
LAPPEENRANTA-LAHTI UNIVERSITY OF TECHNOLOGY LUT 

School of Business and Management 

Strategic Finance and Analytics 

 

 

 

 

 

 

 

 

 

 

 

 

 

Analyzing Market Conditions for Enhanced Performance of Variable-Length Moving 
Average Trading Rules: An Experimental Approach with Artificial Data. 

 
 
 
 
 

 

 

 

 

 

7.1.2020 

Parviainen Teemu 

1st Supervisor: Research Fellow Jan Stoklasa 

2nd Supervisor: Professor Mikael Collan 

 



TIIVISTELMÄ 

Tekijä:  Teemu Parviainen 

Otsikko: Markkinaolosuhteiden analysointi muuttuvan pituuden liukuva 
keskiarvo strategioiden toimivuuden tehostamiseksi: 
aiemmasta poikkeava tutkimus simulaationdatan avulla. 

Akateeminen yksikkö: LUT School of Business and Management 

Maisteriohjelma: Strategic Finance and Analytics 

Vuosi:  2020 

Pro Gradu:  80 Sivua. 3 liitettä, 6 taulukkoa, 4 kuviota 

Tarkastajat:   Tutkijatohtori, Jan Stoklasa 

  Professori, Mikael Collan 

Hakusanat: Tekninen analyysi, tekninen treidaaminen, liukuva keskiarvo 
strategia   

Tämän tutkimuksen tarkoitus on tuoda aiemmasta poikkeavaa tietoa kolmen muuttuvan 

pituuden liukuva keskiarvo strategian suorituskyvystä vaihtelevissa markkinaolosuhteissa. 

Tutkimus on toteutettu tavalla, joka hyödyntää keinotekoisesti simuloitua, todellisia 

osakekursseja mukailevaa dataa. Empiiriset tutkimustulokset osoittavat jo aiemmin 

löydetyn yhteyden osakekurssien tilastollisten ominaisuuksien sekä treidausstrategioiden 

suorituskyvyn välillä todeksi. Autokorrelaation vahvuus sekä volatiliteetti vaikuttavat 

tutkittujen treidausstrategioiden suorituskykyyn tilastollisesti merkitsevästi, kun 

suorituskykyä verrataan perinteiseen, osta ja pidä strategiaan. Tulokset osoittavat myös, 

että tutkitut kolme muuttuvan pituuden liukuva keskiarvo strategiaa suoriutuvat perinteistä 

strategiaa paremmin ainoastaan harvinaisissa markkinaolosuhteissa autokorrelaation 

vahvuuden sekä volatiliteetin ollessa suurta. Tutkimustulokset ovat johdonmukaisia 

mukautuvien markkinoiden hypoteesin kanssa tuoden lisää näyttöä kiistanalaiseen 

väittelyyn perinteisten sekä uuden aikakauden teknisten sijoittajien välille.
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The focus of this study is to provide alternative evidence behind the behavior of a set of 

three Variable-Length Moving Average trading rules in altering market conditions. The 

experimental approach, using an artificially generated dataset that imitates real-world stock 

returns, proves the relationship between the statistical properties of the underlying time-

series and the performance of the three trading rules. The magnitude of first-order serial 

correlation and volatility have a significant impact on the performance of Variable-Length 

Moving Average trading rules when compared to the conventional buy-and-hold strategy. 

The results suggest that the three technical trading rules are only able to outperform the 

conventional strategy in specific, rather uncommon conditions, where strong positive first-

order serial correlation and high volatility are prevailing. The findings are consistent with the 

Adaptive Market Hypothesis presenting further evidence to the controversial debate 

between the technicians and the fundamentalists.  
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1. INTRODUCTION 

The debate between the academic advocates of technical analysis and fundamental 

analysis is controversial (Lo, 2004). Now and then, researchers provide evidence for and 

against the predictive ability of strategies using technical analysis (Fama and Blume, 1966; 

Brock, Lakonishok and LeBaron, 1992; Taylor, 2013). However, only a handful of studies is 

focused on understanding the behavior of these types of strategies, leaving space for 

speculation (Hong and Satchell, 2015; Strobel and Auer, 2018). The focus of this Master’s 

Thesis is to study the relationship between prevailing market conditions and the 

performance of three technical trading strategies using an experimental approach with an 

artificial dataset. The objective is to test if volatility and serial correlation have a significant 

impact on the behavior of a set of Variable-Length Moving Average trading rules. The 

analysis methods vary from practical numerical inspection to two-sample T-tests and linear 

regression. 

