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1 Abstract 

Building on the increasing research of commodity futures markets this paper seeks to indentify the 

effect of the financialization of the commodity markets which took place in the late around the turn 

of the century. The focus of this paper specifically is the price behaviour of commodity markets, and 

as such how financialization has affected commodities correlation with financial assets as well as the 

price behaviour in a vacuum. To identify any change, the framework of this paper is based on an 

event study methodology, this allows for a comparative analysis of the results. From this the inter –

correlation of commodity futures markets, along with their correlation to other financial assets and 

inflation is calculated – using both Pearson and Spearman correlation figures. To model the price 

behaviour I adopt a non-parametric fractal dimension and Hurst exponent approach, conducting 

Monte-Carlo simulations of estimators to determine their precision and normality. Using both, Hall-

Wood, Variogram, Periodogram and R/S estimation technique, I find very little significant evidence 

that the persistence of price changes in commodities futures markets has changed using a simple 

student T-test. I do however find that most correlation parameters were positively statistically 

significant using the Fisher transform and Z-statistics on correlation parameters. By default the 

results obtained can attribute changes to the financialization event that may be attributed to 

something else happening during the same period. I conclude that there is not enough evidence of a 

financialization effect on the price change persistence in the studied sample. There does however 

seem to be a financialization effect on the correlation parameters and I cannot reject the null 

hypothesis of no effect. 
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2 Introduction 

In the period from around the turn of the century a dramatic increase in financial investments in 

commodity markets started. One of the striking findings is the substantial increase in open interest 

and trading volume in overall commodity markets since the beginning of the 2000’s until this day. 

Due to this substantial increase and the immense flow of corporate money to the commodity future 

markets, this period is usually coined the period of financialization of commodity markets. 

After the crash of the equity market in 2000 a shift started towards commodity futures. Commodity 

futures were seen as a natural hedge against undesirable price-movements of the stock market due 

to a primarily negative correlation (noted by Tang and Xiong (2012) and Irwin and Sanders (2012)). 

Already in the middle to late 1990’s articles were posted about the diversification benefits of 

commodity assets in portfolios like Satyanarayan and Varangis(1996) and Bodie and Rosansky(1980). 

At the same time, the transition from telephone to web-based trading platforms enabled a much 

broader markets access and as such increased the pool of potential market participants.  As a 

consequence of the advent of electronic trading platforms commodity futures markets saw a sharp 

decline in trading costs as noted by Irwin and Sanders(2012). With this broadened access the market 

participants was no longer comprised solely of producers and buyers of goods, but also most 

markedly, financial speculators.  Ushering in a new era for commodity futures markets 

Due to commodities prior negative to zero correlation with stocks and bonds, as well as being a 

natural protection against inflation, commodities became of much broader interest as an investment 

vehicle. This has been noted by several authors including; Tang and Xiong(2012), Irwin and 

Sanders(2012). With the heightened interest commodities became a investment vehicle as 

interesting as stocks and bonds. 

 With the creation of indices and the increasing money from investor in primarily index investments( 

Tang and Xiong(2012) came a lot more financial speculators. Several authors have attributed this to 

to have been one of the reasons for the exponential increase in trading volume and open interest in 

the 21st century, including Tang and Xiong(2012) and Irwin and Sanders(2012). 

With the financialization of commodity markets, the general futures markets on commodities thus 

became much more liquid, trading cost became lower, and analytical focus on price movements 

increased. Thus following the theory of efficient markets, the new post financialization futures 

markets would be more efficient relative to the time before the event. 
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Others have argued that the financialization of commodity futures markets has lead to an 

undesirable increase in prices, due to the trading and higher amount of money floating around in the 

markets. This has had some severe negative effects on commodity producing countries. The main 

argument being that the inflow of speculative money to the commodity future markets has 

generated a ‘false’ demand for the underlying commodities pushing the prices up. This argument is 

often supported by researchers showing an increase in volatility in newer time periods. 

There has been substantial literature analyzing the both commodity markets in general and the 

financialization effect on commodity markets. Yet to my knowledge no study has separated the 

commodity markets into distinct periods, and compares the price behaviours of the commodity 

before and after the event. This leads me to my research question. 

2.1 Research Question 

Inspired by this gap in the literature I construct an event study framework. Based on this framework, 

adopted from Campbell, Lo and Mackinlay (1997) I generate to distinct time series for each studied 

commodity and indices. I do this to test if the following hypothesise are true: 

1. Financialization have had no effect on commodities correlation with each other 

2. Financialization have had no effect on commodities correlation with  

a. Stocks 

b. Bonds 

c. Inflation 

3. Financialization have had no effect on commodities price behaviour as measured by 

persistence or anti-persistence 

Financialization is herein defined as a term that contains both the structural changes and market 

participant changes that occurred due to increased market access. It also pertains to the behaviour 

of this participant and how they with their actions affect the markets. It does not however relate to 

the technology changes themselves, only to the point that they facilitate structural changes of 

commodity futures markets. 
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3 Literature review 

There is extensive literature uncovering the properties of commodity futures, studying it from 

various angles. In this literature review I will discuss several papers, contrast and compare their 

analysis methods in order to identify how my thesis will add to the existing literature. The literature 

reviews body will be organized by separating the papers reviewed into sections discussing the 

simpler risk figures of commodities, and the more complex market efficiency analysis. 

Bodie and Rosansky(1980) measured simple risk and return figures on commodity futures for the 

period 1950-1976 showing an performance similar to the S&P500, with a better hedge against 

inflation and a more positively skewed return distribution. They showed that the minimum variance 

portfolio included both S&P500 and a portfolio of commodity futures, supporting the normal 

backwardation theory. Gorton and Rouwenhorst (2005) construct an Equally Weighted index of 

commodity futures ranging in time from 1959 to 2004 studying the simple properties, similarly to 

Bodie and Rosansky (1980) but with a much larger sample size. They also find that commodities are a 

good hedge against inflation. Both generally find a negative correlation between their commodity 

index and other asset classes. My thesis will add to their test of correlation in respect to hedging and 

diversification under Markowitch Portfolio Theory be testing how financnialization have affected 

commodities correlation with stocks, bonds and inflation. 

Using a VAR approach, Furlong and Ingenito(1995) analyses the empirical relationship between 

changes in commodity prices and inflation, by focusing solely on non-oil commodity prices as 

standalone indicators of inflation. Their results show a dramatic difference between the links, 

depending on the time, measuring from 1947-1995. their results suggest that the financialization 

may also have had a great and noticeable effect on the correlation link to inflation.  Even though 

Furlong and Ingenito(1995) published their paper well before the term financialization of commodity 

markets, their results indicate a spurious time related relationship between commodity returns and 

inflation rate. Their results support those of Gorton and Rouwenhorst (2005) and are in line with 

what Bodie and Rosansky (1980) found earlier, which makes sense because their time series overlap 

quite a bit. 

Eder, Heumesser and Staritz(2016) examine if financialization has affected the volatility of the 

commodity prices using a multivariate VAR model. They find in their model, that while index 

investors do not affect prices, money managers net long positions have a larger effect on commodity 
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prices. Their data only ranges from 2006-2012. As such their analysis does not compare if this was 

true before the financialization, which I will show has happened around the turn of the century.  

In the literature several papers have also been dedicated solely to market efficiency test of 

commodity markets. Tang and Xiong (2012) model the index flow (the inflow of index investment) 

against the excess return index on several indices. They find a big relationship between in and 

outflow of index investment funds and excess return. However this study along with others which 

have found similar results of inefficiencies suffer from the fact that the in and outflow was not 

described to be predictable and as such the relationship may be irrelevant as noted by Irwin and 

Sanders (2012). In their study they find no evidence that index investment has caused any bubble in 

commodity future prices, and find no predictable realtion. Brunetti and Buyusahin(2009) using 

different Granger causality test cannot find a relationship between swap dealers positions and price 

changes. Irwin and Sanders (2012) agree that the increase trading volume is an indicator of increased 

uncertainty, though they do not say if investors are the cause of this uncertainty. As such there is 

mixed results when it comes to predicting the returns on commodity futures.  From papers focusing 

solely on market efficiency rather than predictability one also finds distinct disconcordance of 

studies. 

A study that is very similar in methodology to the study I do was constructed by Kristoufek and 

Vosvrda(2013), they measure market efficiency using fractal dimension, hurst exponent and 

approximate entropy measures to calculate their own created efficiency index and rank the different 

commodities depending their efficiency, the also show that although theoretically true, in practical 

terms, the relationship between fractal dimension and hurst as D = 2-H is not true. They conduct 

their research on a period from 2000 to 2013 which to some degree can be said to encompass the 

financialization of commodity markets. Their results will serve a good comparison in discussion 

session as their methodology is also similar. 

A study which uses a very different method, Charles and Olivier(2009) conduct market efficiency test 

on the crude oil markets on a time series from 1982-2008 using different variance ratio tests. They 

separate the test into different sub periods. As such one can say that the overall setup of their 

analysis is very similar to mine, as they conduct a comparative study on the market efficiency in 

different sub periods. They find that in the period 1994-2008 which encompasses the event window 

of my study, the crude oil markets are in-efficient. They find that WTI is less efficient than brent 

crude. Since their study is limited to only two commodities the results obtained can hardly be 
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extrapolated to other commodities, especially since the commodities analyzed have always been 

traded extensively when compared to all other commodities.  

Wang and Liu(2010) study only one commodity using the Detrendend Fluctation analysis method, 

which somewhat resemble the hurst exponent calculation of this paper. They extend on the work of 

Tabak and Cajueiro(2007) and they find that the small fluctuation of WTI were persistent, but the 

large fluctuation were instable.  But they also find that the market evolution is sporadic and not 

persistent. As such changes in market efficiency seems more random than forward-moving. It seems 

then that the difference may be due to estimation error rather than actual changes. As I will show in 

this thesis, all the estimators, as they are algorithms have errors even for known Hurst or Fractal 

Dimensions. 

In their methodology focused paper Gneiting et. Al (2007) assess the quality of different fractal 

dimension estimators, using monte carlo simulations. The find that one cannot rely solely on one 

estimator of fractal dimension when analyzing real world data. They also find that errors, might not 

necessarily be predictable which is why they recommend using several estimators, although they find 

that some estimators are better than others when analyzing different time series. As the estimation 

problem will arise in the study of daily financial data, using the propostion of Gneiting et. Al(2007)  

will use several fractal dimension estimators and perform monte carlo simulation of these 

estimators. Using the monte carlo approach also gives the opportunity to perform comparative T-

test’s assuming normality of the estimations. 

From the results obtained from Gneiting et. Al (2007) it is quite clear that with the methods 

employed by studies such as Wang and Liu(2010) have very little power, since they only use one 

method of efficiency test, which have been showed by Gneiting et. Al (2007), using the Monte-Carlo 

analysis, to be flawed even for well known Hurst exponents. 

In this literature review I hope to have shown the reader, that while there have been extensive 

research on commodities in different time periods, they have either been lacking in sample size, time 

period length or the amount of methods used to construct their analysis, in order to be fully 

exploring the financialization effect. Using an event methodology as overhead, and a time period 

from 1980-2016 and a sample size of 24 commodities, I will conduct both correlation analysis similar 

to Gorton and Rouwenhorst (2005) and Boide and Rosansky(1980). By extending the time period and 

dividing it with the event this allows me to do a comparative analysis which I can perform T-test on 

to determine significance of change. I will conduct a similar market efficiency framework as 
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Kristoufek and Vosvrda(2013) in that I will use both fractal dimension and hurst exponent estimators 

to give me several market efficiency estimates to use in comparison. However unlike Kristoufek and 

Vosvrd (2013) who have invented the efficiency index for measure of efficiency, I will use the T-test 

methodology as I believe it gives a better picture of the difference in price behaviour, be it persistent 

or anti-persistent. 

By performing Monte-Carlo simulation as proposed in the methodology paper of Gneiting et. 

Al(2007) I can extend the comparative analysis and generate results with more power than exhibited 

in either of the previously mentioned papers in this literature review. As such the results found in 

this paper will add to previous academic research and event study with a better measure of the 

changes caused by the financialization of commodity markets.  
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4 Event study methodology 

In this section I will discuss the event study methodology and its applicability to problem statement 

as well as the changes I have made to the originally intended use of the methodology. The event 

study analysis is the umbrella of which the rest of the analysis will be constructed, in the sense that 

the study will have the characteristics of an event study, but will not use that same test as usual. 

In the usual setting event study analysis is to determine if a given event affected the returns on a 

financial asset. However, while I still think this is an even study in the sense that one can characterize 

the financialization of commodity markets as an event, it is however not an event that only affects 

the commodity markets over a short period. Despite this difference this thesis will work with the 

same steps found in Campbell, Lo and Mackinlay (1997) which I will go through step by step.  

This methodology should be viewed as the all encompassing outline of the entire thesis, and as such 

it provides the framework and limitations. It is not however, a method of which I will calculate my 

results. 

4.1.1 Event Definition 

The main reason to use the event study methodology’s framework is the ability to do a comparative 

analysis, separating parts of the same time series into pieces and comparing and contrasting in order 

to determine if this examined event have had any significant impact on the behaviour of the time 

series. Therefore a strict definition of the event, in this case the ‘Financialization of commodity 

markets’ is necessary. While Campbell, Lo and Mackinlay (1997) use earnings-announcement’s as an 

example of an event and noting this is a singular day, often represented only by a daily price in a time 

series. They extend their event window a bit on each side of the proposed event in order to account 

for price effects captured after closing. In the same vein it is necessary to include a period of slack on 

either side of the ‘event’, but as the event studied in this thesis is of bigger magnitude and a longer 

process than an earnings-announcement, a much bigger event window is needed to be sure to 

capture the effects. 

4.1.2 Selection Criteria 

Once the time and place of the event has been identified the inclusion of data to be studied is 

necessary. This is the part where one determines which firms, commodities or the like to include in 

the study. This selection criteria is often based on data availability or size restrictions on firms, i.e. 

only S&P 500 firms etc.  
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In most cases this is self explanatory and I will delve into this specific part of the framework in the 

data section 11. 

4.1.3 Determine the criteria for abnormality 

According to Campbell, Lo and Mackinlay (1997) to determine if an event has had an impact on the 

return composition of the studied commodity markets, we need to obtain a measure of normality. 

This is true of one only examines the events effect on returns. However, I am not as much interested 

in returns abnormality of normality but rather abnormality, in relation to the price and returns 

behaviour prior to the event and post event. As well as the correlation between the commodities 

intra and against stocks and bonds. Therefore it is crucial to include test, like the T-test in order to 

compare the post event behaviour to that of the ‘normal’ behaviour pre event. This way abnormality 

in the sense of Campbell, Lo and Mackinlay (1997) is found if the behaviour or correlation is 

statistically significantly different. 

4.1.4 Estimation procedure 

After the establishment of the event window, one needs to determine the act of normality. In the 

study outlined in this thesis, it is quite simple. The normal behaviour of prices in the different 

commodities is the behaviour prior to the event window which is also suggested by Campbell, Lo and 

Mackinlay (1997). 

4.1.5 Testing procedure 

This is where my analysis deviate the most from Campbell, Lo and Mackinlay (1997), they proposed a 

model of estimating cumulative average returns and comparing them. Which is a good method when 

one has a single event and only want to study the returns. But as mentioned earlier the possibility of 

the returns being higher or lower in the period after the ‘event’ is of little interest, as this has nothing 

to do with either correlation or market efficiency. With such a large event period, there is a good 

probability that some commodities will outperform or underperform their pre event returns. This 

however is not necessarily related to the financialization of commodities, but is likely to be just a part 

of the cycle of returns that are non constant. As such other methods are needed, which will be 

discussed in the methodology section of this paper. 

4.1.6 Empirical results, Interpretation and Conclusion 

I have chosen to combine the explanation of the last two points. These are very obvious and relates 

not only to the framework of an event study analysis but indeed all empirical studies. They are 
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paramount and should not be taken lightly. For the results too have any merit requires a strict 

methodological approach, with an objective view of the tests limitations 

4.1.7 Potential biases of the event study framework 

As Campbell, Lo and Mackinlay (1997) says there are a number of potential biases in an event study. 

In their discussion however they focus primarily on the biases in relation to the estimation of normal 

and abnormal returns as well as the calculation of cumulative abnormal returns. What they do not 

touch upon is the possibility of the returns and behaviour of a securities price being affected by 

something that is not the ‘event’ but nonetheless happen at the same of approximately same time as 

the event window. This is perhaps of minor importance in small event windows as Campbell, Lo and 

Mackinlay (1997) work with, but it is distinctly possible that this bias can lead to problems when a 

change in a time series is attributed to the event which was indeed not related to it at all. This is a 

bias that is unavoidable in these kind of studies as it would entail knowing all information that could 

possibly affect the price of a commodity, rendering the event study itself useless. This bias is 

something I will touch upon in the discussion and it is definitely a problem that is hard to cope with 

given the big event window being used in this thesis. 

