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Does the COVID-19 pandemic affect the asset
allocation performance? Evidence from a
composite asset selection approach
Jung-Bin Su 1✉

This study utilizes version 6 of the regression analysis of time series (RATS) software

package to implement the estimation of the bivariate diagonal generalized autoregressive

conditional heteroscedasticity (GARCH) model combined with a composite asset selection

approach including two hybrid performance measures to solve ‘the trade-off problem

between return and risk’ and ‘the inconsistent results from different performance measures’

in the problem of asset allocation within a group of minimum variance portfolios during the

pre-COVID-19 and COVID-19 periods. Empirical results show that the optimal portfolios

obtained from this approach and the assets added to a portfolio to achieve better perfor-

mance differ between the pre-COVID-19 and COVID-19 periods. For instance, the optimal

portfolios are the Chinese yuan-Ethereum and Bitcoin-Ethereum for the pre-COVID-19 per-

iod, but the WTI-Ethereum for the COVID-19 period. To achieve better performance, we

added Ethereum to our portfolio during the pre-COVID-19 period, while WTI and Bitcoin were

added during the COVID-19 period. Thus, the COVID-19 pandemic had a significant impact

on the performance of asset allocation in the three markets. The proposed approaches in this

study can be embedded in a computer as an asset allocation algorithm of Robo-advisers.
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Introduction

To achieve risk diversification, fund managers should select
multiple assets within a group of assets to construct a
portfolio according to an optimal strategy, such as the

minimum variance in this study (see Akhtaruzzaman et al. 2021,
among others). They face two key problems in establishing the
portfolio. Firstly, among numerous assets (for example, seven
assets), how can one select a subset of assets, such as two assets, to
construct an optimal portfolio? Secondly, how to allocate the
capital to the assets selected above. This indicates that there are 21
bi-asset portfolios in total, which are all possible portfolios. Then,
we first use the minimum variance optimal strategy to forecast
the weights of the component assets for each of the 21 bi-asset
portfolios, and 21 minimum variance portfolios (MVPs) are
obtained. This is the step of capital allocation. Second, based on
some performance measures, we must execute a series of per-
formance comparisons among 21 MVPs to find the MVP with
the best performance. The component assets of this MVP are the
most suitable assets to construct an optimal portfolio based on
the minimum variance strategy. This is the step of asset selection.
The two things mentioned above are collectively called
asset allocation (see Su, 2020).

As everyone knows, risk and return are the two key factors that
investors must consider in the investment process (Markowitz,
1952, 1959). Further, the high return is accompanied by high risk
in all real investment cases. If we individually use the risk or
return to execute the performance comparisons within 21 bi-asset
portfolios. We face the problem of ‘the trade-off between return
and risk’ (see Bodnar et al. 2017). That is, if the investors choose a
portfolio with the largest return based on the return, they will
bear the greater risk. Conversely, if they select a portfolio with the
smallest risk based on the volatility, they will lose the greater
return. Additionally, investors face the question of ‘the incon-
sistent results from different performance measures’ (see Lv et al.
2020).

The above phenomena motivate us to propose a composite
asset selection approach with two hybrid performance measures
to solve ‘the trade-off problem between return and risk’ and ‘the
inconsistent results from different performance measures’ in the
asset allocation problem. The two-hybrid performance measures
are the compound ranks of return and volatility measures (RV)
and coefficient of variance (CV), which consider risk and return
simultaneously. Moreover, this approach can get compromising
and convergent results, which past literature has never solved
(Bodnar et al. 2017; Lv et al. 2020; among others).

Thus, this study uses a bivariate diagonal BEKK-generalized
autoregressive conditional heteroscedasticity (GARCH) model
proposed by Su (2014) to estimate the conditional variance and
covariance for each of the 21 bi-asset portfolios, and the ‘BEKK’
in the BEKK-GARCH model is named after Baba et al. (1990).
Subsequently, this work utilizes the four capital allocation
approaches (CAAs) of Su (2020), based on the minimum variance
strategy, to forecast the weights of component assets of MVP
corresponding to each bi-asset portfolio. The first step of
asset allocation in this study is capital allocation. This study
proposes a minimum volatility criterion to assess the perfor-
mance of the weights forecast of MVP for the four CAAs. This
criterion, designed by the definition of the efficient frontier, can
efficiently evaluate the weights forecast performance of the four
CAAs of Su (2020).

According to the return and risk of 21 MVPs obtained by a
CAA with the best weights forecast performance, this study uti-
lizes a composite asset selection approach with two hybrid per-
formance measures to assess this group of MVPs. Then, for the
pre-COVID-19 and COVID-19 periods, we select an optimal
portfolio among 21 bi-asset portfolios. The second step of

asset allocation in this study is asset selection. Based on the above
results, this study investigates the following two questions. First,
for two subperiods, which capital allocation approach has the best
performance of weight forecasts of MVP among the four CAAs in
Su (2020)? Second, is the asset allocation performance in the pre-
COVID-19 and COVID-19 periods unlike? To the best of my
knowledge, this study is the first to explore the issue of
asset allocation for the pre-COVID-19 and COVID-19 sub-
periods and examine the influence of the COVID-19 pandemic
on asset allocation performance. Subsequently, we apply the fol-
lowing two hypotheses to examine the second question.

Hypothesis 1 (H1): For the composite asset selection approach
and each of the four performance measures (the return, volatility,
RV, and CV), the optimal portfolios from the two subperiods are
different

Hypothesis 2 (H2): To get a better (or worse) performance in a
portfolio, the assets added for the two subperiods are different.

Empirical results show that, firstly, for the pre-COVID-19 and
COVID-19 periods, the weights forecast performance of MVPs
for the Constant Weight during the In-sample period (CWI)
approach is the best among all four CAAs. Secondly, for two
subperiods, we meet two problems in the process of
asset allocation: ‘the trade-off problem between return and risk’
and ‘the inconsistent results from different performance mea-
sures’. The problem of ‘the inconsistent results from different
performance measures such as return and volatility’ happens in
the asset allocation procedure because most assets are dispersedly
located along the upper-right direction on a risk-return space.
Hence, the portfolios based on the return and volatility perfor-
mance measures are almost situated in the top-right and bottom-
left corners of a risk-return space, and the distance between these
two portfolios is very far. This results in seriously inconsistent
results from the return and volatility performance measures.
Thirdly, through the final performance comparison check in the
two subperiods, the result that ‘the composite asset selection
approach can get a convergent result in asset allocation’ is robust.
Finally, regarding the composite asset selection approach and the
four performance measures, the obtained optimal portfolios for
the two subperiods are all different. Moreover, to get a better (or
worse) performance, the assets added to the portfolio for the two
subperiods are different. This implies that the asset allocation
performance in the commodity, cryptocurrency, and currency
markets is significantly different in the pre-COVID-19 and
COVID-19 periods. From the above results, we can presume that
the COVID-19 pandemic significantly impacted asset allocation
performance.

The rest of this paper is organized as follows. Section “Litera-
ture review” illustrates the literature review about asset allocation.
Section “Methodology” presents the specification of the bivariate
BEKK-GARCH model, the theory of four CAAs in Su (2020), and
their assessment methods. Section “Data's descriptive statistics
and the mean equation's lag setting” reports the data and their
descriptive statistics. Section “Empirical results” analyzes the
empirical results of the asset allocation for the bivariate BEKK-
GARCH model coupled with the minimum variance optimal
strategy and further investigates the two questions proposed in
this work. Section “Conclusion and discussion” draws some
conclusions and gives several policy implications for fund man-
agers and investors.

Literature review
In this section, we review the literature related to asset allocation
to find the problems that past literature has never solved or needs
to improve. For example, Aziz et al. (2019), Paolella et al. (2021),
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and Rezaei et al. (2021) utilized a group of econometric models
combined with an optimal strategy to establish a group of port-
folios composed of all given assets and explore which model can
achieve better portfolio performance. Paolella et al. (2021) found
that an orthogonal GARCH model with a multivariate general-
ized hyperbolic distribution obtained the best performance. Aziz
et al. (2019) found that the copula-GARCH model was not better
than the dynamic conditional correlation (DCC)-GARCH model.
Rezaei et al. (2021) found that a model with complete ensemble
empirical mode decomposition, a convolutional neural network,
and long short-term memory, the most generalized model,
obtained the best performance.

Lv et al. (2020) and Bessler et al. (2021) utilized one model
combined with an optimal strategy to construct a group of
portfolios composed of part of the given assets and explore which
type of asset included can get better portfolio performance. Lv
et al. (2020) found that the portfolios containing Shanghai
International Energy Exchange (INE) crude oil futures performed
best under volatility. Conversely, the portfolios that added Brent
crude oil futures performed best under the return, Sharpe, and
Treynor ratios. Bessler et al. (2021) found that the industry-based
portfolio was superior to the country-based portfolios.

Bodnar et al. (2017) used several weight forecast approaches,
which are based on a minimum variance strategy or equally
weighted, to execute the capital allocation for a multi-asset
portfolio and then explore which weight forecast approach can
get better performance. They found that the equally weighted
approach performed best under return but worst under volatility.
Conversely, the conjugate approach performed best under vola-
tility but worst under return. In addition, Akhtaruzzaman et al.
(2021), Aziz et al. (2024), Bekiros et al. (2016), Hadhri (2021),
Iglesias-Casal et al. (2020, 2025), Tsuji (2018), and Yousaf and Ali
(2020) used a bivariate GARCH model combined with a CAA
approach of Kroner and Ng (1998) to execute the capital allo-
cation for a specific group of bi-asset portfolios. Then, they
explore the optimal weights of gold in gold-commodities paired
assets (Akhtaruzzaman et al. 2021) or S&P500 in S&P500-com-
modities paired assets (Bekiros et al. 2016) to get the minimum
risk for this group of bi-asset portfolios.

Hence, the literature on asset allocation always uses at least one
empirical model combined with at least one optimal strategy to
allocate the existing capital into a given set of assets to construct a
group of multi-asset portfolios. Then, they utilized several per-
formance measures (such as return, volatility, and Sharpe ratio)
to evaluate this group of portfolios to explore which econometric
model (see, Aziz et al. 2019; Paolella et al. 2021; Rezaei et al.
2021), which type of optimal strategy (see, Carroll et al. 2017;
Rezaei et al. 2021), which asset included (see, Akhtaruzzaman
et al. 2021; Bekiros et al. 2016; Bessler et al. 2021; Hadhri, 2021; Li
et al. 2021; Lv et al. 2020; Mensi et al. 2013; Ngene et al. 2018),
and which weights forecast approach (Bodnar et al. 2017) can get
better portfolio performance.

The optimal strategies include minimum variance (see, Akh-
taruzzaman et al. 2021; Aziz et al. 2019; Bekiros et al. 2016; Ber-
nardo and Campani, 2019; Bessler et al. 2021; Bodnar et al. 2017;
Carroll et al. 2017; di Tollo and Filograsso, 2025; Hadhri, 2021;
Iglesias-Casal et al. 2020; Jebabli and Roubaud, 2018; Li et al. 2025;
Lv et al. 2020; Mensi et al. 2013; Ngene et al. 2018; Paolella et al.
2021; Qi, 2021; Su, 2020; Tsuji, 2018; Yousaf and Ali, 2020), mean-
variance (see, Aziz et al. 2019; Bessler et al. 2021; Paolella et al.
2021; Rezaei et al. 2021), equal-weighted (see, Bessler et al. 2021; di
Tollo and Filograsso, 2025; Paolella et al. 2021; Rezaei et al. 2021),
maximum Sharpe ratio (see, Aziz et al. 2019), maximum Sortino
ratio (see, Aziz et al. 2019), mean-CVAR (see, Aziz et al. 2019),
Black-Litterman (see, Bessler et al. 2021; Rezaei et al. 2021), and
minimum expected shortfall (see, Paolella et al. 2021).

To summarize, we found the following drawbacks from the
above literature review. Firstly, most literature forecasted the
weights of component assets of a portfolio composed of a given
set of assets, but did not execute the performance comparison of
all possible portfolios constructed by the above set of assets to
find suitable component assets. That is, they almost focused on
capital allocation but omitted the question of asset selection (see
Aziz et al. 2019; Paolella et al. 2021; Rezaei et al. 2021; Bodnar
et al. 2017; Akhtaruzzaman et al. 2021; Bekiros et al. 2016;
Hadhri, 2021; among others). The consequence of omitting the
asset selection problem is that we may not get an optimal port-
folio because the assets within this given set of assets may not be
the best assets to establish the optimal portfolio. Secondly, most
researchers always individually used the return, volatility, and
Sharpe ratios to assess the performance of a group of portfolios.
However, they ignore the inconsistent results obtained from the
different performance measures that appeared in Bodnar et al.
(2017) and Lv et al. (2020). The consequence of ignoring the
inconsistent results from different performance measures, such as
return and volatility, is that we cannot get a compromise portfolio
in performance and may get an extreme portfolio situated in the
top-right or bottom-left corner of a risk-return space. Thirdly,
most literature always used the weight forecast approach of
Kroner and Ng (1998) to predict the weights of the component
assets in a bi-asset portfolio based on a minimum variance
strategy (Akhtaruzzaman et al. 2021; Bekiros et al. 2016; among
others). The consequence of always using the weight forecast
approach of Kroner and Ng (1998) to predict the weights of the
component assets in an MVP is that we may give up on finding
another capital allocation approach having a better weight fore-
casting performance than the CAA of Kroner and Ng (1998).

To fill the gap in the literature discussed above, we apply the
four CAAs of Su (2020), the more extensive capital allocation
approaches than that of Kroner and Ng (1998), to forecast the
weights of component assets of MVP, and to allocate the existing
capital into component assets of a portfolio under the minimum
variance optimal strategy. A minimum volatility criterion is
proposed to assess the weight forecast performance of MVP for
the four CAAs and to investigate whether there exists another
capital allocation approach having a better weight forecasting
performance than the CAA of Kroner and Ng (1998), which
usually appears in the literature. This is the step of capital allo-
cation. Subsequently, to solve ‘the trade-off problem between
return and risk’ and ‘the inconsistent results from different per-
formance measures’ usually appearing in the problem of
asset allocation (see, Bodnar et al. 2017; Lv et al. 2020), this work
proposes a composite asset selection approach with two hybrid
performance measures to execute the asset selection within a
group of minimum variance portfolios to get a compromise
portfolio in performance during the pre-COVID-19 and COVID-
19 periods. This is the step of asset selection. To sum up, this
study gives a comprehensive illustration of the implementation of
the process of asset allocation, including capital allocation and
asset selection.

