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A B S T R A C T   

This article proposes a dynamic robust portfolio selection model that is based on minimizing 
portfolio’s worst case scenarios using the Conditional Value at Risk as relevant risk measure. Our 
proposed empirical model for the dynamics of portfolio constituents has three main features: i) 
accommodates tail dependence between assets by means of a mixture of copula functions; ii) 
conditional heteroscedasticity and leverage effects are considered through the implementation of 
a GJR-GARCH model; and iii) extreme events are taken into account by considering parametric 
and semiparametric hybrid models for the marginal distribution of asset returns. We illustrate the 
performance of this portfolio before and during the COVID-19 pandemic using statistical mea
sures such as the Sharpe ratio, cumulative returns, and volatility. The results show the out
performance of our WCVaR portfolio during the turmoil period against benchmark portfolios 
commonly used by practitioners. The method also exhibits good performance during calm 
periods.   

1. Introduction 

Portfolio selection is an important area in financial economics and investments. Markowitz (1952), in his pioneering work, 
introduced mean–variance (MV) optimal portfolios. The underlying risk of an investment position in these portfolios is determined by 
the portfolio variance that is, in turn, constructed from the covariance matrix of asset returns. In many settings, the fluctuations of the 
portfolio return around its mean may not be an appropriate measure of portfolio risk. This is, for example, the case when the interest is 
in minimizing portfolio’s downside. 

An alternative that has been widely explored in the investment literature is to construct optimal portfolios that consider quantile 
risk measures, a typical example being the Value-at-Risk (VaR). The literature on portfolio allocation using this measure to capture risk 
has grown steadily over the last twenty years. Related literature includes the mean-risk model introduced in Fishburn (1977) that can 
be considered as an early extension of standard mean–variance formulations. Other important contributions considering the VaR 
quantiles as constraints in the asset allocation optimization exercise are Basak and Shapiro (2001), Krokhmal et al. (2001), Campbell 
et al. (2001), Wu and Xiao (2002), Bassett et al. (2004), Engle and Manganelli (2004) and Ibragimov and Walden (2007), among 
others. This literature illustrates the properties of VaR-optimal portfolios while acknowledging considerable computational difficulties 
(Gaivoronski and Pflug, 2005; Rachev et al., 2007). 

Another strand of the literature has focused on the Expected Shortfall, also denominated as Conditional VaR (CVaR) that measures 
the expected portfolio loss once the return on the portfolio is below the corresponding VaR. This measure has become popular because 
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of its simplicity, but more importantly, because it satisfies a set of properties that characterize the risk measure as coherent. Unfor
tunately, quantile risk measures such as the VaR do not satisfy these properties, see (Artzner et al., 1999). The development of in
vestment portfolios considering the CVaR as the risk measure of interest include Topaloglou et al. (2002), Rockafellar and Uryasev 
(2002), among many others. A related literature (Zhu and Fukushima, 2009) applies robust optimization techniques to construct 
investment portfolios. The central idea of robust portfolio optimization is to use uncertainty sets for the unknown parameters char
acterizing the distribution functions of the asset returns instead of only point estimates, and to compute portfolios whose worst-case 
performance is optimal. In this scenario, worst-case performance is interpreted as portfolio performance under the least favourable 
combination of the model parameters within the uncertainty set. Examples of robust portfolio optimization using the CVaR as objective 
function are Ghaoui, Oks, and Oustry (2003) in a mean–variance setting, Zhu and Fukushima (2009), that use distribution functions 
within the elliptical family, Hellmich and Kassberger (2011), that consider multivariate Generalized Hyperbolic distributions. More 
recently, Deng and Liang (2021) explore time series copula models and Su et al. (2021) solve the portfolio selection problem using 
regime-switching models. 

A major factor influencing the optimal portfolio decision is the behavior of the portfolio constituents in the tails and, more spe
cifically, the likelihood of extreme events. We differentiate between two types of events that affect the risk of a portfolio when 
considering VaR and CVAR measures. The first type corresponds to the probability of extreme losses due to the existence of heavy tails 
in the marginal distribution of asset returns. The second type is concerned with the probability of joint dependence in the tails of the 
multivariate distribution of asset returns. A flexible specification of the multivariate distribution of the portfolio constituents is the use 
of copula models, see Sklar (1959). This modeling strategy is capable of capturing different forms of dependence in the tails of the 
multivariate return distribution. These techniques have been used for portfolio allocation problems in (Low, 2018) and Garcia and 
Tsafack (2011), among many others. A particular case of copula model in high dimensions is vine copulas, see Weiß and Scheffer 
(2015). These copulas model the multivariate dependence in a vector of random variables pairwise. Another example of copula model 
in portfolio allocation problems is given in Kakouris and Rustem (2014). These authors construct a mixture copula model embedded in 
a portfolio selection problem using CVaR and WCVaR measures as objective functions. In this model, the marginal distributions of asset 
returns do not consider, however, the possibility of heavy tails. Belhajjam et al. (2017) propose a multivariate extreme VaR method to 
obtain the optimal portfolio weights. This method applies extreme value theory (EVT) techniques to model the behavior of asset 
returns in the tails, and considers a copula model for the joint tail dependence between the assets in the portfolio. An important 
drawback of these studies is the reliance on bivariate copula models, which limits the scope of application of the methods in practice 

The presence of dynamics in the conditional multivariate distribution of asset returns is a stylized fact. Under the assumption of 
linearity and Gaussianity of asset returns, it is sufficient to model the dynamics of the multivariate distribution through the second 
moments of pairs of asset returns. In particular, generalized autoregressive conditional heteroskedasticity (GARCH) type models, see 
Bollerslev (1986), and versions of it considering different features of the data, have been the main workhorse for modeling the presence 
of conditional heteroscedasticity in asset returns. The Conditional Constant Correlation model of Bollerslev (1990) and the Dynamic 
Conditional Correlation (DCC) model of Engle (2002) see also Aielli (2013), are among the most popular. It is well documented, 
though, that the dynamics of asset returns are nonlinear and exhibit stylized facts such as asymmetries and heavy tails. In this scenario, 
modeling the conditional variance and correlations may not be sufficient to capture the effect of tail dependencies. To correct for this, a 
more suitable approach is to consider dynamic copula models, see Patton (2006) as seminal contribution. Weiß (2013), Karmakar and 
Paul (2019) or Sun et al. (2020) combine time varying multivariate GARCH models with dynamic copulas to describe the dependence 
and risk of asset returns. Han, Li, and Xia (2017) and Han et al. (2020) present several dynamic robust portfolio optimization models 
obtained from DCC-Copula-GARCH model specifications for describing the dynamic dependence between bivariate assets. These 
authors capture high-dimensional dependencies using R-vine and C-vine copulas but do not consider extreme portfolio losses. 

