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Abstract 

An interesting topic in the financial world is whether the markets are efficient or if the deviate 

from a random walk. There have been numerous studies on this topic, investigating if 

technical trading strategies can be used to create excess returns in the stock market. Among 

those technical trading strategies are the dual momentum strategy, the one that have been 

examined in this study. The study aims to answer whether the Swedish stock market are 

efficient or not and this is done by applying the dual momentum trading strategy on Swedish 

stock data. The data that are used is daily closing prices for the OMXS30, ranging from 2009 

to 2018. The dual momentum strategy is also investigated using a band width o 1 % around 

both the shorter moving average and the longer moving average. The model’s value at risk are 

tested using a bootstrap methodology and their returns are compared to the returns of a buy 

and hold strategy on the OMXS30, using a bootstrap methodology and a t-test. Finally, to get 

a risk adjusted measure of the strategies return, the Sharpe Ratio are used. 

 

The findings of this study are that some of the trading models could generate a higher risk 

adjusted rate of return than the buy and hold strategy. Further, it seems like the band width 

have a positive impact on respective strategy’s return. The value at risk are rather high for the 

dual momentum trading strategies compared to the buy and hold strategy. Finally, we cannot 

find any significant differences between the mean returns of the trading strategies and the 

mean returns of the buy and hold strategy, meaning we cannot reject the efficient market 

hypothesis, hence, indicating an efficient market.   

Keywords: Technical trading, Bootstrap, Value at Risk, Dual Momentum
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1. Introduction 
1.1 Background 

The Efficient market Hypothesis (EMH) by Fama (1965, 1970) concluded that share prices 

were set efficiently and that they reflect all information available, implying that prices evolve 

as a random walk over time. Believing this conclusion, trading rules based on historical prices 

should not be able to create excess returns against the market. Consequently, tests of the EMH 

have been conducted to catch deviations from this random walk, and literature presents support 

for both acceptances (e.g Malkiel, 1973) and rejections of the hypothesis (e.g Jegadeesh & 

Titman, 1993). According to the EMH it should not be possible to have positive expected 

returns from trading rules based on historical prices. A lot of research has been done on the 

subject that contradicts this statement of the EMH.  For example, it has been shown that 

investors both underreact and overreact to new information in the market, something that can 

be utilized by so called momentum trading strategies (Daniel et al., 1998; Barberis et al., 1998). 

Even though a large amount of research has been made, no consensus is to be found among the 

researchers.   

 

Independently of whether you are a long-term investor, short-term investor, private investor or 

institutional investor, the primary goal should be to beat the market. The definition of beating 

the market that will be used in this study is to generate higher returns at the same risk or the 

same return at a lower risk than the market benchmark.  One prerequisite for beating the market 

is that the investor could benefit from the ability to predict price movements. This would only 

be possible if the price movements deviated from a random walk. Hence, a trading strategy 

based on historical price movements should be seen as a general way to test the EMH. 

 

There are a lot of different strategies that can be used for testing the EMH and one of those are 

the momentum trading strategies. There are a lot of different momentum trading strategies, 

among the more popular we find filter rules, relative strength trading and moving average 

trading (For further reading see Brock et al. (1992); Park & Irwin (2004)). Analogous with 

Hudson et al. (1995) and Gunasekarage & Power (2000), this paper aims to study the 

profitability of a momentum strategy called dual momentum trading. The aim will be to test 

whether the EMH holds by using different dual momentum trading criteria’s which is done by 
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constructing strategies with different length of the moving averages. For the testing of statistical 

significance, a bootstrapping method like the one by Brock et al. (1992) will be used.  

 

1.2 Problem Discussion 

As mentioned above, research have shown that there exists underreaction and overreaction to 

information flow in the financial markets. This is a clear contradiction to the EMH, and because 

of this, many researchers (e.g. Daniel et al., 1998 and Barberis et al., 1998) question if the 

financial market really is efficient or if investors are irrational and suffer from cognitive 

failures. These cognitive failures are what makes the basis of the behavioral finance.  

 

One of the more well-known anomalies are momentum trading. Generally, stocks with strong 

past performance have a tendency to make excess returns against the market by about 1 % per 

month (Jegadeesh and Titman, 1993). According to Barberis et al. (1998) the existence of 

momentum can be explained by a tendency among investors to underreact to the flow of new 

information. Because of the underrreaction, new information is reflected in the price over time 

instead of at an instant. From this behavior, we can conclude that investors cannot be considered 

to be rational. 

 

One could suspect that these anomalies are driven by either fundamentals or by risk, but in a 

study done by Dreman and Lufkin (2000) they observe that, even though we see high volatility 

in the prices of the stocks, the fundamentals of the companies tend to be stable. From this 

observation they conclude that psychological factors are the only thing that can explain the 

large price changes.  

 

The existence of anomalies in the stock market that can be attributed to behavioral biases among 

the investors, and the tendency among investors to underreact to new information in the market, 

makes it highly reasonable to investigate if it is possible, as an investor, to use this phenomenon 

to create excess returns in the financial markets.  
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1.3 Research Question 

Earlier studies have investigated whether historical prices can be used to predict future price 

movements, that is if it is possible to create excess return against a benchmark by using technical 

trading or if the market is a random walk. Research on the US stock market (Brock et al, 1992), 

the UK stock market (Hudson et al., 1995) and on the South Asian stock market (Gunasekarage 

& Power, 2000) have concluded that it is possible to use momentum trading strategies to create 

excess return. The purpose of this study is to investigate if a momentum trading strategy called 

dual momentum trading can be used to create excess returns in the Swedish stock market. 

Which gives us the following research question: 

 

• Does the Efficient Market Hypothesis hold for the Swedish stock market? 

 

1.4 Contribution 

This paper will give a deeper understanding about the pros and cons of financial economic 

theory. More precisely it will highlight the financial models that is generally accepted in the 

financial industry, and set them in contrast to their flaws, that is, that they do not take behavioral 

characteristics into account. Further the study will research if it is possible for an investor to 

take advantage of these behavioral contradictions in an attempt to create excess returns on the 

Swedish stock market.  

 

1.5 Delimitations 

The study will be conducted on the Swedish stock market, using OMXS30 as a proxy, hence 

the conclusion will be based on whether it is possible to create excess returns against a buy and 

hold strategy on the index or not. The results will not give any answer about if it is possible to 

beat the stock market by picking individual stocks. Also, the study will be done on a limited 

time period 2009-2018 this is done to handle the problem with possible breaks, such as the 

financial crisis and the dot-com bubble, in the data. In the data 2009-2018 can also see both a 

bull trend and a bear trend. Furthermore, due to lack of data, the study will be conducted with 

daily closing prices instead of more transparent data which would create a context which is 

more like real life.  
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1.6 Method description 

To investigate whether the EMH hold for the Swedish stock market or not several dual 

momentum trading strategies will be constructed, and these will be compared against a buy and 

hold strategy. To do the comparison a simple bootstrapping methodology will be used. To 

handle the problem that systematic risk creates higher returns, risk adjusted returns will be used 

in the comparison. To risk adjust the returns the classical Sharpe ratio will be used. Finally, a 

value at risk analysis will be conducted to see what the maximum loss of the investment 

strategies could possibly be.   
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2. Theoretical framework 
2.1 The Efficient Market Hypothesis 

A lot of research has been conducted on whether the markets are efficient or not. By efficient 

we mean that it is not possible to create excess returns on the financial market. Although, 

logically, the market is not and cannot be perfectly efficient. This is a proposition that Fama 

(1970) argues for, where he points out that market is efficient on three levels. The ambition of 

this categorization is to better explain the different anomalies that researchers have found 

support for (e.g. momentum trading). The theory builds on a few sufficient conditions that are 

needed to be fulfilled for the market to be efficient (Fama 1970), the conditions are as follows: 

• There are no transaction costs in trading securities 

• All available information is costlessly available to all market participants 

• All market participants draw the same conclusion of the effect of current information 

on current prices and agree on the distribution on future prices. This condition plainly 

states that prices of financial assets fully reflect all information available.  

Looking at the conditions above, clearly the market investigated in the works on the EMH is 

not representative for the markets used in practice. Fama (1970) argues that this is not a problem 

since the conditions are sufficient but not necessary. The arguments for this are that if the 

transaction costs take account for all available information in the market this does not imply 

that all available information are not fully reflected in the market prices. Further, even though 

not all participants in the market have access to the information the market may still be efficient. 

This is since as long as a sufficient number of investors have access to the information the 

general market prices will approximately fully reflect the information. Finally, Fama argues 

that different conclusions among investors about how the current information in the market will 

affect future price development on the financial assets will not be a problem unless some of the 

investors are able to consistently draw better conclusions of the available information than are 

implied by the market prices.  

