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Abstract
We investigate the out-of-sample diversification benefits of cryptocurrencies from a gen-
eralised perspective, a cryptocurrency-factor level, with traditional and machine-learning-
enhanced asset allocation strategies. The cryptocurrency factor portfolios are formed in an 
analogous way to equity anomalies by using more than 2000 cryptocurrencies. The find-
ings indicate that a stock–bond portfolio incorporating size- and momentum-based crypto-
currency factors can achieve statistically significant out-of-sample diversification benefits 
for investors with different risk preferences. Additionally, machine-learning-enhanced asset 
allocation strategies can boost the traditional approaches by enriching (shrinking) the dis-
tributions of weights allocated to potentially effective cryptocurrency factors. Our findings 
are robust to (i) the inclusion of transaction costs, (ii) an alternative benchmark portfolio, 
and (iii) a rolling-window estimation scheme.
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1 Introduction

About 400 years ago, a saying in Don Quixote (Cervantes 2016) proposed a rule for risk 
management: “It is the part of a wise man to keep himself today for tomorrow, and not 
venture all his eggs in one basket". This adage, emphasising the wisdom of diversification, 
has since become deeply embedded in modern societal thought. Following the pioneering 
work of Markowitz (1952), academics and practitioners endeavour to discover new asset 
classes that can diversify the risks within a traditional stock–bond portfolio. Extensive lit-
erature documents the diversification benefits of alternative assets, such as commodities 
(Daskalaki and Skiadopoulos 2011; Bessler and Wolff 2015) and real estate (Chun et al. 
2004; Huang and Zhong 2013). Cryptocurrencies, a decentralised product of blockchain 
technology (Biais et al. 2019; Lee 2020), have drawn attention from both researchers and 
investors and constitute a considerable market size.1 Thus, recent studies have investigated 
cryptocurrencies from the perspectives of asset pricing (see, e.g., Liu and Tsyvinski 2020; 
Koutmos and Payne 2021; Liu et  al. 2022; Han et  al. 2023) and diversification benefits 
(Platanakis et al. 2018; Platanakis and Urquhart 2020; Huang et al. 2022). However, among 
these diversification-focused studies, most primarily concentrate on the most prominent 
cryptocurrencies, such as Bitcoin and Ethereum, with only a few considering a broader 
array of other cryptocurrencies.

We examine the diversification with over 2,000 cryptocurrencies at a cryptocurrency-
factor level. Earlier studies (Eun et al. 2010; Koedijk et al. 2016) show that a traditional 
benchmark portfolio2 can benefit from the inclusion of equity factor portfolios mainly 
because these factor portfolios have remarkably lower correlations with a stock–bond port-
folio than other asset categories. In this study, we propose a portfolio diversification strat-
egy that involves size, momentum, volume, and volatility factor mimicking cryptocurrency 
factor portfolios, and we assess the performance of boosted portfolios on an out-of-sample 
basis across various portfolio optimisation techniques. The rationale for our research is 
two-fold.

First, we study the diversification benefits from a generalised perspective, using over 
2000 cryptocurrencies to construct four grand groups of cryptocurrency factors to evaluate 
the values contributed by the factors formed rigorously. The existing literature concentrates 
on popular cryptocurrencies through dynamic conditional correlations (Tzouvanas et  al. 
2020), the stochastic spanning approach (Anyfantaki et al. 2021), algorithmic trading strat-
egies (Cohen 2021, 2023), cryptocurrency market index (Hachicha and Hachicha 2021), 
crash risks (Koutmos and Wei 2023), and the portfolio optimisation framework (Platanakis 
and Urquhart 2020), making the sample size relatively small. We collect as many cryp-
tocurrencies as possible and then seek a manner to integrate the information inherent to 
gathered cryptocurrencies without losing generality. Inspired by the cornerstone of factor 
investing by Fama and French (1992, 1993), who construct factor portfolios with substan-
tial abnormal returns based on a range of state variables (e.g., market, size, and value), we 
form 28 cryptocurrency factors in a similar approach to Liu et al. (2022) and Han et al. 
(2023). Factor-based portfolios are more effective in diversifying idiosyncratic risks than 
existing asset classes due to (i) factors’ abilities to explain the expected returns, (ii) factors’ 
well-diversified premium, and (iii) factors’ reduced risks in the poor market conditions 

1 See https:// crypt oslate. com/ coins, the global market capitalisation of cryptocurrencies is near $1 trillion 
as of September 2022.
2 We construct the benchmark portfolio with proxies for equities, bonds, and risk-free rates.

https://cryptoslate.com/coins
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contrasted with other sole asset classes (Eun et al. 2010; Koedijk et al. 2016; Dichtl et al. 
2021). Thus, we are motivated to evaluate the diversification benefits of cryptocurrency 
factors rather than individual crypto assets.

Second, we enhance the performance of optimised portfolios by combining the usage 
of traditional portfolio optimisation framework and machine learning, to mitigate the 
poor out-of-sample portfolio performance caused by estimation errors (DeMiguel et  al. 
2009; Bielstein and Hanauer 2019; Platanakis and Urquhart 2020; Kan et al. 2022). Since 
cryptocurrency factors are highly volatile (see Table  3) compared to traditional assets, 
and given the speculative nature associated with cryptocurrencies, mitigating the influ-
ence of estimation errors on cryptocurrency factors becomes increasingly gruelling dur-
ing the portfolio optimisation procedure. To alleviate the uncertainty attributable to input 
parameters, we leverage the power of machine learning to predict cryptocurrency factor’s 
one-period-ahead expected returns. Specifically, we employ the combination elastic net 
(C-ENet) approach, which is a linear machine learning method that combines the process 
of feature selection and predictive regression and is suitable to handle the time-varying 
properties of asset returns such as equity index and anomalies (Rapach and Zhou 2020; 
Dong et  al. 2022). The reason we focus on expected returns of factors and other bench-
marks rather than covariance matrices is that (i) expected returns on cryptocurrency factors 
are deemed significantly more pronounced than covariance matrices in the optimisation 
(Chopra and Ziemba 1993); and (ii) we aim to control the effects of the benchmark portfo-
lio (stock–bond portfolios) during the optimisation, ensuring that the discovered diversifi-
cation benefits are produced by including cryptocurrency factors rather than more accurate 
forecasts of benchmark assets.

In summary, the objective of this paper is to analyse the diversification benefits of the 
bulk of available cryptocurrencies on a factor level via a practical approach. Addition-
ally, from the perspective of forecasting, we endeavour to reduce the estimation errors 
of expected returns during the out-of-sample asset allocation procedure. To achieve this, 
we collect over 2000 cryptocurrencies and form four grand categories of cryptocurrency 
factors based on state variables identified in seminal asset pricing literature3 (e.g., size, 
momentum, volume, and volatility), which are further divided into 28 individual factors in 
a standard manner. Subsequently, we investigate the out-of-sample diversification benefits 
from the inclusion of one cryptocurrency factor each time to a stock–bond benchmark port-
folio for investors with different risk-aversion levels via a range of known asset allocation 
strategies such as naïve allocation ( 1

N
 to each asset), traditional mean-variance (Markowitz 

1952), Bayes-Stein (Jorion 1985, 1986), Black-Litterman (Black and Litterman 1992), and 
those variants with new estimated expected returns produced by C-ENet under an expand-
ing-window scheme. We use these asset allocation strategies because we intend to thor-
oughly examine the diversification benefits with popular portfolio optimisation tools and 
ensure that our findings are solid for any selected asset allocation approaches.

We emphasise that the purpose of this study is not to compare the performances of dif-
ferent portfolio optimisation approaches but to provide a broader horizon. We compare the 
out-of-sample performances of 28 factors to the stock–bond portfolio benchmark by using 
(i) the Sharpe ratio (SR) and (ii) the certainty-equivalent return (CER) with statistical tests, 
which ascertains economic and statistical significance (DeMiguel et al. 2009). To the best 
of our knowledge, we are the first to evaluate the diversification benefits of cryptocurrency 
factors, which are formed from the bulk of cryptocurrencies rather than only a few, via 

3 See, for instance, Fama and French (1992, 1993, 2008, 2015, 2018), Liu et al. (2022), Han et al. (2023), 
among others.
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asset pricing methods, and we improve the existing asset allocation strategies by incorpo-
rating the forecasted returns produced by C-ENet.

Our contribution is twofold. First, we enrich the literature on the diversification benefits 
of cryptocurrencies from a more general perspective than current studies. Our study shows 
that incorporating size and momentum cryptocurrency factors to the stock–bond portfolio 
outperforms the combinations of a benchmark portfolio and other groups of cryptocurrency 
factors (e.g., volume and volatility) across all selected portfolio optimisation techniques 
for aggressive, moderate, and conservative investors. In particular, incorporating the factor 
portfolio constructed on market capitalisation—MARCAP—exhibits the most vital diversi-
fication benefits, evidenced by the statistically highest performance metrics. Similarly, the 
RMOM3 factor, a cryptocurrency factor formed on past three-week risk-adjusted momen-
tum (e.g., Sharpe ratio), exhibits solid outperformance. Thus, we argue that the superior 
risk-return trade-off generated by two significant factors (e.g., MARCAP and RMOM3) is 
the primary source of diversification benefits for most investors, and these two factors also 
play a crucial role in cryptocurrency asset pricing models, as documented in the literature 
(Liu et al. 2022; Han et al. 2023; Koutmos 2023).

Our findings imply that investors may include size and momentum to mimic crypto-
currency factors in their stock–bond portfolios to gain benefits. Furthermore, we find a 
negative relationship between the diversification benefits of cryptocurrencies and investor 
risk-aversion levels—risk-seeking (risk-averse) investors enjoy more (less) diversification 
benefits when adding cryptocurrency factors to a stock–bond portfolio. An explanation 
is that investors with high risk-aversion levels will allocate less weight to highly volatile 
assets, namely cryptocurrency factors, which is indicated by the risk-aversion coefficient 
( � ) inherent to the utility functions and the estimators of selected shrinkage methods such 
as the Bayes-Stein and the Black-Litterman. Our core findings are robust to (i) the inclu-
sion of transaction costs, (ii) an alternative benchmark portfolio, and (iii) a rolling-window 
estimation approach.