 

5 Determining the Event Period 

In this section I will give a description of the evolution of trading in commodity markets, as 

financialization and structural changes have changed the overall trading volume and open interest in 

the futures markets.    From this I will choose the period of my event and the window for which it 

pertains. This allows me to embark on a variation of an event study with comparative results of 

similar analysis. 

As mentioned in the introduction, there has been a shift in how commodities used to be traded to 

how they are traded now. In particular this has happened in the past 20 years, going from phone 

based trading to algorithmic trading in the present. One of the biggest structural changes came with 

the advent of telephones and internet trading as noted by Irwin and Sanders (2012). In fact, in the 

middle to late 1990’s most commodity markets, moved on to electronic trading platforms. The 

Chicago Board of Trade introduced electronic trading already back in 1987 to be a “’low-impact’ 
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means of providing after-hours market coverage”1  and in 1997 the Monthly globex volume exceeded 

100,000 for the first time. In 2000 they trading with open access and in 2002 the average daily 

volume exceeded 1,000,000! It is thus clear that something happened in the period that could 

potentially have an impact on the behaviour of commodity prices. However, a time period ranged 

from 1987 from when they rolled it in, to 2002 is a bit to much of an event window, and since the 

Chicago Board of trade does not trade all commodities, it would be careless to go solely on their 

numbers.  

As one can clearly see since the introduction of electronic trading, trades have increased 

exponentially, as such, a good barometer of financialization lies with avg trading volume. Using the 

commodities in my sample and an equally weighted approach I have constructed an index and taken 

the average of all their average monthly trading volumes. The same has been done for open interest. 

This way I can better determine a cutoff for my event window and coupling this with the historical 

knowledge will lead to a more qualified decision on the window.  

 

Figure 1 Graph depicting the Avg. Monthly Trading Volume and the Avg. Monthly Open Interest of the average over all 
included commodities traded in each 1 year period. The Axis on the left is for the Trading Volume and the Axis on the 
right is the Open Interest. 

In the period from 1978 – 1999 the average monthly volume in each year was somewhat constant, 

then starting around 2000 something happened and since then the increase in trading volume seem 

to only go up. While it still has periods where the trading drops a bit, the trend is clearly very much in 

the upward direction. If one studies the below graph in the same time periods but for the Open 

Interest, a similar picture presents itself. However, as opposed to the trading volume it seems that 
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open interest increases not only from 2000-2015, but also had a level change from 1991-1994, that 

does not seem to be matched by the trading volume increase in the same period.  

The overall picture however suggests that in most periods the relative proportion of Open Interest to 

Trading Volume has remained somewhat similar. We can thus see that the structural changes of the 

commodity markets has significantly increased the amount of trading, and consequently increased 

the amount of open interest in the market at all times.  This is true of the commodity markets as an 

overall entity, however, these structural changes can have been focused on commodities of special 

importance, such as crude oil, while lesser used commodities, like Palladium might have felt the 

financialization in a lesser amount. 

While trading volume and open interest in itself is not a clear indication that market depth has 

increased, they provide the researcher with a reliable proxy. The reason for this is that if trading 

volume is high it is likely that there are also a high amount of market participants. A very high market 

depth is crucial to the EMH, as it requires that no single trader can influence the price of a security 

(or in this case commodity) as a whole. If on the other hand there is little trading happening this 

would suggest that a single order will impact prices in a much larger degree.  

From this it is evident that something changed dramatically in relation to the trading activity and 

view of commodities as investment vehicles around the turn of the century. In order to be certain 

that the event is captured in the event window – to allow for a comparative analysis that is as clear 

as possible, I have elected to make the event window run from 01-01-1999 to 01-01-2002. This 

produces an event window of 3 years that encompasses both sides of the turn of the century.  The 

primary reason for this window is that it allows for a delay in the technological advantage of trading 

platforms as well as a delay in investors’ interest in commodities as an asset class on par with stocks 

and bonds. With the amount of data available choosing a large window as the event is a luxury that 

should be taken advantage of since it allows us to fully determine if the financial investors and other 

market participants and analyst coverage indeed will have increased the efficiency of the commodity 

markets. While it gives a more contrasting post and pre event window, the larger the event window 

the larger the potential of misinterpreting other events as being part of the financialization event. As 

such the definition of financialization needs to be kept in mind as to keep the interpretation of the 

results as good as possible. 
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6 Commodity Markets introduction 

In this section of the paper, I will provide a brief overview of commodity markets and their 

characteristics. This will serve as further motivation of especially the correlation tests. 

Commodity markets are divided into different groups depending on their likeness to each other. 

There are both general groups and subgroups. The most general groups are agriculture, metals and 

energy and other. Each of these groups is then divided further. The graph below shows an outline of 

the different groups and subgroups. 

 

Figure 2 Commodity Class Group and subgroup divison 

How one refers to these groups and subgroups can be a little different, but I will follow the 

terminology above. For agriculture and metals, the light blue squares represent commodities I have 

in my dataset, and for energy and other, Crude Oil, Natural Gas and Rubber are in the sample 

whereas the commodities in parentheses are out of sample, for reason I will discuss further in the 

data section 11.2.1. 

If we look at the different groups starting from the left; Agriculture is an extremely heterogeneous 

group, ranging from cattle to frozen orange juice. Of the commodities in the commodity markets, 

there are the oldest traded commodities and also the most seasonally affected. An unexpected 

drought or substantial rainfall can ruin crops, affecting Softs and Grains directly, and since Livestock 

feed on Grains, this will indirectly affect the price of Livestock as well. Therein lays the idea of the 

groupings. In general one would expect that each group is more correlated internally. The correlation 

Commodity 
markets 

Agriculture 

Softs 

Cocoa 

Coffee C 

Sugar #11 

Frozen 
Orange Juice 

Grains 

Corn 

Wheat 

Soybeans 

Oats 

Rough Rice 

Livestock 

Live Cattle 

Feeder Cattle 

Metals 

Precious 

Gold 

Silver 

Platinum 

Industrial 

Copper 

Lead 

Zink 

Aluminum 

Nickel 

Energy 

Crude oil and 
natural gas 

(Electricity) 

(Coal) 

(Nuclear) 

other 

Rubber 



 18 

between Oats and Wheat will be expected to be higher than the correlation between Oats and Zink, 

simply because there vastly different factors affecting each commodity production and demand. As 

such it should be expected that each subgroup of agriculture is also more correlated in the subgroups 

than outside. This goes for all subgroups. An interesting study of the metals is the distinction 

between precious and industrial. Very early on in finance student are taught that Gold especially is a 

great hedge against market failure and falling stock prices, as could Silver and Platinum be. But this is 

not the case for the industrial metals either due to cultural norms or their relative rareness. However 

it could be argued that in the 20th century with the advent of computers and other similar devices the 

precious metals have become increasingly more important in industrial settings, which may blur the 

line between precious and industrial metals. 

Energy is an interesting commodity as it’s component are often a target of highly political interest, oil 

prices are even a general concern of common people, who can “track” the prices of oil every time the 

buy gasoline. While the consumer basket generally contains more agriculture commodities, it is often 

energy commodities that run with the headlines, and they are also quite comfortably the most 

traded commodities of all.  

Other is an interesting group, that contains commodities that cannot be readily classified under the 3 

other groups. I have only one commodity from this group, Rubber, which is interesting since it is 

traded meagrely compared to most of the other commodities. One may argue that Rubber should be 

part of agricultural since it is derived from trees, but as of now it belongs to the group, other. I will 

now discuss the characteristics of commodity markets. 

 

6.1 Characteristics of commodity markets 

Commodities and as a consequence commodity markets, differ in many respect from stock and bond 

markets. The most obvious difference is that commodities are real assets that are tangible and 

consumable. Unlike stocks and bonds of which prices should theoretically be determined by their 

expected payoff, i.e. coupon size and dividends, the price of a commodity is at any given time given 

only by supply and demand. As noted by Heiden (2006) this relationship is not straightforward since 

both production and consumption are price driving but at the same time they are also price driven. 

An example from newer times is the fall of oil prices leading the lower investments in oil drilling field 

since the cost of production could no longer be justified by the potential reward due to the low oil 

prices. With the lowering of oil prices, people would substitute similar commodities such as natural 
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gas to oil driven approach as this was now the most profitable. As such demand is not purely price 

dependant as is the case with stocks and bonds. 

Another major difference is that unlike the financial assets which are all homogenous, i.e. a stock in 

Apple is a stock in Apple no matter who you got it from and when. On the other hand buying a 

commodity means that one is buying an actual amount a commodity, with all the differences in 

quality that it might include. As such each commodity have difference in their quality and are 

denoted differently. We need not look further than Sugar no.11 which is called so because it fulfils 

different standards, sugar that does not fulfil this standard cannot be sold under this name. 

Therefore each commodity will have different versions of the same commodity due to quality 

restrictions.  

Unlike stocks and bonds, commodities storage needs are far greater, as such this provides a great risk 

for the financial investor who only seeks exposure to commodities but do not wish to actually own 

them physically. There are also differences of storageability between commodities, where metals are 

easily storable, agriculture commodities will waste and electricity is often referred to as non-storable 

all together. These differences will lead to very different risk factors. Some commodities are needed 

to produce other commodities, livestock feed on grains commodities, oil is needed to generate 

energy for metals production etc. This all lead to an intricate correlation structure. All these 

characteristics lead to a complication in trading of commodities. In fact, trading in commodities is 

primarily done using commodity futures, where the position is almost always closed before delivery. 

This leads us to the development of the futures market of commodities. 

 

6.2 Commodity Futures  

Commodity futures are the oldest recorded traded futures of any kind. Some say they date back a 

thousand years to Japan, which also has the earliest recognized futures exchange, dating to 1710, the 

Dojima Rice Exchange. In the west the earliest official commodity trading exchange is the very well 

known Chicago Board of Trade, which was formed in 1848. The purpose of these exchanges has been 

the same almost through their entire history, and only recently, with the advent of financial investor 

has participants changed. Were it used to be a place where producers and consumers of 

commodities could hedge their respective risk and determine prices ahead of time, financial 

investors looking to get lucrative returns and diversification benefits have changed the game. 
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6.2.1 Commodity futures prices 

The theoretical price of a futures contract is related to the spot price of the underlying commodity. 

The most commonly used pricing method is also the simplest, for a continuous time compounding 

we have: 

                      

Where    is the spot price of the commodity,    is the risk free rate,   is the storage cost as a % of the 

commodities price, and   is the convenience yield,     is the time until maturity of the contract, 

where   is the date of contract and   is the current date. As one can clearly see the price of the 

futures contract will slowly get closer the spot price and when       they are exactly equal. The 

difference between the futures contract and the spot price is called the basis. If the price of the 

future is higher than the expected future spot price this is called contango, this implies that the 

future price must fall over time as to converge to the spot price. The reverse situation, i.e. were the 

expected spot price is higher the futures price is called normal backwardation, and is good for 

investors going long. The changes in this is what generates the return for investors, as normal 

backwardation is ‘normal’ this refers to the risk-premium that one receives for buying a future and 

taking the risk away from the hedgers. This is very similar to the stock market in this sense. One of 

the most commonly used ways of investing in commodity futures is through index investments, 

which rolls the futures continuously in order to keep the same amount of exposure to a given 

commodity. 

6.2.2 Commodities relation to inflation 

Commodity price changes have often been associated with changes in inflation. And have been cited 

by several authors as a reliable inflation hedge(Furlong and Ingenito(1995), Bodie and 

Rosansky(1980), Heiden (2006), Sataynarayan and Varngis(1996)). There are several reasons for this 

as I will outline in this section. As noted by Furlong and Ingenito(1995) the link occurs through 

different channels. One of the strongest arguments for the link is that commodity prices are the asset 

class that respond the quickest to economy wide shocks on the demand side. Therefore movement 

in commodity prices would be positively correlated to movements in the CPI. Since commodities in 

general is a big component of CPI and inflation is the monthly rate of change of the CPI some 

correlation will be present. In fact, as one will see in the data section 11.2.1, a commodity is a full 

36,856% of the US CPI All Urban/All Items in 2013-2014. As such a big part of the index commodities 

will inevitably affect the inflation rate. But the relation is not straightforward, as the 

interdependence of some commodities will pull the inflation rate in different directions, and any 
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idiosyncratic shock to a commodity, will ripple through to all other dependent commodities if the 

shock is lasting long enough. If the inter-dependence of commodities become more positive 

throughout, one can expect that the relationship between commodity prices and inflation to 

increase, however it is not that simple. An earthquake or other weather related incidents could ruin 

agricultural commodities and push up prices, but if this is not reflected in the final goods – assuming 

here companies might absorb some of the shock to keep costumers – then it does not hit the 

consumer and therefore affect the CPI in a lesser degree than would be expected. The relationship 

between commodities and inflation is difficult to fully understand and there have been several 

models devised to do just that. However, for the purpose of this thesis, modelling their relationship 

in detail is of less importance, rather I seek to analyze a commodity investment as an insurance 

against inflation, from a Markowitch portfolio theory perspective. From this same perspective, I will 

discuss commodities as an investment. 

6.2.3 Commodities as an investment 

The main reason commodities became attractive as an investment vehicle, was due to the fact that 

commodities historically was a hedge against inflation due to its strong link as described earlier. 

Another reason, which is at least as important, was that commodities historically have had very low 

correlation with stocks and bonds. This makes commodities a perfect investment vehicle for the 

investor trying to diversify and spread his or her risks. Predominantly investment in commodities is 

done through index funds, most of which are so called “passive” index funds like the S&P GSCI 

Commodity Index which means that the balancing is based not on perceived performance but on 

specific rules. Tang and Xiong (2012) analyzed index investment in regards to the financialization of 

commodities, and found that the index investment affected the correlation between commodity 

futures and other financial assets. They also found that these index funds became increasingly 

popular in the late 1990’s and was one of the main drivers of the financialization trading. It is 

therefore of great interest to determine if the financialization of commodity futures markets, have 

worsened the diversification benefits of commodities in relation to investments in standard financial 

assets. 
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7 Correlation Methodology 

In this section of the thesis I will go through different correlation measures, why I chose them 

specifically and what they can bring to the table in relation to the comparative analysis. This section 

serves to describe the methods that I will use to answer hypothesis 1 and 2.  

7.1 Pearson’s r correlation 

When people talk about correlation in the statistical sense they usually refer to Pearsons’ r 

correlation. This is because it is simple and easy to understand. The correlation is simply the linear 

relationship between two variables. Thus if the correlation is positive then under all circumstances if 

one goes up it is expected that the other variable will increase as well. Pearson’s r correlation is given 

by the following formula: 

             
        

    
 

                 

    
 

As with many statistical measures however, the Pearson’s r correlation is not robust, and is very 

sensitive to extreme outliers. Given that this measure only gives an indication of linear relationship it 

seems unwise to lets this stand alone. As such, extending the correlation calculations to also include 

another parameter, namely Spearman’s Rank correlation seems warranted. 

7.2 Spearman’s Rank Correlation 

Unlike the linear relationship between variables assumed by the Pearson’s r correlation Spearman’s 

rank correlation determines how well the two variables in question can be described using a 

monotonic function. The reason that it follows a monotonic function is that by construction, 

Spearman’s rank correlation rank each pair of observations in ascender order and then calculates the 

sample correlation based on these ranks. The calculation of the rank is different depending on if two 

observations have a similar rank or not. If one has no tied ranks the calculation is: 

            
    

 

       
 

Where di is the difference in the paired ranks, i.e. the ranks of the two compared time series at the same time. 

If one does however have tied ranks in each time series the calculation is different: 
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Where i=paired score. The likely method for calculation will be the formula used when ranks are tied, 

as it is likely that a single time series will have as a minimum two days with zero return, but likely 

each time series will have several coincidences of tied ranks. 

Another common method of calculating rank correlation is using Kendall’s Tau, while it is very similar 

in thought to Spearman’s rank correlation, because it too is a rank correlation measure I chose to go 

with Spearman’s rank over Kendall’s Tau. The primary reason for this is that Spearman’s rank 

correlation is more sensitive to extreme rank difference between the measured series. As such, from 

a pure investment and hedging perspective a large change in Spearman’s rank towards zero will 

provide one with an indication that the tail dependence and hedging capabilities in big events have 

worsened.  

 

7.3 Confidence interval of correlation 

Since this is setup as a comparative event study, we will obviously compare the inter-correlation of 

commodities before and after the determined financialization period. In order to do this, it is simply 

not enough to only compare directly, as this could lead to conclusion that are to definite. 

Using confidence intervals as with mean calculation and parameter estimation one is able within a 

much larger degree of confidence to determine the actual difference between two estimates, even if 

the length of time studied may differ.  

However, unlike mean and parameter estimations, the correlation coefficient, be it pearson of 

spearmans are bounded in [-1;1], as such the distribution of r is non symmetrical. An example; 

assuming that r=0.9 it is thus clear that while the population correlation could be a lot lower it could 

only be a little smaller, as such, the correlation coefficients are non normal especially when the 

correlation is strong.  