  

As mentioned above, Fama(1970), defines three forms of efficiencies, the weak form of 

efficiency, the semi-strong form of efficiency and the strong form of efficiency. He argues that 

the purpose of the strong form of efficiency is to test whether there exists information which 

are relevant to the recent development of prices that some investors monopolistically can 
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access. Further, he states that the purpose of the semi strong form of efficiency is to investigate 

the speed of which publicly available information (e.g stock splits, annual reports etc.)  is 

reflected in the market prices. Finally, he describes the purpose of the weak form of efficiency 

aims to test to what extent the information about earlier prices affects future price 

developments.  

 

It is important here to note that the efficient market model is basically just the hypothesis that 

security prices fully reflect all available information on the market. The purpose of breaking 

down the tests into three categories; the weak form, the semi-strong form and the strong form 

is to make it possible to identify where the hypothesis possibly breaks down (Fama 1970). As 

the reader may have concluded by now, what is important in this study is to investigate whether 

the EMH breaks down in the weak form of efficiency. If the EMH in fact breaks down in its 

weak form, it is possible to create excess returns in the market by using a trading strategy that 

uses historical prices to predict future prices. A quote from Fama (1965) describes it more in 

detail:  

 

“By contrast, the stock market trader has a much more practical criterion for 

judging what constitutes important dependence in successive price changes. For 

his purposes the random walk model is valid as long as knowledge for the past 

behavior of the series of price changes cannot be used to increase the expected 

gains. More specifically, the independence assumption is an adequate description 

of reality as long as the actual degree of dependence in the series of price changes 

is not sufficient to allow the history of the series to be used to predict the future in 

a way which makes expected profits greater that they would be under a naive buy-

and hold model.” 

 

The only objection to the quote above is that the market does not require to follow a random 

walk model with mean zero but rather a process of more stochastic character such as a 

submartingale model as follows (Fama, 1970): 

𝐸(𝑝𝑗,𝑡+1|𝜗𝑡) ≥ 𝑝𝑗𝑡 

Or equivalently 
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𝐸(𝑝𝑗,𝑡+1|𝜗𝑡) ≥ 0 

Where 𝑝𝑗𝑡 is the price sequence of security j and 𝜗𝑡 is the information sequence. In short, the 

model states that the price sequence follows a submartingale with respect to the information 

sequence, which is basically to say that the expected value of the price in period 𝑡 + 1, which 

is based on the information in period 𝑡, is equal to or greater than the price in period 𝑡. Under 

this assumption, the expected profits of a trading rule based on the information in 𝜗𝑡 cannot be 

greater than the expected profits of a buy- and hold strategy for the period in question (Fama, 

1970). Hence, a possible way of testing the weak form of EMH is to test whether prices 

conditional on 𝜗𝑡 can be used to predict future price movements of financial securities and if it 

is possible for a participant in the financial market to create excess returns from these 

predictions.  

 

2.2 Modern Portfolio Theory 

One of the most well-known collection financial models that relies on the assumption that 

investors investment behavior is of a rational character and that the market is efficient is the 

modern portfolio. The pioneering work in the subject were conducted by Markowitz (1952), 

where he studied how the expected portfolio return were affected by asset risk, correlation, 

diversification and return. The model, known as mean-variance model, is based on several 

assumptions (see Markowitz, 1952) and shows that under the assumption that higher portfolio 

variance is equivalent with higher portfolio risk, the investor can reduce their risk by 

constructing a portfolio where the assets do not have perfect correlation with each other. 

However, worth noting is that Markowitz also argued that the most efficient portfolio, that is, 

the portfolio with the maximum expected return, not necessarily is the portfolio with the 

minimum variance. Hence, investors have the possibility to increase the expected return by 

taking on higher risk and to decrease the risk by giving up expected return. Following the line 

of arguments above, there should exist an efficient set of portfolios where the investor 

maximizes the expected portfolio return subject to the portfolio variance, alternatively, 

minimizes the portfolio variance subject to the expected return. The assumption underlining the 

stated logic are: 

• When choosing between two portfolios with the same expected return, the investor will 

prefer the one with lower risk (variance) 



- 8 - 
 

• When choosing between two portfolios with the same risk (variance), the investor will 

prefer the one with higher expected return 

 

The efficient set of portfolios is known as the efficient frontier. All portfolios below the efficient 

frontier are inefficient since the investor can increase the expected return for a given risk level 

or decrease the risk level for a given expected return.  

 

This model was later developed in to the Capital Asset Pricing Model by Jack Treynor (1961, 

1962), William F. Sharpe (1964), John Litner (1965) and Jan Mossin (1966). The purpose of 

CAPM is to describe investors expected return as a function of systematic risk. To clarify; the 

demanded return of an investment should be based upon two different factors: compensation 

for time value of money and the compensation of risk. All assets have risk that cannot be 

eliminated by diversification, that is, systematic risk or market risk. The assets sensitivity 

towards this systematic risk is taken into account in the CAPM such that an investor should 

demand higher expected returns for higher systematic risk and the other way around for lower 

systematic risk. Since the CAPM takes this risk into account, it should not be a surprise to the 

reader that it is a well-used model for estimating prices on the stock market. Although the 

CAPM has proven to do remarkably well in estimating asset prices, there exists exceptions 

where the model has broken down. Among others, the most well-known modern time example 

of this is the dot-com bubble, where asset prices deviated significantly from their intrinsic 

values. These deviations from the CAPM are usually explained as a violation of the assumption 

of rationality among investors due to behavioral factors.  

 

2.3 Behavioral Finance 

The behavioral finance aims to study how psychological factors influence the decisions of 

practitioners in the financial market. As stated above, the behavioral finance is used to explain 

both why and how the market is inefficient (Sewell, 2007). The cognitive process known as the 

decision-process are influenced by several so-called cognitive biases. In a study by Grinblatt & 

Han (2005) they discuss the effects of a well-known cognitive bias called the disposition effect 

(see Shefrin & Statman, 1985 for further reading) and its impact on momentum in asset prices. 

The disposition effect is the tendency of investors to sell stocks that have increased in value and 

the resistance to sell stocks that have decreased in value. They argue that this disposition effect 

creates a spread between the asset price and its fundamental value. The profitability of the 
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momentum strategy that uses this spread in the assets price and its fundamental value, caused 

by underreaction towards new information, depends on the path of historical stock prices. This 

profitability is possible since the trading that is done under the assumption that the disposition 

effect exists produce spread convergence in assets, which should create equilibrium prices that 

could be used by the investor to create excess returns in them market.  

 

There exist several more studies conducted by Barberis et al. (2001), Barberis et al. (2003), and 

Grinblatt & Han (2005) on how psychological factors that affects the investors risk averseness 

influence the equilibrium prices on the market. In these studies, they argue that mainly two 

factors lie behind the disposition effects and that these can explain the dynamics of asset prices: 

mental accounting and the prospect theory.  

 

2.3.1 Mental accounting 

Mental accounting is a heuristic that influence consumers behavior. According to Thaler (1980), 

it is a behavior where consumers violates different economic principles, for example the 

principle of fungibility, by labeling money and put them into different mental accounts, where 

these accounts act as reference points for decision makers when evaluating their decisions The 

mental accounting is a process that people use when they value their money, consequently it is 

a process by which investors value their gains or losses. Experimental studies have shown that 

narrow framing is a common submission during mental accounting. Barberis et al. (2001) 

describes it as the tendency to, for example, exhibit regret when an individual investment 

underperforms the market. Because of this, gains and losses in individual stocks can be carriers 

of utility and disutility. Hence, investors face the risk to make investments decisions without 

considering the context of his portfolio, that is, according to the modern portfolio theory, 

suboptimal decision making when investing. A result of this myopic approach towards 

investment decision investors tend to hold on to losses because of the mere pain of realizing 

them while selling their winning stocks. This is a possible explanation of the divergence 

between a stocks fundamental value and its price, which creates the opportunity of momentum 

investment. Furthermore, Barberis et al. (2001) finds that the mental accounting in fact 

significantly affects the asset prices.  
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2.3.2 Prospect theory 

In 1979 Khaneman & Tversky (1979) presented several observations where the axioms of the 

standard model for decision making under risky situations, the expected utility theory, were 

systematically violated by individual’s behavior. Consequently, they argued that the expected 

utility theory was not adequate for modeling the decision-making process under risk. As an 

alternative they presented the prospect theory. One of the main aspects of the prospect theory 

is that the utility of an investor is much more sensitive of the losses than on the gains of his 

investment. The central feature of the prospect theory is that the preferences of the investor is 

defined over changes in wealth rather than absolute levels of wealth, so that utility changes 

from losses are given a greater weight. This indicates that the average investors are loss averse. 

