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Abstract: The widespread integration and growing systemic dependence among currency, stock,
and commodity markets render these markets often very vulnerable to shocks and at risk of collapse
at the same time. As a result, these trends threaten the sustainability of the entire financial system.
In this study, we aim to explore the spillovers and nonlinear dependencies between the seven major
foreign exchange rates, crude oil and gold prices, a global stock price index, and oil and stock im-
plied volatility indices as proxy variables for global risk factors by employing a directional spillover
network approach. We also use a multi-scale decomposition method and nonlinear causality test
between these variables to capture multi-level relationships at short and long horizons. The major
findings are summarized as follows. First, from the multi-scale decomposition analysis, we identify
that Granger causality test results and the direction and strength of return spillovers change with
the level of decomposition. Second, the results of nonlinear causality tests show variation in both
the significance and direction of Granger causality relationships between the decomposed currency
and other series at different timescales, especially for the decomposed oil, gold, and OVX series.
Third, the measured directional spillover indices identify the Euro-Dollar exchange rate as the larg-
est contributor of connectedness to the other series.

Keywords: currency market; commodity market; stock market; global risk factors; nonlinear
dependence system; spillover network

1. Introduction

With globalization of the world economy, expansion in capital transactions, and in-
creased financialization of commodity markets, the network between stock, foreign ex-
change, and commodity markets has been strengthened. As a result, global investors have
come to consider the returns and risks of these markets together when composing their
portfolios. Similarly, policy makers trying to stabilize these financial markets must consider
their linkages when designing and implementing policy. Thus, for global investors, finan-
cial hedgers, portfolio managers, and policy makers, a clear understanding of return and
volatility spillover system and the causality between these financial markets is essential.

Although there is a wide body of research related to the above end-users’ needs, most
preceding studies target and include only some of these financial markets. For this reason,
prior studies only partially describe causal interrelationships and information transmis-
sion between these markets, but not the overall picture. Specifically, in studies analyzing
spillover effects between these financial markets, research where the foreign exchange
market is a focus in the analysis is limited. Most studies that have analyzed spillover ef-
fects of foreign exchange markets have examined the co-movement amongst major for-
eign exchange markets or information transmission between the foreign exchange and
stock markets. Thus, there are few studies that can be used by foreign exchange market
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investors and policy makers to understand interdependence between the foreign ex-
change and other financial markets.

This study aims to identify the spillovers and nonlinear dependence between cur-
rency, commodity, and stock markets, and global risk factors. The latter factors relate to
stock and oil market price shocks. More concretely, we investigate the spillover effects
and nonlinear causal dependence between seven major currency markets, commodity
market (oil and gold), the global stock market, and proxy variables for global risk factors
in the form of volatility indices (OVX and VIX). For this purpose, we employ three main
methodologies: multi-scale decomposition analysis, nonlinear Granger causality testing,
and a directional spillover network approach. This three-stage approach allows identifi-
cation of the series that make major contributions to spillovers, interdependence proper-
ties (linear or non-linear Granger causality), and spillover network characteristics at dif-
ferent time horizons.

The contributions of this study are four-fold. First, we focus on the role of currency
markets to uncover return relationships amongst the various financial markets. Moreover,
we explore the role of global risk factors in these relationships. Second, we identify these
relationships by applying both spillover network and directional spillover index ap-
proaches, using the spillover network graph to understand the ‘big’ picture. Third, most
prior studies analyze relationships between variables only in the time domain, whereas
we employ multi-scale decomposition analysis to reveal these relationships at short, me-
dium, and long horizons (i.e., time and frequency domains). This method allows us to
have a more thorough understanding of the relationships. Fourth, most prior studies as-
sume linear relationships between variables, whereas we extend the analysis to nonlinear
causality between variables to better capture relationships.

Our main findings are summarized as follows. First, from the multi-scale decompo-
sition analysis, we find that the Granger causality results and the direction and strength
of return spillovers changes with decomposition level. Second, the results of nonlinear
Granger causality tests identify significant variations in both the significance and direc-
tion of Granger causality relationships between the decomposed currency and other series
at different timescales, especially for the decomposed oil, gold, and OVX series. Third,
from the directional spillover indices, the EUR is determined as the largest contributor of
connectedness to other series, followed by the CHF. Spillover network figures of the orig-
inal series highlight the primary role played by the stock market as a net transmitter of
return connectedness, and the strong impact it has on the AUD, CAD, and GBP currencies.
The central role that the EUR plays within the network is also identified, with it being a
net transmitter of connectedness to gold, oil, the GBP, JPY, and CHEF. Finally, the EUR
shows its highest magnitude of net transmission to stock prices for long horizons and to
the gold price and CHF for short horizons.

The paper is organized as follows. Section 2 reviews the related literature. Section 3
describes the sample data. Section 4 explains the methodology employed in this study.
Section 5 summarizes and explains the empirical results. Section 6 provides conclusions.

2. Review of Related Literature

Globalization of markets and increases in international trade and capital flows have
complicated the relationships between currency exchange rates and thus increased the
importance of examining these relationships as a research topic. Most studies on this topic
consider the return and volatility spillover relationships between major currencies’ ex-
change rates but have failed to reach consensus on their characteristics. Bubdk et al. [1]
discover intra-regional volatility spillovers among the Central European (CE) currency
markets and no significant spillovers from the EUR/USD to the CE currency markets. An-
tonakakis [2] identifies significant return and volatility connectedness between major for-
eign exchange rates, which have been lower since the introduction of the euro. Sehgal et
al. [3] revealed the existence of return and volatility spillovers in exchange markets and
that futures markets have an important influence on these spillovers. Sehgal et al. [4]
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investigated the currency market interdependency among South Asian countries and
found that there is not much co-movement in the currency market of this region. Salisu et
al. [5] provided statistical evidence to support return and volatility connectedness be-
tween major currencies. Kocenda and Moravcova [6] identified that volatility transmis-
sion among EU currencies increases substantially during periods of distress. Huynh et al.
[7] provided evidence of asymmetric spillovers and connectedness amongst nine
USDexchange rates, and that volatility spillovers are stronger than the return linkages.

Many early currency market studies have explored the linkage between currency ex-
change and stock markets in major economies. Amongst others, Aggarwal [8] found that
appreciation of the USD is positively correlated to U.S. stock returns, while Soenen and
Hennigar [9] identified a negative dependence between the value of the USD and sector
market returns. However, Chow et al. [10] identified a lack of relationship between the
USD value and stock returns. Yang and Doong [11] identified the asymmetric volatility
linkage between currency exchange rates and stock prices of the G-7 countries.

Some studies devoted their focus to examining the linkage between currency ex-
change and stock markets in Asian countries. Pan et al. [12] explored the connectedness
between the two market prices for seven East Asian countries. They identify evidence of
a causality from exchange rates to stock prices for most countries during the Asian crisis.
Lin [13] found the dependence from stock price shocks to the exchange rate, which is due
to the capital account. Moore and Wang [14] show that the trade balance is a major factor
of the linkage in the emerging Asian markets. Jebran and Iqgbal [15] discovered bidirec-
tional asymmetric volatility spillovers between the two markets.