1.1. Background 

For decades, economists, investors, and traders have been utilizing technical analysis on 

a quest searching for excess returns on the financial markets. Technical analysis itself is a 

tool where investors use technical indicators such as historical prices to predict the future 

price of the underlying security. Since the early days of technical analysis, a new generation 

of automated trading strategies has emerged. The Efficient Market Hypothesis (EMH) by 

Fama (1970) has been challenged countless times. The Random Walk Model has been 

rejected as Lo and Mackinlay (1987) studied the stochastic evolution of stock prices. 

Summers and Poterba (1988) encountered significant serial correlation in stock prices while 

they argued that some of the stocks seemed to have mean-reverting attributes, meaning 

that technical analysis could have scientific support. Since then, new theories have been 

introduced, promoting the fact that in some cases, historical data could be used to predict 

future price changes of stocks and other financial vehicles. (Brock et al., 1992) The Adaptive 

Market Hypothesis (AMH) by Andrew Lo (2004) states that the constantly mutating financial 

markets are unlikely to become efficient in its comprehensive definition, but that the 
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continuous competition between the new emerging investing methods drives the markets 

to be less inefficient. The purpose of this Master’s Thesis is to study further and deepen the 

understanding of investment strategies using technical analysis, especially the so-called 

Variable-Length Moving Average (VMA) trading rule.  

The motivation for this research rises from the earlier studies researching technical analysis, 

where the initial contribution comes from the paper of Brock et al. (1992), as they studied 

investment strategies using Technical Trading Rules (TTRs) for the first time. They found 

out that various TTR strategies, such as the VMA, were performing rather well as they 

seemed to have a predictive ability over the Dow Jones Index between the years 1897 – 

1986. Some studies argue that predictability is due to a temporary stock price component, 

which decays closer to zero in a certain amount of time. This temporary component is often 

denoted as the mean-reversion (momentum) of stock price returns, defined as the negative 

(positive) serial correlation of the underlying time-series. (Chan, 1988; Fama and French, 

1988) A great number of research has been made referring to the paper of Brock, et al. 

(1992), where researchers have done both; supported the arguments with extended 

studies, but also laid criticism on fundamentals of the TTRs and their robustness when 

tested on out-of-sample data (Hudson, Dempsey and Keasey, 1995; Bajgrowicz and 

Scaillet, 2011; Taylor, 2013; Zhu, Jiang and Zhou, 2015)  

Nowadays, as computing power has had a significant decline in prices, a growing number 

of investors can employ automated technical trading strategies, referred to as Algorithmic 

Trading (AT). The situation in the early 1990s, where only a margin of investors could have 

sufficient equipment and computing power to execute these computational problems, has 

changed radically. (Sullivan, Timmermann and White, 1999) The rising awareness of 

technical trading generated by the earliest studies of VMA trading rules seems to have 

driven the profits of such strategies closer to zero. Still, the research shows that depending 

on the selected market and timing, these kinds of strategies are profitable to some extent. 

(Taylor, 2013; Zarrabi, Snaith and Coakley, 2016)  

It has been a challenging journey for the academic advocates of technical analysis as the 

supporters of more conservative financial theory, such as EMH, represent a significant part 
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of the academic world. New light was shine upon these advocates in the early 21st century 

when Lo (2004) introduced the AMH arguing that the financial market should be seen as an 

evolutionary process, where competition drives to the adaption of a new competitive 

situation and natural survivorship promotes innovations. By admitting the deficits of EMH 

and understanding that arbitrage opportunities appear and vanish through the irrational acts 

of investors, it is easier to see why the march of technical analysts have begun in the first 

place. Hence, researchers should not seek for an all-or-nothing condition whether technical 

analysis is a reckoned tool or not, but merely to give a fuzzier answer to where technical 

analysis, such as the VMA trading rule, could be utilized. The pioneers of this type of 

approach have been Levich and Thomas (1993), Okunev and White (2003), Hong et al. 

