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1. INTRODUCTION

Throughout modern history and the development of nations into the 21% century, there has been
a plethora of literature studying the role of natural resource abundance and in this paper, we
investigate a specific phenomenon, first coined as the “resource curse” (Auty, 1993) in the
applied to volatility transmission across financial markets. Such a phrase is most commonly
used in the context of a nation-state possessing a significant quantity of natural resources which
is both large relative to other producer countries (of that particular commodity) and accounts
for a significant proportion of the country’s economic activity. The negative connotation
attached to the term relates to how a seemingly positive geological attribute of a nation can
breed various negative effects or embeds fragility into macroeconomies. The phenomenon
often involves a self-fulfilling prophecy where investment is sucked up by the resource’s
extractive industry, depriving the opportunity for the nation’s GDP and fiscal income to be

more diversified, leading to greater volatility in revenues.

Therefore, when commodity prices experience periods of high volatility nations, with large
export dependencies on such commodities experience shocks through the terms of trade
mechanism- which is an account of the import and export prices for particular commodities.
Therefore, pricing shocks in commodities (those accounting for a significant amount of those
for exports) propagate shocks through to output in the resource extracting sectors, which are
then transmitted outward into the macroeconomy due to their size, significance, and
interrelatedness with other industries. These are known as Commodity Terms of Trade (CToT)
effects, and whilst this is a well-researched area undertaken in both theoretical and empirical
contexts (with the use of structural macroeconomic models) we find relatively little research

applied to that of the financial markets in the context of volatility spillovers.



We, therefore, add discussion from structural macroeconomics into the context of financial
market movements by utilising the Diebold and Yilmaz (2012) framework to investigate the
volatility spillovers between various key financial instruments theoretically involved in, and
affected by, the nature of CToT shocks. Those identified include Commodity Futures, Foreign
Exchange Rates (FX), and Credit Default Swap (CDS) markets. With commodity prices being
the driving force between the CToT shocks, their market is internationally traded via the use
of financial derivatives such as forwards and futures, both publicly tradable and private (known
as Over the Counter) but in the case of this paper, we use publicly known futures prices. We
find sovereign CDS spreads to be a strong proxy for macroeconomic uncertainty (or instability)
as they represent the price of insurance on sovereign bonds. As CDS contracts are also publicly
tradable (but only amongst sophisticated investors and institutions), events which inject
uncertainty and arouse speculation around an entity’s creditworthiness, result in increases in
the price of such insurance (Wang et al., 2018). Financial market participants purchase such
contracts for hedging (as they own the underlying bond) or even speculative purposes- one
does not have to own an underlying bond to purchase CDS. Conversely, situations which result
in the quashing of uncertainty around an entity’s creditworthiness such as a stable political
situation, or a generally positive economic outlook will cause the price of such insurance to
decrease through the same mechanism. FX markets also play a key role in the macroeconomic
adjustment to CToT shocks as shock absorbers and are themselves a potential form of
macroeconomic instability, they are therefore important to include in our volatility spillover
analysis, allowing us to observe the spillovers from commodities to FX and from FX to CDS.
We find this a particularly interesting area of research to expand upon for trading, investment

management, risk management, and government policy.

Although there is some existing applied literature in the context of return and volatility

spillovers amongst CDS spreads and commodity markets, there is little discussion linking such



studies to the macroeconomic theories we allude to, in addition to secondary studies of breaking
down the model-generated time series spillovers and explaining differences amongst countries
using cross-sectional data. We, therefore, differentiate from the techniques used in the existing
applied literature but also suggest where the literature can be taken in the future as part of larger

studies of these financial volatility spillovers using the Diebold and Yilmaz (2012) framework.

2. THEORETICAL LITERATURE REVIEW

To understand the theoretical linkage between commodity price volatility and the volatility of
CDS spreads in commodity export-dependent countries, we first turn to the economic literature
on the resource course. The papers on such a topic are broad, but we identify two strands of the
literature most relevant to our study that can be categorised into several different areas,
principally those quantifying the shocks of commodity prices through the terms of trade
mechanism and into fundamental macroeconomic variables, those investigating the role of such
shocks in the context of sovereign credit health, and those focus on the institutional context
within countries identified as possessing the resource curse. Firstly, we examine those papers
on Terms of Trade shocks before relating these findings to the sovereign risk literature and

finally adding context by referencing the role of institutional factors.

The empirical literature on the macroeconomic effects of commodity price shocks
overwhelmingly revolves around terms of trade shocks, and some of the early literature on this
phenomenon includes that of the paper by Mendoza (1995). Inspired by the developments in
developing countries after the Oil-price boom and bust in the 1970s-1980s and other
commaodity price rises during the 1980s which resulted in significant terms-of-trade shocks,
the authors utilise an intertemporal Real Business Cycle (RBC) model to investigate the

dynamics between these shocks and business-cycles in a wide array of economies. They design



the transmission mechanism between terms of trade shocks with the inclusion of variables such
as the cost of imports and the purchasing power of exports. The paper’s findings indicate that
terms-of-trade shocks account for approximately 50% of the variance in GDP. Such results

appear questionable, especially when the wide array of countries used is considered.

In a similar study, Kose (2002) investigates the role of global price shocks on a sample of small
open economies, also utilising a multi-sector RBC-derived model, and extends the work of
Mendoza (1995) with a more sophisticated design of sectors where production inputs are
concerned, therefore accounting for both the import and export commodity price channels. The
author argues this “limits the substitution effects across different types of factors and reduces
the volatility of primary sector output. This, in turn, decreases the volatility of aggregate output,
and helps the model to generate realistic volatility properties.” (pp. 301). Despite being a
sensible approach to limit the role of commaodity terms of trade shocks and test the unrealistic
results generated by Mendoza (1995), the paper still finds that global price shocks explain the
variation of 88% of output and 90% of investment when both the import and export channels

are considered (pp.301).

Broda and Tille (2005) analyse the commodity terms of trade shocks across 75 developing
countries and the increased output volatility arising from such shocks by utilising a VAR model
and impulse response functions to simulate the “dynamic paths of real GDP, the real exchange
rate, consumer prices, and the terms of trade” (pp. 3). The authors specifically test the
hypothesis that countries with flexible exchange rate regimes will be more resilient to
commaodity price shocks, finding those nations with flexible exchange rate regimes suffer fewer
volatile contractions in output. This is a logical finding as pegging a currency to that of another
requires monetary authorities to sell the foreign currency it is pegged to in return for the
purchase of their domestic currency in the event of a negative terms of trade shock ceteris
paribus- and the contrary in the event of positive terms of trade shock. The former case dries
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up investment in the domestic economy as interest rates naturally rise as a result (due to
contraction in the domestic currency) in addition to allowing export prices to adjust and retain

their competitiveness, with both implications leading to subsequently higher output variance.

Kaminsky (2010) analyses the impact of commaodity prices in various commodity-exporting
countries as this can potentially lead to complacently loose fiscal policy due to a boom in tax
revenues, thus embedding a degree of fragility into the fiscal condition of such countries. After
testing such a hypothesis, they find that booms in the terms of trade do not necessarily lead to
such a fiscal response, as in OECD and upper-middle income countries a Keynesian
(countercyclical) spending is undertaken whilst in OECD and low-income countries acyclical
(uncorrelated) policy spending is undertaken. That being said, Kaminsky (2010, pp. 40) found
that during episodes of capital flows, lower-middle-income countries and (to a lesser extent)
upper-middle-income countries undertake procyclical spending, supporting the hypothesis
confirmed by other papers signalling fiscal incompetence during commodity booms. Therefore,

the response by governments is heterogenous by the idiosyncrasies of nations.

Fornero, Kirchne, and Yany (2014) analyse the terms of trade shocks on investment in
commaodity-exporting countries, with a focus on Chile and small open economies primarily
involved with exporting commodity metals by using a SVAR in addition to a bespoke DSGE
model built for Chile. Such economies included those of Australia, Canada, Chile, New
Zealand, Peru and South Africa. Analysing cross-country patterns, the authors find that
commodity price increases drive investment into the resource extracting sectors which spill
into the non-commaodity sectors- confirming previous theories of the resource curse effects.
They add that such spillovers depend on the magnitude and longitude of the shock and that

shocks were less severe in nations with free-floating exchange rate regimes.



Schmitt-Garohe and Uribe (2018) criticise the existing literature due to the bulk of the
consensus that commodity terms of trade shocks through the export channel are
overwhelmingly derived from calibrated business cycles, and that their approach is based on
country-specific SVARs arrives at a starkly different conclusion for the 38-country dataset
utilised. The authors conclude that by using this alternative approach, terms of trade shocks
through the commodity export price channel alone generate only 10% of output variation and
demonstrate the contrasting results between business-cycle and SVAR models by estimating a

three-sector business cycle model and its structural parameters.

In another paper Fernandez, Schmitt-Garohe and Uribe (2017) present findings on the effects
of terms of trade shocks that challenge the bulk of the existent literature based on SVAR models
with calibrated business cycle models by using panel estimates on 138 commaodities in a dual-
price approach including commodity prices relevant to both domestic consumption and
production, where previous literature had only focused on the latter. They conclude that by
using multiple commodities and transmission routes, these shocks account for 33% of output
variation on average, signalling that import prices play a greater role in terms CToT shocks.
The two papers formulate the author’s views that the commodity export price channel alone
produces far smaller variation in output than previously known and that the commodity import
price channel is an important driver of commaodity terms of trade shocks- echoing the findings

of Kose (2002) albeit to a lesser extent.

Much of the debate around CToT shocks seeks to assess whether terms of trade movements
are anticipated or not (and hence transmitted through to business cycle dynamics or not). Zeev,
Pappa, and Vicondoa (2017) utilise a GVAR to assess the Commodity Terms of Trade shocks
to the economies of various Latin American countries and ensure the macroeconomic impacts
of news shocks to the Terms of Trade of these countries are captured, then concluding that
CToT shocks explain circa 50% of output variation when news shocks are accounted for,
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warning that papers such as Schmitt-Garahe and Uribe (2018) will greatly underestimate export

oriented CToT effects when not accounting for news effects.