Methodology
In this section, to estimate the conditional variance and covar-
iance for each of the 21 paired data sets, this work first illustrates
the specification of a bivariate diagonal BEKK-GARCH model of
Su (2014) (hereafter, the B-GARCH model). This variance-
covariance specification of this B-GARCH model satisfies the
positive-definite matrix condition and owns the parsimonious
parameter estimates (see Su, 2014). Thus, it is easy to interpret the
parameters estimated compared to the BEKK model proposed by
Engle and Kroner (1995).
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Subsequently, this work utilizes the theory of the four CAAs of
Su (2020), which is based on the minimum variance strategy, to
forecast the weights of component assets of MVP for each of the
21 bi-asset portfolios. The minimum variance optimal strategy of
the four CAAs has the following two advantages. First, compared
to the other optimal strategy, it is easier to implement (see Qi,
2021). Second, it can find the nose of the efficient frontier, the
minimum variance portfolio (MVP) (see Su, 2020). Hence, the
minimum variance optimal strategy is popularly used in the lit-
erature (see, Akhtaruzzaman et al. 2021; Aziz et al. 2019; Bekiros
et al. 2016, among others). Then, we depict the minimum vola-
tility criterion to assess the weights forecast performance of the
four CAAs and a composite asset selection approach with two
hybrid performance measures to solve the two problems: ‘the
trade-off between return and risk’ and ‘the inconsistent results
found from the two different performance measures’ in the
asset allocation.

The bivariate econometric model to construct the bi-asset
portfolio. In this section, we use the B-GARCH model to con-
struct the return and variance of a bi-asset portfolio. The
B-GARCH model is composed of a two-dimensional mean
equation (rt) and a variance–covariance equation (Ht) combined
with the normal distribution. Based on the Akaike information
criterion (AIC), the mean equation, rt, is shown in the form of a
bivariate vector autoregressive with lag one period (hereafter,
VAR (1)), and it is expressed below.

r1;t ¼ ϕ10 þ ϕ11r1;t�1 þ ϕ12r2;t�1 þ ε1;t ; ð1Þ

r2;t ¼ ϕ20 þ ϕ21r1;t�1 þ ϕ22r2;t�1 þ ε2;t ð2Þ

where rt ¼ r1;t ; r2;t
� �0

is a column vector of log returns ri;t ¼
lnPi;t � lnPi;t�1

� �
´ 100 for i ¼ 1; 2. Pi;t and ri;t , respectively, are

the closing price and its return of the ith component asset of a bi-
asset portfolio at time t. ‘ϕ10;ϕ11; andϕ12’ and ‘ϕ20;ϕ21; andϕ22’
are the parameters of the mean equations r1;t and r2;t , respec-

tively. εt ¼ ε1;t ; ε2;t

� �0
is a column vector of error terms and its

conditional distribution is assumed to follow the bivariate normal
distribution with E εt

� � ¼ 0 and E εtε
0
t

� � ¼ Ht. That is,
εt Ωt�1 � N 0;Ht

� ��� or the variance of the error term of the VAR
model (Ht) is not a constant, varies with time, and follows a
bivariate diagonal BEKK-GARCH (1,1) specification
shown below.

Subsequently, the variance–covariance equation, Ht, is shown
in the form of a bivariate diagonal BEKK-GARCH(1,1) model,
and it is listed as follows:

ht ¼ vech Ht

� � ¼ ½h11;t ; h12;t ; h22;t �; ð3Þ

h11;t ¼ ω1 þ α1ε
2
1;t�1 þ β1h11;t�1 ð4Þ

h12;t ¼ ω12 þ α12ε1;t�1ε2;t�1 þ β12h12;t�1 ð5Þ

h22;t ¼ ω2 þ α2ε
2
2;t�1 þ β2h22;t�1 ð6Þ

where vech (Ht) denotes the vech operator that stacks the ‘upper
triangular’ portion of a two-dimensional matrix Ht into a vector
with a single column. h11;t and h22;t are the variances of the first
and second component assets of a bi-asset portfolio at time t,
respectively. ‘ω1; α1; and β1’ and ‘ω2; α2; and β2’ are the para-
meters of the variance equations h11;t and h22;t , respectively. h12;t
denotes the covariance between two assets’ returns at time t
mentioned above. ω12; α12; and β12 are the parameters of the

covariance equation. Additionally, via the maximum likelihood
(ML) optimizing procedure, the parameters in this bivariate
GARCH model are estimated by the following bivariate log-
likelihood function with normal density.

L ψ
� � ¼ ∑

n

t¼1
ln f rt; j;Ωt�1;ψ

� �� � ¼ � n
2
ln2π � 1

2
∑
n

t¼1
ln Ht

�� ��þ ε0tH
�1
t εt

� �
ð7Þ

where Ψ ¼ ½ϕ10;ϕ11; ϕ12; ϕ20;ϕ21;ϕ22;ω1; α1; β1;ω12; α12; β12;
ω2; α2; β2� is the vector of parameters of this model. Ωt�1
represents the information set of all observed returns up to time
t � 1 and f �ð Þ represents the bivariate normal density. In addition,
n is the sample size in the estimation period. rt, Ht; and εt are
shown in Eqs. (1)–(6).

Finally, the return and variance of a bi-asset portfolio at time t,
rP;t and hP;t , are calculated by the following equations:

rP;t ¼ w0 � rt ¼ w1 w2

	 
 � r1;t
r2;t

" #
¼ w1�r1;t þ w2�r2;t ð8Þ

hP;t ¼ w0 �Ht � w ¼ w1 w2

	 
 � h11;t h12;t
h21;t h22;t

" #
� w1

w2

� �

¼ w2
1�h11;t þ w2

2�h22;t þ 2w1�w2�h12;t
ð9Þ

where w ¼ w1;w2

� �0
is a column vector of weights of the first and

second component assets of a bi-asset portfolio, w1 and w2.
rt;Ht; r1;t ; r2;t ; h11;t ; h22;t ; and h12;t are described as in Eqs. (1)–(6).

The theory of capital allocation approaches based on the
minimum variance strategy. In this section, we utilize the four
CAAs of Su (2020) to forecast the weights of component assets of
MVP for each of the 21 bi-asset portfolios. Then, we allocate the
capital to each component asset of a portfolio according to the
weights obtained above. This is the first step of asset allocation in
this study, capital allocation based on the minimum variance
strategy. Through this step, we can get 21 MVPs corresponding to
the above 21 bi-asset portfolios, which are all possible portfolios
set in this study. The four CAAs have the same weight constraints
w1 þ w2 ¼ 1 and �0:4≤w1; w2 ≤ 1:4. The first CAA is called the
constant weight (CW) approach because, during the entire in-
sample period, the weight of each component asset of a bi-asset
portfolio is constant. In addition, the size of the weight increment
for both w1 and w2 is set to 0.1, indicating that we can get 19
weight combinations ðw1;w2Þ and further obtain 19 weighted
portfolios via Eqs. (8)–(9). In a specified bi-asset portfolio, the
weight forecasts of the MVP are the weight combination of a
portfolio with the smallest value of volatility among the 19
weighted portfolios. Because the MVP is the leftmost portfolio
among all possible weighted portfolios on a two-dimensional risk-
return space.

The other three CAAs use the mathematical programming
technique to calculate the weights of MVP. For example, as
shown in the following CAA, we substitute a weight constraint
such as w2;t ¼ 1� w1;t into the objective function related to hP;t
and solve a partial derivatives equation of this objective function,
such as ∂hp;t=∂w1;t ¼ 0. The second CAA is called the Dynamic
Weight approach during the In-sample period (DWI) because,
for the entire in-sample period, the weight of each component
asset of a bi-asset portfolio, w1;t or w2;t , changes with time.
Therefore, w1;t and w2;t are calculated by minimizing an objective
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function: the portfolio’s variance at any time t (hP;t).

Minimize hP;t ¼ w0
t �Ht � wt ¼ w1;t w2;t

h i
� h11;t h12;t

h21;t h22;t

" #
� w1;t

w2;t

" #

¼ w2
1;t�h11;t þ w2

2;t�h22;t þ 2w1;t�w2;t�h12;t
ð10Þ

Subject tow1;t þ w2;t ¼ 1 ð11Þ
Therefore, the weight forecasts of the MVP for the DWI

approach are the last observations in the two in-sample weight
forecast series (w1;t and w2;t) and they are expressed as follows:

wMVP
1 ¼ w1;n ¼ h22;n�h12;n

h11;nþh22;n�2h12;n
andwMVP

2

¼ w2;n ¼ 1� wMVP
1

ð12Þ

where wMVP
1 and wMVP

2 are the first and second component assets’
weights forecasts in the MVP, respectively. n is the size of the in-
sample period, which is set to 1441 in this study. w1;n andw2;n are
the last observations of the in-sample weight forecast series of the
first and second component assets of MVP, respectively.
h11;n; h22;n; and h12;n, respectively, are the last observations of the
two variances’ forecast series and their corresponding covariance
forecast series during the in-sample period.

The third CAA is called the mean of dynamic weight approach
during the In-sample period (MDWI) because the weight
forecasts of the MVP are the mean of the two in-sample weight
forecast series obtained by the DWI approach. Hence, they are
expressed as follows:

wMVP
1 ¼ 1

n
∑
n

t¼1

h22;t � h12;t
h11;t þ h22;t � 2h12;t

andwMVP
2 ¼ 1� wMVP

1 ð13Þ

where wMVP
1 ; wMVP

2 ; n; h11;t ; h22;t ; and h12;t are defined above.
Notably, the formulas for the weight forecasts of MVP obtained
from the DWI and MDWI approaches are similar to those
obtained from Kroner and Ng (1998).

The fourth CAA is called the Constant Weight approach
during the In-sample period (CWI) because, for the entire in-
sample period, the weight of each component asset of a bi-asset
portfolio, w1 or w2, is set to a constant. Therefore, w1 and w2 are
determined by minimizing an objective function: the total

portfolio’s variance for the entire in-sample period (∑
n

t¼1
hP;t).

Minimize ∑
n

t¼1
hP;t ¼ ∑

n

t¼1
w0 �Ht � w ¼ ∑

n

t¼1
w1 w2

	 
 � h11;t h12;t
h21;t h22;t

" #
� w1

w2

� � !

¼ ∑
n

t¼1
w2
1 � h11;t þ w2

2 � h22;t þ 2w1�w2�h12;t
� �

ð14Þ
Subject tow1 þ w2 ¼ 1 ð15Þ

Therefore, the weight forecasts of the MVP for the CWI
approach are shown as follows:

wMVP
1 ¼

∑
n

t¼1
h22;t � ∑

n

t¼1
h12;t

∑
n

t¼1
h11;t þ ∑

n

t¼1
h22;t � 2 ∑

n

t¼1
h12;t

andwMVP
2 ¼ 1� wMVP

1

ð16Þ
where wMVP

1 ; wMVP
2 ; n; h11;t ; h22;t ; and h12;t are defined above.

To sum up, the purpose of the four CAAs (CW, DWI, MDWI,
and CWI) in this study is to determine the weight forecasts of the
MVP for each of the 21 bi-asset portfolios. Notably, the MVP is
the leftmost portfolio among all possible weighted portfolios on a
two-dimensional risk-return space. Thus, this study proposes a

minimum volatility criterion to assess the weight forecast
performance of MVPs for four CAAs. That is, if a specific CAA
has the best weight forecast performance on MVP, then the value
of the variance of MVP predicted by this CAA is the smallest
among those predicted by the four CAAs.

The principle of asset selection based on a composite asset
selection approach. In this section, we develop a composite asset
selection approach with two hybrid performance measures to
assess the performance of a group of minimum variance portfo-
lios (MVPs), such as 21 MVPs in this study. Then, we choose the
optimal MVP within this group of MVPs. The component assets
of this MVP are the optimal assets in the given set of assets to
satisfy the condition of the minimum variance. This is the second
step of asset allocation in this study: asset selection. The process
of asset selection based on the composite asset selection approach
is divided into four steps and is depicted in Fig. 1.

Step 1: The asset selection is based on two basic performance
measures: return and volatility. In this step, we give a rank order
Rr for each MVP within a group of MVPs according to the
ranking rule of the values of rP (portfolio return) from the
greatest to the smallest for this group of MVPs. Conversely, we
give a rank order Rv for each MVP within a group of MVPs
according to the ranking rule of the values of σP (portfolio
volatility) from the smallest to the greatest for this group of
MVPs. The optimal portfolio based on the return (volatility) is a
portfolio with Rr ¼ 1 (Rv ¼ 1).

Step 2: The asset selection is based on two hybrid performance
measures: RV and CV. The hybrid performance measures are
used to solve ‘the trade-off problem between return and risk’ in
the asset allocation problem. The first hybrid performance
measure is called the compound ranks of Return and Volatility

BEKK-GARCH model 
(r , , r , ; h , , h , , h ,

CWI capital allocation approach 
(w ,w ) 

r σ h CV r

RR

RV (=Rr + Rv) 

Rk2Rk1

d (=|Rk Rk |), s (=Rk Rk ) 

SUM (= d + s) 

Rk3

Rk

RK 

Make all possible 

portfolio set 

Step 1: Basic 

performance 

measures 

Step 2: Hybrid 

performance 

measures 

Step 3: Composite asset 

selection approach 

Step 4: Final performance 

comparison check 

Fig. 1 The flow chart of asset selection based on the composite asset
selection approach.
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measures (hereafter, the RV). The value of RV is the summation
of the two rank orders based on return and volatility, Rr and Rv.
The core concept of this measure, RV, is that the greater a
portfolio’s return or the lower a portfolio’s risk, the smaller the
value of Rr and Rv of this portfolio. This further indicates that the
smaller the value of RV on a portfolio and the better the
performance of this portfolio. The second hybrid performance
measure is the coefficient of variance (hereafter, the CV), defined
as the ratio of the volatility to the return for a portfolio (i.e., the
risk per unit return). Hence, it is also another hybrid performance
measure because it simultaneously considers the volatility and
return when the performance of a portfolio is assessed. The lower
a portfolio’s CV, the better the performance of this portfolio.
Hence, we give a rank order Rk1 (Rk2) for each MVP within a
group of MVPs according to the ranking rule of the values of the
portfolio’s RV (CV) from the smallest to the greatest for this
group of MVPs. Thus, the smaller the rank order of a portfolio,
Rk1 or Rk2, the better the performance of this portfolio. The
optimal portfolio based on the RV (CV) is a portfolio with Rk1 ¼
1 (Rk2 ¼ 1).

