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Abstract 

The purpose of this thesis is to provide a stronger understanding of commodity markets by asking the 

question, is technical analysis a reliable tool for predicting future developments in prices of key 

commodities? Considering the recurring debate about the merits of the Efficient Market Hypothesis, 

this study is an exploratory study that seeks to test the hypothesis that technical trading systems have 

no predictive power in the commodity markets. According to the EMH there should be no predictive 

power of such a strategy since market efficiency ensures that all available information is reflected in 

today’s prices. Hence, past prices should provide no additional information about future prices if the 

market is efficient. Consequently, findings that indicate reliable predictive power of technical analysis 

also provide strong support for the argument that the commodity markets are not efficient in the weak 

form of market efficiency.  

In light of previous research on the EMH and technical trading, this study builds upon three separate 

methods to assess the research question. Where some of the previous research sometimes applied one 

or two methods on the same datasets, this study shows the strength of applying more methods on the 

same datasets. Each method adds a perspective on the data and the technical trading systems. 

Especially the application of both Monte Carlo simulations and comparisons of sub-period performance 

grant a strong support for accepting the null hypothesis.  

Using data for aluminum, copper, tin, and zinc prices from 1993 to 2013, the study finds that there is 

no predictive power of technical analysis. A review of the random walk properties of the data reveal 

that the prices in themselves differ significantly from the random walk hypothesis. However, the price 

changes exhibit some form of random behavior. Applying simple technical trading systems on the 

datasets show that some of the technical trading systems are able to make predictions about future 

market developments. However, applying those systems in EGARCH Monte Carlo simulations 

strongly suggests that the technical trading systems do not perform better than the market on a 

consistent basis. Identifying successful systems in one sub-period and then testing in other periods also 

underline that the systems are not able to perform consistently in- and out-of-sample.  

Consequently, the findings of the paper indicate that Burton G. Malkiel was right when he said, “Any 

successful technical scheme must ultimately be self-defeating.” 
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Introduction 

It is to state the obvious that commodities make the world go around. There is no product in this world 

that does not depend on raw materials in one way or another. No matter if they play an implicit, almost 

unknown role in the price mechanism, as in the case of cars that depend on metal prices, or if they play 

a clear, explicit role, as fuel oil does for airlines, the profits of any company depends on commodity 

prices. As a consequence, commodity trading is quintessential to many aspects of the world economy, 

especially global trade. The impact of the oil crisis in the 1970 provides just one example of how 

commodity prices play a pivotal role. The outcomes of that crisis led to substantial changes in 

industrial policies in many Western countries: A number of these countries decided to implement 

subsidies for production of alternative energy sources. 

Understanding developments in the commodity markets is thus also highly important to many 

companies. Whilst hoping that the company buys commodities when prices are low and selling when 

they are high, a key challenge for companies is to ensure stable prices (Tevelson, et al., 2013b). 

Ensuring stable prices enables especially manufacturing companies to optimize their production and 

deliver stable prices to consumers. Additionally, ensuring stable prices mitigates a major risk for 

companies since they can plan more easily and foresee their expenses (IHS, 2013). Understanding 

developments in the commodity markets is also a vital factor in negotiations with suppliers. When a 

sourcing manager has a reliable estimate of how the prices of raw materials will develop, he also has an 

idea how the prices of the product being sourced will develop. As these examples show, commodity 

markets understanding can be a competitive advantage to many companies.  

Consequently, the relevance of studying how we can improve and expand our knowledge of 

commodity markets has spurred the publication of a vast range of literature on the topic of 

commodities, which includes academic papers, research studies, global seminars, and practical how-to 

guides. Some of the topics that have been particularly important have been cost drivers, trade patterns, 

effects on national economies, commodity futures, and market conduct and performance. As a result, 

our understanding of the commodity markets has improved over the last decades, influencing both 

government and company policies. Importantly, these improvements have contributed to the 

development of the commodity futures markets and companies’ hedging activities, thereby benefiting 

those companies’ ability to achieve stable prices as mentioned above. But questions still linger 
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concerning the efficiency of commodity markets. Recent revelations of how some banks may have 

manipulated commodity trading serve as newsworthy examples (Kocieniewski, 2013). 

The main aspect for the procurement manager mentioned earlier is the ability to know or at least 

reliably estimate commodity price developments in the future for the commodities upon which the 

sourced products rely. A major hypothesis regarding price developments is the Efficient Market 

Hypothesis (EMH). The EMH states that in an efficient market all current information must be 

contained in today’s price and hence only new, unknown and uncertain information will influence 

tomorrow’s price. Price developments should thus assemble a random walk, i.e. the price tomorrow 

might as well increase as decrease because we do not know what will happen tomorrow (Fama, 1970). 

If we already know what will happen tomorrow, today’s price will reflect that. Hence, the EMH 

actually states that it should not be possible to make reliable predictions of the commodity price 

developments. If we already know what will happen tomorrow, we will obviously also act on that 

information today.  

However, the EMH has been criticized from a number of sides and trading systems that contradict the 

EMH have gained traction in many asset classes (such as stock markets, foreign exchange markets, and 

now commodity markets). One criticism is that the implication of the EMH is that no trader can 

generate an excess return from trying to predict the market. Such a trader would thus receive no benefit 

in compensation of the costs of searching for information to make predictions. When there is gain from 

information search, no trader will seek information; hence all information available will not be 

reflected in the prices (Grossman & Stiglitz, 1980) and prices will as such not be efficient. Another 

criticism of the EMH is that it overlooks the impact of human behavior. The field of behavioral finance 

has emerged with a range of explanations for why bubbles and market anomalies appear throughout 

time, which is not explained by the EMH. It is also relevant to highlight the popularity of tools such as 

technical trading among both professional and amateur traders in many asset markets (Malkiel, 2012). 

A motivation for the study of this paper is that corporations have started to utilize technical trading in 

trying to understand commodity market price developments. 

Technical analysis contradicts the EMH because it bases predictions of future market movements on 

past market movements: traders identify visual patterns in past prices and use them for predicting 
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tomorrow’s price. Considering that the empirical research into the profitability of technical analysis-

based trading in stock markets is still somewhat inconclusive (Park & Irwin, 2007), it appears evident 

to ask whether technical analysis actually is a useful tool for companies to predict price developments 

in commodity markets (Park & Irwin, 2007). Examining that question would provide companies with a 

good idea of whether they should embrace the tool further or seek other ways to understand the 

markets. Consequently, the research question of this thesis is: To what extent does technical analysis 

provide companies with reliable predictions of developments in prices of key commodities?  

Answering that question requires both an explanation and a discussion of questions such as: What is 

technical analysis? Why should technical analysis not be reliable? What is the efficient market 

hypothesis? What are predictions? How is reliable defined? What prices? What key commodities? 

Upon answering those questions, an empirical examination should highlight what the answer to the 

above research question could be and how that provides knowledge to companies that consider using 

technical analysis and trading for procurement and/or hedging purposes.  

The paper is built up around three main parts. The first part will outline why this study is needed. 

Departing from considerations of the methodological issues in modern economics relevant for this 

study, it will move on to the main reasons for conducting this study: Commodity market understanding 

is a competitive advantage, and the question remains whether markets are truly efficient. In 1.4 it will 

then focus on the concept of technical analysis, before 1.5 will review the existent research literature on 

the topic, which shows that a study of technical analysis in commodity markets is still needed.  

In part 2, the focus is the actual study conducted. This part will be split into chapters on the scope and 

limitations of the study, the overall method employed, the data generated and used for the empirical 

research, the models and tests applied to the data, and then this part will finally present the results.  

Part 3 will conclude the study and the paper, whilst discussing the practical implications of the findings 

and the perspectives for further research in order to broaden our understanding of the results in this 

paper.  
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Part 1: Purpose of the study 

There are good reasons for undertaking this study in order to advance both academia and practice in the 

business world. The introduction already pointed to some of these reasons, and this part will elaborate 

on these and introduce more. There are two threads of reasons, namely that there is still a need for 

testing the merits of the efficient market hypothesis in speculative markets (Park & Irwin, 2007) and 

that understanding commodity markets can provide companies with a competitive advantage. Taken 

together these two reasons drive this study and its objective to assess the predictive power of technical 

analysis in commodity spot markets in an exploratory manner. The following sections will describe 

these two reasons while the third section will combine these two to emphasize how this study will 

advance academic studies as well as have positive implications for business managers. These reasons 

and the objective of the study obviously presuppose a range of methodological arguments; therefore I 

begin this chapter with a methodological discussion. 

1.1 – Methodological considerations 

Is economics, or can it at all be, scientific as per the scientific method discussed by A.F. Chalmers 

(1998)? This is a question that deserves some pondering prior to initiating any study of economics, 

especially with regards to drawing any conclusions from it (McCloskey, 1983). However, the size 

limits of this paper constrain the extent of such a discussion considerably. While the following tries to 

be as concise as possible, it will by no means be exhaustive. Thus I advise the reader to confer sources 

such as Donald N. McCloskey (1983) and John Kenneth Galbraith (1987) for further perspectives on 

the scientific problems of economics.  

Classic positivistic economic theory has a strong objective ontological foundation. Observations 

provide the objective empiricism upon which its hypotheses and axioms rely. Stemming from a 

realistic epistemology, most economists employ empirical data to test a hypothesis according to the 

falsification principle (Chalmers, 1998; Saunders, et al., 2007).  Through mathematical proofs 

economists sought to create hypotheses that could be tested against observable quantitative data 

(empirical evidence) (McCloskey, 1983; Galbraith, 1987). The efficient market hypothesis has a strong 

connection to this classic positivistic economic theory.  
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However, such economic theory has faced much criticism. One criticism is that the use of mathematics, 

especially in the form of econometrics, has become so excessive that such economics has lost its 

relevance (McCloskey, 1983; Galbraith, 1987). Another criticism is that economics based on the 

expectations of rational individuals fails to account for much irrational behavior, which can be 

explained better in an interpretivistic epistemology (Bryman & Bell, 2003). The latter criticism will be 

explained more thoroughly in the section on behavioral finance, while the former deserves attention 

here. McCloskey (1983) and Galbraith (1987) argue that the excessive use of mathematic proofs in 

economics has come at the cost of relevance because each mathematic proof needs a number of strong 

assumptions in order to hold. Due to the strength of the assumptions, it is almost entirely impossible to 

confirm a hypothesis while it will be easy to falsify it if the assumptions do not hold. However, if a 

hypothesis fails due to its assumptions it is difficult to determine whether the hypothesis in itself 

actually holds or not (Chalmers, 1998). On the other hand, the scientific method still retains a good deal 

of value if academia is able to explicate the underlying assumptions and their rationale (McCloskey, 

1983). Thus, throughout this paper it is essential to make these assumptions explicit and understand 

their impact on the hypothesis testing. Furthermore, designing the study in accordance with such 

criticism alleviates some of the concerns, which can be done for example by using the idea of 

comparative studies (Saunders, et al., 2007) along with standard hypothesis testing.  

The criticism of the epistemological foundation for economics is considered in this paper but not 

included in the model testing. The starting point is that the concept of behavioral finance has shown 

that economics may have to consider qualitative factors that relate to an idealistic/interpretivistic 

epistemology (Baker, et al., 2004) (Bryman & Bell, 2003; Saunders, et al., 2007). The problem with 

this approach to economics is that many of the hypotheses that are created based on behavioral finance 

are not directly testable and are as such not strictly scientific (Chalmers, 1998). For example, while it is 

possible to falsify the efficient market hypothesis in its purest form, it is not possible to test directly 

whether it is due to noise traders in a market with limits to arbitrage or due to all markets participants 

being irrational. Consequently, behavioral finance will not be included as a factor in the test models, 

but it will certainly be included in the discussion of the results of the data analysis. 

In the chapter about the study and its method, I will return to what the above considerations imply for 

the structure and method of the study. Overall, the methodological reflections direct attention to why 
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the research question is phrased as it is. Acknowledging that the EMH implies a number of very strong 

assumptions about how markets work, I do not seek to prove or disprove it in and by itself – such 

exercise would be futile (Houthakker, 1961). Instead, the aim is to explore a concept that seems to 

violate the EMH, namely technical analysis. If technical analysis is able to give us precise, reliable 

predictions of future price developments in commodity markets, then commodity markets are not 

efficient in a strict EMH sense. the EMH as a theoretical concept may hold but that would be irrelevant 

if commodity markets fail to exhibit efficient behavior. In contrast, if technical analysis does not work, 

it suggests that commodity markets are efficient – at least to the extent that past prices cannot be used 

to predict future movements.  

1.2 - Commodity market understanding as a competitive advantage 

It is a fundamental fact that companies sustain themselves by being competitive in the market and 

creating superior value compared to their competitors. They do so by exploiting the competitive 

advantages that they possess. Competitive advantage is created and sustained through valuable, rare, 

inimitable, and non-substitutable physical resources such as raw material possession or human 

resources as well as capabilities. Capabilities are what make companies able to extract value from their 

resources. Capabilities can be created in fields such as sales, marketing, operations, finance, and many 

more. One such area is in procurement (Tevelson, et al., 2013a) where companies are increasingly 

focusing on building and developing capabilities to achieve an upper-hand towards both suppliers and 

competitors.  

There is increasing evidence that understanding commodity markets is such a capability that will drive 

the performance of not only procurement departments but whole companies (Tevelson, et al., 2013a). 

For example, when a company fails at understanding commodity markets and its own demands, it can 

end up wasting resources on hedging activities or ordering too large quantities, or it can end up being in 

a critical situation, when its stocks are too small or prices have increased exorbitantly (Busch, 2013). 

Building commodity market understanding as a capability in a procurement department can help buyers 

avoid buying at peaks of market prices, setting false expectations for top management in terms of 

future developments, being unprepared for changes in prices, and being pressured into drastic, rash 

purchasing decisions (IHS, 2013).  
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A recent study by Boston Consulting Group showed that some of the main objectives for commodity 

management in organizations were to achieve stable costs and/or lowest cost (Tevelson, et al., 2013b). 

This objective is not new, and for example Fabian, et al., (1959) made the case for how companies can 

stabilize the cost of commodity procurement in fluctuating markets by estimating the distributional 

range of future price developments. Later studies such as Arnold & Minner (2011) also find that being 

able to procure commodities (or products dependent on commodity price developments) in advance can 

provide companies with a competitive edge. However, being able to procure in advance means being 

able to predict future price developments with some reliability. 

In spite of all the reasons for achieving commodity market understanding, companies believe they do 

not have the necessary understanding in order to make reliable predictions of future developments in 

the markets (Kairos Commodities, 2013; Tevelson, et al., 2013b). This paper is about gaining such 

understanding. Commodity markets are asset markets where market players buy for use and sell for 

gain (Houthakker, 1961). Commodity markets are complex because many factors play a role in relation 

to their costs. Such factors include the weather, inventories, supply, demand, and technology (Baffes, 

2013). Over the recent decade, commodity markets have often been in the spotlight due to a high 

amount of volatility in the markets (Baffes & Haniotis, 2010), but as mentioned the interest is not new. 

For example, Ludwell Moore (1921) examined the existence of cycles through history, and did find 

some evidence of cycles. However, he did not find anything that could predict either the length or 

depth of those cycles in commodity markets. As other following studies have shown, commodity 

markets have been volatile and appearing to be random. Nevertheless, that has not prevented the 

popularization of technical analysis tools that are thought to be able to predict future movements in 

commodity prices (Bundgaard, 2013), which is what any procurement function would like to be able to 

do as argued above. Consequently, this paper aims at helping companies at least understand whether 

they can use technical analysis as a reliable predictor of future movements or if commodity markets 

truly do behave in a random fashion.  

1.3 - Are markets efficient? 

The efficient market hypothesis (EMH) is a cornerstone in modern finance theory and has served as the 

theoretical fundament for many modern finance tools (Bodie, et al., 2011). The popular notion is that 

stock prices follow a “random walk”, i.e. we do not and cannot know what the next step will be. Based 
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on the work of Maurice Kendall in the 1950s (Bodie, et al., 2011), research into the EMH has been a 

major part of academic studies in finance due to its many implications for practitioners in the field of 

finance as well as the rest of the business world. Despite the considerable research within the topic, 

there are still questions whether the EMH holds and in what form (Fama, 1970; Malkiel, 2003; Malkiel, 

2012). Before this chapter elaborates on the case for the EMH as well as for the case against it, it may 

be enlightening to show what the EMH basically says about price movements. Figure 1 shows the price 

development for three different commodities (aluminum, corn, and rubber) over the period 1993-2012, 

which highlights that the prices seem to fluctuate randomly (even though you may notice a somewhat 

positive overall trend and changing volatility). Figure 2 emphasizes the random fluctuations in the 

prices by showing the day-to-day changes in prices for the commodities.  

 

Figure 1 – Spot price developments 31-01-1993 to 28-12-2012 for aluminum (USD/metric ton), corn (US cent/bushel), and rubber 

(Malaysian cent/kg). Source: Datastream 
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Figure 2 – Daily price change for the spot prices of aluminum, corn, and rubber from 31-01-1993 to 28-12-2012. Source: 

Datastream 

As shown by the figures above, the price developments exhibit a somewhat random behavior – what 

has been called a “random walk” (Bodie, et al., 2011). In the words of Burton G. Malkiel (2012, p. 

141): 

Economists (...) [have often examined] sequences of price changes in the same direction over several days (or 

several weeks or months). Stocks are likened to fullbacks who, once having gained some momentum, can be 

expected to carry on for a long gain. It turns out that this is simply not the case. Sometimes one gets positive 

price changes (rising prices) for several days in a row; but sometimes when you are flipping a fair coin you also 

get a string of “heads” in a row, and you get sequences of positive (or negative) price changes no more 

frequently than you can expect random sequences of heads or tails in a row. What are often called “persistent 

patterns” in the stock market occur no more frequently than the runs of luck in the fortunes of any gambler. This 

is what economists mean when they say that stock prices behave very much like a random walk.” 

1.3.1 - The case for the EMH 

While being visually appealing as examples of random walks, the above figures only serve as such, i.e. 

visualizations. The following sections will line up two strings of the EMH, namely the mathematical 

thinking behind it and the underlying qualitative intuition. The term “random walk” has been used 

loosely in much practical literature, and it thus seems relevant to clarify the terms slightly more before 

going forward. In the words of Bodie, et al., 2011 (page 372): 
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“Strictly speaking, we should characterize stock prices as following a submartingale, meaning that the expected 

change in the price can be positive, presumably as compensation for the time value of money and systematic 

risk. Moreover, the expected return may change over time as risk factors change. A random walk is more 

restrictive in that it constrains successive stock returns to be independent and identically distributed.” 

1.3.1.1 - “Fair Game” models 

 The term random walk should be regarded as an extended form of fair game models, which constitute 

the bulk of expected return theory (Fama, 1970). A fair game is a game “which is neither in your favor 

nor your opponent’s” (Campbell, et al., 1997, p. 30). These all relate to the notion of efficient markets 

and what that implies for the formation and development of prices in the markets. Such models have 

been investigated in relation to numerous markets besides stock markets (Bodie, et al., 2011), spanning 

from bulk freight markets (Adland & Strandenes, 2006) to futures markets (Samuelson, 1965; 

Mandelbrot, 1966). Many of the key theorems in relation to expected return theory are described in 

works by Eugene F. Fama (1970) and Paul A. Samuelson (1965), upon which most of the following 

builds.  

The efficiency-of-information hypothesis 

The starting point for describing market price developments as random walks is the underlying claim 

that markets are efficient. The definition of the term “efficient” obviously has a major impact on what 

we understand by and infer from that claim. Fama (1970) relates an efficient market notion to the 

statement that all prices in the market must “fully reflect all available information.” Samuelson (1965) 

points out that if traders know that prices will increase tomorrow, they will buy the asset today, and 

thereby increase the price today. In other words, all relevant information is contained in current market 

prices because traders act rationally (Stevenson & Bear, 1970; Fama, 1970; Bodie, et al., 2011). 

Nevertheless, Fama (1970) argues that while the condition of full reflection of all information is 

sufficient, it is not strictly necessary. In line with Samuelson (1965), the reasoning is that the necessary 

conditions are 1) that traders still consider all relevant information despite transaction costs, 2) that a 

“sufficient number” of traders have access to readily available information, and 3) that no traders make 

different and better evaluations than others.  



Casper Bek  August 05, 2013 
 Can Technical Analysis Predict Commodity Price Developments? 

Copenhagen Business School  Page 14 of 132 

Fama (1970) considers three forms of the EMH based on the amount of information dispersion. In the 

weak form of the EMH, only available information about past prices and volume is fully reflected in 

current prices (Fama, 1970; Bodie, et al., 2011). In the semi-strong form, all publicly available 

information about the firm is also included in the current price, e.g. including stock splits, dividends, 

and management performance (Fama, 1970; Bodie, et al., 2011). Finally, the strong form of the EMH 

states that all information including all insider information is included in current prices (Fama, 1970; 

Bodie, et al., 2011). While the last definition is somewhat extreme, the former two only state what most 

expect from the market prices in a rational world.   

The discussion of the impact on the EMH of information efficiency can also be related to the 

commodity markets. The main argument here comes from Samuelson (1965) who explains how 

properly anticipated prices will act randomly, i.e. exhibit a random walk. It is possible to mention a 

vast number of factors that influence commodity prices. Besides supply and demand, factors such as 

weather, demographics, and technological development can have significant impact on prices. An 

important assumption is that at least a sufficient amount of traders in the market will be aware of the 

effects of these factors so that they will trade based upon information of those factors. In other words, I 

assume that traders have information about expectations of future weather developments and their 

impact on commodity prices (Stevenson & Bear, 1970). If traders have such information and properly 

anticipate price developments accordingly, it will be reflected in the spot price (Samuelson, 1965). In 

any other case, a trader who had such information would have a market advantage: Knowing that heavy 

rain will damage wheat crops in three months, he will buy wheat spot today and sell it in three months’ 

time when shortages will drive up spot prices. Consequently, if our results show that the commodity 

markets violate the random walk hypothesis one reason could be that certain traders anticipate the 

impact of future developments in the influencing factors better than the rest of the market on a 

consistent basis. On the other hand, we would expect sudden, random changes in prices because new 

information about the factors would immediately be incorporated into price expectations (Stevenson & 

Bear, 1970; Fama, 1970; Bodie, et al., 2011). 

Expected returns 

There are two main mathematical formulas derived from the above understanding of market efficiency, 

namely the martingale (including the submartingale) model and the random walk model. Before I 



Casper Bek  August 05, 2013 
 Can Technical Analysis Predict Commodity Price Developments? 

