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Abstract

In this thesis, we analyze volatility spillovers between crude oil and food com
modities. The principal hypothesis assumes crude oil to behave as a production 
factor of the agricultural food commodities, thence we are looking for appro
priate price effects. We mainly employ wavelet coherence and partial wavelet 
coherence, which provide us with valuable insight into the commodities nexus, 
without any strict restraints and assumptions levied on our data. Secondly, 
we build a DCC-GARCH model in order to capture the presumed volatility 
spillovers. We also perform several simple benchmark analyses, in particular 
we test for Granger causality and we compute the Pearson correlation coeffi
cients. Our data sample, including 10 commodities and 2 indices, covers the 
latest decade, significantly widening the existing contextual literature. Our 
results are mostly compliant with related literature, especially regarding the 
crude oil-fuels bundle and food commodities bundle, respectively. Considering 
the main research question of volatility spillovers between food commodities 
and crude oil, our results are indicating reasonably strong relationships with 
crude oil for soybeans and corn, leaving cotton and wheat rather on the verge of 
strong relationship and finding cattle to be completely unrelated. Main merits 
of the thesis arise from the complex and most recent data sample, combined 
with robust attitude to the problematics, providing reliable inference on the 
research topic; thence reasonably broadening the contextual literature.
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Abstrakt

V této práci se zabýváme šířením volatility mezi ropou a komoditními potrav
inami. Základní hypotéza stanovuje ropu jakožto výrobní faktor těchto komod
itních potravin a naším cílem je kvantifikování odpovídajících ceonových efektů. 
Využíváme především metod vínkové koherence a částečné vínkové koherence, 
které poskytují hodnotný vhled do onoho spletence komodit, a to bez nutnosti
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jakýchkoliv přísných omezení a předpokladů, splňovaných našimi daty. Dále 
aplikujeme DCC-GARCH model, s cílem zachycení předpokládaného šíření 
volatility. Zároveň jsme provedli i několik jednoduchých analýz k porovnání, 
jmenovitě jsme otestovali tzv. Grangerovu kauzalitu a spočítali jsme Per- 
sonův korelační koeficient. Náš vzorek dat, obsahující 10 komodit a dva in
dexy, pokrývá poslední dekádu, výrazně rozšiřujíc již existující literární kon
text. Naše výsledky jsou povětšinou konzistentní se spjatou literaturou, a to 
především v rámci skupiny ropa-paliva a skupiny zahrnující potraviny. Výsledky 
v rámci primární otázky našeho výzkumu, zabývajícího se šířením volatility 
mezi ropou a potravinami, identifikují relativně silný vztah ropy jak se sójou, 
tak i s kukuřicí. Vztahy ropy s bavlnou a pšenicí respektive, jsou shledány býti 
komparativně slabší, a spojitosti mezi ropou a skotem jsou prakticky nulové. 
Hlavní přínosy této práce vychází ze spojení komplexního a aktuálního datasetu 
s robustním přístupem k celé problematice, ve výsledku poskytující spolehlivé 
závěry ohledně zkoumaného tématu; tedy notně rozšiřujíce daný literární kon
text.
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Motivation
Crude oil serves as an important production factor of food. One would expect 

an increase in prices of oil to lead to more expensive production of food, hence to an 
increase in food prices as well, for example. However how strong are the relationships, 
are they even traceable from the financial data and isn’t it all just a plain theory?

In the thesis I shall examine the potential interdependencies between crude oil 
and various representatives of food using the wavelet coherence methodology per
formed on financial data. Wavelets as a modern technique have been quite widely 
used in economics lately as a tool for examining appropriate time series. Among 
waveleťs main advantages belong the relatively relaxed assumptions on the data 
when compared to usual modelling techniques such as ARIMA, GARCH and VAR 
model extensions. On the other side, wavelet analysis cannot be directly used for 
forecasting.

Having the areas of high levels of coherence at hand, I shall then test for Granger 
causality amongst the commodities and then also try to specify the particular co
movement behavior via multivariate GARCH model, if possible. The merits of the 
analysis should mainly lie within the area of portfolio optimization; in its volatility 
controlling especially.

Hypotheses

Hypothesis #1: There is a strong volatility-based relationship between crude 
oil and food commodities.

Hypothesis #2: The price of crude oil Granger-causes the prices of food com
modities.

Hypothesis #3: Relationships between crude oil and the food commodities 
undergo significant structural changes in time.

Hypothesis #4: The most distinct structural change is the 2008-2009 crisis; 
its contagion shall be well illustrated by the wavelet coherence plots.
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Methodology
The wavelet coherence methodology allows us to study the time series of interest 

in both time, and frequency domain at once without certain, otherwise inevitable 

and important, assumptions. In particular we do not need to have stationary time 

series and more importantly the wavelet analysis is by definition robust to dynamic 

changes in the series1 mutual relationships and their structure. Firstly a simple 

wavelet transform is performed on each series. Wavelet transform is basically a fil

tering procedure providing us with a decomposition of the time series across different 

frequencies (scales) through time. The output is a matrix of so called wavelet coef

ficients which express how much certain frequency at given time contributes to the 

time series. Moving to a bivariate case, the squared wavelet coherence coefficients 

and wavelet coherence phase differences are constructed, where the first serves as an 

analogy of a simple correlation while the latter provides us with an insight into the 

lag-lead relationship of the two series. Both statistics are yet again computed across 

the frequencies and time.

To further analyze the causality between the commodities, I will test for Granger 

causality to obtain an explanation of the co-movements described by the wavelet 

coherence phase differences.

Finally I aim to specify and fit a particular form of multivariate GARCH model 

for volatility forecasting purposes.

Expected Contribution
The main contribution of this work should lie within the specific focus on crude oil 

as a production factor of food commodities. The closest literature mostly considers 

oil as a substitute of bio-fuels, which in turn compete with agricultural products - 

food. Although the intuition might suggest similar influence of oil on food in both 

cases, a different mechanism shall be studied in this thesis. To unveil the particular 

nuances, I will stratify the commodities into 5 groups of 3 similarly carbon-related 

ones. Such differential analysis, with respect to carbon footprint, together with the 

wavelet analysis should provide reasonable reference frame for the commodities of 

interest. That will in turn help build up foundations for correctly calibrated GARCH 

model. Such methodology has not been applied to this particular topic yet, hence I 

expect unique results which shall broaden and enrich the already existing literature.

Outline
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Chapter 1

Introduction and literature review

1.1 Introduction

Crude oil is a very important factor in the today‘s complex world. Crude oil, its 
many products, various derivatives and a whole bunch of its substitutes, work 
as an essential production factors of most goods (and services). The defining 
relationships are usually very complicated, tricky and hence also intriguing for 
nowadays economics. Our point of interest lies in the particular relationships 
between crude oil and food commodities1. What is so special about the food- 
crude oil links? During the last 15 years, we have witnessed significant changes 
at the financial markets regarding food. The recent upsurge of biofuels has 
distinctively affected the market and the whole system in general as Hochman 
et al. (2014) show. Besides that, food commodities went through noticeable 
hnancialization2 as they had become alternative investment opportunities dur
ing the crises. In the following paragraphs, I shall describe the most defining 
relationships which form the food-crude oil nexus.

Firstly we may view crude oil as an important production factor of food. 
It is a defining energy commodity and practically not a single country in this 
world could work without it3. Considering the agricultural production, crude 
oil enters into the process in several ways. We can see it as an input for the 
production of fertilizers, it certainly takes its part in the processing, seeding 
and harvesting of the crops and it inevitably affects the transportation costs as

'The food commodities shall be mainly understood as agricultural products such as wheat, 
corn, etc.

2 Cheng & Xiong (2014)
3The literature regarding the necessity of crude oil is vast. We reference a meta-analysis 

article by Oladosu et al. (2018) who find the United States GDP price elasticity to be negative.
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well. The thorough input is usually referred to as a carbon trace (principle). 
Here one should be careful with the terminology since carbon trace covers much 
more than just the fossil-fuel input of a production process; it actually rather 
maps the pollution emitted within the lifecycle of certain product. Secondly, 
we address the biofuels issue. Biofuels went through a period of incredible 
boom in the 21st century4. Why? The recent society has turned its attention 
to preservation of the environment, to some extent. The major players such 
as European Union and United States spend great effort in order to lower pol
lution, limit the consumption of fossil fuels and just change people’s attitude 
to the environment in general. The actions had led to extreme results in some 
cases; in 2011, the electricity produced by solar farms was about 6 times more 
expensive than the one produced by nuclear power stations5, however due to 
the subsidies it was still being produced and new solar power plants were still 
built. But let’s step back from these surrealistic extrema and let’s return to 
the biofuels. Biofuels' attractiveness stems from the comparison with tradi
tional fuels, the fossil ones, which are by no means renewable. The limitedness 
of supply of fossil fuels brought the attention to their renewable substitutes. 
Due to the initial widespread financial support of renewable fuels, both their 
consumption and production significantly increased and they have become a 
relevant player in the energy market. The fast development has driven the 
biofuels into their today’s spot when their production is of more reasonable 
characteristics, although the general profitability of biofuels is still debatable, 
but with rather bright future as Rodionova et al. (2017) show.

Here the first defining relationship is quite straightforward. Biofuels play 
the role of a substitute to crude oil. They compete for the spot of fuel power
ing transportation, electricity generation, heating and much more. The mutual 
dependence of both fuels is obvious and undeniable. The second defining rela
tionship is the one between biofuels and their feedstocks. Biofuels are produced 
from the so called feedstocks - these are particular agricultural commodities, 
crucial for our analysis. As an example, sugar cane and corn are feedstocks for 
ethanol in Brazil and US respectively. Here the price dependence is apparent 
yet again. If we consider both of these relationships, we can clearly see, that 
the price of biofuels' feedstocks can (and should) be theoretically connected 
somehow to the price of crude oil, to some extent.

4For example, the volume of produced Biodiesel in US tripled between 2008 and 2018, 
according to U.S. Energy Information Administration (https://www.eia.gov)

5 https: //www.ecologique-solidaire.gouv.fr/solairee6

https://www.eia.gov
http://www.ecologique-solidaire.gouv.fr/solairee6
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Putting it all together, we have a triangle of crude oil (and other fuels in 
general), biofuels and biofuels1 feedstocks. Here we can see the effects in all of 
the directions in between all three kinds of commodities. We also have the com
bination of crude oil (and its substitutes) and food commodities (taking into 
a consideration the ones which are not directly used for biofuels production), 
where we are mainly interested in the relationship where crude oil works as a 
production factor. Yet we have to introduce one more crucial effect, in partic
ular the effect of increased demand for biofuels. We can see the ignition of this 
reaction-chain in a rise of price of crude oil, for example. Should that lead to an 
increase in demand for appropriate substitutes, in our case especially biofuels, 
one could expect an increase in production of biofuels. This could easily lead 
to an increase of demand for land in general, hence an increase in prices of all 
food stocks which compete for land allocation with biofuels1 feedstocks. As a 
consequence, we have yet another way how prices of food commodities depend 
on the price of crude oil. The vaguely called direction of this effect should be 
the same as in the case where we see crude oil as a production factor of food, 
however it is an indirect effect and it might be very complicated to separate it 
from the other one while trying to quantify them.

Which of these effects prevail in the end? Is it even possible to extract 
these effects out of the noisy financial data? How do the dynamics of the whole 
system change in time? And if the analysis works out, would it be possible to 
model the volatility with the intention of reasonable (and useful) forecasting 
power? The objective of this thesis is to disentangle this complex nexus of 
food - feedstocks - biofuels - crude oil, as much as it is possible. Separate and 
quantify the aforementioned effects and obtain a reasonable inspection into the 
problematics. And finally utilize the grasp of the data for further modelling.

1.2 Literature review

From our point of view, the attitude to the problematics is rather a twofold, 
should we simplify it a little bit. There are two major research questions; firstly 
it is the feedstock - biofuels part of the system. Secondly it is the more gen
eral part, without special attention to the biofuels, which aims at analysis of 
the food - crude oil relationship rather than the biofuels. Besides the split 
in the particular interests, there is also a significant dissension in the attitude 
towards the methodology. The most often used methodology are variants of 
cointegration models together with attempts to test for Granger causality, var-
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ious versions of VAR, GARCH and VECM models. Due to several expectable 
reasons, such as differences in collected data, actual different time series, slight 
modifications of used models, different tests, etc., and due to many other pos
sible reasons (such as eventual missteps taken throughout the analyses), the 
results are nowhere close to being really consistent. Filip et al. (2017)6 provide 
nice tables summarizing results of numerous previous studies, and it is appar
ent that the existing literature could be taken as very open; in other words, 
there is a lot of space for further research and a lot yet has to be covered. On 
the other hand we have a significantly smaller group of more recent papers, 
which utilize the wavelet coherence methodology. These seem to be slightly 
more consistent, should we compare them with each other. For this we see two 
major possible reasons. Firstly there is also a relation between the methodol
ogy and the particular topic of a research paper - the newer papers utilizing 
the wavelet analysis, focus more on the feedstock - biofuels relationships, which 
intuitively seem to be more on the easy to quantify side, to some extent. Sec
ondly, the wavelet methodology doesn’t require such compliance with so many 
assumptions as the modeling techniques, whose assumptions might be literally 
impossible to fulfill, at times. The collection of wavelet-based analyses should 
form a perfect base for this work. One of the cornerstones of the energy - food 
literature is the article A Note on Rising Food Prices“ by Mitchell (2008). It 
is mostly a reaction and an attempt to explain the prices of food commodities 
that had been rising since the very hrst years of 21st century until then (and 
even further). The authors summarize the trends in the worldwide production 
of the most important agricultural commodities while looking for possible ex
planations. They divide the world market into the US, Brazil and EU parts 
(and to some extent Asia as well) and study the simultaneous evolution in all 
of them. As the starting points, they identify the policy changes in both EU 
and US in 2001 and 2004, respectively. EU and US started their incentives 
to produce biofuels in these years and brought up significant subsidies. This 
ignition made the whole system move; the prices of the biofuels1 feedstocks 
rose, their production rose, that in turn lead to a rise of prices of other agricul
tural commodities such as wheat and rice. The authors also identify the rising 
prices of fertilizers and energy in general' as an important factor affecting the 
prices1 increase. As a consequence of the rising prices of food commodities,

6Let’s keep this paper in mind for a while as it is one of the most important ones for the 
purpose of this thesis!

'Transportation costs, production costs (seeding, harvesting,..), processing costs
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these commodities became suddenly attractive for financial investors (rather 
as speculations) and numerous countries imposed bans on export of these as 
an attempt to stop the prices1 growth. The authors also mention the import 
restrictions on Ethanol into US and EU as a defining factor for the speed of the 
price increases. The Brazil would have been able to maintain the production of 
Ethanol at reasonable costs, due to actual conditions (large enough volumes of 
production of sugar), and hence be able to supply EU and US with significant 
amount of ethanol. However the US‘ and UE’s restrictions closed this poten
tial channel of inflow of Ethanol and that, together with the subsidies, lead to 
the steep price increase (or we could rather say that it didn’t slow down the 
increase). The paper in a way starts the marathon of research - more detailed 
and with more narrow scope in individual papers. Thanks to its grasp of the 
problematics as whole and encyclopedic listing of links to the real world pol
icy measures, the paper has provided a perfect base and a reference frame for 
further research.

On the other end of the literature spectrum, very conveniently lies the arti
cle Food versus fuel: An updated and expanded evidence“ by Filip et al. (2017). 
It is one of the most recent articles concerning our topic and it perfectly suits 
its place, both in the timely and methodological manners. The authors build 
up on one of the relatively older articles by Zhang et al. (2010), which is one 
of the most influential ones. Build up“ stands here for the fact that the au
thors firstly replicate the analysis from the initial article and then significantly 
broaden the analysis in several ways; regarding the data, they firstly separate 
the data into 3 singe market areas, secondly they add new control variables 
into the dataset, thirdly they extend the dataset by almost 7 years of new 
observations and finally they also use data with higher frequency. Regarding 
the analysis - the methodologies used, cointegration and vector error-correction 
model in particular, remain basically the same, but are performed in more ro
bust manners8. The core analysis tries to uncover the directions, strength and 
timing of effects between the variables, i.e. the authors use granger causality 
tests, forecast error-variance decomposition etc. Concerning the results for the 
EU market, the EU biodiesel is found to be driven by its feedstocks in a short
term, with this relationship being much stronger in the period after the crisis, 
where it is led by sunflower and rapeseed oil prices. The feedstocks are found 
to be interacting among themselves and also being affected by crude oil. The 
long-run case is similar to the short-run, however Brent crude oil and diesel

