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Abstract: 
This paper investigates the predictability of market betas for crypto assets. The 
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document pervasive empirical issues that arise in the emerging market of crypto 
assets. Although recent empirical results about US stocks suggest predictability of 
the future realized betas about 55%, predictability for the universe of crypto assets is 
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Thus we also contribute to the discussion on the appropriate market representation. 
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1. Introduction

Much of the financial research has been devoted to the market beta, the well-known building block

of the Capital Asset Pricing Model (CAPM) (Sharpe 1964, Lintner 1965, Mossin 1966). Although

the CAPM itself has many discussed and documented flaws (Jensen et al. 1972, Roll 1977, Fama and

French 2004), the market beta is still important for investors hedging their market risk. An investor

can lower the risk of their investment by taking a short position in a market index instrument. The

variance of such a portfolio is minimized if the market short position is proportional to the asset’s

OLS market beta. Since investors wish to hedge the future returns of their portfolio, accurately

predicting the out-of-sample betas is of great interest. Here, we contribute to the literature by

investigating the predictability of market betas in crypto assets1. We find that the predictability of

the future yearly market betas in the universe of crypto assets is generally much lower compared

to recent stock results of Welch (2019, 2021). While the historical stock betas explain between 51%

and 55% of the future betas, in the crypto universe of a similar size, it is less than 20%. Moreover,

we consider a total of four market index implementations, and for three of them, the historical

betas explain less than 10%.

The univariate market model estimating the beta depends only on the market return, thus

the market representation choice is crucial. Even though the US stocks-related financial literature

typically uses the CRSP market index (Bali et al. 2016), the emerging asset pricing studies of

crypto-assets do not have such a consensus. Mishra and O’Brien (2005) and Bruner et al. (2008)

discuss the consequences of the choice between global and home country market index on stocks

and find that it is consequential for emerging markets, while it is not for developed countries. Our

results suggest that the market index selection in crypto strongly determines the predictability of

the future betas, thus resembling emerging markets. While forecasting the future market betas and

the market risk factor loadings, we document pervasive empirical issues which are likely to appear

with other factors in the future studies of conditional models.

Our results also show a significant underestimation of the “stability coefficient” due to the

classical errors-in-variables (CEV) bias which substantially underestimates the optimal hedging

ratio. While Welch (2021) reports a negligible 2 % CEV bias for stocks, it is between 16% and

39% for crypto. Nevertheless, we observe structural differences between the applied market indices

and show that the S&P Cryptocurrency Broad Digital Market index delivers the best results.

1 We stick to the more general “crypto assets” or “crypto” as a shorthand notation as opposed to maybe more popular
but less precise “cryptocurrencies” as the crypto markets are formed of coins, various tokens, stablecoins, wrapped
variants of coins (tokenized coins) on different blockchains, and various DeFi (decentralized finance) protocols.

1
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1.1. State of the art

It is well-documented that the market betas are not stable over time; they are time-varying and

non-stationary (Blume 1971, Bos and Newbold 1984, Groenewold and Fraser 1999, Lewellen and

Nagel 2006, Adrian and Franzoni 2009, Engle 2016). Yet the assumption of time-invariant OLS

betas is implicit in the multitude of asset pricing tests, where the risk factor loadings are estimated

as a constant parameter of a market model regression. This assumption is also commonly used

in practice when the market beta estimated with historical data is used to make inferences for

a future period. Strikingly, the ample evidence of instability has had only little influence on how

the betas are estimated, with the notable exception of Kelly et al. (2019). Brenner and Smidt

(1977), Vasicek (1973) or Dimson (1979) considering alternative approaches to OLS. However,

the topic has not received much attention since the work of Shanken (1992). Welch (2019, 2021)

produces recent empirical results for the US stock market when he proposes a set of non-OLS

methods to estimate future OLS market betas. These studies show that there is a certain degree

of predictability in the CRSP stock index yearly betas. Welch (2021) reports that yearly historical

betas explain about 55% of the variation in the future yearly betas and that slope-winsorizing

of returns produces more reliable and consistent estimates of the OLS market beta compared to

the naive OLS estimate. Even though we also find that the other methods are superior to naive

OLS estimates, the predictability is generally much lower. Another issue is the CEV bias, which

underestimates the hedging ratio. In the stocks study of Welch (2021), the CEV bias is estimated

to be around 2%, but it is more than 10 times as large in crypto.

The CEV problem is a known issue in theoretical econometrics (Wooldridge 2015) as well as in

financial applications (Blume 1970, Shanken 1992). When one uses a beta estimate to predict the

OLS beta in the future period, the inherent error in measuring the independent variable brings

attenuation bias to the predictive regression. In turn it consistently underestimates the market

beta prediction. Several remedies to CEV were proposed, most recently Jegadeesh et al. (2019)

introduced an instrumental variable approach that allows using individual assets while alleviating

the CEV bias. At this stage, we do not attempt to find the best approach to control for the CEV

bias but rather show the issues it brings about in a common asset pricing setup. Historically, Blume

(1970) proposed to use portfolios as test assets to reduce CEV in the estimated betas for asset

pricing tests. Ang et al. (2020) discuss the trade-off between using portfolios and individual assets

when estimating risk premia in the cross-section. We analyze a panel of individual assets results as

well as portfolios. Our results show that indeed the crypto portfolios, even when formed on noisy

betas, suffer less from the CEV bias, yet still the general predictability of portfolios does not match

that of individual stocks.
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1.2. State of crypto research

We add to the emerging literature of asset pricing in crypto. The crypto market has grown con-

siderably in size over the recent years, yet remains relatively unexplored. The capitalization of

the market in 2021 matched the size of some of the largest economies in the world2 and several

prominent publicly listed companies are directly exposed to crypto as well3. More importantly,