(2015), where they have proven the positive relationship between the performance of TTRs 

and rising magnitude of serial correlation. Strobel et al. (2018) studied the performance of 

VMA trading rules in a total of 18 developed stock market indices through 44 years. They 

studied the overtime vanishing predictive ability of VMA trading tules and argued that serial 

correlation was the key contributor to the success of such strategies. By using the findings 

of Levich et al. (1993), Okunev et al. (2003), Hong et al. (2015), and Strobel et al. (2018), I 

am aiming to extend this approach to the next level by utilizing a simulated dataset instead 

of using constantly mutating real-world data. 

It seems that strategies utilizing technical analysis seem to yield support and criticism, 

where researchers argue one against another's findings. While most researchers opt to find 

supporting or weakening proof over the performance of technical analysis, this study 

emphasizes finding the stock market attributes behind well-performing VMA trading rules. 

The motivation for the research is to achieve findings, which could aid investors in choosing 

the right time and place for their VMA trading rules, and to raise general knowledge around 

the topic, further filling a clear research gap. In this research, I do not only want to study if 

the trading strategies would perform well but also to search which are the market condition 

variables that affect the performance of the underlying strategies. 

In order to achieve such findings, I am performing an experimental study using an artificially 

generated dataset. The problem faced by real market data is that the variables are changing 

mutually, and thus it is difficult to measure the impact of a single variable. With artificially 

generated data, I can control the candidate variables, which presumably leads to more 
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precise findings. I believe that I can determine whether serial correlation or volatility affects 

the performance of VMA trading rules in an artificial environment. Admittedly, other 

variables are affecting the performance as well, but they are not in the scope of this 

research. Hence, this research is conducted in the following order. 

In the introduction, I have presented the background for this research. The latter part of this 

section presents the research objectives, questions, and hypotheses, followed by expected 

results. Section two provides a deeper understanding of the related research in the form of 

a literature review, which should give the reader enough understanding from where the 

motivation, objective, and hypotheses of this study derive. The artificial dataset and its 

generation methods are presented in section three. Section three also goes through the 

methodology on how the analysis is done with the relevant information about strategy 

execution and statistical tools used. Also, the performance assessment of the trading 

strategies is introduced in the form of the performance metrics. Section four presents the 

empirical results where a consensus over the variables affecting the performance of VMA 

trading rules is formed, based on the artificial data experiment. At the end of section four, 

there is a discussion of the findings, which finally leads to research to conclusions in section 

five. Finally, at the end of the conclusions, I’ve presented possible future research proposals 

that would further contribute to the topic of this research. I wish You a pleasant experience 

going through this research. 

1.2. Research objective, question and hypotheses 

The objective is to study whether there could be variables behind a stock price time-series, 

such as volatility or the magnitude of serial correlation, which would have significant impact 

on how well the VMA trading rules are performing in comparison to the conventional buy-

and-hold strategy. Through the performance assessment of the trading strategies, I opt to 

provide evidence of the efficient usage of such trading strategies. 

The research question and hypotheses are conducted carefully based on the literature 

review. In this study, I am looking to answer the following research question: 
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How are serial correlation and volatility of the underlying time-series affecting 

the performance of VMA trading rules? 

Answering this research question is essential. By analyzing the market conditions, I seek 

for a time and place in financial markets, where VMA trading rules perform well in terms of 

the selected performance metrics. Only the selected seven performance metrics are used 

to assess the performance, although I am not arguing that they are the only metrics that 

could be used in performance evaluation of investment strategies. VMA trading rules are 

admittedly one of the most important branches of technical analysis of the 21st century. As 

already mentioned in the introduction, most of the research is done to argue whether 

technical analysis could have a predictive ability on the markets or if it is just a statistical 

illusion. By answering the research question above, I seek evidence to support the 

argument that technical analysis is a reckoned tool to some extent, at least regarding the 

studied VMA trading rules. I expect to find such market variables that affect the performance 

of VMA trading rules significantly. In order to find these conditions, I am testing for the 

following three hypotheses: 

i. The magnitude of first-order serial correlation of returns is not correlated 

with the performance of VMA trading rules. 

ii. The volatility of returns is not correlated with the performance of VMA 

trading rules 

iii. There exists no variation between the returns of VMA trading rules and 

the returns of a conventional buy-and-hold strategy. 

