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Abstract

Building on the increased interest in oil prices and other financial assets, this
paper examines the dynamic conditional correlations among their implied volatility
indices. We then proceed to the examination of the optimal hedging strategies and
optimal portfolio weights for implied volatility portfolios between oil and fourteen
asset volatilities, which belong to four different asset classes (stocks, commodities,
exchange rates and macroeconomic conditions). The results suggest that the oil
price implied volatility index (OVX) is highly correlated with the US and emerging
stock market volatility indices, whereas the lowest correlations are observed with
the implied volatilities of gold and the Euro/dollar exchange rate. Hedge ratios
indicate that VIX is the least useful implied volatility index to hedge against oil
implied volatility. Finally, we show that investors can benefit substantially by ad-
justing their portfolios based on the dynamic weights and hedge ratios obtained from
the dynamic conditional correlation models, although a trade-off exists between the
level of risk reduction and portfolio profitability.
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1 Introduction

Since the increased financialisation of the oil market over the last 15 years, a growing

literature has emerged examining the time-varying relationship and spillover effects among

oil and financial markets (see, inter alia, Malik and Hammoudeh, 2007; Malik and Ewing,

2009; Filis et al., 2011; Arouri et al., 2011a,b, 2012; Sadorsky, 2012; Chkili et al., 2014;

Broadstock and Filis, 2014; Degiannakis et al., 2014; Khalfaoui et al., 2015; Phan et al.,

2016; Antonakakis et al., 2017; Maghyereh et al., 2017; Antonakakis et al., 2018b). Apart

from the empirical evidence on the spillover effects between oil and financial markets,

there are also policy makers, such as the IMF in their 2015 Spillover Report, who argue

that “...policy actions in advanced economies and the decline in world oil prices last year

have created a ‘spillover-rich’ environment...” (IMF, 2015).

Most studies in this line of research are performed primarily using the first moments

(i.e. returns) of the variables under investigation, as well as, focusing only on the oil and

stock markets (at aggregate, sectorial or firm level) nexus; whereas, there are only few

studies that focus on the second moments, i.e. asset market volatilities (e.g., Malik and

Hammoudeh, 2007; Arouri et al., 2011a,b, 2012; Antonakakis et al., 2018b).

For instance, Malik and Hammoudeh (2007) use a multivariate GARCH model to

study the volatility transmission relationship between US equity market, global crude

oil market and equity markets of Gulf economies. Their empirical findings support a

significant volatility transmission among selected financial markets. In related papers,

Arouri et al. (2011a) and Arouri et al. (2012), considering that industrial sectors may

not all be equally dependent on oil, examine the volatility transmission between oil and

sectorial stock market in Europe and the US. The results suggest a significant volatility

spillover between oil and sector stock returns. Similarly, Arouri et al. (2011b) employ

data from oil and stock returns from the GCC region and report a significant volatility

spillover in most countries, especially during the Global Financial Crisis.

Interestingly enough all aforementioned studies examine solely the oil-stock market

nexus. It is only Mensi et al. (2013) and Maghyereh et al. (2017) that also include other

asset classes in their study, such as commodities and metals, showing increased return

and volatility linkages between oil and commodities markets.
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Parallel to the growing interest in the spillover effects and time-varying interrelations

between oil and stock markets, there is another strand of the literature that emerges

simultaneously and this is related to the diversification strategies that investors could

adopt when forming portfolios that combine oil and other asset classes.

Indicatively, Chang et al. (2011) calculate optimal hedge ratios from different mul-

tivaritate conditional variance models using Brent and WTI crude oil spot and futures

data. Their results support that all four multivariate conditional variance models reduce

the variance of the portfolio between oil spot and futures contracts. In addition, they

show that the models perform better in the WTI market than the Brent market. Chk-

ili et al. (2014) further find that investors can improve the risk-adjusted performance of

their portfolios by exploiting the diversifying and hedging potential of the crude oil asset

through taking appropriate actions in the crude oil futures markets.

Except from studies that assess the time-varying hedging strategies between oil spot

and futures prices, other studies employ similar approach for portfolios comprising oil and

financial assets. For instance, Mensi et al. (2015) examine time-varying hedging strate-

gies between the USD/EUR exchange rate and alternative petroleum prices using bivari-

ate Dynamic Conditional Correlation EGARCH (DCC–EGARCH) model with structural

breaks. They show that more appropriate hedging and asset allocation strategies can be

obtained using a time-varying framework. Basher and Sadorsky (2016) propose Asymmet-

ric DCC (ADCC) and GO-GARCH models using different time series data of oil prices,

emerging market stock returns, gold prices, bond prices and the VIX. For instance, they

obtain that oil is the best asset to hedge emerging market stock prices. Khalfaoui et al.

(2015) analyse the hedge ratio and hedge effectiveness across different time horizons fol-

lowing the methods of Kroner and Ng (1998) and Hammoudeh et al. (2010). Their results

support that hedge ratios are different across scales and investors and financial markets

participant should hold less stocks than crude oil.

Following the hedging approach proposed by Chang et al. (2011), Ewing and Malik

(2016) employ the percentage reduction in variance to measure the hedging effectiveness.

Their results show evidence of cross-market hedging and sharing of common information

by financial market participants in the oil and stock markets. Wang and Liu (2016) also
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use the percentage reduction in variance to measure the hedging effectiveness (Chang

et al., 2011). They show that crude oil risk can be better hedged by investing in stocks of

oil-exporting countries than in those of oil-importing countries. Antonakakis et al. (2018b)

show that the average hedge ratios in the oil price volatility do not change notably in the

pre-, during and post-financial crisis periods.

Despite the wealth of literature in this line of research, there is an important gap

that has been rather ignored, which relates to the investigation of the time-varying re-

lationship and diversification strategies between oil price and financial assets’ implied

volatility indices. This importance stems from two facts. First, implied volatility indices,

being forward-looking measures, are regarded as “fear indices” of the asset class they

represent, and as such, examining their correlations over time could provide important

information on how “fear” in one asset class may be propagated in other asset classes.

This is particularly relevant currently, since the different asset classes have become closer

interlinked with the oil market. Second, implied volatility indices represent investment

assets, which have received increased attention by investors and portfolio managers in

the recent years, hence the importance of examining their time-varying correlations and

diversification strategies.

Against this backdrop, the aim of this paper is twofold. First, we compute the time-

varying correlations between all the available implied volatility indices1 against the OVX

index, which is the implied volatility index of the United States Oil Fund, which ap-

proximates the implied volatility of the WTI crude oil prices. Second, we compute the

optimal hedging strategies, along with their hedging effectiveness and trading profitability,

for two-asset portfolios comprised the OVX and each of the remaining implied volatility

indices, using the estimated dynamic conditional correlations.

Our contributions can be described succinctly. First, unlike the previous literature,

we investigate the time-varying correlations and optimal hedging strategies for implied

volatility indices, which are investment assets, as they are based on specific Exchange

Traded Funds (ETFs). Thus, our findings are of high relevance to investors and portfolio

managers. Second, our data are not confined in the oil and stock market relationship, but

1We consider the implied volatility indices that are provided directly by the CBOE. Please refer to
the data section (Section 2) for further details.
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rather we use the implied volatility indices from oil prices and five other assets classes,

namely stock markets (both from the US and emerging economies), energy commodities,

precious metals, exchange rates and bonds. Third, we extend the evaluation of the hedging

strategies beyond the hedging effectiveness (i.e., percentage of risk reduction compared to

single asset portfolios), so as to incorporate the profitability of investors using the different

strategies. We note that the current literature solely focuses on the evaluation of hedging

strategies based on their hedging effectiveness. Finally, to the best of our knowledge this

study is the first which provides a test statistic for the hedging effectiveness which opens

avenues for further research and is highly valuable for investors and portfolio managers.

We provide different statistics and evaluate them by using Monte Carlo simulation specific

scenarios for the financial markets regarding outliers and distributional assumptions.

