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a b s t r a c t

We propose a dynamic and efficient global currency portfolio that can significantly
decrease the risk of an exogenous portfolio of world equities. We demonstrate that our
dynamic conditional correlation model, which is an application of Engle (2002), can
decrease the estimated return variance of a portfolio of global equities by about 20 percent
relative to the static model of Campbell et al. (2010). The Euro, the US Dollar, the Swiss
Franc, and the Japanese Yen all move in a manner opposite to the world equity market,
implying that they are safe-haven currencies. However, since the US financial crisis, the
importance of the Japanese Yen in a global currency portfolio has grown, whereas that
of the Euro has diminished. Increases in foreign-exchange-market volatility and US
stock-market volatility have increased the importance of safe-haven currencies in optimal
currency portfolios, and the impact of foreign-exchange-market volatility is more signifi-
cant than that of US stock-market volatility. We also find a spillover effect from both US
stock-market and US foreign-exchange-market volatilities to the foreign-exchange-
market volatility of other currencies.

� 2019 Elsevier B.V. All rights reserved.
1. Introduction

Foreign currencies are highly volatile with very low average returns; however, because their correlation structures differ
from those of the world’s equity markets, they provide investors with a hedging opportunity. Campbell et al. (2010) pro-
posed the concept of ‘‘global currency hedging” in which foreign currencies were held so as to minimize risk in an interna-
tional stock portfolio. This strategy of ‘‘global currency hedging” attempts to reduce the overall risk of an investment by
holding currencies that are negatively correlated with the investment’s assets, while selling currencies that are positively
correlated. While their study proposed a basket of foreign currencies that minimizes the return variance in an exogenous
world portfolio, their static analysis did not consider structural changes in financial markets. A number of studies have
reported that a dynamic hedging strategy is more efficient than a static strategy. During the period under study, 1999–
2016, and building upon the dynamic conditional correlation model of Engle (2002), we propose a dynamic and efficient glo-
bal currency portfolio model with hedging that decreases the estimated return variance by about 20% compared to a static
model.

We also analyze how changes in financial-market structure have led to changes in which currencies are deemed to be
‘‘safe havens.” During 1999–2016, we find that the Euro, the US Dollar, the Swiss Franc, and the Japanese Yen all move
July. We
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against world equity markets, so these currencies should be considered safe havens. However, there were rapid changes in
the correlations between stock markets and certain currencies during the 2008 financial crisis. The resulting changes in
financial-market structure (and increased volatility in stock markets and foreign-exchange markets) have meant that
safe-haven currencies, and the resulting optimal currency portfolios, also changed. Specifically, over a period of several
months, the optimal weight of the Japanese Yen increased, whereas optimal weights for the Euro and US Dollar both
decreased. Another interesting finding is that the portfolio weight of currencies is higher when the investment is in one’s
own country’s stock market as opposed to another stock market. For example, in an optimal portfolio with hedging, the port-
folio weight of the Japanese Yen is especially high in the Japanese stock market as compared to another stock market. The
exception to this phenomenon is the Canadian stock market in which the portfolio weight of the US Dollar is higher than that
of the Canadian Dollar.

Finally, we investigate the relationships between foreign-exchange returns, foreign-exchange volatility, and the dynamic
conditional correlations (DCCs) in foreign-exchange and world stock markets. Kim et al. (2016) showed that volatility levels
can affect correlations and can in turn alter an optimal dynamic currency portfolio. In the excess foreign-exchange return
equations, the DCCs and US foreign-exchange return explain the excess foreign-exchange return of each country. In the
foreign-exchange volatility equations, the US foreign-exchange volatility index and the US stock-market volatility index
explain the foreign-exchange volatility of each country, indicating spillover effects from the United States to other countries.
Market liquidity, as measured by the TED spread, also explains foreign-exchange volatility. In the DCC equations, volatility of
both the foreign-exchange and US stock markets increase the weight of safe-haven currencies, with the impact of the former
being greater than that of the latter. However, the TED spread is insignificant with regard to optimal currency portfolios.

The paper is organized as follows. Section 2 provides a review of the key papers that examine currency hedging’s role in
an optimal portfolio. Section 3 presents the dynamic currency portfolio model. Section 4 presents the data used, summary
statistics, and various diagnostic tests. Sections 5 and 6 present optimal portfolio estimation results with static hedging for a
single country’s stock market and the world stock market, respectively. Section 7 presents estimation results for the dynamic
currency hedging model and Section 8 concludes.
2. Literature review

The first group of studies that examined currency hedging focused on the correlations between the foreign-exchange and
global equity markets, and also determined which currencies were safe havens. Phylaktis and Ravazzolo (2005) showed that
the stock prices and exchange rates in Pacific Basin countries had a positive relationship, and that the US stock market acted
as a conduit for those links. However, Walid et al. (2011), using the Markov-Switching EGARCH model, found that this rela-
tionship depended on the regime. Moreover, they showed that the effect of stock volatility on exchange rates was asymmet-
rical. Tsai (2012) examined the correlation between stocks and exchange rates in the Asian market using a quantile
regression model, showing that stocks and exchange rates were negatively correlated when the exchange rate was either
extremely high or extremely low. Habib and Stracca (2012) showed that the net foreign asset position, an indicator of exter-
nal vulnerability, and whether currencies had been a good hedge in the past were important determinants of safe-haven cur-
rencies. Min et al., 2016 reported that the United States, Japan, and Switzerland had negative dynamic correlations between
equity and currency returns, whereas the United Kingdom, Australia, and Canada had positive dynamic correlations. They
also found that country-specific risk, as measured by the corresponding TED spread, meant higher dynamic correlations.
Ranaldo and Söderlind (2010), using high-frequency exchange rates, showed that the Swiss Franc and Japanese Yen were
safe-haven currencies because they appreciated during a slide in the US stock market.

The second group of currency-hedging studies focused on optimal currency hedging. While Perold and Schulman (1988)
emphasized the benefits of currency hedging when exchange rates were very volatile, Froot (1993) argued that at horizons of
several years, complete hedging actually increased the return variance of many portfolios. Briys and Solnik (1992) used a
continuous-time setting to successfully decompose an optimal currency hedge into five distinct components, thereby
demonstrating that interest-rate risk mattered. Schmittmann (2010) examined the benefits of future hedging for the period
1975–2009 from the perspectives of German, Japanese, British, and American investors, and found that currency hedging
substantially reduced the volatility of foreign investment at a quarterly investment horizon and affected returns by mean-
ingful amounts.