The reasoning behind the chosen hypotheses is further illustrated in the form of the 

theoretical framework in figure 1. As the EMH has been challenged numerous times, one 

can argue that, to some extent, there are inefficiencies on the market. The rather 

conservative EMH is unable to acknowledge these continuously occurring inefficiencies, 

leaving many researchers frustrated as researchers argue against each other searching for 

the truth. (Alexander, 1961; Fama, 1970) AMH is an extension to EMH admitting the 

occasionally appearing arbitrage opportunities caused by inefficient adaptation to changes 

in the financial markets. It argues that the reason behind the origin of inefficiencies lies in 
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the issues of behavioral finance, constant competition, and the changes in preferences of 

investors. The three make it possible for the financial markets to be in constant evolution 

where opportunities appear and disappear while investors compete to take the benefits out 

of the occasions. (Lo, 2004) Although in this study, I only mention the three sources, I am 

not arguing that other issues would not affect the constant evolution as well. However, I see 

the three being the most important regarding the focus of this research. 

Technical analysis is one of the most used tools to take advantage of the inefficiencies of 

the markets (Achuthan et al., 2005). One branch of technical analysis is automated VMA 

trading rules, where prior research still has gaps in understanding where the success of 

such strategies derives. Albeit some studies have been employed to search significance 

between serial correlation and the performance of similar TTRs, robust evidence is lacking. 

(Levich et al., 1993; Okunev et al., 2003; Zhu et al., 2015; Strobel et al., 2018) Since this 

paper acknowledges the shortages of the EMH and the origin of inefficiencies, I can study 

if serial correlation and volatility affect the performance of VMA trading rules. The artificial 

data enables such findings that could not be achieved in a real-world scenario where the 

prior research is focused. All of the phenomenons are described further in the literature 

review. Regarding the theoretical framework, there are a lot more studies behind each 

phenomenon. However, only the most important ones are illustrated in figure 1. 
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Figure 1. Theoretical Framework 

Beginning with the first hypothesis, I am testing if VMA trading rules can benefit out of the 

serially correlated component of the underlying time-series. Serial correlation is measured 

as the coefficient of the autocorrelation function for first-order serial correlation of a daily 

time-series. I will test whether the magnitude of serial correlation is correlated with the 

performance of VMA trading rules. Also, as volatility is considered as a measure of risk and 

caused by uncertainty, I believe that in unstable times, it is difficult to forecast the future 

accurately (Ross, Westerfield and Jaffe, 2013, 317-320). In times of uncertainty, technical 

analysis is reckoned as it is mainly used to spot off pricing and to benefit from market 

inefficiencies (Brock et al., 1992). Thus, I am studying whether the prevailing volatility is 

affecting the performance metrics of the three VMA trading rules. Volatility is measured as 

the daily standard deviation of the underlying time-series. It is also vital to test whether the 

performance of a VMA trading rule is dependent on the performance of the underlying time-

series itself. The conventional buy-and-hold strategy is a comprehensive measure of how 

well a company is creating value for its stockholders. If the returns of a VMA trading rule 
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are highly correlated with the returns of a conventional buy-and-hold strategy, I can argue 

that the trading rule did not bring the desired additional value to the investor. 

It is expected that all of the three hypotheses can be rejected with statistical significance. 

The rejection of the hypotheses would mean that the markets could have inefficiencies, 

where technical analysis would have predictive ability. However, since I am using an 

artificially simulated dataset that imitates real-world stock price time-series, the arguments 

should be with caution. It is unknown how long the inefficiencies would last in a real-world 

scenario. Most likely, it would be a decaying phenomenon, which would ultimately be 

corrected by the evolution and emerging competition on the financial markets presented in 

the Adaptive Market Hypothesis. (Lo, 2004) 

1.3. Limitations 

There are limitations to this research. The first major limitation is that this study will not take 

into account the transaction costs. The reason for this is that this paper would work as 

ground research presenting findings on a more general level. If transaction costs were 

considered, the purpose of this research would be more likely to focus on how to make a 

profit on specific market conditions using VMA trading rules. However, this is not the focus 

as I am trying only to describe the favorable conditions for such trading strategies. Also, the 

transaction costs have differed and will differ depending on the timing and the selected 

market. (Bajgrowicz et al., 2011; Zarrabi et al., 2016)  