Our study employs time series data of daily implied volatility indices over the period

2011-2018, which covers the periods on geopolitical unrest in the Middle-East, as well as,

the decline in oil prices initiated in June 2014. The 2014 large decline in the oil prices

provide a “special case study of oil shock” to investigate the different asset classes implied

volatility indices sensitivity of oil price implied volatility.

In short, our findings show that there is a strong positive association between OVX

and the remaining implied volatility indices, as suggested by the dynamic conditional

correlations, although the highest correlations are observed with the US stock markets

and the emerging stock markets. Furthermore, the results from the optimal hedge ratio

and optimal portfolio weight strategies suggest that investors should follow a dynamic

diversification strategy between OVX and any of the other assets’ implied volatilities,

although the highest risk reduction is achieved by the former strategy. By contrast,

though, the optimal portfolio strategy is the only one that yields positive cumulative

returns over our sample period. These findings suggest that investors, who are interested

in portfolio comprised OVX and any of the other assets’ implied volatilities, have a trade-

off between the required level of risk reduction and portfolio returns.

The remainder of the paper is structured as follows. Section 2 discusses the method-

ology and describes the dataset. Empirical results are presented in Section 3. Finally,

Section 4 concludes the study.
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2 Dataset and Empirical Methodology

Our dataset consists of daily data from fifteen implied volatility indices which can be

grouped into five different assets classes, namely, energy commodities, stock markets,

precious metals, exchange rates and bond market. The specific series are the implied

volatility indices of CBOE Crude Oil ETF (OVX), Euro/dollar currency (EVZ), Gold

ETF (GVZ), Silver ETF (VXSLV), Russell 2000 (RVX), S&P 500 (VIX), Dow Jones

Industrial Average (VXD), NASDAQ-100 (VXN), EFA (Europe, Australia, Asia and the

Far East) ETF (VXEFA), Emerging Markets ETF (VXEEM), Brazil ETF (VXEWZ),

China ETF (VXFXI), CBOE 10-Year Treasury Note (VXTYN), CBOE Equity VIX on

Goldman Sachs (VXGS) and the CBOE Energy Sector ETF (VXXLE). We directly obtain

the implied volatility indices from the Federal Reserve Economic Data of the Federal

Reserve Bank of St. Louis (FRED). The period of the study spans from 16th March 2011

to 28th December 2018 and it is dictated by the common data availability of the series.

Descriptive statistics of the implied volatilities indices, as well as, their plots, are

shown in Table 1 and Figure 1, respectively, whereas Table 2 refers to the descrip-

tive statistics of the returns of the implied volatilities which are calculated as follows:

yt = log(xt) − log(xt−1). Based on Table 1, the daily average implied volatility varies

according to the index, with the lower being the EVZ (9.871%) and the highest being

the OVX. High average daily volatility is also exhibited by VXEFA and VXFXI. The

latter implied volatility index, along with OVX and VXTYN exhibits very high volatility.

Furthermore, almost all implied volatility series present excess kurtosis and are positively

skewed. Finally, all series are not normally distributed, as it is evident by the Jarque-Bera

test. The ERS test (known as the ADF-GLS test) proposed by Stock et al. (1996) is sig-

nificant for all series, suggesting that all implied volatility series are stationary. Finally,

it is evident that our series are subject to autocorrelation and exhibit ARCH effects (see,

LB(20) and LiMak(20) tests, respectively). Similar observations are shown in Table 2.

[Insert Table 1 around here]

[Insert Table 2 around here]

Figure 1 also confirms the increased volatility of OVX and EFA implied volatility
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indices. Furthermore, we show that VIX also demonstrates high values during 2011,

whereas the OVX, apart from the late 2011, it fluctuates at very high values during the

period 2014-2015, which is the period of the most recent oil price collapse, as well as, in

2016, which reflects the disagreement between OPEC and non-OPEC countries to curb

oil production due to declining demand.

[Insert Figure 1 around here]

Having analysed the dataset of this study, we proceed with the description of our

empirical analysis, which consists of the following two steps. In the first step, we estimate

the time-varying correlations between oil price implied volatility and eleven other implied

volatility indices, so as to assess the dynamic linkages between the aforementioned series.

Subsequently, we use this information for the construction of the optimal investment

strategies.

2.1 DCC-GARCH t-Copula

We are estimating a mixed DCC-GARCH t-Copula model a la Antonakakis et al. (2018a).

With this model we estimate time-varying variance-covariances and time-varying condi-

tional correlations. Generally, the model can be formulated as follows:

xt =H
−1/2
t zt zt ∼ tη, (1)

where Ht is the time-varying variance-covariance matrix, zt are the standardized residuals,

and tη is the a N-dimensional multivariate Student’s t distribution with η degrees of

freedom.

According to Joe (1997), copulas are very flexible tools which allow to model de-

pendencies across random variables. According to to Sklar (1959) theorem, there is a

linkage between copula functions and joint distribution functions of random variables.

Let FX1,...,XN
be the joint distribution function of the random variables X1, ..., XN with

continuous marginal distribution functions FX1 , ..., FXN
. In this case, there exists a unique
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N-dimensional copula distribution function C which can be written as,

FX1,...,XN
= C(FX1(x1), ..., FXN

(xN)), (2)

where FXi
= ui, i = 1, ..., N are uniformly distributed. This leads to:

C(u1, ..., uN) = FX1,...,XN
(F−1

X1
(u1), ..., F−1

XN
(uN)). (3)

Patton (2006) has shown that copulas can also be based on conditional distributions

on which our estimated DCC-GARCH t-copula model is based upon:

C(u1, ..., uN |Rt, η) =tη(F
−1
X1

(u1|•1), ..., F−1
XN

(uN |•N)) (4)

=

∫ F−1
1 (u1)

−∞
...

∫ F−1
N (uN )

−∞

Γ(η+N
2

)

Γ(η
2
)(ηπ)N/2|Rt|1/2

(1 +
1

η
z′tR

−1
t zt)

(η+N)/2dz1, ..., dzN ,

(5)

where F−1
Xi

(ui|•i) represents the conditional distribution and •i represents the estimated

parameters of the selected univariate GARCH model. This demonstrates that the un-

derlying unvariate GARCH models of the DCC-GARCH t-copula are allowed to have

different marginal distributions.

In a next step, we use the fundamental DCC-GARCH concept of Engle (2002) to calcu-

late time-varying variance-covariances and dynamic conditional correlations, Rt. Hereby,

the time-varying variance-covariances are constructed as follows:

Ht = DtRtDt, (6)

where Dt = diag(h11t, ..., hNNt), which follow a univariate GARCH process. To find the

most appropriate univariate GARCH model we estimate all restricted family GARCH
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models (Hentschel, 1995)2. The family GARCH model can be formulated by:

hλiiit =ωi + αih
λi
iit−1(|zit−1 − ζi| − γi(zit−1 − ζi))δi + βhλiiit−1. (7)

After calculating the time-varying variance-covariances, we compute the the dynamic

conditional correlations, Rt, which are based on the standardized residuals’ conditional

variance-covariances, Qt, that are assumed to follow a GARCH(1,1) model Engle (2002):

Qt =(1− a− b)Q̄ + azt−1z
′
t−1 + bQt−1 (8)

Rt =diag(Qt)
−1/2Qtdiag(Qt)

−1/2, (9)

where Q̄ is the unconditional variance-covariance matrix of the standardized residuals, a

is the shock parameter and b is the persistency parameter. A stationary process requires

that a > 0, b > 0 and a+ b < 1.