Roch (2019) utilises a heterogenous panel SVAR to analyse the macroeconomic responses to
commaodity price shocks across 22 commodity-exporting economies. The author finds that such
shocks account for approximately 30% of output variance as opposed to earlier studies which
find shocks explaining only around 10% of output variation. Although this is true Roche (2019)
notes that there was great heterogeneity in macroeconomic responses to such shocks across the
sample of 22 countries. Different to other studies on commodity price shocks, the use of panel
SVAR is justified to study how responses to shocks vary by country characteristics. The author
finds that “exchange rate flexibility, inflation targeting regimes and fiscal rules” (pp. 437)

ensure greater macroeconomic resilience to commodity price shocks.

Al-Sadiq, Bejar, and Otker (2021) assess the impact of commaodity price shocks on Caribbean
countries in the context of their exchange rate regimes. The study was motivated by theoretical
groundings that commodity exporters with flexible exchange rates, as opposed to those with
pegged regimes (where the currency is fixed relative to that of the US dollar for example), will
be able to better adjust to commodity shocks (floating exchange rates are a stabilisation
mechanism for macroeconomic shocks), however, the implementation of such exchange rate
regimes have been cited to have complex trade-offs and yield uncertain results in economies
without developed financial markets. Similar to the study by Roch (2019), the authors utilise a
panel VAR and also find that economies with great exchange rate flexibility were more
resistant to commodity price shocks. Specifically, these economies were able to adjust and
recover more rapidly to such shocks in addition to achieving higher economic growth rates on

average than those with pegged exchange rate regimes.



With the robust theoretical background behind CToT shocks, it is no surprise that there has
also been the development of the sovereign debt literature on the resource curse. Dauvin (2016)
investigates the role of commodity prices in the perception of sovereign risk in financial
markets across 22 emerging market economies through the use of credit spreads. Their findings
link the literature on sovereign debt to those of actively traded financial markets as high
commaodity prices for exporters mean that (through the CToT mechanism) the credit constraint
for such nations is relaxed due to the fiscal windfalls received, allowing better debt
management throughout booms. Although the terms of trade literature find commodity price
shocks materially affect output, the authors conclude that “high variations in commodity prices

are not particularly reflected in the way markets assess sovereign risk” (pp. 1).

Hamann et al. (2018) assess the relationships between the fluctuations in Oil prices, the effects
these have on the macroeconomic environment of Oil-exporting economies, and subsequently,
their sovereign risk by creating an open-economy model with incomplete financial markets
whilst allowing the optimal level of Oil extraction and sovereign risk to interact. The authors
conclude that whilst sovereign risk decreases as Oil producer size increases due to the nation’s
ability to make payments on its debt, autarky becomes more attractive when the amount of Qil

reserves increases which therefore increases the sovereign risk.

Using a panel Vector Error Correction Model (VECM), Ampofo et al. (2021) analyse both the
long-run and causal causation between natural resource rents and public debt. With the dataset
consisting of 17 commaodity-exporting economies from 1991 to 2017, the findings indicate that
in the long-run earnings from natural resource exports are positively related to public debt
whilst in the short run they are negatively related. The authors note that this implies
“overdependence on total natural resource rents affects public debt sustainability of the panel
countries if effective fiscal and economic management policies are disregarded”. Therefore,
institutional quality plays a major role and that nations with strong institutions can take

10



advantage of their natural resources in a way that is fiscally and economically sustainable to

not increase sovereign default risk.

Ghecham (2020) also approaches the relationship between the commaodities and their exporters
under the context of the resource curse by analysing the role of Oil reserve abundance in the
debt overhang of countries. By using a Structural Equation Model (SEM), their results show a
positive correlation between inefficient government investments in the resource extracting
sectors and weak institutions with such investments being typically procyclical, similar to the
findings of Kaminsky (2010), and that the combination of debt accumulation from inefficient
investments with lack of income diversification can lead to countries being more vulnerable to
export CToT shocks, resonating with the conclusion of Ampofo et al. (2021). The findings of
Robinson et al. (2006) show that such misallocations of resources may be due to elected
officials placing an excessively high discount rate on the future, driven by the electoral process
and that despite resultant income volatility, the subsequent windfalls from resource booms

provide them with resources to influence elections.

3. ECONOMETRIC LITERATURE REVIEW

The bulk of the volatility modelling literature in financial economics began with the seminal
paper on Auto-Regressive Conditional Heteroskedasticity (ARCH) by Engle (1982). Such a
model aimed to simply take the lagged squared errors in addition to a constant to explain the
variance at time t. Following this, many improvements were made such as the Generalised
ARCH (GARCH) model introduced by Bollerslev (1987), in addition to variants which
accounted for fat-tailed distributions and asymmetric responses to price changes which better
model the asymmetric response of volatility (Brownlees et al., 2011). These models were not

able to capture volatility spillovers effectively without major modifications, however.
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Although this class of models was useful in explaining asset volatility, what was missing was
a specialised class of models, designed specifically the modelling multivariate volatility
relationships. This is where the advent of Multivariate GARCH (M-GARCH) models pushed
the literature further to achieve this beginning with the Constant Conditional Correlation
GARCH (CCC-GARCH) model by Bollerslev (1990). Such a model sought to assess the
relationship between two or more asset market volatilities, assessing their respective
correlations and covariances and relying on the residuals from the conditional mean model
being constant over time. The downfall with the CCC-GARCH however is that correlation is
not constant over time. Seeking to improve on this, a variety of M-GARCH models were
developed to model time-varying correlations and covariances to reflect this reality in asset
markets. The most notable of these is the Dynamic Conditional Correlation GARCH (DCC-
GARCH) introduced by Engle (2002). The advantage of this approach is that it does not only
reproduce realistic time-varying correlations and covariances characteristic of reality and that
the estimated volatility parameters produced by the model are identical to the univariate
GARCH models- dependent on what variant is used. The DCC-GARCH achieves this by
modelling the univariate volatilities and then computing the conditional covariances as
nonlinear functions of the conditional variances by weighting these by conditional
quasicorrelation parameters. Tsu and Tsui (2002) develop a very similar, albeit lesser used,
M-GARCH variant coined as the Varying Conditional Correlation GARCH (VCC-GARCH)
which also allows the correlations and covariances to be time-varying using similar techniques

possessing the same flexibility as the DCC variant.

Although the conditional correlation subset of the M-GARCH class of models can potentially
indicate volatility spillovers where covariances and correlations increase at a given time, this
does not indicate causal spillovers, nor does it indicate the direction from which the spillovers

originated. For this reason, the bulk of the literature utilises the earlier model developed by
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Engle and Kroner (1995) therefore known as the BEKK-GARCH after the names of the
authors. This model was not only able to capture the significance of any time-varying
correlations but also the causal significance of volatility spillovers in addition to their specific
directional influence. Despite this, the model had some major drawbacks such as the widely
cited inaccurate estimates of time-varying correlations and covariances in addition to not being
parsimonious and generating many parameters to estimate which often led to the optimisation
convergence failure of such a model when a large data set was utilised. Although the BEKK-
GARCH suffered from these drawbacks, it was one of the only M-GARCH models capable of
directly testing causal directional volatility spillovers and was (and is, therefore) still a popular
method used throughout the literature on volatility spillovers across a variety of asset classes.
Because of these drawbacks, however, it is common that the model is accompanied by the
DCC-GARCH which was found to produce superior estimates of both time-varying

covariances and correlations as a cross-checking mechanism.

The remainder of the literature on volatility spillovers overwhelmingly revolves around Vector
Autoregressions (VARs) principally using Forecast Error Variance Decompositions (FEVDs)
computed by using the Moving Average representation of the estimated process and using this
as the cut-off point at which the stochastic shocks are captured- and the forecast error resulting
from them. Modelling return and volatility spillovers between numerous global equity indices,
Diebold and Yilmaz (2008) use a novel approach, manipulating the FEVDs to create an index
of spillovers. In the approach of volatility modelling, they take inspiration from Engle and Ito
(1990) who embed GARCH estimated volatilities into a VAR system to investigate the global
volatility transmission patterns across foreign exchange rates. Instead of using a GARCH
method to estimate volatility, however, they utilise estimation methods by Garman and Klass
(2980) relying on Open, High, Low, and Close (OHLC) pricing data. The spillover indices did

not involve directional metrics of return and volatility spillovers though, which are critical in
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our analysis of assessing the volatility spillovers between commodities, FX, and CDS spreads.
The most fatal issue with this approach however is that it utilised the standard VAR framework
which requires the assumption of ordering through Cholesky decomposition and a choice of a
lower triangular matrix for the variance-covariances in the FEVD computations. In the context
of financial market spillovers, this assumption is a fragile foundation for this analysis when
many assets are often traded simultaneously. Despite possessing a theoretical foundation for
the order of causality, it is therefore difficult to justify the order of this between the variables

when simultaneous trading may mean simultaneous information sets.

In a majorly influential paper, Diebold and Yilmaz (2012) extend their previous paper in two
ways. Firstly, they use the generalised FEVDs (GFEVDs) as introduced by Koop et al. (1996)
as well as Pesaran and Shin (1998) denoted as the KPPS framework, and secondly, they add
several other spillover indices aside from the total index of spillovers introduced in Diebold
and Yilmaz (2008). The introduction of GFEVDs from the KPPS framework overcomes the
issues with the orthogonalization of shocks in the standard VAR models and instead assumes
shocks are contemporaneously correlated when hit by an overarching shock to the model, then

capturing the covariances between assets to capture the GFEVDs.

Hyeongwoo (2009) however, criticises this approach and instead argues that the KPPS
framework (despite being built to sidestep the extreme ordering assumptions) imposes extreme
restrictions on the model and can lead to potential misinterpretation in structural economic
models. Although this criticism warrants some credit, it is important to note that Diebold and
Yilmaz (2008) also tested the results of the FEVDs across ordering combinations for the
orthogonalized variant and did not find any significant differences, though due to the different
combinations that can be specified in a lower triangular matrix such results of the comparison
are precarious which is especially the case when the quantity of N variables increases- making
it impractical to obtain the appropriate number of model combinations. Additionally, the nature
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of financialised nature of our variables in the model means that even if this was true,
simultaneous information sets would make orthogonalization infeasible as alluded to
previously. The additional spillover indices also make directional examinations of spillovers
possible as opposed to just the aggregate bi-directional spillovers in a given VAR system.
These include total directional spillovers from and to N-1 other variables for a given variable,
which allows us to then compute net spillovers between a variable and the rest of the system
where gross spillovers do not provide much informational content for analysis in comparison.
Moreover, the Diebold and Yilmaz (2012) framework also enables the computation of Net
Pairwise spillovers between two variables which are instrumental in providing insights

between CDS and Commodities (or FX).