In this article, we propose a dynamic robust portfolio optimization problem that focuses on minimizing tail events. This strategy is 
particularly interesting during market distress episodes. The portfolio is robustified by optimizing the CVaR risk measure over a 
confidence set, that is, estimates of the model parameters are replaced by confidence regions for such parameters. In this way, our 
portfolio is optimized over the combination of model parameters that results in the worst-case scenario. In this way, our portfolio 
strategy can be interpreted as a maximin optimization rule in which investors optimize the conditional VaR measure under the worst- 
case scenario. Portfolio weights are dynamically adjusted by optimization of the WCVAR measure over rolling windows. 

Our proposed specification for the dynamics of asset returns is a GJR-GARCH-EVT model, with GJR standing for the asymmetric 
conditional volatility model introduced in Glosten et al (1993) and EVT for the application of extreme value theory methods for 
modeling the tails of the marginal distribution of asset returns. This model is combined with a dynamic specification of a multivariate 
mixture copula model capable of describing the various potential dependence structures of multiple asset returns. Our interest is in 
capturing joint dynamics in the tails of the multivariate distribution of asset returns. To do this, we combine the GJR-GARCH-EVT with 
a dynamic mixture copula model given by a mixture of a Gaussian copula, a Student-t copula and a Clayton copula. The weights 
defining the mixture copula are obtained by maximum likelihood estimation. This modeling strategy allows us to capture the presence 
of heavy tails, conditional heteroscedasticity, and nonlinearities in the dependence structure between asset returns. The mixture of 
copula functions allows us to capture important stylized facts of the joint distribution of asset returns such as the presence of asym
metric dependence between the lower and upper tail of the joint distribution of asset returns. These stylized facts are particularly 
important during episodes of market distress. Alternative multivariate parametric models can be also used to capture the joint dy
namics of asset returns, such as the multivariate Student-t distribution or the generalized hyperbolic distribution function. Copula 
functions are however superior modeling devices for several reasons. Copulas consider the dependency between the marginal dis
tributions of the random variables instead of focusing directly on the dependency between the random variables themselves. This 
makes them more flexible than standard distributions because it is possible to separate the selection of the multivariate dependency 
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from the selection of the univariate distributions. These functions are also capable of capturing different forms of extreme tail 
dependence between the left and right tails of the multivariate distribution. The parametric specification of copula functions allows 
natural extensions to the time-varying case by introducing dynamics in the parameters characterizing the copula function. Dynamic 
specifications of copula functions are a simple way of obtaining h-period ahead forecasts of the vector of asset returns that can be 
applied in scenario-based portfolio selection. In particular, we apply Monte-Carlo methods to simulate the predictive distribution 
function of multivariate asset returns necessary to obtain the robust optimal portfolio WCVaR model. 

The performance of this novel portfolio allocation model is assessed during turmoil periods. To do this, we consider two differ
entiated periods given by the episode before the outbreak of the COVID-19 pandemic and the episode right afterwards. These periods 
are characterized by very different macroeconomic and financial conditions. We conduct an empirical study to compare the in-sample 
and out-of-sample performance of two versions of our GJR-GARCH-EVT model with a mixture copula function against popular 
benchmark portfolios widely used by practitioners, namely, the minimum variance portfolio, the shrinkage minimum variance 
portfolio, and the equally-weighted portfolio that are computed over these two periods. The empirical results show strong performance 
of the proposed approach in both evaluation periods using different performance measures such as the gross return and the Sharpe 
ratio, and highlight the ability of our flexible specification to adapt to distress episodes of the market. 

Our paper is closely related to Zhu and Fukushima (2009) and Han et al (2017). These authors also consider optimal portfolios 
obtained from maximizing the WCVaR risk measure. However, in contrast to these studies, our model adopts the mixture copula model 
for the dynamics of multivariate returns and the GJR-GARCH-EVT model to capture the occurrence of extreme events and the presence 
of conditional heteroscedasticity. These additional features of our model prove instrumental to show the strong performance of the 
method during stress periods. 

The paper is organized as follows: Section 2 presents the related methodology and techniques, containing the GJR-GARCH-EVT 
model, mixture copula model, and dynamic robust WCVaR portfolio method. Section 3 describes the data set. Section 4 presents an 
empirical application with real data from asset markets. Section 5 concludes. 

2. Econometric model 

This section is divided into four blocks. The first subsection discusses the GJR-GARCH-EVT model to describe the dynamics of asset 
returns. The second block introduces a mixture copula model as a modeling device that improves the estimation of the dependence 
structure for multiple asset returns. The third subsection presents a dynamic robust portfolio selection method that uses the WCVaR as 
objective function. The last section details an algorithm that implements the proposed methodology. 

2.1. The GJR-GARCH-EVT model 

An interesting feature of financial markets is that asset price volatility is more sensitive to bad news than good news. This is re
flected in a strong negative correlation between current returns and future volatility. Volatility decreases when returns increase and 
increases when returns decrease. This trend is generally referred to as the leverage effect. Traditional GARCH models are not able to 
capture this stylized fact of the data. This phenomenon is captured, though, by Glosten et al. (1993) in the GJR-GARCH model and 
Zakoian (1994) in the threshold-GARCH model. These models can reflect the asymmetry inherent in the volatility process through the 
leverage coefficient. Asset returns have other particular characteristics such as conditional heteroscedasticity, heavy tails and negative 
skewness of the distribution (Low, 2018). In this case, the AR(1)-GJR-GARCH(1,1) model with student-t distribution is an interesting 
time series process to model the dynamics of asset returns. 

