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Abstract 
 

Over a long period of time, researchers have investigated the efficiency of financial 

markets. The widely accepted theory of the subject is the Efficient Market Hypothesis, 

which states that prices of financial assets are set efficiently. A common way to test this 

hypothesis is to analyze the returns generated by technical trading rules which uses 

historical prices in an attempt to predict future price development. This is also what this 

study aims to do. Using adjusted daily closing prices ranging over 2007 to 2019 for 5120 

stocks listed on the U.S stock market, this study tests a momentum trading strategy called 

the stochastic oscillator in an attempt to beat a buy and hold strategy of the Russel 3000 

stock market index. The stochastic oscillator is constructed in three different ways, the 

𝐹𝑎𝑠𝑡%𝐾, the 𝐹𝑎𝑠𝑡%𝐷 and the 𝑆𝑙𝑜𝑤%𝐷, the difference being that a smoothing parameter 

is used in the 𝐹𝑎𝑠𝑡%𝐷 and 𝑆𝑙𝑜𝑤%𝐷 in an attempt to reduce the number of whiplashes 

or false trading signals. The mean returns of the technical trading strategies are tested 

against the mean returns of the buy and hold strategy using a non-parametric bootstrap 

methodology and also, the risk adjusted returns in terms of Sharpe Ratios are compared 

for the different strategies. The results find no significance difference between the mean 

returns of the buy and hold strategy and any of the technical trading strategies. Further, 

the buy and hold strategy delivers a higher risk adjusted return compared to the technical 

trading strategies, although, only by a small margin. Regarding the smoothing parameter 

applied to the strategies, it seems to fulfill its purpose by reducing the number of trades 

and slightly increasing the mean returns of the technical trading strategies. Finally, for 

deeper insight in the subject, a reading of “The efficiency of financial markets: A dual 

momentum trading strategy on the Swedish stock market” by Netzén Örn (2018) is 

recommended. 
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1. Introduction 
 

1.1 Background 
As early as in the 1960’s Eugene Fama (1965)  developed the Efficient Market Hypothesis 

(EMH) and concluded that asset prices are set efficiently, that is, that they always trade 

at their fair value, implying that asset prices develop randomly over time. If this 

hypothesis were to be true, it would be impossible  to benefit – in terms of excess returns 

against the market – from technical trading rules using historical price movements to 

predict future price movements. Consequently, extensive research has been carried out in 

purpose of both supporting and rejecting the hypothesis and the conclusions are both for 

(see e.g. Malkiel, 1973; Fama & Malkiel, 1970) and against (see e.g. Jegadeesh & Titman, 

1993; DeBondt & Thaler, 1985) the hypothesis. The key statement from the EMH that is 

of interest for this study is that properties of financial markets is such that it should not 

be possible to generate positive expected returns from technical trading rules based on 

historical prices.  

 

As an investor, the main objective should be to achieve a risk adjusted return higher than 

that of the market. This study will define beating the market as either deliver the same 

return as the market at a lower risk or to deliver a higher return than the market at the 

same risk. There are several methods at hand for investors in their mission to beat the 

market, where the two mainly used methods are fundamental analysis and technical 

analysis. If the investor were to use technical analysis, a prerequisite for beating the 

market should be predictability in asset prices which would be possible only under the 

circumstances where asset prices deviated from a random walk.  

 

Extensive research has been made around this subject and the early study about 

predictability in stock prices were done by Cowles and Jones (1937) who examined the 

statistical distribution of stock returns and found that the probability of price sequences 

were significantly higher than the probability of price reversals, that is, it is more likely 

for a positive (negative) change in security prices to be followed by another positive 

(negative) change than by a negative (positive) change, and hence, in some way there is 

a dependency between successive stock prices. Since then extensive research which 

confirms the predictability in security prices have been done ( e.g. Brock et al. ,1992; 

Conrad and Kaul, 1989; Fama and French, 1988; Jegadeesh, 1990; Jegadeesh and Titman, 

1993; Keim and Stambaugh, 1986, Lehmann, 1990; Lo and MacKinlay, 1988; Poterba 

and Summers, 1988 and Rosenberg et al., 1985), logically, this price predictability could 

be used by an investor to develop a successful trading strategy based on historical prices. 

There are several explanations for the predictability in stock prices. Chan (1988) and Ball 

and Kothari (1989) argue that the predictability is due to systematic changes in the 

equilibrium expected return of securities. Another explanation presented by Zarowin 

(1990) is that the predictability in stock prices is due to the size effect, where smaller 

firms periodically tend to outperform larger firms (see e.g. Anomalies: the January effect 

by Thaler , 1987). Finally, and most important for this study, is the explanation provided 

by De Bondt and Thaler (1985) who argue that the predictability in security prices is due 

to overreactions towards new information in the market, which creates the possibility of 

past losers to outperform past winners.  
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The presence of overreaction in asset prices has been widely researched and as early as 

in the 1930’s Keynes (1967, pp. 153-154) observed irrational behavior in the market:  

 

“…day-to-day fluctuations in the profits of existing investments, which are 

obviously of an ephemeral and nonsignificant character, tend to have an 

altogether excessive, and even an absurd, influence on the market”  

 

This irrationality has been further researched in several studies which confirms a 

phenomenon of overreaction in asset prices (Black, 1986; Chopra et al., 1991; De Bondt 

& Thaler, 1985; DeBondt & Thaler, 1987; Shefrin & Statman, 1985 and Shiller et al., 

1984). Further, Daniel et al (2001) present a model where equilibrium expected returns 

is a linear function of risk and mispricing. This mispricing, driven by overreaction in asset 

prices, mainly have one important implication, which is clearly stated by DeBondt and 

Thaler (1985, p. 795): 

 

“If stock prices systematically overshoot, then their reversal should be 

predictable from past return data alone, with no use of any accounting data such 

as earnings.” 

 

This implication is discussed by Lo & MacKinlay (1990, p. 177) who argue that in the 

case of overreaction, one should be able to exploit the negative serial dependence in asset 

returns by using contrarian investment strategies, that is, by purchasing securities that 

have performed badly in the past and selling securities that have performed well in the 

past. Thus, if overreaction exists, that is, if the changes in security prices deviates from a 

random walk, a contrarian investment strategy should generate positive expected returns. 

This proposition is further supported by Daniel et al. (1998), Barberis et al. (1998) and 

Jegadeesh and Titman (1995, 2001) who argue that momentum trading strategies could 

be used to benefit from delayed overreaction followed by price reversals in asset prices. 

Hence, a proper way to test the efficiency of markets should be to examine whether 

trading strategies based on the predictability in asset prices, for example technical 

analysis, outperform a buy and hold strategy of the market. 

 

Regarding the technical trading, there exist several trading rules, mainly momentum 

trading strategies, that have been examined to test the weak form of market efficiency 

(see chapter 3.1) over the years. Among others are filter rules (Fama & Blume 1966), 

relative strength trading (Akemann & Keller, 1977; Jacobs & Levy, 1988; Jensen & 

Bennington, 1970; Levy, 1967), stochastic trading (Brugos et al., 2013; Coe & 

Laosethakul, 2010; Lin et al., 2011) and moving average trading (Brock et al., 1992; 

James, 1968; Van Horne & Parker, 1967; Sullivan et al., 1999). This study will go in line 

with  Brugos et al. (2013), Coe & Laosethakul (2010) and Lin et al. (2011) and examine 

whether the stochastic trading strategies can be used to create excess returns in the U.S 

stock market.  

 

1.2 Research question  
Extensive research has been done to investigate whether it is possible to use historical 

price movements to predict future price movements or not. The subject has been 

researched on markets all over the world and support for predictability in stock prices 

using technical trading rules have been found on the US stock market (Brock et al., 1992), 

on the South Asian stock market (Gunasekarage & Power, 2001) and on the UK stock 

market (Hudson et al., 1996). However, the research has not been able to reject the EMH 
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and there is still no consensus to be found among researcher, which means that there is a 

purpose to further research the subject matter, hence the research question for this thesis 

is: 

• Can historical stock prices be used to predict future price movements on the U.S 

stock market? 

1.3 Contribution 
This study examines a momentum investing strategy called the stochastic oscillator  (see 

chapter 5.1) and it contributes to the academic literature on technical trading in general 

and momentum trading in particular in two different ways. Firstly, the main research of 

technical trading strategies where done during the 1980’s and 1990’s, since then, the 

contextual prerequisites on the financial market have changed substantially. For example, 

the use of high frequency trading, exploiting the potential  possibility to use technical 

trading rules to generate excess returns on the financial markets, has increased 

substantially. Hence, it is of interest to retest whether technical trading rules still beats 

the market. Secondly the study examines a trading model that is lightly researched relative 

to other technical trading rules, further broadening the set of technical trading rules 

researched. 

 

1.4 Purpose  
The purpose of this paper is to investigate the predictability in stock prices using technical 

trading rules, that is, if historical price sequences can be used to predict future price 

movements and if these anticipated price movements can be exploited to generate excess 

returns against a buy and hold strategy on the Russel 3000 stock market index 
 

1.5 Delimitations 
The purpose of this study is to investigate whether technical trading rules can generate 

excess return against a benchmark index, using the Russel 3000 as a proxy for the market. 

The geographical delimitation will be to the U.S stock market due to access to data and 

the timeframe of the study will be limited to 2007-2019. This timeframe is chosen because 

it includes the financial crisis, hence, the study takes into consideration that the stock 

market from time to time have severe downturns. Hence, the data provides both a bull -

trend and a bear-trend. Finally, even though one would want to use more transparent data 

that mirrors the real world in a better way – especially in a time where high frequency 

trading is so broadly used – the study will be done using adjusted daily closing prices for 

the stocks and daily net asset value for the benchmark index due to lack of data.  
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2. Theoretical methodology 
 

2.1 Research Philosophy 
When conducting research, you have to make methodological choices where assumptions 

are made about how knowledge is obtained and perceived. Saunders et al. (2016, p. 127) 

distinguish between three different research philosophies: ontology, epistemology and 

axiology. 

 

2.1.1 Ontological considerations 
The assumptions made about the nature of reality is referred to as the ontological 

assumptions and they are primarily of concern since they shape the way that the 

researcher views its study and its research objects (Saunders et. al., 2016, p. 127). 

Primarily, Bryman and Bell (2017, p. 55) distinguish between two different ontological 

approaches: objectivism and subjectivism.  

 

Subjectivism assumes that the perceptions and actions of social actors is the foundation 

of the social reality (Saunders et al., 2016, p. 130). The subjectivism builds on nominalism 

in its ontological sense which means that researchers and other social actors forms the 

social phenomena that are aimed to be studied (Saunders et al., 2016, p. 130). Hence, the 

researcher will have a specific and subjective picture of reality. On the other hand, the 

objectivistic approach takes its point of departure in the assumption that social actors 

cannot affect the social phenomena that they encounter (Bryman & Bell, 2017, p. 55). Or 

as described by Saunders et al. (2016, p. 128), that the social reality is external to us and 

to others. The authors further argue that from an ontological viewpoint, the objectivistic 

approach builds on realism, where social entities exist independently of how people think 

of them. In its most extreme sense, this approach assumes that all social actors experience 

only one social reality (Saunders et al., 2016, p. 128). 

  

By collecting and examining stock market data, this thesis aims to analyze whether 

technical analysis in general and contrarian portfolio strategies in particular can be used 

to generate excess returns against a benchmark index. The stock market exists of 

thousands of traders with subjective views about individual stocks value, and logically 

both ontological views is applicable to the study. However, this study aims to analyze the 

results of the actions taken by the aggregated investor rather than the motives behind 

those actions and hence it is more suitable that the study in this thesis is conducted under 

the assumption of objectivism. 

 

2.1.2 Epistemological consideration 

Epistemology is concerned with what is to be regarded as acceptable knowledge in a 

subject (Bryman & Bell, 2017, p. 47). According to Saunders et al. (2016, pp. 135-137) 

epistemology is classified as four positions: positivism, interpretivism, critical realism 

and pragmatism. Of those, the most common is the positivism and interpretivism, and it 

is also those that are of interest for this study.  

 

Positivism is an approach that advocates the principles of natural science when studying 

aspects of the social reality (Bryman & Bell, 2017, p. 47), the objective being to produce 

law-like generalizations (Saunders et al., 2016, p. 135). Further, positivism usually use a 
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deductive research approach and typically uses quantitative methods of analysis 

(Saunders et al., 2016, p. 136).  