Step 3: The asset selection is based on a composite asset
selection approach. The composite asset selection approach is
built to solve the inconsistent results obtained from the two
different measures in the asset allocation problem. Regardless of
using the first or the second hybrid performance measure, the
smaller the rank order of a portfolio, the better the performance
of this portfolio. This indicates that the smaller the ‘sum’ (s) or
‘difference’ (d) of the two rank-order numbers Rk1 and Rk2 of a
portfolio, the better the performance of this portfolio, where s ¼
Rk1 þ Rk2 and d ¼ Rk1 � Rk2

�� ��. The above rules can further
infer that the smaller the value of the summation of the above
‘difference’ and ‘sum’ of a portfolio, SUM, owns, the better the
performance this portfolio has. Notably, SUM ¼ d þ s. Hence,
among a group of portfolios, I give a rank order for each
portfolio, Rk3, according to the values of the portfolio’s SUM
from the smallest to the greatest. The optimal portfolio obtained
from this approach is a portfolio with Rk3 ¼ 1.

Step 4: The asset selection is based on the final performance
comparison check. In this step, if the optimal portfolio obtained
from this check, a portfolio with RK ¼ 1, is consistent with the
optimal portfolio based on the composite asset selection
approach, a portfolio with Rk3 ¼ 1, then the result obtained
from the composite asset selection approach is convergent.
Notably, RK denotes, among a group of portfolios, the rank order
according to the value of ‘the summation of three rank orders
(Rk1, Rk2, and Rk3)’ from the smallest to the greatest.

Data’s descriptive statistics and the mean equation’s lag
setting
The seven assets in this study include the gold and West Texas
Intermediate (WTI) crude oil in the commodity market; the euro
(USEU) and Chinese yuan (CHUS) in the currency market; and
Bitcoin, Ethereum, and Litecoin in the cryptocurrency market.
The daily close price data of seven assets covers the period from
August 12, 2015, to July 30, 2021, obtained from the Yahoo
Finance website. According to the World Health Organization
(WHO), the COVID-19 pandemic occurred on March 11, 2020.
Hence, the study period is partitioned into the pre-COVID-19
and COVID-19 periods because this extreme event, the COVID-
19 pandemic, may make a structural break in the above markets.

Table 1 lists basic descriptive statistics of the daily return of
seven assets during the pre-COVID-19 period (see panel A) and
the COVID-19 period (see panel B). As reported in the data in the
columns ‘Mean’, ‘SD’, and ‘CV’ in Table 1, we find the following
phenomena. Regardless of the pre-COVID-19 or the COVID-19

period, Ethereum owns the largest mean return and the greatest
standard deviation, but the euro has the smallest mean return and
the lowest standard deviation. This indicates that we can’t com-
pare the performance of assets by using the return and standard
deviation representing the risk. However, the coefficient of var-
iation (CV) may solve the above question from the view of risk
per unit return. Thus, we find the following phenomena based on
the CV. Bitcoin and WTI had the best and worst performance
during the pre-COVID-19 period, respectively. However,
Ethereum and CHUS had the best and worst performance
during the COVID-19 period, respectively. Hence, we can
presume that, owing to this pandemic, a structural break
occurred in the return series of the seven assets of this study.
The reason is that, among seven assets, the asset owning the
best (worst) performance is different for the pre-COVID-19 and
COVID-19 periods.

The other descriptive statistics have the same features as those
for most financial return series. For instance, the return series
isn’t normally distributed because the distribution of returns is
left- or right-skewed and has a larger and thicker tail than the
normal distribution. The above results are shown by the coeffi-
cient of skewness, excess kurtosis, and the J–B normality test
statistics (Jarque and Bera, 1987). Additionally, as reported by the
Ljung-Box Q2ð24Þ statistics for the squared returns, the return
series exhibits linear dependence and a strong AutoRegressive
Conditional Heteroscedasticity (ARCH) effect. The results found
above are consistent with those found by Su and Hung (2011).
The above findings indicate that the GARCH family models are
favorable to capture the features of ‘the fat tails and time-varying
volatility’ found before. Figure 2 illustrates the trend of price
levels and the variation of returns for seven assets during the
study period. From Fig. 2, I find that near the date of the COVID-
19 pandemic, the price of assets underwent a severe decline and
then a rapid rise. Moreover, its return also exhibited a significant
variation, especially for the WTI. This indicates that this pan-
demic may produce a structural break in the return series of the
above assets.

Owing to the length of the lag in VAR in Eqs. (1) and (2) in the
section “The bivariate econometric model to construct the bi-
asset portfolio” being sensitive to the estimation results, this study
follows the Su (2016) to use the Akaike information criterion
(AIC) and Schwarz’s Bayesian Criterion (SBC) to determine the
optimal lag in the VAR type of mean equation of the B-GARCH
model in this study. Table 2 lists the AIC and SBC values of
alternative lags for 21 paired data sets. In column ‘SUM’ at the
last panel in Table 2, I find that based on AIC, the optimal lag
number is one. The reason is that 8 is the greatest value of the
total number of paired data that owns the maximum AIC value in
absolute value among lags 1–6. This number appears in lag 1. On
the other hand, the optimal lag number is two for SBC since the
total number of pairs of data that own the maximum SBC value
in absolute value among lags 1–6, equals 21 for lag 2. Moreover,
21 is the greatest among all numbers in the same column. Hence,
based on the AIC, we set the lag number in this study’s VAR type
of mean equation as 1.

Empirical results
In this section, we first use the minimum volatility criterion to
assess the weight forecast performance of the MVP of the four
CAAs. According to the volatility and return of MVPs obtained
by a CAA with the best weight forecasts performance, a com-
posite asset selection approach with two hybrid performance
measures is used to select an optimal portfolio among 21 bi-asset
portfolios for two subperiods. Based on the above results, we
discuss two questions addressed in this study.
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The implementation of asset allocation for the pre-COVID-
19 period
The selection of capital allocation approaches based on the mini-
mum variance strategy. Table 3 lists the weight forecast, return,
and volatility of MVPs of 21 bi-asset portfolios obtained by the

four CAAs during the pre-COVID-19 period. In Table 3, we find
that the ‘w1 ¼ 0:1’ is the weighted forecast of the first component
asset (WTI) of MVP of the WTI-gold (wt-go) portfolio for the
CW approach. The reason is that the volatility corresponding to
this weight (0.8152) is the smallest among the 19 weighted

Table 1 Descriptive statistics of daily return for the pre-COVID-19 and COVID-19 periods.

Mean SD CV Max. Min. SK KUR J-B Q2ð24Þ
Panel A: The pre-COVID-19 period
WTI −0.020 2.5412 −125.5 14.17 −28.13 −0.958c 15.66c 11473.9c 102.79c

Gold 0.0363 0.8223 22.635 4.196 −4.345 0.255c 2.843c 384.32c 127.88c

CHUS 0.2161 5.8593 27.113 51.14 −39.50 1.377c 13.08c 8236.9c 142.46c

USEU 0.0024 0.4853 200.06 3.064 −2.672 0.181b 3.239c 489.17c 122.68c

Bitcoin 0.3055 4.5950 15.040 22.51 −23.87 −0.131a 4.540c 952.34c 104.72c

Ethereum 0.4738 7.6724 16.190 50.96 −41.78 0.674c 5.901c 1687.4c 132.61c

Litecoin 0.2254 6.6533 29.505 53.98 −39.50 1.431c 11.60c 6582.2c 119.96c

Panel B: The COVID-19 period
WTI 0.4678 5.8290 12.459 42.58 −27.49 1.433c 18.49c 4875.9c 421.97c

Gold 0.0290 1.2142 41.731 5.133 −5.264 −0.593c 3.852c 227.5c 99.92c

CHUS 0.1000 5.2604 52.563 27.74 −18.02 0.566c 3.716c 211.3c 15.37
USEU 0.0133 0.4353 32.508 1.738 −1.779 −0.522c 2.243c 85.7c 93.57c

Bitcoin 0.4985 5.3886 10.808 19.152 −46.47 −2.007c 17.736c 4629.8c 18.03
Ethereum 0.7466 7.2664 9.7325 32.497 −55.07 −1.372c 12.323c 2231.5c 32.23
Litecoin 0.3169 7.1335 22.507 23.695 −44.90 −1.623c 9.592c 1435.7c 33.99a

1. The superscripts a, b, and c denote significance at the 10%, 5%, and 1% levels, respectively. 2. Mean and SD denote the mean return and standard deviation, respectively. CV represents the coefficient
of variance and is defined as the standard deviation divided by the mean return. 3. SK and KUR denote the skewness and excess kurtosis, respectively. 4. J–B statistics are asymptotically chi-squared-
distributed with 2 degrees of freedom (Jarque and Bera, 1987). 5. Q2ð24Þ statistics are asymptotically chi-squared distributed with 24 degrees of freedom. 6. The bold and underlined fonts in column
‘Mean’, respectively, denote the greatest and lowest mean values when the mean values of all seven assets are compared, and so are the standard deviation and CV. 7. The entire period is from August
12, 2015, to July 30, 2021. The date of COVID-19 is March 11, 2020. Hence, the total number of observations for the COVID-19 and the COVID-19 periods is equal to 1105 and 336, respectively.
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Fig. 2 The trend of price level and the variation of return for seven assets. a WTI, b Gold, c CHUS, d USEU, e Bitcoin, f Ethereum, and g Litecoin.
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portfolios’ volatilities. Subsequently, we use the minimum vola-
tility criterion to assess the weight forecast performance of the
MVP of the four CAAs. In Table 3, the volatility of MVP obtained
from the CWI approach is the smallest for all cases when the
values of the volatility of MVPs for the four CAAs are compared.
This indicates that the CWI approach has the best weight forecast
performance of MVP among the four CAAs during the pre-
COVID-19 period.

Then, for each bi-asset portfolio like the WTI-gold, we can get
one similarly parabolic line in a risk-return space of Fig. 3a using
the data of 19 weighted portfolios obtained from the CW
approach. Notably, the upper part of this parabolic line in Fig. 3a
represents the efficient frontier of the WTI-gold bi-asset portfolio.

Hence, Fig. 3 shows, during the pre-COVID-19 period, 21
parabolic lines correspond to the 21 bi-asset portfolios. In Fig. 3,
we find that the MVP predicted by the CWI approach is near the
nose of the efficient frontier for all cases.

The asset selection based on a composite asset selection approach.
Subsequently, we summarize the information of MVPs of 21 bi-
asset portfolios obtained by the CWI approach in Table 3 into
the left-hand side of Table 4 to select the optimal portfolio by
using a composite asset selection approach with two hybrid
performance measures. The obtained results are listed on the
right-hand side of Table 4. To clearly illustrate the process of
selecting an optimal portfolio based on the return and volatility

Table 2 The optimal lag of VAR for paired assets.

wt-go wt-ch wt-eu wt-bi S1

Lag AIC SBC AIC SBC AIC SBC AIC SBC

1 −22320.5 −22245.3 −17090.8 −17015.6 −24266.8 −24191.6 −17608.3 −17533.0 (0,0)
2 −22325.6 −22272.9 −17091.4 −17038.7 −24267.5 −24214.8 −17606.7 −17554.0 (0,4)
3 −22328.6 −22254.8 −17096.0 −17022.3 −24269.2 −24195.4 −17617.7 −17543.9 (0,0)
4 −22358.0 −22263.1 −17097.8 −17002.9 −24270.1 −24175.3 −17624.0 −17529.1 (2,0)
5 −22364.2 −22248.3 −17096.1 −16980.2 −24267.0 −24151.0 −17625.3 −17509.3 (2,0)
6 −22359.0 −22221.9 −17092.7 −16955.7 −24260.0 −24123.0 −17624.1 −17487.0 (0,0)

wt-et wt-li go-ch go-eu S2
Lag AIC SBC AIC SBC AIC SBC AIC SBC
1 −16354.7 −16279.5 −16614.4 −16539.2 −21658.0 −21582.7 −29100.3 −29025.1 (0,0)
2 −16356.4 −16303.7 −16615.5 −16562.8 −21654.5 −21601.8 −29098.4 −29045.7 (0,4)
3 −16364.2 −16290.4 −16620.8 −16547.0 −21651.5 −21577.7 −29093.7 −29019.9 (0,0)
4 −16366.9 −16272.0 −16623.2 −16528.3 −21645.5 −21550.6 −29093.6 −28998.8 (1,0)
5 −16367.3 −16251.4 −16620.3 −16504.4 −21662.0 −21546.1 −29103.6 −28987.7 (3,0)
6 −16363.6 −16226.6 −16615.8 −16478.8 −21656.5 −21519.5 −29099.7 −28962.7 (0,0)

go-bi go-et go-li ch-eu S3
Lag AIC SBC AIC SBC AIC SBC AIC SBC
1 −22188.7 −22113.4 −20938.3 −20863.1 −21182.5 −21107.2 −23607.7 −23532.4 (2,0)
2 −22183.3 −22130.6 −20934.2 −20881.5 −21178.8 −21126.1 −23605.3 −23552.6 (0,4)
3 −22180.0 −22106.2 −20934.0 −20860.2 −21173.3 −21099.5 −23602.5 −23528.7 (0,0)
4 −22177.4 −22082.6 −20928.8 −20833.9 −21171.5 −21076.7 −23596.5 −23501.6 (0,0)
5 −22194.0 −22078.1 −20937.2 −20821.2 −21188.0 −21072.0 −23603.8 −23487.9 (2,0)
6 −22187.4 −22050.4 −20930.0 −20793.0 −21182.6 −21045.6 −23597.6 −23460.6 (0,0)

ch-bi ch-et ch-li eu-bi S4
Lag AIC SBC AIC SBC AIC SBC AIC SBC
1 −16946.4 −16871.1 −15693.2 −15618.0 −15955.7 −15880.4 −24119.2 −24043.9 (4,0)
2 −16944.9 −16892.2 −15690.5 −15637.8 −15954.3 −15901.6 −24114.9 −24062.2 (0,4)
3 −16944.3 −16870.5 −15687.4 −15613.6 −15949.8 −15876.0 −24110.4 −24036.6 (0,0)
4 −16941.3 −16846.4 −15681.2 −15586.4 −15943.1 −15848.2 −24116.5 −24021.6 (0,0)
5 −16943.4 −16827.5 −15679.1 −15563.2 −15945.1 −15829.1 −24116.6 −24000.6 (0,0)
6 −16938.8 −16801.8 −15673.6 −15536.6 −15941.3 −15804.3 −24110.3 −23973.2 (0,0)

eu-et eu-li bi-et bi-li S5
Lag AIC SBC AIC SBC AIC SBC AIC SBC
1 −22869.4 −22794.1 −23127.2 −23052.0 −16698.6 −16623.4 −17303.0 −17227.7 (2,0)
2 −22868.2 −22815.5 −23124.8 −23072.1 −16713.0 −16660.3 −17304.2 −17251.5 (0,4)
3 −22862.7 −22788.9 −23118.5 −23044.7 −16713.5 −16639.7 −17299.9 −17226.1 (0,0)
4 −22859.0 −22764.2 −23116.2 −23021.3 −16716.4 −16621.6 −17329.7 −17234.9 (2,0)
5 −22855.0 −22739.1 −23116.5 −23000.5 −16711.2 −16595.2 −17328.6 −17212.6 (0,0)
6 −22848.0 −22711.0 −23110.3 −22973.3 −16710.2 −16573.2 −17324.7 −17187.7 (0,0)

et-li S6 S1 S2 S3 S4 S5 SUM
Lag AIC SBC
1 −15701.4 −15626.1 (0,0) (0,0) (0,0) (2,0) (4,0) (2,0) (8,0)
2 −15717.7 −15665.0 (1,1) (0,4) (0,4) (0,4) (0,4) (0,4) (1,21)
3 −15714.8 −15641.1 (0,0) (0,0) (0,0) (0,0) (0,0) (0,0) (0,0)
4 −15710.4 −15615.5 (0,0) (2,0) (1,0) (0,0) (0,0) (2,0) (5,0)
5 −15707.0 −15591.0 (0,0) (2,0) (3,0) (2,0) (0,0) (0,0) (7,0)
6 −15700.1 −15563.0 (0,0) (0,0) (0,0) (0,0) (0,0) (0,0) (0,0)