In this paper, we consider the optimal portfolio allocation for a universe of n financial assets, and let ri,t(i = 1,⋯n; t = 1,⋯T) denote 
the continuously compounded daily returns of the i-th asset, defined as 

ri,t = 100 ×
(
ln
(
pri,t
)
− ln

(
pri,t− 1

))
(1)  

where ri,t and pri,t denote the percentage daily returns and the closing price of the i-th asset at the t-th day, respectively. Mathemat
ically, the AR(1)-GJR-GARCH(1, 1) model is 

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

rit = φ0 + εit

εit = h
1
2
itzit, zit ∼ Fi( ⋅ )

hit = αi0 + αiε2
i,t− 1 + γiε2

i,t− 1Iεi,t− 1 + βihi,t− 1,

(2)  

where εit and zit denote the errors and innovations, respectively, of the time series process rit(i = 1,⋯n; t = 1,⋯T); Fi(⋅) denotes the 
cumulative distribution function of the innovations, and φ0 and φ1 are the parameters characterizing the dynamics of the autore
gressive process. The conditional volatility process is denoted as hit and Iεi,t− 1 is an indicator function which equals 1 if εi,t− 1 is positive 
and zero, otherwise. Here αi0 ≥ 0, γi ≥ 0, αi ≥ 0, and βi ≥ 0 are the intercept, ARCH, GARCH and leverage coefficients characterizing 
the conditional volatility process. The coefficient γi determines the asymmetric effect on conditional volatility. If γi > 0, negative 
shocks (bad news) have larger impact (αi +γi)ε2

i,t− 1 on the conditional variance hit than positive shocks (good news) given by αiε2
i,t− 1. If 

γi < 0, the stock market is more responsive to good news. An additional condition to ensure the weak stationarity of the above con
ditional volatility process is αi + 0.5γi + βi < 1. 
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To complete the dynamics of asset returns we propose a flexible parametric model for the marginal distribution Fi( ⋅ ) of the in
novations in (2). The distribution in (3) is obtained by applying the conditional probability theorem and exploiting extreme value 
theory (EVT) results for the tails of the distribution. For the middle domain defined by the interval [ηL, NηR ], with ηL and ηR the lower 
and upper thresholds characterizing the tails of the distribution, we consider two modeling strategies: (a) the empirical distribution 
function1 and (b) a standard Normal distribution. The distribution in (3) focuses on the semiparametric model (a). More importantly, 
the conditional distribution in both tails is modeled as a Generalized Pareto distribution (GPD). This parametric choice is motivated by 
EVT theory and, in particular, by a theoretical result in Pickands (1975) that shows that the conditional distribution of a random 
variable in the tail can be approximated by a GPD distribution for sufficiently large values of the thresholds ηL and NηR . This is done to 
capture the presence of extreme events beyond the range provided by standard parametric models such as the Normal or Student-t 
distributions, see also Alexander and Rüdiger (2000) and Embrechts et al (2001). Mathematically, 

Fi(z) =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

NηL

N

{

1 + ϛLηL − z
χL

}− 1
ϛL

, z < ηL,

Nz

N
, ηL ≤ z ≤ ηR,

NηR

N

{

1 + ϛRz − ηR

χR

}− 1
ϛR

, z > ηR,

(3)  

where ϛL and ϛR denote the shape parameters (tail index coefficients) corresponding to the left and right tails of the distribution of the 
sequence of innovations z; χL and χR are, respectively, the left and right tail scale parameters. Similarly, N denotes the total number of 
observations and Nz the number of observations below or equal to z, thus, Nz/N is the empirical distribution function. 

Estimation of the model parameters is carried out using maximum likelihood methods. In a first step, we fit the GJR-GARCH model 
to the return prices and obtain estimates of the conditional mean and variance equations. In a second step, the tail indices and scale 
parameters of the GPD tail distributions are fitted by maximum likelihood as in McNeil and Frey (2000). In particular, the tail indices 
characterizing the decay of the distribution function in each tail are fitted using the Hill estimator, see Hill (1975), after suitable 
selection of the threshold estimates ηL and ηR. 

2.2. Dynamic mixture copula model 

Copulas have been widely adopted to model the dependence structures between financial markets with the purpose of monitoring 
risk and modeling returns in portfolios of assets. Popular examples of copula functions in multivariate settings are the Gaussian, the 
multivariate Student-t, and the multivariate Archimedean copula. These copulas are simple to represent and capture different stylized 
facts (e.g. asymmetric tail dependence across tails, asymptotic dependence in the tails) of multivariate returns. 

The theory on copula functions was developed in Sklar (1959). This author shows that the multivariate distribution function G(z) of 
a vector of random variables z = (z1, ⋅ ⋅ ⋅, zn) with marginal distributions F1, F2, ⋅ ⋅ ⋅, Fn can be expressed in terms of a copula function C 
such that 

G(z) = C(F1(z1),F2(z2), ...,Fn(zn)) = C(u1, ..., un), (4)  

where ui = F(zi) ∈ [0, 1] for i = 1,…,n. 
In this paper, we adopt a mixture of three copula functions: Gaussian, Student-t, and Clayton copula functions. This flexible 

approach allows us to capture complex dependence structures among asset returns. The Gaussian copula is aimed to capture 
dependence in the middle regimes, the Student-t copula is sensitive to extreme events in the tails of the distributions, but it does not 
exhibit extreme tail dependence for very large values of asset returns. The Clayton copula function is used to describe asymptotic tail 
dependence in the lower tail of the joint distribution of asset returns. The distribution function of the multivariate Gaussian copula is 
expressed as 

CGau(u1, ..., un; ρg) = Ψρg
(
Ψ− 1(u1), ...,Ψ− 1(un)

)
(5)  

where Ψρg (⋅) is the standard multivariate Normal distribution function with correlation matrix ρg; Ψ(⋅) is the univariate Normal dis
tribution and Ψ− 1(⋅) its inverse function. The distribution function of the Student-t copula is expressed as 

CStu(u1, ..., un; ν, ρs) = Φν,ρs

(
Φ− 1

ν1
(u1), ...,Φ− 1

νn
(un)

)
(6)  

where Φν,ρs (⋅) is the standard multivariate Student-t distribution function with correlation matrix ρs and degrees of freedom parameter 
ν. The model allows for different degrees of freedom across marginal distributions. Thus, Φ− 1

νi
(⋅) denotes the inverse of the distribution 

function Φνi (⋅). Finally, the distribution function of the Clayton copula is expressed as 

1 See McNeil and Frey (2000) and Engle and Gonzalez-Rivera (2001) for semiparametric formulations of the distribution of asset returns. 
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CCla(u1, ..., un; θ) =

(
∑n

i=1
u− θ

i − n + 1

)− 1/θ

, θ ∈ (0,∞) (7) 

Thus, the multivariate mixture copula model can be expressed as 

MC(u1, ..., un; ρg, ρs, γ, ν, θ) = λGCGau(u1, ..., un; ρg)+ λSCStu(u1, ..., un; ν, ρs)

+ λCCCla(u1, ..., un; θ) (8)  

where λG, λS, and λC are respectively the weights of Gaussian, Student-t, and Clayton copula functions, satisfying λG, λS, λC ≥ 0 and λG +

λS + λC = 1. 
The estimation of the mixture copula parameters (ρg,ρs,ν,θ, λG, λS, λC) is done by applying maximum likelihood estimation (MLE) 

methods. In practice, it is difficult to obtain an analytical solution using MLE. To overcome this, we resort to simulation methods by 
combining the MLE approach with the expectation maximization (EM) algorithm. The EM algorithm for missing data transforms the 
likelihood function maximization problem for incomplete data into the maximization of the likelihood function for complete data. This 
is done by assuming the presence of latent variables in the maximization exercise. Through the iteration of the expectation and 
maximization processes up to convergence, we obtain an optimal solution of the likelihood function. More details of the estimation of 
the mixture copula parameters can be found in the recent studies by Sahamkhadam et al. (2018) and Ben Nasr and Chebana (2022). 