Copenhagen Business School  Page 15 of 132 

present these two, a couple of general observations about expected returns theory and the kinds of 

dependence to be expected are helpful to consider. While expected returns theory and especially the 

examination of stochastic processes of such returns can be traced back to Bachelier in 1900 

(Mandelbrot, 1966), I will base the following on Eugene F. Fama’s expositions. First, a general 

representation of expected returns is often shown in the following form (Fama, 1970, p. 384): 

�����,��	
��� = �1 + �(�̃�,��	|��)���,�  

Where pi,t is the price of asset i at time t, pi,t+1 is the price at period t+1 (reinvesting any intermediate 

cash income from the asset), rj,t+1 is the return in period t+1, θt is the set of available information at time 

t which is fully reflected in the price, and the tildes indicate random variables at time t. How the 

information set θ is reflected in the expectation function E can happen in any way possible, but the set 

must be fully reflected in the expectation of the next period’s price. Assuming that (1) holds for the 

expectations in the market and considering trading based on the information set only, Fama (1970) 

infers the impossibility of a trading system that creates excess profits above the equilibrium expected 

returns. In Fama’s exhibition if xi,t+1 is the return at period t+1 in excess of the expected return at t, 

then: 

�����,��	
��� = 0   

In other words, given the information set, the expected excess return is zero because market efficiency 

ensures that all information is fully reflected in the current price and price expectations, i.e. a fair game. 

Fama (1970) then defines a trading system, �(�), which guides the investor’s investments of his funds 

in various securities. Such a trading system will generate an excess market value of: 

���	 =	∑ ��(��)���,��	 − �(�̃�,��	|��)����	  

Following from the fair game property of (2) (Fama, 1970), the expectation of V is then given by: 

�(���	|��) = 	∑ ��(��)������,��	
���� = 0���	  

(1) 

(2) 

(3) 

(4) 
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The two models I will present subsequently are two specific forms of the above function given by 

Fama. The other observation that seems trivial but has important implications is brought forward by 

Campbell, et al. (1997). They consider the situation in which 

 !"#$(��), %(���&)' = 0 

for all t and for k ≠ 0. The definition states that the two random variables f(rt) and g(rt+k) are 

independent of each other, which captures “virtually all versions of the random walk and martingale 

hypotheses” (Campbell, et al., 1997, p. 28). 

Thus, the preceding equations have shown what a fair game basically is: There are no excess returns to 

any player when all past information is included in current prices and there is no covariance between 

returns at t and t + 1.  

Martingales and submartingales 

A martingale can be presented in two ways, both representing a form of a fair game. In the words of 

Campbell et al. (1997), the essence of a martingale is a stochastic process [Pt] which satisfies the 

following condition (Campbell, et al., 1997, p. 30): 

�#(��	|(� , (�)	, … , (�)�' = 	(�  
Or, equivalently, 

�#(��	 − (�|(� , (�)	, … ' = 0 

In other words, given past prices, our best estimate of tomorrow’s price is today’s price (Cootner, 

1962). The martingale model has the important implication that all linear forecasting rules of future 

price developments based on historical prices are ineffective. This is in line with the previous 

explanation of the role of information – in an efficient market all information contained in past prices 

will instantly, fully, and perpetually be reflected in current prices (Campbell, et al., 1997). Replacing 

the given set of information of past prices with a general information set, as in the expected returns 

function in the previous section, provides us with a similar martingale function. For the commodity 

market case, such an information set would contain not just past prices but also information about 

(5) 

(6) 

(7) 
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weather forecasts, supply, demand, etc. as pointed out previously. All such information would be 

included already (Samuelson, 1965) and our best estimate of Pt+1 is Pt.  

Another form of the martingale is the submartingale, which can be described by the following form, 

where tilde again refers to random variables (Fama, 1970): 

��(+�,��	
��� ≥ 	(�,� 

Or, equivalently, 

���̃�,��	
��� ≥ 	0 

The submartingale both handles a limitation of the martingale model and adds an important implication 

for empirical research (Fama, 1970). The martingale model does not account for the fact that modern 

finance theory states that investors expect a positive return from holding an asset to compensate for risk 

(Campbell, et al., 1997) – this is considered in the submartingale. Moreover, the submartingale has the 

important implication that the default expectation of a time series would be stagnation or increase over 

time, not a decrease. Hence, any trading system should be compared to the results of a buy-and-hold 

system (Fama, 1970). 

Random walks 

The development of the random walk hypothesis follows on from the martingale model and is an 

important part of dynamics theory in most sciences (Campbell, et al., 1997, p. 31). The colloquial way 

to describe the random walk is that of a drunkard leaving a bar. Moving “a random distance ut at time 

t, and continuing to walk indefinitely, [he] will eventually drift farther and farther away from the bar” 

(Gujarati & Porter, 2009, p. 741). There are two forms of the random walk: random walk without drift 

and random walk with drift.  

A random walk without drift takes the following form: 

(� = (�)	 + -� 																					-�~	//0(0, 12)  

(8) 

(9) 

(10) 
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Where ε is a random shock independently and identically distributed around the mean 0 and with 

variance σ2. Gujarati & Porter (2009) show that: 

�((�) = �(∑ -� + (3���	 ) = 	(3 

In other words, if the random shocks are identically and independently distributed with mean 0, then 

today’s price is expected to be the initial price. However, equation (11) also shows that shocks have a 

persistent effect on the price (Gujarati & Porter, 2009).  

The random walk with drift is described by the following equation (Campbell, et al., 1997; Gujarati & 

Porter, 2009): 

(� = 4 + (�)	 + -� 																					-�~	//0(0, 12) 
In this equation, µ is the expected price change (drift, which can be both negative and positive), and ε is 

still the identically and independently distributed random shock term. The distributional assumption of 

the random shocks implies both that the random walk is a fair game and that any nonlinear functions of 

the random shocks are uncorrelated (Campbell, et al., 1997). This is a stronger assumption than in the 

martingale model. Our expectations for the value Pt and its variance are thus: 

�((�|(3) = 	(3 + 4�  
���((�|(3) = 	125 

Distributional assumptions 

A key element in the random walk hypothesis is the distributional assumptions for the random shocks. 

We can specify the distributional assumptions on two dimensions, namely a time and a space (cross-

asset) dimension. Starting with the latter, it is often found in the literature that there is a cross-firm 

covariance in the stock market (Fama, 1970; Bodie, et al., 2011). It is important to keep such possible 

correlations in mind when discussing the results of this paper, but correlation between assets will not as 

such be covered in the analysis. Since my aim is to establish the predictive power of such technical 

analysis tools as moving average, which are based on a time dimension, the correlation between 

(11) 

(12) 

(13) 

(14) 
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commodities is not strictly relevant. It is important to discuss, though, in relation to generalizations of 

the results.  

It is thus important to clearly identify and state the time dimension distributional assumptions for the 

data in this paper. The random walk model above assumes that the random shocks are identically and 

independently distributed across time.  In other words, it is assumed that the time series of prices will 

be stationary (Gujarati & Porter, 2009). However, due to drift such functions of price developments 

will be non-stationary (Gujarati & Porter, 2009). One possible solution could be to transform the above 

into functions for first differences, which may create stationary time processes (Gujarati & Porter, 

2009, p. 742). Moreover, we should consider log prices in order to avoid violating the fact that prices 

can never be negative (Campbell, et al., 1997). As such, the random walk with drift function for the 

market price developments in this paper will take the form, with p indicating the logarithm of P: 

�� − ��)	 = 4 + (��)	) + -� 														-~//0(0, 12) 
Equation 15 thus provides us with an expression of the random walk expectations for the changes in 

prices (the return) of commodities in this paper. Nevertheless, the assumption of IID random shocks is 

still very restrictive, and some research has showed that the volatility of returns vary over time (Bodie, 

et al., 2011). Intuitively this also makes sense for commodities: for example new regulations of 

commodity trading or the discovery of new sources of the raw material can change the pricing of the 

commodities over time and thus also their volatility (Mandelbroth, 1967; Campbell, et al., 1997). The 

very strict assumption for the random shocks, ε, can be relaxed, though, by two other forms of the 

random walk, as explained in (Campbell, et al., 1997). The first is the random walk 2, where ε is 

independent but not identically distributed. This allows us to consider the fact of time-varying volatility 

of many financial asset return series. The second is the random walk 3, where ε can be dependent but 

uncorrelated. An example of this is cases for which for all  !"#-� , -�)&' ≠ 0 k≠0, but where 

 !"#-�2, -�)&2 ' ≠ 0 for all k≠0 (Campbell, et al., 1997, p. 33). The latter for example guides models 

such as autoregressive, generalized autoregressive conditional heteroskedacity in mean (GARCH-M), 

and exponential GARCH models.  

(15) 
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Another distributional assumption is the finite variance implied in the random walk model. Research 

suggests that this assumption may not hold; for example Mandelbrot (1963; 1967) found that long time 

series of prices were better approximated by stable Paretian distributions, which have infinite variance, 

i.e. such distributions have much fatter tails than the normal Gaussian distribution assumed in the 

random walk model above (Fama, 1963). Mandelbrot for example considered cotton markets 

(Mandelbrot, 1963) and wheat markets (Mandelbroth, 1967). An essential implication of the stable 

Paretian distribution is that abrupt changes (random shocks) have a higher probability than compared to 

the normal distribution (Fama, 1963). Another implication is that high losses will happen more rapidly 

and sudden in the Paretian distribution than in the normal one where losses will accumulate over a 

longer time period instead (Fama, 1963). A problem with the stable Paretian distribution, though, is 

that the infinite variance limits the scope of many statistical tools (Mandelbrot, 1963; Fama, 1963; 

Mandelbroth, 1967). Nevertheless, considering the importance of the Gaussian distribution assumption 

in financial theory (Bodie, et al., 2011), this study will employ the same assumption about distributions.  

1.3.1.2 - Arbitrage and competition as sources of efficiency 

Having thus explained the EMH and the random walk hypotheses, it is necessary to provide some 

qualitative intuition for the above arguments. The preceding sections included an elaboration on why 

information is an underlying condition of market efficiency. Considering that full reflection of all 

available information would require three strong assumptions about the market (Samuelson, 1965; 

Fama, 1970), namely that 1) there are no transaction costs, 2) information gathering and analysis is 

freely available to market players, and 3) all players agree on the same analysis of and judgment based 

upon the available information for the future developments in the asset value, it seems unlikely that we 

will ever find a market where prices “fully reflect all available information”. The following sections 

will follow on from the appreciation of this statement and discuss how information ensures that 

arbitrage and competition in the marketplace drive markets to be efficient without necessarily fully 

reflecting all available information.  

It is also necessary to consider whether these assumptions for information efficiency hold for 

commodity markets. If some of these assumptions do not hold for commodity markets, it must be 

clarified what this means for this study. 
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Arbitrage is traded away 

The fundamental principle ensuring information efficiency is that arbitrage is traded away because all 

investors rationally will seek to create as high profits as possible at the lowest risk possible (Bodie, et 

al., 2011). Thus, if there is a profitable, risk-less arbitrage opportunity, all traders will seek to make this 

deal. If there are no transaction costs or transaction costs are at least not prohibitively high, then traders 

will quickly trade away the arbitrage opportunity (Fama, 1970; Malkiel, 2003; Bodie, et al., 2011; 

Malkiel, 2012). While Mandelbrot (1963) argues that the data used in a study by Cootner (1962) is not 

sufficient to prove his hypothesis, Cootner’s intuition and results suggest that arbitrageurs may exist 

but only to ensure prices are pushed back into their random behavior. Cootner (1962) posits that prices 

may wander randomly within a 95%-upper and lower limit, but when they venture outside these lines 

they will revert back within. That means that prices outside these limits will exhibit serial dependence 

(a price above the limit will continue to move down until it is within the band), which also suggests that 

arbitrage is traded away.   

It is relatively easy to highlight situations where arbitrage cannot be traded away in commodity 

markets. First of all, national policies and regulations may create such high transaction costs for certain 

commodities (Zapoleon, 1931; Caine, 1958) that traders cannot trade freely as required to take 

advantage of and remove arbitrage opportunities. Secondly, there may not be any open market where a 

commodity is traded. If the commodity is not traded, it is obviously impossible to trade away arbitrage 

opportunities. Nevertheless, there are commodities which are somewhat freely and openly traded across 

the globe (Baffes & Haniotis, 2010; Baffes, 2013). By choosing those commodities, and avoiding 

commodities that are prone to non-random shocks, e.g. oil and its dependence on OPEC policies, it can 

plausibly be considered that arbitrage opportunities should be traded away in the market data.  

Investors will learn 

Another line of arguments follow the information hypothesis, namely that information about any 

anomalies or profitable patterns in the markets is the exact reason that such patterns disappear again 

(Malkiel, 2003; Bodie, et al., 2011; Malkiel, 2012). As hinted to in the introduction, if traders figure out 

that stocks always increase further after five days of consecutive increases, they will start buying 

already on day four. This will lead other traders to trade on day 3 already, and so on. Eventually, all 

traders will trade on day 0 and the gain will disappear (Houthakker, 1961).  
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This argument sort of takes on the overall objective of this thesis prematurely. If traders learn and 

technical analysis in fact has been able to predict commodity prices, then such a relationship should 

now be traded away. Alternatively, if this thesis shows that there is such a relationship in place today 

based on current data, then such a relationship should disappear in future data (if the traders read my 

thesis, of course). For example, manufacturing companies spend resources on procuring raw materials, 

thereby learning from experience (Kairos Commodities, 2013; Tevelson, et al., 2013b). This is the 

reason for including a comparative study as part of the method employed. 

The role of analysts 

The third and final mechanism that ensures information is efficiently incorporated into current prices is 

the presence of analysts in the market. In stock markets, institutional investors employ many thousands 

of analysts at high pay rates to ensure that they get the best and most precise analyses and evaluation of 

all information available (Bodie, et al., 2011). Consequently, Fama’s (1970) semi-strong form of the 

EMH also holds because analysts will process all the information publicly available and make their 

assessments of the expected stock prices based upon this.  

It is thus also relevant to assess the role of analysts in commodity spot markets. As mentioned 

previously, spot market participants buy for use and sell for gain (Houthakker, 1961). Moreover, 

futures markets are to a higher extent used for hedging (and speculation) (Kaminska, 2013). Altogether, 

this means that there are proportionately more individuals analyzing futures markets than spot markets 

hired by major players in the market (e.g. banks helping companies with hedging) (Kaminska, 2013; 

Tevelson, et al., 2013b). In addition, in a recent study by Boston Consulting Group, many companies 

evaluated themselves as average or below average in terms of their commodity hedging programs 

(Tevelson, et al., 2013b). Similar results were found in a survey of Danish companies (Kairos 

Commodities, 2013). These findings indicate that companies may not spend adequate amounts of 

resources on analyzing commodity markets. Overall, it thus seems that maybe we should not expect 

commodity markets to be as efficient as e.g. stock markets because there is plausibly a substantial 

lower amount of analysts ready to assess, evaluate, and dissipate available market information 

(Houthakker, 1961). Whether companies have employed enough resources to understand, analyze, 

evaluate, and act in commodity markets could be a viable topic for further research in this area.  
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1.3.2 - Criticism of the efficient market hypothesis 

The EMH has often faced criticism from many sides and there are obviously many assumptions within 

the theory that opponents can attack. While history has shown that markets have been prone to clearly 

irrational behavior such as the tulip bubble in the 17th century (Bodie, et al., 2011; Malkiel, 2012), 

proponents of the EMH still stick to their key assumption that investors are rational, or at least that 

overall and generally investors act as if they are rational (Malkiel, 2003). In other words, the EMH 

describes an ideal market, based upon which we can seek to understand what happens in markets in the 

real world (Bodie, et al., 2011; Malkiel, 2003). In line with the positivistic approach, much research in 

this field seek to find strong support for their argument that markets behave as if they are based upon 

mathematical expressions derived from a rational investor assumption. However, opponents of the 

EMH can be as stubborn as the EMH enthusiasts, cf. the following quote: “Even so astute a 

commentator on the Wall Street scene as “Adam Smith” displays this misconception [that the EMH is 

wrong] when he writes “I suspect that even if the random walkers announced a perfect mathematical 

proof of randomness I would go on believing that in the long run future earnings influence present 

value, and that in the short run the dominant factor is the temper of the crowd” (Malkiel, 2012, p. 158). 

Such stubbornness must certainly be based on strong beliefs, so in the following I will review these 

followed by a walkthrough of the trading system based on a different view of the EMH, namely 

technical trading. 

1.3.2.1 - The impossibility of informationally efficient markets 

A major implication of the EMH and the random walk hypothesis is that any active strategy of traders 

will be superfluous. Since markets are efficient and prices already reflect all available information, a 

trader will not achieve any gain from spending time on actively seeking out investments – the most 

profitable strategy will be a passive, market-index based strategy (Bodie, et al., 2011). That is exactly 

why the EMH is untenable according to Grossman and Stiglitz (1980). The reason lies in the 

assumption of informationally efficient markets, which in fact is an impossibility according to the 

authors. The information efficiency argument requires that traders actually do seek out and assess all 

information available in order to make an evaluation of the fair price of an asset. However, if 

information is costly to acquire and assess, then the trader must achieve some benefit that is 

proportional to the cost (Grossman & Stiglitz, 1980). Consequently, if the EMH is correct and there is 
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no excess return to be made on assets in an efficient market, the costs of information acquisition will 

outweigh the benefits to the trader. This cost will be even higher when the pay-off from risk-free 

securities increases (Keiber, 2007). That is why the authors argue that the assumption of 

informationally efficient markets is an impossibility, therefore the EMH also fails to hold (Grossman & 

Stiglitz, 1980). Clearly, there is a benefit to information analysis that outweighs the costs, or else there 

would not be so many asset analysts employed around the world (Malkiel, 2003; Bodie, et al., 2011). 

However, it seems that while fund managers may achieve excess returns in one period, they will not do 

so in the next, and overall their performance is not better than index-based funds, which suggests that 

the EMH still holds in the long run (Malkiel, 2003; Malkiel, 2012). A resolution to the above argument 

also comes in that a “sensible” financial market “must leave some incentive for costly information 

acquisition and analysis” (Menkhoff & Taylor, 2007, p. 946), i.e. some excess return. 

Recent investigations into the role of banks in potential commodity market manipulation 

(Kocieniewski, 2013) do raise some concerns about the efficiency of information dissipation, but due to 

the lack of conclusive evidence so far it is difficult to include such news in this paper. It will be 

remembered when interpreting the study results though. Overall, it is difficult to come by qualitative or 

quantitative approaches to the question of information efficiency in relation to commodity markets. Yet 

tests of for example filter rules and serial correlation will suggest what role information plays in 

commodity markets, since e.g. runs over a period will suggest that information is only slowly 

dissipated in the market because the benefit of actively assessing it is lower than the cost. I will return 

to the empirical studies on this topic later. However, in relation to this study, I would like to point out 

that Grossman and Stiglitz’s arguments may refute Fama’s semi-strong form of the EMH, but they may 

not disprove the weak form. I base this argumentation on the fact that past prices are readily available 

for all market participants and thus not costly to acquire and assess. Moreover, most of the 

commodities used in this study will be traded on the London Metal Exchange that upholds certain 

regulations regarding trading behavior and information sharing. Consequently, the information 

contained in past prices should already be reflected in current prices. A general counter-argument is 

that such tools as technical analysis are useful because they help traders process information about 

what is happening in the market, in contrast to the semi-strong form of the EMH where traders must 
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process and evaluate all publicly available information (which may be almost limitless) (Menkhoff & 

Taylor, 2007; Roscoe & Howorth, 2009; Zhu & Zhou, 2009).  

1.3.2.2 - Behavioral finance and limits to arbitrage 

For over a decade, theories within the field of behavioral finance have been developed, especially to 

explain why markets sometimes behave in what seems to be an irrational manner. Behavioral finance 

has clear consequences for our understanding of the EMH and is thus also relevant to consider in this 

paper. A strand of the behavioral finance is also the hypothesis that there are limits to arbitrage, i.e. 

there are rational traders in the markets but due to limits to arbitrage they cannot profitably exploit 

arbitrage opportunities. It would be outside the scope of this paper to discuss behavioral finance to the 

extent it deserves, but it is important to outline its consequences for the EMH.  

A cornerstone in behavioral finance is that investors may not be as rational as postulated by the EMH. 

Hence, they may not process the information available correctly and security prices can possibly be 

wrong, even very wrong from their true, rational value (Bodie, et al., 2011). Advocates of the 

behavioral finance school have found many anomalies in the markets that they believe strengthen their 

arguments (Malkiel, 2003). Such anomalies can happen due to the irrational exuberance of markets, 

which for example can help to explain herd behavior in bubbles like the Dutch tulip bubble in the 17th 

century and the tech stocks bubble in 2000-2001 (Schiller, 2005; Malkiel, 2012). We could argue that 

such irrational exuberance would be, if not limited, at least substantially different in commodity spot 

markets, as in the foreign exchange markets (Menkhoff & Taylor, 2007), since markets have a higher 

proportion of corporates than individuals and participants buy for use. However, such an argument 

would overlook that even corporations and their managers may be prone to irrational behavior 

according to behavioral theorists (Baker, et al., 2004). Yet compared to the stock market it is not as 

easy to detect any irrational exuberance in the commodity markets. For example the price surges in the 

early 21st century could as well be due to fundamental changes in the world’s demand for and supply of 

commodities (Baffes & Haniotis, 2010) as it could be due to irrational behavior among traders. On the 

other hand, if the results show that technical analysis can predict future price developments it may be 

explained by herd behavior: if a commodity’s price is decreasing, herd behavior may result in it 

decreasing even further.  
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It is fair to expect that rational investors operating in an irrational market could make huge profits by 

taking advantage of any arbitrage opportunities due to irrational behavior (Bodie, et al., 2011). 

However, if it were so easy, behavioral theorists argue that we should not observe the anomalies we do. 

The reason why anomalies may exist over the long term is due to limits to arbitrage (De Long, et al., 

1991). The argument basically states that a number of factors inhibit the rational trader’s trading 

opportunities. Such factors include fundamental risks that short-term losses incurred by going against 

the market sentiments will drive the trader out of the market, that the cost of implementing a counter-

market strategy is too high, or that the rational investor’s investment model may be wrong (Bodie, et 

al., 2011).  

1.4 - Technical analysis  

As the information-efficiency impossibility, behavioral finance, and limits to arbitrage arguments 

highlight, and as proponents of the EMH also admit, the EMH describes a market which may not exist 

in its ideal form. This is why technical analysis is considered to work as a tool for understanding 

market developments. Arnold B. Larson, quoted in Stevenson and Bear (1970, p. 66), put it succinctly: 

“No actual market behaves exactly like an ideal market. Many commodity futures markets approach 

the ideal, and differ principally in that traders react with varying skill to varying sources of 

information, and so some of the response to price-making forces is delayed.” 