Second, we combine forecast inputs with prevalent asset allocation strategies to tackle 
estimation errors during the portfolio optimisation procedure. We are the first to apply 
combination forecasting (C-ENet) to the Bayes-Stein and the Black-Littterman shrinkage 
estimators. The advantage of mixing the C-ENet and shrinkage methods is that C-ENet 
improves the efficiency of shrinkage methods by inputting a less biased return prediction. 
In addition, C-ENet does not neglect the information in predictors caused by over-shrink-
ing compared to other linear prediction methods (e.g., lasso, elastic net, etc.), which guar-
antees the maximum efficiency of selected predictors. Our empirical results demonstrate 
that, on average, the asset allocation strategies adopting forecasted expected returns have 
an approximate 4% higher out-of-sample performance than strategies that ignore the con-
tribution of machine-learning techniques on predicting returns, especially for the momen-
tum factors. We suggest that the improvement from including C-ENet on the out-of-sample 
portfolio performance is due to (i) the adaptive selection of effective predictors in dynamic 
market states and (ii) the supremacy of combining univariate predictions. The values added 
by employing combination forecasting are also robust to various robustness tests.

Our study relates to the literature on equity and cryptocurrency anomalies. Extensive 
studies devoted to the search for equity anomalies that either provide explanatory power to 
asset pricing models or have abnormal returns, such as the Fama-French three-factor model 
(Fama and French 1993), Carhart four-factor model (Carhart 1997), the Hou-Xue-Zhang 
four-factor model (Hou et  al. 2015), and the Fama-French five-factor model (Fama and 
French 2015). The common feature of previous studies is that they start by identifying fac-
tors with (statistically) abnormal returns and then construct asset pricing models. Similarly, 
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Liu et al. (2022) propose that cryptocurrency factors such as market, size, and momentum 
effectively explain abnormal returns, and develop a crypto three-factor model following a 
formal asset pricing procedure. In contrast, our paper is motivated by the abnormal returns 
on cryptocurrency factors, and starts with forming cryptocurrency factors, then evaluates 
the diversification benefits of these factors. Our paper is also related to the literature on the 
diversification benefits of cryptocurrencies. Seminal studies focus mainly on Bitcoin and 
propose its diversification benefits in a domestic context (Briere et al. 2015; Guesmi et al. 
2019; Platanakis and Urquhart 2020) and international context (Dyhrberg 2016; Kajtazi 
and Moro 2019). Nevertheless, most preceding studies concentrate on individual crypto-
currencies and evaluate in-sample performance with few asset allocation techniques for a 
relatively short sample range. We are motivated by the issues of limited sample size and 
optimisation approaches in the existing literature and aim to evaluate the out-of-sample 
diversification benefits of a vast range of cryptocurrencies at the factor-portfolio level, 
using various asset allocation strategies augmented by machine learning.

The rest of the paper is organised as follows. Section 2 discusses the methodologies of 
portfolio optimisation, machine learning forecasting, and their combined usage, as well as 
the out-of-sample performance metrics. Section 3 demonstrates the formation of crypto-
currency factors and summary statistics. Section 4 discusses the empirical results and the 
mechanisms of significant cryptocurrency factors. Section 6 re-examines the core findings 
through robustness tests. Lastly, Sect.  7 summarises the paper and points out the future 
research directions.

2  Methodology

We evaluate the diversification benefits of 28 cryptocurrency factors based on different 
categories (e.g., size, momentum, volume, and volatility) via various out-of-sample per-
formance metrics of portfolios created with equities, bonds, risk-free assets, and one cryp-
tocurrency factor, in comparison with the benchmark portfolio constructed with stocks, 
bonds, and risk-free assets. In light of seminal studies developing various portfolio opti-
misation approaches, we rigorously choose seven techniques with constraints among 
well-known methods, which are also employed in practice by fund managers. As one 
challenging task in portfolio optimisation task is the existence of estimation errors in the 
input parameters (DeMiguel et al. 2009), we employ shrinkage methods, the Bayes-Stein 
approach (Jorion 1986) and Black-Litterman model (Black and Litterman 1992), and their 
variants with forecasted returns of cryptocurrency factors through combination elastic net 
(C-ENet) Dong et al. (2022), to avoid the negative effects of estimation errors. The selected 
asset allocation strategies have different philosophies that lead to varying routes for assign-
ing weights to assets, and we evaluate each factor across all chosen approaches to acquire 
robust outcomes.

2.1  Traditional portfolio optimisation techniques

We now briefly discuss the prominent theories regarding asset allocation: Markowitz 
mean-variance, Bayes-Stein, and Black-Litterman, and their advanced applications in port-
folio optimisation with machine learning.



 W. Han et al.

1 3

2.1.1  Markowitz mean‑variance optimisation framework

The Markowitz mean-variance approach (Markowitz 1952) is the cornerstone of modern port-
folio theory, and is still applied by both academics and practitioners after more than seventy 
years. The mean-variance approach (MV) provides an optimal asset allocation strategy that 
relies on the expected returns and the covariance matrix, by maximizing the quadratic utility 
function of investors with respect to risky assets’ weights. To illustrate, we denote x as the 
N-dimensional vector of portfolio weights being allocated to N risky assets, and 1 − 1

T
N
x as 

the weight being assigned to a risk-free asset, where 1 is the N-dimensional vector of ones 
(DeMiguel et al. 2009). We calculate the relative weight vector for risky-only assets as follows:

Further, � represents the N-dimensional expected excess returns on risky assets, and � is 
the N × N covariance matrix of returns. Thus, the MV optimisation problem is shown as 
follows:

where � is the risk aversion coefficient that represents the investors’ risk levels, and we 
set � = 1, 3, 5 to represent investors with different risk preferences. We also impose non-
leverage and non-negative constraints ( xi ≥ 0 ) on asset weights to avoid extreme influences 
caused by borrowing and short selling (e.g., impractically allocating significantly negative 
weights to some assets). The non-negative constraints can help MV produce a covariance 
matrix that has similar effects to a shrinkage form of that, to tackle estimation errors during 
the out-of-sample phase (Jagannathan and Ma 2003). Nevertheless, the classic MV frame-
work ignores the impact of estimation errors, and takes the sample mean ( ̂� ) and sample 
covariance ( ̂� ) of the portfolio as inputs, resulting in poor out-of-sample performance over 
time (DeMiguel et al. 2009). To resolve the unstable performance of the MV model, this 
brings us to another strand of literature relating to improving the estimates of sample mean 
and covariance.

2.1.2  The Bayes‑Stein approach

The purpose of the Bayes-Stein model (BS) is to address the estimation error by developing a 
new set of mean and covariance estimates (e.g., �BS and �BS ) that can be used within the MV 
framework (Jorion 1986). This technique has been widely applied (see Board and Sutcliffe 
1994; Garlappi et al. 2007; DeMiguel et al. 2009; Platanakis et al. 2021; Huang et al. 2022; 
Gounopoulos et al. 2022). The Bayes-Stein model weakens the influences of estimation risk 
by pushing the expected returns ( � ) to the global mean ( �G ) to minimize the impact of estima-
tion errors. The Bayes-Stein shrinkage method calculates the shrunk mean return vector ( �BS ) 
and covariance matrix ( �BS ) as follows:

where g ( 0 ≤ g ≤ 1 ) is the shrinkage factor and is computed as (Jorion 1985):

(1)wt =
xt

|||1
⊤
N
xt
|||
.

(2)
max
x

xT� −
�

2
xT�x,

s.t. xi ≥ 0, ∀ i,

(3)�BS = (1 − g)� + g�G1,
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where N is the number of risky assets, T is the in-sample estimation period. Moreover, the 
covariance matrix ( �BS ) under Bayes-Stein framework is given by:

where � denotes the prior precision:

With the Bayes-Stein shrinkage estimates of mean returns ( �BS ) and covariance matrix 
( �BS ), we can apply MV approach to solve the optimisation task with the same constraints 
illustrated in Eq. 2.

2.1.3  The Black‑Litterman model

The Black-Litterman model (BL) handles the negative effect of estimation errors during 
the portfolio construction process by involving investors’ views on asset returns and intro-
ducing a reference portfolio for obtaining the neutral (or implied) returns (Black and Lit-
terman 1992). The model has been applied in both academia and industry (see., Da Silva 
et al. 2009; Bessler and Wolff 2015; Chen and Lim 2020; Platanakis and Urquhart 2020; 
Platanakis et al. 2021).

According to the Black and Litterman (1992), the column vector of implied excess 
returns ( H ) is computed as:

where xReference is a column vector that consists of the weights of the reference portfo-
lio. We set xReference to the equally weighted portfolio (i.e., xReference = 1

N
1 ) in accordance 

with Platanakis and Sutcliffe (2017), Platanakis et al. (2018), and Platanakis and Urquhart 
(2020), which assume that the estimates of asset returns have a large portion of estima-
tion error. The Black-Litterman approach calculates the posterior estimate of mean returns 
( �BL ) as:

where P is a diagonal matrix with ones in its leading diagonal and zeros elsewhere, Q rep-
resents the column vector comprising the investors’ views (e.g., subjective returns), and c 
denotes the reliability coefficient for the vector of implied excess returns ( H ). To apply in 
practice, we set c = 0.1625 and use the mean returns to approximate the investors’ subjec-
tive returns ( Q ), which is in line with Platanakis and Urquhart (2020). � is regarded as the 
level of confidence in investors’ views (Chen and Lim 2020), and is calculated as:

(4)g =
N + 2

(N + 2) + T(� − �G1)
T�

−1(� − �G1)
,

(5)�BS = (
T + � + 1

T + �
)� +

�

T(T + � + 1)

11
T

1
T
�
−1
1

,

(6)� =
N + 2

(� − �G1)�
−1(� − �G1)

.