Note: 1. Bold font in each paired asset column represents the maximum AIC or SBC value in absolute value among lags 1–6. 2. The first (second) number inside the bracket underneath S1-S6 represents
the total number of paired assets, that own the maximum AIC (SBC) value in absolute value for a specified lag, when considering all paired assets in a panel. 3. The first (second) number inside the
bracket underneath SUM represents the summation of the first (second) number inside the bracket underneath S1-S6. 4. The bold font in the first (second) number inside the bracket underneath SUM in
the last panel denotes the greatest value of the total number of paired assets obtained from note 2 when considering 21 paired assets together.
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of MVPs during the pre-COVID-19 period, the 21 MVPs
corresponding to the 21 bi-asset portfolios are plotted in a risk-
return space in Fig. 4a. In Fig. 4a, six bi-asset portfolios (ch-bi,
ch-et, ch-li, bi-et, bi-li, and et-li) are located on the upper-right
side of this figure. Conversely, the other 15 bi-asset portfolios

are closely located in a small region with a value of ‘σP’ <2.5
and a value of ‘rP’ <0.06. Moreover, this small region is located
on the bottom-left side of Fig. 4a. Hence, it is hard to differ-
entiate them. Then, in Fig. 4b, we enlarge the above small
region.

Table 3 The weights forecast of MVPs of 21 bi-asset portfolios for alternative CAAs during the pre-COVID-19 period.

σp rp w1 σp rp w1 σp rp w1

wt-go wt-ch wt-eu

CW 1.5471 0.0581 −0.4 8.1635 0.3109 −0.4 1.2142 0.0108 −0.4
1.3248 0.0525 −0.3 7.5592 0.2871 −0.3 0.9775 0.0085 −0.3
1.1238 0.0468 −0.2 6.9601 0.2634 −0.2 0.7584 0.0062 −0.2
0.9577 0.0411 −0.1 6.3678 0.2397 −0.1 0.5770 0.0039 −0.1
0.8472 0.0354 0.0 5.7843 0.2159 0.0 0.4783 0.0016 0.0
0.8152 0.0297 0.1 5.2126 0.1922 0.1 0.5127 −0.0006 0.1
0.8705 0.0240 0.2 4.6571 0.1685 0.2 0.6596 −0.0029 0.2
0.9987 0.0184 0.3 4.1242 0.1447 0.3 0.8634 −0.0052 0.3
1.1761 0.0127 0.4 3.6240 0.1210 0.4 1.0928 −0.0075 0.4
1.3840 0.0070 0.5 3.1720 0.0972 0.5 1.3345 −0.0098 0.5
1.6106 0.0013 0.6 2.7917 0.0735 0.6 1.5830 −0.0121 0.6
1.8490 −0.0043 0.7 2.5158 0.0498 0.7 1.8355 −0.0144 0.7
2.0953 −0.0100 0.8 2.3809 0.0260 0.8 2.0905 −0.0167 0.8
2.3469 −0.0156 0.9 2.4107 0.0023 0.9 2.3473 −0.0190 0.9
2.6022 −0.0213 1.0 2.5997 −0.0213 1.0 2.6053 −0.0213 1.0
2.8604 −0.0270 1.1 2.9170 −0.0451 1.1 2.8641 −0.0236 1.1
3.1207 −0.0327 1.2 3.3262 −0.0688 1.2 3.1237 −0.0259 1.2
3.3825 −0.0384 1.3 3.7976 −0.0925 1.3 3.3837 −0.0282 1.3
3.6456 −0.0441 1.4 4.3108 −0.1163 1.4 3.6441 −0.0305 1.4

CWI 0.8144 0.0305 0.086 2.3721 0.0184 0.832 0.4737 0.0010 0.025
MDWI 0.8159 0.0295 0.105 2.3823 0.0266 0.798 0.4739 0.0009 0.031
DWI 0.8412 0.0349 0.008 4.8694 0.1776 0.161 0.4747 0.0013 0.013

wt-bi wt-et wt-li
CW 2.3088 0.0450 0.8 2.4922 0.0269 0.9 2.4571 0.0034 0.9
CWI 2.3065 0.0512 0.781 2.4916 0.0235 0.907 2.4528 0.0085 0.880
MDWI 2.3114 0.0603 0.754 2.4944 0.0305 0.892 2.4588 0.0145 0.855
DWI 3.9033 0.2429 0.204 4.0713 0.1235 0.828 4.3676 0.1339 0.374

go-ch go-eu go-bi
CW 0.8459 0.0354 1.0 0.4719 0.0050 0.1 0.8469 0.0354 1.0
CWI 0.8372 0.0391 0.979 0.4718 0.0045 0.087 0.8418 0.0406 0.981
MDWI 0.8406 0.0415 0.967 0.4718 0.0044 0.082 0.8434 0.0435 0.970
DWI 0.8530 0.0442 0.951 0.4722 0.0054 0.112 0.8418 0.0406 0.981

go-et go-li ch-eu
CW 0.8462 0.0354 1.0 0.8467 0.0354 1.0 0.4800 0.0016 0.0
CWI 0.8460 0.0364 0.998 0.8434 0.0375 0.989 0.4786 0.0029 0.006
MDWI 0.8461 0.0371 0.996 0.8440 0.0384 0.984 0.4791 0.0037 0.010
DWI 0.8468 0.0343 1.003 0.8474 0.0352 1.001 0.4787 0.0032 0.008

ch-bi ch-et ch-li
CW 3.7572 0.2727 0.4 4.6706 0.3142 0.6 4.4482 0.2202 0.6
CWI 3.7567 0.2719 0.408 4.6523 0.3037 0.643 4.4440 0.2205 0.578
MDWI 3.7586 0.2704 0.425 4.6551 0.3078 0.626 4.4441 0.2204 0.580
DWI 4.0192 0.2537 0.601 4.7703 0.2768 0.752 4.7058 0.2186 0.755

eu-bi eu-et eu-li
CW 0.4788 0.0016 1.0 0.4797 0.0016 1.0 0.4804 0.0016 1.0
CWI 0.4785 0.0026 0.997 0.4797 0.0018 0.999 0.4801 0.0022 0.997
MDWI 0.4786 0.0032 0.995 0.4797 0.0016 0.999 0.4802 0.0025 0.996
DWI 0.4829 −0.0014 1.010 0.4797 0.0015 1.000 0.4840 0.0001 1.006

bi-et bi-li et-li
CW 5.1372 0.3257 0.9 5.1480 0.3022 0.9 6.4706 0.2971 0.3
CWI 5.1364 0.3278 0.886 5.1457 0.2996 0.869 6.4675 0.3033 0.326
MDWI 5.1746 0.3141 0.977 5.2133 0.3134 1.034 6.5460 0.3343 0.458
DWI 6.7925 0.2307 1.529 5.7258 0.3411 1.363 6.6108 0.3453 0.505

1. The CW denotes the constant weight. Moreover, CWI and DWI represent the constant weight for the In-sample period and dynamic weight for the in-sample period, respectively. In addition, MDWI
denotes the Mean of DWI. The CW, CWI, DWI, and MDWI, the four capital allocation approaches, are used to get the weights of the MVP for alternative bi-asset portfolios. 2. ‘wt’ and ‘go’, respectively,
denote the WTI and gold in the commodity market. On the other hand, ‘ch’ and ‘eu’, respectively, represent the Chinese yuan (CHUS) and euro (USEU) in the exchange rate market. In addition, ‘bi’, ‘et’,
and ‘li’, respectively, denote Bitcoin, Ethereum, and Litecoin in the cryptocurrency market. 3. ‘w1 ’ denotes the weight of the first component asset for a bi-asset portfolio, whereas rP and σP denote the
mean return and mean volatility of a bi-asset portfolio for the in-sample period, respectively. 4. The bold font in column ‘σP ’ for the CW type of Capital Allocation approach at the first panel denotes the
lowest volatility within all 19 weighted portfolios. It represents the nose of an efficient frontier (or MVP) for a bi-asset portfolio. 5. Italic font in column ‘σP ’ at the rows ‘CW’, ‘CWI’, ‘MDWI’, and ‘DWI’
denotes the lowest volatility among the values of the volatility of MVPs for the four CAA.
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Then, we follow the asset selection procedure in Fig. 1 and
utilize the data of the rank orders in columns Rv, Rr, Rk1, Rk2,
Rk3, and RK in Table 4 to execute the performance comparison of
21 MVPs corresponding to 21 bi-asset portfolios based on the
volatility, return, RV, CV, composite asset selection approach,
and a final performance comparison check. The results of the
asset selection procedure are summarized in Fig. 5. In Fig. 5, we
follow the four steps in Fig. 1 to illustrate the results of each step
during the asset selection process.

Step 1: The asset selection is based on basic performance
measures: return and volatility. From the rank order in columns

‘σP’ and ‘rP’ in Table 4, we find that the optimal portfolios based
on volatility and return, respectively, are the gold-euro (go-eu)
and bitcoin-ethereum (bi-et) because Rv ¼ 1 for go-eu and Rr ¼
1 for bi-et. Notably, the go-eu and bi-et are, respectively, the
leftmost and uppermost portfolios in Fig. 4a. This indicates that
investors face a trade-off problem between return and risk. That
is, if investors choose the bi-et portfolio with the largest return,
then they will bear the greater risk. Conversely, if investors select
the go-eu portfolio with the smallest risk, then they will lose the
greater return. The above phenomena are also found in Bodnar et
al. (2017). Bodnar et al. (2017) found that the portfolio obtained

Fig. 3 The distribution of MVPs for the CWI, DWI, and MDWI and the parabolic line obtained from the CW (21 bi-asset portfolios). a WTI-Gold,
b WTI-CHUS, c WTI-USEU, dWTI-Bitcoin, eWTI-Ethereum, f WTI-Litecoin, g Gold-CHUS, h Gold-USEU, i Gold-Bitcoin, j Gold-Ethereum, k Gold-Litecoin,
l CHUS-USEU, m CHUS-Bitcoin, n CHUS-Ethereum, o CHUS-Litecoin, p USEU-Bitcoin, q USEU-Ethereum, r USEU-Litecoin, s Bitcoin-Ethereum, t Bitcoin-
Litecoin, and u Ethereum-Litecoin.
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from the equally weighted approach performed best under return
but worst under volatility. Conversely, the portfolio obtained
from the conjugate approach performed best under volatility but
worst under return. Thus, in the next step, we utilize two hybrid
performance measures, RV and CV, to solve the trade-off
question between return and risk.

Step 2: The asset selection is based on hybrid performance
measures: RV and CV. From the rank orders in column ‘Rk1’ in
Table 4, we find that the optimal portfolios based on the RV
measure are gold-Chinese yuan (go-ch), gold-euro (go-eu), and
gold-bitcoin (go-bi) because Rk1 ¼ 1 for these portfolios.
Notably, these three portfolios are located in the bottom-left
corner of Fig. 4. Moreover, from the rank orders in column ‘Rk2’
in Table 4, we find that the optimal portfolio based on the CV
measure is the Chinese yuan-bitcoin (ch-bi) because Rk2 ¼ 1 for
this portfolio. Notably, as shown in Fig. 4a, the ch-bi is located on
a line with the steepest slope among all 21 lines, which are
connected by the origin and 21 points corresponding to 21 MVPs
in this system. The above results indicate that the optimal
portfolios obtained from the first and second hybrid performance
measures are unlike, which is similar to the phenomenon found
by Lv et al. (2020). Lv et al. (2020) found that the portfolios
containing INE crude oil futures performed best under volatility.
Conversely, the portfolios that added Brent crude oil futures
performed best in the return, Sharpe ratio, and Treynor ratio.
Thus, in the next step, we develop a composite asset selection

approach to solve the question of the inconsistent results from
these two performance measures.

Step 3: The asset selection is based on a composite asset
selection approach. From the rank orders in column ‘Rk3’ in
Table 4, we find that the optimal portfolios obtained from the
composite asset selection approach are Chinese yuan-ethereum
(ch-et) and bitcoin-ethereum (bi-et) because Rk3 ¼ 1 for these
portfolios. These results are unlike those obtained from the first
and second hybrid performance measures. Thus, we aren’t sure
these results are credible. Hence, in the next step, we utilize a final
performance comparison check to examine whether the results
obtained from this approach are convergent.