8More tests, dataset split into three parts - before crisis, crisis, after the crisis
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enter as strong influence on the biodiesel price after and before the crisis. Also 
the food commodities are rather lead by the stock market than by the energy 
commodities. For the US market, the results are much more simple. In the 
short-run, ethanol is found to be driven by corn, while the effect in the oppo
site direction is not significant, but the food commodities are mostly affected 
by the other variables, as in the EU’s long-run case. In the long-run, the ef
fects are similar, but the effects of ethanol on its feedstocks, for the periods 
of crisis and after the crisis, are found to be slightly more important than in 
the short-run. Lastly the Brazilian market provides us with a different results; 
ethanol seems to lead the prices of sugar in a short-run, while it is the other 
way round in the long-run, when sugar leads the prices of ethanol, especially 
after the crisis. For both a short and a long-run, exchange rate has significant 
effect in almost all of the models. The models in this paper do not focus solely 
on particular pairs of variables or small groups, these are rather complex and 
cover the system as a whole. Thence the results are mostly of the indicative 
nature from our point of view. The analysis does not really go into the smallest 
details, such as wavelets would go. It is more of a general attempt to grasp 
the whole topic, map how the complex nexus works and obtain hints about the 
most important relationships inside. This interpretation of the paper is also 
supported by the fact, that the article includes very handy summary of the 
most relevant recent literature, basically a list of 40 articles from the year 2006 
up to 2017. I consider these articles to be the defining pillars of the related 
literature. The first one laying solid base for further research and the other one 
summarizing the literature created in between and, if we consider the articles1 
mutual relationship in an abstract manner, kind of building the second floor“. 
Both of these articles cover the whole problematics with the intention to obtain, 
vaguely said, a macro-level picture. Throughout the thesis I shall reference to 
these with this fact in mind, hence mostly with the intention to get a contextual 
reference and not a comparison to particular numerical results. For such refer
ence, we should turn our attention to the other papers. Should I stick to the 
somewhat loose terminology, the following paragraphs would comment on the 
micro-level picture, In other words, the articles of interest are more focused on 
particular topics and target rather for a detail. The first paper concerning the 
fuel-food dependence while also utilizing the wavelet coherence methodology, 
is the Time-frequency dynamics of biofuel-fuel-food system“ by Vacha et al. 
(2013). The authors use the wavelet coherence methodology for the very first 
time in the literature related to the topic. They analyze group of biofuel related
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commodities; firstly the biofuels themselves (ethanol and biodiesel), secondly 
the biofuels1 feedstocks (corn, wheat, rapeseed, etc.) and finally other energy 
commodities, i.e. biofuels1 substitutes (German diesel for example) and crude 
oil. The range of the data is 2003-2011. Their results are very straightforward, 
as the only significantly dependent pairs of commodities coming out of the 
analysis are ethanol with corn and German diesel with biodiesel. The most sig
nificant frequency is very low, somewhere around 30 weeks for both pairs and 
undergoing strong structural changes throughout the food crisis. In particular, 
the strong correlation spreads to other frequencies as well during the crisis. The 
most important result for us is the lag-lead relationship of both pairs. We can 
either assess the feedstock - biofuel relationship, for which we have the corn 
as a leader of ethanol and to some extent also the substitution relationship. 
For that we have the German diesel functioning as a leader of biodiesel. The 
article conveniently sheds light onto the problematics via wavelets and provides 
a view from a brand new angle. That however might be at a non-zero price. 
The aforementioned outcomes of the article are just interpretations; should we 
step back and go through the analysis in a detail, it might incite a spark of 
interest and bring up some doubts. It comes hand in hand with the fact that 
one would probably expect some more significantly correlated pairs. Going 
through the plots of wavelet coherence for other pairs, something more could 
be probably mentioned about these. In particular the relationships of biodiesel 
with rapeseed oil, biodiesel with soybeans and biodiesel with crude oil seem not 
to be negligible. The significant areas are however on the edges of the cone of 
influence, they also reach beyond the cone of influence and hence an extended 
dataset might be necessary in order to control for these effects1 significance. 
As one of the very first articles utilizing the wavelet coherence analysis on an 
energy commodities, the Co-movement of energy commodities revisited: Evi
dence from wavelet coherence analysis“ by Vacha & Barunik (2012) should be 
mentioned as well. They apply the wavelet coherence methodology on a set of 
energy related commodities, in particular heating oil, gasoline, natural gas and 
crude oil. The results are however rather illustrative for us, but should this 
thesis get so close to these particular commodities1 mutual relationships, they 
would form a solid reference point for us. The authors find very strong and 
significant dependence between the pairs of heating oil with gasoline, heating 
oil with crude oil and gasoline with crude oil, while natural gas seems to be 
practically without any influence on/from the others. In other words, the three 
commodities (excluding natural gas) are very closely related. The major idea
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we should take from this article is the connectedness of derivatives with both 
crude oil and the mutual one(s). Jumping forward into the year 2016, we have 
an article Comovements of ethanol-related prices: evidence from Brazil and 
the USA“ by Kristoufek et al. (2016). As the title states, they analyze the 
Brazilian and US markets, in particular the dependencies of ethanol with its 
defining local feedstocks. For the Brazilian market, it is a sugar cane, hence the 
commodity of interest is a sugar itself and for the US market it is a corn. The 
significance of this article lies in the utilization of an updated approach to the 
problematics. The authors use, besides the usual wavelet coherence analysis, 
also the partial wavelet coherence, which allows for controlling for other effects. 
In this particular case, it is used to control for a crude oil effect. The results are 
in compliance with the literature context, as both feedstocks are found to be 
strongly correlated with their corresponding biofuels (mainly at a high scale), 
they mostly lead the biofuels as well and finally the crisis evidently brings sig
nificant structural changes into the system. For the scope of this text, the 
important take away is the utilization of the partial wavelet coherence, which 
should help with controlling for other effects. Last but not least, there is one 
of the more recent articles, from the year 2017: Time-frequency contained co
movement of crude oil and world food prices: A wavelet-based analysis“ by 
Debdatta & Subrata (2017), which focuses on various food indices. These are 
concretely world food, dairy, cereal, vegetable oil and sugar price indices. The 
authors yet again perform a wavelet coherence analysis, this time together with 
usual time-domain tools, such as cointegration etc. Regarding the wavelet part 
of their article, the authors however limit their analysis to only the pairs of 
food commodity index together with crude oil; they do not provide any re
sults regarding the combinations within the food indices. For the scope of this 
thesis, the most important result is the wavelet cointegration for the pairs of 
crude oil with dairy food index, crude oil with cereals and finally crude oil with 
vegetable oil index. Firstly, the correlation of dairy food index is such, that 
crude oil leads the dairy price index. The explanation of the relationship, even 
though quite complicated, fits well into the expected structure. The idea puts 
crude oil as a substitute to biofuels. The biofuels are driven by the price of 
corn - their feedstock. And corn is closely connected to dairy as it is used to 
feed cattle. Hence an increase in a crude oil price leads to an increase in the 
price of biofuels. That in turn drives the price of corn, which lastly affects 
the price of dairy. Secondly we have the significant correlation of cereals with 
crude oil. The authors of the article do not provide any particular explanation,
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however staying on the same level as in the case of dairy price index, we could 

assume the cereals take the role of a competitor for land allocation with biofuels 

feedstocks, and hence the index should be yet again driven by crude oil - the 

results indicate that. Lastly the results for the pair of vegetable oil index and 

crude oil are in agreement with the majority of existing literature, as we can see 

the vegetable oil index being driven by crude oil, where the vegetable oil index 

enters the equation as a biofuel feedstock. The related literature is sufficiently 

vast for one to be able to find basically anything that comes to mind among 

the countless amounts of articles; dozens of papers could be cited and ana

lyzed, however this would bring a lot of overlaps and meaningless effort while 

the exhaustive review would often come to contradictions among the reviewed 

literature. Hence I have focused on the few articles, which seem to be above 

the others - the hrst two are cornerstones of the literature, covering the topic 

rather extensively, trying to grasp the whole problematics. The others are more 

focused on particular sub-topics, performing more detailed analysis. They have 

been chosen in such a way, that they would cover most of the particular areas 

of interest and provide an exemplary utilization of the methods of interest.



Chapter 2

Methodology

2.1 Wavelet coherence

Any data in this world are a result of one or more processes. These processes 
might be of simple nature in some cases, but mostly it is not that way and 
they are affected by uncountable amount of other influences. Thence we might 
think about some complex, interconnected structure, which changes in time. 
As a result of this complicated nexus, quite often we face series of data which 
undergo significant changes in time. For seemingly no reason, the behaviour 
suddenly changes. Although the changes might be easily identifiable in many 
cases, it is the rest - when the changes are not so obvious - what makes 
analyses complicated. In order to create proper mathematical models for time 
series data, one has to correctly split the data in order to not mix the differently 
behaving parts and fit appropriate models to the correct parts, otherwise the 
models might be meaningless or even misleading at worst. As if there were 
not enough problems already, for the analysis in a frequency domain, these 
structural changes might have also terrible influence on the results. And if we 
consider not easily de-trendable non-stationary data, the analysis might not 
be feasible at all. Wavelets are a perfect tool for uncovering such structural 
changes. Technically being a filter, there are almost no assumptions needed for 
successful application of wavelets and the provided outcome perfectly reveals 
the aforementioned changes, which could/would otherwise remain hidden (until 
it’s too late). The wavelet analysis is performed on prices, i.e. in our case on 
the original time series data, without any differencing or other transformations.
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2.1.1 The Wavelet

A wavelet in equation 2.1 is a real valued (2.3) square integrable (2.4) function 
with a zero mean (2.2).

(2.1)

tl)(ť)dt = 0 (2.2)

^(ť) G R (2.3)

<»+oo

^f2(l)rfi < oo (2.4)

Z
+oo

■02(t)dt = 1 (2.5)
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The parameters s and u are the control parameters. By u we control for 
the position of the wavelet and by s we control for its dilatation (scale). The 
equation 2.4 is the so called admissibility condition, it ensures that the resulting 
values are of reasonable nature, i.e. measurable. It is usually transformed into 
the equation 2.5, which normalizes the energy of the wavelet to be equal to 
one. Being technically precise and overly correct, one could also introduce 
one more equation, which would define the integral from equation 2.4 to be 
non-zero and positive in order to ensure that the wavelet function wouldn’t 
be just equal to zero. There are many different kinds of wavelet functions, 
from the very simplest ones (Haar wavelet) up to ones with significantly more 
complicated functional form. The most widespread wavelet in use in economics 
is the Morlet wavelet, defined in equation 2.6 with an example in Figure 2.1. 
Aguiar-Conraria & Soares (2012) provide suitable reasoning based on Morlet 
wavelet’s mathematical characteristics.
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= TT-^e^e-1̂ 2 (2.6)

Figure 2.1: An example of Morlet wavelet
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What is the wavelet itself good for?

2.1.2 Continuous wavelet transform

In principle, the analysis is conceptually a convolution. We take concrete set of 
wavelet functions with particular dilatations and project them onto the series 
of interest. The definition is as follows:

Wx (2-7)

Where Wx(u, s) stands for a wavelet coefficient at scale s, localized at point 
u. We also consider an inverse process, which perfectly reconstructs the series 
from the wavelet coefficients:

1 r°° r+°° ds
x(ť) = — / Wx(u,s)i/iUiS(t)du— (2.8)

Jo J—oo $

Assuming that s > 0. Such defined continuous wavelet transform has an 
important property, in particular it preserves the energy of the transformed 
series:

i r+°° r+°° rfe

< = -/ / \Wx(u,s^u,a\2du^Jo j _o o  s
(2-9)

2.1.3 Wavelet power spectrum and significance

Now we shall define the wavelet power spectrum. It describes/measures the 
variance of the analyzed time series with both time and scale localization. We 
define it as: |MA(ix, s)|2. This wavelet power spectrum is usally plotted as the 
first relevant output of the analysis. It is a two dimensional plot with scale on
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the vertical axis and time on the horizontal axes. The wavelet power spectrum 
is plotted in colors, where usually the cold (blue) colors stand for low power 
and hot (red) colors stand for high power. We also test, and then plot to 
the same rectangles, statistical significance of the power spectrum. We test a 
null hypothesis stating, that the time series are a white noise process; this is 
done via Monte Carlo simulation. The literature-wise convention sets the usual 
significance level at 5% and the areas identified as significant are bordered 
by a black contour. In Figure 2.2 we provide an example of simple wavelet 
transform, performed on sample of 1024 observations, defined as follows: yt = 
szn(i/2) + sin(20log(i/16)) + z/t, where is white noise.

Figure 2.2: An examplary wavelet transform

2.1.4 Cross wavelet transform

Entering the case with multiple time series, we are interested in their mutual 
relationship. Assuming we have performed all of the aforementioned analysis 
for two time series x and y, we define the cross wavelet transform as:

WUu, s) = s)W;(n, s) (2.10)

The asterisk (*) denotes a complex conjugate. To obtain the cross wavelet 
power, we just take an absolute value, i.e. \Wx^{u^ s)|.

2.1.5 Wavelet coherence

We define the squared wavelet coherence coefficient as:

2/ a = |S(s-Xi,(u,s))|2
1 ’ s(s-1|iv(«,s)|2)s(s-1|Wj,(«,s)|2) (2.11)
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Where S is the smoothing operator1. The squared wavelet coherence co

efficients attain the values from the interval [0; 1], where the higher the value, 

the stronger the local correlation between the series at a given point in the 

time-frequency domain. The procedure for plotting is similar to the one for 

wavelet power spectrum. Yet again we plot into a rectangle with vertical axis 

representing the scale and the horizontal axis representing the time. The colors 

work similarly as well, the hot (red) ones representing a strong correlation and 

the cold (blue) ones standing for a weak correlation.

2.1.6 Wavelet phase

For the purpose of analyzing the lag-lead relationship of the examined time 

series, we define the wavelet phase:

s) = ian 1
3{5(s-W^(u,S))}\
K{5(s-W^(u,S))}J (2.12)

Where A and 3? are the imaginary and real operators, respectively. The 

wavelet phase is added into the wavelet coherence plot in the form of arrows. 

The direction in which they are pointing represents which series leads/lags. 

Arrows pointing to the right mean that the series are in-phase, arrows pointing 

to the left mean that the series are in anti-phase. If arrows are point up, the 

hrst series leads the second and if arrows are pointing down, the second series 

leads the hrst2.

2.1.7 Partial wavelet coherence

The partial wavelet coherence is a powerful tool, allowing us to control for ef

fects of other variables. It basically filters out the correlation, which is common 

for all three pairs within the triplet of variables. In the following definition of 

the (squared) partial wavelet coherence, we are controlling for the effects of x2 

on the wavelet coherence between y and aq:

nn2 = - Ry,x2Ry^Xi\ f2 131

1For details, see Grinsted et al. (2004)
2The arrows can point in any direction, not just the 4 described ones; the interpretation 

remains intuitive
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2.2 GARCH modelling

In this part, we just briefly revisit the well established volatility modelling 
environment, we define the assymetric GJR-GARCH and we swiftly procede 
to the multivariate version, in particular to the DCC-GARCH.

2.2.1 Simple GARCH model

The simple version of GARCH(ppq) model, where p and q are the orders of 
GARCH and ARCH terms, respectively, is defined by the equations 2.14 and 
2.15. The a stands for demeaned returns, cr2 is the estimated conditional volatil
ity and zt is an i.i.d. variable with zero mean.

= c t íCí (2.14)

q p

= a0 + 52 fe-ž (2H5)
i=l i=l

2.2.2 GJR-GARCH model

For our purposes, we found the best fit in the GJR extension of the basic 
GARCH model, which allows for assymmetry in the ARCH effects. The as- 
symmetry shall be important as a way how to allow for the assumed leverage 
effect of crude oil3 within our models. The assymmetry is captured by a dummy 
variable, which we specify in the following equation 2.16. The other equation 
remains the same (2.14).

q p q

at = °'o + 22 °''ai-- + 22 + 22 (2-16)
z=l i=l i=l

The It is an indicator function, i.e. It = 0 for at > 0 and It = 1 otherwise. 
Our intention is to capture the so called leverage effect and obtain significantly 
better fit in comparison with basic GARCH model.

2.2.3 DCC-GARCH model

Since we are interested in volatility spillovers between multiple commodities, 
our next steps naturally lead to multivariate extensions of the preceding uni-

3Ivristoufek (2014)
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variate GARCH models. Bollerslev (1990) introduced the so called Constant 
conditional correlation model, which comprises of multiple univariate GARCH 
models. However, since we are expecting strong structural changes within our 
data, we move one step ahead to the Dynamic conditional correlation model, 
proposed by Engle (2002), which allows for evolution of the conditional corre
lation matrix in time. The DCC-GARCH model is defined by the equations 
2.17 and 2.18, where at is the vector of demeaned returns of n assets at time 
t, Ht is an n x n matrix of conditional volatilities at time t, Dt is an n x n 
diagonal matrix of conditional standard deviations at time i, Rt is an n x n 
conditional correlation matrix at time t and finally the zt is a vector of i.i.d. 
errors.

at = H}/2et (2.17)

= DtRtDt (2-18)

The diagonal elements of Dt are the volatilities from the individual uni
variate models, i.e. Du = We emphasize that the individual univariate 
models might be of different kinds and lag-lengths. Now we are getting to the 
tricky part. We have two necessary requirements for the Rt matrix.

1. Since Ht is a covariance matrix, it has to be positive definite. And 
while the Dt surely would be positive definite, since it is diagonal and its 
elements cannot be negative, we yet have to ensure positive dehnitness 
of Bi.

2. By the definition of correlation, all of the elements of Rt have to belong 
to the interval [—1; 1].

Both of the preceding properties are ensured by the following decomposition 
in equations 2.19 and 2.20. We do not provide all of the ideas and matrix 
algebra; for eventual reference, see Engle (2002).

Rt = QV'QtQV1 (2.19)

M N M N

Qt = (1 — ~ ' ^n,)Q + \ 'wnQt_n
m=l n=l m=l n=l

(2.20)
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The parameters 0 and w are non-negative scalars, satisfying the inequality 
of 53^=1 + 52^=1^? < 1- Q is an n x n unconditional covariance matrix of

standardized errors from the univariate GARCH models. And finally the 
Q* is a diagonal matrix with the square root of the diagonal elements of Qt on 
its own diagonal.



Chapter 3

Data description

3.1 Data origin

We are going to analyze a relatively wide set of time series data in this the
sis, 12 series in total. As it has been already mentioned, the US market is 
of interest, hence the choices of particular commodity variants. The dataset 
consists of 2 indices and 10 commodities; the commodities are namely West 
Texas Intermediate Crude Oil (CL), RBOB Gasoline (RB), Heating Oil (HO), 
Ethanol (EZ), Corn (ZC), Wheat (ZW), Soybeans (ZS), Cotton (TT), Cattle 
(LE) and Gold (GC)1. The last couple of series are the indices, firstly it is 
the Dow Jones Commodity Index and secondly the S&P 500 index. The data 
are daily observations of all open, close, high and low values, spanning from 
October 2009 to March 20182.

The commodity data originate from Chicago Mercantile Exchange (CME), 
respectively from its division, in particular the New York Mercantile Exchange. 
The individual series were however obtained from different sources. The data 
for commodities with the exception of ethanol were taken from QLIANDL’s 
Wiki continuous futures database3 and the rest of the data was provided by 
the portal Investing.com4. The commodity data are in the form of continuous 
futures.

1 Within the analysis, we have discarded the idea of gold, as it did not bring us any relevant 
information whatsoever. Nevertheless we still mention it here, as it was a part of our data 
sample.

2As it is apparent by now, we have slightly deviated from the initial course and hypotheses 
in the thesis proposal. In particular, we have decided to utilize as recent data as possible, 
thence we are analyzing sample from after the 2008/9 crisis. We believe that our focus on 
the latest years would be more beneficial in comparison with the initial idea.

3https: //www.quandl.com/data/ CHRIS-Wiki-Continuous-Futures
4 www.investing.com

file:////www.quandl.com/data/
http://www.investing.com
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As we have chosen the US market to be the framework for our analysis, 
the West Texas Intermediate Crude oil futures is a natural fit for the place 
of crude oil in our dataset. Firstly, from the price-defining point of view, it 
is one of the usually assumed benchmarks for crude oil price; the others most 
important being the Brent North Sea Crude (Brent crude) and others such as 
Dubai crude, Oman crude, etc. Secondly, from the geographical point of view, 
the choice of WTI Crude is obvious as WTI Crude originates from the US. WTI 
Crude is described as sweet and light; the word sweet indicating low contents of 
sulfur and the word light standing for a low density. These two characteristics 
provide a space for a relative comparison of different types of crude, where less 
sulfur and lower density both imply higher quality5. In comparison with the 
other benchmark types, WTI Crude stands atop regarding these measures, i.e. 
is of the highest quality. For our purpose, the high quality is very convenient as 
we are looking for a crude oil type which serves as a production factor, hence a 
type which is as closely connected to fuels as possible. It is apparent that the 
influence of crude oil price on food commodities would be mainly channeled 
especially through fuels such as gasoline and diesel.