El Salvador made Bitcoin a legal tender in 2021, particularly for its ability to cheaply transfer

remittances from abroad to its citizens. Härdle et al. (2020) offer an overview of the current state

of knowledge and future research applications as we still understand very little of this nascent

and developing market. There is a large body of literature discussing the place of Bitcoin, and

crypto assets in general, as a speculative asset class (Baur et al. 2018), its perceived role as a

safe haven (Shahzad et al. 2019, Urquhart and Zhang 2019), efficiency (Kristoufek 2018, Urquhart

2016) or market endogenous dynamics (Mark et al. 2020). A solid strand of literature investigates

time-varying volatility of crypto assets (Katsiampa 2017, Corbet et al. 2019, Conrad et al. 2018,

Dyhrberg 2016, Berentsen and Schär 2019). Crypto assets are also known for their high volatility

(Dutta and Bouri 2022, Zhang and Li 2020), hence outliers are set to play an important role in the

market beta estimation procedure. Grané and Veiga (2010), Carnero et al. (2012) and Chang et al.

(1988) document how outliers distort financial models in general. The high occurrence of return

outliers, along with a quite volatile market index itself, raises challenges in estimating the market

betas. The current crypto literature lacks a description of these issues for asset pricing. This also

motivates considering other methods than OLS for estimating the market betas. We put these lim-

itations together with the general problem of estimating market beta in a coherent framework. We

compare methods presented in Welch (2021) that are robust to outliers and consider four different

market indices from academia and industry. Our results demonstrate very limited stability of the

market betas.

This is also the first study of the empirical differences in crypto market indices. The market index

is a critical component in the vast majority of contemporary asset pricing models. However, there is

an acute lack of consensus on which of the several crypto market indices is the best representative

(Trimborn and Härdle 2018, Häusler and Xia 2022). As it turns out, differences in the number

of constituents, requirements on their liquidity and in the weighting scheme lead to dramatically

2 Total market capitalization of crypto in 2021 was between 1.5 and 3 trillion USD, which compares to the 2020 GDP
of OECD countries – in trillions USD – Czech republic 0.46, Canada 1.75, Turkey 2.3, Italy 2.5, United Kingdom
3.14

3 Microstrategy (MSTR) has large Bitcoin reserves, Coinbase (COIN) is one of the most prominent crypto exchanges,
Bitfarms (BITF) specializes in hardware mining of the digital currencies. Notably, Tesla (TSLA), an S&P 500 con-
stituent, has started accepting Bitcoin as a form of payment for their electric vehicles, although it stopped soon
after.
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different conclusions. Our results thus point to potential and undocumented issues with estimating

the cross-sectional conditional factor models, which is a common topic of financial research (Fama

and MacBeth 1973, Fama and French 1993, Gebhardt et al. 2005, Harvey et al. 2016).

If risk factor betas are highly variable and noisy, then constructing portfolios based on their

ranks implies unreliable dispersion in returns as well as post-rank loadings. The current crypto

asset pricing studies focus on explaining the variation in the cross-section of crypto returns

(Liu et al. 2022, Shen et al. 2020, Bianchi and Babiak 2021, Zhang and Li 2020) using crypto

characteristics and we are not aware of any study considering factor loadings. Only Liu and

Tsyvinski (2021) use factor loadings, but only to explain monthly crypto market returns, not

individual asset’s expected returns and they do not consider crypto specific financial factors.

Asset pricing in crypto is thus missing an examination of a very relevant financial problem.

Moreover, asset pricing tests based on beta ranks commonly use OLS betas and shorter estimation

periods. Ang et al. (2006) state that using a monthly historical window to predict future factors

loadings over a month is a natural compromise. We do not find stability in market betas for any

estimation method or index for quarterly and monthly periods. Shorter estimation horizon further

deteriorates the already poor forecast ability across all of the specifications in this study.

1.3. Outline

The remainder of this paper is organized as follows. In Section 2, we describe the methodology

used for estimating market betas. Section 3 provides an empirical description of our dataset as

well as a discussion on selecting the cryptocurrency market index. In Section 4, we present the

forward-looking performance of the various beta estimators. Finally, Section 5 concludes.

2. Methodology

We investigate and compare the performance of various estimators in forecasting the future OLS

market betas. An investor can only use historically available information in estimating a future

and unobservable market beta. The selection of estimators is not limited to OLS, yet the OLS

as the best linear unbiased estimator is the natural target. Welch (2019, 2021) discusses several

other methods and find them to be superior to OLS in the predictive performance of the future

OLS betas. In our methodological framework, we select the three best-performing ones from Welch

(2021) as alternatives to the OLS betas. Namely, we consider plain slope winsorized betas, age

decaying slope winsorized betas, and Vasicek (1973) betas that shrink beta estimates towards a

Bayesian prior.

Winsorization and truncation are common techniques to handle outliers in empirical asset pricing

(Bali et al. 2016). Welch (2019) introduces slope winsorization which limits the security’s return
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based on the contemporaneous market return. The implementation is very simple and only requires

a single pass through the data to process the in-sample security returns. Throughout the paper,

we denote plain slope winsorized betas as βSW, while the OLS estimate is βOLS. In general, the

time t winsorized excess return rSWi,t of a security i is required to belong to a bounded interval

rSWi,t ∈
(
rm,t(1−∆), rm,t(1 + ∆)

)
, (1)

where rm,t is the market return at time t and ∆ is the winsorization parameter. Following Welch

(2021), we impose ∆, 3. Therefore, the allowed return range is limited to rSWi,t ∈ (−2 · rm,t,4 · rm,t).