More recently, this strand of literature extended to uncover the relationships between
currency exchange rates and the prices of other diversifying assets such as precious metals
and commodities. Amongst others, Bhar and Hammoudeh [16] identified a positive depend-
ence between silver and the exchange rate. Dimpfl and Peter [17] revealed that oil and stock
price volatilities are most influenced by the past volatility of gold and currency markets. An-
tonakakis et al. [18] investigated dynamic conditional correlations among 14 implied volatility
indices of some assets. Tian et al. [19] determined that oil price shocks have a positive influence
on the volatility of the USD/RMB exchange rate and Chinese stock prices.

Studies on the connectedness between the oil and stock markets are also related to
our research. Although many studies have analyzed price and volatility transmission be-
tween these markets, no consensus has yet been reached. The empirical evidence in the
literature on this relationship can be classified into four main strands as proposed by Zhu
et al. [20]. The papers in the first strand reveal the existence of a significantly negative
dependence between the two market returns. This strand of literature is in line with Jones
and Kaul [21], Sadorsky [22], and Ciner [23]. Amongst others, Hammoudeh and Li [24]
found a negative bidirectional linkage between the two market indices. Basher and Sa-
dorsky [25], Chiou and Lee [26], and Chen [27], respectively, found strong evidence of the
influence of oil price risk on stock market returns. The second strand in this categorization
provides contradictory evidence in the form of positive interdependence between the two
market returns. For example, El-Sharif et al. [28] examined the linkage between the UK oil
and gas sector equity prices. They found evidence that they are always linked positively.
Watorek et al. [29], Arouri and Rault [30], and Luo and Qin [31] also identified positive
interlinkage between oil prices and stock prices of the U.S., Gulf Cooperation Council
(GCC), and Chinese markets, respectively. Studies in the third strand displayed that oil
price shocks have a significant influence on stock market returns, but whether the influ-
ence is positive or negative is related to various determinants [32-34]. For example, Kilian
and Park [34] showed that the reaction of U.S. stock returns to an oil price shock can be
positive or negative depending on the source of the oil shock. The final strand of studies
demonstrates no significant linkage between the two markets [35-39]. For example, Aper-
gis and Miller [37] identified that stock returns of developed countries do not react to oil
market shocks. Al Janabi et al. [39] discovered evidence no relationship between the oil
and GCC stock markets.
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Recently, some research explored the linkage between oil market uncertainty and
stock returns [31,40—44]. Amongst others, Dutta [41] revealed that there exists a long-run
dependence between the implied volatility indexes of oil and the U.S. energy stock mar-
ket. Mensi et al. [44] revealed that OVX index impacts the predictability of stock prices in
top oil-producing and oil-consuming countries.

Although the currency market is not included, there are studies that explore the con-
nectedness between the oil price (and/or its volatility) and precious metal prices. For exam-
ple, Ji and Fan [45] revealed that the oil market volatility has spillover effects on non-energy
commodity markets. Bouri et al. [46] found evidence to support the presence of cointegra-
tion relationships and nonlinear causality amongst the oil, gold, and Indian stock markets.
Algahtani [47] found that global gold volatility can transmit positive shocks to the UAE
stock market and that the OVX and VIX can influence the GCC stock markets. Dutta et al.
[48] identified the presence of cointegration between oil and precious metal prices and non-
linear causality between oil and gold markets. Kang et al. [49] discovered that the VIX has
the strongest influence on the U.S. sector equity ETFs. Lowen et al. [50] found Granger cau-
sality between VIX, GVZ, and OVXindices during the COVID-19 pandemic. Batrancea [51]
and Batrancea et al. [52] showed the impact of fiscal pressure on the energy industry.

A review of the above studies raises the following crucially important questions:
Does a stable relationship between currency and other markets exist? If so, what are the
correct magnitude and sign of this linkage? If present, is the relationship constant or time-
varying? In this study, we investigate the linkage between currency and other markets to
address these questions.

3. Sample Data

We use daily frequency data on the foreign exchange (FX) rates of seven major cur-
rencies: the euro (EUR), Chinese Yuan (CNY), Japanese Yen (JPY), British Pound (GBP),
Swiss Franc (CHF), Canadian Dollar (CAD), and Australian Dollar (AUD). We also con-
sider a representative global stock index (STOCK); two important commodity prices, the
WTI crude oil spot price (OIL) and gold futures price (GOLD); and two oil and stock risk
variables, the CBOE Crude Qil Volatility Index (OVX) and CBOE Volatility Index (VIX).
We use the MSCI (Morgan Stanley Capital International) ACWI (All Country World In-
dex) as a global stock index, which tracks about 3000 stocks in 23 developed countries and
26 emerging markets (for more details, see https://www.msci.com (accessed on 15 January
2022). All the data that support the findings of this study are downloaded from Thomson
Reuters Eikon (these data are available at https://eikon.thomsonreuters.com (accessed on
15 January 2022) with the permission of Thomson Reuters Eikon).

The data spans from 10 May 2007 to 31 January 2020, providing a sample with 3205
observations of daily data. Daily return series for currency exchange rates, commodity
prices, and the stock index, are calculated by taking logarithmic differences. Changes in
the OVX and VIX indices are derived as daily differences.

Table 1 displays descriptive statistics on each of the return/change series. GOLD ex-
hibits the highest average daily returns (0.025), while OIL exhibits the highest level of
daily volatility as measured by standard deviations (2.398). Overall, the commodity, stock,
and volatility index series display much higher volatility than currency series. All series
display leptokurtosis, with this being highest for currency exchange rates and the implied
volatility indices, as well as all series displaying varying levels of skewness. Normality
hypothesis of returns/changes is rejected for all series, with the Jarque-Bera test statistic
for each being significant at the 1% level.
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Table 1. Descriptive statistics of returns/changes.

Variable u Median Max. Min. g K SK J-B
EUR 0.006 0.000 2473 -3.483 0.603 5.209 -0.092 656.5 ***
GBP 0.016 0.013 8.440 -2.996 0.607 16.746 1.054 25,825.1 ***
AUD 0.006 -0.023 7.311 -8.270 0.851 13.830 0.340 15,724.3 ***
CHF -0.007 0.008 9.089 -19.383 0.733 163.843 -5.303 3,469,795.0 ***
JPY -0.004 -0.009 5.504 -3.782 0.643 8.009 -0.017 3351.1 ***
CAD 0.006 0.007 3.254 -3.998 0.612 5.815 0.105 1064.3 ***
CNY -0.003 0.000 1.833 -1.195 0.164 16.773 0.640 25,552.5 ***
OIL -0.006 0.057 16.414 -12.827 2.398 7.787 0.138 3070.8 ***

GOLD 0.025 0.000 8.625 -9.821 1.125 9.378 -0.249 5464.9 ***

STOCK 0.007 0.053 8.903 -7.371 1.035 12.417 -0.496 11,974.4 ***
OovX 0.005 -0.100 23.930 -24.600 2.156 25.481 0.566 67,661.8 ***
VIX 0.001 -0.090 20.010 -17.360 1.889 21.471 0.965 46,059.7 ***

Notes: The abbreviations y, o, K, and SK stand for the mean, standard deviation, kurtosis, and
skewness, respectively. J-B stands for the Jarque-Bera test statistic. The symbol *** indicates signifi-
cance at the 1% level.

