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This document is organized as follows:

« Section 1 presents empirical evidence on the relationship between the estimates for the
crypto premium and the estimates for alternative SDF of cryptocurrency investors pro-
posed in the literature.

« Section 2 presents a descriptive statistics and further details on the sample of the cryp-
tocurrency used in the construction of the the portfolios.

« Section 3 presents the risk premium estimates for alternative asset classes, like equity, fixed
income and commodity.

« Section 4 presents the properties of portfolios for different sorts.

« Section 5 presents details on the empirical strategy used to estimate the market prices of
risks.

This Appendix is available on the authors’ websites.
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1 Crypto premium and crypto factors

In this section we show that the crypto premium and its components are significantly related
to alternative specifications of the SDF of cryptocurrency investors that have been used in the
literature. Specifically, we find that the crypto premium is related to the Carryg, factor from
Borri and Shakhnov (2021), which shows that the covariance with the latter factor can explain
the positive excess returns associated with strategies based on bitcoin price differences across
exchanges.

Table 1 presents the results of linear regressions of the two factors used in Borri and Shakhnov
(2021) on the crypto premium and its components. The first factor, Carryg;., is the return spread
between the portfolio invested in the bitcoin pairs with the largest discounts and the portfolio
invested in bitcoin pairs with the lowest discounts. Bitcoin discounts are a measure of the bit-
coin price differences across exchanges and currency pairs. The second factor, Btck,aken, iS @
bitcoin factor similar to the dollar factor from the FX literature, and goes long all cross-exchange
portfolios. The regression equations we estimate are as follows:

kv k
Fact;y1 = cons + Z B Xt+1|t + €441
k

where Fact;y; can be either Carrygpic +1 or BtCkrakent+1s X* can be equal either to m;,; or
to the components of the crypto premium, that is Var;,q)s, Sky41) Kurtya)e, Aiq)e- Note that the
regressors are conditional expectations at ¢ of the value of a given variable at t+ 1. The dependent
variables are in the space of returns, and are values realized at ¢t + 1. We can think of the latter
as the expectation of the factor plus an error term (e.g., Carrypicr+1 = E:[Carrypic+1] + €141)-

The table shows that both Carryg;. and Btcgyqken are significantly positively related to the
crypto premium: that is, expected returns associated with the two cross-exchange strategies are,
on average, higher when investors expect higher bitcoin excess returns. Borri and Shakhnov
(2021) show that Btcgaken is a level factor, on which portfolios load similarly and, thus, does not
carry a premium. On the contrary, Carryg;+1 is a slope factor with a positive premium. We find
that the crypto premium is mostly related to the latter factor, as exemplified by the R-squared
of about 20%. Looking at the components of the crypto premium, we find that investors expect
higher Carryg,, returns when they also expect lower skewness and higher kurtosis associated
with bitcoin returns, and a lower jump intensity.

2 Cryptocurrency Data

This section presents descriptive statistics related to the cryptocurrencies used in the construc-
tion of the portfolios used in the estimation of the asset pricing model of Section 4.5. Table 2
presents descriptive statistics of the sample of cryptocurrencies. The number of available cur-
rencies in our sample increases from 574 in 2017 to 852 in 2021. The mean (median) market
capitalization in the sample is 904.79 (5.83) million dollars. The mean (median) daily trading
volume is 466.78 (2.22) thousand dollars. We construct a cryptocurrency market return as the
market capitalization weighted return of all the available currencies. Because data on market
capitalization is available only for a subset of currencies, we also construct a volume-weighted
market return. We note that although it has been documented that cryptocurrency volume data
could be unreliable (at least for some exchanges, see for instance the report Bitwise, 2019), the
sample correlation coefficient between value- and volume-weighted market returns is large and
equal to 0.91.