In our dataset, we have also two crude oil derivatives, the aforementioned 
gasoline and diesel. For gasoline, we use RBOB Gasoline futures, where RBOB 
stands for Reformulated (Gasoline) Blendstock for Oxygen Blending. It prac
tically covers unleaded gas, i.e. the gas mostly used by cars etc. However, the 
gasoline shall be rather in the group of reference commodities, for the purposes 
in this thesis, as it is not as much involved in the production of food com
modities. The defining fuel, considering the agricultural machinery, is diesel. 
Diesel is one of the two main types of heating oil, which differ especially in the 
amounts of contained sulfur. The US law defines diesel, also called highway or 
on-road heating oil, as containing less than 15ppm6 of sulfur, while heating oil 
may contain up to 500 ppm of sulfur. Heating oil is used mainly for heating 
and boiler systems1 purposes, while diesel is used especially for transportation. 
In particular, diesel is the fuel used for seeding, fertilizing, harvesting, further 
processing and transport of majority of the agricultural commodities. Hence in 
theory, diesel should bring us more information than gasoline. However both 
fuels are expected to be highly correlated and the wavelet approach might not 
be sensitive enough to uncover the differences. The data we use for diesel are

5Quality represents the distribution of products from the particular type of crude; light
& sweet higher percentage of gasoline and diesel

6 parts per million



3. Data description 20

Heating Oil futures, in particular the New York Harbor ULSD futures, where 
ULSD stands for ultra low sulfur diesel“7.

The commodity which could be interpreted as a transitional one, in the 
context of this thesis, is ethanol. It is a connecting piece which puts the agri
cultural commodities into a relation with crude oil and its derivatives. Ethanol 
is produced from variety of feedstocks. In US, the major feedstock is corn, 
while in other parts of the world the primary sources differ; for example, the 
primary feedstock of ethanol in Brazil is sugar cane. The production process 
implies very strong dependence between ethanol and its particular feedstocks. 
This dependence is well established in the contextual literature and we expect 
to successfully replicate the results and do not deviate from findings in the core 
literature. The use of ethanol as a fuel is mostly via its blending with gasoline. 
The blends may contain from 10% up-to 83% of ethanol8; the so called E10 
(10% of ethanol) and E15 (15% of ethanol) fuels can be used by ordinary gaso
line engines, blends with significantly higher ethanol contents however require 
special hybrid fuel-flexible engines. The link to gasoline and other crude-based 
fuels and derivatives is apparent. As an ethanol data, we us the New York 
Harbor Ethanol futures.

The rest of the commodities data we use, namely corn, wheat, soybeans, 
cotton, cattle and gold are straightforward and unique in terms of confusion 
with others and do not need such concretization as the fuels. All of the data 
are continuous futures originating from either the QUANDL’s Wiki Continuous 
Futures database or the Investing.com portal as it has been already mentioned. 
Just as a side note, the Cattle series stand for live cattle price data. Rounding 
out the dataset, we have two indices. Firstly it is the Standard & Poor’s 500 
(further just S&P 500) to control for the trends and turbulences of the US’s 
economy. The purpose of the index in our dataset is to extract as much exoge
nous influence on every pair of series analyzed via the wavelet methodology. 
Applying the partial wavelet coherence, we should obtain the simple coher
ence, but practically refined from what all of the three series have in common. 
This way, in the ideal scenario, we would be left with just the mutual effects 
of the two series of interest. Secondly, we have the Dow Jones Commodity 
Index (further just DJCI) to control for the movements within the commodity 
domain. Similarly to the general trends, sudden shifts and structural changes

7We might reference to this commodity both as Heating Oil and Diesel, depending on 
particular context

8 https: / / www. eia.gov / energyexplained / index, php? page=biofueh, ome

Investing.com
eia.gov
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in the economy as a whole, the commodity domain supposedly goes through 
its own evolution as well. Practically as in the case with S&P 500, the aim 
is to get rid of what the bundle of series (now just the commodities) have in 
common as a whole. The DJCI consists of 18 components out of 5 categories, 
the categories being namely Energy, Agriculture, Livestock, Industrial Metals 
and Precious Metals. All of the commodities from our sample are included in 
the DJCI. The individual components are weighted in a sophisticated manners; 
the individual weights are derived from traded volumes of given commodities 
and are restrained by complex capping mechanisms.

3.2 A note on missing values

After the collection of the data, we have encountered an inevitable problem, 
namely missing data points. By the definition of the wavelet coherence, it is 
obvious that we need full and well synchronized data sample. By full, we mean 
that there cannot be any missing values within the analyzed series and by 
synchronized we emphasize the need to have two equally long and overlapping 
time series. Regarding the missing data points in our sample, we could stratify 
those into three categories. Firstly we have the weekends and state holidays on 
which the majority of our commodities were not traded. In the construction 
of our robust sample, we have discarded these observations. Secondly we have 
other singleton days, for which we do not have data, for whatever reason. 
As long as the proportion of missing values is over one half, we discard the 
observation. If the proportion is lower, we replace the missing value by an 
average of the preceding and following values. The designation of the breaking 
point was initially rather arbitrary; however in the end, the value does not have 
any significant impact, as all of the examined points had either over 8 series 
or under 3 series of missing data. Lastly we could have periods of missing 
data longer than one day (not necessarily all of the data has to be missing). As 
these gaps could be also widened by weekends and state holidays in some cases, 
we would need to model these as well. The need would arise from the wavelet 
coherence methodology. Let us provide an example where the wavelet coherence 
gets severely affected by missing data. Let’s assume an individual series with 
a strong cycle. Let us also discard every second and third observation through 
some period. It is apparent, that as a result, we would have artificially changed 
the power-scale relation in the given period of discarded data. Nevertheless, 
no cases with such longer periods of missing data have occurred in our sample.
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3.3 Summary statistics

In the following table in Figure 3.1, we can see the basic statistical properties 
of our dataset. Firstly we provide the units of the original series, however 
those become quickly irrelevant for the scope of this thesis as we are mostly 
interested in correlation-wise statistics, which are unaffected by the units of 
measurement. Next we show the minimum, maximum, variance and standard 
deviation for each of our series.

Figure 3.1: Summary statistics

Sum. Stats. Crude | Ethanol |Gasoline |h o | Cattle |corn Cotton {Soybeans Wheat Gold S&P 500 DJCI

Unit Barrel Gallon Gallon Gallon Pound Bushel Pound Bushel Bushel T. Ounce NA NA
Minimum 26.21 1.26 0.90 0.87 79.10 301.50 56.11 851.25 384.12 1039.70 1022.58 13.18
Maximum 113.93 3.52 3.46 3.32 171.00 831.25 213.84 Í 1771.00 943.88 1888.70 2872.87 33.21
Variance 526.32 0.20 0.39 0.44 367.20 21508.72 693.55 50205.50 17772.26 36820.76 218313.12 28.98
St. Dev. 22.94 0.44 0.63 0.67 19.16 146.66 26.34 224.07 133.31 191.89 467.24 5.38

3.4 Time series plots

In order to plot several series at once, we have transformed the data in such a 
way, that the minimum of given series equals 0 and the maximum equals 1.

In the hrst plot in Figure 3.2, we have all three of our fuels and crude oil. 
We can see very strong correlation between crude oil and its derivatives; both 
heating oil and gasoline are clearly closely connected to their mutual defining 
production factor. Ethanol evidently deviates from the crude’s trio, however it 
also follows some of the major trends throughout the period, such as the growth 
in 2011 and the decline in 2014 and 2015. The crude‘s growth in 2010 after 
the crisis and subsequent period of relatively higher prices, connected with US 
economy’s good performance, is followed by the most distinct shift within our 
sample. It is the crude‘s rough price decline throughout the years 2014 and 
2015. Among the main reasons for the plummeting prices, we mention firstly 
the general slow-down of some of the major economies; compared to the hrst 
decade of 21st century, China especially, and notably also India, Brazil and 
Russia, had significantly lowered their preceding rapid growth. The slow-down 
led in turn to lower demand for crude oil and fuels in general. Secondly, we 
consider the shale boom in the US and Canada’s increase in crude’s production 
from the oil sands. The resulting increase in supply leads to decline in prices. 
The prices hit a trough in the early months of 2016 and have been following
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positive trends thereafter. It is the ethanol which rather stagnated after the 
decline in 2014 and it has followed a neutral trend until the end of our sample. 

Figure 3.2: Time series plot - energy commodities

The second plot in Figure 3.2 covers all of our agricultural commodities and 
the DJCI. Corn, soybeans and wheat are clearly the closest series as they follow 
the same trends and experience similar troughs and spikes. Cotton and cattle 
evolve in completely different ways. The DJCI follows some of the patterns 
of the corn-soybeans-wheat trio, however it apparently deviates in some other 
periods; its behaviour would be explained later. Regarding the major trends, 
all of the commodities experienced steep growth during the hrst two years after 
the crisis of 2008/9. The initial growth was followed by a period of relatively 
higher prices and seemingly high volatility. This period can be related to 
a well performing US economy. Throughout 2014, besides cattle, all of the 
series experienced a distinct price fall. This fall is narrowly connected with 
the price decline in the crude oil market, as besides the crude-specific reasons, 
the commodity prices decreased in global terms. Together with the slow-down 
of some of the major economies, also the record agricultural harvest in the 
US and Eurozone’s stagnation had their negative effects on the commodity 
prices. The period after 2014 resembles 4 relatively tranquil years. Within 
these 4 years, the prices of all of the agricultural commodities remained in the 
range of their respective minimal values, with rather a neutral trend, which 
in the last year seems to change a little bit into positive numbers in terms 
of growth. However the most important finding is the behaviour of variance, 
which seems to be decreasing in time. Nevertheless, we shall hrst utilize the 
wavelet methodologies to be able to delve deeper into this problematics.

The plot in Figure 3.4 shall allow us to compare the defining trends within
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Figure 3.3: Time series plot - food commodities

our sample and we also include gold as it as a strong entity itself in terms of 
traded volumes. The S&P illustrates perfectly the trending of US economy and 
we can clearly see the growth until 2014, the subsequent stagnation and hnal 
growth. Let us point out the similarity of S&P and crude in terms of troughs; 
these occur at the same time and the relation between the two time series is 
evident. The similarities regarding the peaks are not so pronounced, however 
still visible.

Figure 3.4: Time series plot - indices

In conjunction with the (previous plot), we can now relate the behaviour 
of DJCI to the rest of the series. Since it is a combination of the individual 
commodities, whose behaviour substantially differs in particular periods, we 
can expect its own behaviour to be different in these. Two of the most distinct 
differences are the relatively higher values within the first year and the stronger 
growth at the very end of the sample, should we compare DJCI and the agricul-
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tural commodities. These particular differences demonstrate how the DJCI is 
driven by the prices of the energy commodities, crude oil in particular. As the 
most important information from this plot, we emphasize the differing trends 
of S&P in comparison with the rest of the series.

3.5 Pearson correlation coefficient

To complete the basic descriptive statistics, we compute the Pearson correlation 
coefficient (further also just as PCC) for each pair of our commodities. PCC 
should play the role of a benchmark in relation to the wavelet coherence; it is the 
most frequently used technique for comparison of two dimensions of a dataset, it 
is simple to interpret and should not be omitted in this work. The (correlation) 
table in Figure 3.5 contains a matrix with all of the computed values. Our 
intention in this part is to capture the common trends and similarities between 
the time series, thence we perform the analysis on prices. We can expect 
relatively high values of PCC, since the series are clearly not stationary9 and 
the common trends would significantly inflate the coefficient value.

Figure 3.5: Pearson correlation coefficient

PCC Crude Ethanol | Gasoline | Cattle |Corn | Cotton | Soybeans | Wheat |Gold | S&P 500 | DJCI HO

Crude NA 0.802 1 0 956 I -0.043 I 0 670 0.517 ■ 0.789 0.725 0.562 -0.628 1 0 882 0.964
Ethanol 0.802 NA J 0 845 | -0.089 ■ 0880 0.577 0.843 0.831 0.722 -0.641 0.849 0.837
Gasoline |o.956 0.845 NA 0.037 1 0 762 0.488 B 0 853 0.757 0.666 -0.569 B 0 847 0.969
Cattle -0.043 -0.089 0.037 NA -0.114 -0.314 0.011 -0.036 -0.067 0.436 -0.230 0.074
Corn 0.670 0.880 0.762 | -0.114 NA 1 0558 1 0852 0.890 0.843 -0.605 0.770 0.757
Cotton 0.517 0.577 0.488 -0.314 0.558 NA 0.430 0.538 0.344 -0.462 0.672 0.474
Soybeans 0.789 0.843 0.853 | 0.011 1 0852 | 0.430 NA 0.857 0.703 -0.462 0.718 0.845
Wheat 0.725 0.831 0.757 | -0.036 0.890 0.538 1 0857 NA 0.663 -0.642 0.817 0.774
Gold 0.562 0.722 0.666 | -0.067 1 0843 I 0.344 ■ 0703 0.663 NA -0.424 0.592 0.689
S&P 500 -0.628 -0.641 -0.569 0.436 -0.605 -0.462 -0.462 0.642 -0.424 NA J-0.847 -0.556
DJCI 0.882 0.849 0.847 | -0.230 0.770 0.672 0.718 0.817 0.592 J-0.847 NA ■ 0.850
HO 0.964 0.837 0.969 j 0.074 | 0.757 0.474 J| 0.845 0.774 0.689 -0.556 J 0.850 NA

As the table in Figure 3.5 is apparently huge and the PCC is not expected to 
bring any innovative information, we comment only on a few particular chosen 
results. The results are, importantly, in compliance with the plots and with 
economic intuition.

1. We have the crude oil, gasoline and heating oil triplet. These are the 
three most correlated commodities, with the PCC attaining very high 
values between 0.95 and 0.97.

We test for stationarity later, results are available in Figure 6.3
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2. We have the food commodities triplet - corn, soybeans and wheat. The 
PCC for the combinations between these three commodities attains values 
between 0.85 and 0.89. All of the three commodities are also strongly 
correlated with ethanol, especially corn with the value of PCC at 0.88. 
The correlation being the highest for corn fits well the expectations, as 
corn is the major feedstock of ethanol.

3. The correlations between crude-based fuels and food commodities are 
slightly higher than the correlations between the food commodities and 
crude oil. This could be an important results for us, as the the effects 
of crude on the food commodities would be channeled just through the 
fuels and hence we expect the fuels to be closer to the fuel commodities 
than crude oil in the ideal scenario.

4. Cotton has much weaker correlations, with almost all of the other series, 
than the food commodities.

5. Cattle is the least correlated series, its PCCs with the others are very 
close to zero in almost all cases.

6. DJCI is strongly correlated with crude oil and its derivatives, in particular 
PCCs are between 0.85 and 0.82. It is also strongly correlated with 
ethanol and the food commodities, with PCC ranging from 0.72 up to 
0.85 (ethanol). DJCPs PCC with gold is quite low at 0.59. Assessing this 
value, our reasoning is firstly the overall low PCCs between gold and the 
other commodities and secondly the cap of gold as a part of DJCI being 
set at 15%.

7. Lastly we assess the S&P 500 index, which shows relatively strong neg
ative PCC with all of our series, except the cattle data. The negative 
correlation is perfectly compliant with the visible overall trends of our 
series, where S&P 500 is the only series with a strong positive trend. The 
only positive PCC with cattle series seems to be of rather accidental na
ture and without any further detailed analysis, we should not make any 
conclusions.



Chapter 4

Wavelet analysis

In this section, we go through the results of both wavelet coherence and partial 
wavelet coherence. As the dataset contains 12 time series, we have 66 wavelet 
coherence plots for all of the possible combinations, and considering the partial 
wavelet coherence, we could theoretically control for 10 different effects for 
each of these 66, hence we would have 660 partial wavelet coherence plots 
in addition to the 66 wavelet coherence plots. We obviously do not present 
all of the possible combinations, and we rather focus on particular relevant 
combinations of commodities. Our objective throughout this part is twofold. 
Firstly we follow the contextual literature and compare the overlapping parts 
of the datasets; further we assess the appended part of our dataset as we are 
practically extending the usual range by four to five years in comparison with 
the recent works. We also substantially improve this part by employing the 
partial wavelet coherence, which has been used rather scarcely. Referring to 
concrete questions and interests, our aim is to examine especially:

1. The crude oil and fuels bundle; crude oil, gasoline, heating oil and ethanol

2. The food commodities bundle; corn, wheat, soybeans, cotton and cattle

3. The food commodities and ethanol bundle; corn, wheat, soybeans, cotton 
and ethanol

Secondly we turn our attention to the volatility spillovers between the food 
commodities and crude oil. We analyze various combinations of crude oil with 
the agricultural/food commodities, while we also try to substitute the crude oil 
with heating oil and gasoline. Via the substitution of crude oil by both fuels, 
we should be able to see if there is any increase in dependence. In other words,
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whether the crude oil’s price effect is channeled through the fuels in any ob
servable way. We do not employ partial wavelet coherence methodology in this 
part, as it was initially intended. The reason for this is very straightforward - 
the wavelet coherence results indicate rather weak correlations throughout this 
section and thus we do not apply the partial wavelet coherence, which would 
mostly just filter out all of the stronger correlation clusters. We successively 
go through the following bundles:

1. The crude oil and food commodities; crude oil, corn, wheat, soybeans, 
cattle and cotton

2. The gasoline and food commodities; gasoline, corn, wheat, soybeans, cat
tle and cotton

3. The heating oil and food commodities; heating oil, corn, wheat, soybeans, 
cattle and cotton

4.1 The crude oil and fuels

4.1.1 Crude oil, heating oil and gasoline - WC

The hrst three plots in Figure 4.1 show us very strong correlation between 
crude oil and both of its derivatives. The coherence attains high values across 
both time and scales; the low frequencies show patterns of strong common 
trends1 and similar long term behaviour of all three series. The plots indicate 
very strong underlying trend at the highest scale for all of the combinations, 
however we have to take these with a grain of salt; the lower the frequency, 
the less reliable the results due to the more narrow cone of influence. At high 
frequencies, we observe very strong correlations as well, while the pair of crude 
oil and heating oil shows the strongest correlations. In the very center of all 
three plots, we have a gap of relatively low weak correlations, spanning from 
the middle to the highest frequencies. We could probably attribute these weak 
correlations to the combination of the commodity price decline in 2014 and 
2015 and our methodology, as the huge jump in price (downfall) might lead

1Let us clarify the use of word trend throughout these paragraphs. Although the examined 
series might also have almost identical trending behaviour - cycles, spikes, troughs, etc., the 
areas of strong wavelet coherence do not necessarily imply such common bahaviour; they 
imply just common power, variance. Thence we use the basic time series plots such as in 
Figure 3.2 etc., to help us recognize, when are we facing also the common behaviour in terms 
of the actual trends, besides the common power.
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to less efficient results by the wavelet coherence procedure (as we could see in 
the basic plots of our series, all of these three series are well synchronized even 
throughout this period, thence we would expect rather strong correlations). 
Taking into an account the overall look of all three plots, gasoline seems to 
slightly deviate from the other two series. The arrows indicate that crude oil 
and heating oil are mostly in phase, while the relationships for the other two 
remaining pairs are not so definite at the lower frequencies, where they seem to 
be changing in time. In particular, until approximately 2015, gasoline is being 
led by both crude oil and heating oil, while after 2015, it rather leads both 
crude oil and heating oil.