 

Researchers who are critical against positivism, and who believe that scientific 

procedures are inconvenient with social studies, developed a contrasting view called 

interpretivism (Saunders et al., 2016, p. 140; Bryman & Bell, 2015, p. 28). Interpretivism 

often aims to develop new, richer interpretations and understandings of social contexts 

(Saunders et al., 2016, p. 140) and thus typically has an inductive research approach and 

uses qualitative methods of analysis (Saunders et al., 2016, p. 136).  

 

When choosing which of the epistemological approaches to take on, it is important to take 

the knowledge goal of the research into account, for example, humanism often uses 

interpretivism while natural science often uses positivism (Davidsson & Patel, 2011, pp. 

25-26). The goal of this study is to provide a value-free answer to whether technical 

analysis can be used to create excess returns in the stock market and not to provide new 

insights in the behavior of market participants or to provide a new contextual meaning to 

financial markets, hence the suitable epistemological alignment of this study is 

positivism. 

 

2.2 Research approach 
In general, there exist two types of approaches to theory development: inductive and 

deductive (Saunders et al., 2016, p. 144). According to Bryman and Bell (2017, pp. 42-

43) the deductive approach aims to deduce one or more hypotheses from already existing 

theories and knowledge and to collect data based on these hypotheses. The final step of 

the deductive process is somewhat inductive, where the researcher wants to relate the 

results from the data analysis to the theoretical concepts of the subject (Bryman & Bell, 

2017, p. 43). On the other hand, a researcher may use an inductive approach where the 

theory is seen as a result of the research (Bryman & Bell, 2017, p. 45).  The inductive 

approach also has a somewhat deductive part, this is since when the theory has been 

defined, the author may want to collect additional data to test under what contextual 

conditions that the theory either holds or breaks down (Bryman & Bell, 2017, p 45).  

 

The choice of research design is also important in the generalization of the results. The 

deductive approach generalizes from general to the specific while the inductive approach 

generalizes from the specific to the general (Saunders et al., 2016, p. 145). Until today an 

extensive body of research have been done about the efficiency of financial markets and 

its anomalies. With this in mind, the deductive approach is suitable for this study since it 

takes its point of departure in existing theory and aims to test a proposition of an existing 

theory, which is if technical analysis is a possible trading tool to create excess returns 

against a buy and hold strategy.  
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Figure 1. Overview of the deductive research strategy. 

Source: Bryman & Bell (2017, p. 42) 

 

2.3 Research strategy  
When research is carried out, there are several different research strategies to choose 

from, where the choice highly depends on the research design and methodological 

assumptions. Commonly, researchers distinguish between two categories of research 

design: the quantitative approach and the qualitative approach (Bryman & Bell, p. 58). 

The qualitative approach often builds on an inductive research approach, an interpretative 

epistemology and a subjective ontology, while the quantitative approach often builds on 

a deductive research approach, a positivistic epistemology and an objectivistic ontology 

(Bryman & Bell, 2017, p. 58). Since the assumptions made about knowledge and reality 

in this study also are positivism and objectivism, and since the purpose is to test the 

legitimacy of technical analysis as a trading tool, the study will be conducted using 

financial data. Hence, a quantitative research strategy will be used. Also, according to 

Bryman and Bell (2017, p. 58), since the quantitative approach is based on an objectivistic 

view and consist of quantitative data, they are usually able to provide higher reliability.  

 

2.4 Ethical considerations 
Diener & Crandall (1978 pp. 1-2) argue the decisions made in a study and research should 

be taken into consideration by the researcher.  There are several ethical aspects to account 

for when researching but many of those aspects are only relevant for qualitative research 

and can be excluded when doing a quantitative study (Bryman & Bell, 2017, p. 146). 

Diener & Crandall (1978) divide the ethical principles of research in to four general areas: 
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• Reciprocity and trust 

• Intruding on privacy 

• Damage to the participants’ confidentiality  

• Lack of consent by the participants 

 

2.4.1 Reciprocity and trust 

Reciprocity and trust or false promises is when a researcher describes the research or 

the purpose of the research as something else than it actually is (Bryman & Bell, 2017, 

p. 154). It is rarely possible to share all information of a study with the respondents, but 

researchers should share information to the extent that it does not harm the research 

(Bryman & Bell, 2017, p. 155). Since this study does not have any participants to share 

information with, there are no risk for false promises.  

 

2.4.2 Intruding on privacy 
To what extent can enquiry about the respondent’s privacy be tolerated? This requirement 

is closely related to the consent claim, since a consent means that the respondent to some 

extent give up the right to privacy (Bryman & Bell, 2017, p. 154). Bryman & Bell further 

argue that although consent is given, the researcher should respect the respondent’s 

privacy, and this could be done by allowing the respondents to decide for themselves 

what information to share. Since the information about the companies in this study 

consists of price information that have been voluntarily published, there are no problems 

with intrusion into corporate privacy.  

 

2.4.3 Damage to the participants’ confidentiality 

Research that damages the respondent are seen as unacceptable by most. This, and 

questions regarding the confidentiality of the respondents is one of the main areas within 

research ethics (Bryman & Bell, 2017, p. 146). There are several ways for humans to 

experience pain, it can be stress, worse self-esteem, physical, and so on (Bryman & Bell, 

2017, p.146). The participants in this study are companies and the data used are publicly 

available financial data that are provided by the companies for anyone to use. Further, the 

research focuses on an objective technical trading strategy and thus, there is no risk that 

the image and growth opportunity of the participating companies are hurt. 

 

2.4.4 Lack of consent by the participants  

Basically, the consent claim is about the right for participants in an enquiry to decide for 

themselves whether to participate or not (Bryman & Bell, 2017, p. 150). It is important 

to ensure that potential participants in a study understand why participation is necessary, 

what their involvement entails, how the information will be used and to whom the results 

will be available (Bryman & Bell, 2017, p. 151). These considerations are mainly 

important if the research strategy is qualitative, but when performing quantitative 

research, one could use a consent form to ensure consent from the participants (Bryman 

& Bell, 2017, pp. 150-151). The data used in this study are publicly available information 

that are voluntarily provided by the companies themselves and hence, there will not be 

any problems with lack of consent by the participants.   
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3. Theoretical Framework 
 

3.1 The Efficient Market Hypothesis 
The Efficient Market Hypothesis (EMH) was first formulated by Eugene F. Fama in the 

1970’s and has been a foundation in the research of financial markets ever since. The 

plausibility of the theory has been widely discussed and a variety of research have been 

conducted on financial markets and their efficiency. Even though a lot of research – 

among others, the research in behavioral finance – falsifies the underlying assumptions 

in the EMH and contradicts the theory, the EMH is still widely accepted today.  

 

As formulated by Fama (1970, p. 383), the EMH states that a market is ideal if the prices 

accurately provides signals for resource allocation. In this market, Fama argues, firms 

and individual investors are able to make proper investment decisions under the 

assumption that prices fully reflect all available information in the market. Hence, the 

capital market fulfills its primary role to efficiently allocate the capital stock of the 

economy. Fama (1970, p. 383) divides the EMH into three different forms, where the 

purpose is to examine how security prices adjusts to different information subsets. The 

weak form of market efficiency is concerned with the information set of  historical prices 

and whether they are fully reflected in current prices. The semi-strong form of market 

efficiency is concerned with whether prices efficiently adjusts for an information subset 

of publicly available information. Lastly, the strong form of market efficiency is 

concerned with whether prices efficiently adjusts for information that are 

monopolistically available to some investors. According to Fama (1970, p. 387), the 

EMH builds on three sufficient conditions: 

 

• There exist no transaction costs when trading securities 

• All available information is costlessly available to all market participants 

• The implication of current information for the current prices and the distribution 

of future prices are agreed upon by all market participants  

if these three conditions are fulfilled, all available information will be fully reflected in 

the security prices. The problem is that this is obviously not the market that exists in the 

real world, for example, it is not possible to avoid transaction costs when trading 

securities. Although the conditions break down, Fama (1970, pp. 387 – 388) argues that 

this is not a problem since as long as market participants takes all available information 

into account, even large transaction costs do not imply that prices are not fully reflecting 

all available information. Further, Fama argues that not all available information needs to 

be costlessly available to all market participants arguing that as long as a sufficient 

number of participants have access to the information, the prices will fully reflect the 

information. And finally, Fama argues that divergence in investors conclusions about the 
implications of a given set of information on security prices does not in itself imply 

market inefficiency unless there exist some investors who are able to consistently use this 

divergence to create excess returns in the market. 

  

3.1.1 Expected Return or Fair Game Models  

According to Fama (1970, p. 384), most of the empirical evidence on market efficiency 

has taken its point of departure in the expected return models. The expected return 

theories are simplistic in its nature and can be described as follows: 



 

9 
 

 
 𝐸(�̃�𝑗,𝑡+1|Ф𝑡) = [1 + 𝐸(�̃�𝑗,𝑡+1|Ф𝑡)]𝑝𝑗𝑡  (3.1) 

 

Where 𝑝𝑗𝑡 is the price of security 𝑗 at time 𝑡, 𝑝𝑗 ,𝑡+1 is the price at time 𝑡 + 1, 𝑟𝑗,𝑡+1  is the 

one period percentage return defined by 
(𝑝𝑗,𝑡+1−𝑝𝑗𝑡)

𝑝𝑗𝑡
 , Ф𝑡 is the subset of information that 

are assumed to be fully reflected in the price at time 𝑡, 𝐸 is the operator for expected 

values and tilde is a notation indicating that the variables are random at time 𝑡 (Fama, 

1970, p. 384). The expected return model defined above states the expected returns as the 

condition of market equilibrium and that the expected returns are formed given the 

information set Ф𝑡. Under this assumption, trading systems that are solely based on a 

subset of information in Ф𝑡 do not have the possibility to generate expected returns in 

excess of the equilibrium expected returns (Fama 1970, p. 385). Following the definitions 

of Fama (1970, p. 385), let  

 
 𝑧𝑗,𝑡+1 = 𝑟𝑗,𝑡+1 − 𝐸(�̃�𝑗,𝑡+1|Ф𝑡) 

 

(3.2) 

Then 

 
 𝐸(�̃�𝑗,𝑡+1|Ф𝑡) = 0 

 

(3.3) 

hence, by definition, the sequence {𝑧𝑗𝑡} with respect to the information sequence {Ф𝑡} is 

a fair game. From the properties of the mathematical definitions above, an economic 

interpretation can be drawn where 𝑧𝑗,𝑡+1 is the excess market return of security 𝑗 at time 

𝑡 + 1 in such way that it is the difference between the expected price given the 

information Ф𝑡 and the observed price on the market (Fama, 1970, p. 385). For any 

trading system based on Ф𝑡 , 𝛼(Ф𝑡) defines the amount of funds available at time 𝑡 to be 

invested in each of the 𝑛 securities 

 
 𝛼(Ф𝑡) = [𝛼1(Ф𝑡),  𝛼2(Ф𝑡), … , 𝛼𝑛 (Ф𝑡) ] 

 

(3.4) 

hence, the total excess market value at 𝑡 + 1 is given by 

 
 

𝑉𝑡+1 = ∑ 𝛼𝑗 (Ф𝑡)[𝑟𝑗,𝑡+1 − 𝐸(�̃�𝑗,𝑡+1|Ф𝑡)]

𝑛

𝑗=1

 

 

 
(3.5) 

by using the property of fair games from Equation (3.3) the expectation of such trading 

systems is given as 

 
 

𝐸[�̃�𝑡+1|Ф𝑡] = ∑ 𝛼𝑗 (Ф𝑡)[𝑟𝑗,𝑡+1 − 𝐸(�̃�𝑗,𝑡+1|Ф𝑡)]

𝑛

𝑗=1

= 0 

 

 
(3.6) 

This expected return model has several testable empirical implications (Fama, 1970, p. 

385), and there are two special cases that are of particular interest in the financial research: 

the random walk theory and the submartingale model. By following the argument 

proposed by Fama (1965), that the sequential prices of securities do not follow a random 

walk with mean zero, but rather is a process of more stochastic character, the 
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submartingale model is of higher interest for this study. Let us assume that in Equation 
(3.1), for all 𝑡 and Ф𝑡, 

 
 𝐸(�̃�𝑗 ,𝑡+1|Ф𝑡) ≥ 𝑝𝑗𝑡  (3.7) 

 

or equivalently 

 
 𝐸(�̃�𝑗,𝑡+1|Ф𝑡) ≥ 0 

 

(3.8) 

This special case states that with respect to an information sequence {Ф𝑡}, the price 

sequence {𝑝𝑗𝑡} for security 𝑗 follows a submartingale, that is, the expected value of the 

price sequence for security 𝑗 in period 𝑡 + 1 {𝑝𝑗 ,𝑡+1} given the information sequence {Ф𝑡} 

is greater than or equal to the price of security 𝑗 in period 𝑡 {𝑝𝑗𝑡} (Fama, 1970, p. 386). 