Campbell et al. (2010) made a significant contribution to the research on optimal currency hedging with their proposal of
an ‘‘optimal currency portfolio,” which minimized risky behavior by international investors. Following Glen and Jorion
(1993), they considered an equity investor who chose fixed currency weights to minimize the portfolio’s unconditional vari-
ance. They found that both the Australian and Canadian Dollars were positively correlated with local-currency returns on
equity markets around the world, whereas the Euro and the Swiss Franc were negatively correlated with world stock returns
and their own domestic stock returns. They also found that high-beta pairs delivered higher average returns, showing that
increases in interest rates have only modest effects on currency-equity covariance. However, they imposed two important
limitations: OLS estimation and a static hedging model. OLS estimations have, in many instances, been found to be ineffi-
cient; for example, Tong (1996) compared GARCH-modeled dynamic-hedging strategies to the traditional OLS-model strat-
egy and found that dynamic hedging reduced risk more than static hedging. For the G5 countries, De Roon et al. (2003)
reported that dynamic hedging significantly improved portfolio performance outcomes for a US-Dollar-based stock portfolio,
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while static hedging with currency forwards did not. Yang and Allen (2005), using the ‘‘All Ordinaries Index” and the corre-
sponding share price index, found that time-varying GARCH hedge ratios performed better than constant hedge ratios in
terms of minimizing risk. However, when return effects were considered, OLS was preferred. Ku et al. (2007) investigated
both the British and Japanese currency futures markets and reported that the dynamic conditional correlation model of
Engle (2002) yielded the best hedging performance. Moon et al. (2009) found that a dynamic-hedging method outperformed
the conventional method for an out-of-sample period using the KOSDAQ futures index. Opie and Dark (2015) demonstrated
that the effectiveness of a currency overlay hedge and a dynamic approach improved overall effectiveness by capturing
structural changes. Christensen and Varneskov (2018) showed that for discrete-time hedging based on continuous-time
movements in portfolio and currency returns, a dynamic hedging strategy led to reductions in volatility.

Another group of studies has used and extended Engle’s (2002) DCC-GARCH model to analyze financial markets. Celık
(2012) used the DCC-GARCH model to examine contagion effects among foreign-exchange markets, and the quasi-
maximum likelihood method (QMLE) to solve the misspecification problems encountered.1 Using Cappiello et al. (2006)
asymmetric generalized dynamic conditional correlation (A-DCC) model, Chkili (2016) extended the DCC-GARCH model and
examined gold’s role as a safe asset in the BRICS countries’ stock markets. Mensi et al. (2017) analyzed the BRICS countries’
and developed-countries’ stock markets using the DCC-Fractionally-Integrated-Asymmetric-Power (FIAP)-ARCH model with a
different underlying distribution—the Student-t. Klein (2017) used several DCC models, including APARCH and FIAPARCH, to
examine the ‘‘flight-to-quality” phenomenon in developed-countries’ stock markets using four precious metals—gold, silver,
platinum, and palladium.

The final group of studies focused on the impact of market volatility on market correlation structures. Mun (2007) found
that exchange-rate variability increased local, but decreased US, stock-market volatility, and that higher exchange-rate fluc-
tuation marginally decreased US/local equity-market correlations. Kim et al. (2016) reported that US volatility levels could
explain excess returns and correlations, thereby providing evidence that volatility levels should be included in an analysis of
correlations and implying that these levels could change the weight of a dynamic currency portfolio. They also reported that
a high TED spread strengthened the link between volatility levels and correlations. Our contribution is not only to use a
dynamic hedging model, but also to investigate the impact of volatility on this model by incorporating these two important
variables—US volatility (as well as US foreign-exchange-volatility) and the TED spread—into our empirical analysis.
3. A dynamic currency portfolio model

We assume that investors hold a given international equity portfolio for three months and that they borrow money in
their home country to invest in both their home and foreign stock markets. Investors hedge their international investment
risk with currencies by borrowing and lending; they revise their currency portfolio monthly to manage their overall invest-
ment portfolio. We focus on the risk-management demand for currencies rather than on speculative demand; we also
assume that the money- and foreign-exchange-market transaction costs are negligible. The total portfolio return (rt) can
be expressed by Eq. (1):
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where x0;t is the amount of investment in the stock market;2 xj;t is the amount of currency ‘j’ held;3 STRk
t is the stock-index

return of country ‘k’ in the local currency; FXRj
t is the return of currency ‘j’ against the base currency; dbase

t is the interest rate of

the home country; dj
t is the interest rate of country ‘j’; X0;t is the excess return of the international stock-market investment in

the local currency; and Xj;t is the excess return of currency ‘j’. Consider, for example, US investors: they would borrow a USD
amount,x0;t , from a US bank and invest it in country ‘k’s’ stock market. In order to reduce the volatility of their investment
returns, these US investors would buy each foreign currency ‘j’ up toxj;t by borrowing from a US bank and then depositing these
foreign currencies into each country ‘j’s’ foreign bank.

The variance of the total return is shown in Eq. (2):
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Our goal is to estimate xj;t , which minimizes the variance of the total return. In order to find Var Xj;t

� �
and Cov Xi;t ;Xj;t

� �
,

we use the DCC-GARCH(1,1) model. We use the DCC multivariate GARCH estimator proposed by Engle (2002) because both
equity and foreign- exchange returns exhibit conditional heteroscedasticity in our sample period and may depend on their
more information on the QMLE, see Bollerslev and Wooldridge (1992).
specify x0;t=1 so that all other xj;t(j=1,2,. . .,6) will be the ratio of the amount of holding currency to the amount of stock market investment.
use seven currencies in our investigation, but one currency must be a base currency; hence, j ranges from 1 to 6. In our study, the USD is the base
y.
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volatilities. This model allows us to derive the time-varying correlations of the volatility levels between the variables. We
develop the AR(1)-DCC-GARCH(1,1) model with equity and six currency returns. The mean equation is that of the AR(1)
model, which is presented in Eq. (3):
4 An
results
Xi;t ¼ ci;0 þ ci;1Xi;t�1 þ ei;t ; ð3Þ
where the ei;t variables represent the heteroscedastic error terms and we assume that et;t ¼ ei;t=
ffiffiffiffiffiffi
hi;t

p
follows the normal dis-

tribution. The conditional variance equations can be written as:
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where the hi;t variables represent the conditional variance levels of the equity returns and currency returns, and the domain
of i is ij0 6 i 6 7; i–basef g. The conditional covariance in the DCC specification can be written as
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where qij is the unconditional covariance of ei;t and ej;t .
To maximize the log-likelihood function, Eq. (6)4 allows us to estimate the DCC model,
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and Rt is the time-varying conditional correlation matrix. These estimates of hi;t

and hij;t are the same as the time-varying conditional variance and covariance of Xi;t as follows:
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We can now find the currency portfolio weights that minimize the conditional variance of investments with the esti-
mated conditional covariance matrix. Using Eq. (8), we can estimate the optimal portfolio weights for two different cases:
world stock-market hedging and single stock-market hedging, both with multiple currencies.
Minimizex1;t ;x2;t ;:::x6;t : Var rtjX1;t�1;X2;t�1; ::;X6;t�1½ � ¼
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For the purposes of this study, the world stock market consists of six equally-weighted stock indexes: Japan, Australia,
Canada, Switzerland, the United Kingdom, and the United States. As we construct the world stock market, X0;t changes
according to Eq. (9):
X0;t ¼ 1
6
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For both cases, the USD is the base currency, and the portfolio weight of the USD is calculated by Eq. (10):
xbase;t ¼ �
X6
i¼1

xi;t ð10Þ
Therefore, the sum of the total portfolio weights is zero, meaning that investors borrow other currencies in order to buy
the hedging currency.

4. Data used

We collected monthly stock-index, exchange-rate, and interest-rate data; Table A.1 provides detailed information about
these data and the sources. We analyzed six countries (Australia, Japan, Canada, Switzerland, the United Kingdom, and the
United States) and seven currencies (AUD, JPY, CAD, CHF, EUR, GBP, and USD) over the period January 1999 (when the Euro
was introduced) to August 2016. Table 1 reports summary statistics for the full-sample annualized means of interest rates,
excess stock-market returns, exchange-rate returns, and excess currency returns; diagnostic tests for excess stock returns,
excess currency returns, and mean equation residuals are also reported.
estimation using the quasi-maximum likelihood method (QMLE) introduced by Bollerslev and Wooldridge (1992) is also performed; however, the
(available upon request) are not different from the original model.