Considering the fact that the dependence of multiple assets is time varying, we combine the GJR-GARCH-EVT model with a mixture 
copula to dynamically describe the dependence and risk of asset returns, where the parameters λGaus, λstu-t, and λCla also change over 
time. The implementation of the dynamic mixture copula model is detailed in Section 2.4. 

2.3. Dynamic robust portfolio optimization 

To set up the framework for the robust optimization problem, we define the loss function L(w, r) associated to a decision w ∈ Rn and 
a random return r ∈ Rn. For the optimal portfolio allocation problem, the loss function is L(w, r) = − wẤr but other configurations of the 
loss function are also possible. For the sake of generality, the following expressions define the relevant tail risk measures as a function 
of the general loss function L(w,r). By doing so, we stay close to the formulations of the CVaR in Rockafellar and Uryasev (2002) and 
Kakouris and Rustem (2014). 

The portfolio is characterized by the allocation to the different assets. This allocation is determined by the vector w = (w1,w2, ⋅ ⋅ ⋅ 
,wn) and a random return vector r = (r1,r2,⋅ ⋅ ⋅,rn). For each w, we denote by Ψ(w, a) the distribution function for the loss function L(w,

r) such that Ψ(w, ξ) =
∫

L(w,r)≤ξg(r)dr, where g(⋅) is the joint density function of the vector of random returns r and ξ denotes a tolerance 
level for the loss function. Furthermore, let α ∈ (0, 1) denote a confidence level associated to the maximum loss of the portfolio. In 
applications, this value is in the range [0.95,0.99]. The VaRα(w) associated to the loss function is defined as 

VaRα(w) = min{ζ : Ψ(w, ζ) ≥ α}. (9)  

Similarly, the CVaRα(w) is defined as the expected loss once the risk measure VaRα(w) is exceeded. More formally, 

CVaRα(w) =
1

1 − α

∫

L(w,r)≥VaRα(w)
L(w, r)g(r)dr. (10)  

As mentioned above, the CVaRα(w) measure has some appealing properties not shared by the VaR such as the sub-additivity and 
coherence, see Artzner et al. (1999), Topaloglou et al. (2002), Guo et al. (2019). Rockafellar and Uryasev (2002), in their seminal 
contribution, show that the VaRα(w) and CVaRα(w) of the loss function associated to the vector w = (w1,w2, ⋅ ⋅ ⋅,wn) can be calculated 
simultaneously by solving the following convex optimization problem: 

Gα(w, ζ) = ζ+
1

1 − α

∫

[L(w, r) − ξ ]+g(r)dr, (11)  

such that CVaRα(w) = min
ξ∈R

Gα(w, ζ). The associated VaRα(w) is defined as the value ξ ∈ R that solves the minimization problem. More 

formally, ξα(w) = argmin
ξ∈R

Gα(w, ζ) such that CVaRα(w) = Gα(w, VaRα(w)). Note that throughout we use VaRα(w) and ξα(w) indis

tinctively. 
Kakouris and Rustem (2014) extend this approach to obtain the VaRα and CVaRα of a portfolio of assets with multivariate 

dependence modeled using copula models. To do this, these authors transform the loss function such that L(w, r) = L̃(w, u), with u =

(u1, ...,un) = (F1(r1), ...,Fn(rn)). The loss function ̃L(w, u) maps the domain of the loss function from Rn to [0, 1]n. The relevant tail risk 
measures with the copula representation are defined as 
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⎧
⎪⎪⎨

⎪⎪⎩

VaRα(w) = min
{

ξ : C
(

u|L̃(w, u)⩽ζ
)

⩾α
}
,

CVaRα(w) =
1

1 − α

∫

L̃(w,u)⩾VaRα(w)
L̃(w, u)c(u)du.

(12)  

Note that C(u
⃒
⃒
⃒L̃(w, u) ≤ ζ) denotes the multivariate distribution function associated to the copula function for the vector u = (u1, ..., un)

and conditional on the event ̃L(w,u) ≤ ζ. Similarly,c(u) denotes the corresponding copula density. The CVaRα(w) is obtained, as before, 

from minimizing Gα(w, ζ) that, under the transformation of the loss function, it can be expressed as Gα(w, ζ) = ζ +

1
1− α
∫

u∈[0,1]n
[
L̃(w, u) − ξ

]+
c(u)du.

These formulations of the tail risk measures involve knowledge of the copula function modeling the multivariate dependence 
structure between the asset returns. A robust approach to compute the CVaR that incorporates uncertainty about the specific choice of 
the copula function is the worst-case CVaR. This risk measure considers the worst outcome from a set of possible scenarios. These 
scenarios are modelled by different choices of the copula density function. Following Kakouris and Rustem (2014), we define the 
worst-case CVaR as WCVaRα(w) = sup

c(⋅)∈C

CVaRα(w), where C denotes a set of candidate copulas within the list introduced above. This 

approach can be extended to consider the mixture copula MC(u1, ..., un; ρg, ρs, γ, ν, θ) introduced in expression (8). In this case the 
WCVaRα is obtained from minimizing the function 

Gα(w, ζ, λg, λs, λc) = λgGg
α(w, ζ)+ λsGs

α(w, ζ)+ λcGc
α(w, ζ). (13)  

More formally, WCVaRα(w) = min
ξ

max
λ

Gα(w, ζ, λg, λs, λc), with Δ = {λg, λs, λc : λg +λs +λc = 1, λg, λs, λc ≥ 0}. 

In this setup, the optimal portfolio allocation is obtained from min
w∈W

WCVaRα(w), with W the set of feasible portfolio weights. More 

specifically, the results in Zhu and Fukushima (2009) allow us to obtain the optimal portfolio allocation as the solution of the following 
robust optimization problem: 

WCVaRζ(w) = min
w∈W

min
ξ

max
λ

Gα(w, ξ, λ)

= min(w,ξ,ϕ)
{

ϕ : λgGg
α(w, ξ)+ λsGs

α(w, ξ)+ λcGc
α(w, ξ) ≤ ϕ, ∀λ

}
,

with ϕ satisfying that Gi
α(w, ξ) ≤ ϕ, for i = g,s,c. The objective function can be reduced to min(w,ξ,ϕ)∈W×R×R

{
ϕ : Gi

α(w, ξ) ≤ ϕ, i = g, s, c
}
. 