The assumption made in Equation (3.8), that the expected returns given Ф𝑡 are non-

negative, implies that for a set of trading systems that defines the conditions for holding 

cash, buying securities or shorting securities there exist no trading rule based solely on 

the information in Ф𝑡 that can generate expected returns greater than that of a buy and 

hold strategy (Fama, 1970, p. 386). Hence, following the assumption in quation (3.8), a 

necessary condition for the trading strategies to be able to generate excess returns against 

a buy and hold strategy or a benchmark index can be defined: 

 
 𝐸(�̃�𝑡𝑗,𝑡+1|Ф𝑡) ≠ 𝐸(�̃�𝑏𝑗,𝑡+1|Ф𝑡) 

 

(3.9) 

Where 𝐸(�̃�𝑡𝑗,𝑡+1|Ф𝑡) is the expected price sequence of security 𝑗 in time period 𝑡 + 1 

predicted by a trading model given the information sequence {Ф𝑡} and 𝐸(�̃�𝑏𝑗,𝑡+1|Ф𝑡) is 

the expected price of security 𝑗 in time period 𝑡 + 1 predicted by the market given the 

information sequence {Ф𝑡}. Given this, a prerequisite for a trading model to beat the 

market or a buy and hold strategy, is that the price sequence expectations of the model 

given the information sequence {Ф𝑡}  differs from the price sequence expectation of the 

market based on the same information sequence {Ф𝑡}. Thus, it is reasonable to assume 

that the average trader has price expectations that diverges from the general market and 

hence it is of interest to examine whether this divergence in expectations is justified. This 

can be done by examining the weak form of the EMH, that is, whether historical price 

sequences can be used to generate excess returns against the market.  
 

3.1.2 The overreaction hypothesis  

The overreaction hypothesis is a common way to test the weak from of the EMH and the 

point is to investigate to what extent systematical residual returns in the time periods 

before the portfolio is created (𝑡 < 0) affects the systematic nonzero residual return in the 

time periods after the portfolio is created (𝑡 > 0) (DeBondt & Thaler, 1985 p. 796). In 

other words, the overreaction hypothesis aims to create portfolios of past losers and past 

winners, which instead of using fundamental information about the firms are created 

conditional upon past excess returns. Following this line of argumentation, the condition 

for the EMH stated in chapter 3.1 can be rewritten as: 

 

 𝐸(�̃�𝑗𝑡 − 𝐸𝑚 (�̃�𝑗𝑡|Ф𝑡−1
𝑚 )|Ф𝑡−1) = 𝐸(�̃�𝑗𝑡 |Ф𝑡−1) (3.10) 
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where �̃�𝑗𝑡 is the return at time 𝑡 of security 𝑗, Ф𝑡−1  represents the information set at time 

𝑡 − 1, 𝐸(�̃�𝑗𝑡|Ф𝑡−1
𝑚 ) is the markets expected return of security 𝑗 at time 𝑡 given the 

information set Ф𝑡−1
𝑚  and 𝐸(�̃�𝑗𝑡 |Ф𝑡−1) is the expected residual portfolio return given the 

information set Ф𝑡−1  (DeBondt & Thaler, 1985, p. 796). The EMH would imply that 

𝐸(�̃�𝑊𝑡|Ф𝑡−1) = 𝐸(�̃�𝐿𝑡|Ф𝑡−1) = 0, which means that the expected residual portfolio 

return given the information set Ф𝑡−1 of a portfolio of winners or a portfolio of losers 

would be zero. The overreaction hypothesis instead suggests that 𝐸(�̃�𝑊𝑡 |Ф𝑡−1) < 0 and 

𝐸(�̃�𝐿𝑡|Ф𝑡−1) > 0, hence a portfolio of past winners should generate negative expected 

residual returns and a portfolio of losers should generate positive expected residual 

returns (DeBondt & Thaler, 1985, p. 796). Thus, by using contrarian investment 

strategies, that is, by either shorting the winner’s portfolio or buying the losers portfolio 

a trader should be able to create excess returns against the market.  

 

3.2 Modern portfolio theory 
The modern portfolio theory is a collection of theories that builds on the assumption of 

efficient markets and that the behavior of participants in the financial market is rational. 

The foundation in the modern portfolio theory were laid by Markowitz (1952) as early as 

in the 1950’s where he examined how diversification between different financial assets 

and the individual assets risk, correlation and return affects the expected return of a 

portfolio. One key assumption in the theory is that investors consider returns to be 

something desirable and variance in returns to be something undesirable (Markowitz 

1952, p. 77). Given an equality between variance and risk, the theory describes that as an 

investor, you can minimize the risk in a portfolio by including assets without perfect 

correlation (Markowitz, 1952, p. 89). Further, Markowitz (1952, p. 79) is also careful to 

point out that the portfolio with the maximum expected returns are not necessarily the 

one with the minimum variance, rather there exist a rate at which an investor can gain 

expected returns by taking on variance or reduce variance by giving up expected returns. 

Hence, two important assumptions for this study can be defined:  

 

• Given two portfolios with the same expected returns, an investor will prefer the 

one with lower variance.  

• Given two portfolios with the same variance, an investor will prefer the one with 

higher expected returns.  

Given these assumptions, there should exist a set of efficient portfolios where the investor 

minimizes the variance for a given expected return or maximizes the expected return for 

a given variance, hence a set of efficient portfolios in the expected return – variance 

dimension called the efficient frontier can be identified (see Figure 2) (Markowitz, 1952, 

p. 82).  
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Figure 2. The efficient frontier 

Markowitz (1952, p. 82) 

 

In the 1960’s, Markowits portfolio theory were further developed into the Capital Asset 

Pricing Model (CAPM) by Jack Treynor (1961, 1962), William F. Sharpe (1964), John 

Litner (1965) and Jan Mossin (1966). The basis of the model is the idea that the market 

presents two prices for investors: the price of time, which is the risk-free interest rate and 

the price of risk (Sharpe, 1964, p. 425). Further, Sharpe argues, asset prices should adjust 

accordingly to consider the difference in risk between investments by providing a risk 

premium. Hence, the ambition of the model was to define a relationship between the 

prices of financial assets, the risk of the financial assets and investors preferences, in 

short, the relationship between risk and the investors expected return. (Sharpe, 1964, p. 

426). Sharpe defined the relationship as the investors expected return as a function of 

systematic risk, which is the risk that the investor cannot eliminate by diversification. 

Following this, if the investor follows rational procedure, he is able to acquire any point 

along a capital market line in market equilibrium, where incurring additional risk enables 

a higher expected rate of return (Sharpe, 1964, p. 425).  

 

 
Figure 3. Capital Asset Pricing Model 

Source: Sharpe (1964, p. 426)  
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Firstly, define the return of the market as 𝑟𝑚, the markets expected return as 𝑟�̅� the return 

of a specific risky asset as 𝑟𝑖 and its expected return as 𝑟�̅�. Using these definitions, the 

covariance between the risky asset and the market, 𝜎𝑖𝑚,  is derived as 

 

 
𝜎𝑖𝑚 =

∑ (𝑟𝑖𝑡 − 𝑟�̅�𝑡)(𝑟𝑚𝑡 − 𝑟�̅�𝑡)𝑛
𝑡=1

𝑛 − 1
 

 

(3.11) 

And the variance of the market, 𝜎𝑚
2 , as 

 
 

𝜎𝑚
2 =

∑ (𝑟𝑚𝑡 −  𝑟�̅�𝑡)2𝑛
𝑡=1

𝑛 − 1
 

 

(3.12) 

Using these definitions, the beta coefficient, 𝛽𝑖, is given by 

 
 𝛽𝑖 =

𝜎𝑖𝑚

𝜎𝑚
2  

 

(3.13) 

Finally, by denoting the risk-free return as 𝑟𝑓, the CAPM defines the expected return of a 

specific risky asset as 

 
 𝑟�̅� = 𝑟𝑓 + 𝛽𝑖 (�̅�𝑚 − 𝑟𝑓) 

 

(3.14) 

Or equivalently 

 
 𝑟�̅� − 𝑟𝑓 = 𝛽𝑖 (�̅�𝑚 − 𝑟𝑓) 

 

(3.15) 

In the CAPM, the market premium is given by (𝑟�̅� − 𝑟𝑓). Above, the compensations for 

investments is divided into two different parts: a compensation for time and a 

compensation for risk. Using this division, the expected return of an asset 𝑟�̅� is explained 

as a function of the risk-free interest rate 𝑟𝑓, which is the compensation for the time value 

of money, and the market risk premium 𝑟�̅� − 𝑟𝑓, which is the compensation for the 

systematic risk taken on by the investor. The sensitivity of the risky asset towards the 

systematic risk is given by the beta coefficient 𝛽𝑖, where a higher beta coefficient means 

a higher sensitivity towards volatility in market prices and a lower beta coefficient means 

a lower sensitivity towards volatility in the market prices (see Figure 3 for a graphical 

illustration).  

 

Over a long period of time, the CAPM has been considered the standard model to account 

for the undiversifiable risk that investors take on in their investment. However, the CAPM 

have been exposed to debate about the validity of the model. For example, the size-effect 

of firms is examined by Banz (1981) and Reinganum (1981) and they find irregularities 

which the CAPM does not account for, hence, the findings indicate that the CAPM is 

misspecified. On the other hand,  in an examination of the stocks on the New York Stock 

Exchange, Fama and Macbeth (1973) validate the CAPM by showing a statistically 

significant beta coefficient. This relationship between risk and return, according to Tinic 

and West (1984), is only significant for Januaries. Further, Lakonishok and Shapiro 

(1984) investigate how different risk measures explain the cross-sectional variation in 

returns and finds no significance for either beta, variance or residual standard deviation. 

As a consequence of these deviations from the CAPM, different models have been 
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suggested. One of the most common models – called the Fama-French three-factor model 

–  were presented by Fama and French (1992, 1993) and it accounts for two additional 

effects: size and book-to-market equity. As a result, the model’s ability to explain the 

cross-sectional variation in returns is significantly improved (Fama & French, 1992, 

1993). From this model, Carhart (1997) derived a four-factor model which also account 

for the momentum effect in stock returns. Even though it seems logical to assume a four-

factor model which accounts for momentum and size effects, this study will assume the 

CAPM as the relationship between systematic risk and the expected rate of return due to 

computational time.  

 

3.3 Behavioral finance 

The subject of behavioral finance studies how psychology influences the behavior of 

financial participants and how it affects the equilibrium of financial markets (Sewell, 

2007, p. 1). Also, behavioral finance aims to explain how and why financial markets are 

inefficient. Grinblatt and Han (2002, p. 312) describe the disposition effect as one of the 

most well-documented regularities in the financial markets. The disposition effect is the 

tendencies of investors to sell winners too early and ride losers too long. Shefrin and 

Statman (1985, p. 778) and Grinblatt and Han (2002, p. 314) argue that these tendencies 

tend to create a spread between an assets price and its fundamental value. Over time 

though, prices should converge towards the fundamental values of the assets, something 

that can be exploited by using momentum trading strategies (Grinblatt & Han, 2002, p. 

337). This tendency is further researched by Daniel et al. (1998) who conclude that 

investors suffer from self-attribution bias and are overconfident, which creates 

overreaction in stock prices that are eventually reversed. For a momentum strategy that 

uses the spread between an assets price and its fundamental value, caused by overreaction 

towards new information in the market, the profitability depends on the path of historical 

asset prices (Grinblatt & Han, 2002, p. 337). Further, the authors argue that under the 

assumption that the disposition effect is present, the profitability of momentum trading is 

possible since the effect produces a spread convergence in asset prices. This spread 

convergence generates equilibrium prices that could be used by investors to create excess 

returns in the financial markets.  