(7)H = ��xReference,

(8)�BL = [(c�)-1 + PT
�

-1P]-1[(c�)-1H + PT
�

-1Q],

(9)� =
1

�
P�PT

,
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where we set 1
�
= 1 following Meucci (2010) and Platanakis and Urquhart (2020). Subse-

quently, we calculate the posterior covariance of the Black-Litterman model ( �BL ) as fol-
lows (Satchell and Scowcroft 2000; Platanakis and Urquhart 2020):

We apply the MV technique (see Eq.  2) to solve the assets allocation task by using the 
Black-Litterman estimates ( �BL and �BL ) as inputs.

2.1.4  Naïve portfolio allocation

The naïve asset allocation rule (EW or 1/N) is an effective and simple asset allocation strategy 
that assigns equal weights ( W1∕N =

1

N
 ) to the N risky assets (DeMiguel et al. 2009). We use 

EW as a parameter-free allocation strategy to take into account the non-technical investors’ 
practical asset allocation actions.

2.2  Novel portfolio optimisation techniques with machine learning

The development of the Bayes-Stein and the Black-Litterman techniques helps to mitigate esti-
mation risks, and has facilitated practical portfolio optimisation. Our aim has been to alleviate 
further the negative effects of estimation errors in the input parameters by using a machine 
learning technique—combination elastic net (Rapach and Zhou 2020)—to predict returns with 
greater accuracy. We focus on forecasting returns rather than covariances because return pre-
diction plays a more critical role in the out-of-sample performance of portfolio optimisation 
techniques (Chopra and Ziemba 1993). In this section, we introduce advanced machine learn-
ing techniques suitable to generate estimates of expected returns for the MV framework in a 
linear way (e.g., combination elastic net).

2.2.1  Forecasting of expected returns

Standard ordinary least squares regression (OLS) is prone to overfitting for in-sample data, 
producing deficient out-of-sample predictions (Huang et al. 2022). To solve this problem, Tib-
shirani (1996) develops a Lasso shrinkage regression model that shrinks certain slope coeffi-
cients towards zero so as to improve the model’s interpretation and execute sparse estimation. 
However, a defect of Lasso is that it tends to choose one feature arbitrarily from a set of highly 
correlated features and shrinks the other features’ coefficients. Thus, Zou and Hastie (2005) 
refine the technique by introducing a combination of Lasso ( l1 norm) and Ridge ( l2 norm) in a 
new model, elastic net (ENet), which employs the aggregated effect of both techniques. Since 
our aim is to use ENet to forecast the future returns of cryptocurrency factors with current pre-
dictors, we have the following objective function of ENet:

where T is the sample size, rt+1 is the asset’s expected return at t + 1 , �i is the ith predic-
tor’s loading, � ( � ≥ 0 ) is a hyperparameter that controls the extent of shrinkage of regular-
ized term, and � ( 0 ≤ � ≤ 1 ) is another hyperparameter that fuses the effects of Lasso and 

(10)�BL = � +
[
(c�)−1 + PT

�
−1P

]−1
.

(11)min
�,�1,…,�n

⎧⎪⎨⎪⎩

T−1�
t=1

�
rt+1 − �0 −

n�
i=1

�ixi,t

�2

+ �

n�
i=1

�
1

2
(1 − �)�2

i
+ ����i��

�⎫⎪⎬⎪⎭
,
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Ridge components in the penalty term (Rapach and Zhou 2020). In particular, we use the 
Akaike information criterion (AIC), which compares the model performance and tackles 
overfitting and underfitting issues, then decide the optimal � value. To facilitate the out-of-
sample performance, Rapach et al. (2010) propose the concept of ‘forecast combination’ 
that aggregates the predictive information from numerous predictors to avoid overfitting, 
which exploits the diversification of forecasts under different forecasting states. With the 
increases in computational power available, academics have started to combine machine 
learning techniques to reach more accurate forecasts, and the combination of elastic net 
(C-ENet) has been developed and applied to finance (Dong et al. 2022).

C-ENet is based on the sense that combining the individual forecasts of single predictors is 
better than the forecast from putting all predictors in one regression. To illustrate, Welch and 
Goyal (2008) evaluate the forecasting performances of a large number of effective predictors 
suggested by the literature, and find that the predictions produced by a multivariate regression 
cannot beat the naïve sample mean of individual forecasts during the out-of-sample phase. 
One possible reason is that the performance of those predictors varies with time, whereby 
favourable and poor performances alternate (Rapach et al. 2010). Subsequently, Rapach et al. 
(2010) resolve such issues by combining the forecasts of individual predictors, which provides 
considerable out-of-sample performance. Rapach and Zhou (2020) employ the concept of 
‘combination’ to ENet, and show the effectiveness of C-ENet. Before illustrating the C-ENet, 
we will define simple predictive regression as it is the basis of C-ENet forecasting.

A common form of stock index univariate predictive regression is shown as (Rapach and 
Zhou 2020):

where rt is the stock index excess return at t, xj,t−1 is the predictor j at t − 1 , and �t is the 
error term. To apply Eq. 12 for the out-of-sample prediction, we have the following form:

where �̂�(j)

1∶t
 and 𝛽(j)

1∶t
 are the OLS estimates of � and � using the first to tth sample. We refer to 

Eq. 13 as estimated univariate predictive regression.
C-ENet comprises three steps, and we denote t1 as the size of the in-sample period. Step I, 

we calculate the recursive estimated univariate predictive regression over the holdout out-of-
sample phase:

for s = t1 + 1,… , t and j = 1,… , J . The holdout out-of-sample period is the period that 
lies between the in-sample period and the out-of-sample period, and the purpose of this 
interval is to train the C-ENet. We use lagged one-week returns to lagged five-week returns 
as predictors to apply predictive regression.

Step II, we use the forecasted returns ( ̂rs∣s−1 ) from Eq. 14 as predictors, and run the Granger 
and Ramanathan (1984) regression to obtain the estimates of parameters through ENet during 
the holdout out-of-sample phase:

(12)rt = � + �xj,t−1 + �t,

(13)r̂
(j)

t+1∣t
= �̂�

(j)

1∶t
+ 𝛽

(j)

1∶t
xj,t,

(14)r̂
(j)

s∣s−1
= �̂�

(j)

1∶s−1
+ 𝛽

(j)

1∶s−1
xj,s−1,

(15)rs = 𝜂 +

J∑
j=1

𝜃jr̂
(j)

s∣s−1
+ 𝜀s.
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We denote Jt ⊆ {1,… , J} as the index subset of the whole univariate predictive regression 
predictions filtered by ENet, where we follow Rapach and Zhou (2020) to impose non-neg-
ative restrictions on �j ( �j ≥ 0 ) to ensure the economic significance that forecasted returns 
( ̂r(j)

s∣s−1
 ) are positively correlated to the practical returns ( rs).

Step III, we estimate C-ENet forecasts by exploiting the simple average, with both the 
index subset acquired from step II and the one-period-ahead return forecasting produced by 
the estimated univariate predictive regression (e.g., r̂(j)

t+1∣t
 in Eq. 13) as inputs:

where ||Jt
|| is the cardinality of Jt , and step III is being applied after the holdout out-of-

sample period.
We next gather the forecasted returns ( ̂rC-ENet

t+1∣t
 ) by C-ENet to replace the prevailing 

expected returns when we apply the MV, Bayes-Stein, and Black-Litterman techniques 
when solving the optimal asset allocation tasks. Since we aim to evaluate the diversifica-
tion benefits of cryptocurrency factors and forecasting studies on benchmark assets are in 
the literature (Neely et al. 2014; Huang et al. 2014; Rapach et al. 2013), we focus on fore-
casting cryptocurrency factors rather than the other benchmark assets.

2.2.2  Markowitz mean‑variance optimisation framework incorporating machine 
learning

For the MV approach, we replace the N-dimensional expected excess returns on risky 
assets ( � ) with a new excess return vector ( �ml ) produced by C-ENet. Specifically, we 
use prevailing expected returns to approximate the future returns on benchmark assets but 
replace the prevailing expected returns of cryptocurrency factors with the predicted returns 
generated by C-ENet. Subsequently, we optimize Eq. 2 to estimate the optimal weight vec-
tor x with the input parameter �ml . We refer to the mean-variance approach with machine 
learning as MV-ML.

2.2.3  The Bayes‑Stein approach with machine learning

Recall that the Bayes-Stein Shrunk expected return vector ( �BS ) is a weighted sum of 
prevailing expected returns ( � ) and global mean return ( �G ). We change all prevailing 
expected returns ( � ) to �ml from Eqs. 3 to 6, to construct a new set of inputs �BS−ML and 
�BS−ML for MV optimisation. We refer to Bayes-Stein with machine learning as BS-ML.

2.2.4  The Black‑Litterman model with machine learning

The Black-Litterman model reduces estimation errors by including investors’ subjective 
returns ( Q ) during the portfolio formation period. To apply machine learning technique, 
we replace the Q with �ml in Eq. 8, to formulate a new machine learning based forecast 
�BL−ML , while the �BL remains the same. We then use the new pair of inputs to apply MV 
optimisation. We refer to Black-Litterman with machine learning as BL-ML.

(16)r̂C-ENet
t+1∣t

=
1

||Jt
||
∑
j∈Jt

r̂
(j)

t+1∣t
,
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2.2.5  The procedure of applying machine learning based portfolio optimisation 
techniques

To visualise the combination of traditional asset allocation approaches and machine learn-
ing, we document the process in Fig. 1. First, we predict the returns for cryptocurrency fac-
tor portfolios at t + 1 based on the information up to time t by employing C-ENet on lagged 
predictors. Second, we replace the parameter � with �ml and calculate the expected returns 
for MV, BS, and BL to form a set of new inputs for mean-variance optimisation. Lastly, we 
construct portfolios for t+1 with optimal weights estimated at t and repeat these three steps 
until the end of the entire sample.