This creates a tendency of investors to sell onto stocks that have recently risen, while holding 

on to stock that have recently fallen. The tendency to sell winners and hold on to loser could 

explain the underreaction towards new information in the stock market, a phenomenon that 

could explain why momentum trading strategies should work according to Daniel et al. (1998) 

and Barberis et al. (1998).  
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3. Methodology 
3.1 Raw Data 

The data that is used in this study will be gathered from two sources. Firstly, the data that will 

be representative for the Swedish stock market, OMXS30, will be gathered from Yahoo finance. 

OMXS30 is a Swedish stock index with the thirty stocks with the highest turnover in Sweden. 

The stock index is updated in July and December every year, and under specific circumstances 

before the ordinary update. This means that the stock composition of the index differs over 

time, although this should not be considered a problem since the purpose of the stock index is 

to represent the Swedish stock market as a whole. The data will be gathered as daily closing 

prices from January 2009 to August 2018. By choosing data from 2009 the possible structural 

breaks in the data from the financial crisis in 2007-2008 and the dot-com bubble in 2000-2002 

are avoided. One could argue that negative moves of great magnitude are a normality in the 

stock market, and so is true, but the drawdowns in 2011 and 2015 should be considered enough 

to represent negative periods in the stock market. This data will be transformed into log-returns, 

which will be used to calculate what Sharpe calls the returns of the fund, which in our case is 

the returns of respective trading strategy. A presentation of the development of OMXS30 is 

presented below. 

 

Graph 1: OMXS 30 development 2009-2018. 
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In the graph above we can see the development of the OMXS30 from 2009 to 2018. We can 

see that we have a bullish long-term trend over the entire time series with two draw downs in 

2011 and 2015. By using this time period, we get both upward and downward trends and at the 

same time we avoid the structural breaks of the dot-com bubble and the financial crisis.  

 

The collection of the data for the risk-free interest rate that will be used as a benchmark index 

is done from the Swedish Riksbank, the oldest central bank in the world. As for the risk-free 

interest rate it is always hard to choose which to use, this is since an asset, by definition, cannot 

be risk less. As a representative interest rate the Swedish three-month treasury bill has been 

chosen. To generate the benchmark these are transformed into yearly interest rates simply by 

taking the compounded returns of the four quarters for respective year. A graph representing 

the development of the Swedish three-month treasury bill is presented below. 

 

Graph 2: Development of Swedish three-month treasury bill 2009-2018. 

We can see that the interest rate of the Swedish three-month treasury bill shows a downward 

trend and have been reduced successively over time.  
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The characteristics of the OMXS30, the log-returns and of the annualized risk-free interest rate 

are presented in Table 1 below. 

Variable Observations Mean Standard 

Deviation 

Minimum 

Value 

Maximum 

Value 

OMXS30 2365 1254.566 266.8517 597.76 1719.93 

Log-

Returns  

2364 0.0003795 0.121386 -0.0880027 0.0623513 

Risk-free 

interest rate 

10 0.101 0.0003454 0.0097082 0.010665 

Table 1: Summary statistics of OMXS30, Log-Returns and the Risk-free interest rate 

The number of observations is 2365 and 2364 for OMXS30 and the log returns respectively, 

this means that we have 2364 trading days with log-returns, which is the length of the data. The 

annualized risk-free interest rate has 10 observations, one for each year from 2009 to 2018. 

Looking at the OMXS 30 we can see that it has a mean value of 1254.56 with a standard 

deviation of 266.85, it is hard to conclude anything from this since it should have a long-term 

upwards trend. The log-returns have a mean of 0,03 %, which at first can seem to be 

impressively close to zero, this is just a result of the largeness of the numbers of observations 

and looking at the standard deviations we can se that it is as high as 12,14 %. Also, it is 

interesting that we have a maximum draw up of 6,24 % and a drawdown of 8.80 % which 

should be considered high for a daily return. Finally, the statistics of the risk-free interest rate 

are very compared with history with a mean of just 1.01 % and a maximum value of 1.07 % 

 

3.3 The trading strategy 

3.3.1 Dual momentum trading  

There are many ways to test the weak form of the EMH and one of them is to test whether there 

exist momentum strategies that can be exploited by investor to create excess in the financial 

market. Of these momentum trading strategies, dual momentum trading, also exist in several 

forms, normally varying with different lengths of the moving averages used or with the type of 

moving average that are used. Brock et al. (1992) mainly discusses the variable moving average 

(VMA) and the fixed moving average (FMA) in their study. Both the strategies are consisting 

of two simple moving averages, one with a longer time period and one with a shorter time 

period, both calculated in the following way: 
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𝑆𝑀𝐴𝑖 =
1

𝑖
∑ 𝑝𝑡

𝑐

𝑖

𝑡=𝑖+1−𝑛

 

Where 𝑖 is the length of the SMA, 𝑃𝑡
𝑐 is the daily closing price for time period 𝑡 and 𝑛 =

1,2,3 … , 𝑖. As we can see, the SMA is just an unweighted mean of the previous 𝑖 periods of 

daily closing prices. In the VMA, a buy (sell) signal is created when the shorter moving average 

crosses above (below) the longer moving average. The buy(sell) position are liquidated if the 

short SMA crosses below(above) the long SMA again. This trading rule is often modified by 

introducing a band width around the moving average. The point of doing this is to reduce the 

number of, what Brock et al. (1992) describes as, whiplash signals, which is when the shorter 

and longer moving averages are very close to each other, generating a lot of buy and sell signals. 

By introducing this band width, we can reduce the number of trading signals from the strategy. 

So, the VMA gives a buy(sell) signal if the short SMA is above (below) the longer SMA by at 

least the band width. If the position crosses down(up) below(above) the bandwidth again the 

position is liquidated. This means that if the short SMA is above (below) the long SMA but 

within the band width, no position is held. The FMA works pretty much in the same way, buy 

(sell) signals are generated when the shorter SMA crosses above (below) the longer SMA, the 

position is then held for ten days before being liquidated. Although, due to the lack of time, this 

study will only focus on the VMA dual momentum strategy, both with and without a band with 

around it.  

 

According to Brock et al. (1992) the most popular trading rule is the 1-200, which is built on a 

short SMA of one day and a longer SMA of 200 days. In the same way as Brock et al. this study 

will investigate the most popular trading rules which is the 2-200, 1-200, 5-150, 1-150 and 1-

50. These strategies will be tested both with and without a band and the size of the band will 

also be chosen in line with Brock et al. (1992), that is, 1 %. If a but signal is generated, all short 

position will be liquidated, and a long position will be initiated, while if a sell signal is generated 

all long position will be liquidated, and a short position will be initiated. The trading rules will 

henceforth be written in the format of (1,50,0.01) which is the 1-50 rule with a 1 % band width.  
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3.3.2 Construction of the trading strategy 

The trading strategy is conducted by using the daily closing prices to generate moving averages 

in the way stated above. Defining the shorter moving average as. 𝑆𝑀𝐴𝑆, and the longer moving 

average as 𝑆𝑀𝐴𝐿, they work as indicators which can generate signals for three types of 

positions: 

(1) 𝛼𝐿 | 𝑆𝑀𝐴𝑆 > 𝑆𝑀𝐴𝐿  

(2) 𝛼𝑆 | 𝑆𝑀𝐴𝑆 < 𝑆𝑀𝐴𝐿  

(3) 𝛼𝐶  | 𝑆𝑀𝐴𝑆 ∈ [1,01 ∗ 𝑆𝑀𝐴𝐿 , 0,99 ∗ 𝑆𝑀𝐴𝐿] 𝑜𝑟 𝑆𝑀𝐴𝑆 = 𝑆𝑀𝐴𝐿 

Here we can see that the trading model gives a buy signa when 𝑆𝑀𝐴𝑆 > 𝑆𝑀𝐴𝐿, if that is the 

case, then a long position,  𝛼𝐿 , is taken. Further, if the trading model gives sell signal, that is, 

when 𝑆𝑀𝐴𝑆 < 𝑆𝑀𝐴𝐿, a short position,  𝛼𝑆 , is taken. Finally, a cash position, 𝛼𝐶. is taken when 

𝑆𝑀𝐴𝑆 lies in between the band widths of the band width trading models.  Note here that we use 

strictly greater than, strictly smaller than and a closed interval, which means that the case where 

𝑆𝑀𝐴𝑆 = 𝑆𝑀𝐴𝐿 a cash position is generated as well. 

 

We denote the daily profit of a long position as 𝑅𝐵𝑚𝑡, where 𝑡 denotes the day,  𝛼𝐿, denotes that 

the return is generated by a buy signal and 𝑚 denotes the trading model that gave the buy signal. 

If a buy signal executed, a position is taken in the following day, under the assumption that we 

buy the asset at the previous days closing price, 𝑃𝑡−1
𝑐 . When a position is taken there are two 

possibilities with the strategy. The first one is that the price of the underlying asset rises and 

that the closing price,  𝑃𝑡+1
𝑐 , are higher than the previous day, this generates a positive return, 

𝑅 𝛼𝐿𝑚𝑡
+ . The other possibility is that the price of the underlying asset falls and that the closing 

price,  𝑃𝑡+1
𝑐 , are lower than the previous day, this generates a negative return, 𝑅 𝛼𝐿𝑚𝑡

− . 