 

There are several behavioral anomalies that have been identified over the years and 

among others are the predictability in stock prices over a long horizon (Barberis et al., 

2001), anomalies related to IPO-pricing (Barberis & Huang, 2008; Ljungqvist & William, 

2005; Loughran & Ritter, 2002) and the equity premium puzzle (Benartzi & Thaler, 

1995). Many of these studies, including Barberis et al. (2006) investigate the effect of 

psychological factors on how investors risk averseness influences the equilibrium prices 

on the market. These studies conclude that the disposition effect and the dynamic of 

equilibrium asset prices can be explained by two factors: the prospect theory (Kahneman 

& Tversky, 1979) and the mental accounting (Thaler, 1980). 

 

3.3.1 Prospect Theory 

The prospect theory was introduced by Daniel Khaneman and Amos Tversky in  1979 

when they analyzed the decision making of individuals under risk and tried to further 

develop the expected utility theory (Khaneman & Tversky, 1979, p. 263). Over a long 

period of time it was assumed that rational people would obey the axioms of the expected 

utility theory (Neumann & Morgenstern, 2007)  thus, economists used the expected utility 

theory in an attempt to model economic behavior (e.g. Friedman & Savage, 1948) and it 

was widely accepted as the standard model of rational choice (Keeney & Raiffa, 1993). 
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The expected utility theory states that rather than basing choices under uncertainty on the 

expected value of the outcomes, the preferences for an action is based on the expected 

value of utility (Arrow, 1970, pp. 46-53). For a given set of financial assets 𝑥1,… , 𝑥𝑛 a 

function for the utility of different combination of those assets can be defined as (Arrow, 

1970, p. 54): 

 

 𝑈(𝑥1, … , 𝑥𝑛) = 𝑈1 (𝑥1) + 𝑈2 (𝑥2) + ⋯ + 𝑈𝑛 (𝑥𝑛) (3.16) 

 

The expected utility theory is based on consumer preferences and hence, the expected 

utility is the statistical expectation of an individual’s subjective value of an outcome under 

uncertainty and as a consequence of this, these valuations may differ from the expected 

value of those outcomes (Varian, 2006, p. 54). Another important property of the 

expected utility theory is that one action will be preferred to another if and only if the 

expected utility of the consequences of that action is greater than that of another action 

(Arrow, 1970, p. 53).  

 

Khaneman and Tversky (1979, p. 263) presents several situations where individuals 

preferences systematically violate the axioms of the expected utility theory. Extensive 

research has been done on the consistency of these axioms and some famous deviations 

are the Allais Paradox (Allais, 1979), the Endowment effect (Khaneman et al., 1990, 

1991; Knetsch, 1989), Nudging (Thaler & Sunstein, 2009), Sunk Cost Fallacy (Arkes & 

Blumer) and Anchoring (Khaneman & Tversky, 1974). To handle the problem with 

inconsistency in the expected utility theory, Khaneman and Tversky (1979) presented the 

prospect theory which accounts for the dynamics of individuals preferences. In their 

theory they argued that the preferences of individuals were not defined over actual pay 

offs, but rather over gains and losses relative to some benchmark/reference point in such 

way that losses are given greater utility weight (Khaneman & Tversky, 1974, 1992). This 

is shown by letting 𝑥 represent the gain or loss from an investment and �̅� represent the 

benchmark/reference payoff, then the preferences under the prospect theory are given by:  

  

𝑈(𝑥) =
(𝑥 − �̅�)1−𝛾1

1 − 𝛾1
 𝑖𝑓 𝑥 > �̅� 

 

 

 
(3.17) 

 

 
𝑈(𝑥) =

λ(𝑥 − �̅�)1−𝛾2

1 − 𝛾2
 𝑖𝑓 𝑥 < �̅� 

 

 
(3.18) 

Where λ > 1 represents the investor’s aversion to losses relative to the reference and 𝛾1 

and 𝛾2 need not coincide. Regarding the value function, Khaneman & Tversky (1974, 

1992) presents three important propositions: 

 

• The value function is defined on deviations from the reference point 

• The value function is generally convex for losses and concave for gains  

• The proposed function for the prospect theory is steeper for losses than for gains  

From these propositions, one may conclude that the negative marginal utility from losses 

in absolute terms is greater than the positive marginal utility from gains and that the closer 

to the reference point, the higher the rate of change in utility. The fact that the value 

function of the prospect theory is steeper for losses than for gains indicate that, in general, 

investors are risk averse. This divergence in the steepness of the value function could 
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explain why momentum trading strategies should work (Barberis et al., 1998; Daniel et 

al., 1998). A graphical illustration of the properties of the prospect theory are presented 

in Figure 4 below.  

 
Figure 4. Prospect theory: a hypothetical value function 

Source: Khaneman & Tversky (1974, p. 279) 

 

3.3.2 Mental Accounting 

The theory of mental accounting was introduced in the 1980’s by Richard Thaler as a 

critique against Friedman and Savages (1948) use of expected utility theory to model 

economic behavior (Thaler, 1980). Mental accounting is shortly defined by Kahneman  

and Tversky (1980, p. 456): 

  

“an outcome frame which specifies (i) the set of elementary outcomes that are 

evaluated jointly and the manner in which they are combined and (ii) a reference 

outcome that is considered neutral or normal” 

 

Hence, a mental account is a frame for evaluation (Thaler, 1999, p. 186), and accordingly 

a heuristic that influence the decision making of consumers which, Thaler (1985, p. 200, 

1999, p. 185) argues, creates a behavior that violates the principles of economics. For 

example, by putting money into different mental accounts, labeling them and then using 

these accounts as reference points when evaluating decisions, the principle of fungibility 

is violated (Thaler, 1985, p. 200). Thus, mental accounting is present when investors 

value their gains and losses in the financial market. Narrow framing, that is, that 

individuals pay attention to narrowly defined losses and gains, is present when people 

engage in mental accounting (Barberis & Huang, 2001, p. 1248). Hence, although holding 

a diversified portfolio, many investors may experience regret over specific decisions 

regarding individual stocks (Barberis & Huang, 2001, p. 1248). Barberis and Huang argue 

that as a result of this, lone gains or losses may act as carriers of utility and investors may 

take this into account when making investment decisions. This indicates that, even if the 

investor has a perfectly diversified portfolio of financial assets, as a result of narrow 
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framing, he runs the risk of making investment decision without considering the context 

of his portfolio, something that modern portfolio theory would term sub optimal 

investment behavior. This phenomenon may be an explanation to why divergence 

between stock prices and their fundamental value occur from time to time and in their 

study, Barberis et al. (2001) conclude that mental accounting significantly affects asset 

prices. 

 

3.4 Earlier research  
The existing literature on the subject of momentum trading strategies is extensive, with 

the main research done in the 1990’s. The earlier research investigates the phenomenon 

over several different markets and present proofs booth for and against the predictability 

in stock prices using momentum trading strategies. The key research in the subject were 

presented by De Bondt & Thaler (1985) who use data for the U.S stock market from 

CRSP to examine the performance of portfolios consisting of past winners and past losers. 

They find that the loser portfolios outperform the market by, on average, 19.6 percent 

over the coming thirty-six-month period, while winner portfolios underperform the 

market by 5.0  percent over the same time period, indicating reversal behavior in stock 

prices. These tendencies are further researched by Jegadeesh and Titman (1993), who 

show that the loser portfolio generates significantly positive returns over the 3- and 12 

month holding period and that the profitability of these portfolios are not due to 

systematic risk. The consistency of these findings is further reinforced by Jegadeesh and 

Titman (2001) who re-test the strategy and find that the momentum profits have continued 

over the 1990’s.  

 

Brock et al. (1992) present the key research about more specific technical trading rules 

where they examine trading range breakout strategies and the moving average trading by 

executing several dual momentum trading strategies on the Dow Jones Index over a 100-

year period from 1897 to 1986. They find strong support in favor of the technical trading 

strategies, where they significantly outperform the market. The study done by Brock et 

al. (1992) is also replicated on UK stock market data over the time period 1935 – 1994 

by Hudson et al. (1996) who find that technical trading rules could be used to earn excess 

returns on the market and that this is done in a costly environment which is not taken into 

consideration. On the other hand, Allen & Karjalainen (1999) adjust for transaction costs 

and find that the technical trading rules do not consistently beat a buy and hold strategy 

on the S&P 500. These findings are further supported by Ready (2002) who argues that 

the successful performance of the Brock et al. (1992) moving average rules are a result 

of data snooping. 

 

Regarding the stochastic oscillator used in this study, several stochastic oscillators have 

been examined and Huang et al. (2015) find that trading based on stochastic oscillator 

generates excess returns in the Chinese stock market. This evidence is further supported 

by Lin et al. (2011) who examine the stochastic oscillator at the U.S stock market and 

find that the strategy beats a buy and hold strategy on the S&P 500. On the other hand, 

Coe & Laosethakul (2010) test the stochastic oscillator on 576 U.S stocks and find that 

the strategy cannot consistently outperform a long-term buy and hold strategy. Finally, 

Coakley et al. (2017) apply the trading rule on currencies and finds that it outperforms 

the market – in terms of Sharpe Ratio – over short time periods but the outperformance 

is not consistent over time.  
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4. Data 
 

4.1 Stock data 
The trading strategy is implemented on the stock market in the U.S and the data sample 

is drawn from three major U.S stock exchanges: NASDAQ, the American Stock 

Exchange (AMEX) and The New York Stock Exchange (NYSE). The raw data is filtered 

for index funds and non-common stocks such as financial derivatives and other 

instruments resulting in a data set consisting only of common stocks. The raw data is 

further filtered for stocks that have too few data points for the trading strategy to be 

implemented. The most data consuming trading indicators uses 126 data points, and 

hence, all stocks with a trading history of less than 126 time periods are excluded from 

the data set. Also, all stocks that have missing values in the data are excluded from the 

sample. The data is sampled from Yahoo finance and consists of daily open-, low-, high- 

and closing prices. In addition, the data set also includes adjusted closing prices, trading 

volume and industry of the stocks. The time frame of the data is limited to 2007 – 2019 

to include severe downturns in stock prices and the final data set represents a majority of 

the stocks listed in the U.S. 

 

The trading model will be examined using daily adjusted closing prices. These closing 

prices are adjusted for dividends, stock splits and new offerings. The reasons for this are 

logical, firstly, if the closing price of a stock is $100 and the stock makes a split 2:1, the 

number of outstanding stocks will double and the price will split in half to $50, the 

adjusted closing price is adjusted all pre-split data by a factor 
1

2
 (YAHOO!, 2019). 

Secondly, if the price of a stock at the ex-dividend date is $100, and the dividend is $5, 

the adjusted closing price adjusts pre-dividend data by a factor equal the dividend yield, 

in our example that is by 1 −
5

100
 (YAHOO!, 2019). When companies offer new shares 

to the market there will be a dilution effect in the stock prices and this effect is also 

adjusted for in the adjusted closing prices. 

 

Table 1. Summary of stock data 

    Market Exchange Sample period No. of stocks 

    United States AMEX 2007.01–2019.04 221 

    United States NASDAQ 2007.01–2019.04 2795 

    United States NYSE 2007.01–2019.04 2104 

 

In a study examining the NYSE, AMEX and NASDAQ, Bhootra (2011) shows that 59 

percent of the loser portfolio is made up by so called penny stocks, which according to 

the author are stocks whose stock price is below $5.  Also, penny stocks often suffer from 

low liquidity, that is, the trading activity and the stocks available for buying is low, and 

hence runs a significant risk of slippage, where the amount of money that the trading 

strategy wants to invest cannot be invested due to lack of supply of stocks. Further, the 

low liquidity also generally creates higher spreads, the spread being the difference 

between the buying and selling price of the stock at a given time. With these drawbacks 

in mind, this study will exclude all penny stocks, that is, stocks with a trigger closing of 
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price less than $5 to . make the returns that the trading strategy provides more realistic. 

Further, to soften the assumptions made about perfect liquidity, the strategy will clear all 

stocks that have an average trading volume of less than 100 000 shares, a minimum 

trading volume of less than 50 000 shares and a trigger closing price of over $10 000. The 

resulting data sample consisting of 5120 is presented in Table 1 above.  

 

4.2 Benchmark index  
When evaluating the trading strategy, the choice of benchmark is important. Choosing 

the wrong benchmark could lead to conclusions that does not match the reality. Hence, 

choosing the wrong benchmark could hurt the validity of the study. 