Table 1
Summary statistics and diagnostic tests.

Panel A. Summary statistics

Australia Japan Canada Switzerland Euro United Kingdom United States

Interest rate (annualized)
Average (%) 4.69 0.23 2.55 0.92 2.12 3.15 2.31
Standard Deviation 1.38 0.31 1.59 1.19 1.63 2.19 2.11

Excess stock return in local currency (annualized)
Average (%) �0.01 2.47 2.83 0.62 – �1.58 1.74
Standard Deviation 40.43 62.79 45.62 45.57 – 43.74 45.27

Exchange-rate return (annualized)
Average (%) 1.61 0.99 1.12 2.40 0.16 �1.04 –
Standard Deviation 35.23 28.50 23.15 29.94 29.15 25.64 –

Excess currency return (annualized)
Average (%) 4.00 �1.08 1.36 1.01 �0.03 �0.21 –
Standard Deviation 35.43 28.59 23.19 30.13 29.32 25.72 –

Panel B. Diagnostic tests for excess stock returns

World Stock Australia Japan Canada Switzerland United Kingdom United States

Jarque-Bera test 63.00* 66.72* 2.43 107.75* 15.60* 26.32* 92.21*
(0.00) (0.00) (0.30) (0.00) (0.00) (0.00) (0.00)

KPSS 0.14 0.06 0.18 0.04 0.15 0.23 0.34
ADF �4.94* �5.12* �5.21* �4.67* �5.00* �5.52* �5.16*
PP �5.22* �5.34* �5.52* �5.18* �5.15* �5.51* �5.27*
ARCH(5) 99.96* 100.36* 93.04* 115.75* 70.11* 83.69* 104.87*
Q-square(20) 175.86* 275.48* 136.07* 154.82* 142.30* 167.31* 161.80*

Panel C. Diagnostic tests for excess currency returns

AUD JPY CAD CHF GBP EUR

Jarque-Bera test 105.79* 2.07 23.60* 1.24 91.82* 1.77
(0.00) (0.35) (0.00) (0.54) (0.00) (0.41)

KPSS 0.16 0.10 0.30 0.12 0.20 0.19
ADF �4.92* �5.00* �5.14* �6.04* �4.66* �5.43*
PP �5.17* �5.54* �5.35* �6.14* �5.15* �5.59*
ARCH(5) 114.18* 87.86* 79.68* 44.25* 129.10* 75.77*
Q-square(20) 163.04* 111.63* 112.25* 72.11* 185.69* 92.62*

Panel D: Normality tests for mean equation residuals

World Stock AUD JPY CAD CHF GBP EUR

Jarque-Bera test 7.111 4.445 1.033 3.884 1.287 1.595 0.084
(0.03) (0.11) (0.60) (0.14) (0.53) (0.45) (0.96)

Kolmogorov-Smirnov test 0.049 0.057 0.061 0.046 0.043 0.063 0.054
(0.69) (0.50) (0.42) (0.77) (0.83) (0.38) (0.58)

Shapiro-Wilk test 0.984 0.989 0.991 0.994 0.995 0.995 0.991
(0.02) (0.10) (0.21) (0.50) (0.67) (0.69) (0.19)

Lilliefors test 0.055 0.052 0.054 0.029 0.057 0.045 0.055
(0.12) (0.19) (0.15) (0.94) (0.09) (0.39) (0.13)

Anderson-Darling test 0.907 0.398 0.786 0.143 0.459 0.368 0.514
(0.02) (0.36) (0.04) (0.97) (0.26) (0.43) (0.19)

The table reports summary statistics and diagnostic tests for the excess returns and residuals. Panel A reports average and standard deviations of interest
rates, excess stock-market returns, exchange-rate returns, and excess currency returns over the period January 1999-August 2016. The interest rate is the
annualized three-month deposit rate of each country. The excess stock-market return in the local currency is the stock-market return in excess of the
interest rate. The exchange-rate return is against the USD. The excess currency return is the exchange-rate return plus the local interest rate minus the USD
interest rate. Panels B and C report diagnostic tests for excess stock returns and excess currency returns, respectively: the Jarque-Bera, the Kwiakowski-
Phillips-Shmidt-Shin (KPSS), Augmented Dickey-Fuller (ADF), and Phillips-Perron (PP) tests are all for stationarity and unit roots. ARCH(5) is the Engle
(1982) test for conditional heteroscedasticity and Q-square(20) is the Ljung-Box statistics for serial correlation in the squared returns. Panel D reports
normality tests for standardized residuals from the AR(1)-DCC-GARCH model: the Jarque-Bera, the Kolmogorov-Smirnov, the Shapiro-Wilk, the Lilliefors,
and the Anderson-Darling tests are all for normality. Parentheses report p-values. ‘*’ indicates statistical significance at the 1% level.
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In Table 1, Panel A, the interest rate is the annualized three-month deposit rate for each country. The interest rate for
Australia is highest, at 4.69%, and those of the United Kingdom (3.15%), Canada (2.55%) and the United States (2.31%) are
high, whereas those for Japan (0.23%) and Switzerland (0.92%) are low. The excess stock-market return in local currency
is defined as the local currency stock-index return minus the local interest rate. The average excess stock-market returns
of Japan (2.47%), Canada (2.83%), and the US (1.74%) are high, whereas those of Australia (�0.01%), Switzerland (0.62%),
and the UK (�1.58%) are low. The exchange-rate returns are all against the USD: these are positive for the AUD (1.61%),
JPY (0.99%), CAD (1.12%), CHF (2.40%) and EUR (0.16%), meaning that these five currencies appreciated against the USD on
average over our sample period, whereas the GBP (�1.04%) depreciated. The excess currency returns are defined as that



6 J.-B. Cho et al. / J. Int. Financ. Markets Inst. Money 64 (2020) 101163
country’s exchange-rate return plus that country’s interest rate minus the USD interest rate. The excess currency return for
the AUD is the highest, at 4.00%, whereas that for the JPY is lowest at �1.08%; these findings stem from Australia’s high inter-
est rate and Japan’s low interest rate. Therefore, an investor can construct a carry trade with these two currencies, earning an
average margin of 5.08%, which is quite high.

In Table 1, Panels B and C present diagnostic tests for monthly excess stock returns and monthly excess currency returns,
respectively. The Jarque-Bera tests indicate that excess stock and currency returns do not have normal distributions, with the
exception of Japanese stocks and the JPY, CHF, and EUR currencies. The Kwiatkowski et al. (1992) (KPSS) tests cannot reject
the null hypothesis of stationarity for all returns at the 1% significance level, whereas the Augmented Dickey-Fuller (ADF)
and Phillips-Perron (PP) tests reject the null hypothesis of a unit root for all return series. The Engle (1982) test, ARCH(5),
is significant in all cases, suggesting the presence of ARCH effects in all excess returns. Furthermore, the Ljung-Box test
applied to squared returns, Q-square(20), rejects the null hypothesis of no autocorrelation. Finally, as reported in Panel D,
all normality tests do not reject the null hypothesis of a normal distribution of standardized residuals in all seven mean
equations at the 1% significance level. These results are consistent with our assumptions about the residuals in the mean
equations. All these diagnostic test results justify our using the GARCH model to analyze the DCCs between the world stock
market and the currency markets.

