar with those reported in Table 2, which supports the 
significance of extreme positive returns to explain subsequent returns. The results are 
consistent with the positive MAX effect reported in our analyses. Fong and Toh (2014) 
claim that the high investor sentiment periods drive the MAX effect in stock markets; 

Table 15 Returns on portfolios of cryptocurrencies sorted by MAX after controlling for investor 
sentiment

Decile portfolios are formed every week from January 2014 to September 2020 by ranking cryptocurrencies based on 
the maximum daily return (MAX) within the past month. Decile 1 (10) is the portfolio of cryptocurrencies with the lowest 
(highest) maximum daily return over the previous month. Table presents the value‑weighted (VW) average weekly 
returns on low sentiment and high sentiment bins. The bottom two rows report the differences in weekly returns and 
the differences in alphas between portfolios 10 and 1, and the corresponding t‑statistics. Newey‑West (1987) adjusted 
t‑statistics are presented in parentheses

***, ** and * denote significance at 1%, 5% and 10%, respectively

Decile Low sentiment High sentiment

Low MAX 0.010 0.008

2 0.021 0.021

3 0.013 0.018

4 0.021 0.011

5 0.015 0.035

6 0.011 0.028

7 0.027 0.011

8 0.029 0.040

9 0.023 0.030

High MAX 0.038 0.041

Return difference 0.028 0.033

(3.157)*** (1.979)**

Alpha difference 0.025 0.030

(3.040)*** (2.438)***

Fig. 1 Long-short portfolio cumulative return and sentiment index
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however, we report similar magnitudes and significance levels in both states. This indi-
cates investor preference over lottery-like assets both following low and high sentiment 
periods for the cryptocurrency market, contrary to the findings of Fong and Toh (2014) 
in the stock market.

Furthermore, we perform long-short portfolio analysis with regards to the low MAX 
and high MAX decile performances. We calculate the subsequent long-short portfolio 
returns (high MAX decile – low MAX decile) to control whether MAX effect is driven 
by low or high sentiment periods. We plot the time-series of cumulative return perfor-
mance and sentiment index in Fig. 1.18 The figure supports the findings in Table 15 that 
the performance of long-short hedge portfolio based on MAX is slightly higher follow-
ing high sentiment states. In addition, the cumulative return of the long-short portfolio 
decreases in the early sample period before moving upwards until the end. This might be 
interpreted as the investors acting pessimistic and taking short position whenever the 
sentiment index is at low levels in the beginning. Immediately after the sentiment index 
begins to increase, the investors in the cryptocurrency market embrace an optimistic 
behavior and take a long position until the end of the sample period. Nevertheless, the 
MAX effect is statistically significant for both high and low sentiment periods, indicat-
ing that MAX effect is also robust after controlling for investor sentiment.

Conclusion
Investor preference for lottery-like assets is a novel phenomenon for the cryptocurrency 
market. Within this context, we follow Bali et al. (2011) and investigate the impact of the 
maximum daily return within the past month (MAX effect) on next week returns for 
the period from January 2014 to September 2020. The univariate and bivariate portfolio 
analyses show that MAX effect is present and persistent in the cryptocurrency market. 
The positive impact of extreme positive returns remains statistically significant when 
we use the averages of N (N = 2, 3, 4, and 5) highest daily returns within the previous 
month. In addition to the lottery-like features of stocks documented in the literature, 
weekly regression analyses provide strong evidence that a significant positive relation 
exists between extreme positive returns and expected returns in the cryptocurrency 
market. We further show that these results are robust after controlling for size, price, 
momentum, short-term reversal, and liquidity.

Moreover, we analyze the possibility of extreme positive returns acting as a substitute 
for either volatility or skewness. To check this, we utilize different measures for volatil-
ity and skewness and report that the explanatory power of extreme positive returns over 
subsequent returns continues to exist. Finally, to understand the link between extreme 
positive returns and investor sentiment, we categorize our data into bins of low senti-
ment and high sentiment, and we conduct portfolio analysis. Additionally, we investi-
gate the time series of the long-short portfolio return to check whether cycles exist, and 
we control whether investor sentiment is persistent. We report that the MAX effect is 

18 The reason that we consider the long-short portfolio return along with the sentiment analysis is to understand 
whether cycles exist within our sample period following the sentiment index. Therefore, we perform autocorrelation 
tests for the sentiment index to analyze whether sentiment is persistent. The results of both Durbin Watson Test and 
Ljung-Box Q Test show that there is no evidence of residuals of sentiment returns being positively correlated. The 
results are available upon request.
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also robust to controls for investor sentiment. Our results signal lack of efficiency in the 
cryptocurrency market by which, investors might gain an advantage while forming their 
portfolios. It would be prudent for market participants and fund managers to consider 
the effect of extreme positive returns. However, further research is necessary to make 
interpretations and exploit this potentially fruitful anomaly.
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