𝑅 𝛼𝐿𝑚𝑡
+ = ln (

𝑃𝑡+1
𝑐

𝑃𝑡
𝑐 ) , 𝑤ℎ𝑒𝑟𝑒 𝑃𝑡+1

𝑐 > 𝑃𝑡
𝑐 

𝑅 𝛼𝐿𝑚𝑡
− = 𝑙𝑛 (

𝑃𝑡+1
𝑐

𝑃𝑡
𝑐 ) , 𝑤ℎ𝑒𝑟𝑒 𝑃𝑡+1

𝑐 < 𝑃𝑡
𝑐 

In the same way we can describe the short position as 𝑅 𝛼𝑆𝑚𝑡, where 𝑡 denotes the day and  𝛼𝑆 

denotes that the return generated is from a sell signal. As in the case of a buy signal, a sell signal 

will initiate a short position the following day under the assumption that we buy the asset at the 



- 16 - 
 

previous days closing price, 𝑃𝑡−1
𝑐 . If the price of the underlying asset falls and the closing price, 

𝑃𝑡+1
𝑐 , closes at a lower price than the day before, a profit, 𝑅 𝛼𝑆𝑚𝑡

+ , is generated. On the other 

hand, if the closing price, 𝑃𝑡+1
𝑐 , rises and closes above the previous days closing price, a loss, 

𝑅 𝛼𝑆𝑚𝑡
− , is generated. 

𝑅 𝛼𝑆𝑚𝑡
+ = − (𝑙𝑛 (

𝑃𝑡+1
𝑐

𝑃𝑡
𝑐 )) , 𝑤ℎ𝑒𝑟𝑒 𝑃𝑡+1

𝑐 < 𝑃𝑡
𝑐   

𝑅 𝛼𝑆𝑚𝑡
− = − (𝑙𝑛 (

𝑃𝑡+1
𝑐

𝑃𝑡
𝑐 )) , 𝑤ℎ𝑒𝑟𝑒 𝑃𝑡+1

𝑐 > 𝑃𝑡
𝑐 

Defining 𝑣 as the starting date of the return series we are examining and 𝑧 as the length of the 

profit series we can define the total profit for the specific period as: 

𝑃𝑡𝑜𝑡 = ∏ (1 + 𝑅 𝛼𝑝𝑚𝑡
+ )

𝑧

𝑡=𝑣

 

Where  𝛼𝑝 are the position taken and 𝑝 ∈ (𝐿, 𝑆, 𝐶). For example, if we want to calculate the 

returns for the first year would mean that 𝑣 = 1 and 𝑧 would equal the number of trading days 

that year. It is important to note that the trading strategy is conducted under the assumption of 

perfect market liquidity and that there exists no such thing as transaction costs.  

 

3.4 Sharpe Ratio 

As discussed in the theoretical framework, the CAPM states that the demanded return of an 

investment should be based upon both the compensation for time value of money and on the 

compensation of risk. Hence, the expected return of investors should be a function of the 

systematic risk the investor takes. To take this fact into account the returns from both the trading 

strategies and from the buy and hold strategy must be risk adjusted. Over 30 years ago William 

Sharpe (1966, 1975) introduced the financial world to the reward-to-variability-ratio. It was an 

idea where – given that the risk of a portfolio could be measured by the standard deviation of 

its return – the performance of a portfolio of assets should be measured not in its total returns, 

but rather in its returns relative to the variability, that is, the standard deviation of the portfolios 

returns. In his mission to give a fairer picture of the mutual funds’ performance Sharpe invented 

something commonly known as the Sharpe Ratio. The purpose of this ratio was to give a 



- 17 - 
 

measure of the portfolios returns relative to a benchmark asset, given its standard deviation of 

the portfolio (Sharpe 1966). 

 

 Sharpe (1975) divided the Sharpe Ratio in to two different measurements, one ex-ante and one 

ex-post version. For the ex-ante version Sharpe defines two variables: 𝑅𝐹, the return of fund F 

in the forthcoming period, and 𝑅𝐵, the return of a benchmark portfolio or security. To note that 

the exact values may not be known in advance tildes are used over the variables. We define the 

differential return as: 

�̃� ≡  �̃�𝐹−�̃�𝐵 

To calculate the ex-ante Sharpe Ratio, 𝑆, we let the expected value of 𝑑 be defined by �̅�, and 

the predicted standard deviation of 𝑑 be defined by 𝜎𝑑: 

𝑆 ≡
�̅�

𝜎𝑑
 

This gives us the expected differential return per unit of risk associated with the differential 

return.  

When deriving the ex-post version of the Sharpe Ratio we define the return on fund in period 𝑡 

as 𝑅𝐹𝑡 and the return on the benchmark portfolio or security in period 𝑡 as 𝑅𝐵𝑡. Given this we 

can define the differential return in period 𝑡 as:  

𝐷𝑡 ≡ 𝑅𝐹𝑡 − 𝑅𝐵𝑡 

By taking the average of 𝐷𝑡 over the historic period of 𝑡 = 1 through 𝑇 we get �̅�: 

�̅� ≡
1

𝑇
∑ 𝐷𝑡

𝑇

𝑡=1

 

We also calculate the standard deviation, 𝜎𝐷 ,over the period: 

𝜎𝐷 ≡ √
∑ (𝐷𝑡 − �̅�)2𝑇

𝑡=1

𝑇 − 1
 

Using this we can calculate the ex-post Sharpe Ratio, 𝑆ℎ: 

𝑆ℎ ≡
�̅�

𝜎𝐷
 



- 18 - 
 

This gives us the historic average differential returns per unit of historic variability in the 

differential returns. 

 

Since the purpose of this study is to test the legitimacy of the EMH and not to predict future 

outcomes, the ex-post version of the Sharpe Ratio will be used. It is important to consider the 

measurement interval, according to Sharpe (1994), there is a dependence between the Sharpe 

Ratio and the time period over which it is measured. To handle this problem the Sharpe Ratio 

will be estimated both on an annual basis and over the entire trading period.  Further Sharpe 

(1994) that to get the best information out of the Sharpe Ratio one could with advantage the 

risk and returns using short periods and then, for the standardization, use annualized returns. 

Therefore, the risk and returns will be estimated using daily stock prices, which are then 

annualized and from which the annual risk-free interest rate are subtracted before calculating 

the Sharpe Ratio.   

 

3.5 Bootstrapping  

When working with times series there are always a risk that we do not know the probability 

distribution of the population. If this is the case and we want to estimate a parameter, it means 

trouble. So, according to Efron and Tibshirani (1993) if we suppose a random probability 

distribution, 𝐹, from which we have a random sample 𝑥 = (𝑥1, 𝑥2, … , 𝑥𝑛) and we want to 

estimate a parameter 𝜃 = 𝑡(𝐹), to handle the problem with accuracy in the estimate, the 

bootstrap methodology were developed.  

If we let �̂� denote our empirical distribution and assign the probability 
1

𝑛
 to each observed value 

𝑥𝛿 , 𝛿 = 1,2, … , 𝑛, then a random sample of size 𝑛 drawn from �̂�, 𝑥∗ = 𝑥1
∗, 𝑥2

∗, … , 𝑥𝑛
∗  ,will define 

the bootstrap sample:  

�̂� → (𝑥1
∗, 𝑥2

∗, … , 𝑥𝑛
∗ ) 

Where 𝑥∗ indicates a resampled version of x rather than the actual data x. What this means 

according to Efron and Tibshirani (1993) is that a random sample of size n drawn with 

replacement from a population of (𝑥1, 𝑥2, . . , 𝑥𝑛), defines the bootstrap sample (𝑥1
∗, 𝑥2

∗, … , 𝑥𝑛
∗ ) 

meaning we could have for example 𝑥1
∗ = 𝑥3, 𝑥2

∗ = 𝑥9, 𝑥3
∗ = 𝑥30, and so on. This means that 
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the set we get from the bootstrapping will consist of values from the original data set. We define 

this set of data, 𝑥∗,  as the bootstrapping replication of 𝜃: 

𝜃∗ = 𝑠(𝑥∗) 

Where 𝑠(𝑥∗) is the result we get when using the same function at 𝑥∗ that were used at 𝑥, that 

is, 𝑠(∙). This means that by randomly sampling data sets of size 𝑛 from �̂� we can do a bootstrap 

estimate for the standard error, 𝑠𝑒𝐹(𝜃∗), of  𝜃. This is the ideal bootstrap estimate.  