The estimator of the slope winsorized beta βSW is then defined as

β̂SW
i =

Cov(rSWi,t , rm,t)

Var(rm,t)
. (2)

Similarly, the age-decayed slope winsorization beta βSWA uses the same winsorization range but

is estimated with weighted-least-squares (WLS) regression that smooths the time decay. We use

βSWA for the yearly beta estimates with the same parameters as Welch (2021), such that WLS

weights decay is roughly 0.55% per day. Thus the half-live of observations is 125 days and the

weight of yesterday’s return is about twice as high as four months ago and about 8 times the weight

of the return a year ago.

Lastly, we implement the Bayesian shrinkage estimator introduced by Vasicek (1973). The

Vasicek adjustment shifts the OLS beta towards a cross-sectional expectation such that the mag-

nitude of the shift is increasing with the standard error of the OLS estimate. That is, for precise

estimates Vasicek shrinkage gives more weight to the OLS beta while for noisy estimates it pushes

the beta towards a cross-sectional expectation. It requires first calculating a panel of individual OLS

market betas and recording the standard error of the estimations. We calculate a cross-sectional

mean of the betas β̂OLS and standard deviations σ2
t . Then the Vasicek estimate β̂VCK follows;

β̂VCK
i,t =wi · β̂OLS

i + (1−wi) · β̂OLS
t (3)

where wi =
σ2t

σ2i+σ
2
t

is the weight of the shrinkage. Empirical evidence mentioned in Welch (2019)

suggests that Vasicek’s betas perform well with time-varying underlying betas and in presence of

outliers, which is our case.

Investors are keen to be able to accurately forecast future realized beta values to optimize hedging

the market risk. Hence, we forecast β̂OLS
i,t+1 with β̂

(·)
i,t , where β̂

(·)
i,t stands for β̂OLS, β̂SW, β̂SWA or β̂VCK.

We judge the quality of the predictions with the R2 from a pooled panel data regression

β̂OLS
i,t+1 = γ0 + γβ̂β̂

(·)
i,t + εi,t+1, (4)
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and with the Root Mean Square Error (RMSE) of the future beta predictor over all successive

periods τ ∈ {1, .., T} and assets i∈ {1, ..., n}, i.e.,

RMSE =

√√√√∑
i

∑
τ

(β̂OLS
i,τ+1− β̂

(·)
i,τ )

2

nT
. (5)

Note that R2 is a measure of beta predictability and we interpret γβ̂ as a “stability coefficient”.

Indeed, if the betas were perfectly persistent, γβ̂ would be close to unity and on average, investors

would just keep the historical hedging ratios. Since the explanatory variable in the pooled regression

in Equation (4) is an estimate with an inherent measurement error, we face the classical error-in-

variables problem (CEV), or rather the attenuation bias (Wooldridge 2015), which underestimates

γβ̂. Welch (2021) notes that while RMSE is affected by this bias, R2 is not and hence it is a more

suitable measure when comparing the results of predictability. We also include the Mean Absolute

Error metric (MAE) in the results, primarily to discern different sources of prediction errors.

To illustrate the CEV issue, let us consider an explanatory variable x measured with an error u,

and let x̃= x+u be the regressor in a general univariate OLS regression. Then the model follows

y = β(x̃− u) + ε= βx̃+ (ε− βu), where the measurement error becomes a part of the error term

creating an endogeneous bias. Then the OLS estimator can be easily derived (Wooldridge 2015) to

follow

β̂ −→
p
β

δ2x
δ2x + δ2u

= βλ, (6)

where λ is the attenuation factor. Following Welch (2021), we calculate δx as the average dispersion

of the estimated betas in the cross-section and δu as the average standard error of estimating the

beta for the estimator, market index, and holding period, respectively. We report the value 1− λ
as the CEV bias, which is about 2% in the stock sample published in Welch (2019, 2021).

3. Data

As the data structures, possibilities but also issues and pitfalls are quite different from the standard

financial instruments, we attribute much attention to proper and precise description to the specific

empirical challenges that crypto data pose in research. We downloaded the full history of all

coins and tokens (over 18,000 assets) that were ever published on CoinMarketCap.com (CMC),

a standard data source in the crypto literature (Liu and Tsyvinski 2021, Liu et al. 2022, Zhang

and Li 2020, Kristoufek and Vosvrda 2019, Kristoufek 2021, Kukacka and Kristoufek 2020, Shen

et al. 2020). Due to the availability of the market indices, we run the analysis from August 2014

to December 2021. After downloading the data, we exclude IDs that are re-used in more projects,

which we found in several cases, and consider this an internal error of the data provider. We

eliminate wrapped coins, stablecoins, and leveraged tokens depending on tags provided by CMC

and full-text search of keywords in the names, as the tags are not entirely consistent.
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3.1. Data properties

One of the challenges is that typically, crypto assets have returns larger than 5 or even 7 sigmas of

their respective distributions. Commonly, the raw dataset contains assets with daily returns in the

hundreds of percents with volumes of less than 10 USD. Such extreme returns are removed from the

dataset if the corresponding volume for that return is less than 1 milion USD as this is likely to be

a result of the so-called “pump and dump” or other market manipulation (Kamps and Kleinberg

2018, Li et al. 2021) occurring in illiquid assets. Also, we eliminate individual observations with

infinite returns or returns corresponding to zero prices. Finally, we interpolate at most one missing

price observation, otherwise, the asset is removed from the sample. Surprisingly, those empirical

properties of the crypto data are not mentioned in the current literature (Liu and Tsyvinski 2021,

Liu et al. 2022, Shen et al. 2020, Zhang and Li 2020, Bianchi and Babiak 2021) while the studies

use the same data provider.