Since Rt is a multivariate Pearson correlation coefficient that fully defines the mul-

tivariate normal dependence structure, however is very restrictive and cannot capture

tail dependencies, we calculate an alternative measure: Kendall’s τ (Kruskal, 1958), This

measure is based on rank correlations and is not as restrictive as the Pearson correlation

coefficient. According to Lindskog et al. (2003), the Kendall and the Pearson correlation

coefficient share a one-to-one relationship which can be written as follows:

τ(εi, εj) = 2
π
[1−

∑
ε∈R

P (Xi = x)2]arcsin(Rijt). (10)

2.2 Dynamic Hedge Ratios

Furthermore, we are interested in hedging costs and portfolio diversification. Thus, we

calculate hedge ratios a la Kroner and Sultan (1993) and optimal portfolio weights a la

Kroner and Ng (1998). Hedge ratios determine the costs of hedging a 1 USD long position

2We are using the GARCH selection criterion introduced by Antonakakis et al. (2018a) and extend
their approach by taking under consideration even more models. This can be done conveniently by using
the family GARCH model which is an omnibus model including the GARCH (Bollerslev, 1986), IGARCH
(Engle and Bollerslev, 1986), EGARCH (Nelson, 1991), AVGARCH (Schwert, 1990), TGARCH (Zakoian,
1994), GJRGARCH (Glosten et al., 1993), NGARCH (Higgins et al., 1992), NAGARCH (Engle and Ng,
1993), and APARCH (Ding et al., 1993) as special cases. The interested reader is referred to Ghalanos
(2012, 2018).
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in variable i with a βijt USD short position in variable j. This can be calculated by

βijt =
hijt
hjjt

, (11)

where hijt is the conditional covariance of variable i and j. This implies that higher

conditional variances lead to lower long position hedging costs whereas an increase in the

conditional covariances will increase the long position hedging costs.

2.3 Dynamic Portfolio Weights

The portfolio weights between variable i and j are computed by

wijt =
hjjt − hijt

hiit − 2hijt + hjjt
. (12)

However, this calculation allows for weights above one or below zero. Since we are only

interested in long-positions, we impose restrictions on the weights so that they cannot

exceed one or deceed zero:

wijt =


0 if wijt < 0

wijt if 0 ≤ wjit ≤ 1

1 if wijt > 1

(13)

where wijt is the weight of variable i in a 1 USD portfolio of two variable i and j at time

t. The second weight regarding variable j is wjit = (1− wijt).

2.4 Hedging Effectiveness

Finally, it is essential to calculate the effectiveness of the hedging and portfolio techniques.

This is done by computing the hedging effectiveness a la Ederington (1979) which can be
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written as

rβ =xit − βjitxjt, (14)

rw =wijtxit + (1− wijt)xjt, (15)

HEi =1− V ar(rw,β)

V ar(runhedged)
, (16)

where V ar(runhedged) denotes the variance of the unhedged position between variable i

and j and V ar(rw,β) is the hedged portfolio variance either from the optimal hedge ratio

or the optimal portfolio weight strategy. Intuitively speaking, HEi represents the percent

reduction in the variance of the unhedged position. The higher HEi is the larger is the risk

reduction. To the best of our knowledge this is the first paper to introduce a test statistic

regarding the HE which informs us if the reduction in the risk is significant or not. Since

the second part of the HE is nothing more than a variance ratio we can estimate if the

reduction is significant or not by using an F-statistic. However, the power of an F-statistics

is pretty low when the underlying variable is not normally distributed – which is often the

case when it comes to financial series – hence, such statistics would not be sufficient. To

find the most appropriate test statistic for our HE we conduct a Monte Carlo simulation

under different scenarios which should reflect the characteristics of financial series better.

Given the fact that we are often dealing with fat tails, excess events and with survivor

bias (skewed distributions) in the financial market, we are simulating the deviance ratio

of a normal, Student’s t and generalized error distribution, their skewed versions and with

and without outliers to check which test statistic is the most appropriate one. Table 3

illustrates that the Brown and Forsythe (1974) test outperforms the parametric F test, the

Levene (1960) test, and the nonparametric Fligner and Killeen (1976) test. As expected

the F-test reveals low power when the underlying variable is not normally distributed and

the Levene and Fligner-Killeen test have low power when we have a skewed distribution,

whereas the Brown & Forsyth test has none of the aforementioned issues. Hence, the

Brown & Forsyth test is used to estimate whether the variance reduction using one of our

investment techniques is successful or not.

[Insert Table 3 around here]
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3 Empirical Results

3.1 Dynamic Conditional Correlations and Hedging Strategies

Table 4 and Figure 2 show the dynamic conditional correlations between the implied

volatility indices of oil and each of the selected assets from the DCC-GARCH t-Copula

model. The dynamic conditional correlations suggest a strong association between these

implied volatilities. The main characteristic of all corrections is that even though they

tend to fluctuate at the positive region with an average correlation of about 0.4, there are

clear peaks and troughs. The positive correlations are anticipated given that there is a

clear ‘contagion’ effect that is observed in implied volatilities and has been documented

in previous studies (see, for instance, King and Wadhwani, 1990; Äijö, 2008; Liu et al.,

2013).

Table 4 and Figure 2 also confirm that the highest correlations are mainly exhibited

with the US stock markets (RVX, VIX, VXN) and the emerging markets (VXEEM).

Another interesting finding is the low correlations that are observed between OVX and

GVZ, EVZ and VXXLE. The latter findings are not in line with Ewing and Malik (2013)

and Liu et al. (2013) who show a higher correlation figures between oil price volatility

and gold or Euro/dollar volatilities. This can be attributed to the fact that Ewing and

Malik (2013) and Liu et al. (2013) use a limited number of assets, contrary to the present

study that considers a much wider set of implied volatility indices so as to capture their

full dynamics.

[Insert Table 4 around here]

[Insert Figure 2 around here]

Having documented that there is indeed strong and time-varying relationship between

the implied volatility returns of oil and the remaining assets, it is important to proceed

to the examination of diversification strategies. In our study, we use two main strategies,

namely optimal hedge ratios and optimal portfolio weights. We should note that we only

assess the ability of implied volatility indices to offer hedging to investors that take a long

position in the OVX, as well as, the OVX hedging capability when an investor takes a
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long position in any of the remaining implied volatility indices. Similarly, in the optimal

portfolio weights strategy we only consider two-asset portfolios comprised by OVX and

one additional implied volatility index.

Table 5 includes the basic statistics of the optimal hedge ratios for the aforementioned

long/short positions. The median value of the hedge ratio between a long position in

OVX and short position in the other implied volatilities range between 23 and 47 cents

indicating that the cheapest hedge for the $1 long position in OVX is obtained with

VXXLE (23 cents), followed by VXGS (24 cents), GVZ and EVZ (26 cents) and VIX

(28 cents), while the most expensive with VXN (47 cents). The latter evidence indicates

that VXN is the least useful index to hedge against OVX. Furthermore, it is important to

highlight that the exchange rate and precious metals implied volatility indices are cheaper

hedging assets compared to the majority of stock market implied volatilities. Similarly,

the hedging cost of a $1 long position in each of the selected implied volatility indices using

a short position in the OVX, also present some variation. For instance, OVX provides the

cheapest hedge for $1 long position in VXXLE (23 cents) and EVZ (25 cents), whereas 68

and 67 cents of the dollar are required to hedge $1 dollar in VIX and VXN, respectively.

Thus, we can observe that OVX could be particularly useful to hedge long positions in

VXXLE, EVZ, VXFXI and GVZ.

[Insert Table 5 around here]

Table 5 further suggests that these optimal hedge ratios are not constant over time, as

depicted by the standard deviation and the 5% and 95% percentiles. The later finding is

also confirmed in Figure 3, which demonstrates the time-varying behavior of the optimal

hedge ratios, suggesting that investors should be employing a dynamic rather than static

hedging strategy. The most volatile hedge ratios are observed when a long position in

OVX is hedged with one of the stock market implied volatility indices and more apparent

with US stock indices of VXN and VXFXI. Nevertheless, we should highlight the fact

that we cannot really document a material difference in the standard deviations of the

hedge ratios for a long position in the OVX. On the other hand, the hedge ratios when

OVX is the hedge asset seem to be more volatile. For instance, there is a high variability

in the hedge ratios between VIX/OVX and VXD/OVX, whereas the reverse is evident for
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EVZ/OVX and VXXLE/OVX. Thus, investors who hedge their long position in the EVZ

and VXXLE using the OVX do only benefit from a cheap hedge but also from a relative

stable ratio.