4. Methodology

To ensure a thorough analysis of mechanisms linking the currency (EUR, JPY, AUD,
CAD, CNY, GBP, and CHF) exchange rates and related global variables, i.e., commodity
(OIL and GOLD) and stock (STOCK) prices, and global risk factors measured using im-
plied volatility indices (OVX and VIX), the framework in this paper combines three main
methodologies: a multi-scale analysis, a nonlinear Granger causality test, and a spillover
network approach. The multi-scale analysis utilizes an Ensemble Empirical Mode Decom-
position (EEMD) approach. The EEMD methodology is employed to decompose the orig-
inal time series data of currency, commodity, and stock returns, and implied volatility
changes, into sets of modes matched on different timescales (short, medium, and long
horizons), which relate to different features in the related markets. Both linear and non-
linear Granger causality tests are employed to both the original data and to decomposed
data matched on timescale (or frequency band) to determine causal relationships between
the currency exchange rate and related global commodity and stock prices and implied
volatility indices. The Diebold-Yilmaz (DY) spillover network approach is then used to
analyze information spillovers and find the direction and magnitude of spillover effects
between the variables being studied. This three-stage approach allows identification of
the series that make major contributions to spillovers, linkage properties (linear or non-
linear Granger causality), and spillover network characteristics on different timescales.

4.1. Decomposition of Currency and Commodity Returns

From the perspective of multi-scale methodology, the EEMD analysis affords a
method to avoid the underlying time-frequency features inherent in the original signal.
The EEMD analysis can decompose an original time series into different timescales. This
can figure out the hidden characteristics of these returns/changes fluctuation at different
timescales. In particular, the economic meaning of different fluctuation modes can be an-
alyzed using the investigation of decomposed components at different timescales [53].

The EEMD approach, suggested by Huang et al. [54] and enhanced by Wu and
Huang [55], is then applied to decompose the sample return/change series. In this method,
returns/changes series x(t) can be written by the intrinsic mode functions (IMF) and re-
sidual term as follows,

n
x(0) = ) a(®)+7() M

i=1
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where ¢;(t) means the i® IMF component; n denotes the number of the decomposed
IMF components; and r(t) represents the residual term. In this way, different timescale
series are obtained for the considered return/change series.

4.2. Nonlinear Linkage Analysis Model

In this study, we employ linear and nonlinear Granger causality tests to investigate
possible causal relationships between the currency and each of the commodity, stock, and
implied volatility index returns/changes. The nonlinear Granger causality test of Diks and
Panchenko [56] introduces a nonparametric approach to effectively alleviate the over-re-
jection problem of the Hiemstra and Jones [57] approach.

Given two strictly stationary bivariate time series {X;,Y;} and {X;}, does Granger-
cause {Y;} if predictions of the value of {¥;} based on the past values of {X;,Y,} are better
than predictions of {Y;} based only on the past values of {V;}? Let Fy, and Fy, represent
the information sets included in the past values of {X,;} and {Y;}, and symbol ‘~' denotes
equivalence in distribution. Then, {X;} does not Granger-cause {Y;} if, for some k > 1,

(Yt+1' T Yt+k) | (FX,U FY.t)N(Yt+1' T Yt+k) | FY,t (2)

Following Diks and Panchenko [56], the null hypothesis in the nonlinear causality
test is written as follows,

q= E[fX,Y,Z(X: Y, 2)fy(Y) — fX,Y(X: Y)fY,Z(Y: Z)] =0 ©))

where f(-) denotes the probability density function.
The test statistics is suggested as follows,

To(en) = o=y Z (Far e Yo 2O () = oy K0 ¥fe (1 2Z)) ()

For a sequence of bandwidths ¢, = C n=# (C > O,i <p < %), Diks and Panchenko
[56] proved that T;,(e,) satisfies the following,

=D 5 o ) 5)

D
where the symbol ' -’ means convergence in distribution, and S, is an estimator of the
asymptotic variance of T,,(-).

4.3. DY Spillover Network Approach

The DY spillover network approach has been widely applied to analyze directional
spillover effects among financial markets or energy markets, allowing identification of the
magnitude of directional spillover effects. The level of influence is measured using the
generalized variance decomposition as proposed by Diebold and Yilmaz [58-60]. There-
fore, 6]} can be used to represent the level to which the variable j™ contributes to the
H-period forecast variation in the it" variable. Thus, the sum of the impact of other vari-
ables on variation in the i* variable can be written as From; = 25?:1 9{}, for j#1i,
whereas the total influence of the i*"* variable to variation in the other variables can be
represented as To; = Zle 9}? for j # i. Based on contributions From; and To;, the total

. . Z’-; From; 2’-; To;
spillover index can be expressed as Total = ==—— = == —.

k
The net total directional spillover measure (NDC) for the i*" variable can then be
measured as follows,

NDC; =¥k, 6/ = %5 .00, for i #j. (6)

Thus, the net directional pairwise connectedness (Net) from jt* variable to i** var-
iable can be calculated as Net;; = 6/ — 6.
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5. Empirical Results

Figure 1 identifies the set of independent IMF associated with the daily returns for
the EUR, illustrating the approach to timescale breakdown undertaken for each of the
return/change series. IMF1 and IMF2 are associated with higher frequency, short-term
timescale components. IMF3 and IMF4 are associated with medium-term timescale com-
ponents, and IMF5 and IMF6 with lower frequency, longer-term timescale components.
Finally, the residual (Res) identifies the underlying (moving) trend, or long-term deter-
ministic component [54], in the growth rate of the EUR exchange rate.
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Figure 1. Decomposition results of the daily returns of the EUR.

The decomposition shown in Figure 1 allows identification of the dominance of short-
term modes in generating variation in the observed data on EUR returns, with IMF1 having a
range within -2 to 2, and that of IMF2 a range of just over -1 to 1. The medium-term and
longer-term modes, and the residual, make a relatively smaller contribution to variability in
the EUR return series. For example, the residual has a relatively small range, being within the
range of —0.1 to 0.1, and thus makes a significantly smaller contribution to overall variability.

The conclusion that short-term modes dominate variation in the observed data on
returns/changes is supported for each series by the data presented in Table 2. Variances
in IMF1 for each return/change series account for between 35.13 and 41.71% of the
summed variances of the IMF and the residual, whereas the residual accounts for only
2.89-8.32% of this total variability. In the case of crude oil (OIL), our findings are different
from those of Zhang et al. [53], who suggest that longer-term modes, especially the resid-
ual, dominate in determining volatility. However, their result is based on the use of
monthly data on the price level itself, and ending in the mid-2000s, rather than the more
recent daily data on returns/changes used in this study. Our data covers a more recent
and, potentially, volatile period, covering such events as the global financial crisis (GFC),
European debt crisis (EDC), and the beginnings of the COVID-19 crisis periods. In the case
of oil, our findings are consistent with those of Yu et al. [61] who also use daily data.

Table 2. Proportion of the variance of IMF and Res for the decomposed series.