 

The model applied in this thesis will select 𝐵 independent bootstrap samples of 𝑛 data drawn 

with replacement from, 𝑥∗1, 𝑥∗2, … , 𝑥∗𝐵. Then the bootstrap replication corresponding to each 

bootstrap sample will be evaluated:  

𝜃(𝑏) = 𝑠(𝑥∗𝑏), 𝑤ℎ𝑒𝑟𝑒 𝑏 = 1,2, … , 𝐵 

Finally, by using the standard deviation of the B replications, we can estimate the standard 

error: 

𝑠�̂�𝐵 = {{∑
[𝜃∗(𝑏) − 𝜃∗(∙)]2

(𝐵 − 1)

𝐵

𝑏=1

}

1
2

 

Where 

𝜃∗(∙) = ∑ 𝜃∗(𝑏)/𝐵

𝐵

𝑏=1

 

According to Efron and Tibshirani (1993), as 𝐵 goes to infinity the estimated standard error, 

𝑠�̂�𝐵 approaches, 𝑠𝑒𝐹: 

lim
𝐵→∞

𝑠�̂�𝐵 = 𝑠𝑒𝐹 = 𝑠𝑒𝐹(𝜃∗) 

This means that as the number of replications, 𝐵, approaches infinity, the empirical standard 

error approaches the standard error of the population. This is called the nonparametric bootstrap 

estimation. How many replications should one choose? Efron and Tibshriani (1993) argues that 

50-200 are enough, but this study will use 1000 replications for the value at risk analysis, and 

15 000 replicaitons for the tests of statistical significance, due to the computer power available. 
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3.6 Value at risk analysis 

When working with models about the financial market is that the risk is real. Over the years we 

have seen multiple crises with the great depression and the financial crisis as the worst. The 

magnitude of the draw down in these crises could make any portfolio consisting of financial 

assets implode. Hence, it is vital to account for this risk when constructing financial models. 

One way to do this is to measure the value at risk (VaR), which is used to describe the general 

maximum draw down one can expect in a portfolio constructed from the financial model (Duffie 

& Pan, 1997). The authors describe the VaR as the loss in market value over a given time 

horizon 𝑡 that is exceeded with probability 1 − 𝜌, where 𝜌 is the confidence level. They define 

the confidence level marks the probability distributions critical value of changes in the market 

value. Further, The VaR should be seen as the risk of one portfolio towards a benchmark – this 

benchmark being the historical market in this case – rather than the level of capital necessary 

to sustain the risk of the portfolio. The VaR is clearly illustrated in the picture below: 

 

 

 

 

 

 

Graph 3: Illustration of VaR (Duffie & Pan, 1997) 

There are several other methods to measure the risk of a portfolio constructed with the financial 

model but according to Tsay (2013), when quantifying the risk exposure of a financial 

institution, the standard model has become the VaR. Hence, the VaR is choice for measurement 

of risk in the trading model executed in this study.   

 

To make things clear we can think of the VaR with a given probability 𝜌 is: 

𝑃{𝑋 ≤ 𝑉𝑎𝑅1−𝜌} ≥ 1 − 𝜌 

𝑃{𝑋 > 𝑉𝑎𝑅1−𝜌} <  𝜌 



- 21 - 
 

Where 𝑋 is a random variable of the loss in the next time period of interest and 1 − 𝜌 is the 

probability of a potential loss during the period that is less than or equal to 𝑉𝑎𝑅1−𝜌 and the 

probability of a potential loss during the period that is greater than 𝑉𝑎𝑅1−𝜌 is at most 𝜌. When 

conducting a VaR analysis one can both use parametric and non-parametric estimations. In a 

study done by Beder (1995) compared different methods for estimating VaR and found that the 

results from the different models depend on the underlying assumptions of the respective 

models. Further, he concluded that the performance of the historical simulation was as good as 

the other. Also, Hendircks (1996) evaluated different methods for estimating the VaR and found 

the same as Beder (1995). Hence, the VaR done in this study will be of the non-parametric 

character, more exactly a historical simulation of the VaR. There are some advantages of this 

as well, firstly we do not need to assume a specific shape of the distribution, whilst a parametric 

VaR assumes normality, and secondly the historical data will define the probability pattern. 

This mean that the non-parametric model will be the relative frequency distribution of returns 

(Tsay, 2013).  

 

When working with non-parametric VaR it is important to have a large number of observations, 

which we have, and to make sure that the time series are too long and hence biased for today’s 

use, this will not be problem either since we have chosen a time period that excludes the most 

extreme fluctuations of the dot-com bubble and the financial crisis. About choosing the 

confidence level of the VaR it is, according to (Duffie & Pan, 1997), usually 99 % that is used 

by the bigger institutions like JP Morgan and Bankers Trust, hence, that is the level of 

confidence that will be used in this study as well. The VaR will be applied with a bootstrap 

methodology described above, resampling 1000 times for each strategy.  

 

3.7 Statistical testing 

To test whether the returns different trading strategies significantly differ from the returns of 

the buy and hold strategy we use statistical testing. Since we are comparing two random 

samples, a two-sample t-test are suitable (Alwan et al., 2011) This will be done by 

bootstrapping the standard errors of the distribution, using 15 000 resamples to get an 

approximation for the standard errors of the data that are close to the standard errors of the 

population. 
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𝑡 =
(�̅�1 − �̅�2) − (𝜇1 − 𝜇2)

√
𝑠1

2

𝑛1
+

𝑠2
2

𝑛2

 

Where �̅�1and �̅�2 are the sample means, 𝜇1 and 𝜇2 are the true population means and √
𝑠1

2

𝑛1
 and 

√
𝑠2

2

𝑛2
 are the estimated standard error for the distributions of the data. Since the interesting 

thing in this thesis is whether the investor can use historical price data to predict future price 

movements and not whether the strategies beat he market or not, a two-sided test will be done. 

Since we use a confidence interval of 95 %, the significance level, 𝛼 will be set to 𝛼 = 0.05, 

this gives us 𝛼 = 𝑃(𝑡𝑦𝑝𝑒 1 𝑒𝑟𝑟𝑜𝑟) = 𝑃(𝑟𝑒𝑗𝑒𝑐𝑡 𝐻0|𝐻0 𝑡𝑟𝑢𝑒), hence we have a 5 % 

probability for a type 1 error.  

 

3.7 Possible errors 

It is important to point out that the trading model constructed in this study is just a simplification 

of a complex reality. Different execution of the studies can make the results develop in different 

directions, hence, researchers should always aim for high validity and reliability when carrying 

out research.  

 

One question important to lift is the assumption that the three-month Swedish treasury bill is a 

good choice for the risk-free interest rate. As mentioned above, there exist no such thing as a 

risk-free asset. This makes the risk-free interest rate subjective rather than objective, indicating 

potential problem with human biases when selecting it. The choice of risk-free interest could 

heavily alter the result of the study. Further, the risk-free interest rate used during this study is 

rather low in a historical perspective and one should take that in consideration while drawing 

conclusions from the results presented.  

 

Concerning the assumption underlining the trading model, that is the assumptions about no 

transaction costs and perfect market liquidity, these obviously skews the results. Firstly, the 

assumption about perfect market liquidity could implicate problems with slippage, that is, the 

difference between the models buying- and selling prices and the prices at which the trade is 
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executed. The slippage is a positive function of the money managed in such way that the larger 

amount of money executed in a, for example, long position, the higher the risk to drive the 

market prices higher.  
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4. Results 
4.1 Strategies 

4.1.1 Strategy (50,1, X) 

We begin by looking at the strategies with the shortest SMAs. Looking at appendix 1 we can 

see that (50,1,0) performs bad with only three positive years out of ten, the best year being 2009 

and the worst being 2016. The strategy delivers a maximum draw down of 8.8 % and a 

maximum draw up of 6.97 % and the total returns are -35.88 % which is a bad result considering 

the bull trend in the data. By applying a band width of 1 % we can see a clear difference, strategy 

(50,0,0.01) delivers positive returns for every single year, with a maximum drawdown of 6.24% 

and a maximum draw up of 6.97 %. Overall the strategy returns 367%, which is an outstanding 

performance compared to the buy and hold strategy (See appendix 1). 

 

4.1.2 Strategy (150,1, X) 

The strategy with 𝑆𝑀𝐴1and 𝑆𝑀𝐴150 takes it first position in 2010, this is partly a result of the 

long SMA being 150 days. Looking at appendix 1, we can see that the (150,1,0) has 3 profitable 

years out of 9 trading years, the maximum draw down is -6.24 % and the maximum draw up is 

8.8 %. The strategy’s overall performance is bad, with a -17.8 % return, but it is till marginally 

better than the (50,1,0)-strategy. Applying a band width to this strategy also enhance the result, 

giving it an overall return of 159.93 %, slightly lower than the buy and hold strategy (appendix 

1), with consistently positive returns for each trading year. The strategy has a maximum draw 

up of 6.97 % and a maximum draw down of -6.24 %. 