In a more recent paper, Diebold and Yilmaz (2014) introduce the network visualisation method
in their series of GFEVD manipulations in VAR systems in addition to new metrics built to
analyse the “connectedness” of markets. These methods would indeed be of great utility if we
were to use a single VAR model for every variable in our study so that both intra-and inter
asset contagion can be mapped. For example, relationships could also be analysed between
specific commodities, FX rates, or CDS spreads to provide a richer analysis of where spillovers
truly originate from as they may occur in sequences across markets. Although this is true our
analysis involves country-specific approaches to test how findings differ from those of other

papers in the applied literature and we suggest this technique is applied in larger studies.

4. APPLIED ECONOMETRIC LITERATURE REVIEW

After identifying the theoretical support for our investigation from the literature on CToTs and
sovereign debt, as well as identifying various econometric techniques for spillover modelling

in isolation, we turn to the applied literature on the analysis of commodity price spillovers and
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CDS spreads. Hooper (2015) uses a cross-sectional panel of data relevant to Oil and gas export-
dependent emerging market economies in analysing whether the reserves of Oil and gas
themselves affect the CDS spreads of such countries. The author's findings indicate that whilst
Oil reserves lead to increases in CDS spreads (as a result of increased risk perceived by the
financial markets), the effects of gas reserves are to the contrary, and decrease the CDS spreads.
Moreover, Hooper (2015) finds significant interactions between institutional variables when
introduced, and the results of which highlight the financial markets placing greater importance
on political stability. This confirms other findings on the role of institutions in commodity
terms of trade effects and sovereign risk, which are relevant for this topic but are not suitable

for the scope of this time series spillover study.

Chuffart and Hooper (2019) then build on the work of Hooper (2015) to analyse the effects of
Oil on the sovereign CDS spreads of both Russia and Venezuela by using a Markov-switching
Time-Varying Transition Probabilities model (MSTVT) with the inclusion of other global and
local factors such as nominal exchange rates. They find that Oil price returns have a statistically
significant impact on the CDS spreads of Venezuela but for Russian CDS spreads, the nominal
exchange rate is seen to play a greater role than the Oil price returns. It is important to note
however that the methods used by Hooper (2015) as well as Cheuffart and Hooper (2019) are
not trivial, nor are they spillover-enabled frameworks and therefore do not lend themselves to

our branch of analysis.

Bouri et al. (2017) investigates volatility spillovers from commodities to sovereign CDS in
seventeen emerging markets and six frontier markets using separate GARCH (Generalised
Autoregressive Conditional Heteroskedasticity) models for each variable with an additional
AR (Autoregressive) term so the conditional mean and variance of assets are modelled, then
augmenting the model and using a Lagrange Multiplier (LM) test to formally assess spillovers.
The authors split the countries into their types of commodity export dependence and assess
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spillovers between their respective CDS spreads and the commodity indices most relevant to
them. Although the paper demonstrates the significant transmission of volatility from
commaodity prices to sovereign CDS spreads in 10 of the Emerging Market countries, much of
the transmission detected (through the rejection of their null hypotheses) occurred from
commodity sub-indices which did not contain commodities that account for a significant
proportion of their exports. The authors cite this as being due to the “financialization of
commaodities and the increased correlation between different commodities” (Bouri et al., 2017,
pp. 163). Another important note to the methods used is that although they enable the statistical
testing of causation-in-variance, they do not show how commaodity spillovers vary across time

with high frequency and only use sub-sampled data to achieve this.

In a later paper, Bouri et al. (2019) extend the methods in their earlier paper, this time focusing
on BRICS countries (Brazil, Russia, India, China, and South Africa) and how Qil prices spill
over into the sovereign CDS of such countries. They instead use a GARCH-quintile approach,
measuring only the extreme volatility spillovers rather than all volatility spillovers, essentially
testing the hypothesis of whether extreme volatility in commodity market prices causes
extreme volatility in sovereign CDS spreads. Using data from January 2010 to August 2016,
the authors conclude that the transmission of volatility from commodities to sovereign CDS
varies under different volatility conditions and find that energy market volatility spillovers are

only significant in the middle and upper quantiles of CDS volatility.

Sun et al. (2020) analyse return spillovers among sovereign CDS, stock and commodity
markets using a visual network to provide enhanced analysis of how volatility transmits across
financial markets. Diverging from the GARCH methods in other pieces of literature, the
authors utilise the Diebold and Yilmaz (2012; 2014) methods to calculate indices of directional
return spillovers using GFEVDs and visualise the transmission of spillovers between the asset
returns in the VAR system. The authors analyse these spillovers using CDS spreads and stock

17



market data for China, Russia, Brazil, and South Africa, in addition to some developed nations
and only include QOil and Gold as commaodities in the analysis. The author’s findings indicate
that, there are significant spillovers from emerging market stock indices to CDS and that these
are greater than those for developed nations. Most relevantly, the authors find that overall, on
a net basis, there are marginally greater spillovers from CDS to commodity markets than
reverses which is unexpected. Though it is important to stress these results are both aggregated
and sovereign CDS data includes countries beyond those of commodity export-dependent

nations- which were not the focus of the study.

Feng et al. (2021) analyse spillovers between sovereign CDS and exchange rate markets, but
only utilising the Diebold and Yilmaz (2012) approach. The authors adopt the same selection
of countries as Sun et al. (2020), thus analysing the spillovers between exchange rates and the
CDS of G7 and BRICS countries. The authors also include the implied volatility index for the
S&P500 stock index (VIX) as well as that for Oil (OVX) as gauges of “fear” in the markets.
The findings of the paper show that 51%-~ of the total spillover index was comprised of
spillovers between the sovereign CDS and Foreign Exchange market, demonstrating that they
are indeed interconnected. Of these spillovers, it was found that 14.5%~ comprised of
spillovers from the CDS markets to exchange markets, and 15%-~ from the exchange rates
markets to the CDS markets, thus demonstrating net spillovers on average from foreign
exchange rates to CDS spreads. Moreover, it was found that the spillovers from FX markets to
CDS markets were significantly greater amongst emerging market economies than in
developed countries. Within these two groups of economies, there was a net spillover from FX

rates to CDS spreads for developing countries, but found the contrary for developed countries.

Similar to that of Bouri et al. (2019), Cheuathonghua et al. (2022) also examine the extreme
spillovers between commodity market indices and sovereign CDS but instead achieve this
within the Diebold and Yilmaz (2012) framework by using a VAR quantile analysis known as
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the multivariate multi-quantile conditional autoregressive value at risk (MVMQ-CAViaR). The
authors also distinguish between positive and negative volatility to detect potential asymmetric
effects. For example, positive price volatility in a given commodity may result in a lesser
magnitude spillover to CDS than negative price volatility would. Where extreme spillovers
from commaodity indices to the CDS spreads of commodity-dependent countries are significant,
as expected, those from CDS spreads to commaodity indices are not. Countries included were

Brazil, Guatemala, Uruguay, Australia, Chile, Jamaica, Bahrain, Columbia, and Russia.

5. DATA

In the selection of sovereign CDS data, we follow data published by UNCTAD (2019; 2021)
“State of Commodity Dependence” reports and select the CDS of nations with flexible
exchange rate regimes that are significant commodity exporters- thus allowing us to test how
CToT shocks propagate through to sovereign risk in the view of financial market participants
when exchange rates are flexible. Therefore, we use weekly OHLC data obtained from
Thompson Reuters for the 5 Year CDS Spreads and FX rates (Australian Dollar, Peruvian Sol,
Chilean Peso, Colombian Peso, and Russian Ruble) measured in units per US Dollar, and the
relevant commodities for Australia, Peru, Chile, Colombia, and Russia (Table 1) obtained from
ICE, COMEX, and CME. Our dataset runs from the 5" October 2012 to the 24" December
2021. We identify two categories of exporters which are Metals exporters including Australia,
Peru, and Chile, and those that are Oil exporters which are Colombia and Russia. We also differ
from the existing literature and 5 country-specific VARSs to mitigate the effects of collinearity
interfering with the model results as well as the manipulated GFEVDs. For example, Copper

volatility could show as significant or volatility transmission to Australian CDS if we grouped
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all mining economies into one model, when this may be due to Iron and Copper being highly

correlated as industrial metals.

In the metal exporting group, we select Iron and Gold for Australia, Copper and Gold for Peru,
and Copper for Chile. We take a more simplistic approach for the energy economies and select
the Oil price (Brent Crude benchmark) for Colombia and Russia. Moreover, we exclude Coal
due to data limitations and Natural Gas in the Australian model due to being only marginally
larger relative to Gold shown across the UNCTAD full dataset where the latter may yield
interesting results due to its “safe haven” status in the financial-economic literature (Baur &
Mcdermott, 2016). Although this may add concern for omitted variable bias in the Australian
and Colombian models, these are not the largest exports and should only affect the results of
our VAR models rather than the GFEVDs. The inclusion of Gold prices in the Australian model

also helps to mitigate this and accounts for more commodity exposure.

% Shares of Total Merchandise Exports
2013- | 2018-
Country | Commodity-type 2017 | 2019
Australia | Iron ore and concentrates 23| 21.9
Coal, whether or not pulverized, not agglomerated 16| 18.1
Natural Gas 7] -
Gold, non-monetary (excluding Gold ores and
concentrates) - 5.9
Chile Copper 27 | 22.7
Copper ores and concentrates; Copper mattes 22 25
Fruits and nuts (excluding Qil nuts), fresh or dried 8 8.5
Peru Copper ores and concentrates; Copper mattes 21| 26.8
Gold, non-monetary (excluding Gold ores and
concentrates) 17| 14.8
Ores and concentrates of base metals 7 7.5
Russia Petroleum Qils, Oils from bituminous materials, Oil 29 | 28.6
Petroleum Oils or bituminous materials >70% Oil 20| 16.5
Natural Gas 11 3.8
Colombia | Petroleum Oils, Qils from bituminous materials, Oil 39| 329
Coal, whether or not pulverized, not agglomerated 13| 141
Coffee and coffee substitutes 6| -
Petroleum QOils or bituminous materials >70% Oil - 7.2

Table 1 - UNCTAD Commodity Dependence Data (2019; 2021)
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VOLATILITY CALCULATIONS

Calculating the logarithmic returns of assets (in this case CDS spreads and Commaodity indices)
is of course trivial, but with realised volatility, this is not the case. Parkinson (1980)
demonstrates how simplistic close-close estimation is inferior to that of another which utilises
the high and low data of the given period, developing an estimator 5.2 times more efficient
than close-close. Indeed, Diebold and Yilmaz (2012) adopt this estimator, and Alizadeh et al.
(2002) find that “theoretically, numerically, and empirically that range-based volatility proxies
are not only highly efficient but also approximately Gaussian and robust to microstructure
noise”. This approach, however, fails to account for market movements after the market close,
presenting a bias of underestimation. Garman and Klass (1980) solve this problem by extending
the formula and including the open and close price of a given asset subsequently achieving 7.4
times efficiency on close-close. Rogers and Satchell (1991) incorporate drift, for when the
underlying average log return is not equal to zero achieving 8 times the efficiency of close-
close estimation. Yang and Zhang (2000) then extend the Garman and Klass (1980) model, to
incorporate opening jumps and thus add more informational content achieving 8 times
efficiency, and is the chosen volatility estimator for our model, hereafter referred to as GKYZ
(Eg. 1). We use rolling 10-week average volatilities for our inputs into the model to smooth
noise. Despite this class of volatility estimators being robust to microstructure noise, it should

be noted that CDS spreads have notably low liquidity and are thus susceptible to randomness.