 

The common way to evaluate technical trading strategies are to use CAPM as the 

benchmark (see e.g. De Bondt & Thaler, 1985, p. 796) but the calculation of CAPM 

requires heavy computational work and due to the limited time frame of this study this is 

not possible. Instead, this study will go in line with the argument presented by Fama and 

Blume (1966, p. 226) that the evaluation should be done against a buy and hold of a 

benchmark index. Since the data is sampled from three different U.S stock exchanges and 

represent a broad variety of companies on the U.S stock market, a U.S stock market index 

which includes as many stocks as possible will be used. The reasonable choice would be 

the Wilshire 5000, which is the broadest U.S stock index including, the price development 

of over 3000 companies. However, due data availability the Wilshire 5000 cannot be used 

and instead the Russel 3000,  which is a broad market capitalization-weighted index 

including 3000 largest companies representing 98 percent of the equity on the U.S stock 

market (Nasdaq, 2013) will be used. The data for the benchmark index will be gathered 

through Yahoo finance over the same time period as the stock sample data, that is, though 

2007 – 2019. Below in Figure 5 is a presentation of the development of Russel 3000 

between 2007 – 2019.  

 

 
Figure 5. Development of Russel 3000 
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The figure above shows that the period begins with a severe draw down over the period 

2008 – 2009 as a result of the financial crisis. From the bottom notation the Russel 3000 

have had a clear bull trend over almost all of the remaining period, with an exception at 

the end of 2018, where the market had a fast downturn followed by an almost equally fast 

recovery.  

 

4.3 Risk-free interest rate 
It is always a dilemma to choose the correct risk-free interest rate since financial assets, 

by definition, cannot be risk-free. Hence, when working with risk-free interest rates, it is 

necessary to find an appropriate proxy variable. Since the trading strategy trades stocks 

on the U.S stock market, it is reasonable to use an U.S interest rate and the choice for this 

study will be the 3-month U.S T-bill rate which should be consider a good enough proxy 

for the risk-free interest rate on the U.S market during the period of time investigated in 

this study. The development of the 3-month U.S T-Bill rate is presented below. 

 

 
Figure 6. Development of 3-Month U.S T-Bills 

 

At the start of the period examined, the 3-month U.S T-Bill have a major downturn in its 

yield. From 2009 to the end of 2015, the yield is flat and around zero and from 2016 and 

forward the yield is upward sloping. The low yield on the 3-month U.S T-Bill, especially 

over the period 2009 – 2015 should not be considered normal and may positively skew 

the risk adjusted returns compared to studies examining other time periods. For this study 

though, the unusually low yield will not be a problem since the same risk-free interest 

rate will be used to risk adjust the returns of both the trading strategy and the benchmark 

index.  
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5. Practical Methodology 
 

5.1 The trading strategy  
To evaluate if the predictability in stock prices can be used to create excess returns in the 

market, a trading strategy will be used. This study will choose the stochastic oscillator as 

the trading rule to examine, which is the same as one of the trading rules examined by 

Brugos et al. (2013), Coe and  Laosethakul (2010) and Lin et al. (2011). The stochastic 

oscillator was created by George Lane as early as in the 1950’s and were one of the 

pioneer models in the subject of technical trading (Brugos et al., 2013, p. 1546). The 

model gives an indication of future price movements by examining the assets closing 

price and the maximum and minimum over a certain period (Brugos et al., 2013, p. 1546). 

The strategy examines the momentum in stocks and aims to exploit the reversal in 

momentum, thus it is a contrarian investment strategy that takes advantage of the mean 

reversion in asset prices.  

 

The strategy is simplistic in its nature and Brugos et al. (2013, p. 1546) defines two 

different trading rules:  𝐹𝑎𝑠𝑡 %𝐾  and 𝐹𝑎𝑠𝑡 %𝐷. This study will also add to the research 

field by examining and additional trading strategy, the 𝑆𝑙𝑜𝑤 %𝐷. The indicator value of 

each oscillator can be calculated as: 

 
 

𝐹𝑎𝑠𝑡 %𝐾 =  
𝐶 − 𝐿𝑛

𝐻𝑛 − 𝐿𝑛

∗ 100 

 

(5.1) 

 𝐹𝑎𝑠𝑡 %𝐷 = 𝑆𝑀𝐴𝑘(%𝐾(𝑛)) 

 

(5.2) 

 𝑆𝑙𝑜𝑤 %𝐷 = 𝑆𝑀𝐴𝑘(𝐹𝑎𝑠𝑡 %𝐷(𝑘)) 

 

(5.3) 

Where the 𝑆𝑀𝐴𝑘 is calculated as: 

 
 

𝑆𝑀𝐴𝑘 =
1

𝑘
∑ 𝑓𝑡 (∙)

𝑘

𝑡=𝑘+1−𝑧

 

 

 

(5.4) 

And where 𝑓𝑡(∙) is the value at time period 𝑡 generated by the function (e.g. 𝐹𝑎𝑠𝑡 % 𝐷) 

that is being smoothed by the SMA, 𝑧 = 1,2,3, … , 𝑘, 𝐶 is the most recent adjusted closing 

price, 𝐻𝑛 and 𝐿𝑛 is the highest and the lowest price during the 𝑛 previous trading periods, 

𝑆𝑀𝐴𝑘 is the simple moving average over the last 𝑘 time periods. The creator of the model, 

George Lane, recommends that the value of 𝑛, that is, the number of trading periods 

examined, is set to 14 (Brugos et al., 2013, p. 1546). Further, the standard length of the 

smoothing parameter, that is, the length of the simple moving average, 𝑘, is 3. These 

values of 𝑛 and 𝑘 are the ones that will be used in this study as well.  

 

The reason for calculating the trading indicators 𝐹𝑎𝑠𝑡 %𝐷 and 𝑆𝑙𝑜𝑤 %𝐷 using SMA is 

that momentum trading is design to exploit the high volatility periods in the stock market. 

Consequently, the 𝐹𝑎𝑠𝑡 %𝐾 model could have problems with whiplashes, that is, that the 

model generates false trading signals when the trading context is such that the stock prices 

have unusually high volatility and do not show any clear sign of momentum in any 

direction, for example when the prices are consolidating (see Brock et al., 1992). A 

common way to handle this problem and to reduce the number of positions taken on false 
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trading signals is to either use a filter rule such as the one used by Brock et al. (1992) or 

by using some kind of smoothing parameter. The smoothing parameter used in this 

trading algorithm is the SMA, where the ambition is to reduce the number of trades taken 

by the models.  

 

When working with technical trading rules, it is also a necessity to specify under what 

circumstances the model should initiate and liquidate positions. In other words, for what 

values of the indicators should the algorithm buy and sell financial assets. In this study, 

the trading algorithm will take long positions in the stocks under the following conditions:  

 
 𝐹𝑎𝑠𝑡 %𝐾 < 20 

 

(5.5) 

 𝐹𝑎𝑠𝑡 % 𝐷 < 20  

 

(5.6) 

 𝑆𝑙𝑜𝑤 %𝐷 < 20  

 

(5.7) 

The lower the value of the oscillator, the more oversold is the stock considered to be, 

hence, to go in line with earlier research on the subject (Brugos et al., 2013, p. 1546) the 

strategy will take long positions in the stocks that have an oscillator that is lower than 20. 

The positions taken are then held for 3 months before they are liquidated. This strategy 

could also be constructed to go both long and short in the stocks, but the computational 

time of the model is immense, and due to the time frame of this thesis it will not be 

possible to compute the returns of an algorithm that takes both long and short positions 

in the market. Finally, the trading strategy builds on the assumptions that there exists no 

such thing as transaction costs, that the market provides perfect liquidity in the stocks 

traded and that the strategy could take a trading position at the opening of day 𝑡 to the 

adjusted closing price of day 𝑡 − 1. 

 

To examine the returns of the trading strategy, it is needed to generate returns for each 

trading signal. The returns for the trading positions in each individual stock over the 

trading period is calculated by using the daily adjusted closing prices of the raw stock 

data: 

 
 𝑅𝑖𝑡 = 1 + 

𝑃𝑖𝑡 −  𝑃𝑖𝑡−1

𝑃𝑖𝑡−1
 

 

(5.8) 

Where 𝑅𝑖𝑡 is the return for the individual stock 𝑖 at time period 𝑡, 𝑃𝑖𝑡  is the adjusted 

closing price of stock 𝑖 at time period 𝑡, 𝑃𝑖𝑡−1 is the adjusted closing price of stock 𝑖 at 

time period 𝑡 − 1, 𝑖 = 1, 2, 3, … , 𝑛 and 𝑡 = 1, 2, 3, … , 𝑇. The trading strategy takes 

equally weighted positions in each stock and the total returns over a time period 𝑡 is then 

calculated as follows:  

 
 

𝜋𝑡 = 
1

𝑛
 ∑ 𝑅𝑖𝑡

𝑛

𝑖=1

 

 

 

(5.9) 

Where 𝜋𝑡 is the profit for the trading strategy over time period 𝑡, 𝑛 is the number of assets 

that the trading strategy has taken position in over the time period 𝑡, 𝑅𝑖𝑡 is as defined 

above and 𝑖 = 1, 2, 3, … , 𝑛. To calculate the total returns over a several time periods, 𝑣 is 

defined as the starting date of the time series and 𝑧 as the length of the return series, then 

the total returns are calculated as: 
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𝜋𝑡𝑜𝑡 = ∏ 𝜋𝑡

𝑧

𝑡=𝑣

 

 

 

(5.10) 

Where 𝜋𝑡𝑜𝑡  is the total returns over the given time period and 𝜋𝑡 is defined as above. For 

example, assuming a time period to be one month and that one wants to calculate the 

profit for a year would mean that 𝑣 = 1 and 𝑧 = 12, which is the number of months over 

a year.  

 

5.2 Introduction risk adjustment 
Chapter 3.2 about the modern portfolio theory discusses that investors receive two 

different compensations for their investments, where one is the compensation for the time 

value of money, and one is the compensation for the systematic risk taken on by the  

investor. Thus, this study assumes that the individual investors expected return is a 

function of the systematic risk that he take on, in such way that a higher (lower) systematic 

risk should generate a higher (lower) expected return, this assumption is in line with the 

findings made by Jack Treynor (1961, 1962), William F. Sharpe (1964), John Litner 

(1965) and Jan Mossin (1966). This relationship may create problems when comparing 

different trading strategies with each other, or with a benchmark index. Thus, it is 

common to risk adjust the returns of the individual trading strategy or benchmark index 

to account for the systematic risk when doing the comparison. This study will use the 

Sharpe Ratio to handle the comparison problem. By doing this, the investment strategies 

that take on different levels of systematic risk are comparable. By defining risk as the 

volatility in the investment, risk adjustment is especially important when working with 

momentum strategies since the idea is to trade under and exploit high volatility 

movements in the market.  

 

5.3 Sharpe Ratio 
In an attempt to handle the problem of systematic risk when comparing different trading 

strategies, William Sharpe (1966, 1975) aimed to describe the relationship between 

returns and its variability.  He argued that the performance of a portfolio of assets should 

not be measured by its absolute returns, but rather by the returns in relation to the 

variability in returns, this under the assumption that the variability or standard deviation 

of the portfolio returns is a good enough proxy for the systematic risk taken on by the 

portfolio. To create a fairer comparison between the performance of portfolios with 

different assets and who’s variability differs, Sharpe (1966) developed the Sharpe Ratio. 

The purpose of the Sharpe Ratio was to give a measure of the portfolio performance in 

relation to a benchmark, such as another asset, portfolio or a stock market index, given 

the standard deviation of the portfolios (Sharpe, 1966).  

 

There are two different Sharpe Ratios, one ex-ante version and one ex-post version 

(Sharpe, 1975). For the ex-ante version of the Sharpe Ration, Sharpe defines 𝑅𝐵 as the 

return of the benchmark portfolio or asset and 𝑅𝐹 as the return of fund 𝐹 in the next time 

period. Sharpe (1975) also argues that the exact values of these variables are not known 

before hand and thus he uses the tilde operator to note this. The differential returns of the 

und is calculated as follows: 

 
 �̃� = �̃�𝐹 − �̃�𝐵 

 

(5.11) 
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By letting the expected value of 𝑑 be 𝑑̅  and the standard deviation of 𝑑 be 𝜎𝑑, the ex-

ante Sharpe Ratio is derived as: 

 
 

𝑆 =
𝑑̅

𝜎𝑑
 

 

 

(5.12) 

Where 𝑆 is the differential return per unit of risk associated with the differential returns.  