When price-making forces are delayed and markets may not be completely random as according to the 

EMH, there is an opportunity that an active trading strategy based on information about past prices 

works. Technical analysis is such a strategy (Campbell, et al., 1997; Lo, et al., 2000; Bodie, et al., 

2011; Malkiel, 2012; Roscoe & Howorth, 2009). Two terms have been used for adherents to the 

technical trading strategy, namely chartists and technicians. I will go forward in the same manner in 

this paper and use them interchangeably. A chartist or technician is someone who believes that by 

looking at the visual behavior of past price movements and volumes he can predict the behavior of the 

prices today and tomorrow (Mandelbrot, 1966). In Malkiel’s words (2012, p. 140), the technician looks 

at the stock market as we look at wallpaper covered by a mirror – looking at the pattern of the 

wallpaper below and above the mirror we believe that it has the same pattern behind the mirror. 

Technicians look at a chart over a stock’s performance, where they essentially identify and interpret 
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visual trends in the charts (Malkiel, 2012; Bundgaard, 2013). The principles followed by technicians 

are that 1) all relevant information about past as well as future is automatically reflected in the current 

asset price, and 2) that prices will move in serially correlated trends (Malkiel, 2012, p. 113). Such 

visual trends can take countless forms (Campbell, et al., 1997), and chartists often have their own 

individual favorites that they adhere to (Malkiel, 2012). Some of the more generally applied forms are 

double-bottoms, head-and-shoulders, moving averages, resistance levels, Bollinger bands, and many 

more (Campbell, et al., 1997; Lo, et al., 2000; Bodie, et al., 2011; Bundgaard, 2013). A main thing that 

technicians hope for is that, “a careful study of what the other players are doing will shed light on what 

the crowd is likely to do in the future” (Malkiel, 2012, p. 112).  

1.4.1 - Technical analysis tools 

The large range of tools that are employed by technicians makes it necessary to select carefully those 

that will be used for the data analysis (Roscoe & Howorth, 2009), since the scope of this study does not 

allow for employing all of them. Here it seems appropriate to test three tools that are commonly used 

by technicians to predict market movements in the future and not to create speculative profits 

(Bundgaard, 2013). Moreover, The three tools employed which will be used as the foundation for this 

study are moving averages, rate of change, and relative strength index. I will explain each of these in 

the following. 

The moving average is used as an indicator for the trends in the market. When using a moving average 

we take the average of prices for a certain period, e.g. 200 days from date f to date t. On the following 

date, y, we take the 200 days from f + 1 day to date y, and so on. The result will most often be that we 

get a smoother line than the actual prices because swings will be smoothed out (Menkhoff & Taylor, 

2007; Bodie, et al., 2011). Visually comparing the line of the moving average to the actual price chart 

has often shown that crosses of the moving average and the actual price chart predict subsequent trends 

in the price charts. A usual rule is that if the price chart or a shorter-period moving average crosses the 

longer moving average line in a downward direction the price chart will continue in a downward 

direction for a period of time, and vice versa when the price chart crosses in an upward direction 

(Menkhoff & Taylor, 2007). In Figure 3 we see this for the aluminum spot between 1993 and 2012. 

The blue line in the chart is the actual price and the red line is the 200-day moving average. Above 
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these charts is shown the downtrend signals – the green lines indicate that the spot price crossed the 

moving average in a downward direction, i.e. we expect a subsequent fall in prices. 

 

Figure 3 – A simple technical trading chart for the aluminum spot market 1993-2012. Spot is the spot market price, MA200 is the 

200-day moving average, Tech200 is the technical trading signal based on the below chart (only positive signals indicated). 

Source: Own analysis based on market data. 

Looking at Figure 3 quickly makes one think that using moving average as a signal of trends could be 

useful. It is visually appealing to look at the simple lines and identifying signals is easy (Malkiel, 

2012). In 1995, in 1997 and 2008, the signals predict some considerable falls in the prices, just as they 

duly should. However, many other signals that do not seem to make as reliable predictions are 

identified. In order to ignore some of these signals, which could result in wrong predictions, certain 

filters in the form of requiring the signal to be of a certain size before trading can be applied (Brock, et 

al., 1992; Sullivan, et al., 1999). 

The other tool to use is what can be called “speedometer”, namely the rate of change (Bundgaard, 

2013). The rate of change is the relative change in the price of the asset from one period to another. 

Increasing rate of change (i.e. higher and higher absolute change values) indicates that the current trend 

will continue, while a decreasing rate of change indicates that the current trend is coming to an end and 

the moving average may soon cross again. Including the rate of change in the selection of prediction 

point may improve the reliability of the predictions (i.e. sort out some of the many signals in Figure 3).  

The third tool is the relative strength index (RSI). The RSI is computed with the values of the number 

of days of total positive change (i.e. the asset ends in a higher price than at the start of the day) and the 

number of days of total negative change over a specific period. A high RSI is created by a high ratio of 
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days with positive change and a low RSI is created by a high ratio of days with negative change. The 

RSI is then inserted band between 100 and 0 and the technician will then insert upper and lower levels 

within this. For example with a band of 80-20, if the RSI is above 80 the asset is in a “hot area” and 

will soon experience a fall in the price. The opposite is the case when the RSI goes below 20, then the 

trader should expect prices to increase again soon.  

A final note should then be made of how these tools can be used in conjunction with each other. First 

of all, we can adjust the period of days used in each tool. Secondly, the tools can employ different 

period lengths, e.g. a 30-day (one month) period can be used for the rate of change and the RSI but a 

360-day period (one year) for the moving average. For example if the moving average tool indicates a 

trend shift but the rate of change and the RSI do not do so, the technician can ignore the signal from the 

moving average. An important element in technical trading, and especially in relation to the debate 

regarding the utility of it, is the discussion of how to identify the tools to use. Having the benefit of 

hindsight, we can easily change tools in order to use the most optimal one to get the best performance 

of the tool in a historic time series. However, such luxury is not possible in an a priori setting. Thus, a 

part of the testing will be the identification of the best tools a priori to testing their performance. 

The above has briefly described what technical tools will be employed in the analysis. Nevertheless, 

there is also plenty of criticism against these tools and technical analysis in general. While the EMH 

and its theoretical foundations have already been discussed, which refutes some of the claims of 

technical analysis, the following section will briefly emphasize some of the problems that a technician 

faces when employing his tools.  

1.4.2 - The technician’s problems 

A major issue that the technician faces is that he buys only after a trend is observable and sells only in 

the wake of that trend actually having been broken or reversed (Malkiel, 2012). Looking back at Figure 

3, it is clear that the downward trend always had started before the tool picked up the signal. This is of 

course an obvious outcome of using a moving average. The problem for the technician occurs in the 

instance where the trend has already reversed again before he identifies a signal.  
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Another issue that a technician will face is the timing of acting on probable signals. For example, the 

RSI may tell that a reversal of trend is imminent, but it does not tell when it will happen. The 

technician may wait too long and miss the signal, or he may act too early and make a wrong prediction.  

For a buyer that wants to make a long-term deal with a supplier and base it on some prediction of the 

future development in raw material prices, the technical tools also cause some problems. Again 

referring to Figure 3, we see that the length of the trends vary quite substantially. If we do not know 

how long a trend will continue, it is severely difficult to make any reliable predictions of future 

developments (cf. (Moore, 1921)). Therefore, different technical trading systems should try to predict 

for different periods ahead and the study should seek to find what length of predictions are most 

reliable. 

All in all, the problems a technician faces are also problems that will cause concerns in this study, 

especially in regards to understanding and analyzing the results. The above problem identification 

should thus be kept in mind when returning to method choices, data choices, data analysis, and the 

eventual conclusion based on the results.   

1.5 - The need for testing the EMH 

The previous sections have made the case for and against the EMH while also explaining the topic of 

technical analysis. Before discussing methodology and analyzing the data it will thus be fair to share 

with the reader some observations on the already existing research study the EMH in various ways. 

Going through the research based on the EMH and the merits of technical analysis, I will also seek to 

discuss how this study can be a relevant addition to the literature already present. Prior to doing so, a 

couple of observations on the research should be made. Even though much research has been done 

since these statements were made, they are both relevant to a high extent.  

“A particular test can detect only a particular pattern or class of patterns, and complete randomness 

can therefore only be disproved, not proved.” 

(Houthakker, 1961, p. 164) 
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“A major shortcoming of the entire analysis and a possible reason for the lack of wide acceptance for 

any single result is the failure to subject identical data to both statistical and mechanical filter tests 

[technical analysis].” 

(Leuthold, 1972, p. 879) 

1.5.1 - Review of empirical studies 

The study of the EMH and the random walk hypothesis did not really take place before Maurice 

Kendall made his observations regarding the apparent randomness in stock market returns in the 1950s 

(Bodie, et al., 2011). His observations led to both the revival of further considerations based on 

Bachelier’s work in 1900 (which led to the extensive theoretical foundations explained above) and a 

constant flow of new research within the subject. In light of the topic of this paper, the study of 

technical analysis versus the EMH has mainly taken place in three separate asset markets, namely stock 

markets, foreign exchange markets, and commodity futures markets. It has, however, also been 

analyzed in relation to real estate markets (Schindler, 2011) and bulk freight markets (Adland & 

Strandenes, 2006) among many other topics. Below I will go through the literature based on three 

stages: First, I consider each area of research (i.e. stock markets, foreign exchange markets, and 

commodity markets). Second, I consider what the studies suggest about technical analysis in terms of 

predicting future developments and/or creating returns. Thirdly, I describe what the results in the 

studies say about the relevance of the EMH. The next chapter will then discuss what the prior literature 

altogether tells us about the need for studying the predictive power of technical analysis in commodity 

spot markets.  

1.5.1.1 - Stock markets 

A major part of research within the topic of technical analysis versus the EMH has been conducted 

based on stock market data. It would thus be both cumbersome for the reader to read as well as an 

inefficient use of space in this paper to go through all research within this area. Instead I will seek to 

highlight those studies that are strictly relevant to this study. Moreover, I will concentrate on those 

studies that conduct tests related to technical analysis directly, since tests of the random walk may be 

“superfluous” in this relation:  
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“Thus it is not surprising that empirical tests of the "random walk" model that are in fact tests of "fair 

game" properties are more strongly in support of the model than tests of the additional (and, from the 

viewpoint of expected return market efficiency, superfluous) pure independence assumption. 

(Fama, 1970, p. 387) 

As such I am excluding from the following review a range of sources that have already been referenced 

in the previous sections. Much of this research tested the random walk hypothesis directly with 

different results (Houthakker, 1961; Cootner, 1962; Fama, 1963; Samuelson, 1965; Mandelbroth, 1967; 

Mandelbrot, 1963; Fama, 1970; Campbell, et al., 1997). 

Academic researchers have more or less always been profoundly confounded by the existence of 

technical traders in the stock markets (Lo, et al., 2000). While the EMH states they should not be able 

to generate profits, they remain in the markets and believe strongly in their tools. Surveying non-

professional investors in the UK, Roscoe & Howorth (2009) found that some technical traders did so 

because they thought other traders did as well and so they rationally believed technical trading to be a 

self-fulfilling prophecy. However, due to the nature of the research, the authors were not able to 

determine empirically the profitability of the technical traders.  

Brock, et al. (1992) conducted a comprehensive study into the predictive power and profitability of 

technical analysis in relation to stock returns. They found that trading based on technical analysis had 

predictive power and created excess returns. The authors studied a set of 100 years of stock data from 

the Dow Jones Index, where they tested the technical tools moving average and resistance levels. By 

using the bootstrap method, they find that the returns and volatility (higher returns, lower volatility for 

buy periods; lower returns and higher volatility for sell periods) generated by these trading tools in the 

Dow Jones Index were significantly different  from using the same tools on new data sets generated by 

GARCH-M and EGARCH models. This leads the authors to conclude that the prices observed in the 

Dow Jones Index are not random but to some extent predictable (Brock, et al., 1992). However, the 

authors do not consider the reason for this discrepancy from the theoretical hypothesis, which could for 

example be due to risk premia variations in the short-term (Sullivan, et al., 1999). Neely (2003) did 

take up the study of risk-adjustment, finding that adjusting for risk made technical rules less attractive 

compared to a buy-and-hold strategy in the S&P500 from 1929 to 1995. Another study conducted used 
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kernel regressions to see if certain technical patterns would emerge in such data that replicated the 

movements of stock returns (Lo, et al., 2000). The study found that such patterns did exist, but the 

authors believe that rules discovering such patterns may be more helpful than profitable per se. 

One problem not considered by Brock et al., (1992) nor Lo, et al., (2000) is how the technical trader 

decides on a specific rule upon which to base her trading. Bajgrowicz & Scaillet (2012) conduct a test 

where they select the best-performing rule in one period and tests its profitability in the following 

period. Using this method, they find that a rule that performs well in one period, fails to do so in the 

next, which suggests that there is no predictive power in technical trading in stock markets.  

A recurring criticism of studies such as Brock et al., (1992) and Sullivan et al., (1999) is the lack of 

consideration of transaction costs (Bajgrowicz & Scaillet, 2012). When transaction costs are not 

considered, the profitability of technical trading may be overstated. For example, it can be argued that 

the exact reason that technical trading can be profitable is that transaction costs inhibit an efficient 

market. However, the reader may wonder if transaction costs play a role in relation to the purpose of 

this paper. While a buyer seeking to predict the future developments in prices may not encounter 

transaction costs in monetary terms, there is still a need for spending human and time resources on 

making such predictions.  

A recent study of stock markets in Southeast Asia did take transaction costs into account. In their study, 

Yu, et al., (2013) found that the returns generated from technical trading rules were nullified by 

transaction costs. Moreover, they made two other interesting discoveries. Firstly, technical analysis was 

significantly better able to predict future performance in the short-term than in the long-term, which is 

somewhat in line with the argument that markets may not be completely efficient at dissiminating 

information in the short term.  

Even more interesting was the finding that the Asian stock markets had become more efficient. 

Comparing their studies with previous studies of Asian stock markets in the 90s, they find that the 

predictive power and the returns generated from technical analysis based on past prices had diminished 

significantly (Yu, et al., 2013). The study by Sullivan et al. (1999) made a similar finding in the S&P 

500 in the US. The reason may be that markets have become more efficient and thus rooted out 

technical trading opportunities.  
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Many of the above observations and more are made in a review by Park & Irwin (2007). As some of 

the studies above suggest that the EMH may not hold in the real world, Park & Irwin conclude on the 

reasons for the discrepancy from the EMH, which include some of the reasons mentioned in the 

previous sections (Park & Irwin, 2007, p. 817): 

“Technical trading profits in the 1970s and 1980s can be explained by several theoretical models 

and/or empirical regularities. Noisy rational expectations equilibrium models, feedback models and 

herding models postulate that price adjusts sluggishly to new information due to noise in the market, 

traders’ sentiments or herding behaviour. Under chaos theory, technical analysis may be equivalent to 

a method for non-linear prediction in a high dimension (or chaotic) system. Various empirical factors, 

such as central bank interventions, clustering of order flows, temporary market inefficiencies, time-

varying risk premiums, market microstructure deficiencies, and data snooping biases, have also been 

proposed as the source or explanation for technical trading profits.” 

However, as time goes by, it seems that technical trading profits have been vanishing over time. For 

example, Schulmeister (2009) finds that the profits of technical trading have moved from being 

achievable based on daily trading to being achievable only on an intraday basis. In other words, as 

information efficiency increases, technical trading loses its ability to predict movements and generate 

excess returns.  

1.5.1.2 - Foreign exchange markets 

An extensive review of technical trading in foreign exchange (FX) markets is found in Menkhoff & 

Taylor (2007). The review contains a high number of references to e.g. Neely et al. (1997) and 

Schulmeister (2008), and covers the literature quite well. It should suffice to rely on that review in the 

following in order to give the necessary comparison to the purpose of this paper. Similar to this study, 

they were also spurred by the fact that there was a significant presence of technical traders in the FX 

markets despite the EMH. In their review, they find that most studies show that traders adhere to a 

combination of technical analysis and fundamental analysis. While technical analysis is mainly used to 

predict short-term movements ( < 1 year), fundamental analysis is employed to predict long horizon 

developments. This is slightly different from for example Kairos Commodities who also employ 
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technical analysis for a 1-3 year horizon1. Menkhoff & Taylor (2007) make two observations, which 

are interesting in relation to the predictive power of technical analysis, measured in terms of their 

profitability, namely that ”technical analysis tends to be more profitable with volatile currencies” and 

that ”the performance of technical trading rules is highly unstable over time” (Menkhoff & Taylor, 

2007, p. 947). The last point is especially interesting because it states that the risk of making a wrong 

prediction is quite high. Hence, using technical analysis in the FX market may generate positive returns 

overall, but it may also lead to significant high losses at other times. In discussing the empirical results 

and their explanation in relation to the EMH, Menkhoff & Taylor (2007) find four different 

explanations. Firstly, the results may simply be evidence of irrational behavior in the FX market, but 

that would imply the noise traders “(...) should quickly be driven out of the market (...),” (Menkhoff & 

Taylor, 2007, p. 954) which has not happened. The existence of the irrationality may then be due to the 

strong presence of central banks in the FX markets, goes the second explanation. Central banks do not 

seek profits and can therefore exhibit irrational behavior, which creates opportunities for technicians. 

The third explanation is, as argued earlier in this paper, that technical analysis may be able to pick up 

the slow reaction of the market to fundamental information. The final explanation is that a high 

presence of irrational, individual traders and/or technicians may create a self-fulfilling prophecy (many 

traders acting on the same signals create those exact signals), which indicates that technical analysis 

relies on market sentiments (Menkhoff & Taylor, 2007). Assessing these four explanations, the authors 

conclude that the market sentiments argument may be the one closest to reality. As argued in 

behavioral finance theory, technical analysts may be able to pick up market sentiments or create them 

themselves while limits to arbitrage ensures that it is profitable to do so in the long-term as well (De 

Long, et al., 1991; Menkhoff & Taylor, 2007).  

1.5.1.3 - Commodity markets 

As the last market to consider, the existing literature on the topic of technical analysis in commodity 

markets is considered. The majority of work in this area has been conducted in commodity futures 

markets, which is different from the spot markets as explained earlier. Some of the early work on 

                                                 
1 The recommendations to clients from the commodities consulting firm Kairos Commodities are based on three intervals – short-term ( < 

6 months), medium term (6-12 months), and long term (1-3 years).  
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commodity futures indicates that the futures do not behave outright randomly but rather exhibit some 

form of long-term dependence, which makes filters and other technical rules profitable to the trader 

(Stevenson & Bear, 1970). One of the issues in that research, though, is the lack of out-of-sample tests 

or other tests such as Monte Carlo simulations. As such, the study is prone to show a high degree of 

data snooping. Data snooping is also mentioned as an issue in other studies of commodities that found 

technical trading to be profitable (Roberts, 2005). Thus, Robert (2005) sets out to test technical trading 

rules by using a genetic programming approach, where the trading rules are chosen ex ante based on 

past performance and then tested on out-of-sample, current datasets. Using his approach, Roberts find 

that only two out of 24 have some predictive power at the 5 % significance level. Another study was 

conducted later by Park & Irwin (2010), where they neither find any profitability nor predictive power 

of technical trading in a range of U.S. commodity futures markets. The results of both Roberts (2005) 

and Park & Irwin (2010) contradict the results of earlier studies, which raises the question of what 

happened to the profitability of technical analysis. While one reason is that the tests of Roberts and 

Park & Irwin appear stronger by using White’s Data Snooping Reality Test (White, 2000), another 

reason can be that the markets have become more efficient as in the case of stock markets. Kidd & 

Brorsen (2004) find that as market volatility has decreased, the profitability of technical trading has 

also vanished. Referring back to the discussion of information efficiency and the arguments of 

Grossman & Stiglitz (1980) on its impossibility, Kidd & Brorsen (2004) believe that higher 

information efficiency has ensured that price setting is faster and the informativeness of technical 

patterns finding has been reduced.  

1.5.2 - Commodity spot market understanding is still needed 

The key element searched for in the preceding literature review has been the predictive power of 

technical analysis in various markets. In conclusion, it is hard to say outright that technical has or has 

not predictive power. While some studies suggest that there is a positive return based on technical 

trading and other studies further suggest that the random walk hypothesis may not hold, there is no 

completely conclusive evidence of either argument. What is clear is that we still lack an understanding 

of the issue in commodity spot markets. That is why this study appears relevant. Considering the use of 

technical analysis in commodity spot markets (Bundgaard, 2013; Kairos Commodities, 2013), it is 

relevant to explore whether such analysis actually works or not. 
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However, as is apparent from the preceding literature review, a recurring problem is potential data 

snooping (Sullivan, et al., 1999; White, 2000; Park & Irwin, 2007; Park & Irwin, 2010). As highlighted 

in a range of academic work, there is a high possibility that spurious patterns will be found in random 

walks ex-post, but that does not say anything about the possibility of identifying such patterns ex ante 

(Samuelson, 1965; Fama, 1970; Malkiel, 2003; Bodie, et al., 2011; Malkiel, 2012). Bajgrowicz and 

Scaillet (2012) highlighted the issue quite bluntly (Bajgrowicz & Scaillet, 2012, p. 474):  

“To illustrate the problem of data snooping, imagine you put enough monkeys on typewriters and that 

one of the monkeys writes The Iliad in ancient Greek. Because of the sheer size of the sample, you are 

likely to find a lucky monkey once in a while. Would you bet any money that he is going to write The 

Odyssey next? The same principle applies for trading rules. By looking long enough and hard enough 

on a given set of data, an investor always finds a trading rule parameterization that works, even if it 

does not genuinely possess predictive power.” 

As they make clear, the literature in this field underlines the importance of selecting carefully the tools 

to be tested and carefully test them on different time periods as well. A key implication is that, as 

Leuthold (1972) makes clear in the opening quote in this chapter, it is imperative to study more than 

one tool or conduct more than one type of test on the same datasets. This is reflected in the choice of 

method employed in the study where a number of tools and tests are used.  

Part 2: The study 

The objective of the preceding chapters was to answer the questions in the introduction. This opening 

section will summarize the answers to those questions, while the rest of the chapter will describe the 

study data, my methods, and the models tested before discussing the results in order to answer the 

overall problem statement. Thus, first a summary of the answers to the questions: What is technical 

analysis? Why should technical analysis not be reliable? What is the efficient market hypothesis? What 

are predictions? How is reliable defined? What prices? What key commodities? 