Step 4: The asset selection is based on the final performance
comparison check. From the rank orders in column ‘RK’ in Table
4, we find that the optimal portfolio obtained from this check is
ch-et because RK ¼ 1 for this portfolio. This result ‘ch-et’ is
consistent with the optimal portfolio based on the composite asset
selection approach, indicating that we can get a convergent result
through the composite asset selection approach. Hence, the
optimal portfolio for the composite asset selection approach is the
Chinese yuan-ethereum. Moreover, the weights in the Chinese
yuan and Ethereum are equal to 64.28% and 35.72%, respectively.

To sum up, the above inconsistent results from different
performance measures, such as return and volatility, are similar to
those found in the selection of an econometric model (Aziz et al.
2019; Paolella et al. 2021), asset (Lv et al. 2020; Ngene et al. 2018),

Fig. 3 Continued
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and capital allocation approach (Bodnar et al. 2017) in the
asset allocation procedure. In the problem of econometric model
selection, Aziz et al. (2019) found that, within 26 models, the
multivariate Asymmetric Dynamic Conditional Correlation with
the Normal (aDCC-MVT) model got the best performance based
on the return and Sharpe ratio, whereas the vector autoregressive
and generalized orthogonal GARCH with normal (VAR-GG-
MVN) model based on the risk. Paolella et al. (2021) found that
equal-weighted, CCC-GARCH with asymmetric normal inverse
Gaussian distribution (NIG-CCC), and CCC-GARCH with
symmetric Student-t distribution (Mt-CCC) models get the best
performance based on the return, volatility, and Sharpe ratio,
respectively. In the problem of asset selection, Ngene et al. (2018)
found that the portfolio including the Mauritius stock market gets
the best performance based on the return, whereas containing
Tunisia owns the best performance based on the volatility.

Notably, the reason for the inconsistent results from different
performance measures, such as return and risk, happening in the
asset allocation procedure is that most assets are dispersedly along
the upper-right direction on a risk-return space, as shown in Fig.
4. Owing to the above fact, the portfolios based on the return and
volatility performance measures are situated in the top-right and
bottom-left corners of a risk-return space. Thus, the distance
between these two optimal portfolios is very far in this risk-return
space. This results in seriously inconsistent results from the
return and volatility performance measures. This also indicates
that high return is always accompanied by high risk.

In addition, the results for the pre-COVID-19 period will be
used to test Hypothesis 1 in the second question of this study.
Additionally, Fig. 4 also depicts the distribution of 21 portfolios,
including the top 3 portfolios in performance obtained by the
composite asset selection approach: ch-et [1], bi-et [1; R), ch-bi

[2; CV), go-bi [3; RV), and Chinese yuan-Litecoin (ch-li) [3].
Notably, the ch-et, bi-et, ch-bi, and ch-li are located at the upper-
right side of Fig. 4, whereas the go-bi is at the bottom-left corner.
Moreover, the bi-et and ch-bi are also the optimal portfolios
based on the return and CV measures, respectively. However, the
go-bi is also the optimal portfolio based on the RV measure.

Finally, I explored, for the pre-COVID-19 sub-period, which
assets to be included in a portfolio can get a better (or worse)
performance. As shown by the rank orders in column ‘Rk3’ in
Table 4, the first two best-performing portfolios are ch-et [1] and
bi-et [1], whereas the last two worst-performing portfolios are wt-
li [16] and wt-eu [17]. Notably, the Ethereum and WTI assets
simultaneously appear twice in the first two best-performance
portfolios and the last two worst-performance portfolios,
respectively. This result indicates that, during the pre-COVID-
19 period, adding Ethereum and WTI to a portfolio can get better
and worse portfolio performance, respectively. The above results
for the pre-COVID-19 period will be used to test Hypothesis 2 in
the second question of this study.

The implementation of asset allocation for the COVID-
19 period
The selection of capital allocation approaches based on the mini-
mum variance strategy. In this section, we follow the asset
selection procedure in Fig. 1 and imitate the process of the
implementation of asset allocation in the previous subsection to
execute the performance comparison of 21 MVPs based on the
return, volatility, RV, and CV measures, as well as a composite
asset selection approach. The obtained results are compared with
those for the pre-COVID-19 period to examine the impact of the
COVID-19 pandemic on asset allocation performance. Firstly, we
use the data in Table 5 to explore, during the COVID-19 period,

Table 4 The performance comparison of MVPs of 21 bi-asset portfolios based on the CWI approach for the pre-COVID-19 period.

Step 1 Step 2 Step 3 Step 4

w1 σP(Rv) rP(Rr) RV Rk1 CV Rk2 d s SUM Rk3 ΣRki RK

wt-go 0.086 0.8144(7) 0.0305(12) 19 2 26.70 11 9 13 22 7 20 7
wt-ch 0.832 2.3721(13) 0.0184(14) 27 9 128.9 15 6 24 30 11 35 12
wt-eu 0.025 0.4737(2) 0.0010(21) 23 6 473.7 21 15 27 42 17 44 15
wt-bi 0.781 2.3065(12) 0.0512(7) 19 2 45.04 12 10 14 24 8 22 8
wt-et 0.907 2.4916(15) 0.0235(13) 28 10 106.0 14 4 24 28 10 34 11
wt-li 0.879 2.4528(14) 0.0085(15) 29 11 288.5 20 9 31 40 16 47 16
go-ch 0.979 0.8372(8) 0.0391(9) 17 1 21.41 8 7 9 16 5 14 4
go-eu 0.086 0.4718(1) 0.0045(16) 17 1 104.8 13 12 14 26 9 23 9
go-bi 0.981 0.8418(9) 0.0406(8) 17 1 20.73 6 5 7 12 3 10 3
go-et 0.997 0.8460(11) 0.0364(11) 22 5 23.24 10 5 15 22 7 22 8
go-li 0.988 0.8434(10) 0.0375(10) 20 3 22.49 9 6 12 18 6 18 6
ch-eu 0.006 0.4786(4) 0.0029(17) 21 4 165.0 16 12 20 32 12 32 10
ch-bi 0.408 3.7567(16) 0.2719(5) 21 4 13.81 1 3 5 8 2 7 2
ch-et 0.642 4.6523(18) 0.3037(2) 20 3 15.31 2 1 5 6 1 6 1
ch-li 0.577 4.4440(17) 0.2205(6) 23 6 20.15 5 1 11 12 3 14 4
eu-bi 0.996 0.4785(3) 0.0026(18) 21 4 184.0 17 13 21 34 13 34 11
eu-et 0.999 0.4797(5) 0.0018(20) 25 8 266.5 19 11 27 38 15 42 14
eu-li 0.997 0.4801(6) 0.0022(19) 25 8 218.2 18 10 26 36 14 40 13
bi-et 0.886 5.1364(19) 0.3278(1) 20 3 15.66 3 0 6 6 1 7 2
bi-li 0.869 5.1457(20) 0.2996(4) 24 7 17.17 4 3 11 14 4 15 5
et-li 0.326 6.4675(21) 0.3033(3) 24 7 21.32 7 0 14 14 4 18 6

1. The numbers in columns ‘w1’, ‘σP’, and ‘rP’ are summarized from the numbers in the row ‘CWI’ in Table 3 based on the same column. 2. CV denotes the risk per unit return and is obtained by the value of
‘σP’ divided by the value of ‘rP’. 3. The number in the bracket ‘()’ beside the value of ‘σP’ (‘rP’) denotes the rank order according to all the values in column ‘σP’ (‘rP’) from the smallest (greatest) to the
greatest (smallest). 4. The numbers in column ‘RV’ are the summation of two rank orders for ‘σP’ and ‘rP’ with the same row. The numbers in columns ‘Rk1’ and ‘Rk2’ are the rank orders, respectively,
according to all the values in columns ‘RV’ and ‘CV’ from the smallest to the greatest. 6. The numbers in columns ‘d’ and ‘s’ denote ‘the difference in absolute value’ and ‘the summation’ of the orders for
‘Rk1’ and ‘Rk2’ with the same row, respectively. 7. The numbers in column ‘SUM’ are the summation of two numbers in columns ‘d’ and ‘s’ with the same row. 8. The numbers in column ‘Rk3’ are the rank
orders according to all the values in column ‘SUM’ from the smallest to the greatest. 9. The numbers in column ‘ΣRki’ are the summation of three numbers in columns ‘Rk1’, ‘Rk2’, and ‘Rk3’ with the same
row. 10. Bold font in columns ‘Rk1’, ‘Rk2’, and ‘Rk3’ denotes the first five smallest numbers within all numbers in columns ‘Rk1’, ‘Rk2’, and ‘Rk3’, respectively. 11. The number in column ‘RK’ denotes the rank
order according to all the values in column ‘ΣRki’ from the smallest to the greatest. Only the top 5 and last 2 rank orders are marked in bold and italic fonts, respectively.
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which capital allocation approach has the best weight forecast
performance of MVP among the four CAAs. Table 5 lists, during
the COVID-19 period, the results of weight forecasts of MVPs of
21 bi-asset portfolios obtained by four CAAs. In Table 5, the
volatility of MVP obtained from the CWI approach is the smallest
for all cases when the values of the volatility of MVPs for the four
CAA are compared. This indicates that, during the COVID-19

period, the CWI approach had the best weight forecast perfor-
mance on MVP among the four CAAs according to the minimum
volatility criterion. The above result is consistent with that found
in the pre-COVID-19 period, implying that the COVID-19
pandemic cannot influence the weight forecast performance of
MVP for the CWI approach. Further, the CWI approach pro-
posed by Su (2020) has a better MVP weight forecast

Fig. 4 The distribution of MVPs for all the 21 bi-asset portfolios during the pre-COVID-19 period. a All 21 bi-asset portfolios. b The enlarged part of the
bottom left of (a). 1. wt, go, ch, eu, bi, et, and li denote the abbreviations of WTI, gold, CHUS, USEU, Bitcoin, Ethereum, and Litecoin, respectively. 2. The
number inside the parentheses ‘[)’ or ‘[]’ beside a bi-asset portfolio denotes the rank orders of performance comparison within 21 portfolios based on
the composite asset selection approach. On the other hand, the symbols ‘R’, ‘V’, ‘RV’, and ‘CV’ beside the abovementioned number denote that this
portfolio is also the optimal portfolio based on the return, volatility, RV, and CV measures, respectively. 3. Figure (b) is the enlarged part of the bottom
left of Figure (a).
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performance than the MDWI approach of Kroner and Ng (1998),
which is popularly used in the literature on capital allocation.

The asset selection based on a composite asset selection approach.
Subsequently, we summarize the information of MVPs of 21 bi-
asset portfolios obtained by the CWI approach in Table 5 into the
left-hand side of Table 6 to select the optimal portfolio by using a
composite asset selection approach with two hybrid performance
measures. The obtained results are listed on the right-hand side of
Table 6. As reported in the rank orders in columns Rv, Rr, Rk1,
Rk2, Rk3, and RK in Table 6, we get the optimal portfolios based
on the volatility, return, RV, CV, composite asset selection
approach, and a final performance comparison check. The
obtained results are summarized in Fig. 6. Moreover, the 21
MVPs corresponding to the 21 bi-asset portfolios are plotted in a
risk-return space in Fig. 7 to aid the illustration of the asset
selection process. In Fig. 6, we follow the four steps in Fig. 1 to
illustrate the results of each step during the asset selection
process.

Step 1: The asset selection is based on basic performance
measures: return and volatility. We find that the wt-eu and wt-et
are the optimal portfolios based on the volatility and return
performance measures, respectively. These results are unlike
those found in the pre-COVID-19 period, such as the go-eu and
the bi-et for the volatility and return performance measures,
respectively. The wt-eu and wt-et are located on the bottom-left
and upper-right sides of Fig. 7, respectively. That is, investors also
must face the trade-off problem between return and risk found in
the previous subsection. Thus, in step 2, we utilize two hybrid
performance measures, RV and CV, to solve the trade-off
question between return and risk.

Step 2: The asset selection is based on hybrid performance
measures: RV and CV. We find that the eu-bi and wt-et are the
optimal portfolios based on the RV and CV measures,
respectively. These results are different from the results, the go-
ch, go-eu, and go-bi for the RV measure and the ch-bi for the CV

measure, found in the pre-COVID-19 period. Moreover, the eu-bi
for the RV measure and the wt-et for the CV measure aren’t the
same. That is, we again meet the question of the inconsistent
results obtained from different performance measures that
appeared in the pre-COVID-19 period. Thus, in step 3, we
utilize a composite asset selection approach to solve the above
inconsistent results and obtain the compromise result.

Step 3: The asset selection is based on a composite asset
selection approach. We find that the wt-et is the optimal portfolio
based on this approach. This result is different from the results
found in the pre-COVID-19 period, the ch-et and bi-et. Notably,
the wt-et is also the optimal portfolio based on the return and the
CV measures. However, we aren’t sure this result is credible.
Hence, in step 4, we utilize the final performance comparison
check to examine whether the result obtained from this approach
is convergent.

Step 4: The asset selection is based on the final performance
comparison check. We find that the wt-et is the optimal portfolio
based on the final performance comparison check. This result is
consistent with the optimal portfolio based on the composite asset
selection approach. These results indicate that we can get a
convergent result through the composite asset selection approach.
This conclusion is consistent with that in the pre-COVID-19
period, indicating that the result of ‘the composite asset selection
approach can get a convergent result in asset allocation’ is robust,
and the results found from this approach are credible. Hence, the
optimal portfolio for the composite asset selection approach is the
wt-et (WTI-Ethereum). Moreover, the weights in the WTI and
Ethereum are equal to 45.8% and 54.2%, respectively.

To sum up, based on the composite asset selection approach
and each performance measure, the return, volatility, RV, and
CV, the obtained optimal portfolios for the pre-COVID-19 and
COVID-19 periods are all different. This implies that Hypothesis
1 in the second question of this study is not rejected. In addition,
Fig. 7 also depicts the distribution of 21 portfolios where wt-et [1;
R, CV), wt-bi [2], bi-li [2], and ch-bi [3] are the top 3 portfolios in
performance obtained by the composite asset selection approach.
The top 3 portfolios are located on the upper-right side of Fig. 7.
Moreover, wt-et is also the optimal portfolio based on the return
and CV performance measures.