This study uses an artificially generated dataset where no real stock exchange exists in no 

real-time dimension. Thereby setting a fixed rate for transaction costs would restrict my 

arguments to even more specified conditions and thus would not be valid for most of the 

markets, which would be against the focus of this study. However, I will give the reader a 

possibility to estimate the costs of transactions for each strategy, since I provide the number 

of one-way trades. Similarly, I display the average return per trade, which helps the reader 

to asses whether the return per trade would be suitable according to their preferences. This 

way, the reader will have a comprehensive understanding of the possible costs of the 
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strategies. The final decision on how to exploit such a strategy is in the hands of an 

individual investor.   

The definition behind mean-reversion, momentum, and the strategies trying to take the 

benefit out of it are often somewhat vague. By this, I mean that both, mean-reversion and 

momentum, can be noticeable from short ticks to yearly cycles. Stock price time-series can 

bear within mutual autoregressive processes with a high number of different orders and 

magnitudes. (Fama and French, 1986, 1988; Lo et al., 1987; Strobel et al., 2018) It would 

be challenging to develop a complex simulation system, which would account for all the 

idiosyncrasies of the markets. Similarly, the findings would probably not be as significant 

and would be against the purpose of this study, which is to take the focus away from an all-

or-nothing condition closer to a descriptive approach. The contribution of this research 

should be seen as one piece of evidence with certain conditions where future research shall 

determine to what extent the findings are expandable. Thus, I restrict mean-reversion and 

momentum to be measured as the magnitude and orientation of first-order serial correlation 

of the underlying time-series. This restriction is justified since the most related research 

uses similar methods in measuring for mean-reversion and momentum (Levich et al., 1993; 

Okunev et al., 2003; Strobel et al., 2018). Also, there is a significant number of VMA trading 

rules with different parameter setups. I restrict the amount of VMA trading rules to only three 

since they are the first ones to have been introduced and also of the most cited ones. (Brock 

et al., 1992; Strobel et al., 2018) Thus, as I argue on behalf of VMA trading rules, I am 

restricting the arguments to consider only the three strategies leaving the rest for further 

research. 

Another aspect of limitations is the amount of data used. As this is a Master’s Thesis grade 

study, I cannot comprise too many market conditions to the study. The research is restricted 

to only the artificial dataset where the parameters for the simulation of this dataset are 

formed based on related literature. This restriction ties the arguments of this analysis only 

to time-series with similar characteristics. However, the parameters are chosen carefully to 

imitate real stock market data as close as possible. The outcome of the simulations is 

continuously monitored where the descriptive statistics are compared to those found in real 

stock market data. Since I study an artificial dataset where all of the variables can be 

controlled, I am unable to argue that all of the findings are extendable to out-of-sample data 
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as such. As much as I would have wanted to include real-world data and different types of 

scenarios, I have to keep in mind that this is a Master’s Thesis study with limited recourses 

to be used. Since similar findings have been made with real-world data already, I am 

confident and determined to study whether I am able to contribute to the topic from an 

alternative viewpoint (Strobel et al., 2018). Thereby I will put all the effort into analyzing the 

topic with the artificial dataset and leave extension to a real-world scenario for future 

research. Future research shall determine if the peers can replicate the findings of and seek 

further proof for the arguments made in this study. 
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2. LITERATURE REVIEW 

Trading strategies have been a widely studied topic by academics, but they are also broadly 

utilized in business life (Urquhart and McGroarty, 2016). As already discussed in the 

introduction, the inducement for the use of technical analysis and further trading is 

controversial. There exists no clear consensus on the used terminology or even the 

robustness of these strategies, which is why readers should pay close attention to which 

phenomenon or theory a researcher is relating to. While researchers use different types of 

terminology to describe the same or a very likewise phenomenon or theory, in this research, 

they are tied to strict definitions. 

This literature review begins with an introduction to why technical analysis was invented in 

the first place. The very cornerstone of this study is the Adaptive Market Hypothesis (AMH) 

by Andrew Lo (2004), which helps to understand where the diversity of different types of 

investment strategies on the financial markets derive. AMH also serves as the inspiration 

for traders building alternative types of investment strategies regarding the future as well. I 

will present the history of technical analysis starting from the early 1960s to algorithmic 

trading and High-Frequency-Trading (HFT) in the 21st century.  