2.3  Performance metrics

We use the Sharpe ratio (SR) and certainty-equivalent return (CER) to evaluate the out-
of-sample diversification benefits of cryptocurrency factor portfolios. We employ an 
expanding window scheme to implement several asset allocation strategies.4 To illustrate, 
assuming there is a T-week-long dataset for cryptocurrency factors, we denote M as the 
length of the initial in-sample period.5 Hence, for the first out-of-sample estimation week 
t ( t = M + 1 ), we employ the in-sample data (M weeks) to estimate the parameters being 
used in different aforementioned portfolio optimisation techniques. As a result, we can 
get the optimal portfolio weights with respect to different strategies for week t, thereby 
obtaining the portfolio return in week t. Subsequently, we continue the expanding-window 
approach by enlarging the in-sample estimation period by one more week ( Mnew ← M + 1 ), 
and estimate related portfolio parameters to conduct asset allocation in the following week 
t ( t = Mnew + 1 ). This procedure is repeated until the bottom of the entire sample.

We compute two risk-adjusted metrics, Sharpe ratio ( ̂SR ) and certainty-equivalent return 
( ̂CER ), for the out-of-sample returns produced by each asset allocation strategy k based 
on cryptocurrency factors. ŜRk is defined as the expected return of out-of-sample excess 
returns ( �̂�k ) divided by the out-of-sample standard deviation ( ̂𝜎k):

Fig. 1  Procedure of applying 
machine learning to traditional 
approaches. This figure depicts 
the process of replacing sample 
mean with forecasted returns 
produced by machine learning 
techniques when optimising the 
portfolio weights

4 The results by using the rolling window approach are reported in robustness checks.
5 We set M to 100 (almost 25% of the dataset) for each cryptocurrency factor because (i) using at least 100 
observations is a necessary manner to maintain the training process of selected machine learning techniques 
(Dong et  al. 2022), and (ii) the maximum data range for each cryptocurrency factor is 392, whereby we 
need a relatively large test set to investigate the out-of-sample performance of enhanced portfolios.
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Moreover, we also assess whether the out-of-sample Sharpe ratios of the enhanced portfo-
lios with cryptocurrency factors statistically outperform the benchmark portfolio by evalu-
ating the test statistics proposed by Jobson and Korkie (1981).6 On the other hand, ĈER 
represents the riskless return that an investor is willing to take by forgoing the returns on 
risky assets:

We follow the design of DeMiguel et al. (2009) to evaluate the statistical significance of 
ĈERk compared to the benchmark.7

Lastly, we summarise the asset allocation strategies we use and provide their abbrevia-
tions in Table 1.

(17)�SRk =
�̂�k

�̂�k
.

(18)�CERk = �̂�k −
𝜆

2
�̂�2

k
.

Table 1  Summary of selected asset allocation methods

This table reports the chosen asset allocation techniques and their abbreviations in this paper

Number Model Abbreviations

1 Equally weighted EW
2 Mean-variance with short sale constraints MV
3 Bayes-Stein with short sale constraints BS
4 Black-Litterman with short sale constraints BL
5 Mean-variance with machine learning and short sale constraints MV-ML
6 Bayes-Stein with machine learning and short sale constraints BS-ML
7 Black-Litterman with machine learning and short sale constraints BL-ML

6 Particularly, we denote i and n as ith cryptocurrency factor and the benchmark, respectively, with their 
sample means ( �̂�i and �̂�n ), sample standard deviations ( ̂𝜎i and �̂�n ), and covariance ( ̂𝜎2

i,n
).

ẑSR =
�̂�n�̂�i − �̂�i�̂�n√

𝜗
, where 𝜗 =

1

T −M

�
2�̂�2

i
�̂�2

n
− 2�̂�i�̂�n�̂�i,n +

1

2
�̂�2

i
�̂�2

n
+

1

2
�̂�2

n
�̂�2

i
−

�̂�i�̂�n

�̂�i�̂�n
�̂�2

i,n

�
.

7 We define v = (�i,�n, �
2

i
, �2

n
) as a vector, and compute the test statistics for ĈERk as follows:

ẑCER = f (v)∕Φ where f (v) =
�
𝜇i −

𝜆

2
𝜎2

i

�
−
�
𝜇n −

𝜆

2
𝜎2

n

�
, and Φ = f �(v)T

⎛
⎜⎜⎜⎝

𝜎2

i
𝜎i,n 0 0

𝜎in 𝜎2
n

0 0

0 0 2𝜎4

i
2𝜎2

i,n

0 0 2𝜎2

i,n
2𝜎4

n

⎞
⎟⎟⎟⎠
f �(v)
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3  Data and cryptocurrency factors

To form the cryptocurrency factors, we follow the empirical design of Liu et  al. (2022) 
and Han et al. (2023) and consider a large number of cryptocurrency data from Coingecko.
com, which is a comprehensive platform providing cryptocurrency-related information 
such as prices, volumes, and market capitalizations. The cryptocurrency data comprises 
over 2,000 cryptocurrencies from January 2014 to June 2021. Given that our dataset has 
392 (weekly) observations over the period January 2014 to June 2021, we treat the first 
100 observations as the in-sample data, then the second 100 observations are regarded as 
holdout out-of-sample data for forecasting purposes, and the remaining observations are 
the out-of-sample test set to evaluate the risk-adjusted performances under the expanding-
window scheme. For the components of the benchmark portfolio, we collect the data of S 
&P 500 and 10-year T-bond from CRSP to approximate the returns on equities and bonds, 
respectively. The proxy of risk-free rates (i.e., one-month T-bill) are gathered from Ken-
neth French website.8

We divide the cryptocurrency factors into four categories—size, momentum, volume, 
and volatility—in an analogous way to the literature on the equity market, and the four 
large categories are further divided into 28 cryptocurrency factors (Han et al. 2023) based 
on distinct features and holding periods, in order to reveal hidden insights from cryptocur-
rencies.9 In addition, we choose 28 cryptocurrency factors analogously to equity factors 
(Chen and Lim 2020), which are based only on price and market information as these are 
the only public data for cryptocurrencies. Moreover, the selected 28 cryptocurrency fac-
tors are proven to represent most characteristics of the cryptocurrency market (Liu et al. 
2022). We document the detailed definition and abbreviation of each cryptocurrency factor 
in Table 2.

To establish 28 cryptocurrency factors used in this study, we sort all cryptocurren-
cies into quintiles in ascending order based on the factors considered in each week t, and 
we next track the returns on the factors in the following week ( t + 1 ). Subsequently, we 
form the returns on quintile portfolios at t + 1 by calculating the market-capitalization-
weighted return of all available cryptocurrencies at t + 1 , and repeat this procedure until 
the end of the entire sample to form the complete quintile portfolios. The excess returns of 

8 see https:// mba. tuck. dartm outh. edu/ pages/ facul ty/ ken. french/ data_ libra ry. html.
9 Unlike studies investigating ordinary asset classes (e.g., equities, mutual funds, etc.), one common fact for 
cryptocurrency research is that cryptocurrencies have a relatively short sample period in which abundant 
infant cryptocurrencies emerge frequently. Given the unique characteristics of cryptocurrencies, we observe 
that the aggregated market share of prevalent cryptocurrencies such as Bitcoin and Ethereum dropped from 
roughly 90% in January 2014 to 63% in June 2021 (see, e.g., CoinM arket Cap). Consequently, the domi-
nance of the preceding two coins facilitates the literature that induces stylised facts for the overall crypto-
currency market via popular cryptocurrencies at the initial development stage(see, e.g., Gandal et al. 2018; 
Borri 2019; Liu and Tsyvinski 2020). On the contrary, recent studies proceed to establish stylised facts 
by focusing on an enormous amount of cryptocurrencies because the newly emerged cryptocurrencies are 
shaking up the dominance of giant coins such as Bitcoin and Ethereum (Liu et al. 2022; Han et al. 2023; 
Cai and Zhao 2024). To this end, we argue that dissimilar starting dates for cryptocurrencies are trivial to 
discover the hidden patterns in the cryptocurrency market since the rapid iteration (e.g., the frequent occur-
rence of infant and defunct cryptocurrencies) is a plain feature, and we might face survivorship bias if we 
do not consider the small-weight coins. More importantly, the negative mean return and skewness of the 
AGE factor portfolio in Table 3 also indicate that the portfolios formed on age cannot generate statistically 
significant returns. Thus, dissimilar start/end dates for cryptocurrencies are insignificant.

https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
https://coinmarketcap.com/charts/
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cryptocurrency factors are the differences between the fifth and first quintiles, constructed 
via buying the fifth quintile and shorting the first quintile (e.g., fifth minus first quintile). 
For the case that the difference between two quintile portfolios is negative, we simply take 
reverse action (e.g., first minus fifth quintile), as we value the abnormal returns generated 
by quintile portfolios. To gain better insights into the dataset, we demonstrate the summary 
statistics for the cryptocurrency factors and benchmark assets in Table 3.