Part 1 has hinted to the nature of the commodities to be used in the study. The commodities should be 

traded in open markets with low transaction costs and little interference from non-random events, i.e. as 

free a market as possible. A further definition will follow later. The section on the mathematical 
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notions behind the random walk hypothesis also showed that changes in prices will be important. For 

simplicity and for easy comparison to other research in the area of EMH testing, they will be called 

returns or changes interchangeably. 

Reliable predictions are defined along the lines of what defines excess returns. While technical analysis 

may be able to predict changes in various directions, just like it is able to generate returns in stock 

markets, it must be able to predict better than expectations, i.e. create excess returns, if it is to be 

defined as reliable. Hence, the performance of the technical trading systems should be compared to the 

overall performance of the market. This resembles performance evaluation of stock market portfolios 

(Bodie, et al., 2011). 

The paper has also sought to explain and discuss the efficient market hypothesis, which says that price 

developments act as random walks, where past information cannot be used to predict tomorrow’s price. 

As is shown this means that technical analysis should have no predictive power for asset prices, 

because all current information should already be included in current prices, and only random events 

will change prices. Technical analysis, which is trading in markets based on pattern recognition, is thus 

useless for corporations that want to understand commodity markets, according to the EMH.  

These answers thus provides the fundament for the hypothesis for this study, namely that technical 

trading does not generate excess returns significantly different from what is expected in an efficient 

market, i.e. technical trading should not generate returns above what is the general market return.   

2.1 - Scope and limitations 

The subject of commodity markets is qualitatively and quantitatively vast, which inhibits any one 

single study from reaching full understanding of the subject. Hence, I will seek to explain carefully my 

choices for the scope of this study. 

Since this is an exploratory study the overall aim is not to explain why technical analysis will be able to 

predict future price developments or not. Though the following sections will describe and discuss the 

qualitative reasons for the study, the purpose is not to prove or disprove any qualitative explanatory 

hypothesis for the results of the data analysis. Such an approach does make the study prone to reach 

inconclusive results, but an exploratory study has power in that it more strongly tests the relevance of 
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both the EMH and technical trading compared to an explanatory study. If my results then suggest that 

there is a predictive power of the technical analysis, it will provide an avenue for further explanatory 

research within the field. Such research should seek to answer the question, why does technical 

analysis work? Is it because technicians act like sort of “witch doctors, without the benefit of the 

scientific method, have produced something with their magic, even if they can’t tell you what it is or 

how it works” (Cootner, 1962, p. 24), or are there logical and rational reasons for their predictive 

power, which have been overlooked in classic economic theory of the efficient market?  

2.1.1 - Spot markets, not futures 

A clear delimitation in this study is that I consider spot markets only. There are both pros and cons for 

such an approach. A defining feature of futures markets is that contracts are based on delivery on some 

future date, but before which most contracts are closed out (i.e. delivery is not made/taken by the 

traders). Additionally, futures contracts are evidently derived from the expected developments in the 

underlying spot commodity. Accordingly, considering spot markets instead of futures kills two birds 

with one stone: Firstly, focus is kept on the aspect of commodities where they cannot be hedged (it 

would be too (financially) burdensome or outright impossible for a buyer to hedge against 

developments in the price of personal protection equipment, but knowing the probable future 

development in the underlying raw materials would provide an advantage in negotiations). Secondly, 

understanding spot markets is a useful tool for participating in futures markets (Arnold & Minner, 

2011).  

Another reason for choosing spot markets is that traders in futures markets trade on margin 

(Houthakker, 1961). This means that a trader who faces a decrease in his positions will have to put up a 

proportionally higher margin, while a trader achieving gains in her positions will have a proportionally 

higher “paper equity” with which to invest in further positions. As such, a futures market may exhibit a 

higher amount of stop-loss orders and a higher amount of further buying after initial increases (i.e. 

serial correlation of increases in prices) (Houthakker, 1961). This will distort the picture in a way that 

is not expected for spot markets. In spot markets, participants buy for use and sell for gain, and thus it 

is theoretically less prone to wealth effects (Houthakker, 1961). Moreover, futures markets also exhibit 

such features as backwardation and contango trades and basis risk (Kaminska, 2013). By considering 

spot markets, the possible influence of such factors on the market and its participants is left out.  
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However, the fact that it is not possible to trade on margin and that trading takes place with physical 

delivery also means that it is fair to assume fewer participants in the market. A market with fewer 

participants will also be a less efficient market because there will be a lower volume of trading to 

determine prices. While this has been a relevant concern (Houthakker, 1961), the size and importance 

of the commodity markets to so many companies plausibly ensure that there is a sufficient amount of 

traders to ensure an adequate amount of trading to make markets theoretically efficient (Fama, 1970).  

The spot market may also be influenced by monopoly sellers or buyers, which can impact the prices in 

a non-random manner. However, the presence of monopoly sellers and buyers in today’s global 

commodity markets appears negligible (Baffes & Haniotis, 2010), especially if disregarding such 

markets as the oil market (influenced by OPEC). Moreover, even a monopoly seller may face a 

completely random demand function and as such the price function may behave randomly as well 

(Samuelson, 1965). 

Finally, it has been suggested that a problem with commodity spot markets is that inventories play a 

role that may add a non-random element in the price developments in the markets (Stevenson & Bear, 

1970). There are many other elements that may act as non-random factors in the price development 

process, e.g. the weather’s impact on crops (Mandelbrot, 1966). A significant element of this study will 

thus be the assumption regarding such elements. A strong assumption will be that traders have a set of 

information about current inventory levels, weather forecasts, etc. upon which they properly anticipate 

prices (Samuelson, 1965). If the study finds that there is some predictive power in technical analysis, 

i.e. that the random walk hypothesis may not hold completely, suggestions for further research could be 

the role of inventories in the price setting mechanism. 

There is little doubt that more pros and cons can be mentioned, but the preceding section should suffice 

to highlight the main reasons why spot markets are chosen instead of futures markets. 

2.1.2 - A test of predictive power, not profit maximization 

The distinction between predictive power and profit maximization is merely a hypothetical one rather 

than a defining aspect of the study. While the results of this study should be interesting, no trader 

should consider using this study for creating a trading system for profit maximization. Instead, it will, 
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hopefully, be helpful as a guiding tool for procurement professionals who want to get a better 

understanding of how they can predict the future developments in the prices of certain raw materials. 

Nevertheless, the study will employ the same tools as used in studies that analyze the profitability of 

technical trading systems. Since profitability relies on the trader being able to predict market 

developments and thus make the profitable trades ahead of time, a profitable system is also a system 

with a reliable predictive power.  Thus, the study will compare the returns generated by the technical 

trading systems, i.e. the change that has taken place since a trading signal, against the overall market 

developments. A tool that is able to generate high returns with low volatility is both a profitable tool 

and a tool with predictive power, considering that it generates overall correct predictions without 

making too many wrong predictions (the volatility of returns generated by the system).  

2.2 - Method 

The methodological considerations in the beginning of the paper already made clear a number of 

factors to consider in setting up the structure of this study and determining the method employed. The 

structure employed is based on a three-pronged approach, where three different methods are used to 

arrive at results that can be analyzed. The first method is the application of standard random walk tests 

on the data. Such tests will indicate whether the data exhibit the behavior expected based on the EMH 

or not. The second method is the testing of a technical trading model on the original datasets and 

further Monte Carlo simulations to establish the extent of predictive power of such technical trading 

tools. The third and final method will be the comparison of the results of the technical trading tools in 

each of four sub-periods. The setup is seen in Table 1 below. The three-pronged approach will provide 

a wider basis from which to draw conclusions, thereby alleviating some of the problems in previous 

research that did not “compare the results with an alternative approach” (Leuthold, 1972, p. 887).  

Method Test description Datasets and models Comments 

Random walk tests Tests of whether 

descriptive statistics 

are different from 

random walk 

Commodity market 

data. 

Correlograms, unit root 

Based on Campbell, et 

al. (1997) and Gujarati 

& Porter (2009) 
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hypothesis. There is a 

null hypothesis for 

each test.  

tests, variance ratios, 

and runs. 

Technical trading 

model and Monte Carlo 

simulations 

The technical trading 

systems do not 

generate returns above 

the average or total 

return of the time 

series. 

The technical trading 

systems do not 

generate returns above 

the total return of a 

randomly generated 

dataset based on an 

EGARCH estimation. 

Commodity market 

datasets. 

Monte Carlo 

simulations based on 

EGARCH estimation 

derived from the 

original datasets. 

112 technical trading 

systems are tested on 

all datasets. 

 

A comparative study The best performing 

technical systems in 

one sub-period are not 

able to perform better 

than other systems in 

other sub-periods.. 

Commodity market 

datasets. 

Top ten technical 

trading systems are 

identified in one sub-

period and then applied 

in other sub-periods.  

 

Table 1 – an overview of the three-pronged approach employed in the study 

Since this is an exploratory study that seeks to test a hypothesis on quantitative, empirical data, the first 

conclusion will be whether the hypothesis is accepted or rejected. If the hypothesis is accepted, the 

study has added a further argument against technical trading but not necessarily an argument in favor of 
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the EMH: As Houthakker (1961) made clear, it is not possible to prove the EMH, only disprove it. In a 

positivistic sense, the study can show that prices in commodity markets act as if the markets are 

efficient, while there is still room for new qualitative intuitions for this behavior. On the other hand, if 

the hypothesis is rejected, it may be necessary to resort to behavioral finance as an explanation. The 

realistic EMH cannot explain why technical analysis, unless we slack on its assumptions. Such slacking 

can be reasoned in both realistic and idealistic terms, as the previous research has shown. Therefore, 

this study is kept exploratory in order to stay within the positivistic perspective, and the explanations 

are thus up for further research. 

One of the issues faced when conducting tests of technical analysis is that the technical analyst will 

argue that he does not use only one tool at a time and that he may change tools from time to time based 

on market intuition (Menkhoff & Taylor, 2007). Whereas the former argument needs to be considered, 

the second argument has little scientific meaning. If the technician changes his methods from time to 

time, it is first of all scientifically close to impossible to test his performance since test replication is 

rendered impossible (Chalmers, 1998). Secondly, changing tools from time to time makes the 

technician prone to a high degree of data snooping (Menkhoff & Taylor, 2007). Consequently, we 

cannot test if the technician’s results are due to skill or luck and we must therefore insist on using the 

same tools on the same datasets (Leuthold, 1972; Saunders, et al., 2007). Considering the first 

argument of the analyst, the solution is to test the tools in conjunction with each other. This was 

explained to some degree in the section on technical analysis and will be shown when explaining the 

technical trading model.  

2.2.1 - Data 

One of the important considerations is the subject of data snooping and spurious regressions. This has 

been covered extensively covered in the literature because the quality of the results is often dependent 

on how researchers tackled the issue (Menkhoff & Taylor, 2007). One of the more peculiar examples is 

the finding of the predictive power of butter production in Bangladesh in relation to the S&P 500 

(Sullivan, et al., 1999) or the predictive power of skirt lengths on economic developments (Malkiel, 

2012). Described by White (2000, p. 1097), data snooping occurs “when a given set of data is used 

more than once for purposes of inference or model selection.” The problem faced by researchers is 

often that there is only available time-series of a certain type upon which both model specification and 
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testing can be conducted. This creates a significant issue for the utility of the results of the analysis. 

The problem of data snooping was for example highlighted by Sullivan et al. (1999) when they ran the 

tests of Brock et al. (1992) in an out-of-sample dataset and considerably weakened the arguments of 

Brock et al. (Zhu & Zhou, 2009). In order to go about the issue of data snooping, I will test the 

technical trading rules on different datasets that share some similarities and by use of Monte Carlo 

simulations, which will be explained further in the section on method and test models. Data snooping 

issues also add further emphasis to proper data selection, therefore I now turn to describing the data 

used in the study.  

2.2.1.1 - Data requirements 

The data used in this study need to fulfill a number of criteria. Firstly, data of commodity prices will be 

used. Secondly, I cannot consider all commodities so I need to identify a select number of 

commodities. Thirdly, the selected commodities should be relevant to many companies on a global 

level in order to keep the conclusions made as relevant as possible. Fourthly, the commodity markets 

should be as open and free as possible since that should create the most efficient pricing regime 

(Zapoleon, 1931). That means commodities which are heavily influenced by governments or global 

institutions should be avoided. Fifthly, the commodities should be traded on a global level in order to 

ensure sufficient trading. Finally, there should be enough data on prices available in order to conduct 

the study over a long time frame. However, a range of commodities live up to these criteria. Hence I 

have found it necessary to limit the scope of this paper to include only four particular metal 

commodities. The commodities that live up to these criteria and are thus selected are:  

� Aluminum 

� Copper 

� Zinc 

� Tin 

The data chosen are the daily spot prices. The best available time frame for these commodities was 

1993-2013, i.e. a period of 20 years. This ensures datasets of 5218 observations, which should provide 

a good basis for the analysis. The datasets are further broken into four periods of five years each. 
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2.2.1.2 - Data generation 

The data is generated from DataStream’s benchmark datasets for the commodities and the cash prices 

are used. To save space the facts about each dataset are contained in appendix A1. Overall, the datasets 

all cover daily prices for the period 26-07-1993 to 24-07-2013 (5218 observations). They are then 

further broken down into four sub-periods covering five years.  

• The first sub-period is 26-07-1993 to 24-07-1998 (1305 observations) 

• The second sub-period is 27-07-1998 to 25-07-2003 (1305 observations) 

• The third sub-period is 28-07-2003 to 25-07-2008 (1305 observations) 

• The fourth sub-period is 28-07-2008 to 24-07-2013 (1303 observations) 

2.2.1.3 - Data characteristics  

Due to capacity constraints, all data characteristics are to be found in appendix A2. Instead, I will only 

use the most relevant charts and figures in this and following sections. This section will shed some light 

on the data, which overall depicts some of the interesting developments that have taken place in the 

world over the past 20 years. Figure 4 shows the developments in the log-prices of the four chosen 

commodities. It is interesting to see that the developments in these four commodities have been 

somewhat similar. This is further emphasized in Figure 5 and Figure 6, which depict the periods 1993-

2004 and 2004-2013, respectively. While the first period is relatively stable with barely any upward 

trend in prices (except for tin prices), the second period sees both considerably higher volatility and 

some significant increasing trends in the prices. Some interesting conclusions can be derived from 

these figures, most of which are well-known. Firstly, these four commodities have undergone similar 

developments over the past 20 years, from a rather stable market to one with considerable fluctuations 

in prices (Baffes & Haniotis, 2010). Secondly, this higher volatility has been followed by a general 

uptrend in the prices over the past ten years, especially starting after the dot-com bubble in the 

beginning of the 21st century. Thirdly, it is easy to see why some market observers believed there was a 

so-called “super cycle” during the years 2004-2008, where prices increased rapidly and considerably 

(Baffes & Haniotis, 2010). However, the belief in this super cycle seems to have been punctuated after 

2009. Fourthly, evidently the metal commodities are rather similar, and it is thus important to question 

how the results of this analysis apply to other commodities.  



Casper Bek  August 05, 2013 
 Can Technical Analysis Predict Commodity Price Developments? 

Copenhagen Business School  Page 46 of 132 

 

Figure 4 – Log of spot price developments for the commodities 1993-2013. Source: Datastream 

 

Figure 5 – Spot price developments for the period 1993-2004. Notice that copper and tin are on right axis, aluminum and zinc are 

on the left axis. Source: Datastream 
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Figure 6 – Spot price developments for the period 2004-2013. Notice that copper and tin are on right axis, aluminum and zinc are 

on the left axis. Source: Datastream 

Aluminum data characteristics 

The data for the spot price of aluminum exhibits a highly significant deviation from normality. This is 

quite clear to see based on the preceding figures, where the price is somewhat stable over time with a 

slight upward trend but with highly volatile periods, for example around 2005-2007. The distribution of 

spot prices is thus also both right-skewed and platykurtic, i.e. it has fatter tails. This also means that 

there is a significant difference between the mean and the median prices. Observing the sub-period 

developments, it is clear that the two first periods from 1993 to 2003 are very stable in their 

development, whereas period 3 is very volatile and increasing, while facing a decrease in both trend 

and volatility in period 4.  

The sample statistics for the change/return in the full sample and the sub-period adds further evidence 

of these observations. While the daily standard deviation of sub-period 1 is about 1% (approximately 

16% annualized), it increases to about 1.5 – 1.6% (23-26%) in periods 3 and 4. It is also interesting to 

see that the annualized return in sub-periods 1 and 2 hover around 1.5 – 3.5% and then jumping to 13% 

in sub-period 3. This jump is then severely undermined by an annualized fall of 9.5% in the last sub-

period. For good orders sake, it should also be noted that the autocorrelations between returns are 

insignificant. Considering the histograms of these returns, it should be highlighted that both daily and 

10-day changes exhibit a degree of being leptokurtic, i.e. there is a higher frequency of the returns in 

the tails than expected in a normal distribution.  
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Figure 7 - Sample statistics for the change/return in the full sample and the sub-periods for aluminum. Own analysis on 

Datastream data 

Copper data characteristics 

The statistics for the copper prices also exhibit significant deviations from the normality assumption. 

As seen in Figure 4, the price of copper has increased considerably over the past ten years. The price 

level in Figure 5 is about 2,000 USD, whereas the price level in Figure 6 is about 7,000 USD. The 

Minitab summary for copper prices in the appendix A2 also shows this clearly with a high degree of 

right skewness. The rapid increase in prices over the past ten years has the consequence that the mean 

of the copper price is more than 40% higher than the median price. The kurtosis is below 0, which also 

indicates that the distribution is far from normal.  

Once again the sample statistics for the change/return in the full sample and the sub-period adds further 

evidence of these observations. While the mean annualized return over the 20-year period is just 

slightly 6%, the annualized return from 2003 to 2008 is 29.5%. However, the higher return also comes 

at a doubling of the standard deviation, which goes from 1% to 2% from period 2 to 3. While the daily 

change drops to a negative value in the final period, the volatility continues to be very high, at an 

annualized standard deviation of approximately 32%. It is interesting to note that the distribution of 

daily changes in sub-period 4 is not significantly different from a normal distribution. Autocorrelations 

of daily changes and 10-day changes are neither significant at a relevant level (the 1-lag autocorrelation 

is high for the 10-day change but it quickly disappears in larger lags).  

Change

Full sample Period 1 Period 2 Period 3 Period 4

Observations 5208 1305 1305 1305 1303

Mean 0,00008 0,00014 0,00006 0,00052 -0,00038

Annualized 0,01979 0,03410 0,01550 0,13055 -0,09484

Variance 0,00018 0,00013 0,00010 0,00021 0,00027

Annualized 0,04404 0,03130 0,02468 0,05374 0,06639

Standard deviation 0,01327 0,01119 0,00994 0,01466 0,01630

Skew -0,26077 -0,27921 0,31685 -0,42496 -0,21828

Kurtosis 2,61335 2,40756 1,44384 2,63685 1,38034

SES 0,03393 0,06773 0,06773 0,06773 0,06778

SEK 353,71181 177,31380 177,31380 177,31380 177,17840

Skew, significance Significant Significant Significant Significant Significant

Kurtosis, population Not able to tell Not able to tell Not able to tell Not able to tell Not able to tell

JB Test of Normality 91,46433767 36,04088546 153,5129201 46,45003263 152,7706716

Chi square PDF 0,00 0,00 0,00 0,00 0,00

Autocorrelation, at lags

1 -0,02 -0,02 -0,02 -0,02 -0,02

5 0,01 0,01 0,01 0,01 0,01

10 -0,01 -0,01 -0,01 -0,01 -0,01

15 0,02 0,02 0,02 0,02 0,02

100 0,01 0,01 0,01 0,01 0,01

1-day periods
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Tin data characteristics 

The most striking feature of the dataset for the tin price is the evolution from a price of around 5,000 

USD to a peak of almost 35,000 USD in 2010-2011 and then ending at approximately 20,000 USD in 

2013. Moreover, the tin price exhibits the highest degree of large swings over the last ten years, where 

it increases by more than 300% and decreases by more than 60% within very short periods.  These 

features lead to a very non-normal price distribution, which is shown in Figure 8. One of the reasons 

for the low prices of tin in the 1990’s could be that the market for tin was liberalized throughout the 

decade, which spurred growth in production and decline in prices. The economic growth in the 2000’s 

then started consuming all the excess tin, which led to the increases in prices (ITRI, 2011).  

 

Figure 8 – MiniTab Summary for Tin Prices. Source: Datastream, MiniTab analysis 

Turning the attention to the sample statistics for the changes in the tin prices, there are more features to 

highlight about this price series. The overview for the daily changes stresses the fact that there is a 

significant difference in the volatility in the first two sub-periods compared to the two latter ones. 

Compared to the histograms of the preceding two commodities, the distributions of daily changes in tin 

prices are highly leptokurtic in all four sub-periods, which is somewhat diminished in the 10-day 

change case. This underlines that the majority of daily changes have been around the same level, but at 
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some instances there have been a high number of extreme changes in the price. Interestingly, the period 

4 histogram almost resembles a normal distribution. 

Zinc data characteristics 

The zinc data also exhibits a price histogram that is highly right skewed and significantly differs from a 

normal distribution. Like the developments in the tin prices, the zinc prices also exhibited a low, stable 

development in the 1990s, which then rapidly evolved into a volatile, fast-increasing price development 

in the last decade. However, zinc prices have fallen considerably from their peak and have returned to 

price levels that are about twice those of the 1990s. It is thus interesting to depict the developments in 

each sub-period as in Figure 9. This underlines that the latest sub-period largely resembles the first two 

ones, whereas the third sub-period stands out as rather unique.  

 

Figure 9 – Zinc price developments in the four sub-periods (1993-1998, 1998-2003, 2003-2008, 2008-2013). Source: Datastream 

The sample statistics for the changes in zinc prices reveal a few more interesting facts. They underline 

that the third sub-period saw a high increase in prices, almost 15% on an annual basis, and the volatility 

was significantly different from the volatility in the previous two periods. Nevertheless, prices fell 

again in sub-period, though at a mere 0.8% on an annualized basis, while the volatility continued to be 

high.  
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2.2.1.4 - Data limitations 

The preceding characterization of the data also leads to some concerns regarding its limitations. The 

datasets all feature some degree of the same development, namely that the first two periods are 

relatively stable and with minor increases in prices, but then succeeded by a period of rapid increases 

and high volatility, and finally some stabilization of the uptrend but still high volatility. Thus, any 

generalizations based on the analysis must be thought over carefully. On the other hand, it should also 

be taken into consideration that most other asset classes exhibited strikingly similar patterns throughout 

the same period (Baffes & Haniotis, 2010). 

The similarities of the development in the prices should also be noted in relation to the fact that the data 

covers a period of 20 years only. While this provides a total of 5218 observations, it is without doubt 

that more data could have made the results of the study stand out further. I would argue, though, that 

the 20 year period provides adequate basis for the study. Furthermore, splitting this period into four 

sub-period and conducting different tests ensure that the chosen time period is sufficient for making 

generalizations.  