Table 2 reports the cross-country correlations of the excess stock-market returns (Panel A) and excess currency returns
(Panel B). Panel A shows that all excess stock-market return correlations are positive and large. In particular, US stock-
market returns are highly correlated with those of other stock markets; specifically, the US-UK stock-market correlation
is the highest, at 88%. The Japanese-Canadian stock-market correlation is lowest at 63%, although this correlation is relatively
high. Panel B presents the average correlation of each currency pair across all possible base currencies in our set; overall
these correlations are weaker than the stock-market correlations. The correlation between the Swiss Franc, CHF, and EUR
is the highest at 83%, and the correlation between the USD and CAD is the lowest at �66%. Panel B also shows that US cur-
rency returns are negatively correlated with other currency returns and that these other currency returns are positively cor-
related with each other. This implies that appreciation (depreciation) of the USD will depreciate (appreciate) other
currencies.

Table 3 presents the Dynamic Conditional Correlation (DCC)-AR(1)-GARCH(1,1) estimation results for the world stock
market and the six currencies under study. Panel A shows that excess world stock-market returns and all six currencies
are positively associated with their own lagged values. Panel B shows that all a- and b-terms in the variance equations
are positively significant with the exception of b0, which implies that the conditional variances have ARCH effects and are
persistent over time, with coefficients of persistence close to unity in all six currency equations.

Fig. 1 depicts the dynamic conditional correlations (DCCs) between each currency and the world stock market, which
were estimated using the GARCH model. This figure shows that the DCCs of AUD, CAD, and GBP are positive for most of
the sample period, which implies that these currencies increase the risk of the portfolio, whereas those for the JPY and Swiss
Franc are negative for most of the sample period. As is the case for all of our currencies, the DCCs of EUR temporarily increase
in 2008 following the US financial crisis. However, in other periods, the EUR DCC is close to zero, which means that the EUR is
relatively safe during non-crisis periods.
5. Single country’s stock market: Optimal currency portfolio weights; static hedging with multiple currencies

We first investigate time-varying optimal currency portfolio weights when investing in a single country’s stock market,
so that the X0;t represents each country’s excess stock-market return, after which we compare the important values of dif-
ferent currencies in our currency portfolio. Table 4 reports the average time-varying optimal portfolio weight for each cur-
rency when an investment is made in a single stock market (indicated in each panel) and hedging is done with multiple
currencies. It is remarkable to note that the weight of the AUD (short position of 0.399) is significantly smaller (closer to
zero) in the Australian stock market (Panel A) than in all the other stock markets. The same is true for the GBP in the
UK stock market (compare Panel E to all others). In Japan, however, the opposite situation arises: the weight of JPY is
0.845, a long position, in the Japanese stock market (Panel B), which is much higher than the JPY weight, about 0.3, in
all the other stock markets. Safe-haven currencies, such as JPY, CHF, and USD, tend to have a relatively large weight in their
own stock markets, whereas non-safe-haven currencies, such as AUD and GBP, tend to have small weights in their own
stock market.

Fig. 2 illustrates the optimal portfolio weights of seven currencies (given in Table 4, Panel A) to minimize the risk in the
Australian stock market. These results indicate that we must be long in the JPY, CHF, and USD while shorting the AUD, CAD,
and GBP in order to reduce the level of portfolio risk. Additionally, the optimal portfolio weight of the EUR is positive on aver-
age, but not in the second sub-period.

Fig. 3 illustrates the optimal portfolio weights of seven currencies (given in Table 4, Panel B) to minimize the risk of
investment in the Japanese stock market. The JPY, CHF and EUR have positive portfolio weights for most of the sample peri-
ods, indicating that they are negatively correlated with the Japanese stock market, so that buying them can reduce the risk of
a Japanese stock-market investment. On the other hand, the portfolio weights of the AUD,

CAD, and GBP are mostly negative, meaning that a short position in these currencies can reduce the risk of this type of
investment. The portfolio weight of the USD is negative (�0.145), unlike in the world stock-market case. This finding arises



Table 2
Cross-country correlations of excess stock-market and excess currency returns.

Panel A: Excess Stock-Market Returns

Australia Japan Canada Switzerland United Kingdom United States

Australia 1
Japan 0.64 1
Canada 0.74 0.63 1
Switzerland 0.72 0.65 0.64 1
United Kingdom 0.79 0.65 0.75 0.83 1
United States 0.77 0.72 0.8 0.82 0.88 1

Panel B: Excess Currency Returns (all base average)

Australia Japan Canada Switzerland Euro United Kingdom United States

Australia 1
Japan 0.1 1
Canada 0.71 0.34 1
Switzerland 0.34 0.49 0.35 1
Euro 0.53 0.35 0.5 0.83 1
United Kingdom 0.43 0.31 0.57 0.58 0.68 1
United States �0.25 �0.63 �0.66 �0.41 �0.42 �0.48 1

The table presents the cross-country correlations of excess stock-market returns (Panel A) and excess currency returns (Panel B). In Panel B, correlations are
averaged for all possible base currencies.

Table 3
DCC-AR(1)-GARCH(1,1) estimation results for world stock market.

Panel A: Mean equations Panel B: variance equations

Constant 0.000 c0 0.002* b0 �0.344
X0 1f g 0.768*** c1 0.000 b1 0.838***

(18.25) (1.64) (14.11)
Constant 0.000 c2 0.000** b2 0.736***

(�0.14) (2.46) (10.37)
X1 1f g 0.756*** c3 0.000** b3 0.653***

(18.58) (2.57) (9.85)
constant 0.004 c4 0.001*** b4 0.347***

(1.42) (7.47) (5.99)
X2 1f g 0.712*** c5 0.000* b5 0.785***

(23.57) (1.78) (15.89)
constant 0.001 c6 0.000** b6 0.658***

(0.54) (2.43) (6.10)
X3 1f g 0.746*** a0 0.140* Log Likelihood 3434

(21.68) (1.34)
constant 0.001 a1 0.082***

(0.39) (2.46)
X4 1f g 0.682*** a2 0.143***

(22.07) (3.51)
constant 0.001 a3 0.286***

(0.47) (3.84)
X5 1f g 0.800*** a4 0.134***

(22.70) (2.64)
constant 0.000 a5 0.174***

(0.14) (3.93)
X6 1f g 0.749*** a6 0.107***

(27.62) (3.07)

The table reports the estimation results of the DCC-AR(1)-GARCH(1,1) model for the world stock market.
Panel A presents the estimation results of mean equation:
Xi;t ¼ ci;0 þ ci;1Xi;t�1 þ ei;t ;
Panel B presents the estimation results of variance equations:
hi;t ¼ ci þ aie2i;t�1 þ bihi;t�1

The domain of ‘i’ is ij0 6 i 6 6f g, and each ‘i’ represents the excess return of the world stock market (i = 0), JPY (i = 1), AUD (i = 2), CAD (i = 3), CHF (i = 4), GBP
(i = 5), and EUR (i = 6), respectively. ‘***’, ‘**,’ and ‘*’ indicate statistical significance at the 1%, 5%, and 10% levels, respectively.
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not only in the Japanese stock market but also in the Swiss stock market, implying that the safety of the USD depends on
market circumstances.

Fig. 4 illustrates the estimated optimal portfolio weights of seven currencies (given in Table 4, Panel C) to minimize the
investment risk in the Canadian stock market. The results show that the portfolio weights of the USD, JPY, EUR and CHF are
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positive for the sample period, while those of the AUD, CAD, and GBP are negative. One remarkable point shown here is that
the USD (0.583) is the safest asset in, and thus very important to, the Canadian stock market.