To digest the general characteristics of the 28 cryptocurrency factor portfolios, we 
calculate and present the expected value of the first four moments—the mean, standard 

Table 3  Summary statistics

This table reports the summary statistics, such as mean, median, standard deviation, skewness, kurtosis, and 
Jarque-Bera test with its corresponding p value, for benchmarks and each of the 28 cryptocurrency factors

Benchmark and factors Mean Median Std Skewness Kurtosis J-B test p value

S &P 500 0.0025 0.0042 0.0236 −0.644 13.7708 1921.937 0.001
One-month T-bill 0.0001 0.0001 0.0002 0.8154 2.1456 55.3662 0.001
Ten-year T-bond 0.0008 0.0009 0.0082 0.5974 8.6441 543.6354 0.001
MARCAP −0.0269 0.0213 0.1046 0.8481 6.3198 226.43 0.001
LPRC −0.0215 −0.0016 0.1675 3.3295 23.5690 7615.15 0.001
AGE −0.0272 0.0008 0.2193 −2.6346 16.8386 3572.28 0.001
MOM1 0.0359 0.0226 0.1876 1.6170 15.5703 2744.66 0.001
MOM2 0.0349 0.0246 0.1790 1.3031 13.8838 2035.29 0.001
MOM3 0.0262 0.0143 0.2063 1.1433 18.3854 3921.41 0.001
MOM4 0.0137 0.0067 0.1477 0.8768 7.3223 351.75 0.001
MOM8 −0.0072 −0.0060 0.1628 1.7656 17.9600 3780.36 0.001
MOM26 −0.0177 −0.0069 0.1768 −1.7661 18.7137 3955.79 0.001
RMOM1 0.0268 0.0133 0.1521 1.8871 20.4177 5174.58 0.001
RMOM2 0.0264 0.0254 0.1667 0.8223 22.7316 6337.96 0.001
RMOM3 0.0302 0.0273 0.1780 2.8670 27.9396 10614.22 0.001
RMOM4 0.0228 0.0158 0.1424 0.4663 7.4890 339.83 0.001
RMOM8 0.0035 0.0096 0.1425 0.4462 7.6440 357.82 0.001
RMOM26 −0.0110 −0.0036 0.1530 −0.4496 9.7310 703.26 0.001
VOL −0.0016 0.0040 0.2256 −9.5698 154.7759 381261.46 0.001
VOLPRC −0.0236 0.0063 0.1605 3.7847 28.7442 11731.03 0.001
VOLSCALE −0.0117 −0.0025 0.1412 2.7424 18.8200 4567.44 0.001
RETVOL 0.0014 −0.0107 0.2007 1.6729 18.0143 3854.99 0.001
RETSKEW 0.0121 0.0050 0.1527 1.7954 20.9129 5437.60 0.001
RETKURT 0.0036 0.0044 0.1270 0.2689 7.1715 288.21 0.001
MAXRET 0.0201 0.0078 0.1464 0.9446 5.8347 189.06 0.001
STDPRCVOL −0.0222 0.0049 0.1587 3.7806 29.2807 12183.67 0.001
MEANABS 0.0174 −0.0055 0.1845 4.2588 30.2452 13275.29 0.001
BETA −0.0029 0.0013 0.1492 0.1955 13.8392 1661.68 0.001
BETA2 −0.0014 0.0019 0.1296 −0.3705 20.3684 4268.71 0.001
IDIOVOL −0.0037 0.0123 0.1298 −0.8429 21.3632 4803.19 0.001
DELAY −0.0115 0.0169 0.1239 0.2481 8.3735 411.33 0.001
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deviation, skewness, and kurtosis—as well as the median, which can deliver robust 
central tendency when underlying assets are highly volatile, across all cryptocurrency 
factor portfolios. In particular, we use absolute values to measure the expected val-
ues for the first four moments because the 28 factor portfolios may offset each oth-
er’s effect, so the trends of moments would be underestimated. We identify that the 
expected mean, median, standard deviation, skewness, and kurtosis values are 0.0166, 
0.0101, 0.1613, 1.8821, and 21.8664, respectively, which are several orders of magni-
tude larger than those of traditional assets such as stocks, bonds, and risk-free assets. 
Hence, the high returns and risks of cryptocurrency factor portfolios motivate us to 
assess their alternative usages, including the possibility of providing diversification 
benefits, among others.

4  Empirical results

In this section, we discuss the out-of-sample diversification benefits by adding cryptocur-
rency factors to the benchmark portfolio (e.g., equities, bonds, and risk-free assets) via 
various asset allocation approaches with different investors’ risk preferences. For each 
cryptocurrency factor, we calculate the Sharpe ratio and certainty-equivalent return of 
the enhanced portfolios with significance level for both traditional and novel asset alloca-
tion strategies listed in Table  1, across three levels of risk preference (e.g., � = 1, 3, 5 ). 
Although numerous studies (e.g., Bessler and Wolff 2015; Platanakis and Urquhart 2020) 
assert that the optimal � values for conservative, moderate and aggressive investors are 10, 
5, and 2, respectively, from the perspective of assessing the diversification benefits of com-
modities, we shorten the interval from [2, 10] to [1, 5] by assuming that investors who par-
ticipate in cryptocurrency markets are relatively more risk-seekers than investors who take 
other asset classes into account. We document the empirical results for � = 1, 3, 5 , mimick-
ing the aggressive, moderate and conservative investors (Huang et al. 2022), in Table 4, 5 
and 6, respectively. In each table, the bold row illustrates the risk-adjusted returns for the 
benchmark portfolio, and other rows represent the cryptocurrency factor being evaluated in 
terms of its diversification benefits, while the columns illustrate the performances across 
different asset allocation techniques. We detail the corresponding p-values and their cal-
culation in the Appendix for brevity.  Further, to illustrate the diversification benefits of 
adding cryptocurrency factors, we graphically display the dynamic out-of-sample metrics 
across the entire investment horizon in Figs. 2 and 3.

4.1  Out‑of‑sample metrics for aggressive investors

Table 4 depicts the out-of-sample performance grouped by SRs (Panel A) and CERs (Panel 
B) for the benchmark portfolio and enhanced portfolios with cryptocurrency factors for 
aggressive investors ( � = 1 ), where the first row shows the risk-adjusted returns for bench-
mark portfolio and the rest are those of cryptocurrency factors. Panel A reports the Sharpe 
ratios. For the traditional portfolio approaches, we find that five portfolios incorporating 
cryptocurrency factors outperform the benchmark portfolio when employing EW, while 
the number of statistical outperformance when using MV, BS, and BL ranges from 7 to 10. 
Regarding the novel portfolio approaches, the lower bound of the outperformed portfolios 
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adding cryptocurrency factors increases to 9, indicating that machine learning can reduce 
the negative effects of estimation errors.

Out-of-sample Sharpe Ratios
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Fig. 2  SRs across the investment horizon Notes. This figure shows the out-of-sample Sharpe ratios 
of (i) a benchmark portfolio incorporating MARCAP (blue), (ii) a benchmark portfolio incorporating 
RMOM3(cyan), and (iii) the benchmark (red) portfolio evaluated by both traditional and novel portfolio 
optimisation techniques for conservative (the top subplot), moderate (the middle subplot), and aggressive 
(the bottom subplot) across Q3 2020 to Q1 2021, respectively. We do not distinguish the asset allocation 
techniques for each subplot because the aim of this figure is to show the outperformance of an enhance 
stock–bond portfolio relative to the benchmark portfolio (Color figure online)
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Fig. 3  CERs across the investment horizon Notes. This figure shows the out-of-sample certainty equivalent 
returns of (i) a benchmark portfolio incorporating MARCAP (blue), (ii) a benchmark portfolio incorporat-
ing RMOM3(cyan), and (iii) the benchmark (red) portfolio evaluated by both traditional and novel portfolio 
optimisation techniques for conservative (the top subplot), moderate (the middle subplot), and aggressive 
(the bottom subplot) across Q3 2020 to Q1 2021, respectively. We do not distinguish the asset allocation 
techniques for each subplot because the aim of this figure is to show the outperformance of an enhance 
stock–bond portfolio relative to the benchmark portfolio (Color figure online)
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Panel B demonstrates the CERs for risk-seeking investors. We observe four portfolios 
incorporating size (e.g., MARCAP) and momentum (e.g., MOM1-2 and RMOM3) related 
factors that have significantly outperformed CERs for any given portfolio management 
approaches but EW. Also, the CER of each outperformed portfolio incorporating cryp-
tocurrency factors that apply the MV framework and its variants beat the EW strategy, 
whereas the SR metric does not show similar properties. We argue that the different nature 
of SR and CER leads to conflicts. This is mainly because CER considers the risk prefer-
ence of investors, while SR ignores them. Moreover, both SRs and CERs of the EW strat-
egy only generate the least number of statistically significant portfolios comprising crypto-
currency factors (e.g., five and four, respectively) across all chosen strategies, uncovering 
the inefficiency of the naïve diversification rule regarding cryptocurrencies.

We find that portfolios involving cryptocurrency factors constructed on a size (MAR-
CAP) and a momentum factor (RMOM3) statistically surpass the benchmark portfolio 
under two out-of-sample metrics. To generalize our findings, we then select the portfo-
lios that statistically outperform the benchmark through traditional and novel approaches 
regarding SR and CER metrics for further robustness tests (e.g., evaluating the diversi-
fication benefits with transaction costs, alternative benchmark portfolio, rolling-window 
strategy), because we aim to ensure that diversification benefits of enhanced portfolios are 
solid, and can provide practical investment implications to investors.

4.2  Out‑of‑sample metrics for moderate investors

We present out-of-sample risk-adjusted metrics for moderate investors ( � = 3 ) in Table 5, 
where SRs and CERs are in Panel A and B, respectively. We first interpret the results of 
SRs for moderate investors, where strategies such as EW, BL, and BL-ML produce the 
least number (five) of statistically outperformed enhanced portfolios. By contrast, strate-
gies including MV, BS, and their variants can generate more outperformed portfolios than 
aggressive investors, with quantities of 15, 15, 13, and 16, respectively. Furthermore, we 
find five portfolios, incorporating cryptocurrency factors based on size and momentum 
groups, can consistently outperform the benchmark portfolio across all selected techniques. 
We note that more risk-seeking investors can enjoy more diversification benefits offered by 
cryptocurrency factors because the number of dominant portfolios increased by three for 
moderate investors compared to aggressive investors in terms of SRs.