The solution to this problem can be obtained using Monte Carlo simulation methods. Rockafellar and Uryasev (2002) provides an 
approximation of the functions Gi

α(w, ξ) based on simulation of Si random samples. Then, the optimal portfolio allocation is obtained 
from the minimization of the simulated function 

min(w,ξ,ϕ)

{

ϕ : ξ +
1

Si(1 − α)
∑Si

k=1

[
L̃
(

w, u[k]
i

)
− ξ

]+
⩽ϕ, i = g, s, c

}

, (14)  

where u[k]
i is the kth sample vector associated to copula Ci(⋅). Following Zhu and Fukushima (2009), the minimization problem can be 

expressed as 

minϕ  

s.t.

ξ+
1

Si(1 − α)
(
1i)T vi⩽ϕ, i = g, s, c  

vk
i ⩾L̃

(
w, u[k]

i

)
− ξ, k = 1, 2, ⋅ ⋅ ⋅, Si, i = g, s, c,

vk
i ≥ 0, k = 1, 2, ⋅ ⋅ ⋅, Si, k = 1, 2, ⋅ ⋅ ⋅, Si, i = g, s, c, (15)  

where v = (v1, v2, v3) with m = S1 +S2 +S3 and 1i = (1, 1, ⋅ ⋅ ⋅, 1)T
∈ RSi . The set of feasible portfolio weights W is defined as W =

{∑n
j=1w j = 1,wj⩾0, j = 1, ..., n

}
. 

2.4. Dynamic algorithm 

The above methods are implemented using the algorithm developed in Weiß (2013), Nikoloulopoulos et al. (2012), Han, Li, and Xia 
(2017) and Sahamkhadam et al. (2018). The parameters of the GJR-GARCH-EVT model with mixture copula MC(u1, ..., un; ρg, ρs, γ, ν, θ)
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introduced in expressions (3) and (8) are estimated over rolling windows of T observations from the vector of daily log returns rt = (r1t ,

⋅ ⋅ ⋅,rnt). We consider a Monte Carlo procedure to simulate one-period ahead returns of the assets in the portfolio. The algorithm is as 
follows; 

Step 1: The vector of parameters characterizing the conditional volatility processes hi,t and the marginal distribution function in (3) 
are estimated by maximum likelihood to obtain estimates of the standardized residuals zit in expression (2) and marginal distribution 
functions uit = F̂i(zit) for i = 1,…,n. 

Step 2: The vector of dependence parameters (ρg , ρs, γ, ν, θ) characterizing the mixture copula is estimated by maximizing the log- 
likelihood of the mixture copula function for the vectors (u1t , ..., unt) = (F̂1(z1t), ..., F̂n(znt)) for t = 1,…,T. This procedure also includes 
the estimation of the vector (λg, λs, λc) defining the mixture copula. 

Step 3: The parameter estimates (ρ̂g , ρ̂s , γ̂, ν̂, θ̂) and (λ̂
g
, λ̂

s
, λ̂

c
) obtained from Step 2 are used to simulate random samples of vectors 

of residuals (z[k]1t , ..., z
[k]
nt ) indexed by k = 1,…,S from the estimated mixture copula MC(u1, ...,un; ρ̂g , ρ̂s , γ̂, ν̂, θ̂); S denotes the number of 

simulated samples obtained from the Monte Carlo exercise. 
Step 4: Plug in the simulated vector of observations (z[k]1t , ..., z

[k]
nt ) obtained from Step 3 into the location-scale process introduced in 

expression (2); 

r[k]it = φ̂0 + ĥ
1/2
it z[k]it 

Fig. 1. Daily prices and returns for the four portfolio constituents.  
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for i = 1,…,n and t = 1,…,T, where φ̂0 denotes the intercept of the location-scale process estimated in Step 1 and ĥit are the forecasts of 
the conditional volatility process in (3) (i.e, GJR-GARCH) constructed from the corresponding parameter estimates. 

Step 5: Input the forecasted returns (r[k]1t , r
[k]
2t , ..., r

[k]
nt ] into the WCVaR optimization problem in expression (15) and compute the 

optimal portfolio weights w* by solving the minimization problem. 
Step 6: The in-sample rolling window is extended by one day such that the in-sample vector of returns covers observations from 2 to 

T. This sample is used to estimate the model parameters, compute the portfolio returns, and construct the optimal portfolio allocation 
obtained from minimizing the worst-case CVaR at a confidence level α.

3. Data 

Daily closing prices of four representative assets given by the S&P500, gold, Bitcoin, and United States 5-Year Treasury Bond are 
used in this study. Daily data from 2 January 2015 to 13 December 2021 are obtained from https://www.investing.com/ and 
Bloomberg. The sample period is divided into three sub-periods: the Pre-COVID-19 period (from January 2, 2015 to January 29, 2020); 
the COVID-19 period (from January 29, 2020 to July 31, 2020), and the After-COVID-19 period (from August 1, 2020 to December 13, 
2021). Similar periods are used in Ali et al (2021) and Raj et al (2022), among many others. In our work, we mainly evaluate portfolio 
allocation during and after the epidemic outbreak periods but the whole sample period is used for estimation of the model parameters. 
We estimate the model from the daily logarithmic returns using data from 01/02/2015 to 01/29/2020 and use data from 01/30/2020 
to 12/13/2021 for the out-of-sample evaluation exercise. The latter period covers the outbreak of the COVID-19 pandemic and a period 
that we will denominate After-COVID-19. 

Fig. 1 plots the daily prices (black color) and returns (blue color) for S&P500, gold, Bitcoin, and 5-year bond for the constituents of 
the portfolio. The S&P500 index and gold price have a similar positive trend in the Pre-COVID-19 period, while bond prices fluctuate 
considerably. It is also noticeable the large drops experienced by the S&P500 index and Bitcoin at the start of the COVID-19 pandemic. 
In contrast, the After-COVID-19 period witnesses large increases in the price of these assets that exhibit a strong positive trend whereas 
gold and bond prices remain stable or even show a slight decline during this period. All the assets exhibit strong volatility clustering 
that motivates the application of conditional volatility models such as the GJR-GARCH to capture these dynamics and remove serial 
dependence from the squared returns. 

Table 1 reports summary statistics for the logarithmic returns for the four assets, including the Jarque–Bera test of normality. With 
the only exception of the bond market, the other three assets have positive mean returns in both the in-sample as well as out-of-sample 
periods. Importantly, the volatility in asset returns, captured by the standard deviation, is significantly higher during/after the COVID- 
19 pandemic outbreak than in the pre-COVID-19 period for S&P 500, gold, and the US bond. Table 1 also shows the high excess 
kurtosis for all four assets in both periods, especially for Bitcoin, but the skewness differs considerably across periods. Bitcoin achieves 
the highest average log returns, which might have attracted investment, but it has the highest volatility leading to high portfolio risk. 
The Jarque–Bera test statistics applied to all assets in both periods reject the null hypothesis of normality at 1 % significance level. 