 

4.1.3 Strategy (150.5, X) 

In this strategy we test to increase the length of the shorter moving average, applying a trading 

rule with 𝑆𝑀𝐴150 and 𝑆𝑀𝐴5. In appendix 1 we can see that lengthening the moving average 

decrease the overall return slightly, giving us -20.3 % through 2009-2018, which is bad 

compared to the buy and hold strategy. The strategy gives us a maximum draw up of 6.97% 

and a maximum draw down of -6.03 %.  
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Applying a band width on this strategy is also done with success, increasing the overall return 

to a total of 7.6 %, with consistently positive yearly returns, a maximum draw down of -6.03 % 

and a maximum draw up of 8.8 %.  

 

4.1.4 Strategy (200.1, X) 

We test the strategy with an even longer moving average, the 𝑆𝑀𝐴200, in combination with the 

short moving average 𝑆𝑀𝐴1. From appendix 1 we can see that it makes the strategy better, but 

it still delivers a mediocre overall return of -11.2 % with a maximum draw up of 8.8 %, a 

maximum draw down of -6.24% and three years with positive returns. Applying the 1 % band 

width increases the returns by a lot, giving an overall return of 91.86 %, with a maximum draw 

up of 8.8 %, a maximum draw down of -6.03 % and ten out of ten years with positive returns.  

 

4.1.4 Strategy (200,2, X)  

In the last strategy we lengthen the shorter moving average slightly, looking at a strategy with 

𝑆𝑀𝐴200 and 𝑆𝑀𝐴2. In appendix 1 we can see that the overall results get better, butt still 

generates a negative return of 5.90 %, with a maximum draw up of 8.8 %, a maximum draw 

down of -6.03 % and positive returns in three out of ten years. When applying the 1 % band 

width the trading model becomes better this time as well, giving an overall return of 39.32 %, 

with a maximum draw up of 8.8 %, a maximum draw down of 6.03 % and consistently positive 

returns over the years.  

 

4.1.5 Overall comments on the strategies  

Looking at the results of the strategies above, one thing is very clear: by applying a band width 

of 1 % around the trading strategy increase the profitability of the strategies immensely. Overall 

the strategies do not perform very well, with one exception which is the (50,1,0.01)-strategy 

that performs a good return over the ten trading years. Also, one can notice patterns in the 

maximum draw down and draw up of the strategies, where no strategy is liquid during the most 

volatile day in the market through 2009-2018. It can be seen that 8.8 %, which is the most 

volatile day in the whole time series, is either the maximum draws up or draw down in all 

strategies except the (50,1,0.01). Although, what is interesting is not how the strategies are 
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performing in absolute term, but rather how they are performing relative to the risk of they take. 

Hence, the following chapter will present the Sharpe ratios for each strategy.  

  

4.2 The Sharpe ratios of the strategies 

When looking at the Sharpe rations in appendix 2 we can see that the strategies with negative 

returns also gives a negative Sharpe ratio, as should be. Considering this, these strategies are of 

none interest for us, and hence, we will only be looking at the strategies with the positive Sharpe 

ratios, that is, the strategies that showed profitability. These strategies are five, and they all have 

in common that they use a band width within the strategy. The (1,50,0.1)-strategy is the strategy 

that performs the best regarding the Sharpe Ratio as well, and it beats the buy and hold strategy 

every year except two, 2009 and 2010. It does also beat the buy and hold strategy when looking 

at the Sharpe ratio for all the years 2009-2018, with a Sharpe Ratio as high as 7.19, compared 

to the buy and hold which generates a Sharpe Ratio of 1.6347.  There are two more strategies 

that have a higher Sharpe Ratio than the buy and hold strategy, the (150,1,0.1) and the 

(150,5,0.1). These strategies have a higher Sharpe Ratio than the buy and hold strategy even 

though they have lower overall returns, indicating that they take lower risk in their investments. 

We can compare the standard deviation of the strategies and see that this is the case. The 

(150,1,0.1) and the (200,1,0.1) strategies have a standard deviation of 10.30 and 10.26 % 

respectively, which can be compared to the higher standard deviation of the buy and hold 

strategy at 12.14 %.  

 

4.3 Value at risk analysis 

Using the bootstrap methodology, intervals for the VaR are calculated for respective trading 

strategy and for the buy and hold strategy. The results for the VaR interval of 1 000 000 invested 

with respective trading model at the 99% confidence level is shown below.  

 

Value at risk 99% confidence level, 1 000 000 invested 

Strategy Without band  With band  

(50,1, X) [-28203.61, -31838.64] [-27730.63, 34012.7] 

(150,1, X) [-26868.66,-31659.12] [-27318.76,-31283.11] 

(150,5, X) [-31283.11,39696.17] [-27784.72,-34822.53] 
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(200,1, X) [-27398.93,-30611.74] [-26831.54,-34822.53] 

(200,2, X) [-26185.39,-28713.63] [-28822.79, 35000.76] 

Buy & Hold [-16210.44,-17072.22] [-16210.44,-17072.22] 

Table 2: The Value at Risk for the strategies  

When looking at the strategies we can see that they all lie within the same intervals, except the 

(150,5,0)-strategy that have slightly higher VaR. What is interesting though is that all the 

strategies have a substantially higher VaR than the buy and hold strategy. Among the strategies, 

the one with the lowest VaR is the (200,2,0) and the one with the highest VaR is the (150,5,0). 

Looking at the effect of applying a band width, we can see that it increases the higher value in 

the range in general, while the lower level of the range is pretty much the same.  

 

4.4 Statistical testing 

To be able to conclude something about he EMH we need to test whether the mean from 

respective strategy differs from the mean of the buy and hold strategy. This is done by using 

the bootstrap methodology described above, where a t-test is conducted. The results from the 

testing are presented in the tale below. 

Strategy T-statistic P-value 

(50,1,0) -1.409 0.26817 

(50,1,0.1) 1.0059 0.3628618 

(150,1,0) -1.134   0.3330473 

(150,1,0.1) 0.3833 0.4754172   

(150,5,0) -1.1837  0.3235349 

(150,5,0.1) -1.4124 0.2678273  

(200,1,0) -1.0106 0.362499  

(200,1,0.1) -0.02993 0.4999093  

(200,2,0) -0.9552 0.3747308 

(200,2,0.1) -0.4576 0.452988 

Table 3: Summary of the statistical testing 

Looking at the results from the table below we can see that none of the strategies significantly 

differs from the buy and hold strategy at the 5% significance level. The strategy that delivers 
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the lowest p-value is the (50,1,0)-strategy and the strategy that delivers the highest p-value is 

the (200,1,0.1)-strategy.  
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5. Discussion 
5.1 Statistical testing  

This paper studies whether the weak form of the efficient market hypothesis holds up, that is, 

if investor can use past price information sequences to predict future price movements and use 

these anticipated price movements to create excess returns in the stock market compared to a 

buy and hold strategy. The trading model used to test this is a relatively simple dual momentum 

model using two simple moving averages of different length, applied on the Swedish stock 

market index OMXS 30. The results do not go in line with earlier research and there are some 

interesting findings worth mentioning. 

 

As mentioned above this study is conducted in the same way as Brock et al (1992) and Hudson 

et al. (1995) did their research. The same dual momentum strategies are used, that is, the same 

combination of moving averages is used and a band width on 1% are applied to each strategy 

as well. Both studies find that the returns generated by the dual momentum strategy 

significantly differ from a buy and hold strategy over the same period, implying that the model 

have predictive ability. These results differ from the results in this study. We can not find any 

significance in the trading strategies; hence we cannot reject the EMH. What could be the reason 

for this? Firstly, we use daily data to conduct the study, a more transparent data could possibly 

generate different result. Secondly, the trading strategy applied in this study is of a simple 

character. This means that it could easily be used by anyone. If the strategy were able to predict 

future stock prices using past stock prices, the stock prices would adjust appropriately almost 

at an instant, especially with the upcoming of the high frequency traders, something that were 

not as widespread during the time of the other studies. Nassim Nicholas Taleb (2007) describes 

it well, predictions are self-destructive in their nature in a way that if something were 

predictable, there would be nothing to predict. To clarify, assume a price at time 𝑡 − 1, if one 

were able to predict the price at time 𝑡, the price at time 𝑡 − 1 would adjust to the price at time 

𝑡, eliminating the predictability.  