1< 0,V 191, H\N? 1w C\2
GKYZ _ |+ t = = oty - _ —t
g = NZ (lnct 1) +NZ z(ln Lt) n., Gin2=1 (l”ot) 1

Where:

e N is the number of periods used to average.

e 0. H, L andC, are the Open, High, Low, and Close prices at period t.
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SUMMARY STATISTICS

Observing the summary statistics (Table 2), we see both the mean and median volatility of
CDS spreads to be higher for all countries most likely due to these markets being significantly
less liquid than those of commaodities and the corresponding FX rates for each nation which
are expectedly less volatile than the commodities themselves. As expected, the median
Australian CDS volatility measure is significantly lower than that of Chile and Peru due to
greater robustness in its economy and strong institutions but Australia’s CDS surprisingly has
the second highest mean volatility in the as well as having a higher median than Colombian
CDS volatility, potentially due to outlier effects. Using the Standard Deviation, we can also see
that the volatility of volatility is greatest for Brazilian and Russian CDS, and the lowest for
Peru and Chile CDS. We also observe high measures of kurtosis (>3) in the distributions across
our dataset, indicating “fat tails” and non-normality, Copper, Iron, Gold, USD/CLP,
USD/COP, and USD/PEN volatilities possess thinner tails with measures of (<3). The
observation of non-normally distributed volatilities is also found in the skewness across most

variables (<0 or >0). Therefore, the GKYZ formula failed to produce normal distributions.

Var Name Mean | Std Dev | MAD | Median | Min | Max | Range | Skew | Kurtosis

Australias | 0.15 |0.10 0.04 |0.12 0.05 | 0.60 | 0.55 2.50 |6.09

Chile o 0.16 |0.07 0.04 |0.15 0.07 | 0.53 | 0.46 3.13 | 13.64

Peru o 0.14 |0.07 0.04 |0.13 0.06 | 0.52 | 0.46 3.16 |13.31

Colombiaag | 0.14 | 0.08 0.03 |0.12 0.06 | 0.58 | 0.52 3.36 | 13.19

Russia o 0.19 |0.24 0.05 |0.13 0.05|1.72 | 1.67 5.51 |32.10

Oil o 0.10 |0.06 0.03 |0.09 0.03 | 0.48 | 0.45 3.53 | 15.76
Copper o 0.06 |0.02 0.02 | 0.05 0.02 | 0.13 | 0.10 1.34 | 2.83
lron o 0.09 |0.04 0.04 |0.08 0.00 | 0.19 | 0.19 0.51 | 0.06
Gold o 0.04 |0.02 0.01 |0.04 0.01 | 0.10 | 0.09 122 | 152

USD/AUD ¢ | 0.03 | 0.01 0.01 |0.03 0.02 | 0.09 | 0.07 271 |11.28

USD/CLP ¢ | 0.03 | 0.01 0.01 |0.03 0.01 | 0.06 | 0.05 0.78 | 0.63

USD/COP g | 0.04 | 0.01 0.01 |0.03 0.01 | 0.07 | 0.06 0.71 |-0.11

USD/PEN ¢ | 0.02 | 0.01 0.01 |0.02 0.01 | 0.04 | 0.03 1.36 | 1.63

USD/RUB ¢ | 0.04 | 0.03 0.01 |0.03 0.01]0.21 | 0.20 340 |14.25

Table 2 - Descriptive Statistics for Full Sample GKYZ Computations
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6. METHODOLOGY

For our models, we utilise the framework by Diebold and Yilmaz (2012) in R Studio software
due to the insights it generates on mean spillovers across our dataset as well as rolling spillovers
generated across time. As such a framework is underpinned by GFEVDs from VAR models,
we must specify our VAR models for each nation, which each contains K lags of 5 Year
Sovereign CDS volatility for the nation, K lags of the corresponding Foreign Exchange rate
volatility, and K lags of the volatility for at least one commodity that the country exports. An
example specification as a trivariate VAR (1), for a given country with only one commodity

and K = 1 lags is provided (Eq. 2).

CDS, B1o B11 PB12]1 [CDS,_4 €cps;
FX; | = [B2o| +|B21 B2z|| FXe—1 |+ | EFx¢ (2)
com, B3ol LB31 P32l LCOM,_, Ecom,

Where:

e (DS, isthe 5 Year CDS Spread volatility for a given country.

e FX, is the Foreign Exchange rate volatility for a given country.

e COM, is the volatility of the Commodity the given country is dependent on.

* [0, P20, P30 are vector constants.

e All other B11, P12z, B21, B22, P31, and B3, are the matrix coefficients for the

column vector(s) of independent variables.

As previously discussed, the essence of the framework is to essentially manipulate the KPPS
GFEVDs from each VAR to construct metrics of volatility spillovers in both various
aggregated measures as well as pairwise measures. In this paper, we generate pairwise results
for the full sample, in addition to a sample that excludes the financial market shock induced by

COVID-19. In addition to this, we construct rolling Net Total Spillovers across our models so
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that we can study how spillovers are transmitted from particular assets across time. For our
models, we generate the GFEVDs from a two-step-ahead forecast, and more generally, Diebold
and Yilmaz (2012) calculate the H-step-ahead GFEVD (Eq. 3).

—1vH-1 ( 2
09 (i) < i 2h=0 (eiAnZe))
l]( )_ H-1 ] ;

3)

Where:

e ¢; isanm x 1 selection vector with unity as its jth element and zeros elsewhere; and

!

e; Is its transposed variant.
e e; isan m x 1 selection vector with unity as its ith element and zeros elsewhere.
e A, isa coefficient matrix for h steps ahead and A}, is its transposed variant.

e O::

jj 1s the standard deviation of the error term for the jth equation.

It should be noted however that because the underlying Generalised KPPS VAR assumes
simultaneity in shocking variables and analysing the contemporaneous correlations, as
highlighted by Pesaran and Shin (1998), the shocks from and to a given variable (the row sum)
do not sum to unity (100%) of all shocks. Arising from this is a problem of interpretation when
conducting our analysis, we may be able to claim which shocks to and from a given variable
are the largest however this does not tell us the proportion of the total forecast error variance
such shocks account for. A common adjustment made is to normalise each shock by the row
sum of the shocks, thus providing us with a percentage of the contribution to the total forecast
error variance of a given variable. For example, Lanne & Nyberg (2016, pp. 4) similarly modify
the GFEVD to solve the problem posed by the nature of the KPPS Generalised VAR by
“aggregating the cumulative effect of all the shocks while the numerator is the cumulative
effect of the ith shock ”. Diebold and Yilmaz (2012) solve the issue as follows (Eqg. 4).

03 (H)

0)(H) = —————
D = s ra

“4)

24



Now the interpretation problem has been mitigated, the spillover indices can then be
constructed. To start with, the Total Spillover index can be constructed (Eq. 5), which is the

generalised variant of that seen in Diebold and Yilmaz (2009).

bj=1 05,(H) bj=1 07,(H)
SI(H) = N*’—g(m 100 = *”T 100 5)

The Total Spillover index measures the influence of all spillovers across time on the total
forecast error variance of the specified model, thus indicating how widespread volatility
transmission is across the asset markets under examination, in this case, how widespread
volatility transmission is across the CDS spreads of a particular class of commodity export-
dependent Emerging Markets, as well as the relevant commodity index. This, however, does
not provide us with a directional assessment of such spillovers, and therefore we describe the
novel spillover indices unique to the Diebold and Yilmaz (2012) framework, beginning with
the directional total spillovers. This provides a measurement of the spillovers received by
market i from all other markets j (Eq. 6). Similarly, the directional total spillovers transmitted

by market i to all other markets j can be calculated (Eq. 7).

¥ 84 (H) ¥ 84 (H)
SYH) = =100 =L ——— 100 (6)
z] 1 eg(H) N
Vit 63(H) Yty 6(H)
SI(H I 100 = 22 100 7
) = S 5o = ™

The results of this are not of particular interest, however, as it is the net direction which
ultimately matters for our analysis, but we can use such a metric to calculate the net
(directional) total spillovers. We use this metric both averaged over the dataset as well as being

studied across time using 52-week rolling window estimation, which allows us to gauge where
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Net Transmission originates in the systems at any one time. Therefore, we can calculate the

Net Total Spillovers from a market i to all other markets j (Eg. 8).
SY(H) = SY(H) — S7(H) (8)

The most significant of manipulated GFEVD metrics is that of the Net Pairwise spillovers
which provide us with the direction of net volatility transmission between two asset markets,
which is crucial to validate our economic hypotheses. Unfortunately, due to technological
limitations, we are unable to compute a time-varying metric for Net Pairwise spillovers as can
be done with Directional Total spillovers. Although this is true, we remain able to compute the
metric averaged across time through the observation and computation from the generalised
spillover table which provides us with another base to answer our economic hypotheses. The
metric is specified as the spillovers transmitted by an asset market j to another asset market i

on a net basis (Eqg. 9).