To counteract this problem, one needs to employ the Fisher transform. This transform the 

correlation estimate, r, into a normally distributed estimate, z. Using this transformation one can 

therefore calculate a distinct confidence interval using the standard normal distribution for variable 

z.  Fisher transformation therefore allows one to avoid the pitfalls of the non normal correlation 

parameter with an unknown standard error into the comfortable normally distributed, z, with a 

distinct known standard error. 

The transformation is done using this formula: 
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Here r, is the estimated correlation of the population correlation   with a standard error of: 

   
 

    
 

Where N is the sample size. The transformation is also known as arctanh, or the inverse hyperbolic 

tangent function and can be found in most mathematical programs.  From the calculation of Fisher’s 

Z one can see that the Z score can take values above and below [-1,1]  unlike Spearman and 

Pearson’s correlation coefficient. Another great thing about this method is that it works for both 

Pearson’s r and Spearman’s rank correlation coefficient. 

Since I am testing if the two correlation coefficients, post and pre event are the same, I can use the 

Fisher transformations Z score and known standard error to my advantage and perform a very simple 

hypothesis test: 

        
          

   
           

  

If the Z-test score exceeds the normally distributed 95% critical value (which is the most commonly 

used critical value) I will state that they are significantly different. The 95% critical values of Z is 

      

With this method one can determine if the confidence intervals overlap and if so, this suggest that 

there are no difference between the correlation prior to or after the event. If not we found a 

plausible change of correlation due to the financialization and structural changes in commodity 

markets.  
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8 Efficient Market Hypothesis and the Random Walk 

In this section of the thesis I seek to provide the reader with the intuition behind my choice of 

methodology. I do this by a discussion of the theory of efficient markets leading to the Brownian 

motion and its relation to both the Hurst exponent and fractals.  

Generally there can be two ways of understanding efficient market based on either Fama(1965) and 

Saumelson’s (1965) differing definitions. Fama(1965) referred to an efficient market as following a 

random walk and Samuelson(1965) used a martingale.  The definition of Fama(1965) is more 

restrictive, given that a random walk is an example of a martingale, yet all martingales are not 

random walk.  I will use the  definition of Fama(1965) since its restrictiveness give also yields a more 

concise  definition. Yet the random walk is not the same as an efficient market, rather the random 

walk of prices is a symptom of an efficient market. In other words, when a market is efficient then 

the prices will move according to a random walk. 

In his works on the Efficient Market Hypothesis (EMH) Fama described different cases of market 

efficiency, weak, semi-strong and strong form efficiency. The random walk is an implication of strong 

form efficiency, and when referencing EMH this is implying the strong form efficient market. I will not 

go into the detail of weak and semi-strong efficiencies, but simply put for weak form efficient 

market, fundamental analysis will provide excess returns as prices adjust slowly. For semi-strong 

form efficient markets, prices reflect only publicly available information, and insider trading is still 

profitable. For strong form efficient markets, prices reflect all information, be it public or private and 

as such, prices will only change if completely new information arises, as such the prices changes are 

random and unpredictable (random walk).  

With the increased market access to commodity markets comes with it increased trading, as shown 

in section 6 and in section 5 that with increased trading comes higher liquidity.  One of the main 

assumptions of the EMH is that one can trade freely and cannot affect prices by ones trade, i.e. the 

amount of trading one does is so small relative to total trading that a single trade will not affect 

prices. If one could affect prices by trading and be a price mover, then the price behaviour would not 

be random. This is one of the main arguments for the financialization having increased the market 

efficiency of commodity markets.  If one is to believe the EMH argument, then there should be a 

distinct difference between the market efficiency before and after the event window. This is best 

detected by the predictability of the time series; therefore one must need to measure if the prices 

follow more closely a random walk before or after the event. The random walk is oftentimes 
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substituted in name with the Brownian motion or Wiener process, the latter being the model 

described the former. They are often used intermittently as I will do so depending on circumstance. 

 

8.1 Random Walk to Brownian motion 

Named after Robert Brown, the Brownian motion or as it is often referred to, the random walk 

process was constructed to model the behaviour of microscopic pollen.  Since its conception back in 

1828 it has found much wider practical use, and is the corner stone of the efficient market 

hypothesis price behaviour thinking. For a price process to follow a Brownian motion it does not 

require the price at one time to be independent of the price at another time, rather it requires the 

incremental change to be independent of the price changes in another time, i.e. that the returns of a 

security should be independent of each other having Gaussian Increments.  As such one cannot 

predict the next change in price as it is independent and random with zero mean. This is a necessary 

condition for the efficient market hypothesis and is therefore of vital importance, since a violation of 

this price change behaviour suggesting that the efficient market hypothesis does not hold. Knowing 

the behaviour of Brownian motion will therefore be vital in determining the best methodology.  

8.1.1 Brownian motion 

This section will borrow on the work “Fractals” by Jens Feder (1988), and some similarities 

will be unavoidable. First I will give a brief definition of Brownian motion. The Brownian 

motion is a standard stochastic Wiener process            with the following 

properties: 

1.      

2. With the probability 1, the function t-   is continuous in t. 

3. The process is stationary with independent increments. 

4. The increment                     

Beyond the normal distribution there is a close connection between the Brownian motion 

and random walks, in fact the Brownian motion works as a limit to the random walk. The law 

of iterated logarithm describes the magnitude of the fluctuation of a random walk. The law 

implies that for a Brownian motion Wt then almost surely: 
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Both denoting the upper and lower asymptotic envelopes of the random walk e.g. limiting 

the value of the random walk to a certain interval. Following the properties, knowing now 

how the Brownian motion works within an asymptotic limit the behaviour of the Wiener 

process in relation to changes in time is denoted as follows: 

         

Where         . 

Following Einstein’s Theory one can uncover some other interesting relations of the Brownian 

motion, If we describe the step-length by a Gaussian(normal) probability distribution we dimensions 

N=1 like so: 

       
 

       
 

  
  

   
 
 

Where D, is the Einstein diffusion coefficient, tau is the time-step, and xi is the step length in either 

direction of the process and   is a one dimensional random variable. From this Einstein calculated 

the first and second moment. The first was seen to disappear but then second moment; the mean 

squared jump distance was found to be as follows: 

              

 

  

       

To obtain a normalized version of the Gaussian random process described above we can replace   

with        this allows for   to have mean of zero and variance of 1.  

Using this probability distribution, see then that a time step increase of length,  , will have a 

probability distribution as the sum of the probability distribution for each jump in the time step. As 

such each incremental step-length must add to the total step-length. Avoiding any tedious algebra I 

will go straight to the conclusion on this point, as the reader very well now, the sum of two random 

normal distributions is still normally distributed. Thus by increasing the step size from     , we 

get: 
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This increase in step size in time, and while the mean value remains the same the variance is now: 

          

This means that the step size is directly related to the time step. This conclusion takes us to another 

important point in regards to the properties of Brownian motion, scale invariance and self similarity. 

Scale invariance is a term used to describe an object, be it a fractal or motion or microscopic particles 

that does not change when scaled in length. To give an explicit expression of the scale invariance 

property of the Brownian motion we can transform the equation for the probability distribution by 

replacing the step size dimension     
 

   as well time length dimension       in essence we scale 

the step-length by the square-root of the time-length.  This means that there is a power-law relation 

between the changes in time and the changes in step size.  

The Brownian motion thus holds all the properties of a fractal, scale-invariance, self-similarity and 

power law relation. Therefore fractal geometry could be valuable tool in identifying if a time series 

follows a Brownian motion. The Brownian motion itself is a specific circumstance of fractional 

Brownian motion introduced by Mandelbrot and Van Ness (1968). In the following I will show how 

the fractional Brownian motion by describing its properties and how I will use this in estimation 

methodology. 

8.1.2 Fractional Brownian motion 

In their introduction of fractional Brownian motions (fBm) in their seminal work Mandelbrot and Van 

Ness(1968) proposed a variation on the Brownian motion which assumes no interdependence 

between increments, i.e. following a Random Walk. Instead they expanded the Brownian motion to 

include a “span of interdependence” with a parameter H which could only be 0<H<1. The H is the 

Hurst Exponent or Index names after Harold E. Hurst due to his work on water system design, a 

parameter which I will go into detail on in section 10.2. In their paper, Mandelbrot and Van 

Ness(1968)  defined several characteristics of the fractional Brownian motion and in particular the 

covariance function is interesting 

              
 

 
                  

Here H is the Hurst exponent; s and t are the time increments. From this several authors have found 

that the value of H illicit different properties of the fractional Brownian 

motion(Enrique(2003),Kristoufek and Vosvrda(2013), Gneiting et al.(2010). One can easily see that 

for H = ½ the covariance function is zero, and the increments are independent. For  
 

 
   the 
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process is positively correlated, which means that it will behave in a mean averting manner – it is 

persistent. For   
 

 
 the process is negatively correlated and will behave in a mean reverting 

manner, it is antipersistent. As such the Hurst exponent describes the global persistency of the 

fractional Brownian motion.  

Estimating the Hurst exponent of the displacement is therefore critical in determining the price 

behaviour. Know that we can see the use of both the estimation of the Hurst exponent and the use 

of fractal geometry I will describe how fractals work. An interesting property of a self-similar fractal 

like the fractional Brownian motion is that it should hold that the fractal dimension, D, is related to 

the Hurst exponent, H as D = 2-H. 

 

9 Fractals 

This section of the thesis is dedicated to giving the reader enough knowledge to understand fractals 

in the basic sense and serves to give a better understanding of background of the methodologies 

used later in the paper. 

Fractal geometry, and especially the fractal dimension provides a critical tool in determining the 

deterministic tendencies of the studied time series and allows a much deeper investigation of the 

idea that financialization and structural changes that occurred in and around the year 2000 have had 

an impact on the efficiency of the studied commodity markets.  

9.1 Self-Similarity and Scale invariance 

A self-similar object is essentially any object that is generated by several copies of itself, which in turn 

is made up of copies of itself. The simplest case of a self-similar object is a line. No matter how you 

cut up a line it will always be a simple line, as such a line is self-similar in the most exact sense. The 

line will be scale invariant as it has the same characteristics at every scale of observation. These two 

different properties is directly linked. A self-similar object has to be scale invariant by definition.  

It goes for both self-similar and scale invariance that only perfect mathematical created object can be 

exactly self-similar of scale invariant at any scale. Therefore for real data scale invariance and self-

similarity is more often referred to in the statistical sense within the finite size of available data.  

One intuitive example of scale invariance was brought to my attention by Brown and 

Liebocitch(2010). In the following I will be paraphrasing their example. Many geological phenomena 
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exhibit fractal structure (i.e. rocks, boulders, mountains) in order for people to understand the 

relative size of a geological phenomena geologist often put an object of a known size in the picture 

with rocks, strata and the likes. Why is this? This is because they do this for the viewer to visualize 

the scale of the studied object on a photograph. Since rocks are invariant people cannot tell the scale 

of the rocks without this visual aid. This is exactly because of the scale invariance of the rocks. The 

picture of a Koch Curve below gives a good representation of scale invariance and self-similarity in 

action. 

9.2 Power Law Relation 

From this self-similarity and scale invariance comes the power law relation. As mentionend by Brown 

and LIebovitch(2010); Power laws relation to fractals are inevitable since power law distributions are 

the only scale invariant distributions. This power law relation is vital in estimating the fractal 

dimension of the commodity market time series later in this paper.  Simply put the power law 

relation of fractals allow for a linear relationship to be presented on a graph between the, time step 

of a time series and the Y axis the value of the estimator used. From this the fractal dimension is 

simply the linear relationship on a loglogplot. This relationship will be vital in the fractal dimension 

estimation methods. 

9.3 Euclidean to fractal dimension 

In general geometry works within the basic notations of Euclidean space. When people refer to 

something as being 3-dimensional, it is 3 the Euclidean dimension of space they are referring to.  Any 

plane, circle or box has a strict Euclidean dimension. While the Euclidean dimension is only defined in 

whole numbers, 0,1,2,3 etc. The fractal dimension can be exactly that, fractal. As such the fractal 

dimension is able to explain not only the dimension of which it operates but also its complexity or 

roughness. The fractal dimension of a time series or pattern is different than the Euclidean 

dimension, in that it is a measure that seeks to quantify the complexity of a pattern. For strict 

Euclidean dimension figures like a plane, the fractal dimension is the same as the Euclidean 

dimension. 

 

 

 



 31 

9.4  Fractal dimension  

The earliest definition of the fractal dimension was constructed by Mandelbrot(1982): 

“A fractal is by definition a set for which the Hausdorff-Besicovitch dimension strictly exceeds the 

topological dimension” 

While this definition is certainly to restrictive and has since been loosened, it still gives a quite good 

idea on how to understand fractals. The quote shows that fractals cannot be solely defined in 

dimension by their strictly Euclidean description as this does not give a clear indication of the actual 

behaviour of fractals. Another definition which is more commonly used and seen in both Feder 

(1988) and Falconer (1990) is Mandelbrots later definition: 

“A fractal is a shape made of parts similar to the whole in some way.” 

This definition is often preferred as it is less restrictive and allows the encompassing of shapes and 

forms that practitioners agree to be fractals. In estimating the fractal dimension of a time series, one 

estimates the behaviour of the aforementioned time series. It is this dimensional measure that I will 

estimate in this thesis in order to determine the relative efficiency of the studies commodity markets 

before and after the event period. The fractal dimension then is the measure of choice like, mean 

and variance of normal data, of describing fractal distributed data. 

In its most simple form the fractal dimension is described by the following relation: 

  
 

  
 

Here N is the number of self-similar ‘objects’ within the fractal, s is the linear scaling factor of the size 

of these objects in relation to the full fractal, and D then is the fractal dimension. As one can certainly 

see, the dimension, D, characterizes the invariant relationship between size and number. If one 

extends this to time series, here the size, s, is similar in nature to the time step, t. The fractal 

dimension is therefore an index that determines the ratio of the change in detail in relation to the 

change in scale. In other words, the fractal dimension is a measure of roughness. 

It is pretty easy to isolate the fractal dimension, D, which is: 
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Where log is the natural logarithm, from this relation it is also here on can easily find the fractal 

dimension of a line, a square and a cube quite easily. It does not matter to which value of, s, we 

chose for this as it will reveal that for Euclidean geometric shapes, Euclidean dimension is exactly 

similar to the fractal dimension. We know that Euclidean dimension of a point, a line, a square and a 

cube is 0,1,2 and 3 respectively. Assume we cut each object with in piece where each smaller piece is 

s = 1/8, we find that we would have N = 8 smaller lines of size 1/8, for the square we would have to 

use N = 64 and N = 512 for the cube. The picture below gives a good visual representation of this 

phenomenon in Euclidean dimensions.  

 

Figure 3 from : http://myweb.lmu.edu/bmellor/courses/Symmetry/FractalDimension-Spring2013.pdf 

 

The above example being strictly Euclidean has a Hausdorff Dimension equal to its Euclidean 

dimension. If we follow the logic of the line increment, we can extend this example to the Cantor set. 

The most well-known Cantor set is the ternary set. This set is produced by splitting the first line into 3 

lines one of 1/3 the size, removing the middle one and repeating this process indefinitely.  The 

picture below shows the set through the first 7 iterations. 

 

Figure 4 Cantor Set 7 Itereations. Source: 
https://en.wikipedia.org/wiki/Cantor_set#/media/File:Cantor_set_in_seven_iterations.svg 

This very simple fractal set is often coined as the prototype of fractals and was introduced all the way 

back in 1883 by Georg Cantor in his seminal work “ On infinite, linear point-manifolds” published in 

Mathematische Annalen, vol. 21, page 545-591.  

https://en.wikipedia.org/wiki/Cantor_set#/media/File:Cantor_set_in_seven_iterations.svg
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Calculating the fractal dimension of the Cantor set is very straightforward, which is why it lends itself 

to the example so well. Since we cut the line into 1/3 then S=1/3, but discarding the middle, we only 

have N=2. As such the fractal dimension is: 

    
    

    
    

    

    
 
 
 
  

    

    
         

Since this is a construction of points, the Cantor Set has a Euclidean dimension of zero, but it has a 

fractional dimension of 0.6309, which follows the earlier definition by Mandelbrot. At the same time 

this set directly shows the properties of fractals. It is produced by a process that can be applied 

iteratively as shown in the picture above. It is self similar by construction while having a pattern that 

seems intricate from distance. At the same time it follows the power law relation. 