Figure 4.1: Wavelet coherence - Crude oil and its derivatives

Crude oil & Gasoline Crude oil & Heating oil

Gasoline & Heating oil

The most interesting observation is the shift of strong correlation from low 
frequencies to the higher ones in time. After the commodity prices had plum
meted in 2014 and 2015, the areas of significant strong correlation have been 
continuously shifting towards the higher frequencies. We are observing distinct 
structural change which should be taken into an account throughout modelling 
on these data.
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4.1.2 Crude oil, heating oil and gasoline - PWC

For these 3 combinations, we try to control2 for the common effects and trends 
in the range of commodities. In particular we attempt to control for the effects 
of DJCI via the partial wavelet coherence.

Figure 4.2: Partial wavelet coherence - Crude oil and its derivatives

Crude oil & Gasoline (PWC DJCI) Crude oil & Heating oil (PWC DJCI)

Gasoline & Heating oil (PWC DJCI)

Comparing the plots for wavelet coherence and partial wavelet coherence 
(Figure 4.2), we can see evident decline in the overall strength of correlation 
at all scales. The weakening of the relationships is by no means unexpected, 
since the DJCI is composed of all our commodities in the end, and we have to 
lose something in terms of correlation. However the general structure remains 
unchanged, as we still have the strong common trends at the lowest frequen
cies and we can still observe the transition of strong correlation to the higher

2Partial wavelet coherence has to be evaluated with special caution, especially in our case 
when we are trying to control for the effects of DJCI, which comprises of the other series to 
some extent. The partial wavelet coherence practically filters out what all of the three series 
have in common. What is left is the correlation that is unique to the two initial series; that 
however does not necessarily explain all of the correlation, in particular not the correlation 
that is by any chance common with the third series as well.
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frequencies. In comparison with the basic wavelet coherence results, the strong 
correlations also remain at the middle and lower frequencies, within the last 
two years of our sample. We interpret this as a confirmation of the structural 
change indicated by the wavelet coherence.

Concluding the crude bundle, we emphasize three findings. Firstly we assess 
all the series to be very strongly correlated at most scales at all times. Secondly 
we point out the transition of common power towards higher frequencies after 
2015. Lastly we note the especially well marked mutual synchronization in the 
last year of our sample at all scales.

4.1.3 Ethanol and fuels - WC

Compared to the previous bundle of just crude oil, heating oil and gasoline, 
we are facing much less correlated series in all three cases, as we can see in 
Figure 4.3. Both combinations of ethanol with gasoline and heating oil, evince 
strong correlations at the lowest frequencies, implying some kind of long-term 
dependence. The areas of significant correlations lead practically through the 
whole sample. These correlations are in compliance with the simple plots, 
which display similar shapes of the series. Considering the third combination, 
crude oil and ethanol, the correlations at lower frequencies are quite surprisingly 
almost absent (crude oil and both its derivatives are the most correlated series in 
our sample). Only the very lowest frequency displays (insignificant) correlation 
along the whole sample, however it is mostly beyond the cone of influence and 
we cannot base any reasonable inference on it.

In all of the three plots, the middle and higher frequencies display mostly 
just scattered solitary isles of higher correlation, without any distinct patterns. 
As the lone exception, we have the period between 2015 and 2017, throughout 
which the stronger correlations spread even to the middle, and to some extent 
higher frequencies, slightly resembling the correlation^ transition to the higher 
frequencies in the case of crude oil and its derivatives. Nevertheless, in this 
case, the shift happens 2 years in advance, in comparison with the previous 
case, thence we cannot assume these two to originate from the same source. 
Overall the plots demonstrate similarity between the pairs of ethanol with 
gasoline and heating oil respectively, while the combination of ethanol with 
crude oil slightly deviates from the other two and indicates lower correlation. 
Interpreting the difference, one could attribute it to the fact that gasoline 
and heating oil are also closer to being finalized fuel products, as is ethanol,
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Figure 4.3: Wavelet coherence - Fuels and ethanol

Gasoline & Ethanol Ethanol & Heating oil

Crude oil & Ethanol

and therefore they could have more in common with it than crude oil. We 

also mention that gasoline and especially heating oil are used throughout the 

production of ethanol; albeit the price effects leading in the direction from 

the crude-based fuels towards ethanol are probably very small, they might be 

the reason of the relatively stronger correlation, in comparison with crude oil. 

Lastly we address the relationship of heating oil with ethanol, which is the 

strongest one. We connect this with the assumption that it is rather heating- 

oil, which is used within the agricultural production, rather than gasoline; i.e. 

heating oil is the production factor of ethanol.

4.1.4 Ethanol and fuels - PWC

The plots in Figure 4.5 for partial wavelet coherence show practically no cor

relation at all. The reason for this is that the significant correlation, displayed 

in the previous plot (Figure 4.3), is common for the whole triplets and not just 

for the initial pairs. To obtain better insight into the issue, we take one step 

back and we perform a simple wavelet transform for the DJCI. Its results are
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Figure 4.4: Wavelet transform of D J CI

Wavelet transform - DJCI

2011 2013 2015 2017

presented in Figure 4.4. It is apparent that DJCI’s wavelet transform attains 
high powers at the very same scales and times, at which ethanol is strongly 
correlated with crude oil, gasoline and heating oil. Therefore if we control for 
DJCI’s effects via partial wavelet coherence, we are left with very low values. 

The takeaway for us are
especially the findings from 
the basic wavelet coherence; 
firstly the common powers 
of ethanol with gasoline and 
heating oil at the lowest 
frequencies throughout the 
whole sample, and secondly 
the spread of the correlation 
into higher frequencies be
tween 2015 and 2017. We can 
also state that crude oil shows 
significantly weaker correla
tions with ethanol; its effects 
on ethanol are likely to be channeled just through the two fuels and thence the 
two fuels are more closely connected to it. For the scope of modelling, we have 
to be cautious with the period between 2015 and 2017, as the series are evi
dently undergoing some changes. For now, we cannot asses the depth of these 
changes, however they could possibly significantly affect our later volatility 
modelling.

4.2 The food commodities

With corn, wheat and soybeans, we observe another strongly connected triplet, 
as we can see in Figure 4.7. The wavelet coherence for corn and wheat displays 
very strong correlation at the lowest frequencies, well illustrating the common 
trends of both commodities. Besides the low frequencies, the commodities are 
also correlated at other frequencies, performing similar transition of the corre
lation from lower and middle frequencies to the higher frequencies after 2015, 
as in the previous cases of crude oil and its derivatives. We observe the same 
transition in the plot of corn and soybeans as well as in the plot for soybeans 
and wheat, although the last plot shows much weaker correlations overall. In 
comparison with the corn-wheat plot, the plots with soybeans show us slightly
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Figure 4.5: Partial wavelet coherence - Fuels and ethanol

Gasoline & Ethanol (PWC DJCI) Heating oil & Ethanol (PWC DJCI)

Crude oil & Ethanol (PWC DJCI)

different behaviour at low frequencies; rather than a stationary relationship, we 

observe steady increase in correlation. Even though the low frequencies are out 

of the cone of influence at the beginning of the sample, we can clearly see that 

the correlations between soybeans and corn or wheat are almost nonexistent 

at the time. Considering the phases, the arrows are of rather chaotic nature, 

besides the lower frequencies, at which we can claim both soybeans and wheat 

to be led by corn, and soybeans being in phase with wheat.

Considering the other two commodities, namely cotton and cattle, we are 

suddenly facing completely different relationships (Figure 4.8). As the initial 

Pearson correlation coefficient has already indicated, cotton and cattle are much 

less correlated with the triplet of other agricultural commodities. The plots 

of wavelet coherence for both commodities, combined with the others, show 

almost no correlations at all. As the lone exception, we have areas of relatively 

strong correlation at the lowest frequencies throughout the second half of our 

sample for the combinations of cotton with the triplet of corn, wheat and 

soybeans. However we have to be careful with their interpretation and we
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Corn & Wheat

Figure 4.6: Wavelet coherence - Corn, wheat and soybeans

Corn & Soybeans

Soybeans & Wheat

should not put too much weight on them, as the areas are mostly out of the 
cone of influence. To illustrate the non-existence of correlations between cattle 
and the others, we present just a singleton plot of wavelet coherence for cattle 
and corn. For the sake of cotton, we present a plot for its combination with 
wheat.

We have also performed the partial wavelet coherence for these combina
tions of commodities; however the results3 do not provide us with any new 
information. The differences are very similar to the previous cases as the rela
tionships are weakened by controlling for the DJCI’s influence.

Summarizing, we firstly emphasize the additional evidence in favor of the 
correlation transition between scales after 2015. Secondly, we are in the best 
compliance with the literature context, regarding the combination of corn, 
wheat and soybeans; our analysis confirms their strong mutual connections 
and depicts the triplet as highly correlated across all scales. Finally we watch

3Available in the appendix A.l
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Figure 4.7: Wavelet coherence - Cattle & Corn, Cotton & Wheat

Cattle & Corn Cotton & Wheat

cattle and cotton to deviate from the triplet of the others and evolve in their 

own characteristic way.

4.3 The food commodities and ethanol

4.3.1 The food commodities and ethanol - WC

The agricultural commodities in conjunction with ethanol have been the most 

analyzed in related literature. The relationship of ethanol and its feedstocks 

has been well established4 and we are looking to extend the sample to the most 

recent years, evaluate the compliance with the literature context, control for the 

effects of DJCI via the partial wavelet coherence and finally obtain an insight 

into the structure and potentially identify structural changes and evolution of 

mutual relationships.

In plots in Figure 4.8 we have the wavelet coherence for ethanol with corn, 

wheat, soybeans and cotton. For the combinations of ethanol with corn and 

soybeans, we observe very strong correlations at the lowest frequencies, with 

ethanol leading the corresponding commodities. These areas of significant cor

relation lead through the whole sample and illustrate long term relationships of 

the series. Similar correlations can be also observed in the plots for ethanol with 

wheat and cotton, respectively. It is however significantly weaker for wheat and 

even less pronounced for cotton. Interestingly, this low-frequency dependence 

is, as was the case with the previous commodities, strengthening in time and

4For reference, see Kristoufek et al. (2016), Vacha & Barunik (2012)
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Figure 4.8: Wavelet coherence - Food commodities and ethanol

Ethanol & Corn Ethanol & Wheat

the correlation apparently attains the highest values in the latest years5. In all 
of our three plots, we can yet again observe the transition of common power 
from the lower frequencies to the higher ones. If we compare the crude oil-fuel 
bundle with the food-ethanol bundle, we can see the temporal difference in 
the transition. The crude oil and its derivatives underwent the transition in 
the latest years, 2016 and 2017 in particular, while the food commodities and 
ethanol happen to have underwent the process 2 to 3 years earlier. We also 
point out the combinations of ethanol and crude-based fuels, which seem to be 
stuck in between, in terms of the correlation transition’s timing.

4.3.2 The food commodities and ethanol - PWC

As in the previous cases, we have also performed the partial wavelet coherence 
on the ethanol - food combinations, trying to filter out the effect of DJCI. The

5Although appropriate level of cautiousness should be kept, as the lowest frequencies 
are mostly beyond the cone of influence and we cannot interpret the results with desired 
certainty.
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results, in Figure 4.9, are very similar to the ones we have obtained for the 
combinations of ethanol with crude oil, gasoline and heating oil. The partial 
wavelet coherence filters out most of the significant correlation, leaving us with 
plots displaying just lonely remnants of the initial strong correlation. We can 
still observe some traces of the transitioning correlation as well as the areas 
of strong correlation at the lowest scales. The latter ones cannot be however 
attributed much weight, as they are mostly out of the cone of influence.

Figure 4.9: Partial wavelet coherence - Food commodities and ethanol

Corn & Ethanol (PWC DJCI) Wheat & Ethanol (PWC DJCI)

Soybeans & Ethanol (PWC DJCI) Cotton & Ethanol (PWC DJCI)

Considering our results of partial wavelet coherence covering ethanol with 
various commodities and controlling for the effects of DJCI, in which the DJCI 
filters most of the correlation away, we can deduce that the DJCI has a lot of 
common power with ethanol. In other words, by controlling for DJCFs effect, 
we not only filter away the general common commodity trends, as intended, 
but we also lose not negligible part of the desired correlation. Summarizing 
the agricultural commodities - ethanol bundle, firstly the results are in great 
compliance with the established literature. We confirm the strong relationships 
of ethanol with corn, soybeans, wheat and cotton. Secondly we uncover the
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seemingly omnipresent correlation transition between the scales, however with 
temporal shift in this case. Lastly we infer strong connection between ethanol 
and DJCI, considerably impeding the extraction of common trends within the 
commodity sphere.

4.4 The food commodities and crude oil

Now we turn our attention to the crux of the thesis. In the following plots in 
Figure 4.10, we can see the wavelet coherence of crude oil with corn, wheat, 
soybeans, cotton and cattle. At hrst sight, we can say that the relationships 
captured by the wavelet coherence in these cases are by no means even close 
to the likes of crude oil-gasoline etc., in terms of strength of the correlation. 
We would assess the individual pairs one by one and as it is apparent by 
now, we are rather on the verge between correlated and uncorrelated; hence 
we have to interpret everything as hints, suggestions and not evidence, nor 
proofs. Importantly, we try to relate these results to the previous ones, as 
the connections between relatively weak correlations we find here, with the 
significantly stronger ones we have already found in the previous parts, might 
be exactly what we are looking for.
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Figure 4.10: Wavelet coherence - Food commodities and crude oil

Crude oil & Corn Crude oil & Soybeans

Crude oil & Wheat Crude oil & Cotton

2 White noise series

Firstly we assess the stripes of slightly stronger correlation at the very lowest 
frequency in the plots for soybeans, cotton and cattle. These are not significant, 
lying beyond the cone of influence and as we inspect the basic time series plots, 
we can discard these as accidental results caused by the relatively similar shapes 
of the curves representing the time series. Thence we are left with the middle 
and higher frequencies. Let’s go through the individual commodities step by 
step.
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4.4.1 Cattle and crude oil

The plot contains just randomly scattered solitary points of stronger corre

lation. This particular plot is very close the wavelet coherence of two white 

noises, of which we also present an example in Figure 4.10. As we can see, the 

wavelet coherence for two white noise series even includes a significant area of 

common power at low frequencies - which looks like the insignificant area in 

the plot for cattle. Due to the lack of any noticeable patterns and the afore

mentioned match with white wavelet coherence for two white noise series, we 

can safely consider the plot for cattle to imply practically no correlation at all.

4.4.2 Cotton and crude oil

The plot for cotton yet again resembles the plot for white noise(s). We can 

however observe two details, in which the plots for cattle and cotton slightly 

differ. Firstly we have an area of strong correlation at the lowest frequency, 

ranging through the last two years of the sample. This isle of strong and 

significant correlation is caused by the similar behaviour of both series within 

the two years period. This behaviour might however be of haphazard nature; 

taking into an account the fact that the area lies mostly outside the cone of 

influence, we shouldn’t put much weight into this observation. Secondly, we 

mention as a side note, that we could theoretically be facing similar correlation 

transition from the lower frequencies to the higher ones in time. Nevertheless, 

we do not have enough evidence for it and we rather left the question open. 

Summarizing the relationship of cotton with crude oil, we view it as if it was 

lacking any significant correlations. For the purposes of further modeling, we 

should try to split the sample, as the last two to three years might bring some 

structural changes.

4.4.3 Wheat and crude oil

The plot of coherence for wheat and crude oil also resembles the plot for white 

noise(s). However, should we compare it to the plot of coherence between cotton 

and crude oil, firstly there is no correlation among the lowest frequencies. This 

absence of correlation at the lowest frequencies can be explained by varying 

shapes of the time series. Secondly, we could assess the plot as slightly more 

structured than the previous one. Although we cannot make any conclusions 

with certainty, we have non negligible hints in favor of the correlation transition,
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no matter how weak. Nevertheless, the results for wheat and crude oil are still 
on the verge of white noise behaviour and hence we should be very careful with 
their further processing.

4.4.4 Soybeans and crude oil

The plot for soybeans certainly stands out. At first sight, we can clearly see 
signs of the so many times mentioned correlation transition. Throughout the 
first half of the sample, we have relatively strong correlation at the lower fre
quencies, followed by mild gap around 2014 and then by a continuous area of 
strong correlation after 2015, which starts in the low to middle frequencies and 
leads towards the highest frequencies. The cluster of strong correlations reaches 
the highest frequencies in around 2017. Even though the plot displays signif
icantly weaker correlations than the likes of ethanol-corn, gasoline-crude oil 
etc., the structural change can be clearly identified. Especially should we com
pare the plot with the not-so structured plots for the combinations of crude 
oil with wheat, cotton and cattle. Let us also comment on the gap spilling 
around 2014, based in the middle frequencies. We can observe similar gaps in 
other coherence plots, namely in the plots for corn with wheat, soybeans with 
wheat and heating oil with ethanol, for example. These gaps are likely caused 
by the unsynchronicity of the series, regarding the price downfall in 2014 and 
2015. Due to the apparent messiness and randomness of the arrows representing 
the phases, we do not dive into their interpretation. In order to be provided 
reasonable information by the arrows, the area of significant correlation has 
to be sufficiently sized, since the computed phase values at its edges are also 
less significant. Overall we have encountered a food commodity, reasonably 
correlated with crude oil, providing us with promising results, regarding the 
examined hypotheses.