IMF1 IMF2 IMF3 IMF4 IMF5 IMFe6 Res
EUR 38.22% 20.14% 14.28% 9.85% 7.85% 5.43% 4.24%
GBP 37.74% 22.64% 13.67% 8.97% 7.04% 3.61% 6.33%
AUD 39.20% 20.48% 14.03% 10.21% 6.36% 4.52% 5.20%
CHF 36.57% 19.24% 17.45% 10.39% 8.10% 4.51% 3.73%
JPY 37.50% 21.48% 14.31% 9.40% 6.79% 3.97% 6.55%
CAD 41.19% 21.28% 13.24% 9.58% 5.32% 5.09% 4.31%
CNY 36.65% 19.93% 13.87% 9.35% 6.86% 5.02% 8.32%
OIL 38.85% 20.48% 15.30% 8.95% 6.13% 4.19% 6.09%
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GOLD 36.60% 20.46% 15.57% 10.79% 6.76% 5.09% 4.73%
STOCK 35.13% 22.92% 15.44% 9.70% 6.07% 4.79% 5.94%
OvVX 40.49% 22.43% 14.93% 8.54% 5.39% 4.11% 411%

VIX 41.71% 21.98% 14.61% 9.11% 6.15% 3.54% 2.89%
Note: Mode importance is measured using the proportion of the variance of each component that
accounts for the total variances of IMF and the residual (Res) series.

Prior to assessing linear and nonlinear causality, the Phillips and Perron (PP) [62] unit
root test is performed to check the stationarity of the return/change series and the decom-
posed IMF components. Table 3 displays the results of the PP unit root test. The test results
determine rejection of the hypothesis in both the original and IMF return/change series.
Thus, we conclude that all considered return/change series are stationary.

Table 3. The results of Phillips and Perron unit root test.
Original IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 Res
EUR -56.19 *** -115.73 *** -30.60 *** —6.75 *** -15.90 *** —6.63 *** =7.78 *** —2.98 ***
GBP -23.37 *** -121.54 *** -23.89 -6.14 -15.71 *** -6.41 ** ~7.99 *** -3.24 %%
AUD —15.04 *** -130.71 *** —-33.58 *** =711 *** -15.71 *** —6.44 *** =7.94 *** -3.62 ***
CHF -13.01 *** —94.19 *** —-24.96 *** —6.01 *** -13.91 *** -5.90 *** =7.94 *** -2.96 ***
JPY —12.23 *** -108.70 *** -30.51 *** —7.32 %% -15.00 *** —5.46 *** —7.87 *** =3.92 ***
CAD -10.83 *** -118.85 *** -37.93 *** =7.05 *** —15.49 *** —5.95 *** =7.64 *** -2.96 ***
CNY =7.77 *** -110.16 *** -33.65 *** —4.07 *** -10.86 *** —6.85 *** —7.58 *** -3.00 ***
OIL -14.76 *** -135.30 *** —33.24 *** —=6.71 *** —13.44 *** =5.71 *** =7.78 *** -3.62 ***
GOLD -16.10 *** -119.53 *** -36.30 *** —6.54 *** —15.27 *** —6.57 *** —7.89 *** —4.54 ***
STOCK -13.36 *** -128.80 *** —-24.70 *** —4.76 *** -13.59 *** —6.78 *** =7.95 *** -3.19 ***
OVX —14.77 *** -125.95 *** —34.42 *** —8.24 *** —9.81 *** —5.82 *** —7.95 *** —3.94 ***
VIX —13.46 *** -101.36 *** —45.59 *** —8.02 *** -6.78 ** —5.97 *** -8.01 *** -2.61 ***
Note: *** denotes rejection at the 1% significance level.

Tables 4-6 present results for both linear and nonlinear Granger causality tests on the
original and (multi-scale) decomposed series. In each case, we test for causality and re-
verse causality between each of the currency exchange rate, and, respectively, the com-
modity, stock, and implied volatility index returns/changes.

Table 4. Linear and nonlinear Granger causality test on original returns.
X-Variables OIL GOLD STOCK [0)%, VIX
Xe¢yY Y& X XY Y& X Xy Y& X XY YeX X¢v Y& X
Panel A: Linear Granger causality test
EUR b Ak Kk Kk A Kk *3%
GBP K% ANk Nk Ak *% * %
AUD e HK3k R Hkk bt KXok EE R e e
CHF *% b 3% Kk Kk * *3% *
]PY Ak Ak L HHk Ak
CAD *3% b FH3% Hkok Hkk Hkod K3k *K3% *3% Hk
CNY * Kk Kk *
Panel B: Nonlinear Granger causality test
EUR b b HH3% Hkk Hkk Hkk b HH3% Hkk b
GBP Hk s Hkok Hkok Hkok HK3k i *3% *
AUD Ak Ak A% *Ak *H% *H% b A% *A% Ak
CHF b b HH3% Hkk Hkk Hkk b HH3% * b
JPY *3% *3% FK34 Hkok Hkd b *3% *3% *
CAD Ak Ak L *A% HHk *A% b K% Ak Ak
CNY * *%

Notes: ¥ means the commodity, stock, and implied volatility index returns/changes, and X means
the currency exchange rate returns. The test is performed in two directions; X <t Y implies that ¥
does not Granger-cause X; and Y ¢ X implies that X does not Granger-cause Y. The optimal lag
order is determined based on the AIC criterion. *, ** or *** denote rejection of null hypothesis at the
10%, 5%, or 1% significance levels, respectively.
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Table 5. Multi-scale linear Granger causality tests.

X-Variables OIL GOLD STOCK ovX VIX
X&Y Y& X X&Y Y& X X&Y Y& X X&Y Y& X X&Y Y& X

IMF1
EUR *% EE %% EE %% X% *% bt *
GBP Ex 3% FAK L * *%
AUD X% bt EE %% bt %% X% EE EE X%
CHF *% K L HFHK X% Ex
JPY *3% b3 *% HHF 3 3434 *3% Kok
CAD *% bt Ex %% bt %% * X%
CNY * *% Eda
IMF2
EUR i K L FHK 44 HN%
GBP *3% * a3 B 3 3434 Kok s
AUD i HFHK * Ex bt 4% i HHN K i
CHF *% K % FAK L
]PY *% bt %% * %% X% EE *% H%%
CAD HN% % FHK 4% *% HNN K Ex
CNY Kok *%
IME3
EUR % K % HFHH 4% *% KN i
GBP otk *k * Fk *k ok
AUD *% bt K N4 HFHH 4% KN K i
CHF *% * * 4% Hk AN B
]PY X% bt EE * %% i *% X%
CAD *% * FAK L Hk AN i a
CNY b3 *
IMF4
EUR *% 4% *% *% K *%
GBP X% bt bt bt %% X% i *
AUD FAK L FAK 4% AN e *%
CHF Kok b3 * 3 3434 Kok s b3 Kok
]PY i HFHK K L * i
CAD * b3 * L 3 3434 s
CNY X% *
IMF5
EUR 3 b3 3434 s *3% Kok
GBP HN% HFHH % HFHK 4% KN K i
AUD Kok b3 b3 3434 * s EE Kok
CHF X% bt bt %% X% HXN bt X%
]PY * FAK K L EE *% B AN *% i a
CAD *% EE %% X% i
CNY
IMF6
EUR HN% FHK K 4% i HNN HN%
GBP * 4% * B
AUD X% bt bt %% *% X%
CHF i HFHK FHK 4% HNHN NN i
JPY EE s * * *3% *% 3 Kok
CAD % 4% HN% HHN
CNY FAK

Note: See note of Table 4.
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Table 6. Multi-scale nonlinear Granger causality tests.