9.4.1 Fractal dimension in time series analysis and its relation to the Hurst exponent 

The fractal dimension is a tool that is good at explaining the roughness of a time series. As noted by 

Kristoufek and Vosvrda(2013) a series can be relatively more smooth or rough in different parts of 

the series and can be serially correlated locally while this might not be globally true. For a time 

series, D= 1.5 refers to a time series that is uncorrelated in locally, with no trending or anti-

correlation, i.e. D = 1.5 is the fractal dimension for a times series that satisfies the EMH.  If we 

remember the relation between fractal dimension and the Hurst exponent mentioned briefly in 

section 8.1.2 this should comes as no surprise given their relation for self-similar processes. For 

D>1.5 it means that the series is rougher, or more complex than an uncorrelated series, and it is 

locally negative correlated. For D<1.5 the time series is smoother and less complex than the 

uncorrelated series, and is locally persistent, i.e. locally trending or mean averting. From the 

fractional Brownian motion remember that the Hurst exponent explain the same things for the 

fractional Brownian motion as does the fractal dimension for a fractal. In fact they are theoretically 

related for a self-similar process through: 

      

However they differ in approach. The Hurst exponent find the global persistence whereas the fractal 

dimension measures local persistence. As such if a price process is not strictly self-similar, and not 

completely Brownian motion like, the different methods can help uncover inefficiencies better than 

only using one or the other. In the following I will go through some methods of fractal dimension 

estimation. 
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10 Price behaviour methodology 

This section of the paper serves to give a methodological understanding of how I seek to answer 

hypothesis 3. I go through fractal dimension and Hurst exponent estimation, as well as Monte-Carlo 

simulation to obtain a distribution of the estimators. 

10.1 Fractal Dimension Estimation Technique 

There exist several techniques for the estimation of fractal dimension of a time series, the most well-

known being, box-counting, Variogram, Periodogram and wavelet estimation. They main attraction 

of these estimators is that they are non-parametric. While these techniques are all good at 

estimating the fractal dimension of a time series, they are not equal in quality and complexity. As 

fractal dimension estimation is very technical for non simple sets like the Cantor set one thing to 

appreciate is simplicity. For this reason I have elected to overlook wavelet estimation techniques, 

and focus on box-counting, Variogram and Periodogram estimation. In the following I will go through 

variation on the box-counting estimation, including the Hall-Wood variation and a monte carlo 

simulation of the different estimation techniques to determine if a method should be left out 

because it produces unreliable results. What is particularly good about fractal dimension estimates is 

that they are non-parametric. In the following, we assume that, t is the time step and Xt is the point 

set, or: 

         
 

 
                      

All the methods I will go through follow the same format in that2: 

1. The numerical property of the time series, denoted by say, M, is computed as a function of 

the scale,  say   

2. Then an asymptotic power law is derived, based on the power law relations of fractal, where 

        as the scale goes to zero. 

3. The scaling exponent, b, is now a linear function of the fractal dimension 

4. From this I can estimate D by ordinary least squares regression on the power law relation 

between,                  

The table below shows the scaling factors for all described estimators: 

 

                                                           
2
 Paraphrasing Gneiting et. Al.(2012) 
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Table 1 Scaling and Regime relationship of Box-Counting, Variogram and Spectral estimation methods 

Methods Property Scale Scaling law Regime 

Box-Counting     :number of boxes  :boxwidth                

Variogram      :variogram t:lag                   

Spectral     :spectral density  :frequency                  

 

As the scale changes the number of observations increase to infinity. This table shows how the 

different methods, attack the problem from different angles while all ending as linearly estimators of 

the Fractal dimension, D. 

10.1.1 Box-Counting Estimation 

The box-count method may be one of the simplest ways of estimating a fractal dimension. Describing 

it shortly one first covers the entire fractal in one box, and then cut this into four equally sized boxes, 

which is then subsequently split into four boxes etc. Etc. In the end it leaves one with boxes small 

enough that it matches the so called ‘resolution’ of the data. This term is very similar to pixels on 

computers. One of the most used examples is counting the shoreline of the coast of Great Britain, 

which was first studies by Lewis Fry Richardson, and is called coastline paradox. The effect he found, 

was that the smaller the ruler used to measure Britain’s coastline the longer the resulting coastline, 

this is also known as the Richardson effect. The example was later made famous by 

Mandelbrot(1967) in his paper “How long is the Coast of Britain”. Applying the box-count 

methodology to this problem one can see that the smaller the boxes the more of the coastline is 

captured inside them, this is the box-counting estimation technique in a nutshell. 

 

Figure 5 box-counting estimation of the cost of Britain. Source: 
https://upload.wikimedia.org/wikipedia/commons/thumb/2/28/Great_Britain_Box.svg/1024px-
Great_Britain_Box.svg.png  

https://upload.wikimedia.org/wikipedia/commons/thumb/2/28/Great_Britain_Box.svg/1024px-Great_Britain_Box.svg.png
https://upload.wikimedia.org/wikipedia/commons/thumb/2/28/Great_Britain_Box.svg/1024px-Great_Britain_Box.svg.png
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What is clearly evident is that the more complex a pattern, the more boxes are needed to give a fair 

representation of the complexity of the system. If we follow the denomination from earlier where N 

is the number of piece or in this case boxes used, then      is the number of boxes needed at box 

size  . This estimation technique has some underlying assumptions. First it assumes, that     , 

where n is the number of observations and K is the number of iterations. This relation gives a 

maximum of iterations and therefore bounds the minimum box size. This scales the box size    to be; 

       , with k=0,1,...K. at the largest scales it is obvious that the box size is the entire plot, 

therefore      by construction. From this       is the number of boxes that is intersected by the 

data at the given width. Under weak regularity conditions, the box-count dimension is the same as 

the Hausdorff dimension and can be written as: 

         
   

       

         
 

 

The box-count estimator of the fractal dimension is the OLS slop on a loglogplot between 

            . The simple box-count estimator as described by Gneiting et. Al. (2010) which is also 

the most common box-count estimator, is found using this formula: 

   
                    

 

   

           

 

   

 

  

 

Where          and    is the mean of s0 to sk. While this method is relatively simple in comparison 

with other methods, it is not without its critics. As is so often the case with simplicity precision is 

often lost, and while often used the box-counting methodology is often criticised as well. 

10.1.1.1 Box-counting critique 

Authors such as Liebovitch and Toth (1989) as well as Gneiting et. Al.(2010) and a host of other 

authors, have found problems with this method. Liebovitch and Toth (1989) proposed to eliminate 

the smallest scales and the two largest scales when using this method         and       , 

since these are always present. This method was adopted by Gneiting et. Al. (2010), while noting; 

“However, it is in the limit as     that the underlying scaling law operates, and thus it is 

unfortunate that information at the very smallest scales is discarded”. 

While this is true it   will never move completely toward zero as there is a finite observation period, 

which renders the problem of the scaling law mute anyway. An extension or variation of this box-
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counting methodology is the Hall-Wood estimator, which scales differently than the original box-

counting estimator discussed above. It addresses the limitations of the original box-counting 

estimator, while keeping much of the simplicity. I will go through this method and later show how it 

is superior to the original methodology. 

 

10.1.2 Hall-Wood estimator 

As opposed to the simpler box-counting estimation technique the method proposed by Hall and 

Wood (1993) is a variation on the box-counting estimator that operates on the smallest possible 

scale, and as such avoids some of the issues from the original estimation method. My notation in the 

following will follow that of Gneiting et. Al (2010) and Kristoufek and Vosvrda (2013). 

Hall-Wood used a variation on the counting of boxes     , and denote      as the total area of the 

boxes at the given scale which is intersected by the graph. This definitions means that      is 

proportional to        or in mathematical terms,              if one extends this to the fractal 

dimension box count estimation, then the reformulation of the Box-count dimension is: 

         
   

       

       
 

Where the scaling of epsilon, is determined by Hall-Wood (1993) as    
 

 
             and 

estimating   
 

 
  is done using the following formula: 

   
 

 
  

 

 
     

 

        
 

 

 
 
 

 

   

 

Where  
 

 
  denotes the floor, which is the actual value of l/n minus the fractional part. Where 

   

 

        

 

 is the difference between two observation periods. The method proposed in Hall and 

Wood (1993) is, like the box-counting estimator based on an ordinary least squares methodology, 

fitting with power law relation,       
 

 
  and     

 

 
 , leading the a estimator of the fractal 

dimension very similar to the box-counting estimation: 
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Where,             
 

 
  and    is the mean of    .  

They found that while increasing the parameter L could plausibly results in faster convergence of the 

fractal dimension, however as they increased L this leads to a larger values of change in t in the 

covariance relation of the Gaussian process. This results in a larger variance, due to the strong 

positive correlation and as a consequence the MSE of the OLS estimator increase asymptotically with 

increasing L. Following the logic of Hall and Wood (1993) as well as other practitioners like Gneiting 

et. Al. (2010) and Kristoufek and Vosvrda (2013), I will hold    . This in turn leads to a 

simplification of the fractal dimension estimate of the Hall-Wood estimator: 

       
      

 
 
        

 
 
 

    
 

Below is a loglog plot of the Hall-Wood estimator in action. It is used on a simulation of a known 

fractal dimension of D =1.5. One can clearly see that the difference between two observation periods 

change more aggressively thus changing    
 

 
  more in the bigger box sizes. 
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10.1.3 Variogram estimation 

The Variogram, like the box-counting method is also used in spatial statistic. But unlike the box-

counting method that was primarily used for breaking down data sets and detecting patterns, the 

variogram was used to determine the degree of spatial dependence. This method extends itself to a 

time series analysis well, as it can determine the dependence of the time series depending on the 

time steps. The method measures how two samples of an area will differ depending on how far apart 

they are. As such, like the box-counting estimation it two lends itself to a power-law estimation and 

is therefore commonly used in fractal dimension analysis as well. Most notably the method is used 

due to its simplicity, as noted by several authors including Gneiting. Et. Al. (2010). I will follow their 

notation in the following section. The variogram is defined as: 

      
 

 
           

  

The most common way of estimating this, as described in Gneiting et. Al.(2010) is simply: 

  
  

 

 
  

 

      
    

 

  
 
   
 

 
 

 

   

 

  

This estimator is of course very similar to the definition of the variogram. But as one does not have 

an infinite time series this notation will be carried forward. The variogram estimation of the fractal 

dimension, using a ordinary least squares fit between      
  

 

 
  and     

 

 
  yields and estimator for 

the fractal dimension as: 

    
   

 

 
 

             
  

 
   

   

          
   

 

Where,             
 

 
  and    is the mean of    . This relation is very similar to the Hall-Wood 

estimator. Like the Hall-Wood estimator it too suffers from the problem of increased bias with the 

increase in L, as such, to avoid more than the necessary amount of biases, L = 2 for the remainder of 

this thesis for this method as well. Like it was the case for the Hall-Wood estimator, leaving L=2 

provides an easier formulae for the estimation of the variogram fractal dimension estimator, which 

once again is looks very similar: 
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Below is a loglogplot of the Variogram fractal dimension for a single simulated sample path, with a 

known fractal dimension of D=1.5: 

 

Note that the scaling, is now based on log(lags=[1:1999]) which is the time step rather than box 

width, as shown in Table 1 even though its the same printout as in the Hall-Wood. Having gone 

through how the Variogram estimator works I will now discuss some critique of the method. 

 

10.1.3.1 Variogram Critique 

As Gneiting et. Al. (2010) points out this method is non-robust, and several more robust methods, 

like the Genton estimator has been proposed to deal with this. However, as I will be working with 

prices, and their increments, returns, are generally expected to be normally distributed, this will 

likely be of little issue. The proposed Genton estimator itself is also not fully robust, but it adds an 

extra layer of intricacy that is not warranted as its increased robustness is limited. This variogram 

estimator, is a less general version as I have assumed in this: 

      
 

 
           

  

That p=2. Other methods like the madogram or the rodogram have similar interpretations, but uses 

different values of p. While these can be good methods I have chosen to work with the standard 

variogram, as it differs from the Hall-Wood interpretation more than the madogram (which have 

several similarities to Hall-Wood estimation) in its methodology and therefore represent a better 
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diversification of methodologies. As I will show in later,  that while the Variogram estimator may not 

be robust it performs well under a Monte-Carlo simulation. 

10.1.4 Periodogram estimation 

The periodogram estimation technique is a spectral density estimation technique. Spectral analysis is 

widely used in data analysis in sciences such as astronomy, geophysics and oceanography. The 

methods of spectral density, specifically here the periodogram also works well for financial analysis 

as it works on the behaviour of predictability of time series signals. In the analysis in this thesis, the 

signal is that the price changes. Spectral analysis uses sine and cosine functions in order to replicate 

the behaviour of the time series; they can do this by varying the frequency of the two functions. By 

summing up a lot of sine and cosine functions all with different amplitudes, one can get ‘artificial’ 

time series resembling other time series. This is the goals of the estimation procedure. I will follow 

the periodogram estimation method based on the important paper of Chan et. Al. (1995), a 

technique that is very general and have been used a lot, as also noted by Gneiting et. Al. (2010). In 

their paper Chan et. Al. (1995) gives a thorough explanation of the methodology and I will refer to 

this paper if one needs more extensive information about the method. I will however go into a brief 

explanation, base on their works. It is important to note that in Chan et. Al. (1995) refer to the 

estimation method as a semi-periodogram as it work with only the cosine function of the spectral 

analysis method. Chan et. Al. (1995), defines X as a stationary Gaussian process in the interval (-1,1), 

which is similar to the returns on the future prices. If this is the case we can define the following sine 

and cosine functions: 

                    
 

  

                       
 

  

 

                                   

Here the I is the full periodogram, and J the semiperiodogram as per the definition of Chan et. Al. 

(1995). In the following I will refer only to            and call this the periodogram. In their 

paper, several estimators of     , where introduced, and through their monte carlo simulations 

they found one method to be superior to the others. I will adopt this method, estimating      using 

the following approximation: 
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N is the number of observations. Omega is the frequency. Thus approximating the periodogram 

            . The fractal dimension estimator of the periodogram is: 

    
 

 
 

 

 

                 
 
   

          
   

 

Where                    and    is the mean of   .  

10.1.4.1 Periodogram critique 

As noted by both Chan et. Al. (1995) and Gneiting et. Al. (2010) the choice of        leads to the 

effective elimination of the values of       the higher the frequency. I will not detail this that much 

but put simply, the expected value of       at high frequencies deviate from the decay rate        

where alpha is the fractal index. This leads to an unstable estimator, and for high frequencies these 

become eliminated using        for the estimation. As such per the suggestion of Chan et. 

Al(1995) I will continue my analysis using       , because my observations are so  many N >1000. 

While this avoids the instability I also lose a lot of observations in the process which may harm the 

precision.  

10.1.4.2 Periodogram plot 

This plot uses the choice of        as suggested by Chan et. Al(1995) and one can see that it clearly 

does not most of the higher frequency estimates, i.e. those hollow(white) dots. As per the scaling law 

of the periodogram estimator, this is the only one with a negative slope. 

 

I will now focus on the comparison of these methods using Monte-Carlo simulation.  
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10.1.5 Comparison of fractal dimension estimation techniques 

In this part of the methodology section I will compare the estimation techniques using monte carlo 

simulation of a Brownian motion with a known fractal dimension of D=1.5. To perform a simulation 

as the one I did one needs to determine both the length of the simulation path as well as the amount 

of paths to simulate. Since the time periods studied have different lengths I chose to simulate for a 

total length of 2000 steps. This is not a random selection but was chosen as it is comparable in length 

to most studied periods. Therefore the results obtained will give a good prediction as to the potential 

biases when using the different methods. The amount of simulated paths was chosen somewhat 

arbitrarily as 1000 times. The primary reason for choosing this amount of path simulations is the 

algorithm for estimating D is quite computationally extensive and as such too much iteration could 

have posed a problem for the processor used. As such 1000 iterations is a large enough amount as to 

give a good distributional picture given the processor limitations. However, I do believe the 

distributional results give a clear indication of the fractal dimension estimation techniques relative 

strength. The plot below shows each methods relative consistency in estimating a time series with a 

known fractal dimension of D=1.5. See the appendix for the code.

 

Figure 6 A Boxplot of fractal dimension estimation methods of Monte-Carlo simulated brownian motion of length = 2000 
with iterations = 100 and D=1.5 
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From the plot above, it is quite evident that the estimators with the lowest variance are the 

variogram and Hall-Wood estimation methods. While the periodogram does produce a mean value 

close to the fractal dimension of D=1.5 it does that with a significant amount of outliers on the right. 

Quite clearly, and as expected the worst performing estimation method is the simple box counting 

method. The box-counting method is simply not precise enough in its mean or median values and 

coupling this with the big variance leaves to much up to guesswork. Given that the 3 other methods 

are so vastly superior in precision than the box-counting method, and that the Hall-Wood estimation 

method is quite similar in that it is derived from the box-counting method I deem it best to exclude 

the box-counting method from the analysis.  