After the initial processing, there are 4,883 coins and tokens in the considered universe of crypto

assets. Of those, 3,483 assets (71%) ever record a daily return of more than 100% and 1,214 assets

(24%) even a daily return larger than 500%. Each asset in our universe has at least one absolute

daily return greater than three sigmas and 3,870 assets (79%) greater than seven sigmas. For

example, Bitcoin’s standard deviation of all daily returns is 3.87% with the lowest return -37% and

the highest daily gain of 25%. The return characteristics are also described in (Liu and Tsyvinski

2021) and we compare them with the market indices in Table 2. We expect those properties to

present challenges, particularly for the βOLS estimation.

Winsorization of the returns is an option to handle such returns. Table 1 shows what proportion

of returns are winsorized, respectively slope-winsorized as in Welch (2021) for each of the indices

introduced in Subsection 3.2. From now on, we consider asset and market returns to be net of the

daily risk free rate downloaded from Ken French’s data library. On average an asset has between

31% and 37% of the daily returns outside of the slope-winsorization market return band. Welch

(2021) does not report what proportion of the stock returns is winsorized, but we can reasonably

expect that it will be much lower. The largest coins have the lowest number of winsorized returns

as, by design, they influence the market indices the most and thus correlate with them the most.

Nevertheless, the descriptive statistics illustrate that even simple empirical results differ dramat-

ically across the market indices. For example, Bitcoin has 5.5% of its daily returns in the sample

winsorized when compared to BDMI, in which it is not actually a constituent, while this num-

ber almost doubles when considering CCMIX. Such differences already hint that the forecasting

performances can vary considerably across the applied indices.
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CCMIX CRIX SCI BDMI

Min 9.5% 6.8% 5.6% 5.5%
Mean 37.1% 37.2% 35.7% 31.4%
Median 36.3% 36.6% 34.7% 30.5%
Max 64.9% 63.9% 63.0% 61.5%

Table 1 Aggregate statistics of winsorized returns. The table shows the distribution of the proportion of

winsorized returns depending on the market index used. An average asset has about 37 % of daily returns

winsorized.

3.2. Selecting the market index

Standard asset pricing literature typically uses the CRSP value-weighted market portfolio from

Ken French’s data library as the market index. Yet the limited literature on crypto asset pricing

has no such consensus despite its critical role in the majority of financial research. Trimborn and

Härdle (2018) summarize the main challenges in constructing a relevant and descriptive market

index for cryptocurrencies. Unlike the stock market, crypto is traded every day around the clock

and across hundreds of exchanges with varying liquidity. Trimborn and Härdle (2018) introduce a

methodology resulting in the CRIX index which accounts for those specifics as well as typically the

fast rise and demise of crypto projects. Following the CRSP approach, the CRIX is dynamic in the

number of constituents. CRIX only adds an index member slot, if it improves the AIC criterion of

the index, thus it penalizes high number of index members. The number of constituents is evaluated

every quarter, but the individual constituents are selected and rebalanced monthly. This allows

the index to adapt to rapidly changing market conditions.

Second index considered is the Broad Digital Market Index (BDMI)4 produced by S&P Digital

market division. It rebalances on the last calendar days of February, May, August, and November.

Each asset needs to have a market capitalization of at least 10 million USD and have a three-

month median daily value traded (MDVT) of at least 100 thousand USD. Then the index is a

value-weighted portfolio of the eligible constituents. Unlike all the other indices, it excludes Bitcoin

and Ethereum to account more for the behavior of the broad market’s alternative assets which are

much lower in capitalization. Since the online published time series does not include weekends, we

recalculated the index following the methodology so that it corresponds to our dataset.

The Crescent Crypto Market Index (CCMIX)5 originates in industry, but it has been used in

academic works (Shah et al. 2021, Ramos et al. 2021) as well. Despite being discontinued at the

end of 2021, we include it for a more complete historical comparison. It is an example of a directly

4 Bloomgerg ticker “SPCBDM”, Reuters “.SPCBDM”

5 Bloomberg ticker “CCMIX”, Reuters “.CCMIX”
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investable index managed by the Crescent Crypto Manager LLC that includes at most the twenty

largest value-weighted coins and is rebalanced monthly.

Lastly, we consider a pure value-weighted portfolio of all assets in the universe. Although Trim-

born and Härdle (2018) published a market index suitable for the dynamic nascent crypto market,

recent literature (Zhang and Li 2020, Bianchi and Babiak 2021, Liu and Tsyvinski 2021, Liu et al.

2022) rather considers a value-weighted portfolio of all the assets in the universe, with minimal

selection rules, perhaps due to the mentioned lack of consensus. More specifically, Zhang and Li

(2020) consider cryptocurrencies with at least 2 years of trading record, Liu and Tsyvinski (2021)

and Liu et al. (2022) assets with capitalization above 1 million USD, and Bianchi and Babiak

(2021) assets with capitalization over 100 million USD which are missing no more than 25% of

observations in the period. The articles do not mention if the capitalization levels are required for

the whole period, or if the asset needs to attain it at least once over the observed sample. Also

no details are provided with respect to rebalancing, so we assume that weights are assigned daily,

which makes it, unlike the other indices, not directly investible due to the number and costs of

daily rebalancing transactions. Surprisingly, other papers pose no restrictions with respect to the

volume traded, which we find quite important for judging the crypto’s relevance and eliminating

some very suspiciously behaving assets. Nevertheless, for our construction, we require the assets

to have a daily average market capitalization of at least 1 million USD and a daily median volume

of at least 10 000 USD to eliminate assets with a very high percentage of large outliers. We label

this index in the subsequent analysis as Simple Crypto Index (SCI).