Table 1: Crypto premium and crypto factors

Carrthc Carrthc BtCKraken BtCKraken

Panel A: Crypto premium

Mysa|; 0.026% 0.0124
[0.002] [0.003]

Panel B: Crypto premium components

Varga: —0.000 0.000
[0.000] [0.000]

Skt —5.550% ~1.361
[0.630] [1.015]

Kurty s 0.009¢ 0.001
[0.001] [0.002]
Ae+1jt —0.008¢ —0.018°
[0.004] [0.007]

cons —~0.000  0.025° 0.000 0.020%
[0.001]  [0.004] [0.001]  [0.007]

R? (%) 19.968  20.837 1.902 2.350

Notes: The table presents the estimates from linear regressions of the Carryp;. and Btck,qken factors from Borri and Shakhnov (2021) on the
crypto premium and its components. Data are daily, from Cryptocompare. The sample period is January 1 2017 to December 31 2020.

3 Risk premia for non-crypto assets

This section studies the determinants of the risk premia obtained by estimating our model on
different asset classes. We follow the same empirical strategy presented in Section 4.5, and relate
the risk premia to the same set of crypto and non-crypto determinants. In particular, we estimate
the following set of regressions

J
Ami, =a'+ > P +el, (1)
=
where A is the first difference operator (i.e., Am§+1| .= m§+l| - m§| ,_,)» and the index i denotes the

different asset classes. Table 3 presents the main results. The contribution of the crypto factors
is either non-significant, or quantitatively very small. In contrast, the contribution of the non-
crypto factors explains a large fraction of the U.S. equity risk premium (Mktys) and of the first
principal components extracted from the risk premia of all assets (PCy).
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Table 2: Summary statistics

Panel A
Year Number of coins Market cap (mil)  Volume (thous)
Mean  Median Mean Median
2017 574 1778.05 21.19 882.62 5.62
2018 504 210.92 3.60 177.89 1.17
2019 464 255.56 1.54 176.65 0.99
2020 788 1049.50 2.11 711.71 4.48
2021 852 2763.39 4.43 1919.59 13.23
Full 3319 904.79 5.83 466.78 2.22
Panel B
Mean Median Std Skewness Kurtosis
market return (value-weighted) 0.43 0.35 3.93 -0.32 8.42
market return (volume-weighted) 0.93 0.72 489  -0.20 7.93
bitcoin return 0.33 0.22 4.15 -0.14 9.83
ethereum return 0.55 0.00 7.82 2.49 22.13
ripple return 0.47 0.10 579  0.18 8.14

Notes: This table reports summary statistics for the cryptocurrencies in our sample. Panel A reports the number of coins, the mean and median
of market capitalization, and the mean and median of daily trading price volume per year. Panel B reports the characteristics of the value-,
volume- and equally-weighted market returns, bitcoin returns, ethereum returns and ripple returns. For returns, the mean, median and standard
deviation are reported in percentage. Values are for the last day of each year with the exception of the year 2021 for which we take the last day
of the sample, that is 31 October 2021. Data are daily from Cryptocompare.

4 Portfolios

This section presents the properties of portfolios for alternative sorting procedures. We start
with value-weighted portfolios sorted by crypto market betas, co-skewness and co-kurtosis. Be-
cause of data availability, we could compute time-series of the market capitalization for only a
subset of the cross-section of coins (~ 700). Table 4 presents the mean portfolio returns and stan-
dard errors. We obtain a declining cross-section of value-weighted portfolio returns in the case
of portfolios sorted by °¢, as for volume-weighted portfolios. In contrast, for value-weighted
portfolios we do not obtain a cross-section of returns for portfolios sorted by Mk or K% For
portfolios sorted by fX“", we do get an increasing cross-section from portfolio 1 to 4.