Fig. 5 illustrates the estimated optimal portfolio weights of seven currencies (given in Table 4, Panel D) to minimize the
investment risk in the Swiss stock market. The results show that the portfolio weights of the CHF and JPY are positive, while
the portfolio weights of the AUD, CAD, GBP and USD are negative for most of the sample period. Specifically, the portfolio
weight of the CHF is highest (0.660) in the Swiss stock market.

Fig. 6 illustrates the estimated optimal portfolio weights of seven currencies (given in Table 4, Panel E) to minimize the
investment risk in the UK stock market. These results show that the portfolio weights of the JPY, CHF, GBP, EUR and USD are
mostly positive, while those of the AUD and CAD are negative. During the US financial crisis, the portfolio weight of the USD
increases sharply, while that of the JPY decreases considerably. Interestingly, the portfolio weight of the GBP is positive on
average and higher during the US financial crisis period. This implies that there is a negative correlation between the GBP
and UK stock-market returns, so that holding the GBP can decrease the investment risk in the UK stock market.

Finally, Fig. 7 illustrates the estimated optimal portfolio weights of the seven currencies (given in Table 4, Panel F) to min-
imize the investment risk in the US stock market. The results show that the portfolio weights of JPY, CHF, EUR and USD are
positive, whereas those for the AUD, CAD and GBP are negative for the sample period. Specifically, the portfolio weight of the
USD is highest (0.464) in the US stock market.



Table 4
Investment in the single market; hedging with multiple currencies.

AUD JPY CAD CHF GBP EUR USD

Panel A. Australian stock market
99–16 �0.399 0.373 �0.421 0.260 �0.311 0.154 0.344
99–06 �0.390 0.327 �0.443 0.278 �0.336 0.217 0.347
07–10 �0.362 0.405 �0.505 0.409 �0.218 �0.091 0.361
11–16 �0.436 0.414 �0.333 0.129 �0.343 0.243 0.328

Panel B. Japanese stock market
99–16 �0.655 0.845 �0.400 0.144 �0.535 0.746 �0.145
99–06 �0.669 0.587 �0.374 0.139 �0.660 0.932 0.045
07–10 �0.713 0.814 �0.236 0.428 �0.381 0.251 �0.164
11–16 �0.597 1.216 �0.550 �0.049 �0.476 0.844 �0.387

Panel C. Canadian stock market
99–16 �0.742 0.214 �0.395 0.259 �0.326 0.407 0.583
99–06 �0.834 0.209 �0.394 0.343 �0.363 0.473 0.566
07–10 �0.861 0.244 �0.231 0.234 �0.235 0.353 0.496
11–16 �0.532 0.199 �0.513 0.164 �0.340 0.354 0.668

Panel D. Swiss stock market
99–16 �0.653 0.294 �0.126 0.660 �0.231 0.106 �0.050
99–06 �0.759 0.229 �0.038 0.667 �0.272 0.231 �0.057
07–10 �0.489 0.248 �0.272 0.696 �0.117 �0.148 0.083
11–16 �0.626 0.416 �0.142 0.627 �0.257 0.117 �0.135

Panel E. UK stock market
99–16 �0.717 0.233 �0.396 0.212 0.186 0.227 0.255
99–06 �0.766 0.178 �0.349 0.241 0.164 0.331 0.200
07–10 �0.720 0.196 �0.412 0.310 0.289 �0.050 0.387
11–16 �0.649 0.333 �0.449 0.103 0.142 0.286 0.233

Panel F. US stock market
99–16 �0.692 0.289 �0.412 0.306 �0.275 0.319 0.464
99–06 �0.831 0.207 �0.312 0.322 �0.299 0.475 0.437
07–10 �0.682 0.272 �0.390 0.425 �0.224 0.053 0.545
11–16 �0.511 0.412 �0.562 0.201 �0.279 0.295 0.444

The table reports the average optimal portfolio weight of each currency for an investment in a single market and hedging with multiple currencies. We
average the optimal portfolio weights for three sub-periods as well as the whole sample period. The whole sample period is from January 1999 to August
2016; the first sub-sample period is from 1999 to 2006; the second sub-sample period is from 2007 to 2010; and the third subsample period is from 2011 to
2016. Each panel shows the average optimal portfolio weight of each currency when investment is made in each denoted stock market.
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6. World stock market: Optimal currency portfolio weights; static hedging with multiple currencies

We now investigate an optimal currency portfolio when we invest in an equally- weighted world stock market as defined
in Eq. (9). The world stock market is composed of the stock indexes of Japan, Australia, Canada, Switzerland, the United King-
dom, and the United States, and each country has the same portfolio weight. Table 5 presents the average estimated optimal
portfolio weights to minimize the risk of investment in the world stock market; Fig. 8 shows these optimal portfolio weights.
The first row of Table 5 reports the average weight for the entire sample period, after which we report estimates for the three
sub-periods. The portfolio weights for the JPY, EUR, CHF and USD are positive, while those for the GBP, AUD and CAD are
negative for the most of the sample period. We define safe currencies as those for which the estimated portfolio weights
are positive, in this case the JPY, EUR, CHF and USD, while non-safe currencies are those for which the estimated portfolio
weights are negative for most of the sample period—the GBP, AUD, and CAD.5 Thus, to minimize the risk of the currency port-
folio, we must be long in the safe currencies and short the non-safe currencies.

As shown in Table 5 and Fig. 8, the portfolio weights of the seven currencies are highly volatile during the US financial
crisis in 2008, as the estimated portfolio weights for the EUR and USD decrease sharply immediately after the US financial
crisis. Specifically, the portfolio weight for the EUR decreases from 0.498 in the first sub-period to 0.079 in the second sub-
period. Although their portfolio weights return to normal levels after several months, this finding implies that the Euro and
US Dollar were not safe during the crisis of 2008; De Boer et al. (2019) also find that the Euro’s role as a reserve currency
vanishes during the financial crisis. However, the portfolio weights of JPY and CHF remained consistently positive, even
5 Min et al. (2016) showed that negative DCCs imply that currencies are safe havens. In Fig. 1, JPY and CHF are strictly safe-haven currencies because their
DCCs are negative for most periods. However, the DCC of EUR is nearly zero only in non-crisis periods; therefore, the argument that EUR is a safe-haven
currency is somewhat weak. Nevertheless, we classify the EUR as a safe-haven currency because it is relatively safe compared to many other currencies.



Investment in the Australian stock market
Hedging with multiple currency portfolio
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Fig. 2. Time-varying currency weights for the Australian stock market, with multiple currency hedging.
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during the US financial crisis. Specifically, the portfolio weight of the CHF is highest (0.488) in the second sub-period,
whereas the portfolio weight of JPY steadily increases, reaching its highest level (0.497) in the last sub-period.6

A comparison of the portfolio weights of the single stock-market cases (Table 4) to those in the world stock-market case
(Table 5) yields some remarkable results. First, the portfolio weight of each currency is usually higher in the case of an invest-
ment in the corresponding country’s stock market than in the world stock market. For example, the portfolio weight of the
JPY is much higher when the investment is in the Japanese stock market (0.845) than when it is in the world stock market
(0.411). The Canadian stock market is the only exception and shows the importance of the USD in the Canadian stock market:
the USD’s portfolio weight is higher than that of the CAD in the Canadian stock market. Second, we define safe currencies
6 Estimation results from January 1995 to December 1998 (not reported here; EUR data excluded) show the weight of the JPY is low (average: 0.066, standard
deviation: 0.19); thus, the JPY has grown in importance.