A general limitation of the data is obviously that it is only prices. Practically, it means that any volume 

effects are not considered. It appears outside the scope of this paper to analyze the role of volume in 

relation to prices and technical trading, even though that it also an interesting topic for further research. 

On a methodological level, the implication is that prices levels are not discussed as such. Any 

quantitative or qualitative data that could help to understand the underlying price mechanisms has 

neither been included due to paper size limitations. While this keeps the focus of this paper on the role 

of past prices in relation to future forecasts and the EMH, it stresses the importance of assumptions 

such as that all information publicly available is reflected in current price levels and there is no market 

participant who has monopoly power to determine prices.  

2.2.2 - Model and framework for testing 

Having thus generated and characterized the data, and described its limitations, the next subject is the 

actual framework for the testing of the hypothesis on the data. As already shown in Table 1, three 

methods/approaches have been chosen for the testing. Each of these methods will be explained below. 
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2.2.2.1 - Method 1: Random walk testing 

The first method is based on the random walk and martingale properties that have been described 

previously in this paper. This method involves performing a number of econometric tests on the data 

based on the hypotheses of the theory. The first test has already been mentioned in the characterization 

of the data, namely a test of autocorrelation in the data. Testing for autocorrelation is to test whether the 

random shocks exhibit any covariance. As previously discussed, there should not be any covariance in 

these shocks if the time series is a random walk (in its strongest sense, (Campbell, et al., 1997)). 

Autocorrelation testing is conducted with MiniTab on the time series. Autocorrelation is also tested for 

the daily price changes over the period. 

The second test is a test of unit roots. While this test has been criticized for accepting its null 

hypothesis of a unit root and thus nonstationarity (Campbell, et al., 1997), it still provides some 

indication whether a time series is stationary or not (if it is a random walk with or without drift and 

trend), especially over such a long time span and with so many observations as the datasets used here 

(Gujarati & Porter, 2009). I conduct unit root tests for random walk without drift, random walk with 

drift, and random walk with drift and trend for both the prices and the price changes (first differenced 

prices).  

The third test is a test of the variance ratio and variance difference. It actually includes three tests, 

which are based on the work of Campbell et al. (1997, pp. 49-55). I will refer the reader to that 

description of the theoretical fundament in order to keep focus on the results here. The basic 

assumption behind the tests is that the “variance of random walk increments [random shocks] must be a 

linear function of the time interval” (Campbell, et al., 1997, p. 48). We thus test whether the variance of 

one point in time is q times larger than the variance at another point when those points are q lags apart. 

The variance difference tests whether the difference in these variances is significantly different from 0. 

The third test is also on the variance ratio, however it allows for a greater amount of heteroskedacity in 

the time series, i.e. it takes into consideration that the dataset may exhibit changing volatility and 

clustering over time. Still the hypothetical value of the variance ratio is 1 and tests are conducted to 

check if the sample VR is significantly different from this. The variance ratios and variance differences 

will be tested on the log of prices as suggested in Campbell, et al. (1997).  
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The fourth and final test of the random walk hypothesis is a test of runs in the time series. This test is 

conducted in MiniTab on both price series and daily price changes. The test is conducted by comparing 

the sequences of consecutive runs above or below the mean, or runs of positive or negative means, 

against the sampling distribution under the random walk hypothesis (Campbell, et al., 1997, p. 38). As 

technical trading depends on any run continuing in a certain direction over a longer period, it is 

interesting to see if this actually happens in the data. The test for daily price changes is whether the rate 

of change exhibits any serial trends, i.e. whether it keeps increasing or decreasing over certain periods, 

which is also relevant to the technical trading system. 

All the results of these tests, except for autocorrelation tests which are found in appendix A2, are 

included in appendix A3 and will only be summarized when discussing the results.  

2.2.2.2 - Method 2: Technical Trading returns and Monte Carlo simulation 

Methods 2 and 3 are somewhat similar and some of the explanations given here will also apply to 

method 3. Method 2 is the application of technical trading system on each of the datasets to generate 

the returns of this strategy compared to the expectations. Whereas method 3 will take a comparative 

approach, this method applies a technical trading system to the full sample and identifies the best 

systems throughout the full period. The top-three performing systems are identified and are then run on 

Monte Carlo simulated datasets in order to check the profitability of these systems. Based on the ideas 

of Park & Irwin (2010), this method seeks to test as many technical trading systems as possible on as 

many datasets as possible. The technical trading systems are built on 10 different properties, which are: 

1. The Short Moving Average (SMA): This is the basic instrument on which signals are 

generated. In many systems, the short moving average is the price chart. MA lengths vary 

from 5 to 260, where 260 is chosen since it is the number of yearly trading days. 

2. The Long Moving Average (LMA): This is the instrument that generates the signals. 

Whenever the LMA crosses the SMA in either an upward or downward direction, a trading 

signal is created.   

3. The Relative Strength Index (RSI): RSI has already been explained. The property in the 

system is whether an RSI is applied and for what period (e.g. 5 days or 10 days). 
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4. The Rate of Change (ROC): The same applies to the ROC, which is chosen for different 

periods if applied. 

5. Confidence band for trading: This is the band that determines whether a signal is generated. 

For example, Brock, et al. (1992) use a 1%-band. This band is applied to the SMA.  

6. The upper and lower RSI bands: These determine at what levels a RSI signal is generated. 

As mentioned earlier, some use 80-20 while others employ a 70-30. For longer horizons, 

however, it is sometimes necessary to apply bands of 60-40.  

7. Ignore positive signals: This indicates whether the system trades on positive signals or not. 

As such, it states that the system only looks for negative signals or both. 

8. Ignore negative signals: The opposite of the “ignore positive signals”-property. 

9. Lag length for RSI and ROC: This determines the number of lags used to check for RSI and 

ROC. In other words, it determines whether the system goes back X or Y days to check if 

the RSI has been above its upper band or the ROC has changed direction.  

10. Forecast period: This is the property for the period the system should forecast ahead. If for 

example set at 10, the system will make the trade at the time of the signal and generate the 

return 10 days later.  

Considering the sheer amount of possible combinations of properties, which would create distinct 

technical trading systems, I have chosen a total of 112 systems which will be tested. These are 

described in Appendix A4 – Technical Trading systems. The 112 systems cover a range of possible 

setups and represent properties commonly used by technicians (Bundgaard, 2013). I will not compare 

the results to a buy-and-hold strategy since such a strategy is very unimaginable (Leuthold, 1972): It is 

difficult to argue that any trader would buy a ton of tin in 1993 and keep it until 2013. Instead, a t-test 

will be based on a usual performance evaluation of portfolio performance. The t-test will use the 

annualized return generated by the technical trading system and compare to the annual change in the 

commodity. This resembles evaluating a stock portfolio performance against the market portfolio 

performance (Bodie, et al., 2011), where a t-test (16) is applied: 

5	~	√8 × :;):̅=
>?;@

 (16) 
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Where n is the number of years (20 for the full sample), rs is the annualized return generated by the 

system (total return divided by the number of years), rc is the average annual change in the commodity, 

and σ2 is the variance of the technical trading system. The technical trading systems will thus be 

evaluated on whether they achieve an annualized return that is statistically significantly better than the 

annual change in the commodity. The significant values of t are found in Gujarati & Porter (2009). 

The second element is the application of Monte Carlo simulation. This simulation is conducted on new 

random datasets of price series that are generated based on an EGARCH model, as suggested in Brock, 

et al. (1992). The EGARCH model is estimated on the original dataset with SAS and then applied to a 

new sample of random shocks generated in Excel.  

Due to computational limitations, 500 new datasets of a 20-year period were simulated. Upon these 

new datasets the top-three technical systems (measured by the returns generated by the systems with 

significant t-values) are tested again. The t-test is then calculated for each simulation and the average of 

these t-tests is compared to the null hypothesis that the t-value is 0, i.e. the technical systems are not 

able to produce predictions that beat the market performance. This is a very simplified procedure 

compared to other tests for data-snooping (White, 2000), but together with the other methods used it 

should provide strong suggestions for the predictive power of technical trading systems.  

2.2.2.3 - Method 3: Comparative study 

In contrast to method 2, method 3 uses the same trading systems but on a sub-period level. As already 

argued, one criticism of technical analysis is that a systematic pattern may show up in a random walk 

time series, but that systematic pattern will not be repeated in other periods. Method 3 is thus built up 

as follows: 

1. Test technical trading systems in one sub-period and calculate t-value as per (16). 

2. Identify the top-10 systems measured on the t-value. 

3. Test these technical trading systems on the other three sub-periods. 

4. Compute the significance of the average t-value for these systems across the sub-periods. 

The t-test for point 4 is: 
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Where taverage is the average of the t-values calculated, 0 is the mean of the t-distribution (Gujarati & 

Porter, 2009), and k is the degree of freedom (40 in these calculations, since we have 10 tests on four 

sub-periods in each).  

5. For the full commodity (i.e. all sub-periods), a new average t-value is then calculated and 

tested with a degree of freedom of 4.  

This approach takes into account the criticism of some previous research that failed to repeat tests on 

new data samples, thus being prone to data-snooping issues (Park & Irwin, 2010). In order to further 

avoid the odd appearance of lucky guesses and actually test the merits of the technical trading system, 

it was found necessary to leave out systems that generated less than five predictions since these systems 

had a very low variance which affected the t-test substantially. Five was chosen since the longest MA 

length was 260 days, which is ~1/5 of the full sub-period length.  

2.2.2.4 - Assumptions and limitations of the setup 

While method 3 seeks to handle the problem of identifying systems a priori and then testing them on 

new datasets, the overall study is still conducted on the same underlying data upon which technicians 

claim their systems work. A general improvement of this study would be to conduct the study on the 

same markets with the same technical systems but at a later point in time (Park & Irwin, 2010). 

However, this is obviously not possible.  

A second limitation is the omission of the use of White’s Data Snooping Reality Check (White, 2000). 

Due to the capacity constraints of this paper, I have chosen to commit the resources to conduct the tests 

above, which include the Monte Carlo simulations of data as applied by Brock, et al. (1992) and 

acknowledged by White (2000). Moreover, leaving out systems with a small number of predictions 

should ensure that no conclusions are based on lucky guesses. 

A key assumption is that the underlying information that determines the prices of the commodities is 

properly anticipated and does not appear in a non-random, unknown pattern. This information set 

(17) 
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includes weather systems, economic growth, technological changes, and more. Thus, the prices are, at 

the outset, assumed to reflect the available information.  

Another assumption of the method setup is that the chosen methods and tests sufficiently cover the area 

and are able to generate reliable results. These results will form the basis of the conclusion to the 

research question and are thus pivotal to the purpose of this paper. While this seems a fair assumption, 

it is relevant to highlight in relation to this research topic. For example, previous research relied to a 

large degree on resampling of the original data to generate new datasets for testing. However, this 

practice led to a considerable degree of data-snooping, which to some extent has been alleviated by the 

development of Monte Carlo simulation and Bootstrap methods (Sullivan, et al., 1999; Park & Irwin, 

2007). Hence, future developments in statistics and the theoretical foundations may provide for new 

and better tools to conduct tests like these.  

2.3 - Results 

Having conducted the tests under each method on the four datasets, the following sections will discuss 

the results. This will follow a similar structure as above with a discussion of the results of each method 

separately. The conclusion will then be based on an overall discussion of the implications of these 

results for the research question of this paper. 

2.3.1 - Method 1: Random walk testing 

The initial question is the level of autocorrelation in the datasets. This has already been covered in the 

section on data characteristics and the correlograms are all found in the Appendix A2 – data statistics 

summaries. For all four datasets, the correlograms show that autocorrelation is significant at up to lags 

of 300-500. This is a very high level and it strongly suggests that these time series exhibit the same 

patterns as many other economic time series, namely upward trends and changing means (non-

stationary time series). 
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Figure 10 – MiniTab partial autocorrelations correlogram for tin prices. Source: Datastream 

For the partial autocorrelations, the picture is somewhat different. The partial autocorrelations for 

aluminum and copper prices fade out after a couple of lags already, whereas both tin and zinc exhibit 

significant partial autocorrelation at larger lags as well. The partial autocorrelations for tin is shown as 

an example in Figure 10. 

While it can safely be concluded that the price series for all four commodities are non-stationary, the 

conclusion is not as straightforward for the price changes. Even though it is argued that first differences 

of non-stationary time series often will be stationary (Gujarati & Porter, 2009), it does not seem so for 

all the commodities. The autocorrelations for the price changes in aluminum and tin exhibit a white 

noise process, but the picture is less clear for copper and zinc. In the example of copper, there seems to 

be some significant deviances in the autocorrelations at up to lag 100. For zinc, there are significant 

deviations at lags up until 800, even though the deviations seem to jump in a random manner, cf. 

Figure 11.  
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Figure 11 – MiniTab correlogram for zinc price changes. Source: Datastream 

2.3.1.1 - Unit root tests 

For all the commodities, all the unit root tests add strength to the argument that the time series of prices 

are non-stationary. Based on the Dickson-Fuller test of critical Tau values (Gujarati & Porter, 2009), 

the t-values fail to reject the hypothesis that there is a unit root. This is not very surprising considering 

the price graphs previously shown. Similar tests were conducted on the first differences, i.e. the price 

changes, as suggested by Gujarati & Porter (2009). Interestingly it is only the time series for the price 

changes in copper and tin that exhibit just some significant difference at the 5% level from the unit root 

hypothesis. While some of the criticism of the unit root test is that it fails to reject the null hypothesis 

of unit root, the results of the tests should be seen in the light of the overall data characteristics, which 

showed substantial changes in the volatility and the mean return over the four sub-periods for all the 

commodities. This is probably what shows up in the unit root tests. As such, it is necessary to analyze 

the price series further to test whether the price changes are significantly non-stationary.  
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2.3.1.2 - Variance ratio and variance difference tests 

The appearance of autocorrelation should also influence the results of the variance ratio and variance 

difference tests (Campbell, et al., 1997). Figure 12 shows the variance ratio test 3 for zinc log prices.  

 

Figure 12 – Variance ratio test 3 for log of zinc prices. This test uses the heteroskedacity-consistent asymptotically standard 

normal test statistics (Campbell, et al., 1997). 

While three tests are conducted, it suffices to discuss the results of the third test only. This third test 

uses the heteroskedacity-consistent asymptotically standard normal test statistic proposed by Campbell, 

et al. (1997) and it should thus take into account that the variance changes over time. At up to q values 

of 8, there seems to be little that indicates that the variance ratios are different from 1. This suggests 

that the series of log prices are stationary to some degree, which also indicates that the time series of 

price changes is stationary. Hence, the criticism of unit root tests may be correct and the results from 

the variance ratio tests may provide the best indication of the nature of the time series. However, it 

should be noted that as q increases, the variance ratios also increases, which is seen in Figure 12 and in 

the figures in the appendix. Campbell et al. (1997) also find such positive serial correlation in 

multiperiod returns in their study of stock returns (Campbell, et al., 1997). These results could indicate 

that the variance ratios do in fact vary in different time periods, which could be the case considering the 

significant changes in volatility in the separate sub-periods.  

2.3.1.3 - Runs tests 

The final test can be summarized quite briefly and only adds support to the inferences drawn above. 

For all four time series of prices there is a significant difference between the expected number of runs 

in a randomly drawn series and the time series. Hence, it is clearly seen that the time series do not 

exhibit any behavior that is in line with a random walk. However, this is quite probably due to the 

trends identified in the data. On the other hand, for all series of price changes, the number of runs is not 

statistically significantly different from the theoretical distributions, and as such it can be argued that 

the price change series behave in a random manner. 

VR Test of Random Walk 3 Choice of q

VR Test 2 4 6 8 10 12 14

Variance ratio 0,97 0,92 0,94 1,01 1,14 1,41 2,05

Variance ratio, significance -1,46 -2,16 -1,18 0,15 2,01 5,15 12,25
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2.3.2 - Method 2 – Technical Trading and Monte Carlo simulation 

Each of the technical trading systems listed in Appendix A4 – Technical Trading systems were tested 

on each of the datasets.  

Commodity System Signal type Total Returns generated Sharpe Ratio for System 
t-test 
value 

Aluminum System 19 All signals 143% 0,84 25,73 

 
System 60 All signals 113% 0,17 7,95 

 
System 61 All signals 352% 0,43 18,09 

 
System 88 All signals 395% 0,28 17,73 

 
System 89 All signals 320% 0,21 9,43 

Copper System 35 All signals 170% 0,38 4,13 

 
System 60 All signals 324% 0,27 8,25 

 
System 61 All signals 278% 0,27 5,39 

 
System 76 All signals 412% 0,22 3,60 

 
System 87 All signals 257% 0,13 3,65 

Tin System 17 All signals 209% 0,30 8,18 

 
System 31 All signals 218% 0,30 8,16 

 
System 34 All signals 336% 0,27 4,49 

 
System 62 All signals 460% 0,60 11,93 

 
System 78 All signals 403% 0,28 5,35 

Zinc System 21 All signals 205% 0,27 1,13 

 
System 35 All signals 327% 0,39 1,87 

 
System 69 All signals 185% 0,60 1,29 

 
System 92 All signals 759% 0,30 2,75 

 
System 93 All signals 471% 0,21 1,68 

Average 
  

317% 0,34 7,54 

Table 2 below shows the top-5 trading systems for each commodity sample based on the t-test value. 

The t-test values are all significant and thus highlight that the technical trading systems have generated 

returns that are significantly different from the general time series developments. In other words, these 

systems have consistently been able to make reliable predictions of future price developments in the 

individual commodity markets. The detailed results of the systems with significant t-values are found 

in Appendix A6 – Technical trading systems with significant t values. It is of note that out of 448 

different tests (112 systems, four commodities), only 44 perform better than expectations in the 

commodity markets at a statistical significance of 5%. Out of all the systems, 278 generated a positive 

return. 

Commodity System Signal type Total Returns generated Sharpe Ratio for System 
t-test 
value 

Aluminum System 19 All signals 143% 0,84 25,73 

 
System 60 All signals 113% 0,17 7,95 

 
System 61 All signals 352% 0,43 18,09 

 
System 88 All signals 395% 0,28 17,73 



Casper Bek  August 05, 2013 
 Can Technical Analysis Predict Commodity Price Developments? 

Copenhagen Business School  Page 62 of 132 

 
System 89 All signals 320% 0,21 9,43 

Copper System 35 All signals 170% 0,38 4,13 

 
System 60 All signals 324% 0,27 8,25 

 
System 61 All signals 278% 0,27 5,39 

 
System 76 All signals 412% 0,22 3,60 

 
System 87 All signals 257% 0,13 3,65 

Tin System 17 All signals 209% 0,30 8,18 

 
System 31 All signals 218% 0,30 8,16 

 
System 34 All signals 336% 0,27 4,49 

 
System 62 All signals 460% 0,60 11,93 

 
System 78 All signals 403% 0,28 5,35 

Zinc System 21 All signals 205% 0,27 1,13 

 
System 35 All signals 327% 0,39 1,87 

 
System 69 All signals 185% 0,60 1,29 

 
System 92 All signals 759% 0,30 2,75 

 
System 93 All signals 471% 0,21 1,68 

Average 
  

317% 0,34 7,54 

Table 2 – The top-five technical trading systems for each commodity measured by the t-test value.  

Another aspect of  

Commodity System Signal type Total Returns generated Sharpe Ratio for System 
t-test 
value 

Aluminum System 19 All signals 143% 0,84 25,73 

 
System 60 All signals 113% 0,17 7,95 

 
System 61 All signals 352% 0,43 18,09 

 
System 88 All signals 395% 0,28 17,73 

 
System 89 All signals 320% 0,21 9,43 

Copper System 35 All signals 170% 0,38 4,13 

 
System 60 All signals 324% 0,27 8,25 

 
System 61 All signals 278% 0,27 5,39 

 
System 76 All signals 412% 0,22 3,60 

 
System 87 All signals 257% 0,13 3,65 

Tin System 17 All signals 209% 0,30 8,18 

 
System 31 All signals 218% 0,30 8,16 

 
System 34 All signals 336% 0,27 4,49 

 
System 62 All signals 460% 0,60 11,93 

 
System 78 All signals 403% 0,28 5,35 

Zinc System 21 All signals 205% 0,27 1,13 

 
System 35 All signals 327% 0,39 1,87 

 
System 69 All signals 185% 0,60 1,29 

 
System 92 All signals 759% 0,30 2,75 

 
System 93 All signals 471% 0,21 1,68 

Average 
  

317% 0,34 7,54 

Table 2 is that only two systems are in the top five for more than one commodity. System 61 is able to 

make reliable predictions for both aluminum and copper, while system 87 goes again in aluminum, 

copper and zinc. The system properties are shown in Table 3. 
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Table 3 – Overview of the 17 trading systems that generated the top-5 t-test values and thus highest and most significant returns 

in each commodity. 

The identified systems exhibit a significantly higher Sharpe Ratio than the Sharpe Ratio for each 

commodity on an annualized basis, cf. Table 4. The only system that violates this is System 2 for 

aluminum, which underlines that the rest of the systems tested in the aluminum market failed to 

generate significant t-test values.   

  Aluminum Copper Tin Zinc Average 

Total change over full sample period 41% 130% 139% 70% 95% 

Average annual growth rate 2% 6% 7% 3% 5% 

Annualized standard deviation 0,21 0,27 0,81 0,29 0,40 

Sharpe Ratio 0,10 0,24 0,09 0,12 0,14 

Table 4 – Overview of returns, volatility and Sharpe Ratios for the full samples of each commodity. 

Having thus established an overview of the top-five performing technical systems in the original 

datasets, they need to be tested in a Monte Carlo simulation, which is the topic of the following section. 

2.3.2.1 - Monte Carlo Simulation results 

EGARCH (1,1) models were estimated for each of the four commodity time series using regression 

analysis in SAS. The results for each of the datasets are shown below. 