4.4.5 Corn and crude oil

The combination of crude oil and corn provides us with similar coherence plot 
as the previous combination of crude oil and soybeans. The plot yet again 
indicates the presence of the correlation transition, however the correlations are 
relatively weaker. Since some of the parts of the correlation transition channel 
do not attain sufficient significance levels, we should interpret this structure as 
cautiously as we did in the cases with the previous combinations. Leaving the 
correlation transition, the plot is missing any strong correlations at the lowest
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frequencies. The correlation at the lowest frequencies is in highest compliance 
with the basic time series plots, which display quite dissimilar behaviour of 
both time series. Assessing this combination, it is stuck in between the pairs 
of crude oil with soybeans and the others. Our intuition suggests that it is 
too structured to be a white noise, but we do not have enough information to 
verify any hypothesis. Therefore we leave this pair of commodities as an open 
topic for now, until we proceed far enough with the other methodologies we 
have chosen to perform on our dataset.

Summarizing the main findings from the wavelet coherence analysis per
formed on crude oil in combination with food commodities, we neither have 
any reasonable evidence in favor of our hypotheses, nor against them. The 
results1 may be very misleading and ambiguous, since the wavelet coherence 
can be very sensitive to noise, i.e. it is impossible to distinguish between noise 
and what is the true data generating process. Interpreting the results, we are 
able to stratify the five agricultural commodities into three categories, accord
ing to the strength of their correlations with crude oil. Firstly we have wheat, 
cotton and cattle, which are as close to noise as we can get; the plots do not 
evince any signs of patterns or correlation trends. Regarding these three com
modities, we would intuitively rather reject the hypothesis of spillovers between 
them and crude oil. Secondly, we have corn, which seems to be exactly on the 
verge. The indistinctive pattern of scale-transitioning correlation, which seems 
to be so defining for the previously examined groups, could also be just a ran
dom collection of individual areas of significant correlation values. Our further 
analysis would be defining for the interpretation of this relationship. Lastly 
we have soybeans, which show the strongest relationship, with distinct channel 
of correlation, leading from the lowest frequencies to the highest ones, in an 
unomittably parallel way to such combinations as are the crude oil-fuels or food 
commodities bundles.

4.5 The food commodities and gasoline

As we expect the eventual spillover effects of crude oil on the food commodities 
to be channeled through the fuels, which should be in theory more closely 
connected to the commodities than is crude oil, inspection of the gasoline- 
food commodities relationships is the next natural step. While the preceding 
wavelet coherence analysis for crude oil was unimpressive at best, from the



4. Wavelet analysis 44

perspective of our hypotheses, we expect at least partial strengthening among 
the correlations when we replace crude oil by gasoline.

Figure 4.11: Wavelet coherence - Food commodities and gasoline

Gasoline & Cotton Gasoline & Soybeans

4.5.1 Gasoline and cotton

As we can see in Figure 4.11, the plot of wavelet coherence between gasoline 
and cotton offers very similar picture as the version with crude oil, regard
ing the structure and placement of various areas of significant correlation. In 
comparison to the plot with crude oil, we obtain relatively larger areas and 
stronger correlation overall. In particular, the period of strong correlation at 
low frequencies, which lasted for the very last two years initially, now ranges for 
three years, starting in 2015 and slightly spreads to neighbouring frequencies 
as well. Besides that, the originally insignificant6 stripe of strong correlation 
at the very lowest frequency, has become partially significant. Although the 
progress seems to be of positive nature, regarding our hypotheses, we are still 
pondering about the lowest frequencies and at these, we may obtain relatively 
strong correlations due to a chance, i.e. similarity of both time series4 shapes.

4.5.2 Gasoline and soybeans

The combination of soybeans with gasoline, in Figure 4.1, offers us yet again an 
increase in overall strength of the correlations. The areas of significant correla
tions slightly grow in comparison to the case with crude oil and the correlations 
become stronger. Besides these changes, the overall structure is however kept

Although still almost irrelevant, as it lies outside the cone of influence.
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almost intact. The clusters of high correlation remain at the same places and 

we can still observe the pattern representing the correlation transition across 

the scales, as in most of the previous cases. Lastly, comparing the plot to the 

one for crude oil, an area of of strong correlation emerges at the lowest frequen

cies in the last years of the sample, being also almost connected to the strong 

correlations at the beginning of the sample. Nevertheless, the significant area, 

rounded by the contour plot, remains outside the cone of influence. Hence we 

do not put much weight on this observation.

4.5.3 Gasoline and wheat, corn, cattle

The plots for the three remaining combinations are in perfect compliance with 

the preceding ones; the shift from crude oil to gasoline has caused slight increase 

in the correlation strength, however the overall correlation still remains just at 

the levels of noise time series combination. We provide the coherence plots in 

the appendix A.2.

Overall, having substituted crude oil by gasoline, we observe slight, how

ever distinct strengthening among the existing correlations and their moderate 

expansion. The structure and patterns, including the correlation transition, re

main almost the same. The results of the comparison support the hypothesis, 

which assumes the effects of crude oil on food commodities to be channeled just 

through the fuels. In the following part, we substitute gasoline by heating oil. 

Such a step should in theory even further increase the correlations, since heat

ing oil is the fuel used for transportation and fueling of agricultural machines, 

such as harvesters etc.

4.6 Heating oil and the food commodities

Since the wavelet coherence plots for heating oil with food commodities are yet 

again very similar to the ones for gasoline (and crude oil), we show just the 

plots for cotton and soybeans in Figure 4.127.

Comparing the wavelet coherence plots with heating oil and gasoline, we 

observe very similar evolution as when we have compared the plots for gasoline 

and crude oil. The overall structure and patterns remain the same, while 

the correlations mostly just marginally increase and the areas of significant 

correlation widen a little bit. As in the previous shift, the plots for corn,

'The plots for wheat, corn and cattle are available in appendix A.3.
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Cotton & Heating oil

Figure 4.12: Wavelet coherence - Food commodities and heating oil

Soybeans & Heating oil

wheat and cattle remain rather in the noise domain and we do not observe any 
changes worth mentioning. Neither the cotton, nor the soybean cases differ 
much in terms of their evolution. Most importantly, we observe slight increase 
of correlations in the correlation transition channel, especially between the 
individual isles of significant correlation, which seem to be getting more closely 
connected.

Summarizing the whole chapter covering the crude oil - food relationship, 
with the heating oil and gasoline alternatives, we have arrived at the following 
conclusions. Firstly, the corn, wheat and cattle commodities do not show any 
significant signs in favor of the crude oil - food commodities volatility spillo
vers. The wavelet coherence plots are visually very close to plots of two random 
white noise series while they do not contain any distinctive patterns or struc
tures. The coherence plot for cotton and crude oil represents slight structures 
and overall stronger correlations, however the results remain somewhat unclear 
and ambiguous, as we cannot declare with certainty, whether we are observing 
just few random coherence clusters or signs of structural dependence. The most 
contribution stems from the combination of soybeans and crude oil. This pair 
evinces relatively strong evidence in favour of the core hypothesis and we can 
also observe the transitioning correlation as in the fuels and food commodities 
bundles in the preceding chapters. Secondly, we have delved into the alterna
tive combinations, in which we have replaced crude oil with both gasoline and 
heating oil. The results are similar to each other as well as they are similar 
to the case witch crude oil; the coherence plots have the same structures and 
indicate the same trends. We can also observe relevant increase in terms of
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correlation and marginal expansion of the areas of significant correlation, if we 

compare heating oil and gasoline with crude oil. This result crucially supports 

the hypothesis, which depicts heating oil and gasoline as links between crude 

oil and the food commodities.



Chapter 5

Granger causality

In this part, we briefly analyze, whether we have the Granger causality rela
tionship within our dataset. Our take on the methodology is straightforward, 
as we just perform a simple test for Granger causality on various pairs of com
modities from our dataset. However, as we have expected, to some extent, and 
what was also confirmed by our results, the results of Granger causality testing 
are quite often unreliable. By unreliable, we do not mean that the statistics 
would be wrong or something along those lines; it is rather the fact, that we 
may face spurious correlation and that we should not blindly rely on the tests’ 
results. Thence we have to interpret the results carefully. For the purpose of 
testing, we have differenced and demeaned our data. We have used a simple 
bivariate version of the test, which compares restricted model in equation 5.3 
with the unrestricted one in equations 5.1 and 5.2. For the testing, we use an 
F-statistic, representing the joint significance of the (5^ coefficients belonging 
to the cross effects, specifying the effects (the Granger causality) of Y on X.

n n

Ah — aq;o + (5.1)
i=l i=l

n n

Yt = 0(2,0 + /?2,iAh-«
i=l i=l

(5.2)

n

t = «o + atiXt-i (5.3)
z = l

The null hypothesis states, that X does not Granger cause Y. As a prelim
inary step of the testing itself, we yet have to determine the lag length of the 
model. We have used Akaike information criterion for this purpose. Neverthe-
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less, since the measures like AIC might be relatively misleading at times, we 
have also performed a set of tests with fixed lag length; in particular we have 
chosen 10 lags. In table in Figure 5.1, we can see the p-values of the performed 
tests1. The table is structured in the following way; the commodities/data in 
the rows are the ones which are tested to be Granger causing the variables 
in columns. The upper part of the table summarizes the tests performed on 
models with amount of lags determined by the Akaike criterion. The lowest 
part contains the chosen lag length. The middle part contains the p-values of 
the tests performed on models with amount of lags (fixed) at 10.

Figure 5.1: Granger causality test - p-values

1 day Crude HO Gasoline Cattle Corn Cotton Soybeans Wheat S&P 500 DJCI Ethanol
Crude NA 0.10731 0.00181 0.28907 0.95298 0.12734 0.49544 0.90093 0.20557 0.07921 0.93572
HO 0.23013 NA 0.00029 0.19630 0.79612 0.03357 0.99671 0.61328 0.12716 0.00033 0.29458
Gasoline 0.01530 0.00005 NA 0.20285 0.79211 0.07702 0.59151 0.57573 0.22058 0.01709 0.50832
Cattle 0.30059 0.40751 0.61565 NA 0.13033 0.38805 0.37054 0.03127 0.05752 0.19351 0.72015
Corn 0.56965 0.14954 0.60548 0.51735 NA 0.56812 0.18801 0.79082 0.90797 0.32952 0.10788
Cotton 0.01874 0.12222 0.00376 0.49114 0.00001 NA 0.07712 0.51327 0.02887 0.00013 0.09592
Soybeans 0.51299 0.67606 0.44617 0.61283 0.02826 0.99390 NA 0.00410 0.19234 0.05032 0.00549
Wheat 0.15371 0.10807 0.29139 0.34006 0.28551 0.00058 0.00715 NA 0.95098 0.36725 0.03058
S&P 500 0.44318 0.00778 0.09285 0.55296 0.79655 0.70708 0.70548 0.25248 NA 0.75777 0.54901
DJCI 0.00000 0.00055 0.00000 0.20115 0.01270 0.99699 0.04076 0.01177 0.00045 NA 0.30877
Ethanol 0.60827 0.21005 0.00104 0.65264 0.96751 0.47636 0.47725 0.69241 0.34511 0.38167 NA
10 lags Crude HO Gasoline Cattle Corn Cotton Soybeans Wheat S&P 500 DJCI Ethanol
Crude NA 0.08696 0.02123 0.97448 0.51693 0.18035 0.51586 0.07428 0.30436 0.30083 0.04932
HO 0.00566 NA 0.00125 0.89752 0.59490 0.05323 0.47423 0.19412 0.14886 0.00189 0.66515
Gasoline 0.01293 0.00021 NA 0.96811 0.27668 0.09998 0.29920 0.07798 0.21049 0.00814 0.60405
Cattle 0.62709 0.79243 0.82097 NA 0.82624 0.97604 0.38056 0.38921 0.66323 0.90388 0.99430
Corn 0.14888 0.10361 0.32607 0.39679 NA 0.49676 0.17183 0.05156 0.98061 0.48016 0.09686
Cotton 0.02666 0.15219 0.01627 0.97436 0.00161 NA 0.08575 0.40272 0.37332 0.00018 0.26165
Soybeans 0.67764 0.51050 0.59010 0.56563 0.02735 0.99064 NA 0.00239 0.88014 0.04492 0.00356
Wheat 0.02650 0.00079 0.18682 0.70985 0.04464 0.00443 0.00471 NA 0.90545 0.30638 0.00604
S&P 500 0.38832 0.04336 0.40576 0.73335 0.99153 0.84227 0.90293 0.54597 NA 0.76910 0.24607
DJCI 0.00004 0.00193 0.00016 0.98062 0.15341 0.61474 0.05479 0.08451 0.01766 NA 0.19493
Ethanol 0.21849 0.11385 0.00961 0.92734 0.42104 0.89122 0.45084 0.99008 0.97771 0.58014 NA
lag# Crude Ethanol Gasoline Cattle Corn Cotton Soybeans Wheat S&P 500 DJCI HO
Crude NA 1 3 1 2 1 1 1 2 1 4
Ethanol 1 NA 3 1 3 4 9 3 1 3 3
Gasoline 3 3 NA 1 2 14 2 2 2 2 6
Cattle 1 1 1 NA 2 1 12 1 1 1 1
Corn 2 3 2 2 NA 27 9 2 2 2 3
Cotton 1 4 14 1 27 NA 12 14 1 1 12
Soybeans 1 9 2 12 9 12 NA 9 1 1 1
Wheat 1 3 2 1 2 14 9 NA 2 1 1
gold 2 11 2 1 12 1 1 1 1 4 2
S&P 500 2 1 2 1 2 1 1 2 NA 2 5
DJCI 1 3 2 1 2 1 1 1 2 NA 3
HO 4 3 6 1 3 12 1 1 5 3 NA

As we can see, the results are very ambiguous as expected. We will go 
through several important and interesting results and comment on these. Firstly, 
we note that the results are similar for both lag-length setups.

1Since the null hypothesis is specified as X does not granger cause Y“, low p-values 
indicate the presence of Granger causality in given direction.
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1. The Crude oil, heating oil and gasoline triplet

These three commodities provide reasonable results, as they Granger 
cause each other. We also observe their strong connection to DJCI, since 
they both Granger cause and are also caused by the DJCI. These re
sults are generally in compliance with the contextual consensus, as a 
strong links between these commodities are apparent. The connection 
with DJCI depicts the composition of

2. The corn, cotton, soybeans and wheat bundle

Among these commodities, we can observe mostly positive and significant 
results, indicating mutual causality. However, the relationships seem to 
be relatively weaker in comparison with the previous bundle. We also 
observe, that all of these commodities Granger cause ethanol. Lastly, we 
can see signs of significant relationships with DJCI, as it Granger causes 
corn, soybeans and wheat, while being caused by cotton and soybeans. 
These results are especially in compliance with the paper by Bastianin 
et al. (2016), as they find corn to Granger cause ethanol and ethanol not 
Granger cause any of the food commodities.

3. Food commodities and crude oil

Regarding the relationships of the highest importance for us, we observe 
that cotton is Granger caused by crude oil and its derivatives in both 
model setups, while in the setup with 10 lags, also wheat is caused by 
crude oil, heating oil and gasoline. On the other side, our results also 
suggest, that cotton and wheat both Granger cause crude oil, heating 
oil and gasoline. Here we are facing an exemplary spurious correlation, 
respectively its equivalent in terms of Granger causality. This is an ex
tremely important result, as it severely undermines the reliability of our 
results, regarding interpretation, unfortunately. As a consequence, we 
cannot put too much weight on these results.

4. Other remarks

Finally a few notes regarding the rest of the interesting relationships. 
Firstly we can see DJCI to cause S&P 500 and not vice versa. This could 
be explained by the prices, which directly affect the DJCI, being more in
stantaneous measure of economy’s performance, rather than the classical 
index. Secondly, cattle is the least connected to the other commodities.
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Summarizing our results of Granger causality, we have mainly learned, that 
none of the results can be blindly accepted and further utilized without expos
ing them to critical assessment. As an example, we cannot really believe the 
set of our food commodities to drive the prices of crude oil, heating oil and even 
gasoline. Thence we have to be cautious, and even in the case of the most sig
nificant Granger causality statistics, we should be ready to discard them, based 
on the general economic intuition and knowledge. Some particular results are 
mainly compliant with our expectations and related literature, highlighting the 
strong relationships within the crude oil-fuels bundle, food commodities and 
ethanol bundle and showing some links between DJCI and both aforementioned 
bundles. Regarding the food connnodities-crude oil relationship, we are getting 
on a fairly thin ice, as the results indicate Granger causality in both directions, 
while the causalities, where food commodities cause crude oil, heating oil and 
gasoline, are the more significant ones. Thence we assume these to be a con
sequence of some kind of spurious correlation, while we leave the effects in the 
direction from crude oil to the food commodities as an open issue.

Finally, let us emphasize our awareness of the fact, that the Granger causal
ity analysis is most widely performed on either monthly or quarterly data. In 
other words, it captures rather long term dependencies. We have also per
formed all of the analyses in this part on two versions of transformed series. 
The hrst version averaged weeks into single observations and the second version 
averaged months, e.g. we averaged periods of 5 and 22 days respectively. The 
results, of even more messy and counter-intuitive nature are presented in the 
appendix A.4 & A.5.



Chapter 6

DCC-GARCH model

Our objective in this chapter is to stepwise go through the usual GARCH 
modeling procedure and finally obtain the conditional correlation plots from 
the resulting DCC-GARCH model.

6.1 Splitting the sample

As we have learned via the wavelet coherence analysis, our data sample as- 
sumingly undergoes significant structural changes in time. In order to obtain 
the best models and be able to capture these changes, we have decided to split 
our sample into three separate parts and proceed with further analyses on the 
individual samples. In particular, we have split the sample in the following 
way: the first subsample spans from late 2009 until the beginning of 2014, the 
second subsample starts with 2014 and ends at the end of the first quarter of 
2016 and the rest, until the end of the first quarter of 2018 is the last subsam
ple. In Figure 6.1, we have the summary statistics for the whole sample and the 
corresponding three subsamples as well. We can clearly see the unstable nature 
of the sample, where the statistics for a single commodity often change, occa
sionally even by levels. As an extreme example, let’s consider ethanol, whose 
kurtosis1 values range between 1.39 and 53.38 or heating oil, which spans from 
0.58 to 19.06 in terms of kurtosis. We could provide an inexhaustible list of 
further comparisons, however we just rather append several2 plots of density 
in order to illustrate the dynamics within our sample. In Figure 6.2 we have 
4 different fuel-related commodities. Each density plot shows 5 curves; gray

xWe are presenting the excess kurtosis statistic rather than the actual kurtosis.
2Due to their similar nature, here we provide just the plots for crude oil, gasoline, heating

oil and ethanol, the other 8 density plots are provided in the appendix A.6 & A.7.
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represents the whole sample density; pink, red and dark red represent the hrst, 

second and the last subsample, respectively; black represents normal distribu

tion with mean and variance equal to the whole sample’s statistics.