Investment in the Japanese stock market
Hedging with multiple currency portfolio
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Fig. 3. Time-varying currency weights for the Japanese stock market with multiple currency hedging.
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(JPY, CHF, EUR and USD) and non-safe currencies (AUD, CAD and GBP) using the sign of the portfolio weight in the world
stock-market case (Table 5). Specifically, the portfolio weight of the USD, which is a safe asset in the world stock-market case
(Table 5), shows a negative sign in the Japanese and Swiss stock markets (Table 4), while the portfolio weight of the GBP is
positive in the UK stock market (Table 4), but negative in the world stock-market case (Table 5).
7. Dynamic currency hedging

We now compare the return volatility of the currency portfolio in Campbell’s (2010) static model to that of a dynamic
model. We estimate the static model by means of OLS regression, as used in Campbell et al. (2010); the dynamic model
is estimated using DCC-GARCH, as in the previous section. Table 6 reports the return volatility levels of five different hedging
models: ‘no hedge’ refers to a portfolio without hedging, meaning that the portfolio is entirely exposed to currency risk; ‘full



Investment in the Canadian stock market
Hedging with multiple currency portfolio
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Fig. 4. Time-varying currency weights for the Canadian stock market with multiple currency hedging.
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hedge’ is a portfolio not exposed to any currency risk; ‘half hedge’ is a portfolio hedged with regard to only half of the entire
currency risk; and ‘static hedging’ and ‘time-varying hedging’ refer to a risk-minimizing portfolio using OLS and DCC-GARCH
models, respectively.

The results show that the hedging performance of the dynamic model is much better than that of the static model. For the
world-market portfolio, the return volatility of the DCC-GARCH model is lower by 22% than that of the static model. For the
single-country portfolios, the return volatility of the time-varying model is lower than that of the static model by 26% on
average, implying that if investors dynamically adjust their currency portfolios they can reduce their total investment risk
by approximately 26% on average. The efficiency gain in the time-varying dynamic model would be more important when
the market is volatile because investors can immediately adjust their currency portfolios considering changes in the market
structure.



Investment in the Swiss stock market
Hedging with multiple currency portfolio
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Fig. 5. Time-varying currency weights for the Swiss stock market with multiple currency hedging.
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7.1. Volatility and optimal currency hedging

To investigate the determinants of the dynamic currencies’ portfolio weights, we examine the relationships between
excess foreign-exchange returns (FXR), dynamic conditional correlations (DCCs),7 and foreign-exchange volatility (FXV) using
the SUR model (Zellner, 1962). The three equations used here are:
7 Sinc

conditio
FXRt ¼ a0 þ a1FXRt�1 þ a2T DCCtð Þ þ a3FXVt þ a4USFXRt þ a5USVIXt þ a6USTEDt þ e1;t;
e the DCCs have a limited boundary condition (-1<DCC<1), they are transformed using the following equation that changes the boundary

n:DCCt ¼ 2
exp B0Xtð Þ

1þexp B0Xtð Þ
� �

� 1where Xt ¼ X1;t X2;t � � �Xk;t
	 


, B ¼ b1 b2 � � � bkð Þ. The transformed DCC is represented by T(DCC).



Investment in the UK stock market
Hedging with multiple currency portfolio
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Fig. 6. Time-varying currency weights for the UK stock market with multiple currency hedging.
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FXVt ¼ b0 þ b1FXVt�1 þ b2T DCCtð Þ þ b3FXRt þ b4USFXVt þ b5USVIXt þ b6USTEDt þ e2;t ; and
T DCCtð Þ ¼ c0 þ c1T DCCt�1ð Þ þ c2FXRt þ c3FXVt þ c4USVIXt þ c5USTEDt þ e3;t
To identify the spillover effects emanating from the United States on the excess foreign-exchange returns, foreign-
exchange volatility, and the aforementioned correlations in other countries, we include the US stock-market volatility index
(USVIX), USD/EUR excess foreign-exchange returns (USFXR), the foreign-exchange volatility index (USFXV), and the US TED
spread (USTED).8
ron’s (1989) unit-root test results indicate that all variables are stationary; see Table A.2.



Investment in the US stock market
Hedging with multiple currency portfolio
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Fig. 7. Time-varying currency weights for the US stock market with multiple currency hedging.
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Tables 7A and 7B present the estimation results of the seemingly-unrelated regression (SUR) and panel-regression mod-
els, respectively.9 These two different estimation models yield several robust results with regard to volatility and dynamic cur-
rency hedging. First, the DCC and US excess foreign-exchange returns (USFXR) explain excess foreign-exchange (FX) returns.
DCC is the dynamic conditional correlation between the FX market and the world stock market. It shows the strength of the
link between the world stock market and the FX market in each country. Both the SUR (Table 7A) and panel-regression
(Table 7B) models show that the DCCs increase excess FX returns, with the exception of the UK and the EU in the SUR model.10

The risk-return tradeoff can explain this result. Campbell (2010) also showed that the market beta of a currency is positively
related to the average currency’s excess return. The market beta captures the sensitivity of currency returns to the world equity
market, and it also indicates the riskiness of a currency. Given that the DCC refers to the correlation between excess currency
9 Granger causality tests were used to confirm the results of the SUR and panel-regression models; see Table A.3.
10 Granger causality tests in Table A.3 confirm these results, with the exception of Canada and the EU.



Table 5
Investment in the world stock market hedging with multiple currencies.

AUD JPY CAD CHF GBP EUR USD

Full period
Average �0.712 0.411 �0.392 0.328 �0.238 0.364 0.239
Standard Deviation 0.209 0.218 0.205 0.235 0.194 0.342 0.250

Sub-period 1
Average �0.777 0.321 �0.351 0.326 �0.276 0.498 0.258
Standard Deviation 0.208 0.126 0.176 0.231 0.156 0.281 0.164

Sub-period 2
Average �0.713 0.461 �0.374 0.488 �0.154 0.079 0.213
Standard Deviation 0.190 0.344 0.208 0.226 0.201 0.311 0.413

Sub-period 3
Average �0.626 0.497 �0.459 0.219 �0.247 0.384 0.233
Standard Deviation 0.193 0.147 0.223 0.179 0.218 0.321 0.188

The table reports the averages and standard deviations of the optimal portfolio weight of each currency when an investor invests in the world stock market.
We average the optimal portfolio weight for three sub-periods as well as the full sample period. The full sample period is from January 1999 to August 2016;
the first sub-sample period is from 1999 to 2006; the second sub-sample period is from 2007 to 2010; and the third sub-sample period is from 2011 to
2016.
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returns and world stock-market returns, it captures the degree of market sensitivity; hence, the DCC increases excess currency
returns. Second, the US excess FX returns (USD/EUR FX returns) explain the excess FX returns of each country. Furthermore, the
positive coefficient on USFXR implies that an appreciation of these other currencies is associated with a depreciation of the USD.

The foreign-exchange volatility index (USFXV) and US stock-market volatility index (USVIX) explain the FX volatility of
each country, meaning that the FX volatility of each country is significantly affected by the US financial market. Because both
USFXV and USVIX increase the FX volatility of other countries, there is a contagion effect from US FX volatility (and US stock
volatility). The USFXV (coefficient 0.127) is shown to have a greater impact than USVIX (coefficient 0.025) in the panel-
regression random-effects model (Table 7B). It is interesting to note the positive and significant coefficient on USTED, which
means that a higher TED spread is associated with greater FX market volatility in each country.