Table 5 presents the mean returns and standard errors for portfolios sorted by slope coeffi-
cients in regressions of each coin return on the realized bitcoin skewness (7%, kurtosis (fRK*)
and semi-variance (BR°%) estimated using a rolling window of 100 days. For the definition of the
realized skewness and kurtosis we follow Amaya et al. (2015) and we construct them starting
from the same tick-by-tick bitcoin price data we used to construct the realized variance mea-
sure. The realized semi-variance is obtained as the difference between the realized variances of
positive and negative bitcoin returns. We expect that coins with higher %! and pRS%/ and
lower BRK¥i are riskier and they should offer higher average returns. The results in Table Table
5 confirm this intuition, although the average excess return for the long/short portfolio based
on realized skewness and kurtosis are not statistically different from zero. Figure 1 plots the
time-series of these realized measures and highlights their large variability that likely affect the
precision of the estimates.
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Table 4: Crypto portfolios (value-weighted)

Portfolio returns

Low 2 3 4 High 5-1
Panel A: Sorted by ML
Mean 0.52 0.53 0.82 0.39 0.52 —0.00
SE [0.11] [0.15] [0.14] [0.14] [0.14] [0.14 ]
Panel B: Sorted by B~
Mean 0.71 0.61 0.49 0.55 0.39 —0.320
SE [0.16] [0.14] [0.13] [0.13] [0.12]  [0.16]
Panel C: Sorted by BKur
Mean 0.50 0.58 0.63 0.65 0.47 —-0.03
SE [0.13] [0.13] [0.14] [0.14] [0.14] [0.15 ]

Notes: The table presents the mean daily returns, in percentage, of 5 portfolios sorted by crypto market betas (Panel A), co-skewness (Panel B) and
co-kurtosis (Panel C). The table also reports, in brackets, standard errors by bootstrap. Portfolio 1 (Low) contains on average coins with the lower
betas, while portfolio 5 (High) contains on average coins with higher betas. The last column reports the return of the zero-cost portfolio long in
portfolio 5 and short in portfolio 1 (5 — 1). The coin-fs are estimated using a rolling window of 100 days. Portfolio returns are value-weighted
(for details see Section 4.5). We denote with a, b, ¢ superscripts significance at the 1%, 5% and 10% levels. Data are from Cryptocompare for the
period January 1 2017 to December 31 2020.

Table 5: Crypto portfolios (sorted by realized higher-moments)

Portfolio returns

Low 2 3 4 High 5-1
Panel A: Sorted by RSk
Mean 0.03 0.21 0.32 0.19 0.24 0.21
SE [0.12] [0.15] [0.15] [0.15] [0.16]  [0.15]
Panel B: Sorted by pRKuri
Mean 0.18 0.27 0.22 0.25 0.10 —0.08
SE [0.16] [0.16] [0.15] [0.13] [0.15]  [0.17]
Panel C: Sorted by pRSi
Mean 0.01 0.23 0.24 0.21 0.28 0.26°
SE [0.13] [0.14] [0.13] [0.15] [0.17]  [0.16]

Notes: The table presents the mean daily returns, in percentage, of 5 portfolios sorted by slope coefficients in regressions of each coin return
on the realized bitcoin skewness, kurtosis and semi-variance estimated using a rolling window of 100 days. The table also reports, in brackets,
standard errors by bootstrap. Portfolio 1 (Low) contains on average coins with the lower betas, while portfolio 5 (High) contains on average
coins with higher betas. The last column reports the return of the zero-cost portfolio long in portfolio 5 and short in portfolio 1 (5 — 1). The
coin-fs are estimated using a rolling window of 100 days. Portfolio returns are value-weighted (for details see Section 4.5). We denote with
a, b, c superscripts significance at the 1%, 5% and 10% levels. Data are from Cryptocompare for the period January 1 2017 to December 31 2020.
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Figure 1: Realized measures
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Notes: The figure plots the time-series for the realized skewness, kurtosis and semi-variance. Data are from Cryptocompare for the period January
12017 to December 31 2020.

5 Cross-sectional asset pricing

This section presents the procedures used to estimate the market prices of the crypto market,
skewness and kurtosis risk.

5.1 Methodology

Linear factor models predict that average returns on a cross-section of assets can be attributed
to risk premia associated with their exposure to a small number of risk factors. In the arbitrage
pricing theory (APT) of Ross (1976), these factors capture common variation in individual asset
returns. Table 6 illustrates the results of a principal component analysis of the panel of 15 port-
folios, which reveals that four factors explain approximately 80% of the variation in portfolio
returns. We note that for the portfolios sorted by fM* and fX* the loadings corresponding to
the first principal component increase from the first to last portfolio, and decrease for the second
principal component for all portfolios.