Figure 6.1: Summary statistics of returns

Returns stats. Crude Ethanol Gasoline Cattle Corn Cotton | Soybeans | Wheat Gold S&P 500 DJCI HO

Minimum -9.44 -0.68 -0.4219 -13.875 -165.25 -11.76 -166 -89 -140.4 -113.19 -1.659 -0.4116
_q j Maximum 7.37 0.23 0.3094 8.1 49.25 8.17 70 89.38 61.6 72.9 1.207 0.1631
£
roco
01

Mean -0.00665 -2.42E-04 6.94E-06 0.014917 -0.00107 0.006774 0.019477 -0.02108 0.144181 0.723112 -0.00459 -1.7E-05
Median 0.02 0 0.0002 0.05 0 0 0.5 -0.37 0.3 0.98 0 0.0003

o
C Std. Dev. 1.367985 0.045429 0.045939 1.370823 9.87585 1.714926 17.27283 12.33724 14.85178 15.24494 0.230727 0.037764
s Skewness -0.22662 -4.19147 -0.55952 -1.18545 -2.35574 -0.45305 -1.18244 0.300649 -0.9838 -0.72343 -0.12375 -0.92442

Kurtosis 2.934771 54.25818 10.22522 10.18247 40.90454 6.739596 9.585856 6.447186 8.416923 4.728174 5.28333 9.759043

Minimum -9.44 -0.68 -0.4219 -5.925 -165.25 11.76 -140.5 -89 -140.4 -79.92 1.659 0.2561

■št Maximum 7.37 0.19 0.3094 8.1 49.25 8.17 70 89.38 61.6 53.07 1.207 0.1535
T—1o Mean 0.01833 -1.60E-04 0.000591 0.04875 0.0525 0.01077 0.2935 0.17737 0.2988 0.70584 -0.00208 0.00091

CTl
O
O

Median 0.065 0 0.00135 0.075 0.25 0.055 1 -0.25 1.2 1.045 0 0.00075
Std. Dev. 1.567587 0.045379 0.05093 1.029395 13.21799 2.282119 19.80611 15.54561 18.22182 13.55482 0.295867 0.039932
Skewness -0.21332 -3.84931 -0.54317 0.094814 -2.07284 -0.32148 -0.82574 0.232363 -1.18348 -0.43329 -0.17654 -0.27042
Kurtosis 2.55357 53.38062 7.968704 6.951742 25.68774 2.984534 5.319702 4.466865 6.88087 2.901264 2.893454 2.358206

Minimum -7.54 -0.59 -0.2448 -10.325 -19.5 -10.22 -166 -29.38 -41.1 -77.68 -0.75 -0.4116

CD Maximum 3.98 0.23 0.2538 4.225 30.75 3.02 53.25 34.12 53.2 72.9 1.0761 0.1631
O
fM

Mean -0.09793 -6.25E-04 -0.00197 0.010708 -0.10833 -0.03533 -0.63667 -0.36395 -0.15233 0.462717 -0.01492 -0.00288
Median -0.12 0 0.00255 0.075 -0.25 -0.04 0 -0.87 -0.75 0.605 -0.0101 -0.00245

O Std. Dev. 1.315492 0.058515 0.043882 1 573678 5.473503 0.907864 16.29674 9.21177 11.74083 17.28059 0.170597 0.041438
Skewness -0.2466 3.86027 -0.07906 -0.87743 0.141587 -2.28304 -2.43644 0.352512 0.286254 -0.26834 0.373023 2.02286
Kurtosis 1.856192 35.83838 5.855128 3.989483 2.309347 26.19395 20.59388 0.88676 1.605782 1.638603 4.808909 19.05586

Minimum -2.86 -0.099 -0.392 -13.875 -25 -5.51 -56 -28.63 42.7 -113.19 -0.44 -0.0823

00 Maximum 4.21 0.07 0.2552 6.1 16 3.45 57.75 29.87 58.8 47.6 0.37 0.1082
o
fM

CD
V1o

Mean 0.052356 5.15E-05 0.001201 -0.04708 0.020297 0.048891 0.256436 -0.00669 0.190297 1.066693 0.002694 0.001543
Median 0.15 0 0.0021 0.025 0.25 -0.01 -0.25 -0.25 0.5 0.99 0.0006 0.0017
Std. Dev. 0.93282 0.021542 0.03706 1.671808 5.022194 0.985269 12.31158 7.437743 9.934263 15.84051 0.118075 0.027169
Skewness -0.09752 -0.35633 -1.50149 -1.825 -0.41392 -0.05311 -0.15619 0.276683 0.022192 -1.72707 -0.01353 0.142053
Kurtosis 0.629888 1.393379 29.30595 12.19377 2.00643 3.271953 2.9821 1.705193 3.523597 10.67947 0.675982 0.579982

As we can see in the density plots, all of the data are more or less leptokurtic 

as is the case for the most of existing financial data. The data have relatively fat 

tails and we expect that a different distribution than normal would be assumed 

throughout the modelling procedure. We also emphasize that the shapes of the 

curves evolve in time, validating our decision to split the sample.

6.2 Stationarity and AR(I)MA model

Although the simple time series plots in Chapter 3 quite strongly indicate, that 

our data are not stationary by any means, we have also performed the Aug

mented Dickey-Fuller test in order to obtain some evidence. We have chosen 

the version of an ADF test which specifies the alternative hypothesis as sta

tionarity of the examined series. The resulting p-values are presented in the 

table in Figure 6.3. As we can see, we do not reject the null hypothesis of unit 

root in any case; hence we shall work with our data as with non-stationary.

For the purposes of our further GARCH modelling procedures, we have dif

ferenced and demeaned the data. The hrst step after all of the preparatory data
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Figure 6.2: Density plots - fuels

Crude oil Gasoline

Heating oil Ethanol

Figure 6.3: ADF test - p-values

ADF test Crude Ethanol Gasoline Cattle Corn Cotton

p-value 0.7189 0.2757 0.7430 0.8605 0.9024 0.5440

ADF test Soybeans Wheat Gold S&P 500 DJCI HO

p-value 0.7954 0.5289 0.9157 0.1030 0.8094 0.9497

caress, is usually fitting of an ARIMA model to the data. Having performed 
the Ljung-Box test on our time series, inspected the autocorrelation functions 
and partial autocorrelation functions, we were facing a delicate issue regarding 
the whole ARIMA modeling step. The Ljung-Box test indicates that approx
imately half of the series evince autocorrelation while the other half does not. 
The Autocorrelation functions1 plots are however of very specific nature, in par
ticular they indicate significant correlation at rather random3 lags. Modeling 
such dependence would require usage of MA coefficients, representing the corre
sponding lags. We have tried to fit multiple such models, these models however 
suffer from several reasons. Firstly, by implementing corresponding coefficients

3 By random we mean singleton lags, on the verge of significance, without any reasonable 
patters; for example 3rd, 7th, 19th,...
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into the model, another seemingly random auto-correlated lag emerges in the 
autocorrelation function of the residuals and we have to adjust the model in 
an appropriate way. In many cases, such procedure would have 3 or more 
steps, as yet another lags emerge after every step. Secondly, the models are 
very weak and do not explain much variation of the series. Lastly the resulting 
coefficients tend to be insignificant and their (in)significance radically changes 
with addition of other lags into the model. Taking into an account all of the 
preceding reasons, we have decided to not model the ARIMA models on our 
data.

6.3 ARCH effects

We proceed by testing for ARCH effects, although we suspect the tests to be of 
rather formal nature, as the ARCH effects are assumed to certainly be present. 
The testing is usually performed on the residuals from ARIMA models obtained 
in the preceding step. Thence we employ our tests on the initial data, untouched 
by ARIMA. We simply perform Ljung-Box test on squared demeaned returns 
in order to check for the ARCH effects. Results are unequivocal, all of the 
resulting p-values are almost zero. Hence we have no doubts about the presence 
of ARCH effects in our data and we may move towards the GARCH analysis 
itself.

6.4 Univariate GARCH (1, 1) and GJR-GARCH 

(1,1) models

As our objective is the multivariate DCC-GARCH model, which comprises of 
multiple univariate models, we have to start building the individual parts hrst. 
While the DCC-GARCH model allows for its parts to differ both in terms of 
lag-lengths and actual type of models, we go through various setups for all of 
our time series. However we heavily lean on the contextual literature and expe
rience, with GARCH modeling, especially mentioning Hansen & Lunde (2005), 
and we restrict ourselves in terms of lag-length to the GARCH (1, 1). GARCH 
(1, 1) is usually sufficient for such volatility modeling we are facing; it does not 
induce overly complicated models, trying to capture spurious correlations and 
random subtle structures within the data. Also, the following, more complex 
DCC-GARCH model would be more transparent and easily interpretable.
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Now that we are set to stick to the GARCH (1, 1), we are facing the de
cision, how complicated should the model be overall. The economic intuition 
suggest that we test for asymmetry, as it is generally assumed to be present in 
financial data, especially considering the likes of crude oil4, for example. Con
veniently, Hansen & Lunde (2005) yet again propose to generally accommodate 
asymmetry within the models. Thence we have performed the Engle and Ng’s 
Sign Bias test; in Figure 6.4, we present the p-values for individual time series. 
Based on these results, we settle either for GJR-GARCH in order to control 
for asymmetry or for basic GARCH. The test was performed on basic GARCH 
with studentized innovations. The student’s distribution of innovations fits our 
data in a better way due to the leptokurtic nature of our data. Not only we 
have evidence in favor of stundent’s distribution in terms of our density plots 
and kurtosis estimates, but we can also check the QQ-plots for residuals from 
the individual GARCH regressions; the QQ-plots strongly suggest the student’s 
distribution as it provides much better fit.

Figure 6.4: Engle and Ng’s Sign Bias test - p-values

Engle & Ng's S.B.T. Crude oil Ethanol Gasoline Cattle Corn Cotton

Sign Bias 0.200449 0.275996 0.512519 0.480264 0.316454 0.031973 **
Negative Size Bias 0.217245 0.951024 0.241579 0.868789 0.212919 0.302142
Positive Size Bias 0.077046 * 2E-05 *** 0.021565 ** 0.839453 0.868281 0.697741
Joint Effect 0.077727 * 0.00024 *** 0.028658 ** 0.767346 0.162509 0.06665 *

Engle & Ng's S.B.T. Soybeans Wheat Gold S&P 500 DJCI HO

Sign Bias 0.603816 0.161134 0.415941 0.004752 *** NA 0.171516
Negative Size Bias 0.288276 0.311223 0.002493 *** 0.603949 NA 0.352207
Positive Size Bias 0.899841 0.047175 " 0.092613 * 0.314598 NA 0.087327 *
Joint Effect 0.766387 9.95E-05 *** 0.001149 *** 0.000124 *** NA 0.284672

Besides the Engle and Ng’s test, we have also evaluated the models1 infor
mation criteria, in order to decide for the best options. In the end, we stuck 
with what the initial tests suggest; in particular we use the GJR-GARCH model 
for crude oil, ethanol, gasoline, cotton, wheat, S&P 500 and DJCI5. For the 
rest, namely cattle, corn, soybeans and heating oil, we use the basic GARCH 
version. Let us remind, that we use the studentized innovations.

4Famous leverage effect of crude oil; for reference, see Kristoufek (2014).
5During the basic GARCH (1, 1) estimation of DJCI, issues with convergence arised, 

hence we do not provide the Engle and NG’s test statistics. We did not face any issues while 
estimating the GJR-GARCH, hence we decided for the latter for our further purposes.
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6.5 DCC-GARCH

We have estimated the DCC-GARCH model, consisting of the aforementioned 
GJR-GARCH (1, 1) models and basic GARCH (1, 1) models with student’s 
distribution of innovations, containing all of our time series except gold, for 
which we do not see any reason anymore, as it is not relevantly related to 
our main commodities of interest. We have estimated four versions of the 
model; firstly on the whole sample, secondly on the years 2009-2014, thirdly on 
2014-2016 and lastly on 2016-2018. The years are approximate, more detailed 
description of the data split is available in section 6.1. Since the amount of 
parameters is huge and we have four different models, we have decided to 
not provide an exhaustive model diagnostics and we just restrict ourselves to 
stating, that the DCC-GARCH version is statistically superior to the CCC- 
GARCH version.

Now we are getting to the crux of our volatility modeling and to its pur
pose, namely it is the visualization of the conditional correlation from the 
DCC-GARCH model. We present selection of conditional correlations of par
ticular pairs of our data. The plots always include four parts, respectively series 
and sub-series. Firstly we have the plot of conditional correlation representing 
the model fit on the whole sample, it is plotted in black. Secondly we have 
three separate parts, representing the other three models1 fit on the three dis
joint subsamples; the 2009-2014 subsample is represented by red, the 2014-2016 
subsample by green and the remaining 2016-2018 subsample is represented by 
blue. The x-axis represents time and y-axis represents the values of conditional 
correlation, i.e. the values, which belong to the [—1; 1] interval. Nevertheless, 
we have adjusted the range of the y-axis to be [—0.4; 1] in order to provide 
easy visual comparison between individual plots. The minimum and maximum 
values are chosen in such a way, that we fit all of our results into the plots. 
Lastly, the grey line represents 0.

In Figure 6.5 we present the summarized average values of conditional cor
relations from the model fit on the whole data sample. The tables with values 
for the three models fit on our three subsamples are provided in appendix A.8, 
A.9 & A.10.

In the following paragraphs, we go through particular commodity/data bun
dles, chosen in compliance with the wavelet coherence part. Firstly we briefly 
review the crude oil-fuels bundle, then the food commodities bundle and finally 
we delve into the relationship of crude with food commodities.
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Figure 6.5: DCC-GARCH Conditional correlation averages

2009-2018 Crude |Gasoline HO | Ethanol (corn | Soybeans Wheat | Cattle | Cotton |s&P 500 DJCI
Crude NA | 0.657 0.788 0.195 0.157 0.201 0.113 0.107 0.195 0.342 0.581
Gasoline 0.657 NA ■ 0.702 J 0.166 0.145 0.155 0.127 0.031 0.152 0.258 0.453
HO 0.788 0.702 NA 0.177 0.138 0.209 0.116 0.079 0.181 0.298 0.547
Ethanol 0.195 0.166 0.177 NA | 0.499 0.321 0.397 0.079 0.100 0.102 0.316
Corn 0.157 0.145 0.138 0.499 NA 1 0.535 0.602 | 0.058 0.150 0.110 0.392
Soybeans 0.201 0.155 0.209 0.321 0.535 NA 0.400 0.074 0.155 0.132 0.424
Wheat 0.113 0.127 0.116 0.397 0.602 0.400 NA 0.027 0.134 0.099 0.337
Cattle 0.107 0.031 0.079 0.079 0.058 0.074 0.027 NA 0.037 0.086 0.152
Cotton 0.195 0.152 0.181 0.100 0.150 0.155 0.134 0.037 NA 0.173 0.236
S&P 500 0.342 0.258 0.298 0.102 0.110 0.132 0.099 0.086 0.173 NA 0.266
DJCI 0.581 0.453 0.547 0.316 0.392 0.424 0.337 0.152 0.236 0.266 NA

6.5.1 DCC-GARCH: Crude oil and fuels

We begin with the most strongly connected triplet of commodities. As we can 
see in Figure 6.6, crude oil, together with heating oil and gasoline still retain 
their mutual strong correlation, as it was indicated by the wavelet coherence. 
The average values of the conditional correlations from the model fit on the 
whole data sample attain as high values as 0.657 for the pair of crude oil 
with gasoline, 0.702 for the combination of gasoline with heating oil and the 
strongest correlation represents the pair of heating oil and crude oil, with the 
value of 0.788. Regarding the structural changes within our sample, we observe 
significant weakening of the relationships including gasoline, in the last period, 
relative to the preceding subsamples. The relationship of heating oil with 
crude oil is the perfect opposite of the other two, as it becomes relatively much 
stronger in the last period.

Let us also shortly comment on the spikes and troughs, we can observe in 
the data, in general. The troughs are caused by significant movements in one of 
the commodities, while the other commodity does not jointly follow the same 
jumps and distinct movements. In other words, the troughs practically iden
tify moments in time, when one of the series deviates and undergoes significant 
jump, accompanied by corresponding temporary increase in volatility, while the 
other series remains relatively calm in terms of volatility. We can demonstrate 
this on the example of the trough in late 2017, which we can see in the plots in
cluding gasoline. This trough corresponds to the spike in gasoline prices, which 
we could see in the basic plots in Figure 3. On the other side, we have the 
spikes, which represent the opposite; in particular very strong co-movements of 
the two commodities, and corresponding volatility spillovers. Overall, the con
ditional correlations within the crude oil-fuels bundle are perfectly compliant 
with our previous results of wavelet coherence methodology, as they confirm
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Figure 6.6: DCC-GARCH Conditional correlation: Crude oil and fu
els

Crude oil & Gasoline

2011 2013 2015 2017

Crude oil & Heating oil

2011 2013 2015 2017

Gasoline & Heating oil

very strong relationships and also illustrate the structural changes behind the 
data generating process. We can also relate the conditional correlation to the 
Pearson correlation coefficient, which provides the same results in terms of rela
tive relationships between the commodities, i.e. heating oil together with crude 
oil form the strongest correlation.

6.5.2 DCC-GARCH: Ethanol and fuels

In the broad picture, our results are yet again relatively compliant with the 
previous parts. The conditional correlations do not attain any extreme values, 
they just represent quite stable and intuitive relationship. The average values 
of conditional correlation over the whole sample span from 0.166, representing 
ethanol and gasoline, across 0.177 standing for ethanol and heating oil, and up 
to 0.195 for the combination of crude oil and ethanol. These results are slightly 
inconsistent with the previous ones, as we have identified crude oil to be the 
least correlated with ethanol amongst the three, both via the wavelet coherence 
and Pearson correlation coefficient. However the differences are of minor values,
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and both the wavelet coherence and Pearson correlation coefficient have to be 
taken with a grain of salt.

Figure 6.7: DCC-GARCH Conditional correlation: Ethanol and fuels

Crude oil & Ethanol

2011 2013 2015 2017

Gasoline & Ethanol

2011 2013 2015 2017

Heating oil & Ethanol

Regarding the evolution throughout our sample, we can say that the struc
ture clearly changes, for all of the three combinations. As we can see in Figure 
6.7, in the hrst period, we observe relatively volatile relationships, with thick 
spikes and broad troughs, representing either short periods of strong volatility 
spillovers between the commodities or periods of mutually different behaviour. 
The second period offers very stable relationships, without any significant spikes 
or other distinct shifts. This is an important observation, since the second pe
riod covers the commodity price fall, and based on our results, we can state 
that the downfall does not evince any synchronization (spikes in conditional 
correlation) between ethanol and the other three fuels, nor any significant dis
crepancies (troughs in conditional correlation). The last period offers an in
crease in volatility of the conditional correlation, as we can see some emerging 
spikes and troughs yet again. Lastly we address the change in average values 
of conditional correlations, where we have the lowest for the middle (second)
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period. We atrribute this fact to the relative tranquility of the middle period 
elaborated in the above.