Having these different estimation methods in my arsenal is great since it allows for different methods 

in pattern detection of local dependency, in section 10.2 I will introduce the Rescaled Range analysis 

as the only global persistency detector. In the same spirit it also gives me the ability to be stronger in 

my conclusion if they all show the same changes, then I would be much more certain in determining 

an affect that was not caused simply by the inaccuracy of the estimator. Say pre event they under 

estimate and then post event they over estimate, this could happen and give a false impression of 

change in price behaviour. As such it is wise to understand the inaccuracies and the confidence 

intervals and standard deviation of the methods. From Figure 7 histogram of simulated fractal 

dimension estimates and boxplot in Figure 6 I was able to bootstrap the confidence interval for the 

Hall-Wood, Variogram and Periodogram estimators for the 95% confidence interval. They are as 

follows: 

                         

    
         

           
 

                      

Clearly the confidence interval are significantly bigger for the periodogram estimator than for the 

Hall-Wood and Variogram estimators which are comparably more effective at determining the fractal 

dimension of a sample. This is in line with the simulations of Gneiting et. Al. (2010) which get similar 

results. Using these methods it then allows a comparison of pre and post event fractal dimensions 

and if the results are similar with all methods the certainty of the fractal dimension is even greater. 

However, while confidence intervals are great, it is a fallacy to assume that simply because two 95% 

confidence intervals overlap, that the fractal dimension estimates are the same. Instead one could 

employ the well know t-statistic for the students t-test. The main assumption of the t-test is that the 
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sample is normally distributed. If we look at the histogram of the 3 remaining estimators they look 

fairly normal. 

 

Figure 7 histogram of simulated fractal dimension estimates 

In the following section I will dive into normality test, as normality is a vital assumption of the T-test. 

10.1.5.1 Normality test of fractal dimension estimators 

It is not enough to simply look at the distributions of the estimators to determine if the values can be 

comparably drawn from a normal distribution. To accompany this there are several tests to 

determine if this is the case. There are several tests to determine if a distribution is normal or not, 

from the most well known; Shapiro-Wilk and Jarque Bera to Kolmogorov-Smirnov, Lilliefors and 

Anderson-Darling test. Therefore the first thing to do is determine which methodology to use. In a 

paper by Razah and Wah (2011) they did power comparisons of Shapiro-Wilk, Kolmogorov-Smirnov, 

Lilliefors and the Anderson-Darling test. They found that the Shapiro-Wilk test was the most 

powerful followed by Anderson-Darling, Lilliefors and then Kolmogorov-Smirnov. But at the same 

time they noted that the power of all four tests was very low for small sample sizes. Luckily the 

sample size is not a problem since I have already simulated 1000 values. Their results clearly suggest 

that the Shapiro-Wilk test is superior when compared to the others in their study. Raza and Wah 

(2011) did however not the Jarque Bera test which is perhaps the most well known of the normality 

estimators, something that is often not without merit. In their paper Thadewald and Buning (2007) 

did a similar comparison test to Raza and Wah(2011), comparing the Jarque Bera test to Kuiper, 
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Shapiro-Wilk, Kolmogorov-Smirnov and Caremer-von Mises. Their results showed that Jarque Bera 

have more power for symmetric distributions with long tails, and for slightly skewed distributions 

with long tails, but underperform the Shapiro-Wilk test with short tails. To account for the difference 

of the bias in the normality test which very clearly depends on the tails of the distributions I will 

therefore use both the Shapiro-Wilk and Jarque Bera test in the following. However, others have 

pointed out that the normality test can be misleading, because for large sample sizes, the deviation 

from a normal distribution does not have to be too big to generate a rejection of normality. With this 

in mind I will conduct the normality test of Shapiro-Wilk and Jarque Bera. It is likely that I will ignore 

some deviation from normality and conduct at t-test anyway, but knowing if the test is reliable is 

important. 

10.1.5.1.1 Shapiro-Wilk 

This test is setup, where it test the against the null hypothesis that the data is normally distributed, 

thus if we get a p-value less than the chosen alpha level of rejection we can rejects the null 

hypothesis. It has often been noted that Shapiro-Wilk test does not perform well with larger sample 

sizes, (Razah and Wah (2011)) and as such different approximations have been adopted, the most 

well know is Royston (1995) AS R94 approximation which can be used for          which the n 

= 1000 falls within. I will describe the original Shapiro Wilks test and refer the reader to Royston’s 

previous work on algorithm AS 181 and AS R94. Using the R-package “shapiro.test” on employs this 

algorithm if the value of     . The original Shapiro-Wilk test is as follows: 

  
        

 
    

 

          
   

 

Where      is the i order statistic, i.e. starting with the minimum, and moving towards the maximum. 

   is simply the mean of the sample, and    is a constant: 

          
     

           
 
 

 

Where               are the expected values of the order statistics of an IID random variable 

from the standard normal distribution. V is the covariance matrix of the order statistics. The formula 

for the Shapiro-Wilk test still holds, but with the algorithm from Royston(1995) one gets an 

approximation of the weights a.  
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10.1.5.1.2 Jarque Bera  

The Jarque-Bera test, tests if the data set fit the criteria of a normal distribution by testing it against 

well known moments of the normal distribution, i.e. if the skewness and kurtosis of the samples 

match that of a normal distribution. Recall that the skewness of a normal distribution is 0 by 

construction and the kurtosis is 3 ( excess kurtosis is then 0). It is simple to understand, which is 

probably also why it has become so widely used, it is calculated as follows: 

   
     

 
    

 

 
        

Where n is the number of observations, k is the number of regressors, S is the sample skewness and 

C is the sample kurtosis. I will not go into detail of the calculation of skewness and kurtosis as these 

are fairly rudimentary, I will not that one should recall them to be the 3rd and 4th central moment 

respectively. Unlike the Shapiro-Wilk test which usually perform better with small sample size 

(barring the AS R94 algorithm) the Jarque-Bera test is better with higher values of n, and in fact the 

Jarque-Bera test is biased only for small sample sizes. As such I need not use an extension as with the 

Shapiro-Wilk test. Below is the W, JB and p-values for each fractal dimension estimator. 

10.1.5.2 Normality test results and QQ-plot 

Below is the results from the Jarque-Bera and Shapiro-Wilk tests. 

Jarque-Bera 

estimator JB p-value 

Variogram 0.5599 0.7558 

Hall-Wood 1.5056 0.471 

Periodogram 9.5663 0.00837 

 

Shapiro-Wilk 

estimator W p-value 

Variogram 0.999 0.8623 

Hall-Wood 0.9984 0.5067 

Periodogram 0.9952 0.002967 

 

Both tests show that for the Variogram and Hall-Wood estimators, I cannot reject the hypothesis that 

the distribution of the fractal dimension is normally distributed. However, for the Periodogram 

estimator  both test reject the null hypothesis that the Periodogram estimator is normally 

distributed. However as noted earlier, for large sample sizes, small deviation from normality, can – 

especially for the Shapiro-Wilk estimator provide an issue where we reject more than what should be 
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done. If we look at the histograms above one can note that the peridogram is slightly skewed, which 

can lead to a bias in the Shapiro-Wilk estimator as well. To account for this, on can use QQ-plot, 

which is a graphical representation of the distribution relative to a normal distribution. A straight line 

represent a perfectly normal distribution. 

 

Figure 8 Variogram       Hall-Wood          Periodogram 

Looking at this plot it is not suprising that the Jarque-Bera and Shapiro-Wilk tests determined that 

the Variogram estimator was least likely to not be normally distributed, and the Periodogram was 

likely to be not normal. However, I will still use the student’s t-test on the fractal dimensions of the 

Periodogram estimator, but knowing that it is likely non-normal will be taken into account and will 

give a possible explanation of some of the possible deviation between the significant and non-

significant changes pre and post event. 
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10.2 Hurst Exponent 

In this section of the paper I will go into a detailed description of rescaled range analysis that I will 

use to estimate the Hurst Exponent. First a description of the Hurst Exponent and its applicability is 

warranted. The Hurst Exponent is a number that describes the behaviour of a particle or time series, 

and ranges 0<H<1, where a Brownian Motion, random walk, has 0.5.  The Hurst Exponent describes 

the interdependence of a time series and the rate of decrease of autocorrelation and distance 

between these increases.  In extension the Hurst Exponent is not a defined number as it is an 

estimation of the behaviour of time series.  This means that while the Hurst Exponent is a good 

descriptor of long range dependence its errors are very much affected by the, methods of which it is 

estimated, but this is the case with any estimator. Interestingly the rescaled range analysis predates 

the naming of the Hurst exponent. Rescaled range analysis, which was initially invented by Harold E. 

Hurst in his seminal paper “Long-Term storage capacity of reservoirs” (1951), is often used to 

determine the long-term dependence of a time series in finance as well as other sciences. 

The rescaled range analysis is a way of determining the long term memory of prices, i.e. if there are 

trends or deterministic behaviour in the prices. Therefore this type of analysis is especially suited in 

determining the relative efficiency of stock markets using time series, as long-term memory in stock 

market cannot be present under the strong form efficiency of the EMH.  

10.2.1 Rescaled range analysis for Hurst Exponent Estimation 

The most basic way of estimating the Hurst Exponent is the original Rescaled Range analysis (R/S 

analysis) which originates from Hurst (1951). The name itself gives clues into how to calculate the 

Hurst Exponent. The name comes from the fact that to estimate the Hurst Exponent one rescales the 

range of each partial division of one’s time series by its own standard deviation. To get the Hurst 

Exponent one must therefore first divide ones time series up into smaller time series.  The hurst 

exponent is then found from the following formulae: 

 
 

 
 

 
      

As one can see this closely resembles the power law for a Brownian motion and in fact, if H=0.5 then 

this indicates a time series that follow a random walk. If H>0.5 then it indicates a trend-following 

time series and if H<0.5 then it indicates mean-reversion of the time series. Plotting this on a ln/ln 

plot should a straight line where the slope of the regression line approximates the Hurst Exponent.  

In estimating the Hurst Exponent it is therefore of great importance that one does not shy away from 
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using many rescaled ranges and according to Qian and Rasheed(2004) less than 10 will yield an 

unreliable estimate of the Hurst Exponent. 

For each partial time series one calculates the following to get each partial Range and Standard 

deviation: 

Mean calculation: 

   
 

 
   

 

   

 

Here, n, represent the size of the partially time series. 

Then one calculates the mean adjusted time series: 

                               

From this one calculate the cumulative deviation over the time series. This means that for a times 

series of size n, one each time, t, deviation is added to each prior deviation. Therefore for t=1 then 

the deviation, Z = Y and for the t=n then the deviation is 0. This is setup like follows: 

             

 

   

          

In the end one simply calculates the range over the deviations as well as the standard deviation of 

the time series. 

                              

       
 

 
         

 

   

 

 

 

This has to be done for each chosen partial time series length. The rescaled range is thereafter 

calculated as the average over all partial time series of the same length.  The following picture 
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describes well how ones should think when trying to understand the methodology behind the R/S 

analysis  

Figure 9 Source: http://www.bearcave.com/misl/misl_tech/wavelets/hurst/  

After one has calculated the average of the R/S for each partial time-series size one have the building 

blocks for estimating the Hurst Exponent and only has to take the Log_2 of the time series size(n) and 

the R/S average corresponding to that time series size (n).  Each point in time, t, has a corresponding 

R/S value. Adding the R/S analysis methodology to the Hall-Wood, Variogram and Periodogram 

estimators provides me with 4 very different perceptions of the same price behaviour. This will allow 

for greater power in my conclusion for when all methods agree I can be more certain that the result 

is true. 

  

http://www.bearcave.com/misl/misl_tech/wavelets/hurst/
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10.2.2 Monte Carlo Simulation and Normality test for R/S estimation 

This section of the thesis will be similar to the Monte-Carlo and normality test done on the fractal 

dimension estimators. As such I will not go into detail to explain the Shapiro-Wilk and Jarque-Bera 

test and why I chose these. I will however explain a little bit in regards to the Monte-Carlo 

simulation, as this differs a little from the fractal dimension estimators, due to the fact that one 

estimates fractal dimension based on prices, and hurst exponent is estimated based on returns. As 

such I am not creating a Brownian motion with D= 1.5 but rather a Gaussian Wiener process with 

mean = 0 and std = 1 which has a known Hurst exponent of H = 0.5, and I will test the Rescaled range 

analysis estimation strength against this. Below is the histogram and QQ-plot generated in the 

simulation. 
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The simulation reveals that the mean and median values of the Hurst exponent is; 0.5234927 and 

0.5227871 which is above the actual H=0.5 from which the data was generated, but this is within the 

acceptable. On the other hand it looks very normally distributed, and looking at the Shapiro-Wilk and 

Jarque-Bera test reveals exactly that. 

  Jarque-Bera Shapiro-Wilk 

Estimator JB P-value W p-value 

R/S 2.8299 0.2429 0.9979 0.2477 

 

With p-values well above the established requirement of 0.05 both test cannot reject the hypothesis 

that the distribution of estimates generated by using the rescaled range methodology are normally 

distributed. This along with the QQ-plot and histogram serves as a good support that a t-test is viable 

without deliberate extra attention to biases generated by it being non-normal. While the issue of 

overestimation may be a small issue, I do believe this is small enough to overlook especially seeing as 

this is a comparative study, which focuses less on the actual values, but more so, on the relative 

difference this will not be a problem so long as it is consistent and normally distributed.  
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11 Data 

This section is dedicated to the explanation of the data gathered. 

All the data was taken from Datastream’s database. Here several time series for each commodity 

future was available, both indices and price of different future curves. In extension I have extracted 

total return series for the S&P GSCI Commodity index, S&P500 equity index and the BOFA Merril 

Lynch Corporate index. The data section is comprises into two, one describing the commodity futures 

and one describing the other data. 

11.1 Commodity Futures  

 I have decided to work with a continuous future price with switch over on 1st day of new month 

trading.  Datastream constructs its continuous time series as a perpetual series of future prices, with 

switch over on the 1st day of new month trading. Since I want to be able to discern what effect the 

structural changes and financialization of the commodity markets have had, I need a time series of 

sufficient length. In this case sufficient length is at least 20 years of data. Since much of the structural 

changes happened due to technological advances around the turn of the century I need to have 

sufficient length of data, before this event, therefore a minimum of 20 years of daily data seemed 

reasonable. Some data in DATASTREAM on commodity futures was only available in time periods 

that was only after the established time of the financialization and as such they have been left out. In 

most cases I have found data from 1980-2015 but some time series are smaller than this.  

One will note that I have decided to not include electricity in the data, as its characteristics vary from 

the other commodities to an extend that makes unsuitable for comparisons. This is due to the way 

electricity is created and the fact that each electricity market is self-contained since electricity is for 

all practical purposes a non-storable commodity. Adding to this, electricity time series was muddled 

and had several days with no information.  

 

In Table 2 one can see that most of the data is complete in the sense that they encompass the entire 

desired time period. However, for the industrial metals in particular, there are quite a few 

commodities that have a comparatively short amount of data before the event studied in this thesis. 

However, while this may be cause for expulsion of the sample I found in wiser to leave it in, since the 

study is of a event comparison and not comparing between commodities. To avoid any problems that 

can arise because of this I will make sure that there is the same amount of data on each side of the 

event as to avoid biases in the methodologies whose conclusions would be affected by this 

difference.  See the table below. 
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Datastream collected data 

Class[Subclass] Commodity Start Date End Date timestep 

Agriculture[Grains] Corn 01-01-1980 02-07-2015 Daily 

Agriculture[Grains] Wheat 01-01-1980 02-07-2015 Daily 

Agriculture[Grains] Soybeans 01-01-1980 02-07-2015 Daily 

Agriculture[Grains] Oats 01-01-1980 06-07-2015 Daily 

Agriculture[Grains] Rough Rice 20-08-1980 06-07-2015 Daily 

Agriculture[Softs] Cocoa 01-01-1980 01-01-2016 Daily 

Agriculture[Softs] Coffee C 01-01-1980 01-01-2016 Daily 

Agriculture[Softs] Sugar #11 01-01-1980 01-01-2016 Daily 

Agriculture[Softs] Frozen Orange Juice 01-01-1980 01-01-2016 Daily 

Livestock Live Cattle 02-01-1980 01-01-2016 Daily 

Livestock Feeder Cattle 01-01-1980 01-01-2016 Daily 

Energy Brent Crude Oil 07-12-1988 01-01-2016 Daily 

Energy Natural Gas 03-04-1990 01-01-2016 Daily 

Metals[Industrial] High Grade Copper 29-07-1988 01-01-2016 Daily 

Metals[Industrial] Lead 12-07-1993 01-01-2016 Daily 

Metals[Industrial] Zinc 12-07-1993 01-01-2016 Daily 

Metals[Industrial] Aluminum 12-07-1993 01-01-2016 Daily 

Metals[Industrial] Nickel 12-07-1993 01-01-2016 Daily 

Metals[Precious] Gold 01-01-1980 01-01-2016 Daily 

Metals[Precious] Silver 01-01-1980 01-01-2016 Daily 

Metals[Precious] Platinum 01-01-1980 01-01-2016 Daily 

Other Rubber 23-01-1990 01-01-2016 Daily 
Table 2 Datastream information on commodity futures. 

In practical terms, the problem of uneven data lengths can be circumvented in a few ways. The first is 

to extend the ‘event window’ in a way the leaves a 6 year period prior and after the event, and 

therefore studying only the period from 01-01-1993 -> 01-01-1999 and 01-01-2011->01-01-2016. 