Table 7 presents descriptive statistics of the three risk factors: Mktc,ypro, Skcrypro and Kurcrypto.
The table shows that the crypto (value-weighted) market return is highly related to the bitcoin re-
turn (0.95) and the skewness associated with the crypto market return is negative (-0.32). We also
note that the Kurcyypso is positively correlated with the market return (0.38), while the Skcyypro
has a correlation of zero with the market.

Table 8 reports the sample correlation coefficients of the three factors Mktc,ypto, Skcrypro and
Kurcrypto with the first four principal components extracted by the panel of 15 portfolios. We
note that the Mktc,yp1o is highly related to the first principal component (0.86). The Skcyypto is
highly related to the fourth principal component (-0.84), while the Kurc,p, is highly related to
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Table 6: Portfolio principal components

Portfolio 1 2 3 4

portfolios sorted by Mk

Low 0.12 0.63 -0.17 -0.23

2 0.25 0.09 039 0.07
3 0.27 -0.01 0.17 -0.04
4 0.27 -0.11 0.06 -0.09

High 031 -0.26 -0.34 0.00
portfolios sorted by
Low 0.29 025 -0.25 0.84

2 030 0.03 0.27 -0.07
3 0.27 -0.07 0.17 -0.09
4 0.23 -0.10 0.05 -0.16

High 0.23 -0.10 -0.34 -0.31
portfolios sorted by SK¥"
Low 0.14 0.59 -0.18 -0.27

2 0.27 0.09 038 0.11
3 0.25 -0.06 0.11 -0.02
4 0.27 -0.10 0.04 -0.09

High 031 -0.25 -0.45 -0.03

% Var. 59.79 9.12 6.13 5.24

Notes: This table reports the principal component coefficients of the four components extracted from the panel of 15 portfolios sorted by crypto
market (fMk?), skewness (8°%) and kurtosis (8X%") betas. The last row reports (in %) the share of the total variance explained by each of the
first four principal components. Data are daily, from Cryptocompare. The sample period is January 1 2017 to December 31 2020.

Table 7: Descriptive Statistics Risk factors

Factors Mktcrytpo  Skcrypro  Kurcrypro
Mean (%) 0.44 -0.61 0.32
Std (%) 3.95 7.63 7.75
Skew -0.32 -0.59 0.16
Kurt 8.40 9.08 10.52
Corr(x,BTC) 0.95 0.00 0.38

Notes: This table reports descriptive statistics of the three risk factors: Mktcyypro, Skcrypro and Kurcrypro. Specifically, the table reports
mean and standard deviation (in percentages), skewness and kurtosis. The last two reports the sample correlation coefficient with the bitcoin
return. Data are daily, from Cryptocompare. The sample period is January 1 2017 to December 31 2020.
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the second principal component (-0.79).

Table 8: Correlation matrix factors and principal comonents

,D(X,y) MktCrypto SkCrypto KurCrypto

PC1 0.86 -0.17 0.39
PC2 -0.13 -0.34 -0.79
PC3 -0.04 -0.07 -0.21
PC4 -0.13 -0.84 0.17

Notes: This table reports the sample correlation coefficients of the three factors Mktcrypro, Skcrypto and Kurcrypto with the first four principal
components extracted by the panel of 15 portfolios. Data are daily, from Cryptocompare. The sample period is January 1 2017 to December 31
2020.