Overall, we have acquired similar results as via the other methodologies. 
The results are compliant with both the wavelet coherence results and Pearson 
correlation coefficient. However we are facing slight discrepancies on the nu
meric level, where the conditional correlation does not support the hypothesis 
of heating oil and gasoline being closer to ethanol than is crude oil. Neverthe
less the differences among our results are too small for us to be able to make 
any conclusions with certainty.

6.5.3 DCC-GARCH: Food commodities

In Figure 6.8 we can see the conditional correlation plots for the combinations 
of corn, wheat and soybeans. The results are not surprising by any means, 
showing us strong correlation among the commodities throughout the whole 
sample. The average values of the correlations span from 0.400 for wheat and 
soybeans, across 0.535 for soybeans with corn, up to 0.602 for the pair of corn 
with wheat. The values are perfectly compliant with our results from the 
wavelet coherence analysis, which also identified the combinations containing 
corn to be much stronger than the remaining one, while corn together with 
wheat performed the best, regarding strength of correlation.

The plots indicate presence of non-negligible structural changes, as we can 
observe several shifts between the model covering our whole sample and the 
models built on the three subsamples. Firstly, the combinations with corn 
are of very similar nature, where the correlation is relatively stronger in the 
hrst period, also showcasing quite volatile behaviour; the second period shows 
significant decrease in terms of correlation, while the correlations seem to still 
remain at similar level of volatility. In the last period, the correlations rise a 
little bit, compared to the preceding period, and the overall look indicates quite 
still behaviour, as we can see only limited amount of very short spikes and/or 
troughs. The last combination, soybeans with wheat in particular, exhibits 
rather extreme behaviour, should we compare it to the others. Although the 
overall values of the conditional correlation are lower than in the other cases, 
we observe the biggest shift between two periods. After the hrst period of 
conditional correlation attaining as high values as 0.6, we have the second 
period of correlations of almost half the initial value. The actual average falls 
from 0.510 to 0.262. The period of very low correlation can be explained by
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Figure 6.8: DCC-GARCH Conditional correlation: Food commodi
ties

Corn & Soybeans

Corn & Wheat

Wheat & Soybeans

-
2011 2013 2015 2017

the completely different behaviour of both series throughout the period, when 
the series follow their own differing trajectories, albeit the hypothetical trend, 
connecting the beginning of the period with its end, would be the same for both 
series. Finally we arrive at the last period, strongly resembling the last period of 
the previous combinations, both in terms of its relative increase of conditional 
correlation in comparison to the preceding one and also in terms of the low 
volatility. Summarizing this triplet of highly correlated food commodities, we 
can state that the combination undergoes its evolution, from the very highest 
correlation values in the hrst period, through the second period of the lowest 
values, to the last period of yet again slightly increased correlation values. 
Overall, these results from our DCC-GARCH model can be perfectly related 
to the ones provided by our other methodologies. Namely we mention the 
wavelet coherence, which indicates the strongest correlations both in the hrst 
and the third period, regarding the highest frequencies, which are defining for 
the GARCH analysis.
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6.5.4 DCC-GARCH: Ethanol and its feedstocks

As the last part6 of this rather replicatory chapter, we shortly assess ethanol 
in combination with its feedstocks.

Figure 6.9: DCC-GARCH Conditional correlation: Food commodi
ties & ethanol

Ethanol & Corn

Ethanol & Soybeans

Ethanol & Wheat

This time, as we can see in Figure 6.9, all of the plots are of very similar 
nature, as we can see the strongest correlations, their averages being at 0.44 
for soybeans, 0.534 for wheat and 0.603 for corn, in the hrst period, where the 
conditional correlation also evinces quite turbulent behaviour. We observe two 
most distinct jumps, in particular downfalls, the hrst one occurring at the very 
end of 2011, while the other one occurs in the third quarter of 2013. Since 
these downfalls are common to all of the three plots, we can assume that they 
are caused by unique behaviour of ethanol. We can actually verify this by 
inspecting the basic time series plots with ethanol, which show us a steep price 
fall at the end of 2011, matching the hrst trough in conditional correlation and

6We do not provide all of the possible combinations plots, since the model offers 55 of 
them and most of them do not bring us any relevant information. Selection of other plots is 
in the appendix, however we do not comment on all of them.
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we can also observe a sharp spike in the prices of ethanol, corresponding to the 
second trough. The second period is of the least conditional correlation values, 
without any unorthodox behaviour. The averages of condition correlation fall 
to 0.225 for soybeans, 0.267 for wheat and 0.393 for corn. In the last period, the 
conditional correlation slightly increases and goes through many small spikes, 
however the overall behaviour is mostly still, compared to the other periods. 
The most important takeaways are two-fold, firstly it is the confirmation of the 
general relationships between ethanol and its feedstocks, depicting the corn 
to be obviously the defining one. Secondly, it is the decreasing correlation in 
time, indicating the presence of distinct structural changes, happening within 
our sample.

6.5.5 DCC-GARCH: Crude oil and the food commodities

In this crucial part, we are assessing the relationships between the food com
modities and crude oil and its derivatives. Our objective is to compare the 
results to the ones we have from the wavelet coherence analysis, and inspect 
the differences between the food’s relationships with crude oil, heating oil and 
gasoline, attempting to see whether the fuels are closer to the food commodities 
than crude oil. We present 5 triplets of plots: Figures 6.10, 6.11, 6.12, 6.13 
and 6.14; one triplet for each commodity combined with crude oil, gasoline and 
heating oil, so that we can easily compare them.

We start with cattle, as it is the most straightforward among the food com
modities in terms of results. The plots in Figure 6.10, are perfectly compliant 
with our previous results, as the wavelet coherence plots for cattle with crude 
oil were almost the same as the ones representing a pair of white noise series. 
The average values of conditional correlation are at 0.107 for crude oil, 0.031 
for gasoline and 0.079 for heating oil. These results just underline the evi
dence stemming from the plots, which show the conditional correlation to be 
very close to 0, sometimes even dropping to negative values; the relationship 
between cattle and crude oil (and its derivatives) is very weak and we shall 
assess it as an evidence against the principal hypothesis of volatility spillovers, 
especially in the case of cattle. The results are practically the same for heating 
oil and gasoline as for the crude oil, hence we do not further analyze the two 
other variants.

Secondly, we assess the elements which are common for all of the remain
ing four commodities. As it was also the case in the preceding parts, the hrst
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Figure 6.10: DCC-GARCH Conditional correlation: Crude oil & cat
tle

Cattle & Crude oil
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2017
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period is characteristic by the highest values of conditional correlation, accom
panied also by the most turbulent behaviour. Such behaviour is practically 
intrinsic to the whole sample, as all of the previously analyzed combinations 
of commodities evinced higher volatility of conditional correlation within the 
hrst period. Next we have the middle period, which shows significant decrease 
regarding the conditional correlation. The decrease can probably be attributed 
to the unsynchronicity of the series within the period of general price down
falls in the commodity domain. In the last period, we mostly observe relative 
increase of conditional correlations in comparison with the middle period, how
ever the values do not reach those from the hrst period. The last period is also 
characteristic by its still behaviour, with only occasional spikes or troughs.

The next natural step would be the corn and wheat, whose plots of con
ditional correlations are in Figures 6.11 and 6.12. Since corn and wheat are 
in mutually strong relationship, and since their correlations with crude oil, as 
results of the wavelet coherence, were very similar, we expect these to keep 
their close relationship here as well. Via the wavelet coherence analysis, we
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have identified both of these two commodities to be only very weakly related 
to crude oil, heating oil and gasoline, with corn performing little bit stronger 
correlations. The conditional correlations from our DCC-GARCH model do not 
contradict our previous results, since the correlations remain relatively weak, 
although not as weak as those of cattle. The average conditional correlation 
values are attain 0.157, 0.145 and 0.138 for the combinations of corn with crude 
oil, gasoline and heating oil respectively, while the combinations of wheat with 
crude oil, gasoline and heating oil attain the values of 0.113, 0.127 and 0.116 
respectively, considering the whole sample. The evolution within our sample 
remains the same as it has been described in the preceding paragraph, as the 
first period has the highest correlations and the second period has the lowest 
ones.

Figure 6.11: DCC-GARCH Conditional correlation: Crude oil & 
wheat

Wheat & Crude oil

2011 2013 2015 2017

Wheat & Gasoline

Wheat & Heating oil

Regarding the differences between crude oil, heating oil and gasoline, their 
relationships with both corn and wheat seem to be almost at the same level. 
Even though we can observe slight differences, both in the plots and in terms
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Figure 6.12: DCC-GARCH Conditional correlation: Crude oil & corn

Corn & Crude oil

Corn & Heating oil

of the averages of conditional correlations, these differences are so small, that 
we rather should not put any weight onto them.

Summarizing, both corn and wheat remain on the verge, with corn display
ing slightly stronger correlations. As there are no tests, which we could possible 
base on our wavelet coherence analysis, or which would cover our DCC-GARCH 
model in an appropriate way, we cannot make any unequivocal conclusions re
garding the volatility spillovers hypothesis. Either rejecting the hypothesis or 
accepting it, would be too bold decision, considering the potential ambiguity, 
the wavelet coherence may perform. Nevertheless, we do not leave these two 
commodities as anyhow unrelated to crude oil or its derivatives, as we have 
shown some, although minimal, level of dependence.

Turning to the commodities, which evince stronger correlations with crude 
oil, we continue with cotton; the plots of conditional correlation are in Figure 
6.13. The wavelet coherence has shown cotton to be comparable to the likes of 
wheat and cattle in terms of correlation strength with crude oil. However the 
average conditional correlation attains the value of 0.195 for the combination 
with crude oil, 0.152 for the pair with gasoline and 0.181 for the combina-
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tion with heating oil and these values exceed the values for the previous three 
commodities. Hence we are facing slight inconsistency in the results by our 
different methodologies. While the wavelet coherence has identified corn to be 
in stronger relationship with crude oil than cotton, wheat and cattle, the DCC- 
GARCH methodology suggests cotton to be the commodity with strongest links 
to crude oil. Such discrepancy should be addressed to the fact, that the wavelet 
coherence covers all scales, while the GARCH models are mostly covering the 
highest and middle frequencies; thence the potential difference. Nevertheless, 
we are still on the verge of significance and the newly obtained results do 
not provide enough evidence to suppress nor support our main hypothesis of 
volatility spillovers.

Figure 6.13: DCC-GARCH Conditional correlation: Crude oil & cot
ton

Cotton & Gasoline

2011 2013 2015 2017

On the other side, we have yet another piece of evidence in favor of the 
hypothesis regarding the structural changes. And interestingly, should we com
pare cotton to the other agricultural commodities, it defies the general trend, 
since it rather attains the lowest values of conditional correlation in the latest 
period, instead of the middle one. Lastly, the values of average conditional
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correlation indicate, that cotton is in the strongest relationship with crude oil 
and not with gasoline or heating oil, as it is usually the case for the other 
commodities. Our intuition is however such, that the differences are not big 
enough for us, to let them drive our conclusions in any direction. Concluding 
the case of cotton, we put into the same basket with corn, just above wheat 
(and cattle) in terms of strength of their relationships with crude oil, gasoline 
and heating oil.

Finally we have the results for soybeans in Figure 6.14. As we can see, soy
beans attain the highest values of conditional correlation with crude oil amongst 
the agricultural commodities. In particular, the average values are 0.201 for 
the combination with crude oil, 0.155 for the pair with gasoline and 0.209 for 
the combination with heating oil. If we go through the individual subsamples, 
we observe significant difference between the average values of conditional cor
relations, where soybeans in combination with gasoline give lower values than 
soybeans combined with either crude oil or heating oil. This difference resem
bles the idea, that diesel (heating oil) is the defining fuel for the production 
process of soybeans, as one would expect.

Regarding the evolution of conditional correlation in time, yet again we 
deviate from the main group, while we observe the last period to be connected 
to the lowest correlations, instead of the middle one, just as it was the case 
for cotton. However the structural change is evident and we can safely assess 
the soybeans case to support the hypothesis of structural change. Taking into 
account the preceding and the overall picture, we put the soybeans on the top 
of the food commodities, regarding their correlation with crude oil. Without 
doubts, both the wavelet coherence and DCC-GARCH conditional correlation 
plots, identify this relationship to be the strongest one. We can also state, that 
in this case, soybeans are closely connected to heating oil as well as to crude oil, 
thence we assume the production process, i.e. prices of crude oil and heating 
oil, to have an effect on the price of soybeans.

Concluding this part, in which we have examined the relationships of food 
commodities with crude oil, heating oil and gasoline, we have found the follow
ing. In a broad picture, the results are mostly in compliance with the ones from 
the wavelet coherence analysis. If we, however, delve deeper into the problem
atics, we suddenly face some minor discrepancies. Firstly we have to adjust our 
stratification of the food commodities. In the case of wavelet coherence, we had 
the triplet of cattle, wheat and cotton as the least correlated with crude oil, 
corn with stronger correlation and at the very top we had soybeans. The DCC-
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Figure 6.14: DCC-GARCH Conditional correlation: Crude oil & soy
beans
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GARCH methodology raises cotton from the bottom basket and puts it at the 
same level with corn. Cattle and wheat remain as the least correlated ones, 
displaying very weak conditional correlations with either crude oil, heating oil 
or gasoline. On the other side, soybeans remain as the lone food commodity, 
being comparatively more correlated with crude oil and its derivatives. We also 
comment on the general behaviour of most of the plots of conditional correla
tion, not only the food - crude oil combinations. The behaviour significantly 
differs, if we compare the three different periods. We provide short summary 
of characteristic behaviour of the conditional correlation, for each of the three 
periods:

1. The hrst period is certainly the most turbulent one, throughout which 
our conditional correlations also attain the highest values. Due to the 
relatively high volatility, most of the highest spikes and deepest troughs 
we observe, belong to this period. We can relate these spikes to the 
numerous jumps, which are unique to particular basic time series.
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2. The middle period is usually connected to the lowest values of conditional 
correlation. This observation can be related to the gaps“ in the wavelet 
coherence plots, which are mostly present at the middle to high frequen
cies, and mostly match the middle period timewise. The translation to the 
real world can be made based on the commodity price downfalls, which 
happen to take place within this period and are not really synchronized, 
thence the relatively lower correlations.

3. The last period is the least turbulent one, while the conditional correlations 
seem to be converging to particular unconditional values. Considering the 
values, the conditional correlation usually attains slightly higher values than 
in the middle period, however they do not reach the values from the very hrst 
one, with several exceptions. This behaviour can be well matched to the basic 
times series plots, which showcase the least volatile behaviour within the last 
period, without any significant jumps.

Finally, we add a few comments regarding the rest of the conditional cor
relations, which are presented in the appendix (A.ll, A.12 and A.13). Crude 
oil is strongly correlated with S&P 500 in the hrst period, with the condi
tional correlation averaging at 0.495. The relationship is however significantly 
weaker for the other two periods, throughout which the conditional correlation 
attains half the values. This relationship resembles an increase of consump
tion of crude oil when the economy performs well, accompanied by growth of 
S&P 500, naturally. Crude oil and heating oil both attain very high correlation 
values with DJCI, especially in the last period, where the average is 0.701 for 
crude oil. Gasoline’s correlation with DJCI is on average weaker by 0.128 in 
comparison with crude oil on the whole sample. The cause for this fact is the 
significantly lower representation of gasoline in DJCI in comparison with crude 
oil and heating oil.
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Conclusion

Throughout this thesis, we have performed 2 methodologically different anal
yses on our dataset, consisting of crude oil and its fuel derivatives, food com
modities and ethanol and several indeces. The defining methods being the 
(partial) wavelet coherence and DCC-GARCH multivariate volatility model
ing. Except these two methods, we have also tested for Granger causality and 
we have computed several simple benchmark statistics such as Pearson correla
tion coefficient. Our main objectives were the following. Firstly, in connection 
to the other objectives, we aimed at dissecting the whole data sample, and 
indentifying the potential structural changes. This part is essential for the 
others, as the presence of structural changes within the sample might severely 
affect the volatility models and causality tests. Assuming that we are able to 
identify the changes and shifts within the sample, we shall be able to split the 
sample accordingly and obtain better models, built on the individual subsam
ples. Secondly, we wanted to improve on the already existing literature, by 
application of the methodology on the most up-to date data. Besides the new 
analysis of the most recent periods, we also intended to firmly set this thesis 
into the literature context by comparing the general uncovered relationships 
and by comparing the overlapping part of our dataset to the contextual lit
erature. Within this part, we have examined especially the first two bundles 
of commodities1, their mutual relationships inside the groups and the links to 
ethanol and potentially the indeces. At third, and as our main objective and 
the crux of the thesis, we wanted to examine the relationship between the food 
commodities and crude oil. Our principal hypothesis specifies crude oil to be an 
important production factor of the food commodities. Assuming the hypothe-

1 The first bundle being crude oil, gasoline, heating oil (and ethanol) and the second bundle 
being the food/agricultural commodities (and ethanol).
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sis is valid, we should be able to observe volatility spillovers between crude oil 
and the food commodities. We also mention our slight deviation from one of 
the initial hypotheses, specifying the 2008/9 as significant structural change; 
we rather focus on the most recent data and do not include the crisis in our 
data sample. However the question of structural changes still remains crucial 
as we find out.