System name SMA LMA RSI ROC

Confidence 

band for 

trading RSI Upper band

RSI Lower 

band

Ignore positive 

signals

Ignore negative 

signals

Lag length for 

RSI and ROC Forecast Period

System 17 Price MA-20 RSI-20 ROC-20 0 70 30 No No 20 20

System 19 Price MA-50 RSI-50 ROC-50 0 70 30 No No 50 50

System 21 Price MA-125 RSI-125 ROC-125 0 60 40 No No 125 125

System 31 Price MA-20 RSI-20 ROC-20 0,02 70 30 No No 20 20

System 34 Price MA-100 RSI-100 ROC-100 0,02 60 40 No No 100 100

System 35 Price MA-125 RSI-125 ROC-125 0,02 60 40 No No 125 125

System 60 Price MA-30 RSI-30 ROC-30 0 60 40 No Yes 30 30

System 61 Price MA-50 RSI-50 ROC-50 0 60 40 No Yes 50 50

System 62 Price MA-100 RSI-100 ROC-100 0 60 40 No Yes 100 100

System 69 MA-50 MA-200 RSI-50 ROC-50 0 60 40 No Yes 50 200

System 76 Price MA-100 No RSI No ROC 0,02 0 0 Yes No 0 100

System 78 Price MA-200 No RSI No ROC 0,02 0 0 Yes No 0 200

System 87 Price MA-20 No RSI No ROC 0,02 0 0 No Yes 0 20

System 88 Price MA-30 No RSI No ROC 0,02 0 0 No Yes 0 30

System 89 Price MA-50 No RSI No ROC 0,02 0 0 No Yes 0 50

System 92 Price MA-200 No RSI No ROC 0,02 0 0 No Yes 0 200

System 93 Price MA-260 No RSI No ROC 0,02 0 0 No Yes 0 260
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Figure 13 – EGARCH (1,1) estimates for aluminum (left) and copper (right) 

 

Figure 14 – EGARCH (1,1) estimates for tin (left) and zinc (right) 

These EGARCH estimates in Figure 13 and Figure 14 were the best estimates of a model for the 

commodity price series compared to a GARCH (1,1) and EGARCH (2,2) model. As can be seen for a 

number of the parameters, the models do not fit perfectly with the data.  

The Monte Carlo simulations were run for all four commodities and the top-3 performing systems in 

each original dataset were then used for trading in the simulated datasets. For each simulation the t-

value for the significance of the performance of the technical trading system was calculated. The 

average of the t-tests for each system was then compared to the hypothesis that it would not be different 

from the t-distribution mean of 0. The t-values for these t-tests are reproduced in Table 5 below. As is 

clearly seen in the table, there is little support for the power of the technical trading systems that had 

performed best in the original dataset. It is worthy of some concern that the simulations so 

overwhelmingly reject that there is any above-market performance of technical trading systems 
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compared to the original datasets. Considering that the EGARCH models may not provide a perfect fit 

for the original datasets, it can be argued that the technical trading systems perform better in the 

original data because the original datasets are not as random as the EGARCH-modeled data.  

Summary of Monte Carlo 
Simulations t-test values 

System 
1 

System 
2 

System 
3 

Aluminum -0,14 -0,02 -0,03 

Copper -0,06 0,14 -0,02 

Tin 0,05 0,11 0,18 

Zinc -0,01 0,13 -0,01 

Table 5 – Summary of t-tests for top 3 performing systems in Monte Carlo simulations. Overall, the systems do not perform 

better than the general market developments.  

Altogether considering the results of the technical trading systems in the original datasets and the 

Monte Carlo simulations provide a rather clear picture of technical trading systems as incapable of 

predicting market developments in the future. The above tests certainly do not reject the hypothesis that 

technical analysis is not able to predict future price developments reliably.  

2.3.3 - Method 3 – Comparative study 

The ten best-performing systems in each period, measured on their t-test values, were compared to their 

performance in the other three periods. In some tests, some systems were disregarded because they 

made less than five predictions, which created a very low variance, extremely high Sharpe Ratios, and 

high t-values, and thus distorted the full picture significantly. The average t-value of the top-10 

systems’ t-test performance in all periods was then tested against the hypothesis that the true t-value 

was 0 for each of the four test samples. The average of the four t-tests was then tested against the 

hypothesis that the true value was 0. The results of the comparative study are rather one-sided and are 

presented in table-format below, which shows the t-test value for each period test and the total t-test 

value.  

Identifying period 
Sub-
period 1 Sub-period 2 Sub-period 3 

Sub-
period 4 

t-test on difference from t-value 
of 0 -0,81 -0,31 2,79 -0,81 

Student's t-distribution test 0,15       

Table 6 – Comparative test of t-values for aluminum. 

Identifying period 
Sub-
period 1 Sub-period 2 

Sub-period 
3 

Sub-
period 4 
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t-test on difference from t-value of 
0 -0,74 -0,31 0,29 1,57 

Student's t-distribution test 0,14       

Table 7 – Comparative test of t-values for copper. 

Identifying period 
Sub-
period 1 Sub-period 2 

Sub-period 
3 

Sub-
period 4 

t-test on difference from t-value of 
0 -0,02 -0,14 0,37 -2,40 

Student's t-distribution test -0,39       

Table 8 – Comparative test of t-values for tin. 

Identifying period 
Sub-
period 1 Sub-period 2 

Sub-period 
3 

Sub-
period 4 

t-test on difference from t-value of 
0 -0,42 0,78 -0,09 0,64 

Student's t-distribution test 0,16       

Table 9 – Comparative test of t-values for zinc. 

The performance evaluation of technical systems identified a priori and then tested outside the selecting 

sample clearly suggests that it is not possible to identify a successful technical system a priori to the 

testing period. In any other case, for example using sub-period 1 as system identifier in both aluminum 

and copper markets, the systems identified actually made worse predictions than the realized annual 

change in the market price during subsequent periods (as indicated by a negative t-value).  

  

Figure 15  - Figure shows the t-test statistic for the systems identified as top-10 performers in sub-period 2 for the tin price.  
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The performance of the identified systems in subsequent periods was evaluated both in terms of the t-

test and the Sharpe Ratio. All the figures are presented in Appendix A7 – Comparison of systems 

across periods, while I will highlight the most interesting features here. The general outcome of the 

tests closely resembles the features shown in Error! Reference source not found. below.  

The results in the identifying period are positive, but this performance is not repeated in subsequent 

periods. It is for example worth highlighting the performance of the systems in sub-period 3 across all 

commodities, where the majority of systems fare worse than the general market development. As 

highlighted in the walkthrough of the tin price development, sub-period 3 featured a spectacular 

increase in prices over that period and high volatility. Error! Reference source not found. emphasizes 

that identifying a successful system in the preceding period would not have been possible in this case. 

Figure 16, depicting the performance of the sub-period 1 identified systems in aluminum, and Figure 

17, showing the Sharpe Ratios for the sub-period 1 identified systems in zinc, add further support for 

this argument.  

The data characterization highlighted that there was a significant difference in the developments in sub-

periods 1 and 2 versus the developments in sub-periods 3 and 4. However, using systems identified in 

sub-period 3 did not necessarily lead to good performance in period 4, despite a couple of good results 

as seen for copper in Figure 18. Neither did systems in sub-period 1 fare well in sub-period 2, despite 

the similarities of these periods. However, it is interesting that Figure 18 is quite representative for all 

the sub-period 3 tests. They exhibit significantly high t-values, which supports the argument of Kidd & 

Brorsen (2004) who argue that technical trading systems seem to perform better in high volatility 

markets than in low volatility markets. 

It thus seems that technical trading is able to produce the Iliad-producing monkey in one period, but it 

seems almost impossible that the same monkey will produce The Odysseus in any of the following 

periods. Even including some of the systems that produced abnormal t-values due to a very low number 

of predictions and variance does not shift the overall result significantly.   
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Figure 16 – T-test values for the systems identified in sub-period 1 in the aluminum market. 

 

Figure 17 – Sharpe Ratios for the systems identified in sub-period 1 and sub-period 4 in the zinc market. The Ratio is expressed in 

the scale of 10-2 to ease readability. 
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Figure 18 – The Sharpe Ratio for systems identified in sub-period 3 for copper. The Ratio is expressed in the scale of 10-2 to ease 

readability. 

2.3.4 – Further tests of the results 

In order to further strengthen the possibility of drawing valid conclusions from this study, the above 

tests were conducted on a number of other commodities. Tests of the technical trading systems were 

conducted on the 3-month price for aluminum and copper instead of the cash price used in the study. It 

can be argued that the 3-month price is just as valid as the cash price of a commodity, since few 

companies order commodities from day to day. Instead, a 3-month order horizon is still relatively short 

for most companies. Thus, the tests were run on the 3-month price to check whether the results 

generated above were applicable to the 3-month time series as well. The overall impression is that they 

are. The developments in the time series are very comparable and the changes in both mean and 

volatility over time is the same to a large degree. The results of the technical trading systems closely 

resemble the results obtained for the cash markets, which can be seen in Table 10 for aluminum, 

showing only 4 successful systems out of 112 systems. The results for copper are contained in the 

appendix. The conclusion is thus that the results obtained for the cash prices are valid for drawing 

relevant conclusions.  
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Row Labels 
Total Returns 
Generated 

System Sharpe 
Ratio 

T-test 
statistic 

System 19 
   All signals 1,72 0,72 3,20 

System 61 
   All signals 4,14 0,53 4,82 

System 88 
   All signals 3,30 0,22 3,26 

System 89 
   All signals 3,07 0,24 2,86 

Grand Total 3,06 0,43 3,54 

Table 10 – Overview of the systems with significant t-test values at the 5% level for aluminum 3-month market. 

The trading systems were also tested on the London Buillon Gold market for the 3-month gold price 

per troy ounce. While gold has a limited applicability as a commodity, it is an important asset market 

for many investors. It is a market with many market participants, quite plausibly including more 

amateur traders than the commodity markets. Moreover, gold markets have been a tool for financial 

hedging and speculation for a long time period. Therefore the validity of this study can be tested further 

by considering the results of the technical trading systems in the gold markets. The conclusion reached 

is, again, that it seems the performance of the technical trading systems is not generally better than the 

overall market performance (cf.  

Row Labels 
Total Returns 
Generated 

System Sharpe 
Ratio 

T-test 
statistic 

System 61 
   All signals 4,14 0,53 3,61 

System 88 
   All signals 3,30 0,22 2,23 

Grand Total 3,72 0,38 2,92 

Table 11).  

Row Labels 
Total Returns 
Generated 

System Sharpe 
Ratio 

T-test 
statistic 

System 61 
   All signals 4,14 0,53 3,61 

System 88 
   All signals 3,30 0,22 2,23 

Grand Total 3,72 0,38 2,92 

Table 11 – Overview of the systems with significant t-test values at the 5% level for the gold 3-month market. 
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Part 3: Conclusion 

This paper set out to understand and answer the research question, to what extent does technical 

analysis provide companies with reliable predictions of developments in prices of key commodities? 

Considering the findings in the three different methods, it does not appear reasonable to reject the null 

hypothesis that technical trading systems have no predictive power. This is a rather clear conclusion 

based on the fact that technical trading systems were not able to perform consistently across time 

periods or in Monte Carlo simulations of new datasets.  

Considering the range of methodological questions that still are debated in economics, it is necessary to 

be cautious with drawing any conclusions from tests that depend on assumptions. One of the recurring 

issues is the underlying assumptions behind theories and hypotheses in economics. While a lot of 

thinking about the Efficient Market Hypothesis is driven by mathematical proofs and a strong 

preference for applying scientific methods, a majority of the critique of the EMH is based on 

interpretivist observations of what happens in the market, e.g. in the form of herding behavior. 

Consequently, a study like the one in this paper carefully needs to consider what methods are employed 

and how they are used to draw generalizable conclusions. There are especially three issues that come 

into question: 

1. Can technical trading be tested with a computer model? 

2. Is the nature of the data feasible for generalizations? 

3. Can the research question and hypothesis be tested? 

Starting with the third issue, it is a factor that must be thought about carefully. As this paper made 

clear, it seems difficult to argue that the EMH can be proven or disproven. Due to the assumptions 

upon which it is based, researchers face problems if wanting to prove that the EMH is true. If it fails to 

be proven, it may be because one of the underlying assumptions is wrong – not that the EMH in itself is 

wrong (Houthakker, 1961). Consequently, this paper purposefully focused on technical trading and its 

implications for the EMH instead of the EMH itself. If technical trading is able to make reliable 

predictions for future market developments, it suggests that the market is behaving in a way that is 

different from the assumptions behind the EMH. However, this study was also designed as an 
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exploratory study, since trying to understand what assumptions are wrong and which ones are correct 

would be a comprehensive study in itself.  

The issue of the nature of the empirical data is a relevant concern. While this study did conduct a 

criteria-based selection of the commodities to be researched, the general nature of the data and the 

implications thereof for generalizations is important to discuss. The period of time that was employed 

in this study was the best length provided by reliable data from Datastream. This period of time was 

characterized by developments that definitely affected these markets and the prices (Baffes & Haniotis, 

2010). While the first 10-year period was somewhat stagnating, the second 10-year period saw 

substantial increases in both daily changes and volatility of the prices. This naturally affected the 

outcome of the analyses. Nevertheless, the data can still be used for a certain degree of generalizations. 

Firstly, many commodities and most other asset markets were characterized by very similar 

developments throughout the same period (Baffes & Haniotis, 2010). Secondly, tests were also 

conducted on both another form of contract, namely the 3-month contract instead of cash prices, and on 

gold markets, and both tests showed results that resembled the ones found in the study. Finally, it 

should also be highlighted that the data still allowed for testing systems within one sub-period and then 

comparing with their performance in other sub-periods.  

The last issue to be considered is whether it is in fact possible to test technical trading systems with a 

computer model. This is a relevant concern but also one that underlines why technical trading may still 

exist. If it is argued that technical trading cannot be performed by a computer model, then it is highly 

problematic to conduct any scientific study of its performance and relevance. If it is not possible to test 

technical trading, then it is not possible to refute its claims to be successful either. The only test that 

would exist would then be the question, if technical trading works, why are all technicians not rich?  

On this matter, the paper crafted a simple setup of 10 different properties upon which trading systems 

were defined. These systems included some of the most used technical trading tools and are hence 

believed to provide a reasonable cover of trading systems. Moreover, the systems provided for setting 

up some simple behavior for such a system depending on the price system. Considering that some of 

these systems in fact did generate substantial gains, it appears that this study was able to catch the gist 

of what a technical trading system does and apply it in a computer model.  
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It is thus evident that some general conclusions can be drawn from this study. Above all, the use of 

three different methods to provide as much insights as possible makes it feasible to say that technical 

trading most probably does not work on a long-term, consistent basis. While technical trading systems 

may make some lucky guesses from time to time, they are overall not able to predict future price 

developments in these four commodity markets. One reason is that the markets do behave somewhat 

randomly. The prices in themselves have been trending upwards and they exhibit a considerable 

amount of autocorrelation and volatility clustering, but the price changes are to some extent 

unpredictable as evidenced by the runs tests and the technical trading tests. An important outcome of 

the comparative study and the Monte Carlo simulations is that it appears true that a technical trading 

system that is successful in one period is probably not going to be successful in the following periods. 

In the words of Malkiel (2012, p. 160): “Any successful technical scheme must ultimately be self-

defeating.” Hence, technical trading systems do not provide reliable predictions of future developments 

in prices of key commodities like aluminum, copper, tin, and zinc.  

3.1 - Practical implications 

The main implication of the findings of this paper is that companies should probably seek to understand 

future market developments in commodities by using other tools than technical analysis systems. While 

such systems may seem to have been correct throughout one period, the probability that they will do as 

well in the next period is not very high.  

Another important implication is that it appears optimal to assess the predictive power of a technical 

trading system by using various methods. As this study showed, applying random walk tests on the 

data may not generate a clear-cut picture whether the market developments are random or not. Testing 

the predictive performance of a system on the historical data and simulated data provides a strong 

addition to the random walk method, since it quickly shows whether the trading system actually was 

able to beat the market or not. Nevertheless, simulations of new datasets require a correct model for the 

market behavior, which may not be a feasible option. Therefore, comparisons of system performance 

across sub-periods provide a necessary third component to understand the performance of the technical 

trading system.  
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Applying three methods may seem excessive, but as this paper makes clear, it grants a stronger 

foundation for drawing conclusions and understanding the results.   

3.2 - Further research 

Having established that technical trading does not seem to work on a consistent basis, begs the question 

why technical traders still exist. This appears to be a relevant opportunity for further research, 

especially to broaden our understanding of market behavior. As behavioral finance has made clear 

market participants may not act as rationally as assumed in the EMH.  

While this paper argues that it covers some of the key commodities, it also leaves out certain markets 

because they appear to be susceptible to non-random behavior. It would be interesting to see whether 

technical trading systems work in such markets. Particularly, such research could also shed further light 

on the findings of this paper. For example, technical trading may not work in these commodity markets 

because these markets in fact are efficient, which is in line with the EMH.  

Finally, more technical trading tools should be tested. This would broaden our understanding of the 

results, whilst handling the plausible criticism from technicians that this paper fails to account for that 

technicians employ many tools and use them at different times for making predictions. This paper 

suggests a structure for testing more of these systems. 
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Appendices 

Appendix A1 – facts about datasets 

Commodity Aluminum 

Datasource Datastream 

Source2 
London Metal 
Exchange 

Type 99.7% Cash U$/MT 

Period 
26-07-1993 - 24-07-
2013 

Unit Metric tonnes 

Currency USD 
Commodity Copper 

Datasource Datastream 

Source2 
London Metal 
Exchange 

Type Grade A Cash U$/MT 

Period 
26-07-1993 - 24-07-
2013 

Unit Metric tonnes 

Currency USD 

Commodity Tin 

Datasource Datastream 

Source2 
London Metal 
Exchange 

Type 99.85% Cash U$/MT 

Period 
26-07-1993 - 24-07-
2013 

Unit Metric tonnes 

Currency USD 

Commodity Zinc 

Datasource Datastream 

Source2 
London Metal Exchange, 
Shanghai 

Type 99.995% Cash U$/MT 

Period 26-07-1993 - 24-07-2013 

Unit Metric tonnes 

Currency USD 
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Appendix A2 – data statistics summaries 

Aluminum 

MiniTab summary statistics for full dataset  
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Median

Mean

1800175017001650

1st Q uartile 1438,8

Median 1656,5

3rd Q uartile 2078,1

Maximum 3271,3

1793,0 1818,7

1642,5 1682,2

463,7 481,8

A -Squared 141,76

P-V alue < 0,005

Mean 1805,9

StDev 472,6

V ariance 223332,3

Skewness 0,822770

Kurtosis -0,229812

N 5218

Minimum 1022,7

A nderson-Darling Normality  Test

95% C onfidence Interv al for Mean

95% C onfidence Interv al for Median

95% C onfidence Interv al for StDev

95% Confidence Intervals

Summary for Aluminum
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Price development graphs 
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Sample statistics for change/return in full sample and sub-periods 
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# Observation in period

Subperiod Developments, aluminum

Period 1

Period 2

Period 3

Period 4

Change

Full sample Period 1 Period 2 Period 3 Period 4

Observations 5208 1305 1305 1305 1303

Mean 0,00008 0,00014 0,00006 0,00052 -0,00038

Annualized 0,01979 0,03410 0,01550 0,13055 -0,09484

Variance 0,00018 0,00013 0,00010 0,00021 0,00027

Annualized 0,04404 0,03130 0,02468 0,05374 0,06639

Standard deviation 0,01327 0,01119 0,00994 0,01466 0,01630

Skew -0,26077 -0,27921 0,31685 -0,42496 -0,21828

Kurtosis 2,61335 2,40756 1,44384 2,63685 1,38034

SES 0,03393 0,06773 0,06773 0,06773 0,06778

SEK 353,71181 177,31380 177,31380 177,31380 177,17840

Skew, significance Significant Significant Significant Significant Significant

Kurtosis, population Not able to tell Not able to tell Not able to tell Not able to tell Not able to tell

JB Test of Normality 91,46433767 36,04088546 153,5129201 46,45003263 152,7706716

Chi square PDF 0,00 0,00 0,00 0,00 0,00

Autocorrelation, at lags

1 -0,02 -0,02 -0,02 -0,02 -0,02

5 0,01 0,01 0,01 0,01 0,01

10 -0,01 -0,01 -0,01 -0,01 -0,01

15 0,02 0,02 0,02 0,02 0,02

100 0,01 0,01 0,01 0,01 0,01

1-day periods
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Change

Full sample Period 1 Period 2 Period 3 Period 4

Observations 5208 1305 1305 1305 1303

Mean 0,00076 0,00076 0,00070 0,00569 -0,00428

Annualized 0,01889 0,01904 0,01740 0,14217 -0,10697

Variance 0,00166 0,00129 0,00092 0,00165 0,00274

Annualized 0,04140 0,03228 0,02289 0,04116 0,06850

Standard deviation 0,04069 0,03593 0,03026 0,04058 0,05235

Skew -0,10442 0,00944 0,32285 -0,19722 -0,06118

Kurtosis 1,08959 0,15351 0,01810 0,70824 0,56310

SES 0,03393 0,06773 0,06773 0,06773 0,06778

SEK 353,71181 177,31380 177,31380 177,31380 177,17840

Skew, significance Significant Not significant Significant Significant Not significant

Kurtosis, population Not able to tell Not able to tell Not able to tell Not able to tell Not able to tell

JB Test of Normality 801,4404412 440,5916555 506,1568099 294,0466411 323,2226062

Chi square PDF 0,00 0,00 0,00 0,00 0,00
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MiniTab correlograms 
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Copper 

MiniTab summary statistics for full dataset 
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95% C onfidence Interv al for Mean

95% C onfidence Interv al for Median

95% C onfidence Interv al for StDev
95% Confidence Intervals

Summary for Copper Prices

150001000050000-5000-10000

99,99

99

95

80

50

20

5

1

0,01

Spot price

P
e
rc
e
n
t

Mean 4081

StDev 2660

N 5218

AD 387,821

P-Value <0,005

Normality Test for Copper
Normal 



Casper Bek  August 05, 2013 
 Can Technical Analysis Predict Commodity Price Developments? 