Even though the indices attempt to track the same market, they exhibit very different empirical

characteristics. Table 2 documents basic statistics of the market indices and two major cryptocur-

rencies, Bitcoin and Ethereum, from August 2014 to December 2021. There are notable differences

between indices particularly in the annual returns. For example, SCI gains 10,000 % in the bull

market of 2017, as a very broad index which contains lots of booming assets gaining hundreds of

percent weekly, led mainly by the rise of Ethereum. In the same period, CRIX and CCMIX are

much more conservative with return profiles more similar to Bitcoin in the daily and compounded

returns. One of the reasons is that SCI is rebalanced daily with no assumed transaction costs,

which is a rather hypothetical portfolio than a practically investable one. However, the mentioned

papers do not consider the practical feasibility of their market index. This approach suffers from

asymmetry in returns, as while an asset’s downside is naturally limited, many crypto assets attain

returns so large that they contribute substantially to the index return despite their very small

weight. The distributions of daily returns in the given year have consistently higher mean and

median returns compared to the stock market as well as respective standard deviations of those

returns. The mean returns tend to be further from zero than the median suggesting heavy tails in
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Index 2014 2015 2016 2017 2018 2019 2020 2021

BDMI Mean 0.31 -0.17 0.12 1.33 -0.45 -0.05 0.27 0.62
Median 0.07 -0.23 0.02 0.79 -0.29 0.10 0.59 1.04
Standard deviation 4.50 3.85 2.15 5.91 5.81 3.62 4.51 5.45
Total Return 37.40 -59.36 40.60 6,645.89 -89.71 -33.78 8.31 448.67

CCMIX Mean 0.94 -0.32 0.14 0.44 0.35
Median 1.15 -0.08 0.01 0.46 0.40
Standard deviation 4.61 4.81 3.77 3.57 4.47
Total Return 1,977.54 -79.85 28.87 295.62 135.28

CRIX Mean -0.27 0.10 0.26 1.02 -0.35 0.17 0.51 0.52
Median -0.40 0.13 0.20 0.99 -0.04 0.15 0.39 0.32
Standard deviation 2.99 3.46 2.45 4.65 4.68 3.56 3.76 4.96
Total Return -37.85 16.06 131.73 2,654.16 -87.70 47.23 392.42 337.18

SCI Mean -0.20 0.16 0.40 1.39 -0.17 0.26 0.62 0.64
Median -0.35 0.18 0.25 1.44 -0.01 0.19 0.54 0.78
Standard deviation 3.05 3.47 2.41 4.76 4.94 3.51 4.08 4.63
Total Return -30.94 44.84 288.18 10,045.42 -66.14 102.94 585.73 586.37

Major Crypto Assets

Bitcoin Mean -0.35 0.15 0.25 0.86 -0.27 0.24 0.46 0.22
Median -0.41 0.12 0.18 0.89 0.08 0.12 0.27 0.13
Standard deviation 3.10 3.60 2.51 4.99 4.24 3.56 3.77 4.21
Total Return -45.38 34.47 123.83 1,368.90 -73.56 92.20 303.16 59.69

Ethereum Mean 0.56 0.82 1.51 -0.32 0.08 0.61 0.60
Median -0.01 -0.19 0.39 -0.26 -0.08 0.53 0.59
Standard deviation 9.62 6.92 7.30 5.60 4.11 4.94 5.60
Total Return 23.92 753.64 9,395.84 -82.38 -2.82 469.25 399.13

Table 2 The table shows mean, median and standard deviation of daily returns and total cumulative return per

year of four market indices and two largest cryptocurrencies from August 2014 to the end of 2021. All values are

in percentages, including the total returns for consistency. All the indices start on August 1, 2014 and run to the

end of 2021. CCMIX runs from January 1, 2017 to December 12, 2021.

the distributions; extremely so in the case of Ethereum and BDMI in 2017, where the mean return

is 1.5% daily compared to the median 0.4%, or rather 1.33% to 0.8% in the case of BDMI, which

excludes Ethereum and Bitcoin, but rather tracks the so-called altcoins. This effect however wears

out in the latest bull run of 2020 and 2021.

4. Results

We investigate the stability of market beta coefficients, or rather their predictability, using various

methods and market indices from August 2014 to December 2021. Primarily, we are interested

in predicting the yearly market betas, as one of the use cases of market beta is hedging against

market risk. We also consider shorter horizons as they are more typical for asset pricing tests. Due

to the short history of crypto, rather than calculating betas at the calendar year-end, we estimate
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Index Predictor T 1−λ γ0 γβ̂ SD γβ̂/λ R2 RMSE MAE

BDMI β̂OLS 12,495 0.388 0.451 0.423 0.001 0.659 0.163 0.269 0.195

β̂SW 0.168 0.333 0.563 0.001 0.665 0.203 0.241 0.179

β̂SWA 0.131 0.376 0.515 0.001 0.585 0.194 0.248 0.184

β̂VCK 0.315 0.260 0.643 0.001 0.930 0.186 0.237 0.176

CCMIX β̂OLS 10,879 0.413 0.622 0.207 0.001 0.305 0.044 0.313 0.234

β̂SW 0.183 0.566 0.273 0.001 0.307 0.050 0.284 0.217

β̂SWA 0.143 0.600 0.234 0.001 0.275 0.040 0.293 0.227

β̂VCK 0.322 0.577 0.256 0.001 0.333 0.032 0.279 0.212

CRIX β̂OLS 12,495 0.327 0.579 0.250 0.001 0.356 0.059 0.339 0.258

β̂SW 0.123 0.509 0.329 0.001 0.368 0.071 0.310 0.242

β̂SWA 0.114 0.540 0.300 0.001 0.347 0.064 0.312 0.243

β̂VCK 0.245 0.498 0.345 0.001 0.453 0.056 0.298 0.231

SCI β̂OLS 12,495 0.383 0.615 0.311 0.001 0.449 0.088 0.307 0.224

β̂SW 0.157 0.546 0.388 0.001 0.438 0.096 0.283 0.210

β̂SWA 0.126 0.558 0.380 0.001 0.429 0.101 0.286 0.211

β̂VCK 0.308 0.523 0.418 0.001 0.558 0.080 0.275 0.203

Table 3 This table shows yearly overlapping beta predictions of the future OLS beta. T represents the number