X Vatiabl OIL GOLD STOCK ovX VIX
Tvanables Ty oY Y X X<Y YoX X<&Y YeX X&¥Y YeX Xe¥Y YeX
IMF1
EUR K Kok R b b K Kok B b R
GBP Ex 3 b HokA Lt b b b KA Ex 3 *
AUD K R B b b b R B % K
CHF Ex ¥k Bl b Lt Ex Rt b * Ex
]PY ka3 3 R R H%3% s * Exd
CAD K Kok by b bt R *ok B b R
CNY * KN
IMF2
EUR Exad Rl b Lt Ex e B R Exa Ex
GBP H%% X% 3 *% R K% X% EE R H%3%
AUD Exd B R b bt Ex B b b Ex
CHF b B3 Lt Ex bt b * Ex 3 Ex 3
]'PY £ *ok R b b R *ok b
CAD Ex Kok Exd bt Ex R * b Exa
CNY * *
IMF3
EUR Ex Kok i b bt Ex Rt EExd Ex3d Exad
GBP H%% s EE %34 R K% X% EE
AUD Exad * i b bt Ex * Ex3d
CHF b ¥k R Lt Ex b bt B3
]'PY s b b K *ok %
CAD b b B3 Lt Ex bt b B3 Ex 3
CNY * * X% EE K%
IMF4
EUR b b R bt Lt bt b Ko Lt b
GBP K *ok b b b K Kok B b £
AUD b b Koo Lt Lt bt b Pz bt Ex 3
CHF H%% EE %3 e K% s EE Exd
]PY Ex R Rl b Lt Exad Rt Ho
CAD H%3% 3 %3 R H%3% * $%
CNY * £
IMF5
EUR X% EE %3 R ka3 * * *
GBP Ex Rt EExd Exd Lt Ex3d Rt * b Ex3d
AUD K% s L R %34 K% s L Exd K%
CHF K *ok b b b Ko Kok b £
]PY Ex 3 * B3 bt Lt b *
CAD R *ok Ry b b K Kok * b £
CNY *
IMF6
EUR Ex Rt b bt Ex e b B b Ex
GBP Ex 3 Lt Exd
AUD B b £ b £ K
CHF Ex Rt * bt Ex e R R b Ex
]'PY * 3 %3 %% s EE R *
CAD Rt b b bt Ex R b Ex
CNY Ex 3 X%

Note: See note of Table 4.

Turning first to the results for the original return series in Table 4. The comparison of
the results of the linear and nonlinear causality tests is highly informative. The results of
the nonlinear causality tests indicate a higher occurrence of reverse causality, with respect
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to commodity, stock, and implied volatility index returns/changes, for all currency returns
except that of China’s Yuan (CNY). This likely reflects the capture of non-linearities for
most of the currencies (EUR, GBP, AUD, CHF, JPY, and CAD) (e.g., Serletis et al. [63]) and
other assets, both individually and in the dynamic dependence structures between the
original currency, and commodity, stock, and implied volatility index return/change se-
ries. In the case of the CNY, which displays limited evidence of Granger causality, China’s
use of exchange rate targets, capital controls, and monetary policy interventions to steri-
lize foreign currency inflows, suggest that its exchange rate system is essentially a form of
currency peg [64]. This means that rather than being partly absorbed through shifts in the
exchange rate, it will be reflected in shifts in both monetary and real variables (e.g., infla-
tion and GDP growth).

Tables 5 and 6 provide similar information to that in Table 4 but identify the distinct
characteristics for Granger causality related to each of the different timescales associated
with the six IMF modes determined for each return/change series. Table 5 provides this
information for the linear Granger causality test, while Table 6 provides this information
for the nonlinear test.

Like the results discussed for Table 4, the nonlinear Granger causality tests (Table 6)
identify a greater number of causality and reverse-causality relationships between the de-
composed currency (X), and commodity, stock, and implied volatility index (¥) re-
turn/change series, than is the case for the linear Granger causality tests (Table 5). This
identifies that, as with the original series, there are significant nonlinearities at each of the
different modes, both individually and in the dynamic dependence structures. Again, as
for the original returns, the CNY is associated with evidence of limited linear or nonlinear
Granger causality relationships between its decomposed series and the decomposed se-
ries for the commodity, stock, and implied volatility index returns/changes. Exceptions
relate mainly to the oil (OIL) and oil volatility (OVX) markets, with no evidence for the
CNY series Granger-causing changes in the gold (GOLD) series as suggested in Table 4.

Examination of the results presented in Tables 5 and 6 highlight the significant vari-
ation in both the significance and direction of causality relationships between the decom-
posed currency, and commodity, stock, and implied volatility index returns/changes se-
ries at different timescales. This is most apparent for the oil, gold, and OVX decomposed
series, with a decline in the number of significant causality and reverse causality relation-
ships being identified at lower time-scales. In the case of oil, the number of decomposed
currency series evidencing significant linear Granger causality from oil (Y) to cur-
rency (X) declines, in general, at lower frequencies. This effect is, however, less clear
when considering nonlinear Granger causality, with a higher number of currencies being
identified as being impacted by oil at most timescales. A similar, but more obvious, pat-
tern holds for gold. Although declining, the set of currencies to which this result applies
varies by mode (IMF). For example, in the case of linear Granger causality, significance
for the EUR is evident for IMF1, IMF2, IMF4, and IMF6, whereas for the JPY it is evident
for IMF1, IMFE3, IMF4, and IMF5. In the case of linear causality from currency (X) to oil
(Y), the EUR appears to have a more important influence on oil at medium- and longer-
term timescales, rather than at shorter-term timescales, with significant causality being
identified at IMF3, IMF5, and IMF6. Again, a similar result holds for gold. Examination of
the nonlinear Granger causality results support these conclusions for oil and gold.

However, in the case of the relationships between the decomposed series of exchange
rate and the VIX, specifically, the results in Table 6 suggest a lower prevalence of the VIX
decomposed series, impacting the currencies’” decomposed series at intermediate time-
scales (IMF3 and IMF4). With respect to the decomposed series for the stock market, both
the linear and nonlinear causality results, generally, show high levels of causality and re-
verse causality between the decomposed currency, and commodity and implied volatility
index series across the different timescales, with the CNY being the exception currency.
Overall, our results highlight the need to identify and understand the specific timescale
thatis applied in the Granger causality test, and whether linear or more complex nonlinear
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processes underlay these results. These will flow to the relationships likely to be identified
in the spillover analysis that follows.

Tables 7-13 report the total static return connectedness index matrices across the cur-
rency, and commodity, stock, and implied volatility index series for both the original time
series and for each of the different timescales. In Table 7, the average value of the total
return connectedness index is 32.66%, implying a moderate level of connectedness among
the currency, and commodity, stock, and implied volatility index series. With respect to
directional spillovers transmitted to other series (To;), the EUR is determined as the largest
average contributor of spillovers to the other series (73.48%), followed by the CHF
(51.52%).