4. Empirical results 

This section presents an empirical exercise that compares portfolio performance (cumulative returns, volatility, Sharpe ratio, 
maximum drawdown) between the following five investment strategies: 1) The dynamic robust WCVaR portfolio, which uses the GJR- 
GARCH-EVT model and multivariate dynamic mixture copula model. This portfolio is denoted throughout as G-E-D-M− C− WCVaR; 2) 

Table 1 
Descriptive statistics of daily logarithmic returns for the portfolio constituents.  

Index Mean Std. Dev. Min Max Skewness Kurtosis Jarque–Bera 

In-sample (pre-COVID-19 period): 01/02/2015–01/29/2020 
S&P 500  0.00036  0.00846  − 0.0418  0.0484 − 0.5283  3.8517 97.8501 (*) 

Gold  0.00015  0.00763  − 0.0337  0.0439 0.16057  2.7220 9.57671 (*) 

Bitcoin  0.00266  0.04579  − 0.2942  0.2408 − 0.2024  5.5266 347.847 (*) 

Bond  − 4.6*10-6  0.00281  − 0.0245  0.0212 − 0.4671  13.2992 5681.55(*)         

Out-of sample (during/post COVID-19 period): 01/30/2020–12/13/2021 
S&P 500  0.00076  0.01693  − 0.1277  0.0897 − 1.0424  14.316 2609.51 (*) 

Gold  0.00021  0.01183  − 0.0508  0.0563 − 0.4365  4.2782 47.2222 (*) 

Bitcoin  0.00347  0.05090  − 0.4973  0.1918 − 1.9932  20.215 6154.12 (*) 

Bond  − 1.9*10-5  0.00286  − 0.0301  0.0110 − 0.2.914  32.426 17847.5(*) 

Overall period: 01/02/2015–12/13/2021 
S&P 500  0.00047  0.01138  − 0.1277  0.0897 − 1.0468  21.1361 24289.4 (*) 

Gold  0.00017  0.00896  − 0.0508  0.0563 − 0.1942  5.12853 341.170 (*) 

Bitcoin  0.00287  0.04720  − 0.4973  0.2408 − 0.8048  10.8708 4703.36 (*) 

Bond  − 7.6*10-7  0.00278  − 0.0301  0.0212 − 1.020  18.5688 17967.61(*) 

Note: This table applies the natural logarithmic returns for the indexes. (*) denotes rejection of the null hypothesis of normality at a 1% significance 
level. 
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The dynamic robust WCVaR portfolio, which uses the dynamic multivariate mixture copula model but fits a Normal distribution for the 
marginal distribution of asset returns. This portfolio is denoted as N-D-M− C− WCVaR; 3) The minimum-variance portfolio (MV). This 
procedure is a popular investment strategy that minimizes the global portfolio variance without setting a target portfolio return. The 
choice of this portfolio instead of the mean–variance portfolio introduced in Markowitz (1952) is because the expected return is usually 
measured with error and can lead to noisy portfolios with significant estimation error, see the seminal contribution of Jagannathan and 
Ma (2003). The variance of the portfolio is given by: 

Var(R) = wT
∑

w (17)  

where 
∑

is the covariance matrix of asset returns. The global MV portfolio allocation is obtained by solving the standard Markowitz 
asset allocation problem defined as 

min
{

wT
∑

w
}

Fig. 2. Panels (a) to (d) present the time-varying portfolio allocation to each of the four assets in the portfolio. The evaluation period is January 29, 
2020 to December 13, 2021. 
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s.t.
∑n

i=1
wi = 1  

0 ≤ wi ≤ 1, i ∈ {1, ⋅ ⋅ ⋅, n} (18)  

where w = (w1,w2, ⋅ ⋅ ⋅,wn) and n is the number of assets in the portfolio. 4) The fourth proposed investment strategy is the MV 
portfolio with shrinkage estimation. In practice, the population covariance matrix 

∑
is not known and is replaced by its sample 

counterpart, denoted by Ŝ. The sample covariance matrix has appealing properties, such as being maximum likelihood under 
normality. However, when the number of assets in the portfolio is larger than the sample size the estimation of the covariance matrix is 
very noisy. Ledoit and Wolf (2003, 2004, 2012, 2017, 2022) in a sequel of seminal contributions propose shrinkage methods to correct 
the effect of estimation error. These methods based on the ideas of Stein (1956) and James and Stein (1961) impose some structure on 
the estimator of the covariance matrix. A simple approach is to use a multiple of the identity matrix as shrinkage target, see Ledoit and 
Wolf (2004), such that 

∑
* = α In + (1 – α) Ŝ where In is the n x n identity matrix and α is the shrinkage parameter obtained from 

minimizing the quadratic loss function E
[
‖Σ* − Σ‖2

]
. In this context, estimation error is not an issue given that the sample size is much 

larger than the number of candidate assets in the portfolio. Nevertheless, for completeness and to assess the role of shrinkage, we also 
consider this investment strategy. 5) The last investment strategy is the equally-weighted portfolio (EWP), characterized by the same 
allocation (1/n) to all assets in the portfolio. The size of the rolling window T is set to 475 throughout the empirical section. 

4.1. Performance evaluation during/after COVID-19 

To show the superiority and robustness of the proposed method, this subsection uses the data during/after the COVID-19 period 
(January 29, 2020 to December 13, 2021) as evaluation period. This period is characterized by the presence of large uncertainty in the 
economy and financial markets. 

Fig. 2 reports the composition of the portfolios for the different investment strategies. The allocation to the S&P500 index is in red, 
the allocation to Gold is in brown, the allocation to Bitcoin is in yellow, and the allocation to the US 5-year Treasury bond is in green. A 
rapid inspection of the different panels reveals the importance of the S&P500 index and gold for the four investment strategies. 
Portfolios in panels (a) to (c) are quite diversified in the sense that the share of investment to the S&P500, gold and Bitcoin in each asset 
is similar. The smallest allocation is to the US Treasury bond but this choice is consistent across strategies. This is due to the poor 
performance of the bond during this period. The strategies based on the G-E-D-M− C− WCVaR and N-D-M− C− WCVaR portfolios in 
Panels 2(a) and 2(b) are constructed using a confidence level of α = 0.95. These strategies show more variation in the portfolio 
allocation than the MV portfolio. The comparison of Panels 2(c) and 2(d) also reveals the effect of shrinkage in the optimal allocation of 

Fig. 3. The cumulative return process for the five investment portfolios at α = 0.95 during the evaluation period January 29, 2020 to December 
13, 2021. 
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assets to the investment portfolios. The contribution of Gold gains importance at the expense of the S&P500 index in the MV-Shrinkage 
portfolio throughout the COVID-19 period. This may be due to the improved ability of this portfolio to get exposure to Gold - that acts 
as a safe haven in market distress episodes. On the downside, we note that the portfolio weights of the MV-Shrinkage method fluctuate 
more than for the MV strategy, which results in higher portfolio turnover and transaction costs. 