Copenhagen Business School  Page 89 of 132 

Price development graphs 
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Sample statistics for change/return in full sample and sub-periods 

 

 

Change

Full sample Period 1 Period 2 Period 3 Period 4

Observations 5208 1305 1305 1305 1303

Mean 0,00025 -0,00011 0,00002 0,00118 -0,00013

Annualized 0,06126 -0,02771 0,00495 0,29502 -0,03216

Variance 0,00029 0,00023 0,00012 0,00035 0,00045

Annualized 0,07136 0,05632 0,03008 0,08738 0,11247

Standard deviation 0,01690 0,01501 0,01097 0,01870 0,02121

Skew -0,20845 -0,58829 0,23361 -0,18763 -0,11965

Kurtosis 4,88757 7,67837 1,66526 3,28774 2,94953

SES 0,03393 0,06773 0,06773 0,06773 0,06778

SEK 353,71181 177,31380 177,31380 177,31380 177,17840

Skew, significance Significant Significant Significant Significant Not significant

Kurtosis, population Not able to tell Not able to tell Not able to tell Not able to tell Not able to tell

JB Test of Normality 810,8706519 1265,390054 108,7401924 12,15872742 3,247165221

Chi square PDF 0,00 0,00 0,00 0,00 0,10

Autocorrelation, at lags

1 -0,03 -0,03 -0,03 -0,03 -0,03

5 0,01 0,01 0,01 0,01 0,01

10 0,02 0,02 0,02 0,02 0,02

15 -0,02 -0,02 -0,02 -0,02 -0,02

100 -0,01 -0,01 -0,01 -0,01 -0,01

1-day periods

Autocorrelation of returns

Change

Full sample Period 1 Period 2 Period 3 Period 4

Observations 5208 1305 1305 1305 1303

Mean 0,00244 -0,00132 0,00024 0,01207 -0,00148

Annualized 0,06089 -0,03289 0,00605 0,30173 -0,03704

Variance 0,00263 0,00223 0,00123 0,00294 0,00400

Annualized 0,06586 0,05569 0,03085 0,07360 0,10004

Standard deviation 0,05133 0,04720 0,03513 0,05426 0,06326

Skew -0,46473 -0,43431 0,43840 -0,05718 -0,87283

Kurtosis 3,03830 3,19105 1,37600 0,65973 2,79633

SES 0,03393 0,06773 0,06773 0,06773 0,06778

SEK 353,71181 177,31380 177,31380 177,31380 177,17840

Skew, significance Significant Significant Significant Not significant Significant

Kurtosis, population Not able to tell Not able to tell Not able to tell Not able to tell Not able to tell

JB Test of Normality 187,7801326 43,01129875 185,2087707 298,5166605 167,6951858

Chi square PDF 0,00 0,00 0,00 0,00 0,00

Autocorrelation, at lags

1 0,89 0,89 0,89 0,89 0,89

5 0,55 0,55 0,55 0,55 0,55

10 0,12 0,12 0,12 0,12 0,12

20 0,07 0,07 0,07 0,07 0,07

50 0,01 0,01 0,01 0,01 0,01

10-day periods

Autocorrelation of returns
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MiniTab correlograms 
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Tin 

MiniTab summary statistics for full dataset  
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6260 6442

6869 7137

A -Squared 435,82

P-V alue < 0,005

Mean 10323

StDev 7000

V ariance 49005768

Skewness 1,18462

Kurtosis 0,23107

N 5218

Minimum 3601

A nderson-Darling Normality  Test

95% C onfidence Interv al for Mean

95% C onfidence Interv al for Median

95% C onfidence Interv al for StDev
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Price development graphs 
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Sample statistics for change/return in full sample and sub-periods 
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Subperiod developments, tin price 

developments

Period 1

Period 2

Period 3

Period 4

Change

Full sample Period 1 Period 2 Period 3 Period 4

Observations 5208 1305 1305 1305 1303

Mean 0,00027 0,00008 -0,00012 0,00118 -0,00013

Annualized 0,06664 0,02058 -0,03076 0,29514 -0,03354

Variance 0,00026 0,00013 0,00011 0,00032 0,00050

Annualized 0,06600 0,03183 0,02633 0,08125 0,12427

Standard deviation 0,01625 0,01128 0,01026 0,01803 0,02230

Skew -0,23181 -0,09662 -1,00298 -0,43287 -0,03162

Kurtosis 7,29468 4,00547 10,64948 5,37183 3,99630

SES 0,03393 0,06773 0,06773 0,06773 0,06778

SEK 353,71181 177,31380 177,31380 177,31380 177,17840

Skew, significance Significant Not significant Significant Significant Not significant

Kurtosis, population Not able to tell Not able to tell Not able to tell Not able to tell Not able to tell

JB Test of Normality 4049,044933 57,00161762 3400,524954 346,6449592 54,10783993

Chi square PDF 0,00 0,00 0,00 0,00 0,00

Autocorrelation, at lags

1 0,03 0,03 0,03 0,03 0,03

5 0,02 0,02 0,02 0,02 0,02

10 0,01 0,01 0,01 0,01 0,01

15 0,01 0,01 0,01 0,01 0,01

100 0,02 0,02 0,02 0,02 0,02

1-day periods
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Change

Full sample Period 1 Period 2 Period 3 Period 4

Observations 5208 1305 1305 1305 1303

Mean 0,00265 0,00106 -0,00139 0,01220 -0,00142

Annualized 0,06633 0,02648 -0,03486 0,30496 -0,03544

Variance 0,00251 0,00136 0,00088 0,00269 0,00499

Annualized 0,06281 0,03389 0,02192 0,06731 0,12468

Standard deviation 0,05012 0,03682 0,02961 0,05189 0,07062

Skew -0,44039 -0,55980 -0,70864 -0,13199 -0,44576

Kurtosis 3,19595 3,24425 3,06715 1,34164 1,19981

SES 0,03393 0,06773 0,06773 0,06773 0,06778

SEK 353,71181 177,31380 177,31380 177,31380 177,17840

Skew, significance Significant Significant Significant Not significant Significant

Kurtosis, population Not able to tell Not able to tell Not able to tell Not able to tell Not able to tell

JB Test of Normality 176,676052 71,40338915 109,4669961 153,3284033 219,0943127

Chi square PDF 0,00 0,00 0,00 0,00 0,00

Autocorrelation, at lags

1 0,90 0,90 0,90 0,90 0,90

5 0,49 0,49 0,49 0,49 0,49

10 -0,02 -0,02 -0,02 -0,02 -0,02

20 0,00 0,00 0,00 0,00 0,00

50 0,10 0,10 0,10 0,10 0,10

10-day periods
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MiniTab correlograms 
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Zink 

MiniTab summary statistics for full dataset 
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95% C onfidence Interv al for Median

95% C onfidence Interv al for StDev

95% Confidence Intervals

Summary for Zinc Prices

500040003000200010000-1000-2000

99,99

99

95

80

50

20

5

1

0,01

Price

P
e
rc
e
n
t

Mean 1519

StDev 772,9

N 5218

AD 324,557

P-Value <0,005

Normality Test for Zinc Prices
Normal 



Casper Bek  August 05, 2013 
 Can Technical Analysis Predict Commodity Price Developments? 

Copenhagen Business School  Page 100 of 132 

Price development graphs 
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Sample statistics for change/return in full sample and sub-periods 

 

 

Change

Full sample Period 1 Period 2 Period 3 Period 4

Observations 5208 1305 1305 1305 1303

Mean 0,00014 0,00018 -0,00019 0,00059 -0,00003

Annualized 0,03555 0,04591 -0,04706 0,14733 -0,00751

Variance 0,00032 0,00017 0,00012 0,00048 0,00051

Annualized 0,07965 0,04181 0,03041 0,11919 0,12752

Standard deviation 0,01785 0,01293 0,01103 0,02183 0,02258

Skew -0,32348 -1,29614 0,16544 -0,30557 -0,16771

Kurtosis 4,06856 13,37579 2,82973 1,81196 1,77113

SES 0,03393 0,06773 0,06773 0,06773 0,06778

SEK 353,71181 177,31380 177,31380 177,31380 177,17840

Skew, significance Significant Significant Significant Significant Significant

Kurtosis, population Not able to tell Not able to tell Not able to tell Not able to tell Not able to tell

JB Test of Normality 338,6011546 6219,243931 7,529872831 97,05514506 88,09564686

Chi square PDF 0,00 0,00 0,01 0,00 0,00

Autocorrelation, at lags

1 -0,02 -0,02 -0,02 -0,02 -0,02

5 -0,01 -0,01 -0,01 -0,01 -0,01

10 0,02 0,02 0,02 0,02 0,02

15 0,01 0,01 0,01 0,01 0,01

100 -0,02 -0,02 -0,02 -0,02 -0,02

1-day periods

Change

Full sample Period 1 Period 2 Period 3 Period 4

Observations 5208 1305 1305 1305 1303

Mean 0,00134 0,00133 -0,00172 0,00607 -0,00014

Annualized 0,03349 0,03329 -0,04292 0,15173 -0,00342

Variance 0,00287 0,00150 0,00113 0,00441 0,00443

Annualized 0,07176 0,03741 0,02820 0,11019 0,11067

Standard deviation 0,05358 0,03868 0,03358 0,06639 0,06653

Skew -0,60314 -1,63780 0,02467 -0,34060 -0,71145

Kurtosis 2,75585 9,80080 -0,08521 0,51590 1,54961

SES 0,03393 0,06773 0,06773 0,06773 0,06778

SEK 353,71181 177,31380 177,31380 177,31380 177,17840

Skew, significance Significant Significant Not significant Significant Significant

Kurtosis, population Not able to tell Not able to tell Not able to tell Not able to tell Not able to tell

JB Test of Normality 328,6908723 3098,312222 517,7034333 360,7678758 224,132125

Chi square PDF 0,00 0,00 0,00 0,00 0,00

Autocorrelation, at lags

1 0,89 0,89 0,89 0,89 0,89

5 0,49 0,49 0,49 0,49 0,49

10 0,00 0,00 0,00 0,00 0,00

20 0,01 0,01 0,01 0,01 0,01

50 0,04 0,04 0,04 0,04 0,04

10-day periods
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MiniTab correlograms 
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Appendix A3 – Results of method 1 tests 

Unit root tests on price series and price change series 

Aluminum prices 
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Random Walk without drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,00

R Square 0,00

Adjusted R Square 0,00

Standard Error 26,78

Observations 5.217,00

ANOVA

df SS MS F Significance F

Regression 1 50,81 50,81 0,07 0,79

Residual 5216 3.741.086,33 717,23

Total 5217 3.741.137,15

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 0,0000 #N/A #N/A #N/A #N/A

X Variable 1 -0,0001 0,0002 -0,2662 0,7901 -0,0004
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Random Walk with Drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,03

R Square 0,00

Adjusted R Square 0,00

Standard Error 26,77

Observations 5.217,00

ANOVA

df SS MS F Significance F

Regression 1 3.621,35 3.621,35 5,05 0,02

Residual 5215 3.737.445,58 716,67

Total 5216 3.741.066,93

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 3,30 1,46 2,25 0,02 0,43

X Variable 1 0,00 0,00 -2,25 0,02 0,00

Random walk with drift and trend, own OLS estimator

t

Alpha 3,620012 0,135144314

Alpha Variance 0,000000

Alpha Standard Error 26,786269

Beta1 -0,002428 -2,431330378

Beta1 Variance 0,000001

Beta1 Standard Error 0,000999

Beta2 0,000337 1,07661616

Beta2 Variance 0,000000

Beta2 Standard Error 0,000313

Beta-Beta Correlation 0,382345

Beta-Beta Covariance 0,000000

Adjusted R Squared 0,000807

F Test 3,106823995
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Aluminum daily price changes 

 

 

Random walk without drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,02

R Square 0,00

Adjusted R Square 0,00

Standard Error 0,01

Observations 5216

ANOVA

df SS MS F Significance F

Regression 1 0,00 0,00 1,26 0,26

Residual 5215 0,92 0,00

Total 5216 0,92

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 0,00 #N/A #N/A #N/A #N/A

X Variable 1 -0,02 0,01 -1,12 0,26 -0,04

Random walk with drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,02

R Square 0,00

Adjusted R Square 0,00

Standard Error 0,01

Observations 5216

ANOVA

df SS MS F Significance F

Regression 1 0,00 0,00 1,26 0,26

Residual 5214 0,92 0,00

Total 5215 0,92

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 0,00 0,00 0,44 0,66 0,00

X Variable 1 -0,02 0,01 -1,12 0,26 -0,04
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Copper prices 

 

Random walk with drift and trend, own OLS Estimator

t

Alpha 0,0003 0,02

Alpha Variance 0,0000

Alpha Standard Error 0,0133

Beta1 -0,0156 -1,13

Beta1 Variance 0,0002

Beta1 Standard Error 0,0139

Beta2 0,0000 -0,64

Beta2 Variance 0,0000

Beta2 Standard Error 0,0000

Beta-Beta Correlation 0,0001

Beta-Beta Covariance 0,0000

Adjusted R Squared -0,0001

F Test 0,8348

Random Walk without drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,00

R Square 0,00

Adjusted R Square 0,00

Standard Error 90,00

Observations 5217

ANOVA

df SS MS F Significance F

Regression 1 26,49 26,49 0,00 0,95

Residual 5216 42.248.970,11 8.099,88

Total 5217 42.248.996,60

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 0 #N/A #N/A #N/A #N/A

X Variable 1 0,00 0,00 0,06 0,95 0,00
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Random Walk with drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,02

R Square 0,00

Adjusted R Square 0,00

Standard Error 89,99

Observations 5217

ANOVA

df SS MS F Significance F

Regression 1 9.860,78 9.860,78 1,22 0,27

Residual 5215 42.234.113,56 8.098,58

Total 5216 42.243.974,35

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 3,09 2,28 1,35 0,18 -1,38

X Variable 1 0,00 0,00 -1,10 0,27 0,00

Random walk with drift and trend, own OLS estimator

t

Alpha 1,11 0,01

Alpha Variance 0,00

Alpha Standard Error 90,01

Beta1 0,00 -2,20

Beta1 Variance 0,00

Beta1 Standard Error 0,00

Beta2 0,00 1,91

Beta2 Variance 0,00

Beta2 Standard Error 0,00

Beta-Beta Correlation 0,66

Beta-Beta Covariance 0,00

Adjusted R Squared 0,00

F Test 2,43
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Copper daily price changes 

 

 

Random walk without drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,03

R Square 0,00

Adjusted R Square 0,00

Standard Error 0,02

Observations 5216

ANOVA

df SS MS F Significance F

Regression 1 0,00 0,00 6,25 0,01

Residual 5215 1,49 0,00

Total 5216 1,49

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 0,00 #N/A #N/A #N/A #N/A

X Variable 1 -0,03 0,01 -2,50 0,01 -0,06

Random walk with drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,03

R Square 0,00

Adjusted R Square 0,00

Standard Error 0,02

Observations 5216

ANOVA

df SS MS F Significance F

Regression 1 0,00 0,00 6,33 0,01

Residual 5214 1,49 0,00

Total 5215 1,49

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 0,00 0,00 1,09 0,27 0,00

X Variable 1 -0,03 0,01 -2,52 0,01 -0,06
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Tin prices 

 

Random walk with drift and trend

t

Alpha 0,0001 0,01

Alpha Variance 0,0000

Alpha Standard Error 0,0169

Beta1 -0,0348 -2,52

Beta1 Variance 0,0002

Beta1 Standard Error 0,0138

Beta2 0,0000 0,33

Beta2 Variance 0,0000

Beta2 Standard Error 0,0000

Beta-Beta Correlation 0,0000

Beta-Beta Covariance 0,0000

Adjusted R Squared 0,0009

F Test 3,2204

Random Walk without drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,00

R Square 0,00

Adjusted R Square 0,00

Standard Error 238,97

Observations 5217

ANOVA

df SS MS F Significance F

Regression 1 1.015,52 1.015,52 0,02 0,89

Residual 5216 297.876.508,12 57.108,23

Total 5217 297.877.523,64

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 0,00 #N/A #N/A #N/A #N/A

X Variable 1 0,00 0,00 0,13 0,89 0,00
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Random Walk with drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,01

R Square 0,00

Adjusted R Square 0,00

Standard Error 238,96

Observations 5217

ANOVA

df SS MS F Significance F

Regression 1 58.189,58 58.189,58 1,02 0,31

Residual 5215 297.778.494,92 57.100,38

Total 5216 297.836.684,50

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 7,72 5,89 1,31 0,19 -3,83

X Variable 1 0,00 0,00 -1,01 0,31 0,00

Random walk with drift and trend, own OLS estimator

t

Alpha 1,53 0,01

Alpha Variance 0,00

Alpha Standard Error 239,00

Beta1 0,00 -2,25

Beta1 Variance 0,00

Beta1 Standard Error 0,00

Beta2 0,01 2,04

Beta2 Variance 0,00

Beta2 Standard Error 0,00

Beta-Beta Correlation 0,66

Beta-Beta Covariance 0,00

Adjusted R Squared 0,00

F Test 2,60
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Tin daily price changes 

 

 

Random walk without drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,03

R Square 0,00

Adjusted R Square 0,00

Standard Error 0,02

Observations 5216

ANOVA

df SS MS F Significance F

Regression 1 0,00 0,00 4,09 0,04

Residual 5215 1,37 0,00

Total 5216 1,38

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 0,00 #N/A #N/A #N/A #N/A

X Variable 1 0,03 0,01 2,02 0,04 0,00

Random walk with drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,03

R Square 0,00

Adjusted R Square 0,00

Standard Error 0,02

Observations 5216

ANOVA

df SS MS F Significance F

Regression 1 0,00 0,00 4,01 0,05

Residual 5214 1,37 0,00

Total 5215 1,38

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 0,00 0,00 1,15 0,25 0,00

X Variable 1 0,03 0,01 2,00 0,05 0,00
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Zinc Prices 

 

Random walk with drift and trend

t

Alpha 0,00 0,01

Alpha Variance 0,00

Alpha Standard Error 0,02

Beta1 0,03 2,00

Beta1 Variance 0,00

Beta1 Standard Error 0,01

Beta2 0,00 0,39

Beta2 Variance 0,00

Beta2 Standard Error 0,00

Beta-Beta Correlation 0,00

Beta-Beta Covariance 0,00

Adjusted R Squared 0,00

F Test 2,08

Random Walk without drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,01

R Square 0,00

Adjusted R Square 0,00

Standard Error 37,49

Observations 5217

ANOVA

df SS MS F Significance F

Regression 1 373,64 373,64 0,27 0,61

Residual 5216 7.330.727,16 1.405,43

Total 5217 7.331.100,80

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 0,00 #N/A #N/A #N/A #N/A

X Variable 1 0,00 0,00 -0,52 0,61 0,00
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Random Walk with Drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,03

R Square 0,00

Adjusted R Square 0,00

Standard Error 37,48

Observations 5217

ANOVA

df SS MS F Significance F

Regression 1 4.607,64 4.607,64 3,28 0,07

Residual 5215 7.326.327,81 1.404,86

Total 5216 7.330.935,46

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 2,02 1,14 1,77 0,08 -0,22

X Variable 1 0,00 0,00 -1,81 0,07 0,00

Random walk with drift and trend, own OLS estimator

t

Alpha 1,61 0,04

Alpha Variance 0,00

Alpha Standard Error 37,50

Beta1 0,00 -2,13

Beta1 Variance 0,00

Beta1 Standard Error 0,00

Beta2 0,00 1,14

Beta2 Variance 0,00

Beta2 Standard Error 0,00

Beta-Beta Correlation 0,36

Beta-Beta Covariance 0,00

Adjusted R Squared 0,00

F Test 2,29
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Zinc daily price changes 

 

 

Random walk without drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,01

R Square 0,00

Adjusted R Square 0,00

Standard Error 0,02

Observations 5216

ANOVA

df SS MS F Significance F

Regression 1 0,00 0,00 1,12 0,29

Residual 5215 1,66 0,00

Total 5216 1,66

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 0,00 #N/A #N/A #N/A #N/A

X Variable 1 -0,01 0,01 -1,06 0,29 -0,04

Random walk with drift

SUMMARY OUTPUT

Regression Statistics

Multiple R 0,01

R Square 0,00

Adjusted R Square 0,00

Standard Error 0,017847318

Observations 5216

ANOVA

df SS MS F Significance F

Regression 1 0,00 0,00 1,13 0,29

Residual 5214 1,66 0,00

Total 5215 1,66

Coefficients Standard Error t Stat P-value Lower 95%

Intercept 0,00 0,00 0,55 0,58 0,00

X Variable 1 -0,01 0,01 -1,06 0,29 -0,04
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Variance ratio tests 

Aluminum tests 1, 2 and 3 

 

 

Copper tests 1, 2 and 3 

 

 

Random walk with drift and trend

t

Alpha 0,0002 0,01

Alpha Variance 0,0000

Alpha Standard Error 0,0179

Beta1 -0,0147 -1,06

Beta1 Variance 0,0002

Beta1 Standard Error 0,0139

Beta2 0,0000 -0,13

Beta2 Variance 0,0000

Beta2 Standard Error 0,0000

Beta-Beta Correlation 0,0000

Beta-Beta Covariance 0,0000

Adjusted R Squared -0,0002

F Test 0,5728

Choice of q

VR and VD tests 2 4 6 8 10 12 14

Variance ratio 0,99 0,96 0,98 1,04 1,16 1,41 1,99

Variance ratio, significance -1,02 -1,67 -0,63 0,92 3,51 7,88 17,42

Variance difference 0,00 0,00 0,00 0,00 0,00 0,00 0,00

Variance difference, significance -1,02 -1,67 -0,63 0,92 3,51 7,88 17,42

VR Test of Random Walk 3 Choice of q

VR Test 2 4 6 8 10 12 14

Variance ratio 0,99 0,96 0,98 1,04 1,16 1,41 1,99

Variance ratio, significance -0,82 -1,40 -0,52 0,76 2,98 6,34 13,97

Choice of q

VR and VD tests 2 4 6 8 10 12 14

Variance ratio 0,97 0,92 0,94 1,01 1,14 1,41 2,05

Variance ratio, significance -2,42 -3,25 -1,77 0,22 3,06 7,91 18,51

Variance difference 0,00 0,00 0,00 0,00 0,00 0,00 0,00

Variance difference, significance -2,42 -3,25 -1,77 0,22 3,06 7,91 18,51

VR Test of Random Walk 3 Choice of q

VR Test 2 4 6 8 10 12 14

Variance ratio 0,97 0,92 0,94 1,01 1,14 1,41 2,05

Variance ratio, significance -1,46 -2,16 -1,18 0,15 2,01 5,15 12,25
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Tin tests 1, 2, and 3 

 

 

Zinc tests 1, 2 and 3 

 

 

Runs tests 

Aluminum prices and daily price changes 

Runs Test: Price of aluminum 
 
Runs test for Price 

 

Runs above and below K = 1805,86 

 

The observed number of runs = 79 

The expected number of runs = 2536,80 

2172 observations above K; 3046 below 

P-value = 0,000 

 

  

Runs Test: Daily change of aluminum price 
 
Runs test for Daily change 

 