This provides a neat period distinction and allows for calculations of the estimates to be compared 

between both time periods and between commodities in periods. This method therefore allows for 

the greatest flexibility in answers. But to gain this flexibility one sacrifices a significant amount of 

data that could otherwise be used in estimating the parameters, which could potentially affect the 

results dramatically and since one of the main biases of the estimation of fractal dimension is that 

the estimation procedure may find patterns in a short time period that may not be there in a long 

one this can be a big problem. 
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Another method would be to calculate a commodity specific estimation of each of the parameters 

thus being only able to compare the commodities with the same window size post and pre event. 

This way I can utilize the full amount of data available for each commodity but any comparison will 

be prone to biases due to how each parameter’s estimation is being affected by the length of the 

time series. 

I deem it appropriate to use this both approaches differing between methods. For the fractal 

dimension and Hurst exponent test it is more important to have the maximum length of data studied 

on each side of the window to compare the relative efficiency of each commodity prior to and after 

the financialization of the commodities. Given that a comparison between each commodity’s relative 

efficiency increase/decrease is of no interest allowing the maximum length of data on each period of 

the time series is best for these tests. 

One must also take into account that the longer time series could possibly reveal long range 

dependence not found in the smaller time series, while being more robust to potential ‘accidental’ 

dependency that might arise in short term even for a randomly generated price series. Therefore I 

will leave as much as possible of data on each side of the event window for each commodity. This 

means that a lot of the commodities will have very different data length for this part of the analysis. 

This will however not pose a problem since even for the time series of which I have the fewest 

amount of data I still possess a substantial amount making comparisons between more robust than 

could be expected.  
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11.2 Inflation and indices 

For the correlation calculations the above method of different time series length are by construction 

impossible. As such, each period will only be as long as the shortest time series on each side of the 

event. In extension the connection to inflation is also different because, the CPI is only generated 

once per month, as such only monthly data is needed for the commodities being compared. This can 

produce a difference in amount of data that is much more severe than what would be the case for 

daily data. Coupling this with the fact that CPI index is determined on the 15th no matter if this is a 

trading day or not, this means that the data of the individual commodities do not match up. On the 

other hand the GSCI index does have a value even when there is no trading day. As such I have 

chosen to use the S&P GSCI index as a comparison tool to the CPI index. In extension to that fact that 

the data will be “complete” the GSCI Index can also be viewed as a commodity basket in the same 

way the CPI is viewed as a consumer basket. That way the correlation estimates are much more 

general. The table below shows information on the GSCI, S&P500 and CPI inflation data also collected 

from Datastream. 

Index Start end time step 

S&P 500  01-01-1980 01-01-2016 daily 

S&P GSCI Commodity Index 01-01-1980 01-01-2016 daily 

BOFA Merrill Lynch Corporate Bond 01-01-1980 01-01-2016 daily 

CPI All Consumers/ All Items 01-01-1980 01-01-2016 monthly 

 

Since the CPI index is only generated once a month, any comparison needs to be monthly, with daily 

prices comparison is simple, extracting only the prices of the days that the CPI has data, generates a 

monthly sample on the same dates. For the correlation this could not be done precisely for each 

commodity as they did not have data on all the days of the CPI. But this is overcome by using the 

GSCI Commodity index instead of each of the commodities separately.  

11.2.1  S&P GSCI Commodity Index 

This index invest in all the kinds of commodities across all classes but have a significant, and some 

may argue disproportionate overweight in the energy sector. The index weights are determined 

based on the world production and the higher amount of total production the higher the individual 

commodity is weighed. This is the commodity version of market capitalization. As such the 

commodity has historically had a significant overweight in the energy sector but this can change each 

year depending on the world production. I have chosen to include this index because it a well known, 

encompasses all the desired commodities in my sample for the futures and because it is weighted 

similarly to how one will know from equity indices. 



 58 

11.2.2  US CPI All Urban/All Items Index 

The changes in the Consumer Price Index is what is often referred to as inflation. Since I want to 

determine the connection between commodity returns and inflation the US CPI All Urban/All Items 

index is the best indicator. It is comprised of all kinds of things ranging from food and beverages to 

housekeeping supplies, apparel, recreation and education. From the US bureau of labor statistics one 

can find the following weighting of the most general expenditure categories, for a deeper look I refer 

the reader to their website. 

 

Figure 10 Piechart of weights in CPI. Own creation, data from source: Us Bureau of Labor statistics, 
http://www.bls.gov/cpi/usri_2015.txt  

If one examines the index further one will notice, that of the index, according to the bureau of labor 

statistics, the weight of commodities in the index in 2013-2014 was 36,856%. 

11.2.3 S&P 500 Index 

This is one of the most well known indices in the entire world. It is comprised of equity stakes in the 

500 biggest companies in the US, based on market capitalization float.  It used to be based only on 

market capitalization but since 2005 S&P changed it to be on the float weighted. As such, some firms 

which are significantly bigger than others will have a significant overweight, as was the case for the 

GSCI commodity index. This index may be biased towards the performance of particular sectors.  Of 

the companies included the biggest weights are in Exxon Mobil, Apple, Microsoft and Procter and 

Gamble. This index is commonly used as reference to determine how the corporate environment is 
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Transportation 
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Medical care 
9% 

Recreation 
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Communication 
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3% 

US CPI All Urban/All Items index weights 

http://www.bls.gov/cpi/usri_2015.txt
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doing in US, as such I believe this index is the most important one to compare the commodity 

movements with, and will be a good proxy of bonds. 

11.2.4 BOFA Merrill Lynch Corporate Bond Index  

This bond index is constructed similarly to the S&P 500 index, in that it uses the same 500 

companies, but instead of owning equity, this index holds the associated bonds. This index is very 

low risk and gives a continuous low payoff. It is a good approximation of the relationship to bond 

holding for the risk-averse investor and does not intrudoce much risk of default that has to be paid 

special care of. As such this index is a good choice for the analysis of correlation between bond 

returns and commodity returns. 

11.3 Returns calculation 

Generally speaking there are two prevailing methods for calculating returns, discrete and lognormal. 

For most practical purposes in short time periods these will be almost identical and as such will not 

affect the conclusion in any significant way.  The primary difference is in the aggregation of returns. 

Discrete or arithmetic returns allow for easy cross section aggregation whereas log returns allow for 

easier time-aggregation. As such it matters only if aggregation in either the cross sectional or time 

series setting, else they can be taken as equal.  

One thing to consider when deciding on returns calculation is if it is possible for the price of the 

studied to become negative.  If not one can assume a lognormal distribution of prices and therefore 

go directly to normally distributed returns. But, while it is highly unlikely that a commodity futures 

price become negative, it is not out of the scope of reality. In fact, especially for electricity (a 

commodity I for several reasons, including this one has left out) negative prices are not unheard of. 

Therefore to allow for this potentiality and given that the effect on the analysis is at worst minimal I 

have chosen to go with the simple returns calculation using the following formula: 
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12 Results 

This section of the paper is structured as follows. First I will go through the results for the Correlation 

calculation of Pearson and Spearman, then I will go through the results of the Z-test. After this I will 

move on to the results from the fractal dimension estimation using the Hall-Wood, Variogram and 

Periodogram estimators and the Average Absolute Deviation of these from the Efficient market of D 

= 1.5. Then I will go through the results of the T-test on the fractal dimension results on all three 

estimators. Then I move on to the Hurst Exponent results of the Rescaled Range analysis and follow 

the same procedure. In the end I will show a graph of the Hurst Exponent to the 3 different fractal 

dimension result, showing the deviation from the theoretical relation between the Hurst Exponent 

on the returns and the Fractal Dimension on the prices ( D = 2-H). 

12.1 Correlation results 

In the following I will go through, the results obtained from calculating the correlation coefficent of 

both Pearson and the Spearman. Since correlation parameters can only be calculated between two 

time series of the same length It has been necessary to significantly shorten the length of the time 

series. This has primarily effected the time series length prior to the event window given that this is 

where some commodities have been missing their values. Therefore the results obtained can be hard 

to compare, but thankfully, the fourier transform and confidence interval takes into account the 

length of the time series and it should not pose a problem.  The pre-event window runs from 

[3532:4959] and the post event window [5742:9262] as it quite evident the post event window is 

almost 3 times as big. The effect on the confidence interval of the Z score however is less than might 

be expected, below is the standard error of the pre and post event window Z distribution: 
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As is well known the 95% confidence interval is approximately ±1.96 times the standard deviation. 

Before divulging into the calculations, it is prudent to give a description of the correlation prior and 

post by a simple visual inspection. Below are two correlation plots, showing the correlation before 

and after the event window measured using the Pearson correlation coefficient.  

In the plots above, a darker blue colour signifies a larger positive correlation, the lighter the blue the 

less positive. A dark red colour would suggest a large negative correlation and a light red would 

suggest a small negative correlation. 

From the two plots, it is quite clear that separating the different commodities into sections such as 

agricultural, industrials et cetera is not unfounded. Using the Pearson correlation coefficient it is 

quite clear that some of the groups of commodities are more intra correlated and less correlated 

with any commodity not in their grouping. Not surprisingly the biggest negative correlation post 

event are found between livestock and agricultural commodities, however this correlation seems to 

falter after the event. 

Precious metals have a negative correlation with the bond portfolio in the post event window which 

seems to disappear after the event.  Likewise the correlations between industrial metals and 

precious metals have increased in the positive direction, suggesting perhaps that since the 

financialization, metals formerly known as precious metals have worked their way into industrial use. 

Figure 11 Post Event Window Pearson’s Correlation Figure 12 Pre Event Window Pearson’s Correlation  
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 Looking at the same kinds of plot for the Spearman rank correlation reveals an almost identical. It 

seems then that neither of the two measures is distinctly better than the other in describing the 

relationship between the studied commodities. 

 

Using both methods, it is also quite evident that the correlations between commodities in general 

have become more positively correlated, except for the correlation between bonds and stock which 

have become more negatively correlated; however this is of little interest for this thesis. Using the Z-

test methodology described in the methodology paper I have constructed a matrix with the same 

setup as a correlation matrix, however, as opposed to contain numbers or shades indicating 

Figure 14 Pre Event Window Spearman's Rank Correlation Figure 13 Post Event Window Spearmans Rank Correlation 

S.P500 Bonds Corn Wheat SoyabeansOats Rough.RiceCocoa Coffee Sugar Orange.JuiceLive.CattleFeeder.CattleBrent.Crude.OilNatural.GasCopper Lead Zinc AluminiumNickel Gold Silver Platinum Rubber

S.P500 NA Neg Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos No Pos Pos Pos Pos Pos Pos Pos Pos No

Bonds Neg NA No No No No No No No No No No Neg Neg No No No No No No Pos Pos Pos Pos

Corn Pos No NA Pos Neg Neg No No Pos Pos No Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos No

Wheat Pos No Pos NA No No Pos No Pos Pos No No Pos Pos Pos Pos Pos Pos Pos No No No Pos No

Soyabeans Pos No Neg No NA Neg Pos No Pos Pos Pos No Pos Pos Pos Pos Pos Pos Pos Pos No Pos Pos Pos

Oats Pos No Neg No Neg NA No No Pos Pos No No Pos Pos No Pos Pos Pos Pos Pos No No Pos No

Rough Rice Pos No No Pos Pos No NA Pos Pos Pos No No No Pos No Pos Pos No Pos No No No Pos No

Cocoa Pos No No No No No Pos NA Pos No No Pos Pos Pos Pos Pos No No Pos No No Pos Pos Pos

Coffee Pos No Pos Pos Pos Pos Pos Pos NA Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos No

Sugar Pos No Pos Pos Pos Pos Pos No Pos NA No Pos No Pos No Pos Pos Pos Pos Pos Pos Pos Pos No

Orange Juice Pos No No No Pos No No No Pos No NA No Pos Pos No No No No Pos No Pos Pos Pos No

Live Cattle Pos No Pos No No No No Pos Pos Pos No NA Pos No No Pos No No Pos Pos No No No No

Feeder Cattle Pos Neg Pos Pos Pos Pos No Pos Pos No Pos Pos NA No No Pos Pos No No Pos No Pos Pos No

Brent Crude Oil Pos Neg Pos Pos Pos Pos Pos Pos Pos Pos Pos No No NA Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos

Natural Gas No No Pos Pos Pos No No Pos Pos No No No No Pos NA No No No Pos No No No Pos No

Copper Pos No Pos Pos Pos Pos Pos Pos Pos Pos No Pos Pos Pos No NA Pos Pos Pos Pos Pos Pos Pos Pos

Lead Pos No Pos Pos Pos Pos Pos No Pos Pos No No Pos Pos No Pos NA Pos Pos Pos Pos Pos Pos Pos

Zinc Pos No Pos Pos Pos Pos No No Pos Pos No No No Pos No Pos Pos NA Pos Pos Pos Pos Pos Pos

Aluminium Pos No Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos No Pos Pos Pos Pos Pos NA Pos Pos Pos Pos No

Nickel Pos No Pos No Pos Pos No No Pos Pos No Pos Pos Pos No Pos Pos Pos Pos NA Pos Pos Pos No

Gold Pos Pos Pos No No No No No Pos Pos Pos No No Pos No Pos Pos Pos Pos Pos NA Pos No Pos

Silver Pos Pos Pos No Pos No No Pos Pos Pos Pos No Pos Pos No Pos Pos Pos Pos Pos Pos NA Pos Pos

Platinum Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos No Pos Pos Pos Pos Pos Pos Pos Pos No Pos NA Pos

Rubber No Pos No No Pos No No Pos No No No No No Pos No Pos Pos Pos No No Pos Pos Pos NA

Figure 15 Spearman Correlation matrix of significance 
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correlation, the plot below indicates whether or not the correlation is significantly different between 

the periods. 

The green spaces indicate a significant positive change in the correlation between periods, the red 

marks a significant negative correlation and the yellow signifies no significant change in the 

correlation. It is quite evident that the correlation between commodities in general and the stock 

market has had a significant positive increase almost all commodities. It is very interesting that 

except for rubber, orange juice, oats and natural gas, the correlation between the stock market and 

commodities have become significantly more positively correlated using both the Spearman and 

Pearson correlation.  This supports the findings of Tang and Xiong (2012) which studies index 

investments effect on commodities relation to each other, which also finds a significant increase of 

positive correlation, on almost all commodities correlation with the S&P 500 index. What is even also 

interesting is that the components of the S&P GSCI index, does not include rubber, orange juice or 

oats. It does however include natural gas. This difference of change in correlation may further 

support the notion that financialization of commodity markets have had an effect on the behaviour 

of commodity prices. Even though the spearman correlation have seen a significant positive 

correlation for both oats and orange juice in relation to S&P 500, the change is only barely 

significant.3 The fact that Oats pearson correlation becme significantly more negative compared to 

before also suggest a more profound intra-commodity effect of the financialization depending on 

each commodities presence in the indices. This will be expanded upon in the discussion session. I will 

now move to the results of the fractal dimension analysis. 

                                                           
3
 See excel sheet for numbered matrix 

S.P500 Bonds Corn Wheat SoyabeansOats Rough RiceCocoa Coffee Sugar Orange JuiceLive CattleFeeder CattleBrent Crude OilNatural GasCopper Lead Zinc AluminiumNickel Gold Silver Platinum Rubber

S.P500 NA Neg Pos Pos Pos No Pos Pos Pos Pos No Pos Pos Pos No Pos Pos Pos Pos Pos Pos Pos Pos No

Bonds Neg NA No No No No No No No No No No No Neg No No No No No No Pos Pos Pos Pos

Corn Pos No NA Pos No Neg No No Pos Pos No Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos No

Wheat Pos No Pos NA Pos Neg Pos No Pos Pos No Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos No

SoyabeansPos No No Pos NA Neg Pos No Pos Pos No Pos Pos Pos Pos Pos Pos Pos Pos Pos No Pos Pos Pos

Oats No No Neg Neg Neg NA No No Pos Pos No Pos Pos Pos Pos Pos Pos Pos Pos Pos No No Pos No

Rough RicePos No No Pos Pos No NA Pos Pos Pos No No No Pos No Pos Pos Pos Pos Pos Pos Pos Pos Pos

Cocoa Pos No No No No No Pos NA Pos No No Pos Pos Pos Pos Pos Pos Pos Pos No Pos Pos Pos Pos

Coffee Pos No Pos Pos Pos Pos Pos Pos NA Pos Pos Pos Pos Pos No Pos Pos Pos Pos Pos Pos Pos Pos No

Sugar Pos No Pos Pos Pos Pos Pos No Pos NA No Pos No Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos No

Orange JuiceNo No No No No No No No Pos No NA No Pos Pos No Pos No No No No No Pos Pos No

Live CattlePos No Pos Pos Pos Pos No Pos Pos Pos No NA Pos Pos No Pos No No Pos No No No No No

Feeder CattlePos No Pos Pos Pos Pos No Pos Pos No Pos Pos NA Pos No Pos No No No No No Pos Pos No

Brent Crude OilPos Neg Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos NA Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos

Natural GasNo No Pos Pos Pos Pos No Pos No Pos No No No Pos NA Pos No No Pos Pos No Pos Pos No

Copper Pos No Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos NA Pos Pos Pos Pos Pos Pos Pos Pos

Lead Pos No Pos Pos Pos Pos Pos Pos Pos Pos No No No Pos No Pos NA Pos Pos Pos Pos Pos Pos Pos

Zinc Pos No Pos Pos Pos Pos Pos Pos Pos Pos No No No Pos No Pos Pos NA Pos Pos Pos Pos Pos Pos

AluminiumPos No Pos Pos Pos Pos Pos Pos Pos Pos No Pos No Pos Pos Pos Pos Pos NA Pos Pos Pos Pos No

Nickel Pos No Pos Pos Pos Pos Pos No Pos Pos No No No Pos Pos Pos Pos Pos Pos NA Pos Pos Pos No

Gold Pos Pos Pos Pos No No Pos Pos Pos Pos No No No Pos No Pos Pos Pos Pos Pos NA Pos No Pos

Silver Pos Pos Pos Pos Pos No Pos Pos Pos Pos Pos No Pos Pos Pos Pos Pos Pos Pos Pos Pos NA Pos Pos

Platinum Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos Pos No Pos Pos Pos Pos Pos Pos Pos Pos No Pos NA Pos

Rubber No Pos No No Pos No Pos Pos No No No No No Pos No Pos Pos Pos No No Pos Pos Pos NA

Figure 16 Pearson Correlation matrix of significance 
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12.1.1 Commodities relationship with inflation 

As discussed in the previous theoretical view of commodities relationship with inflation. 