In addition, we use the rank orders in column ‘Rk3’ in Table 6
to investigate which assets to be included in a portfolio can get a
better (or worse) performance during the COVID-19 period. As
shown by the rank orders in column ‘Rk3’, the first two best-
performing portfolios are wt-et [1], wt-bi [2], and bi-li [2],
whereas the last two worst-performing portfolios are wt-go [17]
and go-li [18]. Notably, the WTI and Bitcoin assets simulta-
neously appear twice in the first two best-performing portfolios.
Conversely, the gold asset simultaneously appears in the last two
worst-performing portfolios. This result implies that, during the
COVID-19 period, adding WTI and Bitcoin to a portfolio can get
better performance. Conversely, including gold in a portfolio can
result in worse performance. These results are different from
those found in the pre-COVID-19 period. That is, to get a better
(or worse) performance, the assets added to the portfolio for the
pre-COVID-19 and COVID-19 periods are different. This implies
that Hypothesis 2 in the second question of this study isn’t
rejected. Because Hypothesis 1 and Hypothesis 2 in the second
question of this study aren’t rejected, the asset allocation
performance in the commodity, cryptocurrency, and currency
markets is different in the pre-COVID-19 and COVID-19
periods.

Thus, the COVID-19 pandemic impacted the asset allocation
performance in the above three markets. The reason for the above
finding may be that, to rescue the weakened economy during this
crisis period, fiscal and monetary stimulus packages were
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Fig. 5 The flow chart of asset selection within the 21 bi-asset portfolios
during the pre-COVID-19 period.
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implemented and increased the asset allocation performance in
this period, as reported by the CV values in Table 6 for the
COVID-19 period, smaller than those in Table 4 for the pre-
COVID-19 period for most cases. This indicates that fiscal and
monetary stimulus packages from the COVID-19 pandemic
significantly improved the asset allocation performance in the
above three markets. This result is similar to that in Akhtaruzza-
man et al. (2021). Akhtaruzzaman et al. (2021) calculated the
optimal weight of gold in a minimum variance portfolio
composed of gold with a stock index, WTI crude oil, or exchange
rate and found that the optimal weights of gold in S&P 500, Euro
Stoxx 50, Nikkei 225, China FTSE A50 stock indices, and WTI
crude oil portfolios significantly increased during Phase II of the
COVID-19 pandemic crisis (March 17–April 24, 2020). This
indicates that investors increased the optimal weights of gold as a
“flight-to-safety asset” during the crisis period, and the COVID-
19 pandemic significantly changed or impacted the optimal
portfolio structure in asset allocation.

Robustness analysis. In the previous subsections “The imple-
mentation of asset allocation for the pre-COVID-19 period” and

“The implementation of asset allocation for the COVID-19 per-
iod”, the pre-COVID-19 period started from August 12, 2015, to
March 11, 2020, whereas the COVID-19 period began from
March 12, 2020, to July 30, 2021. The sample size of the pre-
COVID-19 period is far greater than that of the COVID-19
period. Then, to keep the sample size of the pre-COVID-19 and
COVID-19 periods the same, in this subsection, we regulate the
pre-COVID-19 period starting from one year before 2020/3/11
and the COVID-19 period ending one year after 2020/3/11 to
investigate the same topics or two questions addressed in this
study. If the results are similar to those found in the previous
subsections, then the model is deemed stable. Or, the results
found in the subsections “The implementation of asset allocation
for the pre-COVID-19 period” and “The implementation of
asset allocation for the COVID-19 period” are robust.

Which capital allocation approach has the best weight forecast
performance?. Tables 7 and 8 list the results of weight forecasts of
MVPs of 21 bi-asset portfolios obtained by four CAAs in the pre-
COVID-19 and COVID-19 periods, respectively. In Tables
7 and 8, the volatility of MVP obtained from the CWI approach is
the smallest for all cases when the values of the volatility of MVPs

Table 5 The weights forecast of MVPs of 21 bi-asset portfolios for alternative CAAs during the COVID-19 period.

σp rp wp σp rp wp σp rp wp

wt-go wt-ch wt-eu

CW 1.1845 0.0302 0.0 4.5407 0.1506 0.3 0.4445 0.0156 0.0
CWI 1.1754 0.0338 0.017 4.5407 0.1506 0.300 0.4441 0.0161 0.002
MDWI 1.6136 0.0613 0.149 6.0094 0.2007 0.696 0.4586 0.0192 0.016
DWI 1.2935 0.0472 0.082 6.2633 0.2055 0.734 0.4533 0.0186 0.013

wt-bi wt-et wt-li
CW 4.6335 0.4114 0.3 5.6912 0.4942 0.5 5.4548 0.2878 0.4
CWI 4.6332 0.4127 0.295 5.6723 0.5152 0.459 5.4479 0.2858 0.425
MDWI 5.8665 0.3219 0.664 6.6258 0.3600 0.763 6.5083 0.2592 0.752
DWI 6.7643 0.2883 0.799 7.0296 0.3270 0.828 6.9345 0.2537 0.819

go-ch go-eu go-bi
CW 1.1878 0.0302 1.0 0.4451 0.0156 0.0 1.1849 0.0302 1.0
CWI 1.1618 0.0338 0.955 0.4450 0.0157 0.009 1.1821 0.0370 0.985
MDWI 1.1618 0.0339 0.954 0.4451 0.0156 0.002 1.1821 0.0378 0.983
DWI 1.1636 0.0329 0.967 0.4460 0.0161 0.036 1.1858 0.0449 0.968

go-et go-li ch-eu
CW 1.1779 0.0302 1.0 1.1834 0.0302 1.0 0.4468 0.0156 0.0
CWI 1.1762 0.0361 0.992 1.1803 0.0337 0.988 0.4456 0.0162 0.006
MDWI 1.1771 0.0405 0.986 1.1807 0.0351 0.983 0.4456 0.0162 0.006
DWI 1.1767 0.0393 0.987 1.1848 0.0379 0.973 0.4456 0.0161 0.005

ch-bi ch-et ch-li
CW 3.8889 0.2990 0.5 4.4486 0.3037 0.7 4.3652 0.1958 0.6
CWI 3.8889 0.2986 0.501 4.4372 0.3254 0.666 4.3536 0.1884 0.636
MDWI 3.9115 0.3192 0.446 4.4644 0.3588 0.613 4.3647 0.1956 0.601
DWI 3.9505 0.2645 0.592 4.4513 0.3494 0.628 4.3536 0.1885 0.635

eu-bi eu-et eu-li
CW 0.4454 0.0156 1.0 0.4453 0.0156 1.0 0.4462 0.0156 1.0
CWI 0.4448 0.0176 0.996 0.4453 0.0157 0.999 0.4455 0.0167 0.997
MDWI 0.4448 0.0178 0.995 0.4454 0.0155 1.000 0.4456 0.0168 0.996
DWI 0.4449 0.0181 0.995 0.4458 0.0138 1.002 0.4457 0.0161 0.998

bi-et bi-li et-li
CW 0.4454 0.0156 1.0 0.4453 0.0156 1.0 7.3121 0.4062 0.2
CWI 0.4448 0.0176 0.996 0.4453 0.0157 0.999 7.3116 0.4140 0.218
MDWI 0.4448 0.0178 0.995 0.4454 0.0155 1.000 7.3142 0.3959 0.176
DWI 0.4449 0.0181 0.995 0.4458 0.0138 1.002 7.4660 0.5553 0.548

1. The CW denotes the constant weight. Moreover, CWI and DWI represent the constant weight for the In-sample period and dynamic weight for the in-sample period, respectively. In addition, MDWI
denotes the Mean of DWI. The CW, CWI, DWI, and MDWI, the four capital allocation approaches, are used to get the weights of the MVP for alternative bi-asset portfolios. 2. ‘wt’ and ‘go’, respectively,
denote the WTI and gold in the commodity market. On the other hand, ‘ch’ and ‘eu’, respectively, represent the Chinese yuan (CHUS) and euro (USEU) in the exchange rate market. In addition, ‘bi’, ‘et’,
and ‘li’, respectively, denote Bitcoin, Ethereum, and Litecoin in the cryptocurrency market. 3. ‘w1 ’ denotes the weight of the first component asset for a bi-asset portfolio, whereas rP and σP denote the
mean return and mean volatility of a bi-asset portfolio for the in-sample period, respectively. 4. Italic font in column ‘σP ’ at the rows ‘CW’, ‘CWI’, ‘MDWI’, and ‘DWI’ denotes the lowest volatility among
the values of the volatility of MVPs for the four CAA.
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for the four CAA are compared. This indicates that, during the
pre-COVID-19 and COVID-19 periods, the CWI approach had
the best weight forecast performance on MVP among the four
CAAs according to the minimum volatility criterion. Certainly,
the CWI approach proposed by Su (2020) has a better MVP

weight forecast performance than the MDWI approach of Kroner
and Ng (1998), and the COVID-19 pandemic cannot influence
the weight forecast performance of MVP for the CWI approach.
The above results answer the first question of this study.

Is the asset allocation performance in the pre-COVID-19 and
COVID-19 periods different?. Subsequently, we summarize the
information of MVPs of 21 bi-asset portfolios obtained by the
CWI approach in Table 7 (Table 8) into the left-hand side of
Table 9 (Table 10) to select the optimal portfolio by using a
composite asset selection approach with two hybrid performance
measures according to the procedure in Fig. 1. The obtained
results are listed on the right-hand side of Tables 9 and 10. As
reported in the rank orders in columns Rv, Rr, Rk1, Rk2, Rk3, and
RK in Table 9 (Table 10), we get the optimal portfolios based on
the volatility, return, RV, CV, composite asset selection approach,
and a final performance comparison check and the obtained
results are also summarized in Fig. 8 (Fig. 9).

Step 1: The asset selection is based on basic performance
measures: return and volatility. As reported in the rank orders in
columns Rv and Rr in Tables 9 and 10, we find that, during the
pre-COVID-19 period, the wt-eu and bi-et are the optimal
portfolios based on the volatility and return performance
measures, respectively. Moreover, the wt-eu for the volatility
measure and the bi-et for the return measure are not the same. In
the COVID-19 period, the go-eu and bi-et are the optimal
portfolios based on the volatility and return performance
measures, respectively. Furthermore, the go-eu for the volatility
measure and the bi-et for the return measure are not the same.
Notably, the optimal portfolios for the volatility measure in the
pre-COVID-19 and COVID-19 periods are unlike because those
are the wt-eu for the pre-COVID-19 period and the go-eu for the
COVID-19 period.

Step 2: The asset selection is based on hybrid performance
measures: RV and CV. As reported in the rank orders in columns

Table 6 The performance comparison of MVPs of 21 bi-asset portfolios based on the CWI approach during the COVID-19 period.

Step 1 Step 2 Step 3 Step 4

w1 σP(Rv) rP(Rr) RV Rk1 CV Rk2 d s SUM Rk3 ΣRki RK

wt-go 0.017 1.1754(8) 0.0338(13) 21 4 34.775 20 16 24 40 17 41 18
wt-ch 0.300 4.5407(15) 0.1506(10) 25 8 30.150 16 8 24 32 13 37 16
wt-eu 0.002 0.4441(1) 0.0161(18) 19 2 27.583 13 11 15 26 10 25 11
wt-bi 0.294 4.6332(16) 0.4127(5) 21 4 11.226 2 2 6 8 2 8 2
wt-et 0.458 5.6723(18) 0.5152(1) 19 2 11.009 1 1 3 4 1 4 1
wt-li 0.425 5.4479(17) 0.2858(8) 25 8 19.061 8 0 16 16 5 21 9
go-ch 0.955 1.1618(7) 0.0338(13) 20 3 34.372 19 16 22 38 16 38 17
go-eu 0.008 0.4450(3) 0.0157(19) 22 5 28.343 14 9 19 28 11 30 13
go-bi 0.984 1.1821(11) 0.0370(11) 22 5 31.948 17 12 22 34 14 36 15
go-et 0.991 1.1762(9) 0.0361(12) 21 4 32.581 18 14 22 36 15 37 16
go-li 0.987 1.1803(10) 0.0337(14) 24 7 35.023 21 14 28 42 18 46 19
ch-eu 0.005 0.4456(6) 0.0162(17) 23 6 27.506 12 6 18 24 9 27 12
ch-bi 0.501 3.8889(12) 0.2986(7) 19 2 13.023 5 3 7 10 3 10 4
ch-et 0.665 4.4372(14) 0.3254(6) 20 3 13.636 6 3 9 12 4 13 5
ch-li 0.635 4.3536(13) 0.1884(9) 22 5 23.108 9 4 14 18 6 20 8
eu-bi 0.995 0.4448(2) 0.0176(15) 17 1 25.272 10 9 11 20 7 18 7
eu-et 0.999 0.4453(4) 0.0157(19) 23 6 28.363 15 9 21 30 12 33 14
eu-li 0.996 0.4455(5) 0.0167(16) 21 4 26.676 11 7 15 22 8 23 10
bi-et 1.076 5.9574(20) 0.4651(3) 23 6 12.808 4 2 10 12 4 14 6
bi-li 0.978 5.8757(19) 0.4818(2) 21 4 12.195 3 1 7 8 2 9 3
et-li 0.218 7.3116(21) 0.4140(4) 25 8 17.660 7 1 15 16 5 20 8

1. The numbers in columns ‘w1’, ‘σP’, and ‘rP’ are summarized from the numbers in the row ‘CWI’ in Table 5 based on the same column. 2. CV denotes the risk per unit return and is obtained by the value of
‘σP’ divided by the value of ‘rP’. 3. The number in the bracket ‘()’ beside the value of ‘σP’ (‘rP’) denotes the rank order according to all the values in column ‘σP’ (‘rP’) from the smallest (greatest) to the
greatest (smallest). 4. The numbers in column ‘RV’ are the summation of two rank orders for ‘σP’ and ‘rP’ with the same row. The numbers in columns ‘Rk1’ and ‘Rk2’ are the rank orders, respectively,
according to all the values in columns ‘RV’ and ‘CV’ from the smallest to the greatest. 6. The numbers in columns ‘d’ and ‘s’ denote ‘the difference in absolute value’ and ‘the summation’ of the orders for
‘Rk1’ and ‘Rk2’ with the same row, respectively. 7. The numbers in column ‘SUM’ are the summation of two numbers in columns ‘d’ and ‘s’ with the same row. 8. The numbers in column ‘Rk3’ are the rank
orders according to all the values in column ‘SUM’ from the smallest to the greatest. 9. The numbers in column ‘ΣRki’ are the summation of three numbers in columns ‘Rk1’, ‘Rk2’, and ‘Rk3’ with the same
row. 10. Bold font in columns ‘Rk1’, ‘Rk2’, and ‘Rk3’ denotes the first five smallest numbers within all numbers in columns ‘Rk1’, ‘Rk2’, and ‘Rk3’, respectively. 11. The number in column ‘RK’ denotes the rank
order according to all the values in column ‘ΣRki’ from the smallest to the greatest. Only the top 5 and last 2 rank orders are marked in bold and italic fonts, respectively.
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Fig. 6 The flow chart of asset selection within the 21 bi-asset portfolios
during the COVID-19 period.
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Rk1 and Rk2 in Tables 9 and 10, we find that, during the pre-
COVID-19 period, the eu-li and go-bi are the optimal portfolios
based on the RV and CV measures, respectively. Moreover, the
eu-li for the RV measure and the go-bi for the CV measure are not
the same. In the COVID-19 period, the eu-bi and wt-bi are the
optimal portfolios based on the RV and CV measures,
respectively. Furthermore, the eu-bi for the RV measure and the

wt-bi for the CV measure are not the same. Notably, the optimal
portfolios for the RV (CV) measure in the pre-COVID-19 and
COVID-19 periods are dissimilar because those are the eu-li (go-
bi) for the pre-COVID-19 period and the eu-bi (wt-bi) for the
COVID-19 period.