 

For the ex-post version of the Sharpe Ratio, let 𝑅𝐹𝑡 be the return of the fund or portfolio 

in time period 𝑡 and 𝑅𝐵𝑡 be the return of the benchmark portfolio or asset in time period 

𝑡. Using these definitions, the differential return in time period 𝑡 are calculated as: 

 
 𝐷𝑡 ≡ 𝑅𝐹𝑡 − 𝑅𝐵𝑡 

 

(5.13) 

By averaging the differential return 𝐷𝑡 over the historical time period 𝑡 = 1 to 𝑇, 𝐷 is 

given by: 

 
 

�̅� ≡
1

𝑇
∑ 𝐷𝑡

𝑇

𝑡=1

 

 

(5.14) 

From this standard deviation of the differential returns 𝜎𝐷 over the same time period is 

calculated as: 

 
 

𝜎𝐷 ≡ √
∑ (𝐷𝑡 − �̅�)2𝑇

𝑡=1

𝑇 − 1
 

 

(5.15) 

Using 𝜎𝐷 and 𝐷 the ex-post version of the Sharpe Ratio 𝑆ℎ is calculated as: 

 
 

𝑆ℎ ≡
�̅�

𝜎𝐷
 

 

(5.16) 

In this equation, 𝑆ℎ denotes the average differential returns adjusted for the historical 

variability in the differential returns. The purpose of this study is to investigate whether 

historical price data can be used to predict future price movements using technical trading 

rules and if this potential predictability in asset prices can be used to generate returns in 

excess of that of Russel 3000, hence, the ex-post version of the Sharpe Ratio will be used.  

 

According to Sharpe (1994, p. 4), the time period chosen to evaluate the strategies 

significantly influences the Sharpe Ratio generated. Sharpe (1994, p. 4) shows this in its 

simplicity by letting 𝑑̅
1 and 𝜎𝑑1 be the one-period mean and standard deviation of the 

differential returns. By assuming that the differential returns over 𝑇 periods are given by 

summing the one-period returns over the given time period and that the one-period returns 

do not show serial correlation, 𝑑̅
𝑇 and 𝜎𝑑𝑇 denote the mean and standard deviation of the 

𝑇-period differential return (Sharpe, 1994, p. 4). These assumptions give the following: 

 
 𝑑̅

𝑇 = 𝑇𝑑1 

 

(5.17) 

 𝜎𝑑𝑡
2 = 𝑇𝜎𝑑1

2  

 

(5.18) 

And: 
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 𝜎𝑑𝑇 = √𝑇𝜎𝑑1 (5.19) 

 

Let the Sharpe Ratios for 1 and 𝑇-periods be denoted by 𝑆1 and 𝑆𝑇 it follows that: 

 
 𝑆𝑇 = √𝑇𝑆1 (5.20) 

 

As can be seen, the 𝑇-period Sharpe Ratio is dependent of the length of the time period 

chosen. To handle this problem and to maximize the information content, Sharpe (1994, 
p. 5) suggests using short time periods (e.g. monthly) and then standardizing the Sharpe 

Ratio over yearly returns. Hence, the differential returns and standard deviation will be 

calculated on a 3-month basis which is later be converted to annual basis. 

 

5.4 Statistical testing 
The purpose of this study is to investigate whether the returns from a technical trading 

strategy differs from the returns generated by buying and holding a benchmark index. 

When working with statistical inference it is important to consider the probability 

distribution of the variables (Alwan et al., 2016, p. 289). The distribution of the sample 

mean is normal if the population distribution is normal (Alwan et al., 2016, p. 294). 

Hence, if the distribution of the population is 𝑁(𝜇, 𝜎), where 𝜇 is the true mean of the 

population and 𝜎 is the true standard deviation of the population, then 𝑛 independent 

observations have a sample mean �̅� with the 𝑁 (𝜇,
𝜎

√𝑛
) distribution. The population is 

rarely normally distributed though, but according to the Central Limit Theorem,  as long 

as the sample size 𝑛 is large enough, the distribution of the sample mean �̅� is 

asymptotically normally distributed (Alwan et al., 2016, p. 294). Further, when working 

with two populations, if the distribution of both populations are normal, then the 

distribution of �̅�1 − �̅�2 is also normal since if each sample mean is normally distributed, 

the difference of two normal random variables is also normal (Alwan et al., 2016, p. 380). 

If the distributions of the sample means fulfill the normality assumption, it is suitable to 

use the two sample 𝑡-tests to test whether the means differ or not. The standard deviation 

σ of the population is unknown and should be estimated using the sample standard 

deviation 𝑠, this is further used to estimate the standard error of the statistic:  

 
 𝑆𝐸�̅� =

𝑠

√𝑛
 

 

(5.21) 

By doing this the t-distribution can be used to test the sample means (Alwan et al., 2016, 

pp. 358-359). The 𝑡-distribution for a simple random sample of size 𝑛 drawn from a 

𝑁(𝜇, 𝜎) distribution has the one sample 𝑡 statistic given by: 

 
 𝑡 =

𝑥̅ − 𝜇

𝑠/√𝑛
 

 

(5.22) 

Since the data to be tested in this study consists of two random samples, it is reasonable 

to use a two-sample 𝑡-test to test if the means differ (Alwan et al., 2011, p. 359). 

According to Alwan et al. (2016 , p. 383), the two-sample 𝑡 statistic is given by: 
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𝑡 =

(�̅�1 − �̅�2) − (𝜇1 − 𝜇2)

√
𝑠1

2

𝑛1
+

𝑠2
2

𝑛2

 

 

 

(5.23) 

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

2

𝑛1
 

and √
𝑠2

2

𝑛2
 are the estimated standard errors for each random sample.  

 

When conduction tests for statistical inference it is important to consider the confidence 

of the tests. The margin of error of a level 𝐶 confidence for a 𝜇1 − 𝜇2 interval for two 

simple random sample of size 𝑛 with unknown population mean 𝜇1 and 𝜇2, is given by: 

 
 

𝑚 = 𝑡∗𝑆𝐸�̅� = 𝑡∗√
𝑠1

2

𝑛1

+
𝑠2

2

𝑛2

 

 

 

(5.24) 

Using this, the confidence interval for 𝜇1 − 𝜇2 can be calculated: 

 
 

𝐶𝐼 = (�̅�1 − �̅�2) ± 𝑡∗√
𝑠1

2

𝑛1

+
𝑠2

2

𝑛2

 

 

 

(5.25) 

Where the value of the 𝑡(𝑘) density curve with area −𝑡∗ and 𝑡∗is given by 𝑡∗ (Alwan et 

al., 2016, p. 381). The confidence interval for the parameters could the interpreted as the 

probability 𝐶 of producing an interval containing the true value of the parameter when 

the interval is computed from the sample data (Alwan, 2016, p. 305).  

 

This study aims to answer whether historical prices can be used to predict future price 

developments using technical trading rules, that is, can technical trading rules be used to 

generate mean returns that differs from those generated by a buy and hold strategy. Thus, 

what is of interest is to investigate whether the mean returns of the two strategies differ 

and hence, a t-test with a two-sided alternative hypothesis is suitable (Alwan et al., 2016, 

p. 320). Letting µ1 be the mean returns of either of the technical trading strategies and µ2 

be the mean returns of the buy and hold strategy, the following hypotheses are examined 

under the two-sided t-test:   

 

𝐻0: µ1 = µ2 

 

𝐻𝑎: µ1 ≠ µ2 

 

When working with statistical significance a decision rule needs to be specified, this study 

needs to know when it is possible to state that the mean returns of the technical trading 

strategies and the benchmark index differs. The common way to assess if the tests have 

significance or not is to use the p-value (Alwan et al., 2016, p. 324). Under the assumption 

that the null hypothesis 𝐻0 is true, the p-value is the probability that the test statistic would 

take a value as extreme as or more extreme than the observed value, hence, to get a 

stronger evidence against  𝐻0, one could chose a smaller p-value (Alwan et al., 2016, p. 

322). For this study, the technical trading strategies will be evaluated at a 1, 5 and 10 

percent significance level.  
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5.5 Type 1 and type 2 error  
There exist two hypotheses when testing the means of two samples against each other: 

one null hypothesis and one alternative hypothesis. If the alternative hypothesis were to 

be accepted, that does not necessarily mean that the chance of the null hypothesis being 

true is excluded since there still exist a small chance that it could be true (Alwan et al., 

2016, p. 346). In statistical inference there are mainly two different types of errors that 

are discussed, type 1 error and type 2 error (Alwan et al., 2016, p. 347):  

 

𝑇𝑦𝑝𝑒 1 𝑒𝑟𝑟𝑜𝑟: 𝑅𝑒𝑗𝑒𝑐𝑡 𝐻0 𝑤ℎ𝑒𝑛 𝐻0 𝑖𝑠 𝑡𝑟𝑢𝑒 

 

𝑇𝑦𝑝𝑒 2 𝑒𝑟𝑟𝑜𝑟: 𝐴𝑐𝑐𝑒𝑝𝑡 𝐻0 𝑤ℎ𝑒𝑛 𝐻𝑎 𝑖𝑠 𝑡𝑟𝑢𝑒  
 

The significance level of the test is the probability of committing a type 1 error (Alwan, 

2016, p. 349), hence, by choosing significance levels, the probability of getting a type 1 

error in the study is stated. It is important to be aware of these risks when working with 

statistical inference, and that the results may show statistical significance even though it 

is not the case. As mentioned, the statistical inference will be tested on both 1, 5 and 10 

percent significance. An illustration of type 1 and type 2 error is presented below. 

 

 
Figure 7. Matrix for type 1 error and type 2 error 

Source: Alwan et al. (2016, p. 347) 

 

5.6 Kurtosis 
In chapter 5.4 a discussion was held about the importance of the sample mean distribution 

to be approximately normal. One way to get an idea of the distribution of the sample mean 

is to get a picture of how much of the probability that are located in the tails of the 

distribution (Stock & Watson, 2015, p. 71). A common way to do this is to examine how 

much of the variance in the random variable 𝑌 that comes from extreme values in the 

sample data: 

 
 

𝐾𝑢𝑟𝑡𝑜𝑠𝑖𝑠 =
𝐸[(𝑌 − 𝜇𝑌)4]

𝜎𝑌
4  

 

 

(5.26) 
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Where 𝜎𝑌 is the standard deviation of random variable 𝑌 and 𝜇𝑌 is the mean for the 

random variable 𝑌. A normally distributed variable has a kurtosis of 3 and hence, a 

random variable with a large number of observations in its tales will have a kurtosis 

higher than 3 and will be leptokurtic (Stock & Watson, 2015, p. 71). 

 

5.7 Skewness 
Regarding the distributional assumption of the sample mean, it is also important to get a 

picture of the symmetry of the data (Stock & Watson, 2015, p. 70). To do this, the  

skewness of the distribution is calculated: 

 
 

𝑆𝑘𝑒𝑤𝑛𝑒𝑠𝑠 =
𝐸[(𝑌 − 𝜇𝑌)3]

𝜎𝑌
3  

 

(5.27) 

 

Where 𝜎𝑌 is the standard deviation of random variable 𝑌 and 𝜇𝑌 is the mean for the 

random variable 𝑌. When the probability of a value of 𝑌 that is higher than the mean 𝜇𝑌 

is the same as the probability of a value of 𝑌 that is lower than the mean 𝜇𝑌 the distribution 

is considered symmetric (Stock & Watson, 2015, pp. 70-71). Hence, a prerequisite for a 

symmetric distribution is: 𝐸[(𝑌 − 𝜇𝑌)3] = 0, meaning that the skewness has to be zero 

(Stock & Watson, 2015, p. 70). 