Finally, Figure 3 reveals that in many cases there is a peak in the hedge ratios during

the period 2015-16. A plausible explanation can be found in a series of economic events,

with the most important being the contraction of the Japanese economy, the negative

developments in the Greek debt crisis and the Brexit vote. The latter two events were

also responsible for the global stock market sell-off that was observed in 2015-2016.

[Insert Figure 3 around here]

An alternative diversification strategy to optimal hedge ratios is the optimal portfolio

weights. The results of the dynamic optimal portfolio weights for two-asset portfolios

comprising of oil and one of the remaining implied volatilities are presented in Table 6.

[Insert Table 6 around here]

The median weight reflects the dollar cents that need to be invested in OVX in any $1

portfolio. For instance, in the OVX/GVZ portfolio, 59 cents should be invested in OVX

and 41 cents in GVZ. For the majority of the portfolios OVX assumes the highest weight

(with the only exceptions being the portfolios comprised OVX/EVZ, and OVX/VXFXI).

As in the case of optimal hedge ratios, the optimal portfolio weights also exhibit a time-

varying character, as shown by the standard deviation and 5%/95% percentiles of Table 6,

as well as, Figure 4. Once again, the dynamic character of this strategy further confirms

the need for active portfolio rebalancing, rather than the adoption of a static approach

(e.g., buy and hold).

[Insert Figure 4 around here]

In order to make suggestion of which strategy in implied volatility indices should be

followed by investors, we need to assess the different strategies according to two criteria,

namely, (i) their hedging effectiveness and (ii) their profitability.
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Hedging effectiveness shows the risk reduction that investors can achieve based on a

hedged position either using the dynamic portfolio weight or dynamic hedge ratio strate-

gies, compared to an unhedged position in the OVX. The results in Table 7 suggest that

in all cases investing in the OVX makes someone better off than hedge their position

using a dynamic hedge ratio strategy. Even more, we show that the highest effectiveness

is achieved with VXGS and VIX, providing evidence that there are not only among the

cheapest hedges (as shown in Table 5) but also among the most effective.

[Insert Table 7 around here]

Finally, we calculate the cumulative profits of the aforementioned diversification strate-

gies for the period 2011-2018, which are presented in Figure 5 and Table 8. For robustness

purposes we do not present only the cumulative profits from the dynamic portfolio weights

and dynamic optimal hedge ratios but we also include the constant portfolio weights based

on the median of the portfolio weights, the equally weighted portfolio and the buy and

hold (unhedged) strategy.

[Insert Table 8 around here]

[Insert Figure 5 around here]

It is evident from Figure 5 and Table 8 that the only diversification strategy that yield

positive cumulative returns is the dynamic portfolio weights. This finding is interesting

since it illustrates the superiority of the dynamic portfolio weights regarding profits. The

highest profits are observed in portfolios which consist of the OVX and VIX, VXD and

VXSLV. Furthermore, someone should keep in mind that hedging a position should reduce

the risk of an investor and hence its fundamental goal goal is reached as indicated by Table

7).

4 Concluding Remarks

This paper employs the DCC-GARCH t-Copula (Patton, 2006) to examine the dynamic

conditional correlation among the implied volatilities of oil and fourteen indices that are
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related to five different assets classes, i.e. energy commodities, stock markets, precious

metals, exchange rates and bonds. We use daily data from 16th March, 2011 to 28th

December, 2018. In addition, we study optimal hedging strategies and optimal portfolio

weights for pair variables using the hedge ratios and the optimal portfolio weights initially

proposed by Kroner and Sultan (1993) and Kroner and Ng (1998), respectively.

The optimal hedge ratios and optimal portfolio weights strategies, based on the con-

ditional variances and covariances of the DDC-GARCH t-Copula, report that they are

indeed time-varying, and hence a dynamic portfolio rebalancing is suggested to investors.

More importantly, we show that the most effective hedging strategy for OVX is the op-

timal hedge ratios compared to the optimal portfolio weights. Nevertheless, hedging

effectiveness considers solely the risk profile of the portfolio. Examining the cumulative

profit profile of these strategies we maintain that it is mainly the optimal portfolio weights

strategy that yields positive returns over the period of the study. This highlights the fact

that the most effective diversification strategy is not necessarily the most profitable one.

Furthermore, we introduced a test statistic for the hedging effectiveness measure of

Ederington (1979). Until now this measure has been reported in multiple studies the re-

duction of the unhedged position’s variance without being able to illustrate whether this

variance reduction has been significant or not. This study has shown that the hedging ef-

fectiveness measure follows an F-distribution given that the variables under consideration

are normally distributed. As this distributional assumption is often rejected in finance as

variables have often fat tails, we have conducted multiple Monte Carlo simulations with

various distributional assumptions which led to the conclusion that the Brown & Forsyth

test is the best among alternatives.

Overall, our empirical evidence provides new insights regarding the time-varying cor-

relations and optimal hedging strategies between the implied volatilities of the oil prices

and different asset classes, which have implications for practitioners, commodity and insti-

tutional investors, portfolio and risk managers. First, the paper highlights the importance

of the dynamic portfolio rebalancing between OVX and the remaining implied volatilities,

as well as, dynamic hedge ratio approach, as opposed to passive investment strategies.

Furthermore, we show that investors who are primarily interested in the portfolio returns
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comprising OVX and another implied volatility index, they should rebalance their portfo-

lios using a dynamic weighting strategy. By contrast, should they be primarily interested

in reducing their risk, then the dynamic hedge ratios would be the preferred strategy.

Finally, our findings suggest that investors should allocate, on average, the largest part of

their funds in the OVX when forming their implied volatility portfolios, whereas, should

they want to hedge their long or short OVX positions, the preferred assets are the implied

volatility of the CBOE energy sector, gold and the EUR/USD currency.

These results open several avenues for further research. The most important being the

ex-ante analysis of the aforementioned strategies, based on a forecasting exercise. Finally,

we want to stress out that we have slightly extended the methodology Antonakakis et al.

(2018a) provided by including NARCH, NGARCH and APARCH models and provided

the hedging literature with a powerful test statistic for the hedging effectiveness indicator

which is of major importance in the field of portfolio and risk management.
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Figure 1: Implied Volatility Indices

Note: OVX = CBOE Crude Oil ETF volatility index, GVZ = Gold ETF volatility index, EVZ = Euro/dollar currency
volatility index, RVX = Russell 2000 volatility index, VIX = S&P 500 volatility index, VXD = CBOE DJIA Volatility
Index, VXEEM = Emerging Markets ETF volatility index, VXEFA = EFA (Europe, Australia, Asia and the Far East)

ETF volatility index, VXEWZ = Brazil ETF volatility index, VXFXI = China ETF volatility index, VXSLV = Silver ETF
volatility index, VXN = NASDAQ-100 volatility index, VXXLE = CBOE Energy Sector ETF volatility index, VXTYN =

CBOE 10-Year Treasury Note volatility index, VXGS = CBOE Equity VIX on Goldman Sachs volatility index.