Alternatively, the empirical results of CERs documented in Panel B of Table 5 exhibit a 
comparable trend with SRs for moderate investors. For instance, the EW strategy is still the 
worst among all selected strategies, with five statistically outperformed portfolios. Like-
wise, the number of statistically dominant portfolios of BL and BL-ML increases by one, 
contrary to that of SRs. However, other strategies such as MV, BS, and their variants can 
provide over 15 statistically dominant portfolios. Lastly, we find five dominant portfolios 
across both SR and CER, and they are MARCAP, MOM1-2 and RMOM2-3. To ensure the 
generalization of our findings, we adopt the intersection of outcomes for aggressive and 
moderate investors–(MARCAP) and (RMOM3)–for further robustness tests.

We argue that EW is incompetent in forming dominant portfolios when taking statisti-
cal significance into account, whereas BL and its variant become less pronounced for more 
risk-averse investors. To illustrate, the incompetence of EW is consistent with aggressive 
investors, while the performance of BL and BL-ML for moderate investors (e.g., around 
five) is significantly different from that of aggressive investors (e.g., nine). We empha-
sise the core reason causing BL to perform poorly is that BL involves a column vector of 
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implied returns (see Eq.  7), which involves the specification of the risk preference. The 
inflated � values affect the weights assigned to cryptocurrency factor portfolios during the 
optimisation procedure, making BL less efficient for more risk-averse investors.

4.3  Out‑of‑sample metrics for conservative investors

We document out-of-sample empirical results for conservative investors (e.g., � = 5 ) in 
Table 6. We note that the diversification benefits of cryptocurrency factors for conservative 
investors are less pronounced than for aggressive and moderate investors. Specifically, the 
EW strategy for SR and CER performs similarly as in the cases of aggressive and moderate 
investors we examined previously. However, strategies other than EW behave differently 
for conservative investors. For instance, the numbers of statistically significant SRs across 
MV, BS, BL, and their variants are 14, 14, 5, 13, 16, and 5, respectively, whereas the num-
bers of statistical CERs are 7, 2, 5, 7, 4, and 5, respectively. The sharp decline of CERs 
indicates that the utility of diversification benefits provided by cryptocurrency factor port-
folios for conservative investors are less than those of aggressive and moderate investors. 
Further, we find two dominant portfolios comprising cryptocurrency factors (e.g., MAR-
CAP and MOM2) from the perspective of SR, and only one (e.g., MARCAP) dominant fac-
tor portfolio in terms of CERs. On the other hand, we argue that machine-learning-based 
approaches can enhance the performance of existing shrinkage methods such as the BS 
approach—the number of dominant portfolios increased from 14 to 16 dominant portfolios 
after applying machine learning for SRs and from two to four for those of CERs.

4.4  Dynamic out‑of‑sample metrics

Our out-of-sample period encompasses a phase where cryptocurrencies experienced 
extreme upward movements (from Q3 2020 to Q1 2021) compared to traditional mar-
kets. To address concerns that these surges might skew our results, we visually present the 
investment results throughout the entire out-of-sample horizon. For simplicity, we show-
case the dynamic SRs (Fig. 2) and CERs (Fig. 3) of two efficient portfolios that incorporate 
cryptocurrency factors, namely MARCAP and RMOM3. Evidently, for all types of inves-
tors, these two portfolios containing cryptocurrency factors demonstrate superior perfor-
mance compared to benchmarks during both regular and extreme upward periods, regard-
less of the asset allocation strategies.

5  Mechanisms of significant cryptocurrency factors for all investors

So far, we have identified two efficient portfolios incorporating cryptocurrency factors 
(e.g., MARCAP and RMOM3) that considerably boost the performance of the stock–bond 
benchmark portfolio under all selected asset allocation strategies. In this section, we delve 
into the mechanisms inherent in successful cryptocurrency factors.

Size- and momentum-based cryptocurrency factors, such as MARCAP and RMOM3, 
are the most versatile hedging assets amid the 28 factors, whereas volume- and volatility-
related cryptocurrency factors fail to deliver statistically significant diversification bene-
fits across all selected approaches. For instance, the volume-based factors offer negligible 
diversification benefits, indicating that the volume-related factors can survive 27% of all 
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strategies for conservative, moderate, and aggressive investors regarding SRs. At the same 
time, CERs illustrate similar proportions of statistically significant diversification benefits 
only for aggressive and moderate investors. On the other hand, the volatility-related factors 
are inefficient for aggressive investors but beneficial to moderate and conservative inves-
tors, as noted by the leap in the number of significant cryptocurrency factors measured by 
SRs. We argue that the incompetence of volume- and volatility-based factors is attributable 
to their low expected returns and high standard deviations, which cannot provide added 
values and enhance the risk-adjusted performance of the benchmark portfolio. Therefore, 
we assert that volume- and volatility-based cryptocurrency factors are not favourable fea-
tures to investors seeking abnormal returns or diversification benefits.

Conversely, size- and momentum-based cryptocurrency factors demonstrate superior-
ity in diversifying the risks exemplified by higher returns for the same level of risk com-
pared to other groups. To illustrate, the number of significant factors formed on size- and 
momentum- groups for aggressive, moderate, and conservative investors are two, five, and 
two in terms of SRs, whereas the quantities of CERs are four, five, and one, respectively. 
Among them, the two significant cryptocurrency factors (MARCAP and RMOM3) are the 
best-performed diversifiers. Particularly, MARCAP has been proven effective for all three 
classes of investors, and RMOM3 are valuable to aggressive and moderate investors, ascer-
taining that both factors aid benchmark portfolios in achieving significantly higher risk-
adjusted returns. Also, the average SRs for MARCAP at different risk levels ( � = 1, 3, 5 ) 
is 0.3833, the highest and almost four times the benchmark portfolio, while CERs have 
similar results.

Among the effective cryptocurrency factors, all three types of investors prefer the cryp-
tocurrency factor based on market capitalisation (MARCAP) to that formed on three-week 
risk-adjusted momentum (RMOM3). Table 7 illustrates the weights allocated to these two 
factors across different portfolio techniques during the out-of-sample evaluation phase. The 
weights of significant cryptocurrency factors exhibit a gradually decreasing trend along 
with increasing risk aversion coefficients ( � ). For instance, the mean weight of MARCAP 
evaluated by the MV approach is 100% for aggressive investors, then it falls to 73% for 
moderate investors, eventually dropping to 46% for conservative investors. The same pat-
terns are also identified for RMOM3 via all selected asset allocation approaches. There-
fore, this finding strengthens the viewpoint that risk-seeking investors benefit more from 
incorporating cryptocurrency factors into a portfolio than risk-averse investors. On the 
other hand, we find the weights of cryptocurrency factors evaluated by the BL and BL-ML 
are much less than those evaluated by the MV, BS, and their variants. We argue that the 
BL considers more risk preferences than the BS, whereas the MV considers the least risk 
preferences. These findings may be caused by the fact that the BS and BL involve shrink-
age when estimating the expected returns and then input to the mean-variance framework, 
where the sample-based MV approach takes the historical mean returns as input to opti-
mise the weights.

Thereafter, we assess whether the weight allocations to cryptocurrency factors correlate 
positively with outperformance. We use box plots to depict and compare the differences in 
asset weights between each cryptocurrency factor across six selected techniques in Figs. 4, 
5, and 6 for investors with risk aversions of 1, 3, and 5, respectively.10 Each figure con-
sists of two columns, where the left and right columns represent the traditional (e.g., MV, 

10 We exclude the distribution of the EW approach because we aim to discover the dynamics of weights 
assigned to each factor.
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BS, and BL)and novel approaches (i.e., MV-ML, BS-ML, and BL-ML), respectively. We 
find no direct positive relationship between the weights and outperformance. For instance, 
aggressive investors tend to allocate more weights to cryptocurrency factors with higher 
expected returns, such as MARCAP, MOM1-2, RMOM1-3, to gain diversification benefits 
(see Fig.  4). However, except for MARCAP and RMOM3, not all diversification benefits 
added by the aforementioned factors are statistically significant across all selected asset 
allocation techniques (e.g., MOM1-2 and RMOM1-2 via the MV approach, etc.). Likewise, 
although cryptocurrency factors based on DELAY and MAXRET are allocated with mas-
sive weights by aggressive investors, enhanced portfolios incorporating these two crypto-
currency factors can barely provide statistically significant outperformance. Therefore, we 

Table 7  Distributions of weights allocated to significant cryptocurrency factors

This table reports the out-of-sample distributions of weights allocated to two significant factors—MARCAP 
and RMOM3— for aggressive, moderate, and conservative investors across six different techniques, respec-
tively. We omit the distributions of equal-weighted portfolios because we aim to evaluate the dynamics of 
weights assigned to each significant factor

Traditional approaches Variant approaches

MV (%) BS (%) BL (%) MV-ML (%) BS-ML (%) BL-ML (%)

Panel A: Aggressive investors
MARCAP Mean 100 100 53 98 98 59

Std. Dev 0 1 7 12 12 8
Max 100 100 70 100 100 80
Min 100 89 43 0 0 6

RMOM3 Mean 82 50 36 81 58 37
Std. Dev 9 11 2 20 26 5
Max 100 93 44 100 100 52
Min 62 34 33 0 0 8

Panel B: Moderate investors
MARCAP Mean 73 56 36 85 71 37

Std. Dev 16 18 3 17 19 3
Max 100 100 43 100 100 46
Min 47 31 31 0 0 19

RMOM3 Mean 29 17 29 32 21 29
Std.Dev 4 4 1 12 11 2
Max 48 33 31 71 59 35
Min 21 12 28 0 0 20

Panel C: Conservative investors
MARCAP Mean 46 36 31 55 45 33

Std. Dev 12 12 2 13 13 2
Max 73 65 36 89 81 38
Min 29 19 29 0 0 21

RMOM3 Mean 18 10 27 20 13 28
Std. Dev 3 2 0 8 7 1
Max 30 20 29 44 37 31
Min 13 7 27 0 0 22
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argue that weights assigned to cryptocurrency factors are not the only determinant leading 
to diversification benefits.