0%.(H) 0%.(H) 0%.(H) — 67.(H)
S9(H) = L - g 100 = [ L J 100 9
§ ( Y= 05, (D) Xy Bfk(H)) ( N > ©

Therefore, we conclude our hypotheses as follows. For our parameter estimates, we expect the
matrix coefficients will be positive in each model, as volatility in one market contributes to
increases in volatility in another, not a decrease. For example, we hypothesise commaodities
that countries depend on for large export revenues will be positive and significant in explaining
both the foreign exchange and CDS spread volatility in addition to FX volatility explaining that
of the CDS spread volatility. For the Net Total Spillovers, we expect positive (net transmission)
values in the system from the volatility in both the relevant commodity and FX markets, but
negative (net receiver) values for the volatility of CDS spreads. Moreover, we also expect Net

Pairwise transmission from Commodities and FX volatilities to that of CDS spreads, as well as
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from Commodities to FX. Although we set the expectation for transmission of volatility from
FX to CDS, the relationship is more complicated and possibly reflexive in that sovereign risk

arising from other sources may lead to FX volatility, which may then lead to CDS volatility.

7. MODELS & RESULTS

For each commodity-exporting nation, we use two VARs, one which includes a dataset
excluding the effects of COVID-19 from the 5" October 2012 to the 27" December 2019, and
another which includes the effects of COVID-19 from the 5" October 2012 to the 24™
December 2021. This approach is utilised to help us disentangle the COVID-induced shock to
commaodity prices and other assets in the models for Net Pairwise Spillovers and compare them
with our rolling Net Total Spillovers. For simplicity, we only highlight diagnostics, VAR

summaries, and Net Total Spillovers for the full sample of data.

Before specifying our VAR models, it is first crucial to test for the optimal selection of lags for
each commodity class VAR. We achieve this using a lag selection process where VARSs are
estimated by OLS per equation, and we compute various information criteria to then compare
which lags produce the minimal score amongst the different criteria (Table 3). These include
those of Akaike’s Information Criterion (AIC), Hannan-Quin (HQIC), Schwarz Criterion
(SIC), and the Final Prediction Error Criterion (FPE). We test for a maximum of 12 lags. AIC
penalises a model for having more estimators relative to its performance but assumes that none
of the models estimated is true, and that reality has far greater dimensionality. FPE is also
closely related to AIC as both test the models on another dataset, which is the mechanism
through which both measures of fit assume none of the tested models is true. SIC, however,
assumes that one of the model orders is the true model. The SIC along with HQIC is stricter

than AIC in penalizing more parameters. Koehler and Murphree (1998) conclude that SIC is
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favourable as AIC and FPE tend to overfit data and lead to relative over-parametrization. For
consistency, we, therefore, use SIC for lag selection and use the same lags for our pre-COVID
sample models. We test a maximum of 12 lags for each country-specific VAR model and use
judgement when significant discrepancies arise between SIC and other criteria, increasing the
lag order by 1. Therefore, we select 2 lags for the Australia and Peru models, 3 lags for the

Chile model, and 10 lags for the Colombia and Russia models.

Model AlC HQ SIC FPE
Australia | 10 10 1 10
Peru 11 10 1 11
Chile 12 11 2 12
Colombia | 11 10 10 11
Russia 12 10 10 12

Table 3 - Lag Selection Criteria Results

We then perform several diagnostics tests on our models. After discovering unit roots in our
variables, we take their first differences and reject the hypothesis of unit roots being present at
the 1% level, except for the eighth, eleventh, and twelfth lags of Iron volatility which were
significant at the 5%, 5% and 10% levels respectively (Appendix 1). The VAR stability tests
(Appendix 2 & 3), also show that our models are stable using both a generalised dynamic
empirical fluctuation test (Kuan & Hornik, 1995) and by observing that the modulus of the
eigenvalues are strictly less than one. This is the most important consideration to ensure that
the stochastic shocks captured in the GFEVDs do not persist. The Jarque-Bera tests for
normality also confirm the results of the descriptive statistics, showing all model residuals are
not characteristic of a normal distribution (Appendix 4). For serial correlation it can be shown
by using the Breusch-Godfrey tests (Appendix 5) that the optimal lags selected by the SIC
results were not sufficient in capturing the full autoregressive process (aside from the Chile
model at 6 lags), we attribute this to the rolling-average volatilities used as greater lag orders
did not fail to reject the null hypothesis of no serial correlation. This may not be so serious as

the rolling averages still capture the data up to 10 lags. Results from the multivariate ARCH-
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LM tests (Appendix 6) show rejections of the null hypothesis of no heteroskedasticity and that
our GKYZ metrics failed to capture all the heteroskedasticity in the security prices except for
the Australia model which captures up to 9 lags, and the Chile model at only 1 lag. These
results show our models are not as efficient as they could be, biasing standard errors and
therefore the significance of our variables. Despite not being able to robustly confirm the
significance of the model variables, we assess the overall pattern of p-values across our five
models as well as the parameter signs. Moreover, our parameter estimates are still linear and
unbiased so we may conclude that our model results are suitable for analysis (except for non-

normality) within the context of volatility spillovers, the focus of this investigation.

VAR RESULTS

Beginning with Australia (Table 4) in the Metals exporting economies, in explaining the CDS
volatility, only the first and seconds lags of the dependent variable itself are significant at
the10% and 1% levels respectively and no other variables- with the parameter coefficients of
both lags expectedly positive. Despite not being significant, both Iron volatility lags and the
second for Gold were estimated to be mildly negative overall with the FX volatility lags being
overwhelmingly positive. The first lag of Gold price volatility is however significant at the 5%
level and the second at 10% in explaining the volatility of FX and was expectedly positive- in
addition to the first lag of FX volatility at 1% significance also positive. Iron volatility was

again insignificant and failed to explain FX volatility.

For Peru however (Table 5), the first lags of both FX and Gold volatility and the second for
Copper volatility are significant at the 1% level in explaining the CDS volatility of Peru. The
estimated parameter coefficients are also expectedly positive for these variables, signalling an

overall confirmation of the hypotheses. Additionally, the first lag of Copper volatility is
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significant at 1%, the first lag of Gold volatility at 10%, and the second lag of Copper at the
5% level in explaining the volatility of FX (as well as the first and second lags of the dependent
variables themselves significant at 1%). Unsurprisingly, the first and second lags of FX
volatility are positive, the first (positive) lag of Copper volatility is also considerably larger in
absolute terms than the second (negative) lag with both lags of Gold being positive- despite the

second being insignificant.

In the model summary for Chile (Table 6), we again see both the volatility of the commodity
that the country depends on, as well as the nation’s exchange rate explaining the movement in
Chile’s CDS spread volatility with the first and second lags of Copper significant at 10% and
1% respectively, whilst the second and third lags of FX volatility were significant at 1% and
10%, in addition to lags one and two of the dependent variable itself, being significant at 1%
and 10% respectively. Although this is true, the third lag of FX volatility is surprisingly
negative, though overwhelmingly outweighed by the positive effect of the first- all other
significant parameter coefficients were estimated as positive as one would expect.
Interestingly, the finding that the FX volatility is a significant predictor of CDS volatility for
Chile and Peru but not for Australia is consistent with the financial literature that Emerging
Markets are particularly susceptible to currency crises shocking the economy as well as
generally less competent and less robust Central Banks. Surprisingly, the Copper price
volatility was not at all significant in explaining the volatility of FX and as expected neither
were any of the lags for the nation’s CDS volatility. The first two out of the three lags for the

dependent variables were positive and significant at the 1% level.
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Australia Model

Equation (Parameters and Significance)

Australian CDS Australia FX
Variable (K) Coeff. p-value Coeff. p-value
ACDS (1) 0.086 0.070* -0.002 0.673
Alron (1) -0.121 0.101 -0.001 0.835
AGold (1) 0.159 0.541 0.058 0.013**
AFX (1) 0.580 0.291 0.346 4.88e-12***
ACDS (2) 0.233 1.06e-06*** | 0.003 0.488
Alron (2) -0.058 0.432 0.004 0.572
AGold (2) -0.250 0.333 0.045 0.053*
AFX (2) 0.549 0.322 -0.031 0.534
Const. -1e-04 0.937 -3.299%¢-06 0.977

Table 4 - Australia VAR Summary Results (Full Sample CDS and FX Volatility Eqg. only)
Peru Model

Equation (Parameters and Significance)

Peru CDS Peru FX
Variable (K) Coeff. p-value Coeff. p-value
ACDS (1) 0.187 9. 51e-05*** | -3.143e-05 0.993
ACopper (1) 0.108 0.286 0.029 3e-04***
AGold (1) 0.462 0.001*** 0.018 0.098*
AFX (1) 3.981 1.88e-11*** | 0.348 2.22e-13***
ACDS (2) 0.035 0.461 0.001 0.727
ACopper (2) 0.532 2.55e-07*** | -0.017 0.032**
AGold (2) 0.098 0.445 0.009 0.380
AFX (2) -0.679 0.264 0.147 0.002***
Const. -1e-04 0.794 9.996e-06 0.843

Table 5 - Peru VAR Summary Results (Full Sample CDS and FX Volatility Eg. only)
Chile Model

Equation (Parameters and Significance)

Chile CDS Chile FX
Variable (K) Coeff. p-value Coeff. p-value
ACDS (1) 0.167 0.001*** -0.006 0.354
ACopper (1) 0.203 0.061* 0.005 0.680
AFX (1) 2.185 1.26e-08*** | 0.197 2.77e-05***
ACDS (2) 0.115 0.016** -0.008 0.183
ACopper (2) 0.592 7.08e-08*** | -0.001 0.944
AFX (2) 0.084 0.825 0.282 4.03e-09***
ACDS (3) 0.059 0.194 0.007 0.228
ACopper (3) -0.057 0.605 -0.019 0.176
AFX (3) -0.716 0.066* -0.009 0.851
Const. -1e-04 0.864 2.943e-05 0.725

Table 6 - Chile VAR Summary Results (Full Sample CDS and FX Volatility Eq. only)
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Turning to the group of Oil export-dependent nations, we begin with the VAR model for
Colombia (Table 7, LHS). We find that as expected, both Oil and FX volatilities help explain
the volatility in Colombian CDS with the first lag of Oil positive and significant at 1% and the
first and second lags of FX volatility being positive and significant at 1% and 10% levels
respectively. Additionally, the lags of the second, sixth and tenth CDS volatilities are
significant at the 1%, 10%, and 1% levels respectively however the sixth and tenth lags were
surprisingly negative. The results of the equation for Colombian FX are more mixed, however.
Lag one of Oil volatility is significant at the 10% level as expected and both the first and tenth
lags of FX volatility are significant at the 1% level, but we unexpectedly find the tenth lag of
CDS volatility to be significant at the 1% level. The tenth FX lag is unexpectedly negative but
when observing all parameter estimates across the board, the coefficient signs are mixed which

is likely given such a large number of lags.