Figure 2: Dynamic Conditional Correlations

Note: OVX = CBOE Crude Oil ETF volatility index, GVZ = Gold ETF volatility index, EVZ = Euro/dollar currency
volatility index, RVX = Russell 2000 volatility index, VIX = S&P 500 volatility index, VXD = CBOE DJIA Volatility
Index, VXEEM = Emerging Markets ETF volatility index, VXEFA = EFA (Europe, Australia, Asia and the Far East)

ETF volatility index, VXEWZ = Brazil ETF volatility index, VXFXI = China ETF volatility index, VXSLV = Silver ETF
volatility index, VXN = NASDAQ-100 volatility index, VXXLE = CBOE Energy Sector ETF volatility index, VXTYN =

CBOE 10-Year Treasury Note volatility index, VXGS = CBOE Equity VIX on Goldman Sachs volatility index.
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Figure 3: Dynamic Optimal Hedge Ratios (long/short)

Note: OVX = CBOE Crude Oil ETF volatility index, GVZ = Gold ETF volatility index, EVZ = Euro/dollar currency
volatility index, RVX = Russell 2000 volatility index, VIX = S&P 500 volatility index, VXD = CBOE DJIA Volatility
Index, VXEEM = Emerging Markets ETF volatility index, VXEFA = EFA (Europe, Australia, Asia and the Far East)

ETF volatility index, VXEWZ = Brazil ETF volatility index, VXFXI = China ETF volatility index, VXSLV = Silver ETF
volatility index, VXN = NASDAQ-100 volatility index, VXXLE = CBOE Energy Sector ETF volatility index, VXTYN =

CBOE 10-Year Treasury Note volatility index, VXGS = CBOE Equity VIX on Goldman Sachs volatility index.

Figure 4: Dynamic Optimal Portfolio Weights

Note: OVX = CBOE Crude Oil ETF volatility index, GVZ = Gold ETF volatility index, EVZ = Euro/dollar currency
volatility index, RVX = Russell 2000 volatility index, VIX = S&P 500 volatility index, VXD = CBOE DJIA Volatility
Index, VXEEM = Emerging Markets ETF volatility index, VXEFA = EFA (Europe, Australia, Asia and the Far East)

ETF volatility index, VXEWZ = Brazil ETF volatility index, VXFXI = China ETF volatility index, VXSLV = Silver ETF
volatility index, VXN = NASDAQ-100 volatility index, VXXLE = CBOE Energy Sector ETF volatility index, VXTYN =

CBOE 10-Year Treasury Note volatility index, VXGS = CBOE Equity VIX on Goldman Sachs volatility index.
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Figure 5: Cumulative Returns of the Diversification Strategies

Note: The y-axis represents cumulative % returns of the different diversifications strategies. OVX = CBOE Crude Oil ETF
volatility index, GVZ = Gold ETF volatility index, EVZ = Euro/dollar currency volatility index, RVX = Russell 2000
volatility index, VIX = S&P 500 volatility index, VXD = CBOE DJIA Volatility Index, VXEEM = Emerging Markets

ETF volatility index, VXEFA = EFA (Europe, Australia, Asia and the Far East) ETF volatility index, VXEWZ = Brazil
ETF volatility index, VXFXI = China ETF volatility index, VXSLV = Silver ETF volatility index, VXN = NASDAQ-100
volatility index, VXXLE = CBOE Energy Sector ETF volatility index, VXTYN = CBOE 10-Year Treasury Note volatility

index, VXGS = CBOE Equity VIX on Goldman Sachs volatility index.
We have cumulated the the daily profits by assuming that an investor is investing $1 a day and take on the other day the
dollar and the returns out. This strategy is not the usual one used in this literature however we overcome the problem of
compound interest. Furthermore, this strategy allows us to compare the cumulative results during a specific period with
each other since we only have to shift the equity line vertically. This would not be possible using an approach where you

invest in the beginning and take all your investment plus profits/losses out at the end of the sample.
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Table 1: Descriptive Statistics: Implied Volatility Raw Data

Mean Variance Skewness Kurtosis JB ERS LB(20) LiMak(20)

OVX 33.216 127.008 0.762∗∗∗ 0.347∗∗∗ 182.992∗∗∗ -2.068∗∗ 15600.671∗∗∗ 57.275∗∗∗
GVZ 17.588 22.714 1.237∗∗∗ 2.270∗∗∗ 845.218∗∗∗ -3.779∗∗∗ 13971.471∗∗∗ 66.778∗∗∗
EVZ 9.871 7.84 0.780∗∗∗ 0.293∗∗ 189.057∗∗∗ -2.226∗∗ 15693.663∗∗∗ 23.041∗∗∗
RVX 20.799 41.217 2.423∗∗∗ 6.917∗∗∗ 5349.661∗∗∗ -1.620∗ 14718.398∗∗∗ 135.362∗∗∗
VIX 16.291 31.996 2.032∗∗∗ 5.111∗∗∗ 3197.765∗∗∗ -1.780∗ 12416.023∗∗∗ 119.876∗∗∗
VXD 15.453 24.005 2.060∗∗∗ 5.134∗∗∗ 3249.973∗∗∗ -2.012∗∗ 12936.497∗∗∗ 121.661∗∗∗
VXEEM 23.449 52.079 1.909∗∗∗ 5.079∗∗∗ 3028.513∗∗∗ -2.460∗∗ 13128.918∗∗∗ 86.578∗∗∗
VXEFA 32.839 77.57 1.037∗∗∗ 1.122∗∗∗ 417.277∗∗∗ -4.489∗∗∗ 12832.907∗∗∗ 26.896∗∗∗
VXEWZ 26.107 50.537 1.538∗∗∗ 3.189∗∗∗ 1472.656∗∗∗ -2.417∗∗ 12945.288∗∗∗ 52.752∗∗∗
VXFXI 30.575 94.09 1.467∗∗∗ 3.245∗∗∗ 1435.418∗∗∗ -1.521 14474.956∗∗∗ 18.684∗∗
VXSLV 18.099 27.582 1.933∗∗∗ 4.607∗∗∗ 2713.267∗∗∗ -1.795∗ 12091.974∗∗∗ 62.798∗∗∗
VXN 23.053 53.412 1.421∗∗∗ 2.124∗∗∗ 944.009∗∗∗ -2.467∗∗ 14031.705∗∗∗ 64.416∗∗∗
VXXLE 5.424 1.294 0.872∗∗∗ 0.527∗∗∗ 249.109∗∗∗ -0.912 13749.128∗∗∗ 34.276∗∗∗
VXTYN 28.106 90.314 2.341∗∗∗ 6.980∗∗∗ 5298.406∗∗∗ -3.444∗∗∗ 13226.689∗∗∗ 164.610∗∗∗
VXGS 19.012 63.023 1.906∗∗∗ 4.655∗∗∗ 2715.148∗∗∗ -1.175 14588.858∗∗∗ 144.643∗∗∗

Note: JB=Jarque-Bera test, ERS= Stock et al. (1996) Augmented Dickey-Fuller with generalized least squares
(ADF-GLS), LB(20)= Ljung-Box test for autocorrelation, LiMak(20) = Fisher and Gallagher (2012) test for ARCH effects.
OVX = CBOE Crude Oil ETF volatility index, GVZ = Gold ETF volatility index, EVZ = Euro/dollar currency volatility

index, RVX = Russell 2000 volatility index, VIX = S&P 500 volatility index, VXD = CBOE DJIA Volatility Index,
VXEEM = Emerging Markets ETF volatility index, VXEFA = EFA (Europe, Australia, Asia and the Far East) ETF
volatility index, VXEWZ = Brazil ETF volatility index, VXFXI = China ETF volatility index, VXSLV = Silver ETF

volatility index, VXN = NASDAQ-100 volatility index, VXXLE = CBOE Energy Sector ETF volatility index, VXTYN =
CBOE 10-Year Treasury Note volatility index, VXGS = CBOE Equity VIX on Goldman Sachs volatility index.

Table 2: Descriptive Statistics: Implied Volatility Indices Log-Returns

Mean Median Max Min Std.Dev. Skewness Kurtosis Jarque-Bera ERS Obs.