Step 3: The asset selection is based on a composite asset
selection approach. As reported in the rank orders in column Rk3

Fig. 7 The distribution of MVPs for all the 21 bi-asset portfolios during the COVID-19 period. a All 21 bi-asset portfolios. b The enlarged part of the
bottom left of (a). 1. wt, go, ch, eu, bi, et, and li denote the abbreviations of WTI, gold, CHUS, USEU, Bitcoin, Ethereum, and Litecoin, respectively. 2. The
number inside the parentheses ‘[)’ or ‘[]’ beside a bi-asset portfolio denotes the rank orders of performance comparison within 21 portfolios based on the
composite asset selection approach. On the other hand, the symbols ‘R’, ‘V’, ‘RV’, and ‘CV’ beside the abovementioned number denote that this portfolio is
also the optimal portfolio based on the return, volatility, RV, and CV measures, respectively. 3. Figure (b) is the enlarged part of the bottom left of Figure
(a).
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in Tables 9 and 10, we find that the go-bi and wt-bi are the
optimal portfolios based on this approach during the pre-
COVID-19 and COVID-19 periods, respectively. Hence, the
optimal portfolios for this approach in the pre-COVID-19 and
COVID-19 periods are different. The go-bi (wt-bi) is also the
optimal portfolio based on the CV measure in the pre-COVID-19
(COVID-19) period. However, we aren’t sure this result is
credible. Hence, in step 4, we utilize the final performance
comparison check to examine whether the result obtained from
this approach is convergent.

Step 4: The asset selection is based on the final performance
comparison check. As reported in the rank orders in column RK
in Tables 9 and 10, we find that the go-bi and wt-bi are the
optimal portfolios based on the final performance comparison
check in the pre-COVID-19 and COVID-19 periods, respectively.
Hence, the optimal portfolios for this approach in the pre-COVID-
19 and COVID-19 periods are unlike. The go-bi (wt-bi) is
consistent with the optimal portfolio based on the CV measure
and the composite asset selection approach in the pre-COVID-19
(COVID-19) period. These results indicate that we can get a

convergent result through the composite asset selection approach
in these two periods.

Hence, the optimal portfolio for the composite asset selection
approach in the pre-COVID-19 and COVID-19 periods is the go-
bi and wt-bi, respectively. Thus, in the pre-COVID-19 period, we
allocated 98.7% and 1.3% of capital, respectively, into gold and
bitcoin to construct an optimal bi-asset portfolio, whereas 23.9%
and 76.1% of capital, respectively, into WTI and bitcoin in the
COVID-19 period. Moreover, based on the composite asset
selection approach and each performance measure, the return,
volatility, RV, and CV, the obtained optimal portfolios for the
pre-COVID-19 and COVID-19 periods are different, except for
the return measure. This implies that Hypothesis 1 in the second
question of this study isn’t rejected.

In addition, we use the rank orders in column ‘Rk3’ in Tables
9 and 10 to investigate which assets to be included in a portfolio
can get a better (or worse) performance during the pre-COVID-
19 and COVID-19 periods. In Table 9, we find that the first two
best-performing portfolios are go-bi [1], go-ch [2], and go-li [2],
whereas the last two worst-performing portfolios are go-eu [16]

Table 7 The weights forecast of MVPs of 21 bi-asset portfolios for alternative CAAs during the pre-COVID-19 period starting
from one year before 2020/3/11.

σp rp w1 σp rp w1 σp rp w1

wt-go wt-ch wt-eu

CW 0.7744 0.0589 0.100 2.3349 −0.2970 0.800 0.3342 −0.0033 0.000
CWI 0.7714 0.0662 0.075 2.3344 −0.3009 0.791 0.3330 −0.0055 0.010
MDWI 0.7741 0.0592 0.099 2.3365 −0.2931 0.808 0.3330 −0.0055 0.011
DWI 0.7924 0.0858 0.008 4.3048 −0.5915 0.161 0.3330 −0.0059 0.013

wt-bi wt-et wt-li
CW 2.3054 −0.1065 0.800 2.4545 −0.1364 0.800 2.4603 −0.1818 0.900
CWI 2.2968 −0.0880 0.762 2.4367 −0.1523 0.846 2.4394 −0.1704 0.850
MDWI 2.2971 −0.0914 0.769 2.4394 −0.1585 0.864 2.4419 −0.1744 0.867
DWI 3.7390 0.1863 0.203 3.9607 0.0155 0.355 3.9359 −0.0608 0.374

go-ch go-eu go-bi
CW 0.7939 0.0882 1.000 0.3472 −0.0033 0.000 0.7957 0.0882 1.000
CWI 0.7838 0.0698 0.975 0.3472 −0.0035 −0.002 0.7935 0.0908 0.987
MDWI 0.7839 0.0679 0.973 0.3472 −0.0038 −0.006 0.7937 0.0915 0.983
DWI 0.7937 0.0515 0.951 0.3574 0.0069 0.112 0.7940 0.0920 0.981

go-et go-li ch-eu
CW 0.7985 0.0882 1.000 0.7962 0.0882 1.000 0.3344 −0.0033 0.000
CWI 0.7982 0.0884 0.996 0.7934 0.0875 0.988 0.3339 −0.0057 0.003
MDWI 0.7982 0.0884 0.996 0.7934 0.0875 0.987 0.3339 −0.0058 0.003
DWI 0.7991 0.0881 1.002 0.7968 0.0883 1.001 0.3345 −0.0082 0.007

ch-bi ch-et ch-li
CW 3.5047 −0.0944 0.400 3.8925 −0.3446 0.600 3.9331 −0.3894 0.600
CWI 3.4890 −0.1410 0.448 3.8876 −0.3244 0.574 3.9309 −0.3780 0.583
MDWI 3.4920 −0.1207 0.427 3.8877 −0.3211 0.570 3.9309 −0.3784 0.584
DWI 3.6371 −0.2856 0.600 4.1251 −0.4669 0.752 4.1534 −0.4963 0.754

eu-bi eu-et eu-li
CW 0.3350 −0.0033 1.000 0.3345 −0.0033 1.000 0.3334 −0.0033 1.000
CWI 0.3350 −0.0035 1.000 0.3341 −0.0036 1.002 0.3334 −0.0032 0.999
MDWI 0.3351 −0.0038 1.001 0.3341 −0.0037 1.003 0.3334 −0.0032 0.999
DWI 0.3376 −0.0061 1.009 0.3344 −0.0033 1.000 0.3359 −0.0034 1.006

bi-et bi-li et-li
CW 4.9052 0.2566 0.800 4.9112 0.2342 0.800 5.6142 0.1036 0.700
CWI 4.9026 0.2633 0.844 4.9073 0.2467 0.847 5.6142 0.1034 0.698
MDWI 4.9212 0.2814 0.966 4.9790 0.3005 1.053 5.6252 0.1146 0.798
DWI 5.4614 0.3654 1.528 5.3405 0.3813 1.363 5.6549 0.0817 0.505

1. The CW denotes the constant weight. Moreover, CWI and DWI represent the constant weight for the In-sample period and dynamic weight for the in-sample period, respectively. In addition, MDWI
denotes the Mean of DWI. The CW, CWI, DWI, and MDWI, the four capital allocation approaches, are used to get the weights of the MVP for alternative bi-asset portfolios. 2. ‘wt’ and ‘go’, respectively,
denote the WTI and gold in the commodity market. On the other hand, ‘ch’ and ‘eu’, respectively, represent the Chinese yuan (CHUS) and euro (USEU) in the exchange rate market. In addition, ‘bi’, ‘et’,
and ‘li’, respectively, denote Bitcoin, Ethereum, and Litecoin in the cryptocurrency market. 3. ‘w1 ’ denotes the weight of the first component asset for a bi-asset portfolio, whereas rP and σP denote the
mean return and mean volatility of a bi-asset portfolio for the in-sample period, respectively. 4. Italic font in column ‘σP ’ at the rows ‘CW’, ‘CWI’, ‘MDWI’, and ‘DWI’ denotes the lowest volatility among
the values of the volatility of MVPs for the four CAA.
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and eu-li [17]. Notably, gold (euro) simultaneously appears in the
first two best-performing (the last two worst-performing)
portfolios, indicating that, during the pre-COVID-19 period,
adding gold (euros) to a portfolio can result in better (worse)
performance. Conversely, during the COVID-19 period, adding
bitcoin (gold) to a portfolio can get better (worse) performance.
The reasons are that, in Table 10, the first two best-performing
portfolios are wt-bi [1], ch-bi [2], and bi-li [2], whereas the last
two worst-performing portfolios are go-li [18] and wt-go [19].
Moreover, bitcoin (gold) simultaneously appears in the first two
best-performing (the last two worst-performing) portfolios. Thus,
to get a better (or worse) performance, the assets added to the
portfolio for the pre-COVID-19 and COVID-19 periods are
different. This implies that Hypothesis 2 in the second question of
this study is not rejected. Because Hypothesis 1 and Hypothesis 2
in the second question of this study are not rejected, the asset
allocation performance in the commodity, cryptocurrency, and
currency markets is different in the pre-COVID-19 and COVID-
19 periods. Thus, the COVID-19 pandemic impacted the
asset allocation performance in the above three markets. The
above results answer the second question of this study.

To sum up, irrespective of the first or second question investigated
in this study, we get the same conclusions in this subsection as
compared with subsections “The implementation of asset allocation
for the pre-COVID-19 period” and “The implementation of
asset allocation for the COVID-19 period”. Hence, the model applied
in this study is deemed stable. Or, the results found in the subsections
“The implementation of asset allocation for the pre-COVID-19
period” and “The implementation of asset allocation for the COVID-
19 period” are robust.

Conclusion and discussion
This work proposes a composite asset selection approach with
two hybrid performance measures to implement the
asset allocation based on the minimum variance optimal strategy
in the commodity, currency, and cryptocurrency markets for the
pre-COVID-19 and COVID-19 periods. We use the results to
investigate does the COVID-19 pandemic influences allocation
performance in the above three markets.

The empirical results can be outlined below. Firstly, for the pre-
COVID-19 and COVID-19 periods, the weights forecast

Table 8 The weights forecast of MVPs of 21 bi-asset portfolios for alternative CAAs during the COVID-19 period ending to one
year after 2020/3/11.

σp rp w1 σp rp w1 σp rp w1

wt-go wt-ch wt-eu

CW 1.2570 0.0123 0.000 4.8782 0.2277 0.300 0.4614 0.0172 0.000
CWI 1.2487 0.0159 0.015 4.8617 0.2268 0.263 0.4610 0.0177 0.002
MDWI 1.7682 0.0465 0.145 6.5434 0.2373 0.659 0.4759 0.0205 0.014
DWI 1.2679 0.0212 0.038 6.1751 0.2359 0.607 0.4628 0.0167 -0.002

wt-bi wt-et wt-li
CW 4.8373 0.6828 0.200 5.9582 0.6326 0.400 5.5894 0.4614 0.300
CWI 4.8183 0.6611 0.239 5.9562 0.6407 0.387 5.5702 0.4491 0.339
MDWI 6.2456 0.4592 0.609 7.1505 0.4303 0.714 6.9645 0.3387 0.699
DWI 5.9174 0.4865 0.559 6.9407 0.4512 0.681 6.8040 0.3459 0.675

go-ch go-eu go-bi
CW 1.2613 0.0123 1.000 0.4610 0.0172 0.000 1.2579 0.0123 1.000
CWI 1.2327 0.0219 0.953 0.4607 0.0171 0.014 1.2566 0.0207 0.989
MDWI 1.2328 0.0223 0.952 0.4607 0.0172 0.008 1.2566 0.0215 0.988
DWI 1.2379 0.0178 0.973 0.4659 0.0168 0.073 1.2566 0.0200 0.990

go-et go-li ch-eu
CW 1.2501 0.0123 1.000 1.2561 0.0123 1.000 0.4642 0.0172 0.000
CWI 1.2486 0.0195 0.991 1.2540 0.0182 0.989 0.4630 0.0184 0.005
MDWI 1.2500 0.0264 0.983 1.2547 0.0213 0.983 0.4630 0.0185 0.006
DWI 1.2486 0.0210 0.990 1.2578 0.0260 0.974 0.4630 0.0184 0.006

ch-bi ch-et ch-li
CW 3.9679 0.5058 0.500 4.5583 0.4879 0.600 4.3803 0.3533 0.600
CWI 3.9649 0.5173 0.479 4.5429 0.4612 0.639 4.3799 0.3557 0.592
MDWI 4.0017 0.5572 0.410 4.5783 0.5016 0.579 4.3885 0.3662 0.561
DWI 3.9755 0.5387 0.442 4.5861 0.5059 0.573 4.3848 0.3636 0.569

eu-bi eu-et eu-li
CW 0.4625 0.0172 1.000 0.4622 0.0172 1.000 0.4636 0.0172 1.000
CWI 0.4615 0.0215 0.994 0.4622 0.0176 0.999 0.4626 0.0196 0.995
MDWI 0.4616 0.0220 0.993 0.4622 0.0174 0.999 0.4626 0.0197 0.995
DWI 0.4616 0.0226 0.993 0.4623 0.0163 1.001 0.4627 0.0201 0.994

bi-et bi-li et-li
CW 5.9681 0.7821 1.100 5.8784 0.7681 0.900 6.9962 0.5872 0.100
CWI 5.9681 0.7824 1.097 5.8784 0.7684 0.901 6.9951 0.5964 0.127
MDWI 5.9773 0.7752 1.170 5.9421 0.8213 1.123 6.9989 0.5792 0.076
DWI 5.9922 0.7940 0.978 5.8891 0.7900 0.991 7.2214 0.7306 0.526

1. The CW denotes the constant weight. Moreover, CWI and DWI represent the constant weight for the In-sample period and dynamic weight for the in-sample period, respectively. In addition, MDWI
denotes the Mean of DWI. The CW, CWI, DWI, and MDWI, the four capital allocation approaches, are used to get the weights of the MVP for alternative bi-asset portfolios. 2. ‘wt’ and ‘go’, respectively,
denote the WTI and gold in the commodity market. On the other hand, ‘ch’ and ‘eu’, respectively, represent the Chinese yuan (CHUS) and euro (USEU) in the exchange rate market. In addition, ‘bi’, ‘et’,
and ‘li’, respectively, denote Bitcoin, Ethereum, and Litecoin in the cryptocurrency market. 3. ‘w1 ’ denotes the weight of the first component asset for a bi-asset portfolio, whereas rP and σP denote the
mean return and mean volatility of a bi-asset portfolio for the in-sample period, respectively. 4. Italic font in column ‘σP ’ at the rows ‘CW’, ‘CWI’, ‘MDWI’, and ‘DWI’ denotes the lowest volatility among
the values of the volatility of MVPs for the four CAA.
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Table 9 The performance comparison of MVPs of 21 bi-asset portfolios based on the CWI approach during the pre-COVID-19
period starting from one year before 2020/3/11.