 

A standard way to test for skewness and kurtosis is to use a skewness/kurtosis test for 

normality which tests the following hypotheses: 

 

𝐻0 = 𝑇ℎ𝑒 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 ℎ𝑎𝑣𝑒 𝑛𝑜 𝑝𝑟𝑜𝑏𝑙𝑒𝑚𝑠 𝑤𝑖𝑡ℎ 𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠 

 

𝐻𝑎 = 𝑇ℎ𝑒 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 ℎ𝑎𝑣𝑒 𝑝𝑟𝑜𝑏𝑙𝑒𝑚𝑠 𝑤𝑖𝑡ℎ 𝑘𝑢𝑟𝑡𝑜𝑠𝑖𝑠 

 

and 

 

𝐻0 = 𝑇ℎ𝑒 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 ℎ𝑎𝑣𝑒 𝑛𝑜 𝑝𝑟𝑜𝑏𝑙𝑒𝑚𝑠 𝑤𝑖𝑡ℎ 𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠  

 

𝐻𝑎 = 𝑇ℎ𝑒 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 ℎ𝑎𝑣𝑒 𝑝𝑟𝑜𝑏𝑙𝑒𝑚𝑠 𝑤𝑖𝑡ℎ 𝑠𝑘𝑒𝑤𝑛𝑒𝑠𝑠  

 

To further test the distributional assumption of the t-test, a Shapiro- Wilk test for 

normality will be done. The hypothesis tested in the Shapiro-Wilk test is: 

 

𝐻0 = 𝑇ℎ𝑒 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑖𝑠 𝑛𝑜𝑟𝑚𝑎𝑙𝑙𝑦 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑑  

 

𝐻𝑎 = 𝑇ℎ𝑒 𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑖𝑠 𝑛𝑜𝑡 𝑛𝑜𝑟𝑚𝑎𝑙𝑙𝑦 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑑  

 

All test will be done with 95 percent confidence.  

 

5.8 Bootstrap 
When working with statistical analysis, it is not unusual that the probability distribution 

of the data is unknown, and this is especially a problem when working with financial time 

series data. A key assumption when analyzing the inference of means is that the sampling 

distribution of �̅�, that is the mean of 𝑥, is normally distributed and that it is not strongly 

skewed or have high kurtosis (Alwan et al., 2016, p. 372). Studies have shown that the 
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distribution of financial data is unknown. For example, Malkiel & Saha (2005) finds that 

financial data shows high kurtosis and skewness, further they test for normality and finds 

that the data is not normally distributed. Andersen et al. (2001) finds similar results when 

they show that the unconditional distribution of realized stock returns have variances and 

covariances that are highly positively skewed. It will be problematic if ones want to 

estimate a parameter under the prerequisite that the data is non-normal. Further, Brock et 

al. (1992, p. 1743) argues single period stock returns exhibit conditional 

heteroskedasticity and that this in combination with the compounding effects makes the 

cumulative returns deviate from normality. There are several methods to handle the 

problem with non-normal data. A common way is to compute an estimate of the sampling 

distribution is to use Monte Carlo simulation, drawing several unique samples from the 

population, as long as the population distribution is known (Varian, 2005, p. 770). 

However, the distributions of the returns in both the technical trading strategies and the 

buy and hold strategy are unknown. If this is the case, Varian (2005, p. 770) recommends 

using the bootstrap methodology to estimate the sample distribution. The bootstrap 

estimate, in contrast to the Monte-Carlo estimate, draw several resamples from the same 

sample distribution assuming the population distribution to be the frequency of the data 

(Varian, 2005, p. 771). Further, Brock et al. (1992, p. 1743) also suggest the bootstrap 

methodology as the method of choice to asses statistical significance in technical trading 

models. 

 

According to Efron & Tibshirani (1993, p. 45), a random sample 𝑥 = (𝑥1,𝑥2, … , 𝑥𝑛) can 

be drawn from an assumed random probability distribution 𝐹, with the goal being to 

estimate the parameter 𝜃 = 𝑡(𝐹). When the probability distribution of the population is 

unknown, the bootstrap procedure can be used to handle the potential problems with non-

normality.  

 

By denoting the empirical distribution of the data as �̂�, where the probability 
1

𝑛
 is assigned 

to each value 𝑥𝛼, 𝛼 = 1,2, … , 𝑛, a random sample of size 𝑛 from this empirical 

distribution �̂�  will define the bootstrap sample 𝑥∗ = 𝑥1
∗ , 𝑥2

∗ , … , 𝑥𝑛
∗ : 

 
 𝐹 → (𝑥1

∗ ,𝑥2
∗ , … , 𝑥𝑛

∗ ) 

 

(5.28) 

Where 𝑥∗ represent a resampled version of 𝑥 rather than its actual data (Effron & 

Tibshirani , 1993, p. 45). To clarify, drawing a random sample of size 𝑛 with replacement 

from the population (𝑥1, 𝑥2, … , 𝑥𝑛) defines the bootstrap sample (𝑥1
∗,𝑥2

∗ , … , 𝑥𝑛
∗ ) (Effron & 

Tibshirani, 1993, p. 46). Hence, a set of values for the bootstrap are simulated, consisting 

of a sample from the original data series in such way that a bootstrap replication 𝑥∗ can 

contain for example 𝑥1
∗ = 𝑥8, 𝑥2

∗ = 𝑥145, 𝑥3
∗ = 𝑥398 and so on. This dataset 𝑥∗ defines the 

bootstrap replication of �̂�: 
 

 𝜃 = 𝑠(𝑥∗) 

 

(5.29) 

Where 𝑠(𝑥∗) is given by using the same function on 𝑥∗ as would have been used on 𝑥, 

that is, 𝑠(∙) (Effron & Tibshirani, 1993, p. 46). By randomly simulating a dataset of size 

𝑛 from �̂�, the bootstrap estimated standard error of �̂�, 𝑠𝑒𝐹 (𝜃∗), can be estimated (Effron 

& Tibshirani, 1993, p. 46). This is the ideal bootstrap estimate. According to Effron and 

Tibshirani (1993, p. 47), by using a data set consisting of 𝑛 data points and by sampling 
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𝐵 independent bootstrap samples with replacement from 𝑥∗1,  𝑥∗2, 𝑥∗𝐵, the bootstrap 

estimates will replicate: 

 
 𝜃(𝑏) = 𝑠(𝑥∗𝑏), 𝑤ℎ𝑒𝑟𝑒 𝑏 = 1,2, … , 𝐵 

 

(5.30) 

Using these bootstrap replicates, an estimate the standard error for each of the 𝐵 replicates 

can be produced: 

 
 

𝑠�̂�𝐵 = {∑
[𝜃∗(𝑏) − 𝜃∗(∙)]2

(𝐵 − 1)

𝐵

𝑏=1

}

1
2

 

 

 

(5.31) 

Where 𝜃∗(∙) is defined as: 

 
 

𝜃∗(∙) = ∑
𝜃∗(𝑏)

𝐵

𝐵

𝑏=1

 

 

 

(5.32) 

The estimated standard error 𝑠�̂�𝐵 will converge towards the bootstrap estimate of 𝑠𝑒𝐹  

when the number of replicates 𝐵 approaches infinity (Efron & Tibshirani (1993, p. 47): 

 
 lim

𝐵→∞
𝑠�̂�𝐵 = 𝑠𝑒𝐹 = 𝑠𝑒𝐹(𝜃∗) 

 

(5.33) 

Hence, as 𝐵 approaches infinity, the empirical standard errors will approach the standard 

errors of the population, this is something that is referred to as the non-parametric 

bootstrap estimation by Efron and Tibshirani (1993, p. 47). They further argue that the 

replicates needed to achieve a good enough estimation lies between 50-200.  Due to 

significantly increase computational power since the publication of the study by Efron 

and Tibshirani, this study will use 1000 bootstrap replicates to estimate the standard errors 

of the distribution. A graphical illustration of the procedure is presented in Figure 8 

below. 
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Figure 8. The bootstrap procedure 

Source: Efron & Tibshirani (1993, p. 48) 

5.9 Possible errors 
It is important to note that when working with technical trading models, the results and 

conclusions can develop in different directions. This is since the technical trading rule 

used is just a simplification aiming to explain a complex reality. Thus, the validity and 

reliability of the study could be hurt.   

 

The choice of risk-free interest rate is a sensitive question when working with financial 

models. As mentioned in chapter 4.3 there are no such thing as a risk-free financial asset 

and hence, no such thing as a risk-free interest rate. Thus, the choice of proxy for the risk-

free interest rate is subjective and could heavily skew the results. Also, over the time 

period investigated in this study, the risk-free interest rate has been what should be 

considered unnaturally low, which possibly could positively skew the risk adjusted 

returns presented in this study. This is something that should be kept in mind and the 

absolute returns presented should be interpreted with caution.  

 

Finally, it is necessary to assume no transaction costs and perfect liquidity in the market 

to be able to investigate the subject. This is probably the biggest drawback of the study 

since it significantly skews the results. Firstly, it is not possible to trade without 

transaction costs, making the generated return of the trading strategy look higher that it 

would in the real world. Secondly, the stock market is not perfectly liquid, creating a 

potential problem with slippage, that is, the difference between the buying price that the  

model trades on in the study and the buying price that the model would trade on in reality. 

For example, the model assumes that the stocks could be bought at last days closing price, 

when in reality, stock prices could open with so called gaps, making this impossible. The 

larger the money executed in each trade, the higher the risk to drive market prices higher, 

thus, the slippage of the model is a positive function of the amount of money managed. 
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6. Results 
 

6.1 Descriptive statistics  
From the descriptive statistics presented in Table 2 below there are some things that are 

of particular interest. Looking at the mean returns, which is the most interesting statistic 

in this study, the trading strategies deliver higher values compared to the buy and hold 

strategy. Further, the statistics show that the smoothing of the trading model increases the 

mean returns of the trading strategies, where the 𝐹𝑎𝑠𝑡%𝐷 and 𝑆𝑙𝑜𝑤%𝐷 delivers a mean 

return of 0.0319 and 0.0338 respectively, compared to 𝐹𝑎𝑠𝑡%𝐾, which delivers a mean 

return of 0.0280. Also, the trading standard deviation or the volatility in returns are 

significantly higher for the trading strategies than for the buy and hold strategy with about 

0.22 and 0.0813 respectively. The returns from an individual position in a stock ranges 

from −0.9220 to 5.3420 compared to the buy and hold strategy which generates returns 

ranging between −0.2327 to 0.1615. Regarding the kurtosis of the data, it is clear that 

all strategies shows signs of leptokurtic behavior, where all strategies have values of 

kurtosis exceeding the critical value of 3 suggested by Stock & Watson (2015, p. 71). 

Also, it stands clear that all variables are highly skewed, with skewness differing 

significantly form zero for all levels of significance. Though, it is interesting that the 

returns generated by the technical trading strategies are positively skewed, while the 

returns from the buy and hold strategy are negatively skewed.   

 
Table 2. Descriptive statistics 

 
 
The skewness/kurtosis test for normality further confirms the indications given by the 

descriptive statistics. Below, in Table 3, the skewness/kurtosis test for normality is 

presented and the tests shows significant skewness in the data of all variables. Further, 

the tests show significance for kurtosis in the data of all technical trading strategies but 

not for the Russel 3000. Though, the data of all variables are jointly non-normal at the 5- 

and 10 percent significance levels, indicating that the mean of the sample data is not 

normally distributed.  

 

 



 

33 
 

Table 3. Skewness/kurtosis test for normality. **, ** and * corresponds to 1-, 5-, and 10 

percent significance respectively. 

Strategy P-value Skewness P-value Kurtosis Joint p-value 

Fast%K 0.0000*** 0.0000*** 0.0000*** 

Fast%D 0.0000*** 0.0000*** 0.0000*** 

Slow%D 0.0000*** 0.0000*** 0.0000*** 

Buy & Hold 0.0123** 0.1265 0.0223** 

 

To further investigate the distributional properties of the data and whether the assumption 

of normality holds up, the data is plotted in both histograms and normal Q-Q plots (see 

Figure 9 and Figure 10) and a visual examination is done. The density curves and 

histograms show clear signs of skewness and kurtosis in the data of the technical trading 

strategies. Further, looking at the normal Q-Q plots of the technical trading strategies, 

they show that the returns are highly positively skewed, with several observations in the 

right tail of the distribution. Regarding the data for the buy and hold strategy on the Russel 

3000, even though one could suspect negative skewness from the normal Q-Q plot, the 

kurtosis and skewness are not as clear. Yet, from both the normal Q-Q plot and the 

histogram it is still obvious that the data is not normally distributed.  

 

 
Figure 9. Histogram and density functions. 



 

34 
 

 

 
Figure 10. Normal Q-Q plots. 

 

To finalize the analysis of the distributional assumptions of the data,  a Shapiro-Wilk test 

is conducted. The results are presented in Table 4 below and it shows significance on the 

1-, 5-, and 10 percent significance level that the returns of the technical trading strategies 

are not normally distributed. Further, the test show significance on the 5-, and 10 percent 

significance level that the returns of the buy and hold strategy are not normally 

distributed. Hence, with the results presented above in mind, the conclusion is that the 

returns for either the buy and hold strategy or the technical trading strategies are normally 

distributed and thus, the standard error of the samples will be bootstrapped in the 

significance test conducted later.  