OVX 0.010 -0.306 42.497 -43.991 4.923 0.914 ∗∗∗ 13.915 ∗∗∗ 10008.1 ∗∗∗ -21.225 ∗∗∗ 1,961
GVZ -0.017 -0.426 48.073 -30.692 5.413 0.943 ∗∗∗ 9.815 ∗∗∗ 4085.9 ∗∗∗ -11.651 ∗∗∗ 1,961
EVZ -0.026 -0.109 28.910 -39.808 4.615 -0.170 ∗∗∗ 8.495 ∗∗∗ 2476.7 ∗∗∗ -19.515 ∗∗∗ 1,961
RVX -0.008 -0.234 54.045 -36.428 6.018 0.822 ∗∗∗ 9.188 ∗∗∗ 3349.1 ∗∗∗ -6.418 ∗∗∗ 1,961
VIX -0.007 -0.474 76.825 -31.414 7.844 1.160 ∗∗∗ 10.604 ∗∗∗ 5163.9 ∗∗∗ -5.808 ∗∗∗ 1,961
VXD -0.001 -0.374 35.114 -40.810 7.131 0.550 ∗∗∗ 6.929 ∗∗∗ 1360.6 ∗∗∗ -5.439 ∗∗∗ 1,961
VXEEM -0.014 -0.553 50.486 -29.807 6.219 0.879 ∗∗∗ 7.633 ∗∗∗ 2006.4 ∗∗∗ -6.199 ∗∗∗ 1,961
VXEFA 0.007 -0.220 32.396 -61.958 5.020 -0.364 ∗∗∗ 17.997 ∗∗∗ 18419.4 ∗∗∗ -9.829 ∗∗∗ 1,961
VXEWZ -0.015 -0.411 36.577 -20.281 5.164 0.872 ∗∗∗ 6.934 ∗∗∗ 1513.3 ∗∗∗ -3.600 ∗∗∗ 1,961
VXFXI -0.038 -0.447 56.610 -25.126 4.761 1.751 ∗∗∗ 17.262 ∗∗∗ 17622.7 ∗∗∗ -12.207 ∗∗∗ 1,961
VXSLV 0.001 -0.552 46.891 -25.615 6.710 0.852 ∗∗∗ 6.801 ∗∗∗ 1417.8 ∗∗∗ -6.916 ∗∗∗ 1,961
VXN 0.001 -0.354 29.808 -31.032 5.627 0.494 ∗∗∗ 5.630 ∗∗∗ 644.9 ∗∗∗ -5.312 ∗∗∗ 1,961
VXXLE -0.034 -0.180 28.768 -23.979 4.632 0.246 ∗∗∗ 5.714 ∗∗∗ 621.5 ∗∗∗ -10.145 ∗∗∗ 1,961
VXTYN 0.008 -0.352 44.377 -29.290 6.423 0.705 ∗∗∗ 7.723 ∗∗∗ 1985.6 ∗∗∗ -4.503 ∗∗∗ 1,961
VXGS -0.033 -0.407 55.651 -68.669 8.681 -0.064 11.060 ∗∗∗ 5308.8 ∗∗∗ -4.205 ∗∗∗ 1,961

Note: JB=Jarque-Bera test, ERS= Stock et al. (1996) Augmented Dickey-Fuller with generalized least squares
(ADF-GLS), LB(20)= Ljung-Box test for autocorrelation, LiMak(20) = Fisher and Gallagher (2012) test for ARCH effects.
OVX = CBOE Crude Oil ETF volatility index, GVZ = Gold ETF volatility index, EVZ = Euro/dollar currency volatility

index, RVX = Russell 2000 volatility index, VIX = S&P 500 volatility index, VXD = CBOE DJIA Volatility Index,
VXEEM = Emerging Markets ETF volatility index, VXEFA = EFA (Europe, Australia, Asia and the Far East) ETF
volatility index, VXEWZ = Brazil ETF volatility index, VXFXI = China ETF volatility index, VXSLV = Silver ETF

volatility index, VXN = NASDAQ-100 volatility index, VXXLE = CBOE Energy Sector ETF volatility index, VXTYN =
CBOE 10-Year Treasury Note volatility index, VXGS = CBOE Equity VIX on Goldman Sachs volatility index.
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Table 3: Monte Carlo Simulation: Power of Variance Tests

F-Test Levene Test Brown & Forsyth Test Fligner-Killeen Test
10% 5% 1% 10% 5% 1% 10% 5% 1% 10% 5% 1%

N(0,1) 10.3 4.9 0.9 10.3 5.0 1.0 9.9 4.7 0.9 9.5 4.4 0.9
t(3) 52.2 45.2 32.8 9.9 5.0 0.9 9.7 4.9 0.8 10.1 5.3 0.9
GED(0,1) 29.2 20.7 9.3 9.9 4.7 1.0 9.6 4.5 0.9 9.7 4.4 0.8
Skewed N(0,1,2) 14.4 7.9 2.2 12.6 6.7 1.7 10.2 5.0 1.2 11.2 5.5 1.2
Skewed t(3,2) 59.2 52.3 40.4 13.0 6.6 1.6 9.6 4.1 0.7 12.1 6.6 1.7
Skewed GED(0,1,2) 37.7 28.7 16.3 15.5 8.3 2.4 9.7 4.8 0.8 13.7 7.7 2.0
N(0,1) with Outlier 99.9 99.8 98.8 7.2 2.3 0.1 7.1 2.2 0.1 9.6 4.5 1.0
t(3) with Outlier 97.7 97.1 95.6 3.1 0.5 0.0 3.1 0.5 0.0 8.9 4.5 0.7
GED(0,1) with Outlier 99.7 98.6 92.4 7.9 3.2 0.2 7.7 3.0 0.2 9.4 4.5 0.8

Note: For each scenario, we repeated the statistics estimation process 50, 000 times based upon simulated time series with
1, 000 observations (each series in the dataset consists of 1,961 observations).

Table 4: Dynamic Conditional Correlations

τijt Coefficient Std. Error

OVX-GVZ 0.301∗∗∗ [0.002]
OVX-EVZ 0.252∗∗∗ [0.001]
OVX-RVX 0.444∗∗∗ [0.002]
OVX-VIX 0.425∗∗∗ [0.002]
OVX-VXD 0.420∗∗∗ [0.002]
OVX-VXEEM 0.449∗∗∗ [0.002]
OVX-VXEFA 0.400∗∗∗ [0.002]
OVX-VXEWZ 0.389∗∗∗ [0.002]
OVX-VXFXI 0.310∗∗∗ [0.002]
OVX-VXSLV 0.436∗∗∗ [0.002]
OVX-VXN 0.555∗∗∗ [0.001]
OVX-VXXLE 0.233∗∗∗ [0.002]
OVX-VXTYN 0.351∗∗∗ [0.002]
OVX-VXGS 0.400∗∗∗ [0.002]
α 0.013∗∗∗ [0.001]
β 0.972∗∗∗ [0.005]
df 21.575∗∗∗ [1.864]

Note: ρijt denotes the time-varying conditional correlation. *** denotes significance at 1% level. OVX = CBOE Crude Oil
ETF volatility index, GVZ = Gold ETF volatility index, EVZ = Euro/dollar currency volatility index, RVX = Russell

2000 volatility index, VIX = S&P 500 volatility index, VXD = CBOE DJIA Volatility Index, VXEEM = Emerging
Markets ETF volatility index, VXEFA = EFA (Europe, Australia, Asia and the Far East) ETF volatility index, VXEWZ

= Brazil ETF volatility index, VXFXI = China ETF volatility index, VXSLV = Silver ETF volatility index, VXN =
NASDAQ-100 volatility index, VXXLE = CBOE Energy Sector ETF volatility index, VXTYN = CBOE 10-Year Treasury

Note volatility index, VXGS = CBOE Equity VIX on Goldman Sachs volatility index.
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Table 5: Dynamic Optimal Hedge Ratios