 

5.2 The Sharpe Ratio 

When we look at the Sharpe Ratios we can see that three strategy’s deliver a risk adjusted return 

that exceeds that of a buy and hold strategy. This is interesting since it is only the (50,1,0.1) 
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strategy that gives excess returns in absolute terms compared to a buy and hold strategy. What 

can explain this phenomenon? Well, one thin is clear, the two strategies, (150,1,0.1) and 

(200,1,0.1), that underperform the buy and hold strategy in absolute terms must have a lower 

risk, that is, standard deviation, which they have. From appendix 1 we can see that the standard 

deviation for the strategies over the years 2009-2018 are 1.030 % and 1.026 % respectively, 

compared to the one of the buy and hold strategy which is 1.214 %. This is a clear difference 

in risk, where the strategies have a considerably lower risk. The explanation for the magnitude 

of change in the Sharpe ratio for such little difference in risk is that the variation in the standard 

deviation is hyperbolic – giving us a Sharpe Ratio that approaches infinity when the standard 

deviation approaches zero – while the variation in the returns is linear, making it more 

profitable, in terms of Sharpe Ratio, to minimize the denominator, that is, the standard 

deviation, rather then maximizing the nominator, that is, the excess returns. This results in 

issues when comparing different strategies by their Sharpe Ratios, the strategy with lower 

volatility will in general generate a higher Sharpe Ratio. There is example of this in the real 

world, where low volatility strategies, like writing out-of-the-money puts or calls, give high 

Sharpe Ratios. One explanation of this could be that the investor transfers the market risk to 

other types of risks such as liquidity risk, default risk or the risk of a catastrophe, which could 

make the low volatility strategy even more risky, resulting in higher expected returns, although 

it is not reflected in the upwardly biased Sharpe Ratio which only considers market risk. This 

is a big flaw of the Sharpe Ration as a tool for measuring the risk adjusted return of the portfolio. 

One recent example of this phenomenon is the Long-Term Capital Management, a hedge fund 

who reached a Sharpe Ratio as high as 4.35, which should be considered unbelievably good, 

before imploding in the Russian debt crisis of 1998. 

 

Regarding the high Sharpe Ratio of the last strategy that outperformed the buy and hold strategy 

in terms of Sharpe Ratio, the (50,0,0.1)-strategy, it delivers an absolute return of 367 % and a 

Sharpe Ratio of 7.19, is this realistic? The short answer is no. The interesting thing is that the 

strategy consistently generates positive annualized returns, with three years of Sharpe Ratios 

that should be considered good to excellent. This does that the Sharpe Ratio accelerates. The 

question is whether it is possible for the strategy to continue to produce consistently positive, 

good, returns. We can see the same tendency but at a smaller scale in the (150,0,0.1) and 

(200,0,0.1), where the former has positive Sharpe Ratios throughout all years, and the latter 

have few drawdowns that are relatively small compared to the strategies that have low returns 
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relative to the buy and hold strategy.  What we can see here is that the key to generate high 

returns is to minimize the down side.  

 

Another clear thing that we can see from the results are that applying a band width of 1 % 

around the trading strategy affects the returns considerably. As discussed earlier, by applying 

the band width we can reduce the number of whiplashes, that is, false trade signals. We can see 

that maximum draw up and drawdowns are similar for all strategies, indicating that the band 

width does not remove the more extreme moves, but rather those of small magnitude. The logic, 

this being a momentum strategy, is that the band width removes a lot of trades during the periods 

where the market is consolidating. One prerequisite for a momentum strategy is that there exists 

momentum, which it does not during consolidation.  

 

5.3 The Value at risk  

As we can suspect when looking at the maximum drawdown of each strategy and of the buy 

and hold, the value at risk are similar for all of them. We bootstrap all profit series and generate 

an interval for the VaR and can see that the VaR varies between 26868,66 SEK to 43005.2 

SEK. This can be interpreted as if we invest 1 000 000 SEK, the maximum daily loss of 

26868.66 SEK to 43005.2 SEK. This is a non-parametric historical VaR which means that it is 

calculated using the historical returns in the data rather than from predicted future values, and 

hence, it is important to see this as a VaR relative to a benchmark, being the historical market 

in this case. 

 

Another important point is that there are problems in the assumption about distribution both in 

parametric and non-parametric, especially with the assumption about normality. Looking at the 

stock market, Mandelbrot and Hudson (2004) argues that the use of the Gaussian bell in 

financial theory could potentially be a flaw, this is due to the wild, rather than mild, randomness 

that exist in the financial market. Extreme variation in the financial markets happens more often 

than should be reasonable under the assumption of normality. For example, the collapse of the 

Russian market in 1998 should never have happened according to financial theory. Theo odds 

that the downturn in August 31, 1998 should happen were 1 in 20 million, meaning that one 

could trade daily for 100’000 years without expecting it to happen. In addition to that there 
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were two similar downturns in the same month., The odds of that happening is about 1 in 500 

billion. A further example is the decline on black Monday, October 19, 1987, of 29.7 should 

happen with a probability of that happening, according to financial theory, were 1 in 1050. That 

is described by Mandelbroot (2004) as a odds so small it has no meaning, he exemplifies this 

by describing that “you could span the powers of ten from the smallest subatomic particle to 

the breadth of the measurable universe – and still never meet such a number.” So, what is the 

point of the critique against the underlying assumption in the VaR? Nothing more than that one 

should not be naïve, the VaR of a model in general should be used and interpreted with caution 

and so should the numbers for the VaR presented in this thesis be as well.  
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6. Conclusions 
In this study it has been tested if the dual momentum strategy could use past prices to predict 

future price development in the Swedish stock market. The study has been conducted using data 

from OMXS30 and Swedish three-month treasury bill through the years 2009-2018. Looking 

at the results, some strategies can generate excess returns against a buy and hold strategy, both 

in absolute terms and relative to the risk of the strategies. Although this is the case it there is no 

significant differences between the mean returns for any of the strategy and the buy and hold 

strategy. Hence, we cannot conclude that the dual momentum strategy can be used to create 

excess returns against a buy and hold strategy. Having this in mind, we have no proof against 

the EMH and the reasonable conclusion to draw is that the market is efficient. One should keep 

in mind that the data used in this study is daily closing prices of the OMXS30, the strategy 

could possibly generate different results using more transparent data, for example, stock prices 

on a minute interval. Further we can see that using a band width have a big impact on the returns 

of the trading strategies, this could be because it reduces the number of what Brock et al. 

describes as whiplashes. For further research it would be interesting to investigate the effects 

of the band width, under what circumstances do the band width increase the returns of the 

strategy? Are there any differences if we adjust the size of the band width? Furthermore, future 

research should be conducted on more transparent data, this is since the upcoming of high 

frequency traders have changed the conditions of the market and there is a possibility that, if 

the dual momentum strategy have predictive ability, the prices are discounted within a very 

short time interval. 
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Appendix 
Appendix 1: Summary Statistics 

Strategy (50,1,0)  

Year Mean Std. Dev. Max. Min. 

2009 .00086229 .01540503   .0492308 -.0489139 

2010 -.00009489 .01217955 .0340127 -.0623513 

2011 -.0003228 .01765123 .0696809 -.0603322 

2012 -.0000155 .01202882 .0469391 -.039563 

2013 .00020928 .00827639 .0313325 -.0254667 

2014 -.00045765 .00867024 .0294461 -.0305663 

2015 .00013799 .0125477   .0460361 -.0379722 

2016 -.00093069 .01344513 .0431394 -.0880027 

2017 -.00012547 .00640501 .0150809 -.0226371 

2018 -.00028582 .00926278   .0245676 -.0258279 

2009–2018 -.0001152   .0120659 .0696809 -.0880027 

Table 4 

Strategy (50,1,0.01) 

Year Mean Std. Dev. Max Min 

2009 .00122834 .01446418 .0492308 -.0489139 

2010 .0005851 .010177 .0340127 -.0623513 

2011 .00086996   .0160689 .0696809 -.0603322 

2012 .00076612 .01023227 .0469391 -.039563 

2013 .00070143 .00687564 .0313325 -.0254667 

2014 .00032217 .00606183 .0294461 -.0305663 

2015 .00086913 .01075175 .0460361 -.0379722 

2016 .00080824 .01023755   .0431394 -.0377498 

2017 .00059562 .00493783 .0134114 -.0153322 

2018 .00020978 .00777196   .0245676 -.0258279 

2009–2018 .0007057 .0103053 .0696809 -.0623513 

Table 5 
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Strategy (150,1,0) 

Year Mean Std. Dev. Max Min 

2009 0 0 0 0 

2010 -.0002789 .01031615 .0364531 -.0623513 

2011 -.0001351 .01765368 .0696809 -.0603322 

2012 -.00049414   .01201863 .0318723 -.0469391 

2013 .00039499 .00826958 .0254667 -.0313325 

2014 .00002538 .00868233 .0294461 -.0305663 

2015 -.00008816 .01254815   .0460361 -.0379722 

2016 .00051292 .01346763 .0880027 -.0377498 

2017 9.247e-07 .00640624 .0226371 -.0196945 

2018 -.00025714 .00926362     .0245676 -.0258279 

2009–2018 -.0000228 .0109939 .0880027 -.0623513 

Table 6 

Strategy (150,1,0.01) 