We then investigate whether the core findings of diversification benefits for aggressive 
investors are true for moderate (see Fig. 5) and conservative investors (see Fig. 6). MAR-
CAP remains the strongest factor with the most allocated weight by conservative inves-
tors. Conversely, the cryptocurrency factor formed on one-week risk-adjusted momentum 
(RMOM1) obtains the most weights compared to its peers (e.g., RMOM2-4). Still, a bench-
mark incorporating RMOM1 fails to generate any outperformance across all techniques. 
Additionally, moderate investors assign extensive weights on a cryptocurrency factor based 
on trading volume, VOL, while a benchmark portfolio that includes VOL can only produce 
one significant outperformance (under the MV-ML approach). Thus, we emphasise that 
weights and outperformance have no direct positive relationship for all types of investors. 

Fig. 4  Distributions of weights allocated to cryptocurrency factors for � = 1 Notes. This figure employs 
the box plot to illustrate the distributions of weights assigned to each cryptocurrency factor portfolio in 
enhanced portfolios (e.g., combining a stock–bond portfolio and a cryptocurrency factor portfolio) via the 
mean-variance approach (top left), Bayes-Stein approach (middle left), Black-Litterman (bottom left), and 
their variants on the symmetrical right-hand side during the out-of-sample period for aggressive investors. 
The red line within each box represents the central tendency (median) of the weights allocated to a crypto-
currency factor portfolio, and the red plus sign represents the outliers (Color figure online)
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Moreover, we note that, on average, the weights allocated to all cryptocurrency factors for 
moderate investors are lower than those of aggressive investors, and conservative investors 
have the slightest intention to invest in cryptocurrency factors.11

Nevertheless, we find that machine learning techniques have limited effects on fore-
casting size factors (e.g., MARCAP) but can considerably reduce the estimation errors 
of momentum factors (e.g., RMOM3). This phenomenon is evidenced by the improve-
ment of both out-of-sample metrics, around 4%, for the MV-ML, BS-ML, and BL-ML 
compared to the traditional MV, BS, and BL for all three types of investors. We attribute 
the strength of ML-based portfolio techniques to effective input features (e.g., lagged 
returns) for cryptocurrency factors being predicted because lagged returns are more 
prominent for the momentum-based factor RMOM3 rather than for MARCAP.

Fig. 5  Distributions of weights allocated to cryptocurrency factors for � = 3 Notes. This figure employs 
the box plot to illustrate the distributions of weights assigned to each cryptocurrency factor portfolio in 
enhanced portfolios (e.g., combining a stock–bond portfolio and a cryptocurrency factor portfolio) via the 
mean-variance approach (top left), Bayes-Stein approach (middle left), Black-Litterman (bottom left), and 
their variants on the symmetrical right-hand side during the out-of-sample period for moderate investors. 
The red line within each box represents the central tendency (median) of the weights allocated to a crypto-
currency factor portfolio, and the red plus sign represents the outliers (Color figure online)

11 We assert that, in general, the weights assigned to effective cryptocurrency factor portfolios (MARCAP 
and RMOM3) decline as the investors’ risk tolerance ( � ) decreases. Mathematically, � is the hyperparameter 
of the utility function (see Eq. 2), the larger � value the more emphasis is placed on minimising the risks 
relative to maximising the expected return. As the riskiness of cryptocurrency factor portfolios is an order 
of magnitude larger than traditional assets (see Table  3), the weights in cryptocurrency factor portfolios 
appear to have the most considerable impact compared to other underlying assets of a boosted portfolio, 
but this phenomenon is less vital in poorly performed cryptocurrency factor portfolios. For instance, the 
average weights allocated to MOM8 - a cryptocurrency factor portfolio formed on eight-week momentum 
- range from around 6% for aggressive investors and 6.3% for conservative investors. By contrast, the aver-
age weights in MARCAP illustrate a substantial difference of approximately 40 percentage points between 
aggressive and conservative investors. We urge that the negligible difference in the weights in MOM8 is 
primarily attributable to its negative expected return, as shown in Table 3, because the portfolio optimisa-
tion approaches tend to concentrate on the assets that can deliver better returns among the investment pool 
(Chopra and Ziemba 1993). In our case, MOM8 cannot outperform the equities and bonds of the benchmark 
portfolio, and we conclude that poorly performed cryptocurrency factor portfolios are inclined to show spo-
radic movement in the weights when � values change. Hence, a qualified cryptocurrency factor offering 
diversification benefits should at least provide reasonable rewards for bearing the extensive risks.
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On the other hand, ML-based portfolio models can enrich the distributions (e.g., 
interquartile range) of potentially effective cryptocurrency factors and reduce the 
extreme distributions of potentially poor cryptocurrency factors. Figure  4 shows that 
the distributions of potentially effective cryptocurrency factors, such as MOM1-2 and 
RMOM1, are improved by machine learning methods, which increase the values added 
by these cryptocurrency factors for aggressive investors. Specifically, the number of sig-
nificant outperformance produced by a benchmark portfolio incorporating MOM1-2 is 
two (excluding EW) before applying the machine learning, and it soars to three after 
C-ENet is leveraged. Conversely, machine learning techniques can shrink the central 
tendency (i.e., median) of the potentially poor cryptocurrency factors to suffer less from 
estimation risks. To illustrate, a benchmark portfolio with STDPRCVOL cannot produce 
any significant outperformance, but the use of C-ENet improves the enhanced portfolio 
to deliver significant benefits under all novel approaches. Moreover, ML is also favour-
able to moderate (i.e., improved significant metrics of IDIOVOL in Fig.  5) and con-
servative investors (e.g., boosted significant performance of IDIOVOL and DELAY in 
Fig. 6). To summarise, we propose that machine learning techniques can alleviate the 
negative effects of estimation errors by enriching (reducing) the distributions of poten-
tially effective (poor) cryptocurrency factors. Size- and momentum-related factors are 
effective and suitable to diversify the traditional benchmark portfolios for aggressive 
and moderate investors in practice.

For further robustness tests, we choose the two portfolios that can beat the benchmark 
for aggressive and moderate investors as the final statistically outperformed factor portfo-
lios—portfolios comprising MARCAP and RMOM3. We pick these two portfolios because 
(i) they provide statistically significant diversification benefits for both aggressive and mod-
erate investors, and (ii) conservative investors may not choose to invest in cryptocurrency 
factor portfolios as a diversification tool since cryptocurrencies have an order of magnitude 

Fig. 6  Distributions of weights allocated to cryptocurrency factors for � = 5 Notes. This figure employs 
the box plot to illustrate the distributions of weights assigned to each cryptocurrency factor portfolio in 
enhanced portfolios (e.g., combining a stock–bond portfolio and a cryptocurrency factor portfolio) via the 
mean-variance approach (top left), Bayes-Stein approach (middle left), Black-Litterman (bottom left), and 
their variants on the symmetrical right-hand side during the out-of-sample period for conservative inves-
tors. The red line within each box represents the central tendency (median) of the weights allocated to a 
cryptocurrency factor portfolio, and the red plus sign represents the outliers (Color figure online)
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of higher volatility than other traditional assets such as stocks, bonds, and commodities. 
Hence, we will focus on these two specific cryptocurrency factor portfolios hereafter.

6  Robustness tests

In this section, we conduct a series of robustness tests to validate the diversification ben-
efits of certain cryptocurrency factors (e.g., MARCAPand RMOM3) identified in previous 
sections, including (i) considering transaction costs when measuring performance, (ii) 
testing alternative benchmark portfolios, and (iii) applying a rolling estimation window 
scheme. Similar to Tables 4, 5, and 6, the bold rows report the risk-adjusted returns for the 
benchmark portfolio with different risk preferences.

6.1  Transaction costs

So far, our empirical results suggest that MARCAP and RMOM3 can deliver substantial 
diversification benefits. However, considering transaction costs is crucial. These costs 
might offset the potential value gained by adding cryptocurrency factors to the benchmark 
portfolio, rendering trading less profitable. Thus, we re-examine the diversification benefits 
of the two dominant cryptocurrency factors by subtracting the transaction costs from the 
portfolio excess returns at time t. The transaction costs, denoted by TCt , are given by:

where x+
i,t−1

 denotes the weight of the ith asset at the end of time t − 1 (i.e., considering 
the weight changes caused by the price movement just before the rebalancing); Ti repre-
sents the proportionate transaction costs of trading US equities with 50 basis points, bonds 
and risk-free rates with 17 basis points, and cryptocurrency factors with 50 basis points 
(DeMiguel et al. 2009; Platanakis and Urquhart 2020).

We present the results of the out-of-sample risk-adjusted metrics inclusive of transac-
tion costs for the benchmark portfolio and the two portfolios with cryptocurrency factors 
in Table 8, whereby we find these two cryptocurrency factors can still boost the benchmark 
portfolio’s performance remarkably. Similar to the core findings, the enhanced portfolio 
incorporating MARCAP factor can still statistically outperform the benchmark portfolio 
after considering transaction costs for investors with risk aversion levels at � = 1, 3, 5 , with 
an average SR of 0.3665 and an average CER of 0.0131. Meanwhile, RMOM3 exhibits 
similar diversification benefits to aggressive and moderate investors except for conserva-
tive investors indicated by four insignificant out-of-sample metrics (e.g., portfolio perfor-
mance with BS, BS-ML, and their variants). We argue that, on average, the relatively low 
SR (0.1917) and CER (0.0061) compared to size-related factors cannot compensate for the 
risks taken by conservative investors, so that RMOM3 cannot boost the benchmark’s per-
formance significantly. The empirical results considering transaction costs are in accord-
ance with our previous findings, verifying the solid diversification benefits of MARCAP 
and RMOM3.