βjit Median Std.Dev. 5% 95%

OVX/GVZ 0.260 0.100 0.160 0.430
OVX/EVZ 0.250 0.110 0.140 0.460
OVX/RVX 0.340 0.110 0.230 0.550
OVX/VIX 0.260 0.090 0.170 0.440
OVX/VXD 0.270 0.080 0.180 0.440
OVX/VXEEM 0.340 0.110 0.230 0.530
OVX/VXEFA 0.370 0.120 0.230 0.630
OVX/VXEWZ 0.360 0.120 0.220 0.580
OVX/VXFXI 0.290 0.120 0.170 0.500
OVX/VXSLV 0.290 0.100 0.180 0.480
OVX/VXN 0.460 0.130 0.320 0.690
OVX/VXXLE 0.230 0.100 0.120 0.410
OVX/VXTYN 0.270 0.090 0.160 0.450
OVX/VXGS 0.210 0.080 0.120 0.360
GVZ/OVX 0.350 0.110 0.200 0.540
EVZ/OVX 0.250 0.070 0.140 0.390
RVX/OVX 0.560 0.150 0.330 0.820
VIX/OVX 0.690 0.200 0.390 1.070
VXD/OVX 0.630 0.200 0.360 0.990
VXEEM/OVX 0.600 0.170 0.360 0.870
VXEFA/OVX 0.400 0.150 0.230 0.630
VXEWZ/OVX 0.420 0.150 0.220 0.730
VXFXI/OVX 0.290 0.100 0.170 0.490
VXSLV/OVX 0.610 0.180 0.370 0.930
VXN/OVX 0.670 0.160 0.450 0.950
VXXLE/OVX 0.240 0.070 0.120 0.370
VXTYN/OVX 0.440 0.170 0.260 0.810
VXGS/OVX 0.650 0.200 0.380 0.990

Note: βjit refers to the optimal hedge ratio for a long position in implied volatility index i and a short position in j. OVX
= CBOE Crude Oil ETF volatility index, GVZ = Gold ETF volatility index, EVZ = Euro/dollar currency volatility index,
RVX = Russell 2000 volatility index, VIX = S&P 500 volatility index, VXD = CBOE DJIA Volatility Index, VXEEM =
Emerging Markets ETF volatility index, VXEFA = EFA (Europe, Australia, Asia and the Far East) ETF volatility index,

VXEWZ = Brazil ETF volatility index, VXFXI = China ETF volatility index, VXSLV = Silver ETF volatility index,
VXN = NASDAQ-100 volatility index, VXXLE = CBOE Energy Sector ETF volatility index, VXTYN = CBOE 10-Year

Treasury Note volatility index, VXGS = CBOE Equity VIX on Goldman Sachs volatility index.
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Table 6: Dynamic Optimal Portfolio Weights

wjit Median Std.Dev. 5% 95%

OVX/GVZ 0.600 0.150 0.320 0.810
OVX/EVZ 0.510 0.160 0.210 0.740
OVX/RVX 0.720 0.180 0.340 0.930
OVX/VIX 0.860 0.160 0.520 1.000
OVX/VXD 0.810 0.160 0.480 1.000
OVX/VXEEM 0.750 0.170 0.390 0.950
OVX/VXEFA 0.550 0.190 0.190 0.820
OVX/VXEWZ 0.560 0.190 0.220 0.870
OVX/VXFXI 0.500 0.160 0.220 0.760
OVX/VXSLV 0.790 0.170 0.440 0.980
OVX/VXN 0.710 0.210 0.290 0.980
OVX/VXXLE 0.520 0.150 0.220 0.720
OVX/VXTYN 0.670 0.180 0.340 0.950
OVX/VXGS 0.870 0.130 0.600 1.000

Note: wjit refers to the optimal portfolio weight in the OVX. OVX = CBOE Crude Oil ETF volatility index, GVZ = Gold
ETF volatility index, EVZ = Euro/dollar currency volatility index, RVX = Russell 2000 volatility index, VIX = S&P 500

volatility index, VXD = CBOE DJIA Volatility Index, VXEEM = Emerging Markets ETF volatility index, VXEFA = EFA
(Europe, Australia, Asia and the Far East) ETF volatility index, VXEWZ = Brazil ETF volatility index, VXFXI = China

ETF volatility index, VXSLV = Silver ETF volatility index, VXN = NASDAQ-100 volatility index, VXXLE = CBOE
Energy Sector ETF volatility index, VXTYN = CBOE 10-Year Treasury Note volatility index, VXGS = CBOE Equity

VIX on Goldman Sachs volatility index.

Table 7: Hedging Effectiveness of the Diversification Strategies

Dynamic Portfolio Weights Dynamic Hedge Ratios
HE p-value HE p-value

OVX/GVZ 0.094∗ 0.064 0.445∗∗∗ 0.000
OVX/EVZ 0.049 0.359 0.387∗∗∗ 0.000
OVX/RVX 0.18∗∗∗ 0.000 0.472∗∗∗ 0.000
OVX/VIX 0.194∗∗∗ 0.001 0.649∗∗∗ 0.000
OVX/VXD 0.152∗∗∗ 0.002 0.569∗∗∗ 0.000
OVX/VXEEM 0.247∗∗∗ 0.000 0.469∗∗∗ 0.000
OVX/VXEFA 0.160∗∗∗ 0.005 0.345∗∗∗ 0.000
OVX/VXEWZ 0.184∗∗∗ 0.002 0.370∗∗∗ 0.000
OVX/VXFXI 0.127 0.145 0.377∗∗∗ 0.000
OVX/VXSLV 0.176∗∗∗ 0.002 0.543∗∗∗ 0.000
OVX/VXN 0.325∗∗∗ 0.000 0.345∗∗∗ 0.000
OVX/VXXLE 0.052 0.224 0.400∗∗∗ 0.000
OVX/VXTYN 0.108∗∗ 0.024 0.520∗∗∗ 0.000
OVX/VXGS 0.139∗∗∗ 0.009 0.684∗∗∗ 0.000

Note: HE denotes hedging effectiveness. ***, **, * denote significance at 1%, 5% and 10% level, respectively. OVX =
CBOE Crude Oil ETF volatility index, GVZ = Gold ETF volatility index, EVZ = Euro/dollar currency volatility index,
RVX = Russell 2000 volatility index, VIX = S&P 500 volatility index, VXD = CBOE DJIA Volatility Index, VXEEM =
Emerging Markets ETF volatility index, VXEFA = EFA (Europe, Australia, Asia and the Far East) ETF volatility index,

VXEWZ = Brazil ETF volatility index, VXFXI = China ETF volatility index, VXSLV = Silver ETF volatility index,
VXN = NASDAQ-100 volatility index, VXXLE = CBOE Energy Sector ETF volatility index, VXTYN = CBOE 10-Year

Treasury Note volatility index, VXGS = CBOE Equity VIX on Goldman Sachs volatility index.
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Table 8: Cumulative Returns of the Diversification Strategies

Portfolio weights strategy Hedge Ratios Buy and Hold
Dynamic Median 50/50 Dynamic Unhedged

GVZ 182.22 -0.61 -6.37 -18.67 22.13
EVZ 115.70 -7.70 -8.03 56.98 22.13
RVX 151.91 10.73 2.11 65.13 22.13
VIX 250.68 17.67 6.00 -4.31 22.13
VXD 96.68 24.83 29.28 45.71 22.13
VXEEM 104.17 0.28 -21.71 87.79 22.13
VXEFA 187.24 21.62 21.57 29.33 22.13
VXEWZ 107.88 15.23 14.35 74.31 22.13
VXFXI 115.14 -29.96 -29.87 41.22 22.13
VXSLV 185.52 20.03 17.10 45.13 22.13
VXN 107.03 27.35 31.09 95.87 22.13
VXXLE 153.22 12.75 12.31 9.64 22.13
VXTYN 247.14 18.45 16.53 -11.16 22.13
VXGS 180.82 2.96 -50.72 46.95 22.13
Average 156.10 9.54 2.40 40.28 22.13

Note: The buy and hold unhedged strategy refers to the OVX only. OVX = CBOE Crude Oil ETF volatility index, GVZ
= Gold ETF volatility index, EVZ = Euro/dollar currency volatility index, RVX = Russell 2000 volatility index, VIX =