We use Rxf+1 to denote the average excess return in levels on portfolio k in period t + 1. All
asset pricing tests are run on excess returns in levels, not log excess returns, to avoid having
to assume joint log-normality of returns and the pricing kernel. In the absence of arbitrage

opportunities, this excess return has a zero price and satisfies the following Euler equation
k| =
Et I:Mt+1th+1:| =0.
We assume that the stochastic factor M is linear in the pricing factors @ is such that

My =1- b (CDt+1 - /1<I>) >

where b is the vector of factor loadings, and ug denotes the factor means. This linear factor model
implies a beta pricing model: the expected excess return is equal to the factor prices : times the
beta of each portfolio ¥, that is

E [ij] =/,

where 1 = Z¢eb, and 2¢q is the variance-covariance matrix of the factors
Yoo = E (B — ptg) (O — po)” .

The term S* denotes the regression coefficients of the return Rx* on the factors. To estimate
the factor prices A and the portfolio betas 8, we use two different procedures: a Generalized
Method of Moments estimation (GMM) applied to linear factor models, following Hansen (1982),
and a two-state OLS estimation following Fama and MacBeth (1973), henceforth FMB. In the first
step, we run a time series regression of returns on the factors. In the second step, we run a cross-
sectional regression of average returns on the betas. We do not include a constant in the second
step (49 = 0) and therefore assume that assets with a beta equal to zero must offer zero excess
returns.

5.2 Pricing alternative portfolios

In the paper, we build portfolios sorted by crypto market, co-skewness and co-kurtosis; then
we extract a crypto skewness and kurtosis factor from these portfolios; and, finally, we show
that a three-factor model with the crypto market, skewness and kurtosis factors can explain a
large fraction of the cross-sectional variation in portfolio returns. A natural concern is related to
the fact that we extract factors from test assets (although, this is fairly standard practice in the
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asset pricing literature). We address this concern by using the same three-factor model to price
a different set of test assets.

We follow Liu et al. (2021), and build four additional sets of 5 portfolios starting from the same
large panel of cryptocurrencies and the same time-frame used in our main analysis. Specifically,
we build portfolios sorted by size, momentum, volume and volatility. For the size portfolios, we
sort coins by their relative market size; for the momentum portfolios we sort coins by the past
week return; for the volume portfolios we sort coins by the average daily trading volume in the
previous week times price; for the volatility portfolios we sort coins by the average absolute daily
return divided by price volume. All portfolios are rebalanced daily, using only information up to
day t to sort coins, and then we compute returns from ¢ to ¢ + 1.

Table 9 presents the asset pricing results for these 20 portfolios. The factors are the same we
used in the main analysis; that is, the Mktc,ypi0, Skcrypto and Kurcyypso factors. We note that, also
in this case, the market prices of risk for the Mktc,ypto, Skcrypro factors are significantly different
from zero and very close to the respective sample means. In contrast, the market price of the
Kurcrypto is not statistically different from zero. The adjusted-R?* are around 45%, and the pricing
errors are around 40 basis points per day. These pricing errors are twice as large those of the
main analysis.

Table 9: Asset pricing with alternative portfolios

Risk Prices

Wiktcrypto  Skerypto Kurcrypo OMtcrpre OSkerypro  DKurcrype  RE - RMSE - x*(%)
GMM; 091 2062 0.1 4.67 082 -071  46.63 039

[0.13]  [0.19] [0.19]  [0.63]  [032]  [0.33] 0.00
GMM, 100  -0.81  -0.10 5.31 109 <117 4302 041

[0.12] [0.18]  [0.18]  [o.61]  [031]  [0.32] 0.00
FMB 091 2062 0.1 4.66 082 -071 4391 039

[011] [0.18] [0.18]  [0.55]  [0.31]  [0.33] 0.00
Mean  0.88  -0.62  0.32

SE  [0.10] [0.19]  [0.18]

Notes: The table reports results from GMM and Fama and MacBeth (1973) asset pricing procedures on the 20 crypto portfolios sorted by size,
momentum, volume and volatility. Market prices of risk 1, the adjusted R?, the square-root of the mean-squared errors RMSE and the p-values
of x? tests on pricing errors are reported in percentage points. b denotes the vector of factor loadings. All excess returns are daily and multiplied
by 100. Shanken (1992)-corrected standard errors are reported in parentheses. We do not include a constant in the second step of the FMB
procedure. We include the risk factors as additional test assets to impose the no-arbitrage conditions from the Euler equation. Data are daily,
from Cryptocompare. The sample period is January 1 2017 to December 31 2020.