For the Russian model (Table 7, RHS) in the equation for Russia’s CDS volatility, we also find
mixed results for the parameter signs. We find the eighth and ninth lags of Oil volatility to be
significant at 10% and 1% with the ninth lag’s absolute size far outweighing the negativity of
the eighth. Additionally, the first, second, sixth, and tenth lags of the FX volatility were positive
overall and significant at the 1% level and the third at the 10%. We also find the fifth and tenth
lags of the dependent variable were positive and significant at the 10% and 1% levels
respectively. In the equation for Russian FX volatility, we find that the sixth lag of Qil is
significant at 1% but is negative, and bizarrely, CDS volatility contained some explanatory
power. The first and tenth lags are significant at 1%, whilst the second and third, are significant
at 10% which may be possible due to such lags having absorbed previous information in the
exchange rate. Although this is true, explanatory power is most overwhelmingly driven by the

dependent variable with the size of its coefficients being relatively much larger, with the sixth
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lag having a particularly large parameter estimate. We find the first, third, sixth, and seventh

significant at 1% and the eighth at 10%.

Colombia Model

Russia Model

Equation (Parameters and
Significance)

Equation (Parameters and
Significance)

Colombia CDS | Colombia FX Russia CDS Russia FX
Variable | Coeff. | p-value | Coeff. | p- Coeff. | p-value | Coeff. | p-value
(K) value
ACDS 0.055 |0.229 - 0.951 |0.002 |0.686 0.127 | 0.005***
(1) 3.667e-
04
AOil (1) |0.333 | le- 0.021 |0.063* | 0.013 | 0.685 -0.410 |0.123
04***
AFX (1) | 4.122 | 2e- 0.234 | 2.36e- | 0.192 | 5.03e- 1.088 | 0.007***
16*** 07*** 05***
ACDS 0.174 | le- -0.003 | 0.617 |-0.003 | 0.524 0.087 | 0.054*
(2) Q4***
AQil (2) |-0.125 | 0.169 0.013 |0.264 |0.010 |0.768 0.355 |0.202
AFX (2) |0.889 |0.027**|0.073 |0.169 | 0.085 |0.076* 0.331 |0.415
ACDS 0.026 |0.571 |-0.006 |0.356 |0.005 |0.349 -0.087 | 0.053*
(©)
AOil (3) | 0.053 |0.561 -0.004 | 0.760 | 4.710e- | 0.989 0.183 |0.511
04
AFX (3) |-0.163 |0.686 |-0.044 |0.410 |0.150 | 0.002*** | -1.054 | 0.010***
ACDS -0.023 | 0.618 0.002 |0.699 |-0.001 |0.855 0.040 |0.371
(4)
AQil (4) |-0.047 |0.611 0.012 |0.333 |-0.021 | 0.545 -0.280 | 0.333
AFX (4) |-0.386 | 0.338 0.023 | 0.667 | -0.020 | 0.689 -0.249 | 0.547
ACDS 0.003 | 0.951 0.010 |0.119 |0.010 |0.066* 0.023 |0.378
()
AQil (5) |-0.067 |0.471 -0.006 | 0.607 | 0.038 | 0.264 -0.258 | 0.370
AFX (5) |-0.173 | 0.667 -0.008 | 0.874 | -0.058 | 0.227 -0.697 | 0.084*
ACDS -0.089 | 0.060* |0.003 |0.672 |0.002 |0.515 0.006 |0.812
(6)
AQil (6) [0.106 |0.241 |0.008 |0.499 |-0.027 |0.426 -1.019 | 4e-04
* k%
AFX (6) |-0.033 | 0.935 -0.056 |0.294 | 0.158 | 0.001*** | 11.603 | <2e-
16***
ACDS -0.013 | 0.789 -0.001 | 0.900 |0.003 |0.390 -0.019 | 0.474
()
AQil (7) |-0.147 | 0.106 -0.011 |[0.345 |0.019 |0.576 0.158 | 0.591
AFX (7) {0331 |0.410 -0.068 | 0.200 | -0.002 |0.978 -3.082 | 1.08e-
05***
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ACDS -0.045 | 0.342 -0.003 | 0.665 | 0.004 | 0.207 0.023 |0.373
(8)
AQil (8) |0.162 | 0.062 -0.012 | 0.310 | -0.058 | 0.081* 0.103 | 0.717

AFX (8) |-0.196 |0.627 0.005 |0.926 |0.044 |0.595 -1.652 | 0.012**

ACDS 0.067 | 0.153 0.003 |0.614 | -0.003 |0.261 -0.021 | 0.412
(9)
AQil (9) | 0.111 | 0.202 0.011 |0.350 |0.102 | 0.002***|0.045 |0.873
AFX(9) [0.464 |0.251 0.022 |0.673 |-0.112 |0.183 0.905 |0.199

ACDS -0.315 | 6.72e- |0.010 |0.070 |0.012 | 2e- -0.227 | <2e-

(10) 14%*** Q4*** 16%**

AOil 0.093 |0.258 0.008 |0.468 |-0.034 |0.226 0.399 |0.139

(10)

AFX -0.230 | 0.566 -0.462 | <2e- | -0.392 | 1.48e- -0.021 | 0.976

(10) 16%** 06***

Const. -2e-04 | 0.723 2.870e- | 0.757 | 1.313e- | 0.962 -0.001 | 0.779
05 05

Table 7 - VAR Summary Results for Colombia and Russia Models (Full Sample CDS and FX Volatility Eq. only)

VOLATILITY SPILLOVER RESULTS

Following the discussion of the results from the country-specific VARs and how our parameter
estimates compare with our expectations, we now turn to the primary findings of the paper,
analysing the volatility spillovers between CDS Spreads, Commodities, and FX. We achieve
this by looking at how the manipulated GFEVDs show whether a variable is a Net Total
transmitter or receiver of volatility in the system on both a mean and rolling window basis in
addition to the Net Pairwise spillovers of volatility to further bolster our analysis at a more
granular level. Unlike the significance of the model parameters, the results are relatively robust

to the detected inefficiencies except for normality, which the GFEVD calculations assume.

AUSTRALIA

Beginning with those of the Australia model (Table 8), we find as expected that Australian
CDS is a net receiver of volatility spillovers, but that Iron volatility is unexpectedly a net

receiver of spillovers, Gold volatility is a significant receiver in the system, and that FX is a
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net transmitter of volatility highlighting that it is the key driver of volatility in the system.
Examining the Net Pairwise spillovers (Table 9) from the full sample, Iron price volatility
expectedly spills into Australian CDS volatility but Australian CDS volatility spills into Gold
price volatility, and the FX volatility spills into both the Australian CDS and Gold volatilities
on a net basis. Pre-COVID, the same relationships existed however Gold was a near-zero
transmitter and the spillovers from FX to CDS were significantly lower. Interestingly, the
results highlight the significance of Iron exports relative to those of Gold in the role of
sovereign risk and that Gold may be a major receiver due to its “safe haven” status during the
presence of macroeconomic uncertainty. Despite this, Iron volatility was a net transmitter to

FX as expected, but an unexpected receiver following the shock induced by COVID.

Variable To All From All Net Transmitter
CDS 2.3909745 | 2.5920444 | -0.2010700 | FALSE
Iron 0.3793692 | 0.5348019 | -0.1554327 | FALSE
Gold 0.5231525 | 0.8298141 | -0.3066616 | FALSE
FX 3.4114602 | 2.7482960 | 0.6631642 | TRUE
Table 8 - Mean Net Total Spillovers for Australia VAR (Full Sample)

Spillover Pair | Pre-COVID | Full Sample

Iron to CDS 0.37665087 | 0.10204452

Gold to CDS | 0.00031004 | -0.07655538

FXto CDS 0.01301279 | 0.17558083

Iron to FX 0.37848895 | -0.2601843

Gold to FX 0.03534047 | -0.22739917

Iron to Gold -0.00012637 | 0.0027071

Table 9 — Mean Net Pairwise Spillovers for Australia VAR

As can be seen from our rolling Net Total spillovers (Figure 1), it is very clear that Australian
CDS volatility, on average, is a net receiver of volatility spillovers amongst other variables,
and the model correctly captures this at the beginning of the COVID pandemic, but surprising
not during the late 2014 commodity crisis. The same is true for the net transmission of FX
volatility also, which is not seen during late 2014 but is seen sharply as COVID-19 volatility

occurs. Consistent with our full sample mean Net Total spillover table, we also see Iron
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surprisingly being a net receiver of volatility during both crises in the system, but bizarrely see
Gold being a net transmitter, particularly as both the late 2014 commodity crisis and COVID-

19 shock occurs.

Net Total Spillover
g

2014 2016 2018 2020 2022
Date

Legend — CDs Iron — Gold — FX

Figure 1 - Rolling Net Total Spillovers for Australia VAR

PERU

For the manipulated GFEVDs from the Peru model, we also find some mixed results with the
Copper price volatility expectedly being a net transmitter as well as the volatility of FX, but
then find the CDS Volatility of Peru unexpectedly being a net transmitter in the system in
addition to the Gold price volatility being a net receiver (Table 10). Examining the Net Pairwise
results (Table 11), we find that Copper is expectedly a net transmitter to Peru CDS and FX
volatility, though as in the Australia model, the spillovers to CDS volatility are lesser in the
full sample than they are pre-COVID surprisingly. We also find that Gold is a Net Pairwise
receiver of spillovers from Copper and Peru CDS volatility (and this intensifies with the
COVID pandemic), but is a net transmitter to FX which decreases with the emergence of

COVID. This is an interesting observation for Gold volatility as despite being a component of
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Peru’s exports, spillovers from Copper and CDS volatility may reflect wider macroeconomic
risk with Gold known as a “safe haven” asset during such periods. This does conflict with Gold
transmitting to FX but we can see this decreases during COVID. Again, we find spillovers from

FX being the largest amongst those to CDS, sharply increasing with the onset of COVID.