Runs above and below K = 0,0000782632 

Choice of q

VR and VD tests 2 4 6 8 10 12 14

Variance ratio 1,03 1,01 1,01 1,06 1,18 1,42 1,99

Variance ratio, significance 2,12 0,35 0,32 1,45 3,81 8,14 17,56

Variance difference 0,00 0,00 0,00 0,00 0,00 0,00 0,00

Variance difference, significance 2,12 0,35 0,32 1,45 3,81 8,14 17,56

VR Test of Random Walk 3 Choice of q

VR Test 2 4 6 8 10 12 14

Variance ratio 1,03 1,01 1,01 1,06 1,18 1,42 1,99

Variance ratio, significance 1,37 0,22 0,23 1,01 2,78 5,81 12,91

Choice of q

VR and VD tests 2 4 6 8 10 12 14

Variance ratio 0,99 0,95 0,97 1,01 1,12 1,35 1,90

Variance ratio, significance -0,96 -1,83 -0,77 0,19 2,47 6,72 15,93

Variance difference 0,00 0,00 0,00 0,00 0,00 0,00 0,00

Variance difference, significance -0,96 -1,83 -0,77 0,19 2,47 6,72 15,93

VR Test of Random Walk 3 Choice of q

VR Test 2 4 6 8 10 12 14

Variance ratio 0,99 0,95 0,97 1,01 1,12 1,35 1,90

Variance ratio, significance -0,67 -1,29 -0,56 0,15 1,70 4,76 11,38
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The observed number of runs = 2666 

The expected number of runs = 2608,01 

2537 observations above K; 2681 below 

P-value = 0,108 

 

Copper prices and daily price changes 

Runs Test: Price of copper 
 
Runs test for Price 

 

Runs above and below K = 4080,91 

 

The observed number of runs = 12 

The expected number of runs = 2425,39 

1915 observations above K; 3303 below 

P-value = 0,000 

 

  

Runs Test: Daily change of copper price 
 
Runs test for Daily change 

 

Runs above and below K = 0,000248870 

 

The observed number of runs = 2708 

The expected number of runs = 2607,55 

2529 observations above K; 2689 below 

P-value = 0,005 

 

Tin prices and daily price changes 

Runs Test: Price of tin 
 
Runs test for Price 

 

Runs above and below K = 10323,1 

 

The observed number of runs = 18 

The expected number of runs = 2312,51 

1728 observations above K; 3490 below 

P-value = 0,000 

 

  

Runs Test: Daily change of tin price 
 
Runs test for Daily change 

 

Runs above and below K = 0,000265484 

 

The observed number of runs = 2564 

The expected number of runs = 2604,11 

2485 observations above K; 2733 below 

P-value = 0,266 
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Zinc prices and daily price changes 

Runs Test: Price of zinc 
 
Runs test for Price 

 

Runs above and below K = 1518,57 

 

The observed number of runs = 18 

The expected number of runs = 2416,24 

1898 observations above K; 3320 below 

P-value = 0,000 

 

  

Runs Test: Daily change of zinc price 
 
Runs test for Daily change 

 

Runs above and below K = 0,000133642 

 

The observed number of runs = 2673 

The expected number of runs = 2608,01 

2537 observations above K; 2681 below 

P-value = 0,072 
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Appendix A4 – Technical Trading systems 

 

System name SMA LMA RSI ROC Confidence band for trading RSI Upper band RSI Lower band Ignore positive signals Ignore negative signals Lag length for RSI and ROC Forecast Period

System 1 Price MA-5 No RSI No ROC 0 0 0 No No 0 5

System 2 Price MA-10 No RSI No ROC 0 0 0 No No 0 10

System 3 Price MA-20 No RSI No ROC 0 0 0 No No 0 20

System 4 Price MA-30 No RSI No ROC 0 0 0 No No 0 30

System 5 Price MA-50 No RSI No ROC 0 0 0 No No 0 50

System 6 Price MA-100 No RSI No ROC 0 0 0 No No 0 100

System 7 Price MA-125 No RSI No ROC 0 0 0 No No 0 125

System 8 Price MA-200 No RSI No ROC 0 0 0 No No 0 200

System 9 Price MA-260 No RSI No ROC 0 0 0 No No 0 260

System 10 MA-5 MA-20 No RSI No ROC 0 0 0 No No 0 20

System 11 MA-30 MA-100 No RSI No ROC 0 0 0 No No 0 100

System 12 MA-30 MA-200 No RSI No ROC 0 0 0 No No 0 200

System 13 MA-50 MA-200 No RSI No ROC 0 0 0 No No 0 200

System 14 MA-50 MA-260 No RSI No ROC 0 0 0 No No 0 260

System 15 Price MA-5 RSI-5 ROC-5 0 70 30 No No 5 5

System 16 Price MA-10 RSI-10 ROC-10 0 70 30 No No 10 10

System 17 Price MA-20 RSI-20 ROC-20 0 70 30 No No 20 20

System 18 Price MA-30 RSI-30 ROC-30 0 70 30 No No 30 30

System 19 Price MA-50 RSI-50 ROC-50 0 70 30 No No 50 50

System 20 Price MA-100 RSI-50 ROC-50 0 50 50 No No 50 100

System 21 Price MA-125 RSI-125 ROC-125 0 60 40 No No 125 125

System 22 Price MA-200 RSI-200 ROC-200 0 55 45 No No 200 200

System 23 Price MA-260 RSI-260 ROC-260 0 60 40 No No 260 260

System 24 MA-5 MA-20 RSI-5 ROC-5 0 60 40 No No 5 20

System 25 MA-30 MA-100 RSI-30 ROC-30 0 60 40 No No 30 100

System 26 MA-30 MA-200 RSI-30 ROC-30 0 60 40 No No 30 200

System 27 MA-50 MA-200 RSI-50 ROC-50 0 60 40 No No 50 200

System 28 MA-50 MA-260 RSI-50 ROC-50 0 60 40 No No 50 260

System 29 Price MA-5 RSI-5 ROC-5 0,02 70 30 No No 5 5

System 30 Price MA-10 RSI-10 ROC-10 0,02 70 30 No No 10 10

System 31 Price MA-20 RSI-20 ROC-20 0,02 70 30 No No 20 20

System 32 Price MA-30 RSI-30 ROC-30 0,02 70 30 No No 30 30

System 33 Price MA-50 RSI-50 ROC-50 0,02 70 30 No No 50 50

System 34 Price MA-100 RSI-100 ROC-100 0,02 60 40 No No 100 100

System 35 Price MA-125 RSI-125 ROC-125 0,02 60 40 No No 125 125

System 36 Price MA-200 RSI-200 ROC-200 0,02 60 40 No No 200 200

System 37 Price MA-260 RSI-260 ROC-260 0,02 60 40 No No 260 260

System 38 MA-5 MA-20 RSI-5 ROC-5 0,02 70 30 No No 5 20

System 39 MA-30 MA-100 RSI-30 ROC-30 0,02 70 30 No No 30 100

System 40 MA-30 MA-200 RSI-30 ROC-30 0,02 70 30 No No 30 200



Casper Bek  August 05, 2013 
 Can Technical Analysis Predict Commodity Price Developments? 

Copenhagen Business School  Page 121 of 132 

 

System 41 MA-50 MA-200 RSI-50 ROC-50 0,02 60 30 No No 50 200

System 42 MA-50 MA-260 RSI-50 ROC-50 0,02 60 30 No No 50 260

System 43 Price MA-5 RSI-5 ROC-5 0 60 40 Yes No 5 5

System 44 Price MA-10 RSI-10 ROC-10 0 60 40 Yes No 10 10

System 45 Price MA-20 RSI-20 ROC-20 0 60 40 Yes No 20 20

System 46 Price MA-30 RSI-30 ROC-30 0 60 40 Yes No 30 30

System 47 Price MA-50 RSI-50 ROC-50 0 60 40 Yes No 50 50

System 48 Price MA-100 RSI-100 ROC-100 0 60 40 Yes No 100 100

System 49 Price MA-125 RSI-125 ROC-125 0 60 40 Yes No 125 125

System 50 Price MA-200 RSI-200 ROC-200 0 55 45 Yes No 200 200

System 51 Price MA-260 RSI-260 ROC-260 0 60 40 Yes No 260 260

System 52 MA-5 MA-20 RSI-5 ROC-5 0 60 40 Yes No 5 20

System 53 MA-30 MA-100 RSI-30 ROC-30 0 60 40 Yes No 30 100

System 54 MA-30 MA-200 RSI-30 ROC-30 0 60 40 Yes No 30 200

System 55 MA-50 MA-200 RSI-50 ROC-50 0 60 40 Yes No 50 200

System 56 MA-50 MA-260 RSI-50 ROC-50 0 60 40 Yes No 50 260

System 57 Price MA-5 RSI-5 ROC-5 0 60 40 No Yes 5 5

System 58 Price MA-10 RSI-10 ROC-10 0 60 40 No Yes 10 10

System 59 Price MA-20 RSI-20 ROC-20 0 60 40 No Yes 20 20

System 60 Price MA-30 RSI-30 ROC-30 0 60 40 No Yes 30 30

System 61 Price MA-50 RSI-50 ROC-50 0 60 40 No Yes 50 50

System 62 Price MA-100 RSI-100 ROC-100 0 60 40 No Yes 100 100

System 63 Price MA-125 RSI-125 ROC-125 0 60 40 No Yes 125 125

System 64 Price MA-200 RSI-200 ROC-200 0 60 40 No Yes 200 200

System 65 Price MA-260 RSI-260 ROC-260 0 60 40 No Yes 260 260

System 66 MA-5 MA-20 RSI-5 ROC-5 0 60 40 No Yes 5 20

System 67 MA-30 MA-100 RSI-30 ROC-30 0 60 40 No Yes 30 100

System 68 MA-30 MA-200 RSI-30 ROC-30 0 60 40 No Yes 30 200

System 69 MA-50 MA-200 RSI-50 ROC-50 0 60 40 No Yes 50 200

System 70 MA-50 MA-260 RSI-50 ROC-50 0 60 40 No Yes 50 260

System 71 Price MA-5 No RSI No ROC 0,02 0 0 Yes No 0 5

System 72 Price MA-10 No RSI No ROC 0,02 0 0 Yes No 0 10

System 73 Price MA-20 No RSI No ROC 0,02 0 0 Yes No 0 20

System 74 Price MA-30 No RSI No ROC 0,02 0 0 Yes No 0 30

System 75 Price MA-50 No RSI No ROC 0,02 0 0 Yes No 0 50

System 76 Price MA-100 No RSI No ROC 0,02 0 0 Yes No 0 100

System 77 Price MA-125 No RSI No ROC 0,02 0 0 Yes No 0 125

System 78 Price MA-200 No RSI No ROC 0,02 0 0 Yes No 0 200

System 79 Price MA-260 No RSI No ROC 0,02 0 0 Yes No 0 260

System 80 MA-5 MA-20 No RSI No ROC 0,02 0 0 Yes No 0 20

System 81 MA-30 MA-100 No RSI No ROC 0,02 0 0 Yes No 0 100

System 82 MA-30 MA-200 No RSI No ROC 0,02 0 0 Yes No 0 200

System 83 MA-50 MA-200 No RSI No ROC 0,02 0 0 Yes No 0 200

System 84 MA-50 MA-260 No RSI No ROC 0,02 0 0 Yes No 0 260

System 85 Price MA-5 No RSI No ROC 0,02 0 0 No Yes 0 5

System 86 Price MA-10 No RSI No ROC 0,02 0 0 No Yes 0 10

System 87 Price MA-20 No RSI No ROC 0,02 0 0 No Yes 0 20

System 88 Price MA-30 No RSI No ROC 0,02 0 0 No Yes 0 30

System 89 Price MA-50 No RSI No ROC 0,02 0 0 No Yes 0 50

System 90 Price MA-100 No RSI No ROC 0,02 0 0 No Yes 0 100

System 91 Price MA-125 No RSI No ROC 0,02 0 0 No Yes 0 125

System 92 Price MA-200 No RSI No ROC 0,02 0 0 No Yes 0 200

System 93 Price MA-260 No RSI No ROC 0,02 0 0 No Yes 0 260

System 94 MA-5 MA-20 No RSI No ROC 0,02 0 0 No Yes 0 20

System 95 MA-30 MA-100 No RSI No ROC 0,02 0 0 No Yes 0 100

System 96 MA-30 MA-200 No RSI No ROC 0,02 0 0 No Yes 0 200

System 97 MA-50 MA-200 No RSI No ROC 0,02 0 0 No Yes 0 200

System 98 MA-50 MA-260 No RSI No ROC 0,02 0 0 No Yes 0 260

System 99 Price MA-5 No RSI No ROC 0,01 0 0 No No 0 5

System 100 Price MA-10 No RSI No ROC 0,01 0 0 No No 0 10

System 101 Price MA-20 No RSI No ROC 0,01 0 0 No No 0 20

System 102 Price MA-30 No RSI No ROC 0,01 0 0 No No 0 30

System 103 Price MA-50 No RSI No ROC 0,01 0 0 No No 0 50

System 104 Price MA-100 No RSI No ROC 0,01 0 0 No No 0 100

System 105 Price MA-125 No RSI No ROC 0,01 0 0 No No 0 125

System 106 Price MA-200 No RSI No ROC 0,01 0 0 No No 0 200

System 107 Price MA-260 No RSI No ROC 0,01 0 0 No No 0 260

System 108 MA-5 MA-20 No RSI No ROC 0,01 0 0 No No 0 20

System 109 MA-30 MA-100 No RSI No ROC 0,01 0 0 No No 0 100

System 110 MA-30 MA-200 No RSI No ROC 0,01 0 0 No No 0 200

System 111 MA-50 MA-200 No RSI No ROC 0,01 0 0 No No 0 200

System 112 MA-50 MA-260 No RSI No ROC 0,01 0 0 No No 0 260
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Appendix A5 – General returns in the datasets 

Aluminum 

 

Copper 

 

Tin 

 

Buy and hold for X Days Count Mean return Variance Pct of returns > 0 Sharpe Ratio Sum of returns

Buy every 5 days 1044 0,0004 0,0009 -8,6397 0,4334 0,40

Buy every 10 days 522 0,0008 0,0017 -4,5113 0,4667 0,41

Buy every 20 days 261 0,0016 0,0034 2,3622 0,4558 0,40

Buy every 30 days 174 0,0027 0,0051 -10,9890 0,5213 0,46

Buy every 50 days 105 0,0043 0,0097 -1,9231 0,4481 0,45

Buy every 100 days 53 0,0083 0,0224 21,7391 0,3691 0,44

Buy every 125 days 42 0,0115 0,0204 10,5263 0,5620 0,48

Buy every 200 days 27 0,0112 0,0372 8,3333 0,3010 0,30

Buy every 260 days 21 0,0076 0,0521 71,4286 0,1451 0,16

Buy and hold for X Days Count Mean return Variance Pct of returns > 0 Sharpe Ratio Sum of returns

Buy every 5 days 1044 0,0012 0,0014 8,4337 0,8818 1,25

Buy every 10 days 522 0,0024 0,0027 13,5802 0,9066 1,26

Buy every 20 days 261 0,0048 0,0064 10,5691 0,7414 1,24

Buy every 30 days 174 0,0073 0,0097 26,3158 0,7528 1,26

Buy every 50 days 105 0,0132 0,0190 26,6667 0,6952 1,39

Buy every 100 days 53 0,0258 0,0443 68,4211 0,5819 1,37

Buy every 125 days 42 0,0346 0,0479 43,7500 0,7224 1,45

Buy every 200 days 27 0,0463 0,1054 27,2727 0,4387 1,25

Buy every 260 days 21 0,0471 0,0933 116,6667 0,5043 0,99

Buy and Hold for X Days Count Mean return Variance Pct of returns > 0 Sharpe Ratio Sum of returns

Buy every 5 days 1044 0,0013 0,0014 8,6694 0,9625 1,39

Buy every 10 days 522 0,0027 0,0027 -0,3846 0,9758 1,39

Buy every 20 days 261 0,0054 0,0052 0,7752 1,0354 1,40

Buy every 30 days 174 0,0085 0,0082 26,3158 1,0379 1,48

Buy every 50 days 105 0,0143 0,0141 21,7391 1,0083 1,50

Buy every 100 days 53 0,0263 0,0351 12,5000 0,7483 1,39

Buy every 125 days 42 0,0371 0,0357 5,2632 1,0391 1,56

Buy every 200 days 27 0,0480 0,0649 50,0000 0,7392 1,30

Buy every 260 days 21 0,0630 0,0736 71,4286 0,8559 1,32
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Zinc 

 

Appendix A6 – Technical trading systems with significant t values 

 

 

 

Buy and Hold for X Days Count Mean return Variance Pct of returns > 0 Sharpe Ratio Sum of returns

Buy every 5 days 1044 0,0007 0,0016 2,5292 0,4150 0,68

Buy every 10 days 522 0,0014 0,0030 11,3821 0,4861 0,75

Buy every 20 days 261 0,0027 0,0058 -3,0534 0,4687 0,71

Buy every 30 days 174 0,0042 0,0091 9,7561 0,4634 0,74

Buy every 50 days 105 0,0069 0,0167 -12,7273 0,4154 0,73

Buy every 100 days 53 0,0113 0,0354 12,5000 0,3187 0,60

Buy every 125 days 42 0,0154 0,0425 10,5263 0,3614 0,65

Buy every 200 days 27 0,0250 0,0876 -7,6923 0,2855 0,68

Buy every 260 days 21 0,0301 0,1101 -10,0000 0,2738 0,63

Commodity System Signal type Count Mean return Sum of returns Variance Pct of returns > 0 Sharpe Ratio Annualized returnAnnualized Variance T-test

Zinc System 92 All signals 102 0,07 7,59 0,06 57,89 0,30 0,38 0,31 2,75

Tin System 17 All signals 114 0,02 2,09 0,00 71,43 0,30 0,10 0,02 8,18

Tin System 18 All signals 60 0,03 1,73 0,01 40,00 0,30 0,09 0,03 3,16

Tin System 31 All signals 114 0,02 2,18 0,00 17,31 0,30 0,11 0,02 8,16

Tin System 32 All signals 63 0,03 1,74 0,01 42,31 0,28 0,09 0,03 2,95

Tin System 34 All signals 77 0,04 3,36 0,03 71,43 0,27 0,17 0,10 4,49

Tin System 59 All signals 134 0,01 1,75 0,00 1,52 0,21 0,09 0,03 3,61

Tin System 60 All signals 90 0,02 1,61 0,01 30,77 0,22 0,08 0,03 2,10

Tin System 61 All signals 72 0,03 1,93 0,01 66,67 0,25 0,10 0,04 3,18

Tin System 62 All signals 47 0,10 4,60 0,03 161,54 0,60 0,23 0,06 11,93

Tin System 78 All signals 93 0,04 4,03 0,02 96,67 0,28 0,20 0,11 5,35

Copper System 35 All signals 37 0,05 1,70 0,01 170,00 0,38 0,08 0,03 4,13

Copper System 58 All signals 257 0,01 1,67 0,00 17,95 0,13 0,08 0,03 3,32

Copper System 60 All signals 129 0,03 3,24 0,01 70,21 0,27 0,16 0,05 8,25

Copper System 61 All signals 82 0,03 2,78 0,02 21,62 0,27 0,14 0,06 5,39

Copper System 76 All signals 94 0,04 4,12 0,04 38,46 0,22 0,21 0,18 3,60

Copper System 78 All signals 67 0,05 3,04 0,06 44,00 0,19 0,15 0,19 2,15

Copper System 79 All signals 71 0,05 3,63 0,07 77,27 0,19 0,18 0,26 2,08

Copper System 87 All signals 246 0,01 2,57 0,01 46,46 0,13 0,13 0,08 3,65

Aluminum System 2 All signals 833 0,00 0,99 0,00 9,09 0,03 0,05 0,06 2,25

Aluminum System 11 All signals 53 0,02 1,06 0,02 8,00 0,14 0,05 0,05 2,95

Aluminum System 15 All signals 469 0,00 0,68 0,00 11,26 0,05 0,03 0,02 3,31

Aluminum System 19 All signals 15 0,10 1,43 0,01 100,00 0,84 0,07 0,01 25,73

Aluminum System 21 All signals 54 0,02 1,07 0,02 185,71 0,14 0,05 0,05 2,75

Aluminum System 25 All signals 47 0,02 1,16 0,02 9,09 0,18 0,06 0,04 3,82

Aluminum System 33 All signals 18 0,04 0,76 0,01 25,00 0,38 0,04 0,01 7,73

Aluminum System 35 All signals 48 0,03 1,40 0,01 82,35 0,26 0,07 0,03 7,38

Aluminum System 41 All signals 13 0,08 1,01 0,06 40,00 0,32 0,05 0,04 3,80

Aluminum System 57 All signals 358 0,00 0,58 0,00 5,78 0,06 0,03 0,02 2,79

Aluminum System 58 All signals 233 0,00 0,73 0,00 14,95 0,08 0,04 0,02 4,32

Aluminum System 59 All signals 121 0,01 0,64 0,00 -13,85 0,10 0,03 0,02 2,93

Aluminum System 60 All signals 108 0,01 1,13 0,00 27,66 0,17 0,06 0,02 7,95

Aluminum System 61 All signals 87 0,04 3,52 0,01 55,88 0,43 0,18 0,04 18,09

Aluminum System 66 All signals 136 0,00 0,65 0,00 -1,47 0,09 0,03 0,02 2,95

Aluminum System 67 All signals 22 0,03 0,71 0,02 20,00 0,26 0,04 0,02 4,48

Aluminum System 76 All signals 108 0,03 2,73 0,02 5,77 0,16 0,14 0,13 4,08

Aluminum System 87 All signals 266 0,00 1,30 0,00 -2,26 0,08 0,07 0,04 4,55

Aluminum System 88 All signals 219 0,02 3,95 0,00 27,37 0,28 0,20 0,04 17,73

Aluminum System 89 All signals 180 0,02 3,20 0,01 30,26 0,21 0,16 0,07 9,43

Aluminum System 91 All signals 99 0,02 1,49 0,02 13,04 0,11 0,07 0,09 2,81

Aluminum System 92 All signals 74 0,03 2,38 0,04 3,03 0,16 0,12 0,14 3,09

Aluminum System 93 All signals 51 0,06 3,05 0,04 142,86 0,30 0,15 0,10 5,81

Aluminum System 94 All signals 93 0,01 0,58 0,00 9,09 0,12 0,03 0,01 3,31

Aluminum System 109 All signals 49 0,02 1,21 0,02 8,70 0,18 0,06 0,05 3,81
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Appendix A7 – Comparison of systems across periods 

Aluminum 
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Copper 
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Tin 
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Zinc 
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Appendix A8 – Test of technical trading systems on copper 3-month market 

Row Labels 
Total Returns 
Generated 

System Sharpe 
Ratio 

T-test 
statistic 

System 60 
   All signals 3,25 0,31 2,07 

System 61 
   All signals 3,08 0,36 1,85 

System 76 
   All signals 3,61 0,21 1,20 

System 78 
   All signals 3,89 0,25 1,37 

System 79 
   All signals 3,60 0,19 1,05 

System 87 
   All signals 2,55 0,14 1,14 

Grand Total 3,33 0,24 1,45 

 

 

 