Table 7. The connectedness matrix for original returns.

EUR GBP AUD CHF JPY CAD CNY OIL GOLD STOCK OVX VIX ;:Z::S
EUR 40.52 1239 10.09 16.73 3.76 7.57 0.66 0.07 4.17 3.84 0.09 0.11 5948
GBP 15.18 50.16 9.37 6.72 0.84 7.56 0.99 0.24 2.68 5.82 0.12 0.32 49.84
AUD 10.38 7.86 43,53 4.11 0.20 15.96 0.95 0.24 3.04 13.23 0.25 024 5647
CHF 20.63  6.69 498 5021 746 3.63 0.37 0.08 5.09 0.58 0.20 0.07  49.79
JPY 6.74 1.19 0.57 10.83 71.77 0.54 0.44 0.23 4.66 2.78 0.03 0.21 28.23
CAD 8.74 724 1797 3.46 0.09 46.15 0.46 0.24 3.48 11.96 0.09 0.12 53.85
CNY 2.92 2.29 1.99 1.38 1.59 1.05 8498 0.04 1.82 1.51 0.34 0.09 15.02
OIL 0.22 0.14 0.51 0.19 0.21 0.11 0.21  89.40 0.31 0.96 3.39 434  10.60
GOLD 6.85 3.53 4.72 6.93 4.54 5.19 1.06 0.50 65.47 0.60 0.18 042 3453
STOCK 0.67 0.03 0.59 0.60 0.47 0.81 0.15 0.35 0.61 95.23 0.26 0.24 4.77
OvX 0.53 0.21 0.24 0.22 0.09 0.10 0.12 0.70 0.49 0.68 8548 11.15 14.52
VIX 0.61 0.23 0.20 0.34 0.20 0.30 0.08 0.40 0.34 0.32 11.81 85.16 14.84
To others 73.48 41.80 51.21 51.52 19.45 4282 5.49 3.10 26.71 42.29 16.77 17.31 32.66
Net 14.00 -8.05 -5.26 1.73 -8.78 -11.02 -9.54 -7.51 -7.82 37.52 2.25 2.48
Notes: The number of lags for VAR models is selected using the AIC, and the optimal lag for original
returns is 5. The forecast horizon H is set to 10.
Table 8. The connectedness matrix for IMF1.
From
EUR GBP AUD CHF JPY CAD CNY OIL GOLD STOCK OVX VIX Others
EUR 48.00 12.75 11.37 1270 2.14 8.27 0.47 0.13 2.19 1.78 0.11 0.08 52.00
GBP 14.31 58.58 9.80 4.33 0.63 6.77 0.77 0.15 1.82 2.24 0.20 0.40 4142
AUD 11.03 835 5334 265 0.46 1635 1.00 0.43 1.57 4.44 0.14 0.25 46.66
CHF 18.61 4.75 3.65 60.77 5.76 2.23 0.24 0.16 2.76 0.64 0.28 0.16 39.23
JPY 3.62 0.87 0.45 6.57 80.83 0.81 0.21 0.62 3.81 1.46 0.25 0.48 19.17
CAD 9.47 723 2031 216 0.35 54.18 0.48 0.28 1.51 3.78 0.13 0.12 4582
CNY 1.35 0.82 1.34 0.47 0.54 0.67 9234 0.19 0.73 0.80 0.53 0.23 7.66
OIL 0.64 0.15 0.87 0.36 0.61 0.12 022 91.16 0.35 1.12 1.32 3.08 8.84
GOLD 3.76 1.90 2.95 2.80 3.07 2.52 0.67 0.65 80.10 0.70 0.30 0.59 19.90
STOCK 0.94 0.35 0.65 1.10 0.25 0.17 0.30 0.54 1.05 93.85 0.59 0.24 6.15
OVX 1.00 0.45 0.75 0.19 0.69 0.14 0.61 0.96 091 0.76 88.49 505 11.51
VIX 0.82 0.19 0.25 0.24 0.21 0.29 0.21 0.68 0.24 0.83 6.61 89.42 10.58
To others 65.54 37.81 5240 33.57 14.69 3833 5.17 4.79 16.95 18.55 10.45 10.67 25.75
Net 1354 -3.61 5.73 -5.66 -4.47 -748 -249 -4.04 -294 12.40 -1.07 0.10

Notes: The optimal lag for IMF1 is 7. See also the note of Table 7.
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Table 9. The connectedness matrix for IMF2.