Finally, in the DCC equations, the FX volatility levels of the non-safe currencies (AUD, CAD, and GBP) increase significantly
in terms of their DCC in both the SUR and panel-regression models. In other words, if the FX market volatility increases due
to a common global shock, the DCC outcomes of non-safe currencies will increase, meaning that investors should increase
the optimal weight of safe currencies in their currency portfolio to hedge the risk. The impact of FXV is greater than that of
USVIX on DCCs in both the SUR (Table 7A) and panel-regression models (Table 7B).
8. Conclusions

Using the dynamic conditional correlation model of Engle (2002), we propose a dynamic currency portfolio model that
decreases the estimated return variance by about 20% compared to a static model over the period 1999 to 2016. We find
that the Euro, the US Dollar, the Swiss Franc, and the Japanese Yen move against world stock markets, and that these cur-
rencies are safe-haven currencies overall. However, since the 2008 US financial crisis, market structures have changed and
we find changing patterns of safe-haven currencies and hence changes in the optimal currency portfolio. We also show that
the optimal portfolio weight of the Japanese Yen has increased since the 2008 US financial crisis, whereas that of the Euro has
decreased. Another interesting finding is that the portfolio weight of a currency is higher when it is invested in the corre-
sponding country’s stock market as opposed to another country’s stock market.

Finally, to investigate the impact of volatility on the dynamic currency portfolio, we investigate the relationships among
excess foreign-exchange (FX) return, FX volatility, and dynamic conditional correlation (DCC between the FX market and the
world stock market). Kim et al. (2016) showed that volatility levels can affect correlations, and that this in turn can change
the optimal dynamic currency portfolio. In the return equations, the aforementioned correlation and US FX returns explain
the excess FX return of each country. In the volatility equations, the US FX volatility index and the US stock volatility index
explain the FX volatility of each country, which indicate spillover effects from the United States to other countries. The TED
spread also explains FX volatility. In the correlation equations, we find that volatility in both the foreign-exchange and US
stock markets increases the weight of safe-haven currencies, but foreign-exchange market volatility is much more important
than US stock-market volatility. We also show that market liquidity as measured by the TED spread is insignificant with
regard to the correlations of the optimal currency portfolios.

We have focused on the risk-management demand for currencies to determine which currencies are safe havens. How-
ever, future studies may want to focus on the speculative demand for currencies by, for instance, maximizing the utility func-
tion or the Sharpe ratio. We have also investigated the impact of market volatility on safe (or non-safe) currencies using data
from six OECD countries. However, a contagion effect of volatility is more strongly observed in emerging markets (see, e.g.,
Edwards and Susmel (2001) and Beirne et al. (2013)) and expanding the dataset to include emerging markets will no doubt
enable researchers to find many other interesting results.
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Fig. 8. Time-varying currency weights for the world stock market with multiple currency hedging.

Table 6
Volatility comparison.

Volatility No hedge Half hedge Full hedge Static hedging model Time-varying hedging model

World market 0.520 0.267 0.078 0.036 0.028
AU market 0.516 0.260 0.071 0.038 0.030
CA market 0.611 0.334 0.107 0.051 0.038
JP market 0.567 0.341 0.182 0.108 0.070
SW market 0.479 0.247 0.092 0.057 0.043
UK market 0.525 0.265 0.071 0.038 0.028
US market 0.565 0.298 0.088 0.042 0.032

The table reports the total volatility of the portfolio with different hedging methods. We compare five different hedging methods in seven different
exogenous stock markets. ’No hedge’ refers to a portfolio without hedging, meaning that the portfolio is entirely exposed to currency risk. ’Full hedge’ is a
portfolio not exposed to any currency risk. ‘Half hedge’ is a portfolio hedged with regard to only half of the entire currency risk. The ’Static hedging model’
refers to a risk-minimizing portfolio with the OLS model. The ’Time-varying hedging model’ refers to a risk-minimizing portfolio with DCC-GARCH model.
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Table 7A
Seemingly-unrelated regression (SUR) models.

Australia Japan Canada Switzerland United Kingdom Euro

Panel A: FX return equations
constant �0.019** �0.011 0.000 �0.016** 0.009* 0.011

(�2.22) (�1.06) (0.07) (�2.07) (1.65) (1.16)
FXR{1} 0.465*** 0.718*** 0.612*** 0.257*** 0.508*** 0.731***

(10.14) (15.47) (13.02) (5.86) (11.59) (15.41)
DCC 0.047*** 0.014* 0.012* 0.008* �0.010* 0.010

(4.94) (1.76) (1.96) (1.67) (�1.77) (1.42)
FXV 0.000 0.001 0.001 0.001* 0.001 �0.002

(�0.01) (0.48) (0.92) (1.87) (0.75) (�1.10)
USFXR 0.483*** 0.098** 0.201*** 0.668* 0.396*** –

(9.10) (2.18) (5.38) (15.61) (11.19)
USVIX �0.001*** 0.000 �0.000*** 0.000 0.000 0.000

(�2.98) (1.07) (�2.96) (�0.20) (�1.23) (0.82)
USTED 0.000 0.000** 0.000 0.000 �0.000** 0.000

(�1.03) (2.38) (�0.74) (0.22) (�1.98) (�1.57)

Panel B: FX volatility equations
constant �0.299 1.161*** 0.062 1.286*** �0.006 0.768***

(�1.00) (3.57) (0.27) (6.22) (�0.02) (3.51)
FXV{1} 0.580*** 0.767*** 0.877*** 0.222*** 0.656*** 0.787***

(14.20) (20.31) (33.27) (4.83) (18.23) (27.35)
DCC 0.750** 0.361 �0.409* �0.914*** 0.889*** 0.257

(2.38) (1.41) (�1.89) (�6.16) (4.01) (1.49)
FXR �2.099* �1.628 2.108 2.583*** �2.209 �3.998***

(�1.70) (�1.22) (1.42) (2.92) (�1.56) (�3.65)
USFXV 0.293*** 0.028 0.037 0.684*** 0.190*** –

(6.03) (0.70) (1.05) (14.23) (4.76)
USVIX 0.039*** 0.041*** 0.039*** �0.014* 0.025** 0.062***

(2.93) (3.19) (3.41) (�1.67) (2.19) (6.07)
USTED 0.011*** 0.008*** 0.006*** 0.002* 0.005*** 0.002*

(5.98) (4.44) (3.62) (1.73) (2.84) (1.79)

Panel C: DCC(correlation) equations
constant 0.019 �0.054 �0.002 �0.044 �0.035 �0.059

(0.54) (�1.24) (�0.05) (�0.88) (�0.97) (�1.51)
DCC{1} 0.761*** 0.867*** 0.844*** 0.906*** 0.807*** 0.898***

(20.57) (26.28) (27.44) (28.91) (20.53) (29.61)
FXR 0.320** �0.124 0.379* �0.293 �0.017 �0.172

(1.99) (�0.66) (1.67) (�1.39) (�0.07) (�0.87)
FXV 0.021*** �0.002 0.009** 0.000 0.016*** 0.005

(4.94) (�0.31) (2.31) (0.01) (2.78) (0.79)
USVIX 0.000 0.000 0.004*** 0.001 �0.002 0.001

(0.14) (�0.04) (3.04) (0.77) (�1.11) (0.34)
USTED 0.000 0.000 0.000 0.000 0.000 0.000

(�1.19) (�1.64) (�0.41) (0.54) (1.54) (1.30)