Year Mean Std. Dev. Max Min 

2009 0 0 0 0 

2010 .00057476 .00994071   .0295725 -.0623513 

2011 .00064085 .01698329 .0696809 -.0603322 

2012 .00053888 .01026977 .0318723 -.0369882 

2013 .00057448 .00795578   .0254667 -.0313325 

2014 .00038682 .00782413   .0294461 -.0305663 

2015 .00042942 .01175858    .0460361 -.0379722 

2016 .00074451 .0132047 .0880027 -.0377498 

2017 .00029704 .00563919 .0226371 -.0196945 

2018 .00018438 .00787544   .0245676 -.0258279 

2009–2018 .0004575    .0103022 .0696809 -.0623513 

Table 7 
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Strategy (150,5,0) 

Year Mean Std. Dev. Max Min 

2009 0 0 0 0 

2010 .00013414 .00895145 .0295725 -.0364531 

2011 -.00013326 . 01765369 .0696809 -.0603322 

2012 -.00057665 .01201494 .0318723 -.0469391 

2013 .0001779 .00827713    .0254667 -.0313325 

2014 -.000055 .00868219 .0294461 -.0305663 

2015 -.00033305 .01254402 .0460361 -.0379722 

2016 .00060288 .01346389 .0880027 -.0377498 

2017 .00008565 .00640567 .0226371 -.0196945 

2018 -.00043444 .00925696 .0245676 -.0258279 

2009–2018 -.0000372   .0108652 .0696809 -.0603322 

Table 8 

Strategy (150,5,0.01) 

Year Mean Std. Dev. Max Min 

2009 0 0 0 0 

2010 .0001259 .00783986 .0295725 -.0316591 

2011 -.00006616   .0171204 .0696809 -.0603322 

2012 -.00040977 .01085599 .0275519 -.0469391 

2013 .0003765 .00786205 .0254667 -.0313325 

2014 .00014405 .00810891 .0294461 -.0305663 

2015 .00037213 .01161946 .0460361 -.0379722 

2016 .00051838 .01341247 .0880027 -.0377498 

2017 .00011036 .00573042 .0226371 -.0196945 

2018 -.00065188 .00816699   .0227157 -.0258279 

2009–2018 .0000835 .0102462 .0880027 -.0603322 

Table 9 
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Strategy (200,1,0) 

Year Mean Std. Dev. Max Min 

2009 0 0 0 0 

2010 -.00003007 .01031989   .0364531 -.0623513 

2011 -.00020845 .01765296   .0696809 -.0603322 

2012 -.00064005 .01201172 .0318723 -.0469391 

2013 .00070787 .00824861 .0254667 -.0313325 

2014 -.00010616 .00868171 .0294461 -.0305663 

2015 .00040107 .01254202 .0460361 -.0379722 

2016 .00052906 .013467 .0880027 -.0377498 

2017 -.00032673 .00639787   .0226371 -.0196945 

2018 -.00039535 .00925872 .0245676 -.0258279 

2009–2018 9.90e-06 .0109939 .0880027 -.0623513 

Table 10 

Strategy (200,1,0.01) 

Year Mean Std. Dev. Max Min 

2009 0 0 0 0 

2010 .00043258 .00842344 .0364531 -.0318386 

2011 .00031408 .01728547 .0696809 -.0603322 

2012 4.629e-06 .01043708 .0254667 -.0469391 

2013 .00067416 .00761781 .0254667 -.0243011 

2014 .00035087 .00811063 .0294461 -.0305663 

2015 .00052635 .01201792 .0460361 -.0379722 

2016 .00047422 .01328285 .0880027 -.0377498 

2017 .00029977 .00541738 .0226371 -.0196945 

2018 .00001625 .0079408   .0245676 -.0258279 

2009–2018 .0003284 .0102587 .0880027 -.0603322 

Table 11 
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Strategy (200,2,0) 

Year Mean Std. Dev. Max Min 

2009 0 0 0 0 

2010 .00055584 .00893512 .0364531 -.0316591 

2011 -.00034013 .0176509 .0696809 -.0603322 

2012 -.0004547 .0120202   .0318723 -.0469391 

2013 .00059532 .00825753 .0254667 -.0313325 

2014 8.173e-06 .00868236 .0294461 -.0305663 

2015 .00013657 .01254771 .0460361 -.0379722 

2016 .00038396 .01347194 .0880027 -.0377498 

2017 -.00041999 .00639241 .0226371 -.0196945 

2018 -.00026278   .00926346    .0245676 -.0258279 

2009–2018 .0000332 .0108652 .0880027 -.0603322 

Table 12 

Strategy (200,2,0.01) 

Year Mean Std. Dev. Max Min 

2009 0 0 0 0 

2010 .00023902 .00894918 .0364531 -.0318386 

2011 .00016234 .0173129 .0696809 -.0603322 

2012 -.00033046   .01060079 .0275519 -.0469391 

2013 .00064678 .0080036 .0254667 -.0313325 

2014 .00030698 .00809694 .0294461 -.0305663 

2015   .00041779 .01219956 .0460361 -.0379722 

2016 .00045354 .01331276 .0880027 -.0377498 

2017 .00013989 .00567228 .0226371 -.0196945 

2018 -.00034969 .00811546   .0245676 -.0258279 

2009–2018 .0001945 .0104096 .0880027 -.0603322 

Table 13 
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Buy and hold 

Year Mean Std. Dev. Max Min 

2009 .00181721 .01602221    .0492308 -.0489139 

2010 .00076711 .012134 .0623513 -.0340127 

2011 -.00061983 .01761185 .0603322 -.0696809 

2012 .0004473 .01199881 .039563 -.0469391 

2013 .00075117 .0082299 .0254667 -.0313325 

2014 .00037813 .0086584 .0305663 -.0294461 

2015 -.00004853    .01252584 .0379722 -.0460361 

2016 .00018774 .01345212 .0377498 -.0880027 

2017 .00015386 .00639289 .0226371 -.0196945 

2018 .00017915 .00923762 .0258279 -.0245676 

2009–2018 .0003806 .0121395   .0623513 -.0880027 

Table 14 
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Appendix 2: Sharpe Ratios 

Sharpe Ratio 2009–2013 

 2009 2010 2011 2012 2013 

(50,1,0) .6242107 -.3975074 -.6436535 -.3495693 .0728638 

(50,1,0.1) 1.068243 .6773543 .5483451 .9250394 1.369081 

(150,1,0) - -.7059356 -.4897108 -.9287293 .4511135 

(150,1,0.1) - .678741 .2507552 .515897 .8721837 

(150,5,0) - -.076334 -.4882057 -1.021896 .0106445 

(150,5,0.1) - -.084946 -.436677 -.903707 .4412054 

(200,1,0) - -.3409086 -.5507434 -1.092375 1.132333 

(200,1,0.1) - .5290621 -.0864426 -.347291 1.156176   

(200,2,0) -   .7367085 -.6574819 -.8835574 .8805963 

(200,2,0.1) - .1175613 -.2296304 -.8158537 1.030421   

B & H  1.5562234 .81269199 -.87368274 .27872491    1.2312427 

Table 15 

Sharpe Ratio 2014–2018  

 2014 2015 2016 2017 2018 All years 

(50,1,0) -.9117466 .1589588 -.9377599 -.0856764 -.1284537 -.7802946 

(50,1,0.1) .7181401 1.420488 1.467401 2.359209 .4581258 7.195025 

(150,1,0) -.0907504 -.1222659 .6584338 .2200153 -.1005283 -.4588141   

(150,1,0.1) .6705741 .5962507 .9967508 1.121371 .4198889 3.060891 

(150,5,0) -.2340758 -.409488 .7785097 .4303761 -.2713418 -.5111373 

(150,5,0.1) .1446477 .5211287 .6693417 .5621396 -.528318 .01886748 

(200,1,0) -.323891 .5071322 .6797755 -.5532925 -.2340669 -.33523497 

(200,1,0.1) .5665011 .7201931 .619436 1.179671 .2136678 1.7086359 

(200,2,0) -.1217005 1571629 .4911389 -.762737 -.1060367 -.23814668 

(200,2,0.1) .4761873 .5508551 .5903068 .6534448 -.2062093 .64523911 

B & H .57398587 -.07420383 .24499911 .60317218 .33896595 1.634701 

Table 16 
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Appendix 3: Total Profits 

 

Total profits for strategies 

 Without 

band 

With band 

(50,1, X) -.35877407 3.6702895   

(150,1, X) -.17841631    1.5992985 

(150,5, X) -.20317525   .07612741 

(200,1, X) -.11238724    .91862082 

(200,2, X) -.05902213 .39316654 

B & H 1.999523 

 

1.999523 

 

Table 17 

 

 

  