 

Table 4. Shapiro-Wilk Test. ***, ** and * corresponds to 1-, 5-, and 10 percent 

significance respectively.  

Strategy Shapiro-Wilk p-value Shapiro-Wilk staistic 

Fast%K 
2.487e-32*** 0.9336*** 

Fast%D 
1.078e-31*** 0.9329*** 

Slow%D 
2.189e-32 *** 0.9652*** 

Buy & Hold 
0.0113** 0.9381** 
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6.2 Performance & Statistical testing  
The purpose of this study is to answer the question of whether technical trading rules in 

general and the stochastic oscillator in particular can be used to create excess returns 

against a buy and hold strategy on the market, that is, is the asset prices in the financial 

markets efficiently set or not. Table 5 presents an overview of the positions taken by the 

different trading strategies. It is noticeable that the percentage of the positions that 

generates positive returns is considerably lower for the technical trading strategies than 

for the buy and hold strategy. It is also noticeable that the variation of the returns in the 

technical trading rules vastly differs from that of the buy and hold strategy, with an 

average positive and negative returns of for example 15.8 percent and −14.4 percent 

respectively compared to the buy and hold strategy which delivers average positive and 

average negative returns of 6.1 percent and −7.3 percent respectively. Finally, the 

number of positions taken on by the technical trading strategies gets lower the more 

smoothed the oscillator is.  

 

Table 5. Positions. 

 
 

The result of the two-sided t-test presented in Table 6 shows no significance on either 1-

, 5-, and 10 percent significance levels meaning that the null hypothesis that the mean 

returns of the strategies and the buy and hold strategy differs cannot be rejected. However, 

it is important to point out that the lack of significance does not mean that the mean 

returns of the strategies and the buy and hold does not differ, it only means that there is a 

lack of evidence to say that they do. 

 

Table 6. Two-sided t-test. 

Strategy p-value t-statisic 

Fast%K 0.4069 -0.8300 

Fast%D 0.3200 -1.1706 

Slow%D 0.2704 -1.3380 

 

In chapter 3.2 about modern portfolio theory, a discussion were held about the possibility 

of an investor to increase the expected return of an investment by taking on additional 
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risk and a relationship between the expected return of a portfolio and its systematic risk 

were presented, where a higher systematic risk should lead to a higher expected return. 

From the reasoning in chapter 5.2, it stands clear that the comparability of mean returns 

generated by investment strategies that takes on different levels of systematic risk is hard 

and thus, the mean returns needs to be risk adjusted. In Table 7, the Sharpe Ratios of the 

technical trading strategies and the buy and hold strategy are presented. The highest 

annualized Sharpe Ratio is delivered by the buy and hold strategy, with a ratio of 0.2514. 

This can be compared to the technical trading strategy that delivers the highest annualized 

Sharpe Ratio, the 𝑆𝑙𝑜𝑤%𝐷, with a ratio of 0.2351. Hence, the buy and hold strategy 

delivers a higher returns per unit of systematic risk than all of the technical trading 

strategies, indicating a higher risk adjusted return.  

 

Table 7. Sharpe Ratios.  

Strategy Quarterly Sharpe Ratio Annualized Sharpe Ratio 

Fast%K 0.0984 0.1967 

Fast%D 0.1103 0.2206 

Slow%D 0.1176 0.2351 

Buy & Hold 0.1257 0.2514 
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7. Discussion 
 

The purpose of this paper is to investigate the predictability in stock prices using technical 

trading rules, that is, if historical price sequences can be used to predict future price 

movements and if these anticipated price movements can be exploited to generate excess 

returns against a buy and hold strategy on the Russel 3000 stock market index. This is 

done by constructing three different stochastic oscillators: 𝐹𝑎𝑠𝑡%𝐾, 𝐹𝑎𝑠𝑡%𝐷 and 

𝑆𝑙𝑜𝑤%𝐷, which are applied on 5120 stock listed on the U.S stock market.  

 

The majority of the earlier research on the subject suggest that technical trading rules in 

fact can be used to create excess returns in the stock market. The results presented in this 

study finds no support for the technical trading rules to consistently outperform the buy 

and hold strategy, indicating the opposite of many of the earlier research. Instead, the 

results in this study lies more in line with the findings of Allen and Karjalainen (1999), 

Ready (2002), Coe and Laosethakul (2010) and Coakley et al. (2017), who all provides 

evidence in lines with the findings of this study that technical trading strategies do non 

consistently deliver returns higher than those of a benchmark.  

 

Even though the statistical testing shows no significance it is obvious that the mean 

returns of the technical trading strategies are higher than those of the buy and  hold 

strategy. However, when adjusted for the risk taken by respective trading strategy, the  

performance of the buy and hold strategy exceeds those of the technical trading strategies. 

This is reasonable since the technical trading strategies takes on higher risk in terms of 

volatility which is logical since the idea of momentum trading strategies are to exploit the 

high volatility periods in the stock market. Based on the lower Sharpe Ratio, one could 

argue that the technical trading strategies does not get enough compensation in terms of 

expected returns from the additional risk taken on.  

 

From a logical point of view, the results of this study are reasonable. Firstly, it should be 

noteworthy if these simple technical trading strategies were to outperform the buy and 

hold strategy since the study uses adjusted daily closing prices to generate the trading 

signals. Especially today, where a significant chunk of the trading volume is provided by 

high frequency trading, executing trading strategies on the millisecond. If there exists 

predictability in stock prices, it should be exploited by the high frequency traders, making 

it impossible for the average trader to use this predictability to outperform the market. 

Hence, a more transparent, for example second data or even lower time intervals in the 

data, could generate different results in this study. Secondly, predictability should be 

considered self-destructive in its nature, in such sense that if asset prices were perfectly 

predictable, they should adjust accordingly and hence there would be nothing to predict. 

To clarify, assume that a price in 𝑡 − 1 could be used to predict the price at time 𝑡, then 

the price at 𝑡 − 1 would adjust to the price predicted at time 𝑡, eliminating all 

predictability. This phenomenon should be applicable to the stock market and 

accordingly, if there are predictability in stock prices, this should be eliminated instantly.  

 

Finally, looking at the different technical trading strategies it is interesting that they differ 

slightly in their trading. The number of positions taken on by the strategies are highest 

for the 𝐹𝑎𝑠𝑡%𝐾-strategy, followed by the 𝐹𝑎𝑠𝑡%𝐷-strategy and the 𝑆𝑙𝑜𝑤%𝐷-strategy. 

Also, the mean returns are highest for 𝑆𝑙𝑜𝑤%𝐷-strategy followed by the 𝐹𝑎𝑠𝑡%𝐷-

strategy and the 𝐹𝑎𝑠𝑡%𝐾-strategy. These results indicate that the smoothing parameter 



 

38 
 

fulfills its purpose which is to reduce the number of whiplashes or false trading signals 

generated by the trading strategies and to increase their mean returns. 
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8. Conclusion 
 

This study has tested whether the stochastic oscillator can be used to predict future price 

movements on the U.S stock market and whether this predictability can be exploited to 

create excess returns against a buy and hold strategy on the Russel 3000 stock market 

index. The study is done using a data sample of 5120 different listed stocks with the time 

period investigated spanning over 2007-2019. 

 

8.1 Answering the research question 
So, can technical trading rules based on historical prices be used to predict future price 

movements? The results in this study indicates that so is not the case. Thus, this study 

provides no evidence against the EMH and the reasonable conclusion is that prices are 

efficiently set in the stock market. There is still no consensus to be found in this question, 

but the results provide evidence to the research that argues that there is no predictability 

in stock prices and that asset prices are efficiently set in the market.  

 

8.2 Suggestions for further research 
It is important to note that the trading signals in this study is generated using daily 

adjusted closing prices which could skew the results. Further research on the subject 

should test the technical trading strategies on more transparent data, such as second data 

or minute data. A further conclusion from the study is that the smoothing of the stochastic 

oscillator seems to fulfill its purpose by generating fewer trading positions and higher 

mean returns, further research should examine if the length of the SMA used in the 

smoothing parameter significantly effects the number of trading positions and the mean 

returns of the strategy. Also, the trading strategies should be constructed to take both long 

and short positions in the stocks. Finally, there is a problem with the distributional 

assumption when working with stock market returns. This study has aimed to handle the 

problem by using a non-parametric bootstrapping methodology, and hence runs a risk of 

poor statistical inference. Future studies should aim to handle the problem with the 

distributional assumption by using the more reliable parametric bootstrapping 

methodology instead. 

 

8.2 Quality Criterias 

8.2.1 Validity 

The basic question regarding validity is whether you measure what you really want to 

measure, that is, if our variables are representative for and give a true picture of the social 

reality (Collis & Hussey, 2014, pp. 196-197). Collis and Hussey further argue that the 

research will have a hard time to give correct results and to reach reasonable conclusions 

if the validity of the study is low. Bryman and Bell (2016, p. 69) states that the validity is 

the most important criterion to assess the quality of the research. There are several forms 

of validity in the quantitative research but in general there exists three areas: construct 

validity, internal validity and external validity (Bryman & Bells, 2017, p. 69).  

 

Construct validity, sometimes referred to as measurement validity, aims to describe to 

whether or not a measure from a concept really measures what the concept is supposed 

to measure (Bryman & Bell, 2017, p. 69). One example from this study is if a momentum 

strategy is a good measure of the performance of technical trading rules or not. As there 
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exist a variety of earlier research using momentum trading rules for this purpose, the 

construct validity of using momentum strategies in order to evaluate the performance of 

technical trading rules should be high.  

 

Internal validity is concerned with the causality of the research (Bryman & Bell, 2017, p. 

69). When researching a causal relationship and stating that 𝑥 affects 𝑦 one always wants 

to ask oneself whether 𝑥 really affects 𝑦 or if there are some other factor that is responsible 

for the variance in 𝑦 (Bryman & Bell, 2017, p. 69). For this research it is interesting to 

question whether the technical trading rule accounts for the variation in returns or i f there 

are some other factor to account for such as luck. It is impossible to measure the effects 

of luck in trading strategies and thus, it is reasonable to assume that buy and sell signals 

generated by the technical trading rules account for the majority of the returns generated 

by them.  

 

8.2.2 Reliability 

When conducting a research study, it is not uncommon to encounter problems regarding 

the accuracy and reliability of the results. Reliability deals with how consistent the 

measurement of a concept is, that is, if the study were to be repeated, would the result be 

the same or would random factors make it differ (Bryman & Bell, 2017, p. 68)? According 

to Collis & Hussey (2014, pp. 52-53), the choice of research strategy usually affects the 

reliability of the study, where the reliability tends to be higher using a quantitative 

approach than using a qualitative approach. The reason for this, they argue, is partly that 

reliability is not as prioritized in qualitative studies as in quantitative and partly because 

of the subjective interpretation in the qualitative studies. There is also a relationship 

between the validity and reliability of a study, where a good validity is a prerequisite for 

a good reliability (Collis & Hussey, 2014, p. 53). Thus, a measurement is not reliable 

unless it can be proven to be valid, or the other way around, if the reliability of a measure 

is high, the validity is also high.  

 

Since the data used in the study is gathered from reliable sources and is free of personal 

biases, and since the choice of model have extensive support in earlier research, the 

measurements and the results presented in the study should be considered reliable.  

 

8.2.3 Replicability 

Sometimes researchers want to replicate a study, this could for example be if one suspects 

that the results differ too much from those of other relevant studies (Alan & Bryman, 

2017, p. 68). Replicability is a necessity for a replication to be feasible. The replicability 

is also a necessity for testing the reliability of a study, logically, you have to be able to 

replicate the study to evaluate the consistency of measurements (Bryman & Bell, 2017, 

p. 69). 

 

Since the data used in the study are daily closing prices of listed shares and net asset 

values of a stock market index which are publicly available for everyone, the replicability 

of this study should be regarded as high.  

 

8.2.4 Generalization 
According to Collis & Hussey (2014, p. 54), the generalizability of the study describes to 

what extent the results can be generalized over other data sample of the same population. 

This study has problems with biases due to assumptions about no transaction costs and 
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perfect market liquidity and there are problems regarding the normality assumption which 

makes the statistical inference rather unreliable. As a result of this, in combination with 

the fact that the contextual prerequisites are time dependent, the results in this study 

should be interpreted and generalized with caution.  
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