The table reports Feasible GLS estimation results of the seemingly unrelated regression (SUR) models:
FXRt ¼ a0 þ a1FXRt�1 þ a2T DCCtð Þ þ a3FXVt þ a4USFXRt þ a5USVIXt þ a6USTEDt þ e1;t
FXVt ¼ b0 þ b1FXVt�1 þ b2T DCCtð Þ þ b3FXRt þ b4USFXVt þ b5USVIXt þ b6USTEDt þ e2;t
T DCCtð Þ ¼ c0 þ c1T DCCt�1ð Þ þ c2FXRt þ c3FXVt þ c4USVIXt þ c5USTEDt þ e3;t
FXR, T(DCC), FXV, USFXR, USFXV, USVIX and USTED represent excess FX return, transformed DCC, FX market volatility index, USD/EUR excess FX return,
USD/EUR FX market volatility, US stock-market Volatility Index, and US TED spread, respectively. Parentheses are T-statistics. ‘***’, ‘**’, and ‘*’ indicate
statistical significance at the 1%, 5% and 10% levels, respectively; {1} indicates a one-period lag.
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Table 7B
Panel-regression models.

Safe (JP,SW) Non-Safe (AU,CA,UK) All

Fixed Random Pooled Fixed Random Pooled Fixed Random Pooled

Panel A: FX return equation
constant – 1.256*** 1.238*** – 0.505** 0.489** – 0.027 0.016

(�2.92) (�2.76) (1.99) (2.02) (0.13) (0.07)
FXR{1} 0.091** 0.089** 0.090** 0.169*** 0.171*** 0.172*** 0.168*** 0.168*** 0.169***

(2.29) (2.29) (2.28) (5.23) (5.32) (5.33) (6.67) (6.72) (6.72)
DCC 0.336 0.264*** 0.305 0.725*** 0.607*** 0.548*** 0.280* 0.165** 0.160**

(1.33) (3.42) (1.55) (3.08) (3.01) (2.97) (1.65) (2.01) (2.11)
FXV 0.087 0.088 0.087 �0.043 �0.026 �0.016 �0.004 0.015 0.017

(1.59) (1.62) (1.60) (�1.19) (�0.78) (�0.51) (�0.12) (0.60) (0.70)
USFXR 0.585*** 0.585*** 0.585*** 0.503*** 0.505*** 0.506*** 0.534*** 0.536*** 0.536***

(14.66) (14.81) (14.70) (16.39) (16.57) (16.53) (21.43) (21.66) (21.63)
USVIX 0.008 0.008 0.008 �0.015 �0.017 �0.018 �0.001 �0.003 �0.004

(0.46) (0.47) (0.46) (�1.21) (�1.40) (�1.51) (�0.06) (�0.33) (�0.37)
USTED 0.006** 0.006** 0.006** �0.007*** �0.007*** �0.008*** �0.002 �0.002 �0.002

(2.20) (2.20) (2.20) (�3.41) (�3.51) (�3.55) (�1.25) (�1.41) (�1.42)
Hausman test – 0.092 – – 1.580 – – 1.660 –

Panel B: FX volatility equation
constant – 0.877*** 0.870*** – �0.012 �0.064 – 0.264 0.110

(4.62) (4.47) (�0.05) (�0.45) (1.41) (0.96)
FXV{1} 0.712*** 0.715*** 0.714*** 0.778*** 0.780*** 0.842*** 0.753*** 0.757*** 0.818***

(27.15) (27.84) (27.53) (41.65) (42.25) (51.59) (51.23) (52.12) (63.55)
DCC �0.068 �0.011 �0.026 0.258** 0.257** 0.213** 0.177 0.149 0.000

(�0.58) (�0.14) (�0.29) (2.29) (2.31) (2.35) (2.24) (2.01) (�0.01)
FXR 0.069*** 0.069*** 0.069*** �0.124*** �0.124*** �0.130*** �0.042** �0.042** �0.041

(4.08) (4.11) (4.08) (�8.01) (�8.06) (�8.18) (�3.66) (�3.65) (�3.43)
USFXV 0.141*** 0.135*** 0.137*** 0.117*** 0.115*** 0.068*** 0.128*** 0.127*** 0.092***

(4.87) (4.92) (4.89) (5.06) (5.00) (2.97) (7.03) (7.01) (5.11)
USVIX 0.023*** 0.024*** 0.023*** 0.022*** 0.022*** 0.023*** 0.025*** 0.025*** 0.023***

(2.72) (2.84) (2.80) (3.22) (3.24) (3.15) (4.52) (4.50) (4.13)
USTED 0.005*** 0.005*** 0.005*** 0.007*** 0.007*** 0.007*** 0.007*** 0.007*** 0.007***

(4.34) (4.50) (4.44) (6.88) (6.89) (6.14) (9.15) (9.13) (8.36)
Hausman test – 0.422 – – 1.976 – – 3.822 –

Panel C: DCC(correlation) equation
constant – �0.080 �0.056 – �0.020 �0.046* – �0.069 �0.051**

(�1.15) (�1.14) (�0.43) (�1.82) (�1.02) (�2.25)
DCC{1} 0.836*** 0.840*** 0.902*** 0.770*** 0.774*** 0.856*** 0.819*** 0.825*** 0.964***

(30.54) (31.26) (41.41) (33.81) (34.44) (45.77) (47.88) (49.19) (118.92)
FXR �0.001 �0.001 �0.002 0.005* 0.005* 0.004 0.000 0.000 �0.002

(�0.24) (�0.25) (�0.36) (1.67) (1.65) (1.09) (0.11) (0.08) (�0.65)
FXV 0.001 0.001 0.000 0.016*** 0.016*** 0.011*** 0.011*** 0.010*** 0.001

(0.13) (0.12) (0.04) (4.59) (4.56) (3.42) (3.48) (3.36) (0.25)
USVIX 0.001 0.001 0.001 0.003** 0.003** 0.003** 0.002* 0.002* 0.003**

(0.60) (0.60) (0.54) (2.35) (2.37) (2.44) (1.71) (1.75) (2.45)
USTED 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

(�0.90) (�0.87) (�0.35) (�0.05) (�0.03) (0.33) (�0.74) (�0.68) (0.65)
Hausman test – 0.975 – – 1.964 – – 3.866 –

The table reports the results of the panel-regression models with fixed effects, random effects, and pooled. The Hausman test supports the random-effects
model for all cases.
FXRt ¼ a0 þ a1FXRt�1 þ a2T DCCtð Þ þ a3FXVt þ a4USFXRt þ a5USVIXt þ a6USTEDt þ e1;t
FXVt ¼ b0 þ b1FXVt�1 þ b2T DCCtð Þ þ b3FXRt þ b4USFXVt þ b5USVIXt þ b6USTEDt þ e2;t
T DCCtð Þ ¼ c0 þ c1T DCCt�1ð Þ þ c2FXRt þ c3FXVt þ c4USVIXt þ c5USTEDt þ e3;t
We classify safe currencies (JPY, CHF) and non-safe currencies (AUD, CAD and GBP). The Euro is excluded in the panel-regression model since it is a base
currency of USFXR and USFXV. Parentheses are t-statistics. ‘***’, ‘**’, and ‘*’ indicate statistical significance at the 1%, 5% and 10% levels, respectively; {1}
indicates a one-period lag.
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Appendix A. Supplementary material

Supplementary data to this article can be found online at https://doi.org/10.1016/j.intfin.2019.101163.
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