Our results are the following. Regarding the structure of the data, we have 
uncovered significant changes, narrowly connected to the general commodity 
prices decrease between 2014 and 2016. The hrst part, spanning from 2009 un
til 2014, is characteristic by relatively high prices and high volatility. Despite 
the volatility, the correlations by the wavelet coherence and the conditional 
correlations from our DCC-GARCH models indicate the relatively strongest 
relationships to be just in this period. The second period, beginning in 2014 
and ending in 2016, covers the price downfalls within the commodity domain. 
Most of our series undergo significant price decrease; however the individual 
movements are not synchronized for all of the series and as a consequence, 
the correlations and conditional correlations attain the lowest values in this 
period. Representing this fact, the plots of wavelet coherence show gaps of 
low correlation, at the higest to middle frequencies. The last period, from 
2016 until 2018 is characteristic by the least volatile behaviour, with most of 
the series following a similar trend of slight growth. The wavelet plots, rep
resenting the more strongly connected pairs, indicate an overall transition of 
correlation from the the lowest frequencies in the hrst part, into the highest 
frequencies in the last period. Assessing the less correlated combinations, we 
can observe similar patterns to some extent, however we cannot put too much 
weight onto these due to the way, how wavelet coherence works. Concluding 
the part of structural changes analysis, we have decided to split the sample to 
the aforementioned three parts for the volatility modeling purposes, as have 
had a strong signals in favor the hypothesis of structural changes within our 
data sample. The DCC-GARCH analysis has confirmed the presence of struc
tural changes, since the individual models fit to the particular subsamples of 
our data, did provide significantly different results in terms of both conditional 
correlations and the models1 coefficients. Considering the second objective, all 
of our analyses were quite successful, as we have obtained consistent results 
for both blocks of commodities. In compliance with the literature context, we 
have observed very strong correlations within the crude oil, heating oil and 
gasoline group, with significant links towards ethanol. We have also identified



7. Conclusion 74

a very strong expected connection with DJCI, attributed to the definitoon of 
DJCI, which consists of crude oil to some extent. The block of food com
modities has also performed in highest compliance with the related literature 
and economic intuition. The triplet of corn, wheat and soybeans is highly 
correlated at all scales and we have also encountered strong links to ethanol. 
Cotton unexpectedly deviates from the trio, and cattle is completely unrelated. 
Both in terms of relations with the former trio and ethanol. Importantly, both 
the wavelet coherence and DCC-GARCH methodologies provide consistent re
sults. Considering the Granger causality and Pearson correlation coefficient, 
we summarize these to be mostly consistent with the other methodologies, how
ever the Granger causality appears not to be hundred percent reliable, since 
a relevant part of the causality results goes completely against common sense. 
Utilizing the findings from the hrst part, and comparing our newest results 
with the literature context, we observe very recent changes in the structure of 
the data. Thence we conclude, that we are witnessing an evolution within the 
commodity domain, throughout which the relationships, described in the recent 
literature, are undergoing distinctive changes, which should be accounted for 
within further fitting of any models to such data. The results in the core part, 
are unfortunately quite abmiguous, and mostly on the verge of significance. 
The wavelet coherence depicts cattle, wheat and cotton as the least correlated 
with crude oil; cotton might stand slightly above the others, as it is seemingly 
little bit more correlated. Nevertheless, all of these three commodities seem 
to be in such a relationship with crude oil, which would resemble an exem
plary relationship of two white noise series. The cases with corn and soybeans 
are different, since they attain significantly higher levels of correlation. Albeit 
neither of these are anywhere close to the relationships between the likes of 
crude oil and heating oil, we can clearly distinguish these two from the other 
three food commodities. Both commodities perform certain patterns, and we 
can say, that we are probably facing two relationships representing volatility 
spillovers. From the two, soybeans evince distinctively stronger correlations 
with crude oil than corn and we consider this pair to be the most correlated 
one, in terms of wavelet coherence. Yet again, the results of wavelet coherence 
correspond to the results obtained via the DCC-GARCH modeling, which prac
tically mirror the wavelets analysis. We have also performed the same analyses, 
while substituting crude oil by gasoline and heating oil. The results are very 
promising, since the overall correlations became slightly, but visibly stronger 
in comparison with crude oil, with heating oil performing better than gasoline,
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i.e. attaining higher correlations overall. We intepret this as a strong evidence 
in favor of the hypothesis of volatility spillovers, since we assume heating oil 
to be closer to the food commodities than crude oil, as it is the heating oil, 
which is actually used as the production factor of food commodities. Let us 
close this part by stating, that the intepretation of both the wavelet coherence 
plots and the DCC-GARCH models1 outputs is very difficult within this topic. 
Often are we mostly balancing on the verge of some kind of dependence, and 
distinguishing between real coefficients, significant due to the relationship of 
interest, and the others, which are significant just due to a chance, is almost 
impossible.

Finally, we outline two approaches, which could be possibly useful for fur
ther analysis, in our opinion. Both approaches would be rather demanding 
and difficult in their respective own ways. Firstly, the problematics of volatil
ity spillovers between food commodities and crude oil could be analyzed from 
the perspective of realized measures and high frequency data. With data of 
high enough quality, we could be able to observe the behaviour on the highest 
frequencies and potentially also uncover some, for now, hidden patterns etc. 
An exemplary method which could be utilized would be the one by Barunik & 
Vacha (2018), i.e. their co-jumps analysis. Secondly, we think that the whole 
topic could be also tackled from completely different angle; in particular one 
could gather empirical data on the food commodities production itself, in the 
closest possible detail. By such data, we mean practically all related financial 
data of the food commodities producers; i.e. their balance sheet etc. This way, 
we would not only be able to calculate the effects of crude price on the hnal 
food products, but we would also be able to compare and verify the acquired 
knowledge with the actual data from the market.
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Plots and tables

Figure A.l: Partial wavelet coherence - corn, wheat and soybeans

Corn & Soybeans (PWC DJCI) Corn & Wheat (PWC DJCI)

Soybeans & Wheat (PWC DJCI)
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Figure A.2: Wavelet coherence - Gasoline with corn, wheat and cattle

Gasoline & Corn Gasoline & Wheat

Gasoline & Cattle
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Figure A.3: Wavelet coherence - Heating oil with corn, wheat and 
cattle

Corn & Heating Oil Wheat & Heating Oil
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Figure A.4: Granger causality test (5 days average) - p-values

5 days Crude Ethanol Gasoline Cattle Corn Cotton Soybeans Wheat S&P 500 DJCI HO
Crude NA 0.43424 0.44952 0.64184 0.23204 0.01794 0.88810 0.07690 0.94192 0.36527 0.16918
Ethanol 0.21970 NA 0.26671 0.71576 0.81977 0.37300 0.90940 0.75924 0.65662 0.90201 0.40525
Gasoline 0.10522 0.89412 NA 0.45728 0.18683 0.06521 0.59692 0.33129 0.11436 0.70831 0.00377
Cattle 0.80771 0.49376 0.32132 NA 0.97682 0.10509 0.00569 0.60154 0.12481 0.69947 0.53460
Corn 0.07441 0.01054 0.49162 0.79705 NA 0.38898 0.17297 0.00088 0.64807 0.22802 0.28132
Cotton 0.10114 0.80551 0.28227 0.83288 0.05680 NA 0.22236 0.01718 0.56840 0.00541 0.61663
Soybeans 0.55438 0.03217 0.79888 0.42625 0.08317 0.63192 NA 0.04789 0.64911 0.44647 0.81454
Wheat 0.05494 0.53792 0.75333 0.43894 0.02268 0.00000 0.63192 NA 0.69040 0.06522 0.02786
S&P 500 0.53913 0.51320 0.56903 0.90323 0.61081 0.41674 0.06474 0.41163 NA 0.71721 0.32163
DJCI 0.77351 0.20196 0.31968 0.70677 0.04989 0.02121 0.99947 0.13776 0.97886 NA 0.75321
HO 0.06974 0.62807 0.04290 0.47183 0.13015 0.56664 0.54237 0.09453 0.75153 0.36434 NA

6 lags Crude Ethanol Gasoline Cattle Corn Cotton Soybeans Wheat S&P 500 DJCI HO
Crude NA 0.66276 0.10211 0.57718 0.56130 0.07468 0.46206 0.11679 0.85917 0.40630 0.28753
Ethanol 0.57355 NA 0.84564 0.11342 0.69918 0.49493 0.83701 0.70933 0.84637 0.74611 0.78360
Gasoline 0.04738 0.52381 NA 0.30408 0.29491 0.10026 0.74956 0.49202 0.55224 0.41405 0.01033
Cattle 0.60512 0.40842 0.58627 NA 0.97628 0.17986 0.04815 0.94533 0.33157 0.39020 0.87065
Corn 0.06427 0.11780 0.76085 0.80545 NA 0.38904 0.49779 0.00112 0.61318 0.16620 0.37905
Cotton 0.02759 0.54537 0.30337 0.58134 0.11660 NA 0.50104 0.08474 0.62257 0.12866 0.77036
Soybeans 0.06055 0.03993 0.57176 0.87457 0.09777 0.61764 NA 0.10919 0.48313 0.24563 0.04760
Wheat 0.04340 0.30971 0.65029 0.37749 0.70810 0.00104 0.49591 NA 0.87578 0.41561 0.12902
S&P 500 0.95272 0.75388 0.13586 0.43434 0.78381 0.51581 0.52826 0.51148 NA 0.82876 0.81596
DJCI 0.00873 0.55657 0.61706 0.52380 0.30229 0.36096 0.42927 0.14685 0.67531 NA 0.12008
HO 0.01254 0.96128 0.04110 0.67062 0.31791 0.47594 0.73995 0.06240 0.84981 0.59353 NA

lag# Crude Ethanol Gasoline Cattle Corn Cotton Soybeans Wheat S&P 500 DJCI HO
Crude NA 2 1 2 4 10 1 2 1 1 2
Ethanol 2 NA 2 2 7 5 2 2 2 2 2
Gasoline 1 2 NA 4 4 5 1 1 1 1 4
Cattle 2 2 4 NA 2 5 2 2 2 2 2
Corn 4 7 4 2 NA 10 8 11 1 7 4
Cotton 10 5 5 5 10 NA 1 11 1 23 5
Soybeans 1 2 1 2 8 1 NA 1 1 1 2
Wheat 2 2 1 2 11 11 1 NA 1 2 2
gold 1 2 1 2 7 10 1 1 1 1 2
S&P 500 1 2 1 2 1 1 1 1 NA 1 2
DJCI 1 2 1 2 7 23 1 2 1 NA 2
HO 2 2 4 2 4 5 2 2 2 2 NA
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Figure A.5: Granger causality test (22 days average) - p-values

22 days Crude Ethanol Gasoline Cattle Corn Cotton Soybeans Wheat S&P 500 DJCI HO
Crude NA 0.53196 0.46292 0.15965 0.89771 0.94796 0.29440 0.95136 0.27064 0.04369 0.98697
Ethanol 0.55179 NA 0.89458 0.34536 0.05142 0.82186 1.00000 0.09248 0.17962 0.00033 0.01029
Gasoline 0.68682 0.14747 NA 0.76019 0.66441 0.18613 0.42038 0.02997 1.00000 0.47299 0.84656
Cattle 0.35317 0.27675 0.04288 NA 0.13305 0.08017 0.39150 0.00366 0.51337 0.93996 0.80025
Corn 0.07503 0.62447 0.21500 0.29475 NA 0.84288 0.98946 0.33480 0.66486 0.81147 0.84631
Cotton 0.53419 0.00752 0.02901 0.37717 0.02313 NA 0.20147 0.86541 0.04572 0.57403 0.08857
Soybeans 0.94536 0.89679 0.47878 0.00097 0.97611 0.55714 NA 0.91961 0.95713 0.82890 0.67892
Wheat 0.01538 0.85788 0.59182 0.10706 0.60350 0.02608 0.55262 NA 0.94124 0.00339 0.50205
S&P 500 0.29615 0.00072 0.47624 0.99993 0.45279 0.12760 0.53677 0.06745 NA 0.24308 0.01007
DJCI 0.34187 0.00969 0.38285 0.99980 0.66140 0.67829 0.84811 0.74162 0.09004 NA 0.92850
HO 0.97959 0.25760 0.84799 0.38651 0.99815 0.59789 0.20442 0.99981 0.11219 0.96549 NA
12 lags Crude Ethanol Gasoline Cattle Corn Cotton Soybeans Wheat S&P 500 DJCI HO
Crude NA 0.02704 0.48392 0.11160 0.76246 0.38255 0.14068 0.10862 0.32989 0.97095 0.75798
Ethanol 0.88477 NA 0.22253 0.59843 0.87854 0.45516 0.06777 0.34568 0.82997 0.87439 0.93738
Gasoline 0.45382 0.00229 NA 0.13510 0.25567 0.30312 0.36841 0.09519 0.81305 0.81261 0.39346
Cattle 0.05643 0.59738 0.24407 NA 0.98268 0.49712 0.91769 0.49940 0.04002 0.63500 0.05232
Corn 0.96354 0.01333 0.91577 0.57723 NA 0.46586 0.25702 0.00022 0.71502 0.72852 0.91438
Cotton 0.86038 0.18631 0.58771 0.17501 0.01745 NA 0.59413 0.00286 0.33868 0.07401 0.27601
Soybeans 0.66512 0.00398 0.27207 0.88157 0.21589 0.23951 NA 0.11580 0.20960 0.12736 0.20882
Wheat 0.78600 0.00571 0.61221 0.63529 0.54704 0.02427 0.38177 NA 0.43753 0.06619 0.97391
S&P 500 0.67790 0.27043 0.45196 0.78351 0.61490 0.19007 0.41184 0.62651 NA 0.29720 0.83607
DJCI 0.92534 0.00036 0.19758 0.52954 0.39849 0.00499 0.02152 0.00255 0.88948 NA 0.71656
HO 0.79620 0.00002 0.01333 0.02151 0.69859 0.71079 0.11342 0.02820 0.71796 0.89837 NA
lag# Crude Ethanol Gasoline Cattle Corn Cotton Soybeans Wheat S&P 500 DJCI HO
Crude NA 30 30 30 30 30 30 30 30 30 30
Ethanol 30 NA 30 30 30 30 30 30 30 30 30
Gasoline 30 30 NA 30 30 30 30 30 30 30 30
Cattle 30 30 30 NA 30 30 30 30 30 30 30
Corn 30 30 30 30 NA 30 30 30 30 30 30
Cotton 30 30 30 30 30 NA 30 30 30 30 30
Soybeans 30 30 30 30 30 30 NA 29 30 30 30
Wheat 30 30 30 30 30 30 29 NA 30 30 30
gold 30 30 30 30 30 30 30 30 30 30 30
S&P 500 30 30 30 30 30 30 30 30 NA 30 30
DJCI 30 30 30 30 30 30 30 30 30 NA 30
HO 30 30 30 30 30 30 30 30 30 30 NA
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Figure A.6: Returns density - 2nd part
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Figure A.7: Returns density - 3rd part
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Figure A.8: DCC-GARCH Conditional Correlation averages - 1st Pe
riod

2009-2014 Crude | Gasoline HO | Ethanol (corn | Soybeans Wheat | Cattle | Cotton |s&P 500 | DJCI

Crude NA ■ 0.670 ■ 0.811 0.226 0.205 0.268 0.188 0.141 0.261 0.495 0.576
Gasoline 0.670 NA 1 0.748 1 0.223 0.194 0.216 0.211 0.124 0.194 0.375 0.447
HO 0.811 0.748 NA 0.210 0.190 0.288 0.204 0.108 0.236 0.436 0.531
Ethanol 0.226 0.223 0.210 NA | 0.603 0.440 0.534 0.126 0.154 0.152 0.416
Corn 0.205 0.194 0.190 1 0.603 NA | 0.597 0.655 I 0149 0.191 0.155 0.433
Soybeans 0.268 0.216 0.288 0.440 0.597 NA 0.510 0.137 0.214 0.206 0.493
Wheat 0.188 0.211 0.204 0.534 0.655 0.510 NA 0.117 0.216 0.173 0.452
Cattle 0.141 0.124 0.108 0.126 0.149 0.137 0.117 NA 0.075 0.150 0.187
Cotton 0.261 0.194 0.236 0.154 0.191 0.214 0.216 0.075 NA 0.254 0.305
S&P 500 0.495 0.375 0.436 0.152 0.155 0.206 0.173 0.150 0.254 NA 0.369
DJCI 0.576 0.447 0.531 0.416 0.433 0.493 0.452 0.187 0.305 0.369 NA

Figure A.9: DCC-GARCH Conditional Correlation averages - 2nd Pe
riod

2014-2016 Crude | Gasoline HO | Ethanol |corn | Soybeans Wheat | Cattle | Cotton |s&P 500 | DJCI

Crude NA | 0.685 0.729 1 0.180 0.137 0.185 0.052 0.180 0.170 0.241 1 0574
Gasoline 0.685 NA 1 0658 I 0144 0.117 0.128 0.030 0.062 0.158 0.207 0.456
HO 0.729 0.658 NA 0.154 0.132 0.193 0.029 0.157 0.182 0.242 0.550
Ethanol 0.180 0.144 0.154 NA 0.393 0.225 0.267 0.110 0.077 0.162 0.202
Corn 0.137 0.117 0.132 0.393 NA | 0.461 0.551 I 0090 0.108 0.095 0.409
Soybeans 0.185 0.128 0.193 0.225 0.461 NA 0.262 0.116 0.125 0.083 0.341
Wheat 0.052 0.030 0.029 0.267 0.551 0.262 M4 0.060 0.054 0.030 0.209
Cattle 0.180 0.062 0.157 0.110 0.090 0.116 0.060 NA 0.110 0.101 0.262
Cotton 0.170 0.158 0.182 0.077 0.108 0.125 0.054 0.110 NA 0.148 0.185
S&P 500 0.241 0.207 0.242 0.162 0.095 0.083 0.030 0.101 0.148 NA 0.230
DJCI 0.574 0.456 0.550 0.202 0.409 0.341 0.209 0.262 0.185 0.230 NA

Figure A. 10: DCC-GARCH Conditional Correlation averages - 3rd 
Period

2016-2018 Crude |Gasoline HO Ethanol |corn | Soybeans Wheat | Cattle | Cotton |s&P 500 DJCI

Crude NA | 0.583 ■ 0.879 I 0.240 0.157 0.154 0.123 0.016 0.154 0.253 1 0701
Gasoline 0.583 NA | 0.660 | 0.184 0.139 0.120 0.131 -0.043 0.081 0.165 0.482
HO 0.879 ( 0.660 NA 0.235 0.145 0.155 0.126 0.000 0.135 0.211 1 0679
Ethanol 0.240 0.184 0.235 NA 0.428 0.230 0.306 0.019 0.093 0.055 0.341
Corn 0.157 0.139 0.145 0.428 NA H 0.534 0.591 [ -° 095 0.204 0.124 0.381
Soybeans 0.154 0.120 0.155 0.230 0.534 NA 0.371 -0.039 0.131 0.115 0.453
Wheat 0.123 0.131 0.126 0.306 0.591 0.371 NA -0.059 0.125 0.126 0.332
Cattle 0.016 -0.043 0.000 0.019 -0.095 -0.039 -0.059 NA -0.036 0.044 0.029
Cotton 0.154 0.081 0.135 0.093 0.204 0.131 0.125 -0.036 NA 0.118 0.198
S&P 500 0.253 0.165 0.211 0.055 0.124 0.115 0.126 0.044 0.118 NA 0.232
DJCI 0.701 0.482 0.679 0.341 0.381 0.453 0.332 0.029 0.198 0.232 NA
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Figure A. 11: DCC-GARCH Conditional Correlation: Indices and 
crude oil

Crude oil & S&P 500
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Figure A. 12: DCC-GARCH Conditional Correlation: DJCI and food
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Figure A. 13: DCC-GARCH Conditional Correlation: DJCI and fuels
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