EUR GBP AUD CHF JPY CAD CNY OIL GOLD STOCK OVX VIX 5;‘1’::5
EUR 65.76  6.20 393 1261 158 4.03 026  0.09 1.56 3.39 0.36 023 34.24
GBP 520 7624 4.30 2.51 045 448 039 023 0.38 5.61 0.08 0.13 23.76
AUD 7.73 436 60.18 140 049 1097 0.62 0.39 0.78 11.11 0.69 1.27  39.82
CHF 1391 249 1.21 7474 3.30 1.90 0.10 051 0.91 0.54 0.31 0.08 25.26
JPY 2.62 0.15 0.46 434 8780 0.83 0.16 0.22 1.09 1.41 0.07 0.84 12.20
CAD 7.18 2.55 8.89 1.80 023 6450 044 0.11 1.25 11.95 0.51 058 35.50
CNY 2.19 0.75 0.29 047  0.89 071 92,67 0.32 0.92 0.41 0.32 0.05 7.33
OIL 0.42 0.09 0.87 0.32 1.11 0.31 0.19 93.39 0.07 0.34 1.04 1.86 6.61
GOLD 5.09 0.85 0.45 3.67 327 244 047 0.05 82.32 0.66 0.19 054 17.68
STOCK 0.58 1.22 1.08 0.59 031 1.30 029 071 0.49 90.89 0.68 1.85 9.11
OVX 0.40 0.29 0.24 0.13 049 0.14 0.17 0.80 0.75 0.25 91.74 459 8.26
VIX 0.61 0.30 0.18 0.18 0.51 0.25 042 0.85 0.29 0.54 391 9196 8.04
To others 4593 19.26 2191 28.00 12.63 2735 3.51 4.29 8.49 36.23 8.16 12.03 18.98
Net 11.70 -4.50 -1791 274 044 -8.15 -3.82 -233 -9.19 27.12 -0.10 4.00
Note: The optimal lag for IMF2 is 12. See also the note of Table 7.
Table 10. The connectedness matrix for IMF3.
From
EUR GBP AUD CHF JPY CAD CNY OIL GOLD STOCK OVX VIX Others
EUR 7135 6.19 460 1055 216 1.42 052 0.10 1.17 1.39 023 032 28.65
GBP 3.34 81.68 0.61 1.32 1.00 2.29 1.25 0.13 1.60 6.42 012 023 1832
AUD 1.07 212 7959 0.3 0.04 4.90 0.07 086 0.71 9.89 0.20 0.03 2041
CHF 7.90 1.78 144 8242 257 1.69 032 0.39 0.49 0.78 0.15 0.05 17.58
JPY 0.51 0.29 0.26 195 9155 0.38 0.51 0.10 0.31 3.77 0.08 030 845
CAD 2.01 0.67  7.58 1.06 026 75.85 0.31 0.00 0.95 11.22 0.04 0.07 24.15
CNY 070 031 0.41 0.14 0.67 052 9426 0.64 0.85 0.88 044 019 574
OIL 0.17 0.23 0.39 0.58 0.39 0.18 0.11 9243 1.06 0.30 2.54 1.60 7.57
GOLD 256 097 022 2.04 2.30 0.92 034 012 88.86 1.56 0.07 0.04 11.14
STOCK 0.08 0.64 5.1 0.03 0.72 1.01 034 021 0.32 91.35 0.07 012 8.65
OVX 059 0.78 0.33 0.58 0.09 0.25 0.60 0.65 0.15 0.30 90.56 5.11 9.44
VIX 0.17 0.53 0.16 0.13 0.22 0.07 0.12 077 047 0.02 459 9274 726
To others 19.11 1451 21.10 1891 1043 1364 449 398 8.08 36.51 854 8.06 13.95
Net -9.54 -3.81 0.69 1.34 198 -10.51 -1.25 -3.59 -3.06 27.86 -0.90 0.80
Note: The optimal lag for IMF3 is 14. See also the note of Table 7.
Table 11. The connectedness matrix for IMF4.
EUR GBP AUD CHF JPY CAD CNY OIL GOLD STOCK OVX VIX 5:22’5
EUR 83.64  3.49 1.28 3.40 2.14 0.27 0.24 0.42 0.30 3.65 0.67 051 16.36
GBP 248 86.83 1.26 0.66 0.14 1.20 0.07 0.01 1.79 5.06 0.13 037 1317
AUD 0.96 145 7421 0.14 0.57 4.29 0.03 0.06 0.10 17.84 0.02 033 25.79
CHF 4.37 1.82 0.04 8899 213 0.10 0.88 0.12 0.54 0.80 0.12 0.08 11.01
JPY 0.98 0.04 0.18 066 96.90 0.00 0.71 0.03 0.29 0.12 0.02 0.06 3.10
CAD 0.09 0.22 5.87 0.04 0.03 8710 0.03 0.28 0.09 6.15 0.10 0.00 12.90
CNY 0.26 0.71 0.16 0.11 0.13 0.06 97.64 0.22 0.65 0.01 0.00 0.05 236
OIL 0.18 0.08 0.55 0.66 0.84 0.14 3.00 89.74 1.24 0.45 1.67 145 10.26
GOLD 052 0.30 0.26 0.11 0.05 0.48 0.10 2.33 94.71 1.12 0.02 0.01 529
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STOCK 0.20 0.37 0.40 0.60 0.10 0.71 0.11 0.04 091 96.38 0.17  0.01 3.62
OVX 0.89 0.48 0.62 0.02 0.04 0.02 0.19 0.12 0.04 1.30 94.04 224 596
VIX 0.09 0.02 0.18 0.59 0.30 0.06 0.09 2.49 0.22 0.19 0.66 95.12 4.88
To others 11.02 897 1080 6.99 6.47 7.33 5.45 6.13 6.15 36.68 3.59 511 9.56
Net -5.33 -4.20 -1499 -4.02 337 =557 3.09 -4.14 0.86 33.06 -2.37 0.23
Note: The optimal lag for IMF4 is 35. See also the note of Table 7.
Table 12. The connectedness matrix for IMF5.
EUR GBP AUD CHF JPY CAD CNY OIL GOLD STOCK OVX VIX 5;‘1’2:5
EUR 94.85 1.76 0.31 1.80 0.11 0.29 0.02 0.04 0.00 0.16 0.12 0.55 5.15
GBP 598 89.04 055 0.05 0.72 0.46 1.81 0.05 0.00 0.08 1.10 0.17  10.96
AUD 0.31 0.30 85.57 0.05 0.43 3.45 0.22 0.07 0.01 9.40 0.00 0.17 1443
CHF 3.40 0.09 023 9296 0.17 0.21 0.17 1.18 0.97 0.14 0.01 0.48 7.04
JPY 0.01 0.82 0.09 0.01 96.12 0.05 1.80 0.09 0.29 0.02 0.01 0.68 3.88
CAD 0.90 0.47 1.36 0.00 0.01 95.65 0.18 0.10 0.39 0.84 0.02 0.08 4.35
CNY 0.02 2.02 0.31 0.06 1.90 0.20 94.28 0.55 0.00 0.32 0.11 0.24 5.72
OIL 0.01 0.02 0.10 0.23 0.00 0.36 1.07  96.44 0.11 0.80 0.05 0.81 3.56
GOLD 0.02 0.30 0.02 0.25 0.24 0.30 0.00 0.01 98.41 0.20 0.00 0.26 1.59
STOCK 0.76 0.05 0.73 0.01 1.50 1.26 0.04 0.03 0.04 95.41 0.15 0.01 4.59
OvVX 0.27 0.08 0.02 0.04 0.02 0.00 0.02 0.01 0.03 0.50 98.46 0.53 1.54
VIX 0.05 0.04 0.19 0.03 1.46 0.06 0.08 2.25 0.12 0.02 1.54 9415 585
To others 11.74 5.94 3.93 2.53 6.57 6.64 5.42 4.38 1.97 12.47 3.10 3.99 5.72
Net 658 -5.03 -10.50 -4.51 2.69 229 -030 0.82 0.38 7.88 1.56 -1.86
Note: The optimal lag for IMF5 is 45. See also the note of Table 7.
Table 13. The connectedness matrix for IMF6.
From
EUR GBP AUD CHF JPY CAD CNY OIL GOLD STOCK OVX VIX Others
EUR 60.30 5.13 582 16.02 0.50 2.02 0.15 0.20 0.00 8.79 0.37 0.69 39.70
GBP 778 7735 1.52 1.96 1.17 0.48 3.19 0.01 0.12 5.44 0.17 0.83 22.65
AUD 4.73 1.15 63.66 3.30 0.09 1276 0.91 2.49 0.27 10.54 0.08 0.02 36.34
CHF 17.83  1.02 3.80 6530 3.63 0.94 0.49 0.02 1.58 4.21 0.89 0.29 34.70
JPY 1.38 0.87 0.10 3.66 8418 1.50 0.97 0.08 3.51 0.76 2.95 0.03 15.82
CAD 1.69 0.08 13.66 0.66 229  69.09 0.10 0.27 1.14 10.61 0.26 0.15 3091
CNY 0.12 3.70 0.89 0.46 1.06 0.14 90.83 1.90 0.11 0.21 0.04 0.55 9.17
OIL 0.14 0.03 2.20 0.01 0.02 1.04 221  84.20 0.74 1.18 6.79 144 15.80
GOLD 0.13 0.04 0.05 1.77 4.45 1.41 0.08 0.74 90.32 0.16 0.83 0.03 9.68
STOCK 10.83 320 10.53 344 1.02 8.55 0.20 0.97 0.08 60.90 0.24 0.03 39.10
OVX 0.69 0.35 0.18 1.76 4.73 0.06 0.00 6.42 0.67 0.26 7596 890 24.04
VIX 1.45 0.81 0.01 0.91 0.85 0.16 0.76 1.62 0.31 0.28 11.52 81.33 18.67
To others 46.76 1639 38.76 3395 19.81 29.06 9.05 14.71 8.53 42.44 2413 1297 24.71
Net 707 -6.27 242 -0.74 399 -185 -0.11 -1.09 -1.15 3.34 0.09 -5.70

Notes: The optimal lag for IMF6 is 8. See also the note of Table 7.