Variable To All From All | Net Transmitter
CDS 6.9266556 | 5.240768 | 1.6858880 | TRUE
Copper 4.1099432 | 2.860806 | 1.2491376 | TRUE
Gold 0.9802337 | 4.908748 | -3.9285144 | FALSE
FX 2.6667152 | 1.673227 | 0.9934887 | TRUE
Table 10 - Mean Net Total Spillovers for Peru VAR (Full Sample)
Spillover Pair | Pre-COVID | Full Sample
Copper to CDS | 0.30596785 | 0.1088598
Gold to CDS -1.34007692 | -3.8770378
FX to CDS 0.05052361 | 2.08228986
Copper to FX | -0.19014296 | 0.8960843
Gold to FX 0.43715089 | 0.19271683
Copper to Gold | 0.0106868 0.2441935

Table 11 - Mean Net Pairwise Spillovers for Peru VAR

For the rolling Net Total spillover observations for Peru (Figure 2), we find an interesting set
of results on the nation’s CDS volatility in that it shows particularly large spillovers to other
asset volatilities within the system around the periods between 2015-2016, 2017-2018, and the
beginning of 2020 through to the start of 2021. This aligns with the likelihood that coincident
spillovers to Gold volatility are due to Gold’s “safe haven” status. Although Copper volatility
begins to be a significant transmitter during the late 2014 commodity crisis, it quickly dips to
be a net receiver where FX volatility instead appears to be the dominant transmitter to other
variables (aside from CDS to Gold). Copper does however appear to be the dominant
transmitter of volatility during the onset of the COVID-19 pandemic, with FX volatility being
a net receiver of spillovers, presumably from Copper as the pairwise results would indicate.

Although this is true, Copper appears to be a weaker pairwise transmitter of volatility over
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COVID-19 so we deduce the remainder of net transmission to be a signal of macroeconomic

uncertainty to Gold.

Net Total Spillover

2014 2016 2018 2020 2022
Date

Copper — Gold — FX

Legend — CDS

Figure 2 - Rolling Net Total Spillovers for Peru VAR

CHILE

Observing the results from the GFEVDs in the Chile model, we find that as expected, Chilean
CDS volatility is a net receiver of volatility in the system (by a large margin), with both the
volatility of Copper and FX markets being net transmitters of volatility (Table 12). Looking at
the pairwise results (Table 13), we find that both Copper market and FX volatilities are
transmitters to Chilean CDS volatility, with FX being the dominant transmitter intensifying
and Copper marginally weakening in the full sample with the COVID pandemic. Interestingly,
the results do not show Copper being a Net Pairwise transmitter to the FX volatility and instead

show the contrary which diminishes to near zero with COVID included in the sample.

Variable To All From All Net Transmitter
CDS 3.582519 | 6.0213452 | -2.4388266 | FALSE
Copper 3.912771 | 3.6685086 | 0.2442621 | TRUE

FX 2.669995 | 0.4754308 | 2.1945644 | TRUE

Table 12 - Mean Net Total Spillovers for Chile VAR (Full Sample)

38




Spillover Pair | Pre-COVID | Full Sample
Copper to CDS | 0.44346366 | 0.2824591
FXto CDS 0.83803965 | 2.1563678
Copperto FX | -0.27612761 | -0.0381967
Table 13 - Mean Net Pairwise Spillovers for Chile VAR

For Chile’s rolling Net Total spillovers (Figure 3), we see the Chilean Peso volatility being a
significantly greater transmitter of volatility than seen in the currencies of Australia and Peru.
We do generally see the Chilean CDS volatility being a net receiver of volatility as expected
with some brief periods of net transmission to other variables in the system. During the
COVID-19 crisis, we see CDS volatility spillovers rising sharply in an unexpected manner
followed by a fall in volatility spillovers from the Chilean Peso into negative territory along
with a sharp reaction from Copper volatility spillovers turning negative. Interestingly, during
the global commodity crisis of late 2014, we see net spillovers from Copper volatility rise
sharply, far into the positive territory whilst both the Chilean CDS and Peso volatility fall which

signifies the crash in prices negatively affected the currency and the nation’s CDS.

Net Total Spillover
g

2014 2016 2018 2020 2022
Date

Legend — CDs Copper — FX

Figure 3 - Rolling Net Total Spillovers for Chile VAR
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COLOMBIA

Now turning to the energy group of models, we find that as expectedly within the Colombian
VAR system, the GFEVDs display Colombian CDS volatility being a net receiver of spillovers,
Oil volatility being a net transmitter, and the FX volatility being a net transmitter of volatility
within the system (Table 14). We find slightly negative Net Pairwise spillovers (Table 15) from
Oil volatility to that of Colombian CDS until the COVID-19 pandemic is included in the full
sample, where spillovers flip to being positive and of a significant magnitude. Additionally, we
see even larger volatility spillovers from the Colombian Peso to the Colombian CDS volatility
which intensify during COVID-19. The former finding is contrary to that of Bouri et al. (2017)
who find significant spillovers in their full sample from the overall commodity index to
Colombia or in the energy sub-index. Interestingly, Oil volatility did not spill over into FX
volatility and instead the contrary is found to be true over both time horizons, becoming more

negative during COVID.

Variable To All From All Net Transmitter
CDS 0.6289236 | 10.324922 | -9.6959988 | FALSE

Oil 4.4899339 | 3.587810 0.9021238 | TRUE

FX 10.7238160 | 1.929941 8.7938750 | TRUE

Table 14 - Mean Net Total Spillovers for Colombia VAR (Full Sample)

Spillover Pair | Pre-COVID | Full Sample
Oil to CDS -0.1947304 | 1.939276037
FX to CDS 3.8606651 7.756722318
Oil to FX -0.3927385 | -1.037153

Table 15 - Mean Net Pairwise Spillovers for Colombia VAR

Rolling Net Total spillover results for Colombia (Figure 4) indicate strong alignment with our
set of economic hypotheses across the full sample. Overall, we have seen an overwhelmingly
negative spillover in Colombian CDS volatility signifying it was a receiver from other assets

with the largest receipt of volatility being during the COVID-19 pandemic. Surprisingly, the
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spillover from Qil Volatility to the rest of the system during the Commaodity crisis of late 2014
was very brief before dipping to become a net receiver of spillovers, and the volatility of the
Colombian Peso was the strongest transmitter of volatility for a sustained period. For the shocks
of the COVID-19 pandemic, however, it is very clear that both the volatility of Oil and the
Colombian Peso was net transmitters of volatility to the volatility of Colombian CDS spreads.
Following this, Oil volatility was a mild net transmitter with a short spike into receiving
territory as global economies recovered into 2021 and 2022 (with some periodic lockdowns)

and demand for commodities spiked which accompanied the structural under-supply of Oil.
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Figure 4 - Rolling Net Total Spillovers for Colombia VAR

RUSSIA

In the Russia model, we see that as expected, Russian CDS volatility is a net receiver of
volatility within the system, however, Oil volatility is detected as a net receiver which is
surprising given Russia’s dependence on Oil exports. Of all assets, the volatility of the Ruble
was the standalone net transmitter by a large margin (Table 16). Turning to the Net Pairwise

spillovers (Table 17) we see that CDS volatility is impacted by spillovers from FX volatility as
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expected but only when COVID-19 is included and was flipped from being a relatively large
receiver in the sliced sample. Qil as expected was a net transmitter to CDS in the pre-COVID
but then surprisingly flips to being a net receiver in the full sample. This particular result aligns
with that of Bouri et al. (2017) who find no significant spillovers in their full sample for the
energy market index to Russian CDS as well as that of Cheuffart and Hooper (2019) with FX
volatility being dominant in volatility spillovers to Russian CDS. Although this is true, Bouri
et al. (2019) find that energy market volatility does affect Russian CDS volatility but only in
the middle and upper quantiles. Moreover, we expectedly see Oil being a net transmitter to FX

pre-COVID but surprisingly, we see Qil being a net receiver in the full sample.

Variable To All From All Net Transmitter
CDS 0.5122643 | 0.7620273 | -0.2497631 | FALSE

oil 0.9580059 | 1.3572997 | -0.3992938 | FALSE

FX 1.8448816 | 1.1958247 | 0.6490569 | TRUE

Table 16 - Mean Net Total Spillovers for Russia VAR (Full Sample)

Spillover Pair | Pre-COVID | Full Sample
Oil to CDS 0.14103356 | -0.11542787
FXto CDS -0.47053537 | 0.3651909

Oil to FX 0.2619923 | -0.28386603

Table 17 - Mean Net Pairwise Spillovers for Russia VAR

The rolling Net Total spillovers from the Russian VAR system (Figure 5) render another set of
interesting results. Whilst the CDS spread volatility again overwhelming remains as a receiver
of volatility spillovers as expected, the 2014 commodity crisis led to a sharp rise in spillovers
from Qil volatility as one would expect, but then sharply and briefly dips under the negative
zone to become a mild receiver of spillovers. FX was briefly a receiver of volatility spillovers
during late 2014 and then became a strong transmitter to the rest of the system. Continuing on
from this, there was the Russian Financial Crisis lasting until around 2016 with large net
spillovers to Russian CDS volatility just after. The model shows a prominent transmission from

FX and Oil volatility presumably to the volatility of Russian CDS during the crisis. At the start
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of the COVID-19 pandemic, the results show the QOil volatility being a net receiver along with
CDS. FX volatility was again, an overwhelmingly large net volatility transmitter throughout
the period. As the Russian economy recovered (with periodic lockdowns) we see also see
spikes in net FX volatility transmission and the net receipt of volatility for CDS, particularly at

the end of 2021.
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Figure 5 - Rolling Net Spillovers for Russia VAR

8. DISCUSSION

After summarising our VAR results, we find common patterns across models, most notably
with FX volatility being significant in explaining CDS volatility in all models except that for
Australia, which we attribute to the relative strength of its economy and central banks. Key
export commodity volatility is significant in explaining volatility in most of our models except
for Australia and Colombia. In the FX equations as we hypothesised commodity volatility was
found to be significant in the models for Australia (except for Iron), Peru, and Russia.
Surprisingly, we find that CDS volatility was significant in explaining FX volatility in the

Colombia and Russia models.
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We observe mixed results from our manipulated GFEVDs owing to averaged Net Total
spillover metrics expectedly aligning with our hypotheses, which is that CDS spread volatility
is typically a receiver of volatility transmission except for Peru, which we attribute to its
pairwise net transmission to Gold due to its financial “safe haven” status. We also find that
commodity price volatility is typically a net transmitter across the systems, except for in the
Australia and Russia models. Moreover, we find nominal FX volatility to be the key driver of
volatility across all systems, possibly due to the overrepresentation of Emerging Markets in our
study. We also use 52-week rolling window spillovers to analyse the Net Total volatility
spillovers for each variable in each country's VAR system so that we can analyse such
spillovers across the time series to further contextualise the results within recent economic and
financial market history. Two of the most vivid events throughout our time series are the
Commodity Price Crisis of late 2014 and the 2020 COVID-19 pandemic. By relating the Net
Total spillover movements to their averages across the full sample as well as the Net Pairwise
spillovers, we also deduce that such movements highlighted occur across those two notable

events.