S&P 500 volatility index, VXD = CBOE DJIA Volatility Index, VXEEM = Emerging Markets ETF volatility index,
VXEFA = EFA (Europe, Australia, Asia and the Far East) ETF volatility index, VXEWZ = Brazil ETF volatility index,

VXFXI = China ETF volatility index, VXSLV = Silver ETF volatility index, VXN = NASDAQ-100 volatility index,
VXXLE = CBOE Energy Sector ETF volatility index, VXTYN = CBOE 10-Year Treasury Note volatility index, VXGS =

CBOE Equity VIX on Goldman Sachs volatility index.
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A Online Appendix

Table A.1: DCC-GARCH t-Copula results

OVX GVZ EVZ RVX VIX VXD VXEEM VXEFA VXEWZ VXFXI VXSLV VXN VXXLE VXTYN VXGS

GJRGARCH GJRGARCH GJRGARCH GJRGARCH GJRGARCH TGARCH GJRGARCH TGARCH GJRGARCH TGARCH GJRGARCH GJRGARCH TGARCH GJRARCH GJRARCH
SSTD SSTD SSTD SSTD SGED SSTD SSTD SSTD SSTD SSTD SSTD SSTD STD SSTD SSTD

µ 0.038 0.047 0.049 0.125 0.259 0.100 0.197 0.166 0.063 0.085 0.177 0.136 0.018 0.139 0.242
[0.105] [0.124] [0.103] [0.133] [0.258] [0.162] [0.137] [0.110] [0.106] [0.107] [0.150] [0.128] [0.103] [0.129] [0.177]

ω 3.717 6.004∗∗ 0.403∗∗ 3.181∗∗∗ 6.659∗∗∗ 0.474∗∗∗ 3.857∗∗∗ 0.114∗ 1.917∗∗∗ 0.453∗∗ 5.262∗∗∗ 4.658∗∗∗ 0.813∗ 1.290∗∗ 9.612∗∗∗
[2.712] [3.011] [0.172] [0.780] [1.461] [0.183] [0.776] [0.064] [0.652] [0.197] [1.261] [1.109] [0.429] [0.599] [3.398]

α 0.095∗ 0.096∗∗ 0.035∗∗∗ 0.039∗∗∗ 0.071∗∗∗ 0.098∗∗∗ 0.046∗∗∗ 0.064∗∗∗ 0.094∗∗∗ 0.097∗∗∗ 0.080∗ 0.110∗∗∗ 0.079∗ 0.036∗∗∗ 0.059∗∗∗
[0.055] [0.043] [0.010] [0.008] [0.015] [0.037] [0.008] [0.022] [0.028] [0.033] [0.043] [0.038] [0.042] [0.010] [0.015]

β 0.727∗∗∗ 0.697∗∗∗ 0.946∗∗∗ 0.831∗∗∗ 0.762∗∗∗ 0.863∗∗∗ 0.814∗∗∗ 0.933∗∗∗ 0.821∗∗∗ 0.838∗∗∗ 0.778∗∗∗ 0.737∗∗∗ 0.769∗∗∗ 0.901∗∗∗ 0.739∗∗∗
[0.162] [0.129] [0.015] [0.030] [0.035] [0.051] [0.027] [0.027] [0.045] [0.061] [0.041] [0.055] [0.118] [0.030] [0.073]

γ -0.483∗∗ -0.404∗∗∗ -0.347∗∗∗ -1.000∗∗∗ -1.000∗∗∗ -1.000∗∗ -0.999∗∗∗ -0.827∗∗∗ -0.354∗∗∗ -0.830∗∗∗ -0.685∗ -0.377∗∗ -0.898∗ -0.999∗∗∗ -1.000∗∗∗
[0.206] [0.157] [0.122] [0.000] [0.009] [0.450] [0.001] [0.261] [0.126] [0.273] [0.390] [0.181] [0.485] [0.004] [0.003]

Skewness 1.165∗∗∗ 1.259∗∗∗ 1.066∗∗∗ 1.182∗∗∗ 1.201∗∗∗ 1.232∗∗∗ 1.285∗∗∗ 1.208∗∗∗ 1.307∗∗∗ 1.301∗∗∗ 1.229∗∗∗ 1.196∗∗∗ 1.142∗∗∗ 1.185∗∗∗
[0.040] [0.042] [0.035] [0.043] [0.059] [0.047] [0.045] [0.043] [0.048] [0.042] [0.042] [0.042] [0.034] [0.039]

Shape 5.058∗∗∗ 5.046∗∗∗ 4.397∗∗∗ 6.518∗∗∗ 1.197∗∗∗ 4.968∗∗∗ 6.085∗∗∗ 4.649∗∗∗ 5.459∗∗∗ 5.091∗∗∗ 5.284∗∗∗ 6.788∗∗∗ 5.933∗∗∗ 4.298∗∗∗ 5.178∗∗∗
[0.620] [0.603] [0.463] [0.916] [0.060] [0.591] [0.882] [0.519] [0.651] [0.626] [0.628] [1.020] [0.740] [0.440] [0.645]

Misspecification Statistics

Sign Bias 1.052 1.405 0.251 1.006 1.071 0.134 0.309 0.247 0.011 0.350 0.261 0.308 0.973 0.384 0.235
(0.293) (0.160) (0.802) (0.315) (0.284) (0.893) (0.757) (0.805) (0.991) (0.726) (0.794) (0.758) (0.331) (0.701) (0.815)

LiMak(20) 4.003 7.417 5.975 6.711 6.774 14.658 13.335 3.194 8.389 7.048 10.962 5.761 5.341 10.377 7.647
(0.983) (0.770) (0.894) (0.836) (0.831) (0.130) (0.200) (0.995) (0.667) (0.806) (0.390) (0.909) (0.933) (0.449) (0.746)

VaR 0.055 0.000 1.842 1.842 1.301 0.055 1.301 0.486 0.057 0.229 1.842 0.848 0.529 1.842 2.469
(0.815) (0.996) (0.175) (0.175) (0.254) (0.815) (0.254) (0.486) (0.811) (0.632) (0.175) (0.357) (0.467) (0.175) (0.116)

CVaR H0 H0 H0 H0 H0 H0 H0 H0 H0 H0 H0 H0 H0 H0 H0

(0.965) (0.428) (0.637) (1.000) (0.353) (0.281) (0.648) (0.107) (0.349) (0.772) (0.997) (0.788) (0.478) (0.995) (0.423)
VaR Dur. -91.549 -96.231 -123.256 -123.243 -118.862 -91.549 -118.875 -109.963 -100.873 -86.796 -123.256 -114.448 -81.967 -123.243 -127.593

(0.113) (0.846) (0.522) (0.981) (0.757) (0.770) (0.844) (0.804) (0.672) (0.910) (0.480) (0.615) (0.741) (0.105) (0.220)

Note: ***,**,* denote significance at 1%, 5% and 10& level, respectively. OVX = CBOE Crude Oil ETF volatility index, GVZ = Gold ETF volatility index, EVZ =
Euro/dollar currency volatility index, RVX = Russell 2000 volatility index, VIX = S&P 500 volatility index, VXD = CBOE DJIA Volatility Index, VXEEM = Emerging
Markets ETF volatility index, VXEFA = EFA (Europe, Australia, Asia and the Far East) ETF volatility index, VXEWZ = Brazil ETF volatility index, VXFXI = China

ETF volatility index, VXSLV = Silver ETF volatility index, VXN = NASDAQ-100 volatility index, VXXLE = CBOE Energy Sector ETF volatility index, VXTYN = CBOE
10-Year Treasury Note volatility index, VXGS = CBOE Equity VIX on Goldman Sachs volatility index.

28


	Introduction
	Dataset and Empirical Methodology
	DCC-GARCH t-Copula
	Dynamic Hedge Ratios
	Dynamic Portfolio Weights
	Hedging Effectiveness

	Empirical Results
	Dynamic Conditional Correlations and Hedging Strategies

	Concluding Remarks
	Online Appendix