The EUR (59.48%) is the largest recipient of return spillovers, with an average contri-

bution from other series (From;), followed by the AUD (56.47%) and CAD (53.85%). In the
case of these currencies, especially the AUD, this result reflects a high level of sensitivity
to trade and global financial market forces. In terms of net directional spillovers (NDC;),
the stock market is the largest net transmitter of return spillovers, providing a net
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contribution of 37.52%, followed by the EUR (14.00%). The largest net recipients of return
connectedness are the CAD and CNY, respectively, at —=11.02 and -9.54%.

Tables 8-13 indicate that return spillovers between decomposed series are strongest at
both the highest and lowest timescales, with IMF1 associated with the highest level of total
return spillovers (25.75%) and IMF6 the next highest (24.71%). Total return spillovers decline
in level from IMF1 to IMF5, with these being 18.98, 13.95, 9.56, and 5.92%, for IMF2-5, re-
spectively. This contrasts with the general lessening in statistically significant causality at
longer timescales observed for several of the decomposed series in Tables 5 and 6.

Considering individual series, the pattern for total return spillovers identified above
appears to hold for both return spillovers To; and From; other series. Thus, spillovers
transmitted and received initially decline in level, then increase at the lowest timescale.
Return spillovers “To others” and “From others” are generally highest for IMF1, with
those for IMF6 being the next highest. The exception is for stock returns, where the lowest
levels of spillovers To; and From; other series occur at IMF2 and IMF5, while the high-
est levels of spillovers To; and From; other series occur at IMF6.

Figure 2 presents the system-wide connectedness network based on the return spill-
over index data in Table 8. The red (green) color of a node represents the net transmitter
(recipient) of connectedness (i.e., the difference between To; and From; other series).
The thickness of the lines and colors indicate the magnitude of the pairwise connected-
ness, while arrows identify the direction of net spillover. Figure 2 shows the main role
played by the global stock market as a net transmitter of return connectedness, and the
strong impact it has, on average, on the AUD, CAD, GBP, and, to a lesser extent, the EUR
and JPY. The central role that the EUR plays within the network, again on average, is also
shown in Figure 2, with it being a net transmitter of connectedness to gold, oil, the GBP,
JPY, and CHEF. The latter also plays a net transmitter role, especially with respect to the
JPY. Although identified as net transmitters of connectedness, the magnitude of signals
from the OVX and VIX s identified as being small.

S

O

Figure 2. Connectedness spillover network for original returns. Notes: The red circles denote the
information transmitter, and the green circles denote the information receivers. The thickness of the
arrows represents the magnitude of spillover index between the currency and the global variables
considered.

CAD
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Examination of Figure 3 allows identification of important differences in net connect-
edness at the different timescales (modes IMF1 to IMF6) associated with each of the de-
composed series. Specifically, the JPY is shown to be an overall weak net transmitter of
connectedness for modes IMF2-6, exceptions being moderate net transmission to the stock
market for mode IMF5, and a relatively high magnitude of net transmission to the OVX
for mode IMF6. In the case of the EUR, its highest magnitude of net transmission is to the
stock price for mode IMF6, to gold price for modes of IMF1 and IMF2, and to CHF for
mode IMF1. Additionally, the AUD is shown to provide a low magnitude of net transmis-
sion at some timescales (IMF1, IMF3, and IMF6), with its major impact being on the CAD
(IMF1, IMF3, and IMF6) and VIX (IMF3 and IMF6). Differences are also apparent with
respect to the net connectedness characteristics of the decomposed series of the two im-
plied volatility indexes. Specifically, the VIX is a net transmitter of connectedness for
modes IMF1-4, the high-frequency and medium-frequency modes, while it is a net re-
ceiver for modes IMF5 and IMF6. However, the OVX is a net receiver of connectedness
for modes IMF1—4, while it is a net transmitter only for IMF5 and IMF6, the lower-fre-
quency modes. That noted, it is a moderate net transmitter to the VIX for modes IMF1 and
IMF5, with stronger effects being observed for mode IMF6. These results highlight the
importance of the volatility of the oil price for volatility in the stock market. Finally, both
gold and the CNY, although net receivers of connectedness on average (Figure 2), are
shown to be low net transmitters of connectedness at longer timescales, IMF4 for the CNY,
and IMF4 and IMEF5 for gold.

® © @ ©

)
® (o)

@
®
® ® @

(a)
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(o) (d)

Figure 3. Directional net spillover connectedness network for each IMF. (a) IMF1. (b) IMF2. (c) IMF3.
(d) IMF4. (e) IMF5. (f) IMF6. Note: See the note of Figure 2.

6. Conclusions

The aim of this study was to explore the spillover and nonlinear interdependence
between the major currency markets (CHF, JPY, AUD, CNY, CAD, EUR, and GBP), com-
modity markets (OIL and GOLD), stock market (MSCI ACWI), and global risk factors
(OVX and VIX) due to stock and oil market price shocks. For this purpose, we used daily
data spanning from 10 May 2007 to 31 January 2020 and employed three main methodol-
ogies: multi-scale decomposition analysis, nonlinear Granger causality testing, and a di-
rectional spillover network approach.

The main findings are summarized as follows. First, from the multi-scale decompo-
sition analysis, we found that short-term modes (timescales) dominate variation in sample
returns/changes for all series considered. We found that the Granger causality and the
direction and strength of return spillovers change with the level of timescale decomposi-
tion. Second, the results of nonlinear Granger causality tests identify a greater number of



Systems 2022, 10, 80 18 of 20

bi-directional causality relationships between the decomposed currency and other asset
return series than for the linear Granger causality tests. We find significant variation in
both the significance and direction of Granger causality relationships between the decom-
posed currency and other series at different timescales, especially for the decomposed oil,
gold, and OVX series. Third, from the measured directional spillover indices, the EUR is
determined as the largest average contributor of connectedness to other series, followed
by the CHF. Spillover network analysis of the original series demonstrates the primary
role played by the stock market as a net transmitter of return connectedness, and the
strong impact it has on the AUD, CAD, and GBP currencies. The central role that the EUR
plays within the network is also identified, with it being a net transmitter of connectedness
to gold, oil, GBP, JPY, and CHEF. Although identified as net transmitters of connectedness,
the magnitudes of signals from the OVX and VIX are found to be small. Finally, the EUR
shows its highest magnitude of net transmission to the stock price at long horizons and to
gold price and CHF at short horizons.

As this study focuses on the interdependence between key currency exchange rates
and stock and commodity market returns, whose prices fluctuate frequently, our empiri-
cal results are important for enhancing portfolio performance, managing risk, and stabi-
lizing financial markets. Thus, the interdependence between these markets, and their re-
lationship with global risk factors, should be fully understood and closely monitored by
relevant stakeholders. These include global investors, portfolio and risk managers, market
analysts, and government and policy makers. In addition, more emphasis should be
placed on the stability and sustainability of the overall financial system.
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