Fig. 3 reports the cumulative returns of the five investment portfolios over the evaluation period January 29, 2020 to December 13, 
2021 at a confidence level α = 0.95. Similarly, Table 2 presents performance statistics given by the average daily return (AR), volatility 
(Vol), Sharpe ratio (SP), CVaR, maximum drawdown (MD), and total return (TR). The performance of the G-E-D-M− C− WCVaR 
portfolio selection method is superior to the performance of the remaining competitors across all metrics. The profitability is higher as 
shown by the AR and TR measures. Risk is lower as shown by Vol, MD and CVaR. Correspondingly, the tradeoff between risk and return 
is also superior as shown by the SP out-of-sample statistic. Interestingly, the dynamics in Fig. 3 and the results in Table 2 also reveal the 
outperformance of the MV-Shrinkage method compared to the standard MV methodology and confirm the suitability of shrinkage 
methods for the MV strategy even in small dimensions. As shown in Panel 2(d), the outperformance during the crisis period may be due 
to a larger exposure to Gold compared to the MV portfolio that has similar exposure to the S&P500 index and Gold. 

To assess the robustness of the results to different definitions of the tail of the distribution of the portfolio return, we consider 
different values of the confidence level α. Figs. 4 and 5 report the same performance analysis for higher confidence levels (α = 0.975 
and α = 0.99). These values correspond to investment portfolios more concerned with downside risk events. Note that the MV and 
EWP strategies are identical to Fig. 2. The cumulative returns for the other two strategies show slight variations compared to α = 0.95. 

Tables 3 and 4 present the corresponding statistics for the performance measures for α = 0.975 and α = 0.99. The results confirm 
the outperformance of the G-E-D-M− C− WCVaR portfolio selection method for all metrics (return, risk and return/risk tradeoff) during 
this period under different tail risk tolerance levels. In contrast, the MV method obtains the lowest Sharpe ratio, as well as the highest 
volatility, downside risk, and maximum drawdown in the out-of-sample evaluation period. Importantly, this result highlights the poor 

Table 2 
Out-of-sample performance comparisons for the five competing portfolios at α = 0.95 during the evaluation period January 29, 2020 to December 13, 
2021.  

Method AR (10 − 2) Vol (10 − 2) SP CVaR MD TR 

G-E-D-M− C− WCVaR  0.1593  0.0229  0.0239  0.0666  0.1851  0.7581 
D-M− C− WCVaR  0.1294  0.0243  0.0149  0.0866  0.1878  0.6158 
MV  0.0815  0.0257  0.0089  0.0921  0.1988  0.3881 
MV-Shrinkage  0.1357  0.0198  0.0217  0.0624  0.1486  0.6459 
EWP  0.1146  0.0238  0.0133  0.0860  0.1769  0.5457  

Fig. 4. The cumulative return process for the five investment portfolios at α = 0.975 during the evaluation period January 29, 2020 to December 
13, 2021. 
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performance of mainstream investment strategies such as the MV and EWP widely used by practitioners during distress episodes of the 
market. Interestingly, the MV-Shrinkage portfolio manages to report superior performance measures than the simple MV approach. 

4.2. Performance evaluation in the Pre-COVID-19 period 

This section studies portfolio performance over the period preceding the pandemic that we denominate as Pre-COVID 19 (from 
January 2, 2019 to January 28, 2020). The cumulative portfolio return of the five investment strategies is shown in Fig. 6 and the 
corresponding performance statistics are reported in Table 5. Fig. 6 shows very similar performance for the five investment strategies 
during the Pre-COVID-19 period. The EWP slightly outperforms, but in all cases the cumulative return has a clear positive trend. 
Interestingly, though, the proposed G-E-D-M− C− WCVaR strategy maintains its performance showing a robust positive trend during 
the COVID-19 turmoil period whereas the other four methods exhibit a negative trend during the second semester of 2019. 

Fig. 5. The cumulative return process for the four investment portfolios at α = 0.99 during the evaluation period January 29, 2020 to December 
13, 2021. 

Table 3 
The out-of-sample performance statistics for the five investment strategies at α = 0.975 during the evaluation period January 29, 2020 to December 
13, 2021.  

Method AR (10 − 2) Vol (10 − 2) SP CVaR MD TR 

G-E-D-C-WCVaR  0.1548  0.0239  0.0195  0.0795  0.1866  0.7368 
N-D-C-WCVaR  0.1287  0.0243  0.0150  0.0856  0.1885  0.6125 
MV  0.0815  0.0257  0.0089  0.0921  0.1988  0.3881 
MV-Shrinkage  0.1357  0.0198  0.0217  0.0624  0.1486  0.6459 
EWP  0.1146  0.0238  0.0133  0.0860  0.1769  0.5457  

Table 4 
The out-of-sample performance statistics for the five investment strategies at α = 0.99 during the evaluation period January 29, 2020 to December 13, 
2021.  

Method AR (10 − 2) Vol (10 − 2) SP CVaR MD TR 

G-E-D-M− C− WCVaR  0.1517  0.0240  0.0187  0.0810  0.1875  0.7222 
N-D-C-WCVaR  0.1347  0.0246  0.0166  0.0812  0.1791  0.6410 
MV  0.0815  0.0257  0.0089  0.0921  0.1988  0.3881 
MV-Shrinkage  0.1357  0.0198  0.0217  0.0624  0.1486  0.6459 
EWP  0.1146  0.0238  0.0133  0.0860  0.1769  0.5457  
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Table 5 confirms these findings for different performance measures. The dynamic G-E-D-M− C− WCVaR portfolio significantly 
outperforms the different competitors in terms of Sharpe ratio, cumulative return, and CVaR. These results highlight the importance of 
considering the occurrence of extreme events and tail dependence along with the dynamics in the conditional volatility and correlation 
processes present in most modern portfolio allocation methods. 