5.3 Tradable risk factors

We build the Skcrypro and Kurcyypio factors as long/short strategies applied to portfolios sorted by
co-skewness and co-kurtosis betas. In this section, we imagine actually implementing the strate-
gies by presenting the asset pricing results in the case we replace these two factors with factor
mimicking portfolios that are actually available to investors. The factor mimicking portfolios are
constructed as a constrained linear projection of the long/short portfolios on a large set of port-
folios: that is, the 15 portfolios which we use as test assets in the baseline specification along the
alternative portfolios presented in Section 5.2 (that is, 4 sets of 5 portfolios sorted by size, mo-
mentum, volume and volatility). The factors mimicking portfolios, which we denote as ﬁc,ypto
and I?E’Crypto, are zero-cost portfolios with portfolio weights wy > 0, where k = 1,...,K, on
K portfolios; weight wg;. < 0 on the bitcoin-to-dollar pair; and >y w + wp;e = 0. Therefore,
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the factor mimicking portfolios can only go long on any portfolio, and short only the bitcoin-to-
dollar pair. We bound the long and short position to a leverage factor of 10 (results are not very
sensitive to this parameter). The strategy of using a short position on the bitcoin pair follows the
analysis in Borri and Shakhnov (2021) and is motivated by the fact that the short position on the
bitcoin-to-dollar pair was always available to investors in our sample. Therefore, gl;c,ypto and
@‘Crypto can be considered tradable risk factors.

We first note that the factor-mimicking portfolios are not able to capture the same variability
of the Skcrypro and Kurcyypto. In fact, the R? we obtain by regressing the Skerypro and Kurcrypto
on the two factor-mimicking portfolios are respectively 35% and 48%. The availability of options
would most likely improve the fit of the factor-mimicking portfolios, but these are not available
over the full sample. Despite the relatively low R?, the three-factor model with the Mktcrypro
factor and the two factor-mimicking portfolios performs reasonably well in pricing the cross-
section of portfolio returns, where the test assets are the 15 crypto portfolios sorted by market,
co-skewness and co-kurtosis betas. Table 10 presents our results. Only the market price of risk
for the Mktcyypio is statistically significant; the market prices of the Skc,ypro and Kurcyypeo are
estimated less precisely but have the same sign, and are close in value, to the respective sample
mean. The adjusted-R? is around 45% and the pricing errors around 15 basis points per day.

Table 10: Asset pricing with tradable risk factors

Risk Prices
le[Crypto lS~kC,ypm IK;errypto katCrypta bSkCrypto bKU"Crypm R? RMSE XZ(%)
GMM; 0.97 -0.09 0.14 491 0.07 -1.35 5490 0.14
[0.14] [0.13] [0.16] [0.70] [0.69] [0.65] 0.08
GMM, 1.03 0.00 0.22 5.12 0.52 -1.29 46.31 0.15
[0.14] [0.12] [0.15] [0.66] [0.61] [0.57] 0.10
FMB 0.97 -0.09 0.14 491 0.07 -1.34 50.86 0.14
[0.11]  [0.12]  [0.15] [0.57] [0.68] [0.65] 0.20
Mean 0.97 -0.21 0.14

SE [0.11]  [0.11]  [0.13]

Notes: The table reports results from GMM and Fama and MacBeth (1973) asset pricing procedures on the 15 crypto portfolios sorted by market,
co-skewness and co-kurtosis betas. Market prices of risk 1, the adjusted R?, the square-root of the mean-squared errors RMSE and the p-values
of x? tests on pricing errors are reported in percentage points. b denotes the vector of factor loadings. All excess returns are daily and multiplied
by 100. Shanken (1992)-corrected standard errors are reported in parentheses. We do not include a constant in the second step of the FMB
procedure. Data are daily, from Cryptocompare. The sample period is January 1 2017 to December 31 2020.
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