of observations in the panel, where CCMIX has a shorter time span. γ0 is the intercept and γβ̂ the coefficient of

interest from Equation (4) with respective standard error in column SD. The 1−λ is an estimate of the CEV bias

underestimating the γβ̂, while γβ̂/λ represents the rescaled coefficient. R2 is the standard measure of fit of the

pooled panel regression and RMSE and MAE are fit metrics introduced in Section 2.

the betas at every calendar month-end. Therefore, we consider a year to be 360 days, rather than

a calendar year to have a consistent estimation window independent of the start. The primary goal

of the current study is to examine how well the different estimation methods forecast future OLS

betas. We forecast β̂OLS
i,t+1 with an estimator’s β̂

(·)
i,t realization, where β̂

(·)
i,t stands for β̂OLS, β̂SW, β̂SWA

or β̂VCK.

4.1. Forecasting individual market betas

The main result is summarized in Table 3 where we show the results of pooled regression predicting

one-year ahead beta. We use overlapping observation in the sense that we predict beta for Jan-

Dec 2017 with daily returns from Jan-Dec 2016, then Feb 2017 - Jan 2018 betas with Feb 2016

- Jan 2017 data, and so on. Thus, we adjust the gamma standard errors with the appropriate

Newey-West corrections. The variation in the forecasting metrics is very large across the indices

and methods. With respect to the regression metrics in the pooled regression, the γβ̂ coefficient

from Equation (4) is always highly significant and as expected positive. While Welch (2021) reports

γβ̂ coefficients between 0.7 and 0.9 for the same methods, for cryptos, this coefficients is much

lower. This is due to the CEV bias reported in 1−λ column, which underestimates the γβ̂. Hence,
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the column γβ̂/λ represents the γβ̂ rescaled by the attenuation factor. Note that λ is again only an

estimate of the CEV bias but even controlling for it in CCMIX, CRIX and SCI does not estimate

the stability coefficient close to values reported in Welch (2021). This suggests there are also other

factors driving the poor predictability of crypto market betas.

The R2 of 20% for β̂SW in BDMI is the best forecasting performance, yet still very poor compared

to the predictability of US stock betas in Welch (2019, 2021) which is between 58% and 60% for

the 1,000 largest stocks and 51% and 55% for the 3,000 largest, respectively. The results show the

superior performance of the winsorized methods and Vasicek’s betas compared to OLS, identically

to Welch (2019, 2021). Yet the R2 measured across the market indices and estimators are notably

lower than in the CRSP stock dataset, while the RMSEs are similar. Out of the four considered

market indices, BDMI has consistently higher γβ̂ as well as R2 higher almost an order of magnitude

compared to the others, where the R2 is abysmally low.

The R2 measured in our case are much smaller compared to Welch (2021). While for instance

his OLS betas explain 58% in the future OLS beta variation, in BDMI it is only 16%, respectively

4.4%, 5.9% and 8.8% in the other indices. The highest R2 in Table 3 is β̂SW estimator in BDMI,

which is 20.3%. Those R2 results correspond to stocks’ market betas predictions for 5 and 10 years

into the future, not the subsequent period. Nevertheless, we observe that β̂SW always improves the

forecasting over OLS, in the case of BDMI by 24%, for CCMIX by 13% and 20% for CRIX, 9%

respectively for SCI. Unlike Welch (2021) who measures the attenuation bias 1− λ to be around

2%, we estimate much higher values for crypto. For β̂OLS betas, it is between 32% and 39% across

the indices. While it is about half for the other methods, it is still significantly higher than in the

Welch’s similar study. Nevertheless, the poor performance of the forecasting for different indices

cannot be attributed solely to the CEV problem as it is relatively similar within an estimation

method. Neither does it seem to explain why SCI has higher consistency of market betas relative

to the other indices. Neither the RMSE nor the MAE metrics present such a structural difference,

although they are affected by the CEV bias. We hypothesize that it is due to individual market

index properties, which makes the research into the comprehensive market representation of crypto

urgent.

Overall, the time variation in the pooled betas is extreme. Figure 1 illustrates several prominent

crypto-assets and their SCI betas, the index most used in the literature. Colors indicate in which

calendar year the historical data for estimation end and we observe much different time dependent

dynamics per asset. While the most important assets Bitcoin and Ethereum cluster around 1, XRP

and Doge have very dispersed values and clearly do not exhibit any consistent linear relationship

between the historical and future realized market betas throughout the dataset. Ethereum and

XRP exhibit a distinct 2016-2017 cluster, corresponding to the then bull market. Doge shows a
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Figure 1 This figure show the subsample from the pooled beta dataset for four prominent cryptos. Colors

indicate in which calendar year the historical data for estimation start. The estimated historical beta is on the

x-axis and the future realized beta (to be predicted based on the historical one) is on the y-axis.

cluster of high 2021 betas in blue affected by Elon Musk’s adoption of Doge as a personal favourite

crypto asset in Spring 2021, increasing its price almost 30 times over a few months. XRP shows

very volatile behavior, particularly in the first half of the sample. This points to the issue of

quickly changing issues of the relative importance of assets discussed in (Trimborn and Härdle

2018). Although illustrative, the figure suggests that crypto assets have individually very different

market beta dynamics and those pooled together yield the documented inaccuracies. Groenewold

and Fraser (1999) report time trend in market betas as an important factor in their study of

the Australian sector portfolios and they identify significant structural break in 1987. Crypto has

experienced profound bear markets and explosive bull markets which was driven primarily by

altcoins such as XRP and Dogecoin. A potential avenue of future research would be to explore

this time dependency and dissect the crypto-asset universe by characteristics to investigate specific

stability in the sub-groups.