4.3. Portfolio turnover and transaction costs 

The above analysis highlights the strong performance of the portfolios proposed in this study. On the downside, we observe in Fig. 2 
higher turnover in the optimal allocation of assets comprising our proposed optimal portfolios. The turnover in the EWP is zero, by 
construction. This rapid reaction to unexpected market movements may be the reason for the strong performance of the proposed 
portfolios. However, introducing additional flexibility to the portfolio comes at a price. Dynamic portfolios incur significant trans
action costs due to the need of rebalancing the portfolios more often. Following the investment literature and, in particular, Kirby and 
Ostdiek (2012), Shen et al. (2014), Li et al. (2017) and Zhang et al. (2022), these costs are introduced as percentage rates of the total 
investment. 

Let ŵi,t denote the portfolio weight before rebalancing the portfolio. At time t, the weight in asset i before the portfolio is rebalanced 
is 

ŵi,t =
wi,t− 1

(
1 + ri,t

)

1 +
∑n

j=1wj,t− 1rj,t
(19)  

with wi,t− 1(1 + ri,t) the portfolio wealth invested on asset i and wi,t is the portfolio weight at time t after rebalancing. Portfolio turnover 
(TO) at time t is defined as 

TOt =
∑n

i=1

⃒
⃒wi,t − ŵi,t

⃒
⃒, (20)  

and the associated transaction costs are defined as TCt = πTOt where π is the assumed level of proportional costs per transaction. Kirby 
and Ostdiek (2012) show that the portfolio return, rpt , net of rebalancing transaction costs for period t is given by 

rpt = (1 + wt− 1rt)(1 − TCt) − 1, (21)  

where wt− 1 denotes the vector of portfolio weights after rebalancing and rt is the vector of asset returns. 

Fig. 6. The cumulative return process for the four investment portfolios at α = 0.95 during the evaluation period January 2, 2019 to January 
28, 2020. 

Table 5 
The out-of-sample performance statistics for the five investment strategies at α = 0.95 during the evaluation period January 2, 2019 to January 28, 
2020.  

Method AR (10 − 2) Vol (10 − 2) SP CVaR MD TR 

G-E-D-M− C− WCVaR  0.1892  0.00093  0.1152  0.0164  0.0783  0.5126 
N-D-C-WCVaR  0.1237  0.01117  0.0550  0.0225  0.0905  0.3352 
MV  0.1491  0.00095  0.0665  0.0224  0.0641  0.4042 
MV-Shrinkage  0.1255  0.0124  0.0545  0.0231  0.0888  0.3400 
EWP  0.1255  0.01241  0.0545  0.0230  0.0888  0.3400  
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Fig. 7. The cumulative return process for the five investment portfolios during the evaluation period January 29, 2020 to December 13, 2021 at α =

0.95.T ransaction cost rates are 10, 25, and 50 basis points, respectively. 
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In order to control the amount of portfolio turnover during investment, we set a constraint TR, with TOt < TR, for all t, that es
tablishes the maximum portfolio turnover in each period. Thus, dynamics in the portfolio weights over time are not allowed if TR =
0 whereas a large amount of flexibility is allowed if TR increases. The empirical application below considers TR = 1 and penalize such 
flexibility with different cost rates π = 10,25and50 basis points (bp). The constraint on portfolio turnover is used to smooth the 
portfolio weights over time and avoid wide fluctuations across consecutive periods. 

Fig. 7 reports the cumulative portfolio returns after considering transaction costs TCt = πTOt , with π = 10,25and50 bps, respec
tively.2 As expected, compared with the results in Fig. 3, the cumulative return process considering transaction costs, rpt , declines 
considerably for the three dynamic portfolios but most notably for the G-E-D-M− C− WCVaR and D-M− C− WCVaR investment port
folios. For example, the cumulative returns of the proposed G-E-D-M− C− WCVaR method are 0.6379, 0.6075 and 0.5567, respectively, 
for π = 10,25 and50 bps, showing a monotonic decrease in the profitability of the portfolio as transaction costs rise. Nevertheless, our 
proposed G-E-D-M− C− WCVaR method still outperforms the other four methods. Interestingly, the bottom panel of Fig. 7 shows the 
level of transaction costs that evens the profitability of our proposed strategy and the EWP. 

Table 6 reports the portfolio turnover statistic for the five investment portfolios and confidence levels α = 0.95, 0.975, 0.99. As 
shown in Fig. 2, both the G-E-D-M− C− WCVaR and D-M− C− WCVaR strategies have much higher portfolio turnover rates than the 
other methods. These figures indicate the flexibility of the dynamic robust portfolios to adapt to market conditions. Unsurprisingly, this 
flexibility comes at a cost that is incorporated in the portfolio comparison through the presence of transaction costs. In addition, as the 
MV and EWP approaches do not take the confidence level constraint α into account the portfolio optimization problem, and thus their 
corresponding portfolio weights, do not change under different confidence levels, leading to the same TO value with α = 0.95, 0.975,
0.99 Shen et al. (2014), Li et al. (2017) and Zhang et al. (2022). 

5. Conclusion 

This article proposes an optimal portfolio allocation based on the minimization of a tail risk measure in a worst case scenario. The 
optimization under the worst case adds robustness to the portfolio that is shielded against the presence of parameter uncertainty. 
Conceptually, the portfolio is optimized over a confidence set rather than over maximum likelihood point estimates. This investment 
strategy is particularly fruitful over distress episodes of the market that are characterized by abrupt changes in asset returns. The asset 
allocation obtained from our robust optimal portfolio strategy is dynamic and obtained by considering rolling windows over which to 
minimize the objective risk measure WCVAR. The optimization is achieved in several steps. First, the existence of conditional volatility 
clustering is filtered out using the GJR-GARCH-EVT model for the dynamics of returns. In a second stage, we model the joint 
dependence between the asset returns using a multivariate mixture copula model with particular emphasis on capturing tail events and 
negative extreme dependence. 

Using this model, we have examined the portfolio performance of different portfolios constructed from a set of four representative 
assets (S&P 500, Gold, Bitcoin, and US 5-year Treasury bond) during two periods characterized by market turmoil and the occurrence 
of extreme events caused by the COVID-19 pandemic crisis. The empirical investigation shows that our dynamic WCVaR model al
locates more weight to the assets with lower tail risk and lower tail dependencies. Over the COVID-19 distress episode, this strategy 
achieves superior performance in terms of higher cumulative returns, Sharpe ratio, lower maximum drawdown, and less risk compared 
to several benchmark portfolios widely used in the investment literature such as the minimum-variance and the equally-weighted 
portfolio. The strategy is also competitive before the outbreak of the pandemic suggesting that portfolios focused on minimizing 
tail risk are also useful in calm periods in which extreme returns are not a cause of concern. 
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