Step 1 Step 2 Step 3 Step 4

w1 σP(Rv) rP(Rr) RV Rk1 CV Rk2 d s SUM Rk3 ΣRki RK

wt-go 0.075 0.7714(7) 0.0662(8) 15 4 11.65 5 1 9 10 3 12 4
wt-ch 0.791 2.3344(13) −0.3009(18) 31 11 −7.75 9 2 20 22 7 27 8
wt-eu 0.010 0.3330(1) −0.0055(12) 13 2 −60.54 17 15 19 34 13 32 9
wt-bi 0.762 2.2968(12) −0.0880(14) 26 9 −26.10 15 6 24 30 11 35 12
wt-et 0.846 2.4367(14) −0.1523(16) 30 10 −15.99 13 3 23 26 9 32 9
wt-li 0.850 2.4394(15) −0.1704(17) 32 12 −14.31 12 0 24 24 8 32 9
go-ch 0.975 0.7838(8) 0.0698(7) 15 4 11.22 4 0 8 8 2 10 3
go-eu -0.002 0.3472(6) −0.0035(10) 16 5 −99.20 20 15 25 40 16 41 16
go-bi 0.987 0.7935(10) 0.0908(4) 14 3 8.73 1 2 4 6 1 5 1
go-et 0.996 0.7982(11) 0.0884(5) 16 5 9.02 2 3 7 10 3 10 3
go-li 0.988 0.7934(9) 0.0875(6) 15 4 9.06 3 1 7 8 2 9 2
ch-eu 0.003 0.3339(3) −0.0057(13) 16 5 −58.57 16 11 21 32 12 33 10
ch-bi 0.448 3.4890(16) −0.1410(15) 31 11 −24.74 14 3 25 28 10 35 12
ch-et 0.574 3.8876(17) −0.3244(19) 36 13 −11.98 11 2 24 26 9 33 10
ch-li 0.583 3.9309(18) −0.3780(20) 38 14 −10.39 10 4 24 28 10 34 11
eu-bi 1.000 0.3350(5) −0.0035(10) 15 4 −95.71 19 15 23 38 15 38 14
eu-et 1.002 0.3341(4) −0.0036(11) 15 4 −92.80 18 14 22 36 14 36 13
eu-li 0.999 0.3334(2) −0.0032(9) 11 1 −104.1 21 20 22 42 17 39 15
bi-et 0.844 4.9026(19) 0.2633(1) 20 6 18.61 6 0 12 12 4 16 5
bi-li 0.847 4.9073(20) 0.2467(2) 22 7 19.89 7 0 14 14 5 19 6
et-li 0.698 5.6142(21) 0.1034(3) 24 8 54.29 8 0 16 16 6 22 7

1. The numbers in columns ‘w1’, ‘σP’, and ‘rP’ are summarized from the numbers in the row ‘CWI’ in Table 7 based on the same column. 2. CV denotes the risk per unit return and is obtained by the value of
‘σP’ divided by the value of ‘rP’. 3. The number in the bracket ‘()’ beside the value of ‘σP’ (‘rP’) denotes the rank order according to all the values in column ‘σP’ (‘rP’) from the smallest (greatest) to the
greatest (smallest). 4. The numbers in column ‘RV’ are the summation of two rank orders for ‘σP’ and ‘rP’ with the same row. The numbers in columns ‘Rk1’ and ‘Rk2’ are the rank orders, respectively,
according to all the values in columns ‘RV’ and ‘CV’ from the smallest to the greatest. 6. The numbers in columns ‘d’ and ‘s’ denote ‘the difference in absolute value’ and ‘the summation’ of the orders for
‘Rk1’ and ‘Rk2’ with the same row, respectively. 7. The numbers in column ‘SUM’ are the summation of two numbers in columns ‘d’ and ‘s’ with the same row. 8. The numbers in column ‘Rk3’ are the rank
orders according to all the values in column ‘SUM’ from the smallest to the greatest. 9. The numbers in column ‘ΣRki’ are the summation of three numbers in columns ‘Rk1’, ‘Rk2’, and ‘Rk3’ with the same
row. 10. Bold font in columns ‘Rk1’, ‘Rk2’, and ‘Rk3’ denotes the first five smallest numbers within all numbers in columns ‘Rk1’, ‘Rk2’, and ‘Rk3’, respectively. 11. The number in column ‘RK’ denotes the rank
order according to all the values in column ‘ΣRki’ from the smallest to the greatest. Only the top 5 and last 2 rank orders are marked as bold and italic fonts, respectively.

Table 10 The performance comparison of MVPs of 21 bi-asset portfolios based on the CWI approach during the COVID-19 period
ending one year after 2020/3/1.

Step 1 Step 2 Step 3 Step 4

w1 σP(Rv) rP(Rr) RV Rk1 CV Rk2 d s SUM Rk3 ΣRki RK

wt-go 0.015 1.2487(9) 0.0159(21) 30 12 78.53 21 9 33 42 19 52 17
wt-ch 0.263 4.8617(16) 0.2268(10) 26 10 21.43 10 0 20 20 8 28 10
wt-eu 0.002 0.4610(2) 0.0177(18) 20 4 26.04 14 10 18 28 12 30 11
wt-bi 0.239 4.8183(15) 0.6611(3) 18 2 7.28 1 1 3 4 1 4 1
wt-et 0.387 5.9562(19) 0.6407(4) 23 7 9.29 5 2 12 14 5 17 6
wt-li 0.339 5.5702(17) 0.4491(8) 25 9 12.40 9 0 18 18 7 25 9
go-ch 0.953 1.2327(7) 0.0219(11) 18 2 56.28 17 15 19 34 15 34 12
go-eu 0.014 0.4607(1) 0.0171(20) 21 5 26.94 16 11 21 32 14 35 13
go-bi 0.989 1.2566(11) 0.0207(13) 24 8 60.70 18 10 26 36 16 42 14
go-et 0.991 1.2486(8) 0.0195(15) 23 7 64.03 19 12 26 38 17 43 15
go-li 0.989 1.2540(10) 0.0182(17) 27 11 68.90 20 9 31 40 18 49 16
ch-eu 0.005 0.4630(6) 0.0184(16) 22 6 25.16 13 7 19 26 11 30 11
ch-bi 0.479 3.9649(12) 0.5173(6) 18 2 7.66 4 2 6 8 2 8 2
ch-et 0.639 4.5429(14) 0.4612(7) 21 5 9.85 6 1 11 12 4 15 5
ch-li 0.592 4.3799(13) 0.3557(9) 22 6 12.31 8 2 14 16 6 20 7
eu-bi 0.994 0.4615(3) 0.0215(12) 15 1 21.46 11 10 12 22 9 21 8
eu-et 0.999 0.4622(4) 0.0176(19) 23 7 26.26 15 8 22 30 13 35 13
eu-li 0.995 0.4626(5) 0.0196(14) 19 3 23.60 12 9 15 24 10 25 9
bi-et 1.097 5.9681(20) 0.7824(1) 21 5 7.62 2 3 7 10 3 10 4
bi-li 0.901 5.8784(18) 0.7684(2) 20 4 7.65 3 1 7 8 2 9 3
et-li 0.127 6.9951(21) 0.5964(5) 26 10 11.72 7 3 17 20 8 25 9

1. The numbers in columns ‘w1’, ‘σP’, and ‘rP’ are summarized from the numbers in the row ‘CWI’ in Table 8 based on the same column. 2. CV denotes the risk per unit return and is obtained by the value
of ‘σP’ divided by the value of ‘rP’. 3. The number in the bracket ‘()’ beside the value of ‘σP’ (‘rP’) denotes the rank order according to all the values in column ‘σP’ (‘rP’) from the smallest (greatest) to the
greatest (smallest). 4. The numbers in column ‘RV’ are the summation of two rank orders for ‘σP’ and ‘rP’ with the same row. The numbers in columns ‘Rk1’ and ‘Rk2’ are the rank orders, respectively,
according to all the values in columns ‘RV’ and ‘CV’ from the smallest to the greatest. 6. The numbers in columns ‘d’ and ‘s’ denote ‘the difference in absolute value’ and ‘the summation’ of the orders for
‘Rk1’ and ‘Rk2’ with the same row, respectively. 7. The numbers in column ‘SUM’ are the summation of two numbers in columns ‘d’ and ‘s’ with the same row. 8. The numbers in column ‘Rk3’ are the rank
orders according to all the values in column ‘SUM’ from the smallest to the greatest. 9. The numbers in column ‘ΣRki’ are the summation of three numbers in columns ‘Rk1’, ‘Rk2’, and ‘Rk3’ with the same
row. 10. Bold font in columns ‘Rk1’, ‘Rk2’, and ‘Rk3’ denotes the first five smallest numbers within all numbers in columns ‘Rk1’, ‘Rk2’, and ‘Rk3’, respectively. 11. The number in column ‘RK’ denotes the rank
order according to all the values in column ‘ΣRki’ from the smallest to the greatest. Only the top 5 and last 2 rank orders are marked in bold and italic fonts, respectively.
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performance of MVP for the CWI approach is the best among all
four CAAs. This implies that the weights forecast performance of
MVP for the CWI approach is not influenced by the COVID-19
pandemic. Moreover, the CWI approach proposed by Su (2020)
has better MVP weights forecast performance than the MDWI
approach of Kroner and Ng (1998) popularly used in the

literature on capital allocation. Secondly, for two subperiods, the
optimal portfolios obtained from the volatility and return per-
formance measures are located near the bottom-left and top-right
sides in the risk-return space in a system, respectively. This
indicates that investors face a trade-off problem between return
and risk. Then, the two hybrid performance measures considering
simultaneously the return and volatility are suggested in this
study to assess the portfolio performance. Thirdly, for two sub-
periods, the optimal portfolios obtained from the two-hybrid
performance measures, the RV and CV, are unlike. This implies
that we meet the question of the inconsistent results from dif-
ferent performance measures, and a composite asset selection
approach is developed in this study to solve the above question
and obtain a convergent compromise result. Fourthly, through
the final performance comparison check in the two subperiods,
the result of ‘the composite asset selection approach can get a
convergent result in asset allocation’ is robust.

Finally, based on the composite asset selection approach for
each of the four performance measures (the return, volatility, RV,
and CV), the obtained optimal portfolios for the two subperiods
are all different. For example, the optimal portfolio obtained by
the composite asset selection approach is the Chinese yuan-
Ethereum and Bitcoin-Ethereum for the pre-COVID-19 period,
but the WTI-Ethereum for the COVID-19 period. Moreover, to
get a better (or worse) performance, the assets added to the
portfolio for the two subperiods are not the same. For instance, to
get a better performance, we added Ethereum to a portfolio
during the pre-COVID-19 period, but WTI and Bitcoin during
the COVID-19 period. This implies that Hypothesis 1 and
Hypothesis 2 in the second question of this study are not rejected,
indicating that the asset allocation performance in the com-
modity, cryptocurrency, and currency markets is significantly
different in the pre-COVID-19 and COVID-19 periods. Thus, the
COVID-19 pandemic affected the asset allocation performance in
the three markets. This phenomenon may be attributed to a
structural break occurring in these three markets owing to this
pandemic.

Based on the above findings, I give the following policy
implications for fund managers, investors, and the setting of
Robo-advisers of asset allocation. Firstly, based on the minimum
variance strategy, investors should apply the CWI approach to
execute the capital allocation and then forecast the weights of
MVP for each bi-asset portfolio. Subsequently, they use the
composite asset selection approach with two hybrid performance
measures to execute the asset selection. Secondly, based on the
minimum variance optimal strategy, investors should choose the
Chinese yuan (64.28%) and Ethereum (35.72%) to construct a
portfolio for the pre-COVID-19 period, but the WTI (45.87%)
and Ethereum (54.13%) for the COVID-19 period to solve the
problems of ‘the trade-off problem between return and risk’ and
‘the inconsistent results from different performance measures’.
Thirdly, to get better performance, the fund managers can include
Ethereum in their portfolios in the pre-COVID-19 period, but
WTI in the COVID-19 period.

Even if this work has provided a comprehensive analysis of the
impact of the COVID-19 pandemic on the asset allocation per-
formance in the commodity, currency, and cryptocurrency mar-
kets. However, the portfolio is always composed of more than two
assets. Thus, in future research, we will execute the
asset allocation on the portfolio constructed by more than two
component assets and then discuss the same topic of this study.

Data availability
The datasets generated and analyzed in the current study are
available from the corresponding author upon reasonable request.
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Fig. 9 The flow chart of asset selection within the 21 bi-asset portfolios
during the COVID-19 period ending one year after 2020/3/11.
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