4.2. Forecasting market betas of portfolios

Analyzing portfolios instead of individual assets is expected to alleviate the CEV problem (Blume

1970). Table 4 shows the same analysis on portfolios consisting of the same assets as previously.

For this exercise, we disregard transaction costs, as we focus on portfolio market beta prediction

rather than profitability. At the end of each month, we calculate historical yearly market betas for

each market index and estimation method. The assets are sorted in quintile portfolios based on
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their market betas and then value-weighted and held for the same time period in the future. This

is also basis of the typical asset pricing procedure of estimating risk premia in the cross-section

based on risk factor loadings. Table 4 compares the predictive power of the portfolio’s historical

beta to the future portfolio’s OLS beta.

As expected, using portfolios instead of individual assets brings a significant reduction in the

estimated CEV bias, driven by lower dispersion in the pooled betas. Surprisingly, the γβ̂ are

not much higher. Portfolios significantly improve the predictability in terms of R2. All the γβ̂

coefficients are strongly statistically significant. For the portfolios, the 1− λ drops by an order of

magnitude and ranges in units of percent, while R2 increases, particularly in the poorly performing

indices where it almost doubles. For example, β̂SWA in CCMIX and CRIX reaches R2 of 20%

compared to 5%, respectively 6.4%. The stability of SCI market betas improves the least and β̂VCK

betas explain only 14.6% in the future variation of OLS betas. While for BDMI, the improved

R2 attains 50%. Nevertheless, even when using portfolios, our predictability of crypto market

betas is worse than in Welch (2019, 2021) who uses individual stocks. As for the estimators,

the OLS betas again do not perform well; they have consistently the highest CEV bias and the

lowest R2. Notably, the β̂SW estimator actually performs worse than OLS in terms of R2 with

β̂VCK or β̂SWA having the highest explanatory power. The results in Table 3 and Table 4 show

a persistent heterogeneity across the market indices and the superiority of non-OLS methods in

predicting the future OLS market beta. Throughout the measurements, the BDMI index performs

the best, compared to the plain value-weighted portfolio of SCI. The BDMI index puts restrictions

on market capitalization and historical trading volume and appears to be the most suitable for

further asset pricing research.

4.3. Forecasting shorter horizons

We also analyze horizons of 180 and 30 days. We consider the shorter horizon to describe the

potential instability of the beta coefficients for portfolio sorts tests such as (Ang et al. 2006, Chang

et al. 2013), where reasonable stability of the post-ranking factor loadings is required. Liu et al.

(2022), Zhang and Li (2020), Shen et al. (2020) study the pricing of factors even in weekly returns for

crypto, however, we omit weekly beta estimates in our analysis. Again, we predict the following out

of sample period and compare market indices and different estimation methods trying to forecast

the OLS beta. Due to much shorter estimation periods, we omitted the age decay winsorization

method βSWA. Table 5 summarizes the results.

The predictive performance degrades significantly with shorter horizons. The same observation is

noted in Welch (2019), but no numerical results are published. Consistent with the yearly betas in
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Index Predictor T 1−λ γ0 γβ̂ SD γβ̂/λ R2 RMSE MAE

BDMI β̂OLS 330 0.076 0.430 0.529 0.003 0.573 0.473 0.214 0.160

β̂SW 0.064 0.385 0.586 0.004 0.626 0.461 0.196 0.149

β̂SWA 0.052 0.379 0.591 0.007 0.624 0.448 0.207 0.151

β̂VCK 0.068 0.407 0.556 0.003 0.597 0.507 0.176 0.135

CCMIX β̂OLS 180 0.090 0.613 0.277 0.010 0.304 0.197 0.192 0.153

β̂SW 0.068 0.637 0.252 0.011 0.270 0.164 0.183 0.146

β̂SWA 0.060 0.630 0.264 0.007 0.281 0.221 0.175 0.143

β̂VCK 0.066 0.626 0.276 0.010 0.296 0.211 0.167 0.134

CRIX β̂OLS 325 0.088 0.599 0.343 0.009 0.376 0.185 0.245 0.189

β̂SW 0.045 0.588 0.352 0.010 0.369 0.178 0.239 0.185

β̂SWA 0.038 0.588 0.356 0.010 0.370 0.220 0.240 0.180

β̂VCK 0.064 0.602 0.337 0.007 0.360 0.183 0.214 0.166

SCI β̂OLS 335 0.096 0.695 0.266 0.010 0.294 0.122 0.253 0.186

β̂SW 0.051 0.686 0.275 0.010 0.290 0.118 0.246 0.183

β̂SWA 0.041 0.689 0.274 0.011 0.286 0.136 0.255 0.183

β̂VCK 0.070 0.670 0.286 0.006 0.308 0.146 0.216 0.162

Table 4 Panel of quintile portfolio betas. This table shows the same analysis as Table 3 but for quintile

portfolios instead of individual assets. The portfolios are value weighted within ranks based on their respective

market betas estimated on the same method. We measure the performance in predicting the next-period OLS

beta as in Equation (4).