(19)TCt =

N∑
i=1

Ti

(|||xi,t − x+
i,t−1

|||
)
,
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6.2  Alternative benchmark portfolios

Heretofore, we have investigated whether cryptocurrency factor portfolios enrich a 
stock–bond portfolio with diversification benefits. Nevertheless, abundant studies empha-
sise the diversification benefits generated by commodities (Bessler and Wolff 2015; Gao 
and Nardari 2018) and real estate (Huang and Zhong 2013; Lu et al. 2013) to boost the 
performance of a stock–bond portfolio. Therefore, one concern regarding our main empiri-
cal findings is whether the diversification benefits remain significant after including com-
modities and real estate in the benchmark portfolio. To address this concern, we re-eval-
uate the diversification benefits of the two significant cryptocurrency factors—MARCAP 
and RMOM3—via a new benchmark portfolio incorporating a commodity index and real 
estate into our initial stock–bond portfolio (namely multi-asset benchmark), and ascertain 
whether adding two significant cryptocurrency factors to the multi-asset benchmark can 
generate further values for investors. We adopt the most widespread commodity index, 
e.g., the GSCI index, to approximate commodities, and choose the Ziman REIT index as a 
proxy for real estate (Bessler and Wolff 2015; Platanakis and Urquhart 2020; Huang et al. 
2022).

We document the out-of-sample metrics for the multi-asset benchmark and enhanced 
portfolios in Table 9. Similar to our previous findings, MARCAP still delivers enormous 
diversification benefits when added to our multi-asset benchmark portfolio, indicated by 
considerably higher average SRs (0.3524) and CERs (0.0123) in comparison to those of 
the multi-asset benchmark portfolio (e.g., average SRs of 0.0485 and CERs of 0.0005) for 
aggressive, moderate, and conservative investors. Similarly, multi-asset benchmark portfo-
lios incorporating RMOM3 produce statistically significant diversification benefits, namely 
average SRs of 0.2022 and CERs of 0.0059, for almost all types of investors, except for the 
BS approach and its variant for conservative investors. Thus, we argue that the diversifica-
tion benefits of the two influential cryptocurrency factors are also robust to an alternative 
benchmark portfolio, i.e., a multi-asset portfolio with commodities and real estate.

6.3  A rolling‑window approach

To alleviate concerns over whether our empirical findings are subject to an expanding esti-
mation window approach, we replicate our primary empirical analysis and re-assess the 
diversification benefits of the two significant cryptocurrency factors using a rolling window 
approach. As mentioned in Sect. 2.3, we employ an initial window with a length of 100 
(observations), which is a sufficient sample size by convention, to ensure the training qual-
ity of selected ML techniques via an expanding-window scheme (Dong et al. 2022). There-
fore, to produce comparable outcomes, we set the length of the rolling-window approach 
to the same window length (100) as that of our previous expanding-window approach and 
re-investigate whether the diversification benefits are still persistent in the rolling-window 
scheme.

We depict the out-of-sample metrics for our benchmark and enhanced portfolios in 
Table 10. Our core findings evaluated formerly by an expanding-window technique are also 
robust to the rolling-window estimation. To illustrate, a portfolio incorporating MARCAP 
produces statistically significant SRs and CERs across aggressive, moderate, and conserva-
tive investors under all asset allocation strategies, with average SRs of 0.3744 and CERs 
of 0.0141. Likewise, in most cases, RMOM3 can enhance the benchmark portfolio except 
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for the BS method and its variant employed by moderate and conservative investors. Spe-
cifically, RMOM3 fails to deliver statistically significant performances by the BS method 
for moderate investors. In contrast, BS with machine learning, BS-ML, can improve the 
benchmark portfolio dramatically with statistically significant SRs (0.2254) and CERs 
(0.0058), as shown in Panel B of Table 10. In addition, for RMOM3, we emphasise that 
ML can also boost the performance of the traditional MV approach by an average of 16% 
for SR and 32% for investors with different risk preferences, even under a rolling-window 
scheme. Furthermore, RMOM3 can provide statistically significant diversification benefits 
when measured by SRs and CERs with almost all portfolio optimisation techniques but 
BS and BS-ML for conservative investors. One possible reason is that the value added by 
RMOM3 cannot compensate the risks taken by conservative investors. Thus the BS model 
allocates more weights to �G (e.g., the global mean) to minimise the risks during the opti-
misation process.

7  Conclusion

To sum up, this paper evaluates the diversification benefits of numerous cryptocurrency 
factor portfolios when added to a stock–bond benchmark portfolio by dissecting a range 
of asset allocation strategies for investors with three different levels of risk preference. Our 
paper is the first to assess the out-of-sample diversification benefits of cryptocurrency fac-
tors in a portfolio management framework with machine learning. Therefore, our work 
contributes to (i) the literature on cryptocurrencies and portfolio management and (ii) retail 
and institutional investors.

We learn that out of the 28 cryptocurrency factors used in this study, two cryptocur-
rency factors formed on size (e.g., MARCAP) and momentum (RMOM3) can deliver sta-
tistically significant diversification benefits when added to a stock–bond portfolio favoured 
by most types of investors under two different risk-adjusted metrics. Mainly, MARCAP 
adds an average of over 400% to the SR and CER of the benchmark portfolio evaluated 
by all asset allocation strategies at all risk aversion levels. On the other hand, RMOM3 can 
substantially improve the benchmark portfolio performance for aggressive and moderate 
investors across all selected portfolio techniques, except for the case of conservative inves-
tors evaluated by the BS approach. Even though RMOM3 fails to generate statistically sig-
nificant outputs for conservative investors through all portfolio optimisation methods, we 
assert that conservative investors have a low probability of participating in the crypto mar-
ket trading. Thus, we focus more on the significant cryptocurrency factors for both aggres-
sive and moderate investors. To this strand, we find that investors with low risk-aversion 
levels (e.g., aggressive) can enjoy more benefits than highly risk-averse investors.

To validate the robustness of our core findings, we re-investigate the diversification ben-
efits of the two prominent cryptocurrency factors in various ways. First, our core findings 
are robust when including transaction costs. The post-cost diversification benefits highlight 
the superiority of including cryptocurrency factors in a stock–bond portfolio and provide 
investors with solid implications for practical investment. Second, our empirical findings 
are robust to an alternative benchmark (e.g., the multi-asset benchmark)—cryptocur-
rency factors are proven to augment the diversification benefits beyond commodities and 
real estate. Lastly, the empirical results are robust to both expanding- and rolling-window 
schemes. Therefore, our analysis proposes that the inclusion of cryptocurrency factors in a 
stock–bond portfolio is favourable to investors.
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Our core results demonstrate the diversification benefits offered by cryptocurrency fac-
tors on an out-of-sample basis. Nevertheless, we implement a limited number of portfolio 
optimisation and machine learning techniques, and our tests are still based on historical 
expected returns, forecasted returns, and historical return covariance matrices. Thus, these 
input parameters may generate large estimation errors when the market is volatile. We sug-
gest that future research focus on effectively mitigating the estimation errors or optimising 
the asset weights directly.

Moreover, future researchers should explore other high-quality cryptocurrency data 
except for price and develop dynamic risk models that not only consider historical data 
but also adapt to the inherent volatility of cryptocurrency markets, allowing for real-time 
risk assessments. Additionally, delving into behavioural and macroeconomic factors that 
exert genuine influence on cryptocurrency markets is imperative for a comprehensive 
understanding. For instance, examining how investor sentiment, social media dynamics, 
and broader economic forces shape market trends can enhance risk management strate-
gies. Meanwhile, regulators can play a crucial role by considering implementing stand-
ardised reporting and risk Conflict of interest requirements specific to cryptocurrencies, 
ensuring transparency and aiding investors in making informed decisions. This strength-
ening market surveillance is essential for detecting and preventing market manipulation 
or fraudulent activities. Furthermore, fostering global regulatory cooperation can lead to 
harmonised frameworks, providing a consistent regulatory environment for market partici-
pants worldwide. This collaborative effort between researchers and regulators is crucial for 
creating a more transparent, informed, and resilient cryptocurrency market, ultimately mit-
igating risks, promoting responsible investment practices in cryptocurrencies, and making 
investors readily integrate cryptocurrencies into their portfolios from a risk management 
perspective.

Appendix 1: p values for empirical results

In this section, we present the p values for out-of-sample metrics of Tables 4, 5, 6 and 8, 9, 
10 in Table 11, 12, 13, 14, 15 and 16. Specifically, we estimate the test statistics for the out-
of-sample Sharpe ratio (DeMiguel et al. 2009) as follows:

where T is the size of the sample, M denotes the length of the in-sample estimation period, 
�̂�i and �̂�n are the sample means for portfolios incorporating cryptocurrency factors and the 
benchmark, �̂�i and �̂�n denote the sample standard deviations, and �̂�2

i,n
 is the sample covari-

ance. We then compared the test statistics, ẑSR , with critical values to examine the signifi-
cance of the results.

On the other hand, we evaluate the test statistics of certainty-equivalent return (CEQ) in 
a similar vein. We define v = (�i,�n, �

2

i
, �2

n
) as a vector, and compute the test statistics for 

ĈEQk as follows (DeMiguel et al. 2009):

(20)

ẑSR =
�̂�n�̂�i − �̂�i�̂�n√

𝜗
,

where 𝜗 =
1

T −M

�
2�̂�2

i
�̂�2

n
− 2�̂�i�̂�n�̂�i,n +

1

2
�̂�2

i
�̂�2

n
+

1

2
�̂�2

n
�̂�2

i
−

�̂�i�̂�n

�̂�i�̂�n
�̂�2
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we next use these test statistics to determine the significant levels of out-of-sample CEQs.
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