Commodities have generally been assumed to posses the ability to protect the investor against 

inflation, both expected and unexpected. As such on would assume that the correlation between 

inflation and the GSCI index would be very high, at the very least prior to the even period. If we 

examine the graph below this picture is quite different. The GSCI index is way more up and down, 

especially from 1989 to 1999. Below are the pre and post event period graphs of GSCI and the US 

CPI. 

 

Figure 17 graph of the pre event time series for CPI index and GSCI Commodity index 

 

Figure 18 Graph of the post event time series for CPI index and GSCI Commodity Index 

50 

70 

90 

110 

130 

150 

170 

190 

400 

900 

1400 

1900 

2400 

2900 

3400 

3900 

4400 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

0
1

-0
1

-…
 

Pre event period 

Monthly GSCI 
commodity TR 

US CPI - ALL 
URBAN: ALL 
ITEMS SADJ 

150 

170 

190 

210 

230 

250 

270 

1900 
2900 
3900 
4900 
5900 
6900 
7900 
8900 
9900 

10900 

0
1

-0
1

-2
0

0
2

 

0
1

-1
2

-2
0

0
2

 

0
1

-1
1

-2
0

0
3

 

0
1

-1
0

-2
0

0
4

 

0
1

-0
9

-2
0

0
5

 

0
1

-0
8

-2
0

0
6

 

0
1

-0
7

-2
0

0
7

 

0
1

-0
6

-2
0

0
8

 

0
1

-0
5

-2
0

0
9

 

0
1

-0
4

-2
0

1
0

 

0
1

-0
3

-2
0

1
1

 

0
1

-0
2

-2
0

1
2

 

0
1

-0
1

-2
0

1
3

 

0
1

-1
2

-2
0

1
3

 

0
1

-1
1

-2
0

1
4

 

0
1

-1
0

-2
0

1
5

 

Post event period 

Monthly GSCI commodity TR 

US CPI - ALL URBAN: ALL ITEMS 
SADJ 



 65 

While there is certainly a trend in both inflation and the Total return of GSCI, they do not seem to 

have anything more in common than the upward trend, but the timing of when the moves are 

upward are essential for the correlation. Except for the big crash in 2008 the GSCI and CPI have 

moved very similarly in the post event period, which would suggest a higher correlation post event 

then pre event. 

The table below showcases exactly this, with the correlation calculation using both Pearson and 

Spearman correlation parameters. 

Monthly Return Correlation 

  Pearson  Spearman 

Pre event 0.1319508 0.148056 

Post event 0.5586848 0.44639 

Z-test -4.8430367 -4.23925 

 

The table show that the monthly return correlation using either correlation method indicates a 

statistically significant increase in the correlation with inflation.  

 

12.2 Fractal Dimension results 

The below tables include the fractal dimension, pre and post event, as estimated by the Hall-Wood, 

Variogram and Periodogram estimators and the simple average of these 3 estimates. At first I will 

discuss the different values pre event, then post event and in the end compare and contrast and if 

they are significantly different. 

Distance is calculated, as each estimators absolute distance from the efficient market of D=1.5 as 

such: 

       
      

      

 

 

   

 

Where K is the amount number of estimators, and i is a counter from i=1,2...K. 
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Pre event fractal dimension 

Commodity 
Hall-
Wood Variogram Periodogram 

Dist. To 
D = 1.5 

Corn 1.4131 1.4617 1.4928 0.04415 

Wheat 1.4410 1.4581 1.5413 0.04741 

Soybeans 1.4667 1.4674 1.5702 0.04539 

Oats 1.4077 1.4168 1.5928 0.08941 

Rough Rice 1.3760 1.3618 1.2774 0.16160 

Cocoa 1.4712 1.5007 1.5691 0.03286 

Coffee C 1.4665 1.4907 1.4338 0.03635 

Sugar #11 1.4614 1.7032 1.7289 0.15691 

Frozen Orange 
Juice 1.3986 1.5062 1.3060 0.10051 

Live Cattle 1.4154 1.4894 1.6172 0.07081 

Feeder Cattle 1.4460 1.4856 1.4892 0.02638 

Brent Crude Oil 1.3638 1.4887 1.7044 0.11731 

Natural Gas 1.4424 1.5134 1.7971 0.12270 

High Grade 
Copper 1.5328 1.5356 1.5053 0.02458 

Lead 1.4274 1.4596 1.6105 0.07447 

Zinc 1.4742 1.4915 1.2998 0.07818 

Aluminum 1.4397 1.4286 1.5796 0.07045 

Nickel 1.4604 1.4600 1.3995 0.06002 

Gold 1.4700 1.5466 1.6068 0.06112 

Silver 1.4617 1.5268 1.5728 0.04597 

Platinum 1.4433 1.4918 1.5670 0.04396 

Rubber 1.4521 1.4712 1.5393 0.03866 

 

I will now go through the estimator values and point out particularly interesting differences for the 

individual commodities, before going through the results on a commodity class basis. 

It’s interesting that the Variogram and Periodogram estimators for Sugar #11 are substantially higher 

at approximately D=1.7, while the Hall-Wood estimator suggest that the fractal dimension is much 

closer to the prediction of the efficient markets.  

 All metals, both precious and industrial, have Variogram and Hall-Wood estimators that agree, but 

the Periodogram estimator – which as one will recall is less precise – moves around more violently 

especially for Nickel, Zinc and Lead. This suggests that these commodities follow more closely the 

results of the Variogram and Hall-Wood estimator while the Periodogram estimator may be both 

over and underestimating the actual fractal dimensions. Brent Crude Oil is special since, not a single 

one of the estimators are close, DHW = 1.36, DV = 1.49 and DP = 1.7, this suggest a time series which 

have the potential of being both, mean-reverting, mean-averting and efficient, which of course 
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cannot be the case at the same time. However it may be the case in different parts of the series. This 

highlights the importance of using several estimators, since using only one could potentially lead one 

to a false conclusion in either direction. One case where all estimators agree is Rough Rice. Here they 

all found mean-reverting patterns, which could be exploited in trade, and using the argument of 

efficient markets this pattern should disappear after the financialization. 

 

All estimators of Feeder Cattle are generally in the vicinity of each other with, DHW = 1.45, DV = 1.49 

and DP = 1.49, this mean that any gained from the estimation is more likely to be correct given that 

the methods fractal dimension estimates are very similar. This is expressly not the case for Live 

cattle, which have an average distance to D = 1.5 that are 2.7 times higher. If we look the same way 

on the Grains, (i.e. Corn,Wheat, Soybeans, Oats, Rough Rice) with the exception of Rough Rice the 

tendency for the estimation is clear, the Hall-Wood is the lowest value, the Variogram is slightly 

higher and the Periodogram is higher still. For Corn the difference is the smallest between Variogram 

and Periodogram but the highest between Hall-Wood and Variogram, for the rest the difference 

between Hall-Wood and Variogram are very small but the difference is big between Variogram and 

Periodogram values.  

If we look at the commodities as classes, then I can determine if there seem to be a difference in the 

fractal dimension based on the classes alone. One way of looking at it, is the distance of which each 

average of the fractal dimension differs from the efficient market fractal dimension, i.e. the memory-

less time series, D= 1.5. Measuring the average of absolute distance of each commodity class yields: 

 

Pre event 

Class AAD 

Grains 0.0776 

Softs 0.0979 

Livestock 0.0486 

energy 0.1200 

metals (ind) 0.0615 

metals (prec) 0.0503 

other 0.0387 

 

On average then, the class of commodities who differ least from the fractal dimension of D = 1.5 is 

“other” which is only comprised of rubber. This is striking in that this commodity class is typically of 
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smaller importance, and if one recalls the earlier graph of trading volume, rubber was traded on a 

much smaller scale than say the energy commodities, which paradoxically have the largest deviation 

from D = 1.5. Other than that the AAD is generally speaking, similar with the big groups,( agriculture, 

metals, energy, others) in the the AAD of precious and industrial metals are very similar and the AAD 

of Grains and Softs are very similar. However as noted above, and as shown in the fractal dimension 

table, these AAD can be largely contributed to a single or two commodities rather than a general 

trend. Next I turn my attention to the post event results in the table below. 

 

Post event Fractal Dimension 

Commodity Hall-Wood Variogram Periodogram dist 

Corn 1.4541 1.4806 1.4822 0.02770 

Wheat 1.4965 1.4802 1.4937 0.00990 

Soybeans 1.4574 1.4860 1.5222 0.02626 

Oats 1.4000 1.4472 1.5991 0.08395 

Rough Rice 1.4491 1.4439 1.5206 0.04251 

Cocoa 1.4040 1.4889 1.5512 0.05278 

Coffee C 1.4793 1.5300 1.5333 0.02801 

Sugar #11 1.4699 1.6753 1.5294 0.07830 

Frozen Orange Juice 1.3722 1.4606 1.5703 0.07919 

Live Cattle 1.4181 1.4660 1.5456 0.05382 

Feeder Cattle 1.3969 1.4238 1.5284 0.06921 

Brent Crude Oil 1.5597 1.5381 1.4748 0.04101 

Natural Gas 1.5332 1.5407 1.3973 0.05888 

High Grade Copper 1.5222 1.5544 1.4324 0.04805 

Lead 1.4968 1.4521 1.4600 0.03039 

Zinc 1.4942 1.4997 1.5067 0.00428 

Aluminum 1.5478 1.5271 1.5224 0.03245 

Nickel 1.4761 1.4765 1.5680 0.03850 

Gold 1.4498 1.5085 1.4565 0.03406 

Silver 1.4794 1.4962 1.4021 0.04077 

Platinum 1.4600 1.4453 1.4648 0.04330 

Rubber 1.4164 1.4813 1.4890 0.03777 

 

With the exception of Cocoa, every single agriculture commodity have moved their fractal dimension 

closer to D = 1.5. Frozen Orange Juice still have very different fractal dimension depending on 

estimation technique Post event. Pre event Frozen Orange Juice was also inconsistent among 

estimators, but the difference aired on estimating lower than D = 1.5, Post event each single 

estimator is roughly different by 0.1, with the Hall-Wood estimator being estimating almost the same 
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fractal dimension in both cases, and the Periodogram estimator changing the most. 

 Corn, Wheat and Soybeans have for all 3 estimation techniques moved closer to fractal dimension of 

D = 1.5, with no big deviation among the estimators. Rough Rice is interesting because of its big 

change towards D = 1.5, with all estimators moving closer, its average fractal dimension moved from 

1.3384 to 1.4712 and constitutes the by far biggest change among the agricultural class and indeed 

the entire sample.  

Live Cattle fractal dimension estimators Post event are more in tune and agree to a larger degree 

than before, but Feeder Cattle has, primarily due to a lowering in the fractal dimension of the Hall-

Wood and Variogram estimators moved away from the desired D = 1.5, which goes against the more 

efficient market hypothesis. Both Brent Crude Oil and Natural Gas has improved markedly, especially 

in the Periodogram estimation, where they both changed markedly, and so too has the Hall-Wood 

estimator moved toward D = 1.5, only the Variogram estimator remains somewhat similar.  

Looking at Zinc, the most notably change is that the Periodogram estimator now is agreeing with the 

fractal dimension values of the other estimators, whereas before it found D=1.2998 it now finds D = 

1.5067, which is also very similar to the fractal dimension values of Hall-Wood and Variogram values 

of D, both pre and post event. This could suggest that the value obtained post event from the 

Periodogram estimator was mis-estimated, or that the time series has become less complex but 

more random. For Lead both the Hall-Wood and Periodogram estimators found a more efficient time 

series with their fractal dimensions being close to D = 1.5 post event. The Hall-Wood and Variogram 

estimators generally agreed both pre and post event for Silver, Platinum, Nickel but the Periodogram 

changing directions to the opposite side of D=1.5 for all these metal commodities. Next I turn my 

attention to the average absolute deviation of each class of commodities post event. 

Post event 

Class AAD 

Grains 0.0381 

soft 0.0596 

Livestock 0.0615 

energy 0.0499 

metals (ind) 0.0307 

metals (prec) 0.0394 

other 0.0378 

 

Immediately one can see that the overall picture is one of much smaller deviation to D = 1.5. Both 

subclasses, Grains and Soft have lowered their AAD by 0.04, which is almost an increase in ‘efficiency’ 

of 50% for both classes. Livestock on the other hand has become slightly more ‘inefficent’ as 
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measured by AAD, and have in fact increased its AAD by approximately 50%. Energy has lowered its 

AAD by the most from 0.12 to 0.06, and while it is still the one with the biggest AAD, it now has a 

lower AAD then most of the other classes had pre event. Both metallic groups have in general have 

40-50% less deviation, while other(rubber) has almost identical deviation post and pre event. 

Having established the results of the post and pre event estimators and looked at the AAD as well 

one the following is a table of the T-test results. Below is a table of the t-test results. Note that since, 

the result is obtained by subtracting the post event value from the pre event value a negative t-stat 

suggest an increase in the fractal dimension whereas a positive value suggest a decrease in the 

fractal dimension.  

Table 3 table of T-statistics for fractal dimension estimators 

Test of Fractal Dimension Significant Different Between Event 

Commodity HW T-stat V T-stat P T-stat 

Corn -1.033 -0.723 0.085 

Wheat -1.396 -0.845 0.381 

Soybeans 0.233 -0.712 0.384 

Oats 0.193 -1.162 -0.051 

Rough Rice -1.841* -3.139(***) -1.946* 

Cocoa 1.692 0.450 0.143 

Coffee C -0.322 -1.506 -0.796 

Sugar #11 -0.213 1.067 1.596 

Frozen Orange Juice 0.664 1.744* -2.115** 

Live Cattle -0.068 0.894 0.573 

Feeder Cattle 1.236 2.364** -0.314 

Brent Crude Oil -4.930(***) -1.890* 1.837* 
4Natural Gas -2.284** -1.044 3.199(***) 

High Grade Copper 0.268 -0.718 0.583 

Lead -1.745* 0.287 1.204 

Zinc -0.504 -0.312 -1.656* 

Aluminium -2.720(***) -3.770(***) 0.457 

Nickel -0.395 -0.628 -1.348 

Gold 0.509 1.456 1.202 

Silver -0.445 1.170 1.365 

Platinum -0.421 1.780* 0.818 

Rubber 0.899 -0.384 0.402 

The T-statistic is calculated using the following formula: 

                                                           
4
 if marked by * significant with 90% confidence interval (critical value 1.645) 

If marked by ** it is significant with 95% confidence interval (critical value 1.96) 
If marked by *** it is significant with 98% confidence interval (critical value  2.326) 
if marked by (***) it is significant with 99% or above (critical value 2.576+) 
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Starting from the top, Rough Rice has a significant positive increase in the fractal dimension for all 

estimators with 90% confidence, and for the Variogram estimator it is with 99% certainty a 

difference. For the other two estimators, the t-start is very close to being significant in the 95% 

interval which is the standard for accepting in statistics. The average value of Rough Rice pre event 

was D = 1.34 and post event D =1.47 suggesting a statistically significant more efficient market for 

Rough Rice. Note also that all fractal dimension estimates went the same direction, i.e. positive and 

closer to the theoretical efficient market of D = 1.5. 