Table 3, the β̂SW method has the highest R2 across indices, nevertheless, the values hardly surpass

10%, respectively 2% in the monthly period. The regression coefficients γβ̂ are smaller, yet always

highly statistically significant. The RMSE and MAE of the shorter periods increase dramatically

and in the monthly case, β̂OLS even surpasses the threshold of one. These results suggest that asset

pricing tests based on portfolio sorts will likely suffer from this instability. We are not aware of a

comparable study for stocks, but since the yearly portfolios do not even attain the predictability of

a universe of individual stocks, we expect that stock portfolios exhibit much higher predictability

of their beta factors. At least with the ubiquitous market factor, the shorter horizon estimations

are highly noisy and it is reasonable to assume it will be similar for other factors. Again, the CEV

bias is an issue here, but it does not increase relative to the drop in R2 compared to yearly betas in

Table 3. It is a measure of an average bias pertaining to the pooled sample, which suggests that the

poor performance on a shorter horizon is driven rather by individual outliers. This motivates more

research not only on how to choose an appropriate market index but also into how to construct

a universe of crypto assets that is relevant and more importantly resonates with expectations

following decades of financial research.
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Quarterly betas

Index Predictor T 1−λ γ0 γβ̂ SD γβ̂/λ R2 RMSE MAE

BDMI β̂OLS 19870 0.318 0.557 0.302 0.000 0.443 0.094 0.392 0.266

β̂SW 0.146 0.412 0.481 0.000 0.563 0.139 0.334 0.239

β̂VCK 0.260 0.388 0.508 0.000 0.686 0.116 0.329 0.236

CCMIX β̂OLS 18214 0.337 0.644 0.179 0.000 0.270 0.033 0.449 0.326

β̂SW 0.151 0.576 0.262 0.000 0.309 0.040 0.395 0.298

β̂VCK 0.257 0.588 0.245 0.001 0.330 0.026 0.386 0.290

CRIX β̂OLS 19870 0.289 0.632 0.220 0.000 0.309 0.053 0.470 0.331

β̂SW 0.120 0.519 0.352 0.000 0.404 0.075 0.402 0.297

β̂VCK 0.223 0.508 0.370 0.000 0.476 0.062 0.391 0.286

SCI β̂OLS 19870 0.316 0.644 0.274 0.000 0.401 0.077 0.435 0.301

β̂SW 0.136 0.510 0.427 0.000 0.494 0.105 0.374 0.270

β̂VCK 0.250 0.503 0.443 0.001 0.591 0.083 0.369 0.266

Monthly betas

Index Predictor T 1−λ γ0 γβ̂ SD γβ̂/λ R2 RMSE MAE

BDMI β̂OLS 26012 0.290 0.726 0.085 0.006 0.120 0.008 1.097 0.566

β̂SW 0.197 0.592 0.252 0.011 0.314 0.019 0.859 0.486

β̂VCK 0.297 0.581 0.266 0.013 0.378 0.017 0.845 0.469

CCMIX β̂OLS 24354 0.298 0.744 0.061 0.006 0.087 0.004 1.225 0.683

β̂SW 0.185 0.669 0.153 0.012 0.188 0.007 0.981 0.591

β̂VCK 0.284 0.651 0.176 0.013 0.246 0.007 0.955 0.562

CRIX β̂OLS 26012 0.281 0.786 0.078 0.006 0.108 0.006 1.255 0.714

β̂SW 0.162 0.710 0.166 0.011 0.198 0.009 1.013 0.621

β̂VCK 0.263 0.694 0.189 0.012 0.256 0.009 0.986 0.591

SCI β̂OLS 26012 0.296 0.813 0.078 0.006 0.111 0.006 1.185 0.661

β̂SW 0.181 0.695 0.210 0.011 0.256 0.014 0.946 0.566

β̂VCK 0.285 0.688 0.225 0.012 0.315 0.012 0.926 0.542

Table 5 This table shows one-period ahead forecasting performance for quarterly and monthly betas.

5. Conclusion

The emerging asset pricing literature in crypto faces several specific challenges. Besides relatively

short history and quickly changing universe of assets, extreme volatility and illiquidity make the

standard financial analysis difficult. Also, the current research in crypto has yet to agree on an

appropriate representation of the market factor. We show that choosing a market risk factor is

consequential for empirical results, at least in the context of estimating an asset’s fundamental

property, which is its market beta.
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We test the predictability of crypto market betas and find that it is much lower, at least compared

to recent results about the US stock market. Market betas are instrumental in asset pricing models

as well as in hedging the market risk. Crypto investors face much higher time variation and errors-

in-variables bias compared to the investors in the US stock market. The main takeaway is that

while the US stocks exhibit predictability of about 55% for one-year-ahead market betas, historical

betas in crypto explain at most 20% of the future market betas variation in S&P’s BDMI index

and less than 10% for other considered indices. This limits the out of sample hedging accuracy.

Similarly to stock market results, we find that alternative methods that control for returns’ outliers

are better in predicting the OLS betas, than the naive OLS method itself.

Our findings point towards at least two direct avenues for further research. Firstly, we illustrate

on a small sample that individual asset’s market beta dynamics over time differ greatly. Potentially,

there can be characteristics which would separate assets with low and high persistence of the

market betas. Secondly, the asset pricing literature on crypto, which attempts to explain the

excess returns, has so far discussed only cross-sectional patterns in characteristics rather than risk

factor loadings of individual assets. This work outlines empirical difficulties that could be expected

in crypto from the evidence of unstable market factor loadings in other risk factors as well. Thus

inspection of methods improving beta estimation stability is likely necessary. Those issues are in

fact exacerbated on quarterly and monthly horizons, which are typically used in such studies.
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