The Net Pairwise results are mixed across the board in aligning with our hypothesis that
commodity volatility will cause volatility in an exporter’s CDS spread, with some surprising
results generated on our pre-COVID and full sample models. For example, for Australia, Peru,
Chile and Colombia the largest commodity export price volatilities (Iron, Copper, Copper, and
Oil respectively) transmit to the relevant CDS volatilities but in the case of the former three
countries, the spillover surprisingly decreases with COVID-19 included (in the full sample).
Only the Russia model and the Gold transmission dynamic in the Australia and Peru models
support this hypothesis and in the case of the latter, we find the Gold “safe haven” status
dominating the transmission (with increasing intensity with the occurrence of COVID) in

financial markets rather than the CToT significance of the commodity. Moreover, we see the
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pairwise net volatility transmission from FX to CDS across all models other than that for Russia
in the pre-COVID sample, with this spillover intensifying in the COVID-included full sample
across all VAR models- as we would expect given the intense negative demand shock coupled
with the vast monetary response across the globe. These Net Pairwise spillovers in addition to
the Net Total spillovers from FX align with the findings of Feng et al. (2021) who find Net
Pairwise spillovers from FX to CDS markets, especially among Emerging Markets. Such
nations typically possess poorer institutions and central bank governance. These institutional
factors may also explain that despite each country having flexible exchange rates, financial
markets still perceive export CToT shocks materially affecting sovereign risk across most of
the countries studied in this paper. We also found mixed results for the Net Pairwise
transmission from commodities to FX (the hypothesised shock absorber) with the picture being
unclear of how the commodity volatility spillovers transmit (via FX) into CDS volatility in our
results. In future papers, insights could be provided through secondary cross-sectional analyses
of the spillover results, so that institutional factors can be statistically tested for their

significance in explaining the spillovers, along with the type of commodity, and other factors.

9. CONCLUSION

We contribute to the existing applied literature using the Diebold and Yilmaz (2012)
framework as the first paper that uses standard volatility spillovers between commodities,
foreign exchange rates, and sovereign CDS spreads as opposed to more complex methods such
as the extreme spillover approaches (Cheuathonghua et al., 2022), especially where the
coverage of the COVID-19 pandemic is concerned. The analysis also involves the use of an

alternative calculation of historical volatility for these assets, which is closely related to, but
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not yet used in the existing literature and includes the variables relevant to each country in their

own specific VARSs, an approach that has not yet been taken in this specific context.

Due to the complex nature of financial market dynamics, we propose other studies use a wider
set of data where possible. This could include a comparison of historical volatility models as
inputs, import relevant commodities, different types of volatility spillovers (extreme or
normal), asymmetric volatility effects, and those economies which have fixed exchange rates
so that subsequent cross-sectional analysis can be undertaken to understand further the role of
institutions and currency regimes in dictating the volatility spillovers between commodities,
FX, and CDS spreads. Therefore, we see a wide scope of potential extension for this topic in
the future. Though it was not the sole focus of our study, standard errors robust to serial
correlation or heteroskedasticity should also be used so that subsequent tests can be undertaken
to greater understand the statistical significance, and to compare results between fixed and

flexible exchange rate regimes that are commodity export dependent.
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11. APPENDICES

Appendix 1 — Unit Root Tests

Dickey-Fuller Generalised Squared Test (DF-GLYS)

Lags 1 2 3 4 5 6 7 8 9 10 11 12
1% CV | 3.480 |3.480 [3.480 |3.480|3.480 |3.480 | 3.480 | 3.480 | 3.480 |3.480 | 3.480 | 3.480
5% CV | 2.878 |2.876 |2.873 |2.870|2.866 | 2.863 | 2.860 | 2.856 | 2.853 | 2.849 | 2.846 | 2.842
10% 2590 |2.588 |2585 |2582 2579|2576 2573|2570 | 2567 |2.564 2561 | 2557
CcVv

Austra. | 10.784 | 9.106 | 8.382 | 8.177 | 7.947 | 7.606 | 7.056 | 6.576 | 9.665 | 9.098 | 7.859 | 7.958
Peru 9.495 [8.515 |7.801 | 7.069 |6.453 | 6.080 | 6.153 | 6.447 | 9.184 | 7.053 | 5.667 | 5.512
Chile 9.394 |8.189 |7.444 |6.689 |6.325 | 6.077 | 5.965 | 6.031 | 8.419 | 6.269 | 5.048 | 4.598
Colo. 9.787 |8.872 |8.322 |7.350|6.617 |6.231 | 6.313 | 6.191 | 8.737 | 6.642 | 5.580 | 5.100
Russia | 14.699 | 11.976 | 10.395 | 9.055 | 8.286 | 7.733 | 7.303 | 6.937 | 11.392 | 9.823 | 8.899 | 8.175
Iron 11.912 1 9.853 | 6.671 |5.445|4.860 | 4.360 | 3.724 | 3.200 | 4.362 | 3.784 | 3.327 | 2.583
Copper | 13.515 | 10.910 | 9.224 |8.156 | 7.311 | 6.319 | 5.929 | 5.611 | 8.791 | 6.978 | 6.466 | 5.773
Gold 12.821 | 10.462 | 7.791 | 7.531 | 7.612 | 7.048 | 6.704 | 6.034 | 8.903 | 7.661 | 6.702 | 6.351
Oil 9.579 |6.667 |7.118 |6.469 |5.670 | 5.969 | 6.318 | 7.572 | 11.324 | 8.681 | 7.863 | 6.812
AUD 12.083 | 10.177 | 8.941 | 8.104 | 7.487 | 6.802 | 6.978 | 7.063 | 11.177 | 8.072 | 7.582 | 6.595
PEN 9.259 |7.406 |6.667 |6.541 |6.296 |5.859 | 6.312 | 7.092 | 9.381 | 7.227 | 5.790 | 5.143
CLP 9.936 |9.258 |8.893 |8.382|8.230 | 7.457 | 8.155 | 8.077 | 11.150 | 9.062 | 7.523 | 7.026
COP 11.383 | 10.343 | 9.045 |8.291 | 7.865 | 7.557 | 7.388 | 7.680 | 11.233 | 8.882 | 7.659 | 6.814
RUB 11.506 | 8.781 | 8.631 |8.020 | 6.740 | 6.640 | 6.814 | 6.975 | 10.204 | 8.221 | 7.336 | 6.511

Table 18 - Full Sample DF-GLS Tests (Values in Absolute Terms)

Appendix 2 — VAR Stability (Generalised Fluctuation Tests)
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Figure 6 - Stability Test for Australia Model
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Figure 7 - Stability Test for Australia Model
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Figure 8 - Stability Test for Chile Model
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Figure 9 - Stability Test for Colombia Model
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Figure 10 - Stability Test for Russia Model

Appendix 3 — VAR Stability (Modulus of Eigenvalues)

Australia: 0.5590093, 0.4602274, 0.4429807, 0.3580527, 0.3580527, 0.2330217,
0.1964855, 0.1964855.

Peru: 0.6670355, 0.5185471, 0.4787357, 0.4787357, 0.4160430, 0.4160430,
0.1741121, 0.1380362.

Chile: 0.6570700, 0.5952663, 0.4661393, 0.4661393, 0.4279478, 0.4279478,
0.4084021, 0.4084021, 0.0823941.

Colombia: 0.9518322, 0.9518322, 0.9388585, 0.9388585, 0.9376046, 0.9376046,
0.9374161, 0.9374161, 0.9340032, 0.9340032, 0.9329763, 0.9329763, 0.9292947,
0.9292947, 0.9255394, 0.9255394, 0.9234573, 0.9234573, 0.9213587, 0.9213587,
0.9182266, 0.9182266, 0.8772516, 0.8772516, 0.8623998, 0.8623998, 0.8581577,
0.8581577, 0.8170939, 0.81709309.

Russia: 0.9563175, 0.9563175, 0.9518941, 0.9518941, 0.9496449, 0.9496449,
0.9431059, 0.9431059, 0.9379436, 0.9379436, 0.9354051, 0.9354051, 0.9323216,
0.9323216, 0.9261847, 0.9261847, 0.9142510, 0.9142510, 0.9077935, 0.9077935,
0.8855922, 0.8855922, 0.8660053, 0.8660053, 0.8651978, 0.8651978, 0.8021140,
0.8021140, 0.7446665, 0.7446665.

Table 19 - Modulus of Eigenvalues for Full Sample VARs
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Appendix 4 — Normality Tests

Jarque-Bera (JB) Normality Test (Multivariate)

Model Chi-squared Degrees of p-value
Freedom

Australia 86787 8 <2.2e-16

Peru 23779 8 <2.2e-16

Chile 20304 6 <2.2e-16

Colombia 28596 6 <2.2e-16

Russia 189984 6 <2.2e-16

Table 20 - Jarque-Bera Normality Test for the Full Sample VAR residuals

Appendix 5 — Serial Correlation

Breusch-Godfrey LM Test
VAR Model Lags Chi-squared Degrees of P-Value
Freedom
Australia 12 549.1 192 <2.2e-16
Peru 12 543.91 192 <2.2e-16
Chile 12 375.3 108 <2.2e-16
6 67.032 54 0.1097
Colombia 12 208.71 108 2.134-e08
Russia 12 277.89 108 <2.2e-16

Table 21 - Breusch-Godfrey LM Test for the Full Sample VAR residuals

Appendix 6 — Heteroskedasticity Tests

ARCH-LM Multivariate Residuals
Model Lags Chi-squared Degrees of p-value
Freedom
Australia 12 1595.4 1200 <1.09e-13
9 954.27 900 0.1021
Peru 12 2027.2 1200 <2.2e-16
Chile 12 1001 432 <2.2e-16
1 34.743 36 0.5283
Colombia 12 1110.4 432 <2.2e-16
Russia 12 1400.6 432 <2.2e-16

Table 22 - ARCH-LM Heteroskedasticity Test for Full Sample VAR residuals
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