For Frozen Orange Juice the Variogram and Periodogram had a significant positive increase in the 

fractal dimension, in 90% and 95% interval respectively while the Hall-Wood estimator had no 

significant change. For Feeder Cattle only the T-test for the Variogram estimator found a significant 

increase in the fractal dimension. For Brent Crude Oil, all the T-test found a significant change in the 

fractal dimension on a 90% confidence interval. The difference being that the change for the Hall-

Wood test, showed an above 99% confidence in the positive increase of the fractal dimension. The 

Periodogram showed a 90% significance level of negative difference, i.e. that the post event fractal 

dimension was significantly lower. However as the post event value of the Periodogram estimator for 

Brent Crude Oil was D = 1.7 and it fell to D = 1.47 the overall picture was an increase in efficiency all 

round. For Natural Gas the T-test showed a significant difference for both the Hall-Wood and 

Periodogram estimator, on 99% and 95% significance level respectively. However they moved in 

opposite direction, but they also both lowered the distance to the efficient market of D = 1.5.  For 

Lead only the Hall-Wood estimator showed a significant change in the fractal dimension, but only at 

a 90% significance level. Zinc is only barely significant on the 90% confidence interval on the 

Periodgram estimation. Aluminium is very interesting because both the Hall-Wood and Variogram 

estimators are significantly positively different with 99% confidence. But the Periodogram showed no 

significant difference at all. However, they all fell pretty much in line post event. The last significant 

change is also in the 90% confidence area, and that is the Variogram estimation T-test of platinum. 

Otherwise none of the others showed any significant change at all. That means out of 22 

commodities, using a T-test on the fractal dimension of 3 estimators, 14 showed no difference in 

either. Of those remaining 8 only 2 commodities (Brent Crude Oil, Rough Rice) showed a significant 

change on all 3 estimators.  In the following I will go through the R/S analysis estimated Hurst 

Exponent. 
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12.3 Hurst Exponent Results 

In the following I will go through the Rescaled Range analysis results in the same way as was done for 

the fractal dimension results. Below is the table of both the pre and post event Hurst exponent 

estimation. 

Table 4 Pre and Post event Hurst Exponent for the Rescaled Range Analysis 

Hurst Exponent table R/S method 

Commodity Pre-Event Post-Event 

Corn 0.5598 0.5320 

Wheat 0.5332 0.5207 

Soybeans 0.5086 0.5324 

Oats 0.5239 0.4874 

Rough Rice 0.5617 0.5325 

Cocoa 0.4851 0.4524 

Coffee C 0.5416 0.5042 

Sugar #11 0.4876 0.5076 

Frozen Orange Juice 0.4808 0.5016 

Live Cattle 0.4851 0.4642 

Feeder Cattle 0.5265 0.5314 

Brent Crude Oil 0.5065 0.5368 

Natural Gas 0.4997 0.5030 

High Grade Copper 0.4941 0.5304 

Lead 0.5361 0.5000 

Zinc 0.5547 0.4708 

Aluminum 0.5811 0.4897 

Nickel 0.5475 0.5034 

Gold 0.5202 0.5425 

Silver 0.4943 0.5468 

Platinum 0.5314 0.5530 

Rubber 0.5311 0.5820 

 

The table above depicts the Hurst Exponent results, Pre and Post event period. The table below 

shows the AAD values of each sub classes’ pre and post event. 
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Table 5 AAD for the Pre and Post event 

AAD Hurst Exponent 

Class Pre event Post event 

Grains 0.0374 0.0260 

Softs 0.0220 0.0152 

Livestock 0.0207 0.0336 

Energy 0.0034 0.0199 

Metals Industrial 0.0451 0.0147 

Metals Precious 0.0191 0.0474 

Other 0.0311 0.0820 

 

The immediate picture is that with the exception of Metals Industrial, Grains and Softs the others 

have diverged more from the efficient H = 0.5 post event than before the event. The biggest 

differences were found in the Hurst exponent change of Aluminium, Zinc and Rubber. From the 

fractal dimension results of these only Aluminium was significantly different on 95% level (even more 

so, and on 2 estimators), while Zinc was significantly different in 90% on only one estimator. Rough 

Rice would be expected to go through a big change as was the case for the fractal dimension 

estimates, but in fact it ranks middle of the park in terms of the Hurst exponent changes. Another 

candidate from before, Brent Crude Oil also had a middle of the road amount of change from pre to 

post event. It seems then that the Hurst Exponent catches something different than what the fractal 

dimension estimators find.  Next I will determine if the changes in the Hurst exponent is statistically 

significant using the T-test. The T-statistic for each commodity below shows which of the rescaled 

range estimated Hurst exponent were significantly different. 
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Table 6 T-stastics comparing the estimation values of Hurstexponent 

Rescaled Range (Hurst exponent) 

Commodity T stat 

Corn 0.6610 

Wheat 0.2996 

Soybeans -0.5666 

Oats 0.8704 

Rough Rice 0.6941 

Cocoa 0.7790 

Coffee C 0.8918 

Sugar #11 -0.4763 

Frozen Orange Juice -0.4956 

Live Cattle 0.4960 

Feeder Cattle -0.1179 

Brent Crude Oil -0.7215 

Natural Gas -0.0799 

High Grade Copper -0.8634 

Lead 0.8609 

Zinc 1.9976** 

Aluminium 2.1745** 

Nickel 1.0498 

Gold -0.5304 

Silver -1.2513 

Platinum -0.5144 

Rubber -1.2112 

 

As was the case with the fractal dimension estimates, the Hurst exponent revealed a significant 

change in for Aluminium, and like the Periodogram estimator found a significant change in Zinc as 

well, both at the 95% confidence level. Other than these, according to the T-statistic, there was no 

significant difference between post and pre event Hurst exponent for any of the other commodities. 

The R/S estimated Hurst exponent showed to a much lesser degree changes in dependency, which 

suggest that the price changes might be less globally dependant than locally. This means that the 

theoretical relationship between fractal dimension and Hurst exponent is not found in this sample. 
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12.4 Hurst Exponent and Fractal Dimension Comparison 

As mentioned earlier there is a relationship between the Hurst Exponent and the Fractal Dimension. 

This theoretical relationship requires that: 

      

Which as one recalls means that for a Brownian motion with D = 1.5 the Hurst exponent is H = 0.5 on 

the wiener process that generates the Brownian motion. This is equivalent to the prices and returns 

on the prices that have been studied in this thesis. The graphs below showcase the relationship 

between the Hurst exponent and the different fractal dimensions.  

 

Figure 19 Graph of the pre event relationship between fractal dimension and Hurst exponent 

While none of the estimators can be said to be linked in the theoretical way, and such relationship 

cannot be observed. In all the cases the R-squared is so small that one would argue there to be no 

linear relationship between them. The results found are different than Kristoufek and Vosvrda (2013) 

who with a similar analysis found a positive relationship between fractal dimension estimates and 

Hurst exponents. However their data was compiled from 2000-2013 and should therefore resemble 

the results obtained post event more. 
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Figure 20 Graph of the post event relationship between fractal dimension and hurst exponent 

Now post event, the obtained relationship for the Hall-Wood estimator is similar to the results found 

by Kristoufek and Vosvrda(2013) but the relationship is still negative for the Variogram and 

Periodogram estimator. However, more so than pre event there seem to be even less of a linear 

relationship between the obtained values of the estimators, given that the R-squared for both Hall-

Wood and Variogram relationship to the R/S estimated Hurst is almost zero. 
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13 Discussion 

Having gone through the results of both the correlations and the different estimators of fractal 

dimension and Hurst exponent I will know discuss the results in relation to the research question of 

this thesis. Looking at both the Pearson and Spearman rank correlation’s the picture is that the inter-

correlation of almost all commodities have had a statistically significant positive increase measured 

using the Z-test on the fisher transform of the correlation parameters. However, the biggest Achilles 

heel of an event study – as outlined in section 4.1.7, is the potential of capturing effects happening 

during the event that does not pertain to the studied. With a large event window as used in this 

thesis, this problem may be exacerbated. Therefore, while one cannot disregard the fact that the 

results using either the simple Pearson correlation or the Spearman correlation show mostly a 

significant positive change, the changes may be unrelated to financialization. Simply speaking the 

correlation parameter is not always constant as noted by several authors such as Bodie and 

Rosansky(1980) and Gorton and Rouwenhorst(2005). Especially in the case of the subclasses of the 

Metal commodity group the increased inter-correlation between precious and industrial metals may 

be caused by the fact that the technology used in the financialization, i.e. telephones and computers, 

are produced using a lot of precious metals, especially gold – due to its great electricity conduction. 

While the technology changes are definitely the catalyst of the financialization of commodities, it was 

not the intent of this paper to capture those production changes as well. This however is unavoidable 

using the event study, and to take this into account one would need a substantial amount of 

information in regards to technology production and their use of precious metals as conductor – 

which require so much data that may have so many holes that the study might be void – especially 

when considered the point it is trying to make.  

A change of correlation that is quite interesting in terms of proving that financialization effects have 

affected the correlation structure is the fact that former negatively correlated commodities, Grains 

and Livestocks – are now positively correlated – significantly so. This goes in hand with the results 

found in Tang and Xiong(2012) which shows that commodities move more and more in hand than 

when index investment was low – index investment increase being a result of financialization. My 

results mirror their results given that almost all low and negatively correlated commodities now have 

a positive correlation with each other, be it statistically significant or not. 

The results of the comparison of the monthly return correlation, using again both Pearson and 

Spearman correlation indicate a substantial, statistically significant more positive correlation 

between inflation and commodity returns, on a monthly and yearly basis. The results mirror that of 
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Gorton ad Rouwenhorst(2005). There can be several reasons for this; When a financial frame of 

thought has been ingrained to be true, financial agent act as if it’s true, by acting like its true they 

affect the prices and then it becomes true (this is what many argue has happened to the Black-

Scholes option pricing model due to its increasing accuracy). A higher consumption of commodities in 

the consumer basket is going to lead commodities to comprise a larger percentage of CPI, as a result 

increasing their positive relationship. 

Of these two points, the first is directly related to the financialization factor. Changing market access 

and the related change of market participants mean that more financial investors have joined, i.e. 

financialization has occurred. They bring with them a school of thought that enhances the 

financialization effect. The second point however is not necessarily directly related to financialization 

and provides an explanation other than financialization for the increased correlation. The fact that 

both correlation of commodities to each other, and with stocks and inflation does however suggest a 

big shift in the dynamic and has definitely changed the perceived diversification benefits compared 

to stock and hedging ability for inflation. 

To answer the 3rd hypothesis I conducted price dependency test using both long range dependency 

test (Hurst) and locally dependency test (fractal dimension) and using a Monte-Carlo simulation 

bootstrapping a distribution of the estimators. The results were pretty clear, most commodity 

markets showed no significant market efficiency change using either methodology for the T-statistic. 

The biggest issue with the results is that, being well aware that the Periodogram estimator results 

were non-normal performed at T-test on the pre and post event. This was done because I deemed 

the difference irrelevant and I would rather have a result than leave it out due to minor deviation, as 

per the QQ-plot. Using several estimator as suggested by Gneiting et. Al.(2009) allowed me to 

compensate for this fact. 

The results suggest that the financialization have had no overall effect on the persistency of returns, 

be it locally or globally. Only a few commodities changed their local and global persistence measured 

on 90%, and even fewer with for higher significance – even fewer still was found significant for all 

estimators. Since the measured effect should be an overall effect, rather than a commodity specific 

effect this suggest that the financialization have had no effect on the market efficiency of 

commodities in general. The obtained results support the findings of Irwin and Sanders (2012), Tang 

and Xiong(2012) and Brunetti and Buyusahin(2009), which all use different methods of price change 

predictability to test for market efficiency.   
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If we recall that for a self-similar process like the Brownian motion, fractal dimension and Hurst 

exponent are theoretically linked D = 2-H. The results also indicated that this was not the case in 

practice, which means that the studied time series was not necessarily self-similar, and as such the 

local persistence was not translated to the global scale as would be expected. Unlike Kristoufek and 

Vosvrda(2012) I find a negative (albeit with low R-squared) relationship between the Hurst and 

fractal dimension on almost all estimators in both periods. This supports a higher relative market 

efficiency than found in Kirstoufek and Vosvrda(2012). However the r-squared for the results are 

generally so low that one cannot find any relationship between local persistence and global 

persistence.  
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14 Conclusion 

In this thesis I have studied the effect of the financialization of commodity markets, using a sample 

size of 24 commodities, with time series ranging from 1980-2016. Using historical papers from 

Chicago Board of Trade and time series of all commodities trading volume and open interest the 

financialization event window was determined to be 01-01-1999 to 01-01-2002. From this I 

calculated for post and pre event, the Pearson and Spearman correlation of all commodities as well 

as a stock and bond portfolio for comparison. Using the fisher transform I calculated the Z score 

equivalent and performed a comparable Z-test on the changes. The results showed an almost one 

sided change of the correlation of the commodities to a statistically significantly more positive 

correlation with each other and the stock portfolio. Using the same principle on the commodity index 

and the CPI I also found a statistically significant increase in the correlation between the two. As such 

the results clearly showed that over the course of the event, commodities relation with stocks and 

inflation was statistically significant. The correlation results a mirror that of Bodie and 

Rosansky(1980), Furlong and Ingenito(1995) and Irwin and Sanders(2012) who find that correlation 

of commodities have changed over time, especially the increased correlation with inflation. The 

results point in the direction, that for almost all commodities relationship with each other, the 

financialization have had a statistically significant effect on their correlation, with each other and 

both the stock market and inflation, using either the Pearson or Spearman correlation measures. 

However there we no significant change with their correlation to the bond market. As such one can 

conclude that the general effect of the financialization on correlation has been a positive increase in 

general correlation between commodities themselves, as well as, stocks and in particular inflation. As 

a result, for a 95% confidence interval I can reject hypothesis 1, 2a and 2b, but I since I found no 

change with bond market, I cannot reject the hypothesis that financialization have no impact on their 

correlation with bonds. 

 

I conducted market efficiency test using both fractal dimension and Hurst exponent estimators in 

order to capture both locally and globally persistent in efficiencies. Monte-Carlo simulations showed 

that of the 4 fractal dimension candidates the Hall-Wood, Variogram and Periodogram all had mean 

and median values close to the that actually fractal dimension of the simulation, whereas the Box-

Count estimator was not precise. Using the same Monte-Carlo simulation technique I found that the 

Rescaled Range method was a consistently good estimator. I then completed Jarque-Bera, Shapiro-

Wilk and visual QQ-plot test of the normality assumptions of the test and found only the 
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Periodogram to reject non-normality. While rejecting non-normality of the Periodogram, its QQ-plot 

was so close to normal that I used it in the T-test even though it violates the normality assumptions 

of the test. The results of the fractal dimension and Hurst exponent T-test was that few of the 

commodities price dependency were statistically significantly different from each other, and most 

were only found to be different in one of 4 estimators, with the exception of Rough Rice. The results 

of the test is pretty clear, using the described methodology I found no evidence to support any 

overall indication that the financialization of commodity markets have changed the local or global 

persistency. As such I must conclude that the financialization has not had a statistically significant 

effect on the price behaviour and as results I cannot reject hypothesis 3. My results support the 

finding of Irwin and Sanders(2012) and Kristoufek and Vosvrda(2013).  

Further research could use the same event study methodology but employ different techniques – 

perhaps even other fractal dimension or Hurst exponent estimations. It would be interesting to 

perform an event study test using a methodology similar to that of Charles and Olivier (2009) with 

their variance ratio tests or like Wang and Liu(2010) a detrended fluctuation analysis.  

Further research could diverge further and study if the financialization has increased volatility in 

commodity futures markets or taking a more macroeconomic angle, studying if it had an effect on 

commodity producing and consuming countries GDP. 
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16 Appendix 

 

16.1 Montecarlo simulation of fractal dimension 

length = 2000 

iterations = 1000 

for (k in 1:iterations){   

  y = rnorm(length) 

  for (i in 1:length){ 

      x[i] = 1/sqrt(length)*(sum(y[1:i])*sqrt(i)) 

    } 

 

 

d = fd.estim.variogram(x, plot.loglog = FALSE, nlags = "auto", plot.allpoints = FALSE, legend.type = 's', 

debuglevel=0)   

outputvariogram[k]  = d[[2]] 

d = fd.estim.hallwood(x, plot.loglog = FALSE, nlags = "auto", plot.allpoints = FALSE, legend.type = 's', 

debuglevel=0)  

outputhallwood[k] = d[[2]] 

d = fd.estim.boxcount(x, plot.loglog = FALSE, nlags = "auto", plot.allpoints = FALSE, legend.type = 's', 

debuglevel=0)   

outputboxcount[k]  = d[[2]] 

d = fd.estim.periodogram(x, plot.loglog = FALSE, nlags = "auto", plot.allpoints = FALSE, legend.type = 

's', debuglevel=0)   

outputperiodogram[k]  = d[[2]] 
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} 

16.2 Monte carlo simulation of Hurst exponent 

Iterations <-1000 

length(outputhurst) <- 1000 

for (k in 1:iterations){   

  y = rnorm(length) 

    d = hurstexp(y) 

      outputhurst[k]=d[[1]] 

  } 

 