Equally important is to study serial correlation of stock returns as I expect that VMA trading 

rules perform better on serially correlated stocks. Regarding serial correlation, I will first 

introduce what it is, how it can be measured, and how it could be affecting the performance 

of the trading rules. I also enlighten the possible reasons behind serial correlation of stocks, 

but this part is to be left short due to the fact that digging deep into the issues of behavioral 

finance is a whole new topic for another research. At the end of this section, there is a short 

outline of the literature review. 
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2.1. The Adaptive Market Hypothesis 

The classical financial theory assumes the stock market prices respond efficiently to new 

information, in other words, the hypothesis for efficient markets holds. Now and then, 

researchers can prove markets to be inefficient at least to some extent. When the financial 

markets are found inefficient, investors can earn excess profits if they can employ a strategy 

that benefits from this predictable variation of the market. (Brock et al., 1992)  

The idea behind the Adaptive Market Hypothesis by Andrew Lo (2004) is not to challenge 

the robustness of the EMH, but it is merely an extension to it. Lo (2004) emphasizes that 

the markets are driven continuously by evolutionary processes, competition, adaption to the 

new competitive situation, and natural selection, which further drive the markets to be more 

efficient. The more innovative ideas and competition there is, the better the information is 

being incorporated in current prices. This revolutionary theory is a natural continuum for the 

tangled debate between academics supporting and rejecting the predictability of the stock 

market returns. It melts together with the efficient market hypothesis with its defects caused 

by behavioral finance exceptions. The behavioral finance theory states that from time to 

time, investors act irrationally. (Lo, 2004) Lots of evidence of such behavioral biases are 

found. Investors tend to overreact to negative news leaving behind a clear time window for 

alert investors to buy at a lower price than the best estimate price would be (De Bondt and 

Thaler, 1985; Tversky and Kahneman, 1986). Momentum, in other words, positive serial 

correlation, is noticed on market returns indicating that positive returns are followed by even 

more positive returns in the near future (De Bondt, Palm and Wolff, 2004).  

The prime argument made by Lo (2004) is that arbitrage opportunities do appear 

occasionally. This argument is consistent with the findings of Alexander (1961), Fama et 

al., (1966), Fama et al. (1986), Hudson et al., (1995), where they exposed such 

opportunities. It is shown that as new opportunities are exposed, they vanish quickly 

because of competition and adaption to a new competitive situation. Also, as some 

opportunities vanish, new opportunities breed regularly and thus keep the evolution cycle 

alive naturally. It is also very likely that some successful investment strategies only work 

accordingly on a certain time and a market but not on another occasion. (Lo, 2004) This is 
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consistent with the debate between researchers arguing whether technical analysis is a 

reckoned tool in building an investment strategy or not. 

Another crucial argument made by Lo (2004) is that the risk and reward relation varies 

through time. As the preferences of investors can change through time, it is possible that it 

opens up new opportunities for arbitrageurs. This leads to the fact that survival in the 

financial markets depends heavily on innovation as new possibilities are opening up 

constantly through the change of preferences and culture. In 2012, Lo introduced a 

continuation to his previous paper, where he emphasizes the timing of innovations implying 

that whenever the market is struck by a shock, new possibilities emerge as fear and risk 

aversion drives investors to act irrationally. He states that in times of collective greed and 

fear, major opportunities occur in the form of off pricing due to irrational buying and selling. 

In his words, these are the times when bubbles and crashes happen. (Lo, 2012) 

After the introduction of the essential AMH paper by Lo, it took a while until it was taken 

seriously by the bigger crowds. Many of the academics did not admit the existence of 

behavioral finance issues, although it could explain some of the deficiencies of EMH. 

Nowadays, lots of new evidence, consistent with the evolutionary process of AMH, has 

been presented, and it is seen as a considerable theory by many. (Urquhart et al., 2016) 

After the release of the essential AMH paper, Neely, Weller, and Ulrich (2006) revisited the 

papers documenting excess returns in the late 20th century and argued that through 

competition and adaption of the financial markets, these returns declined through time. In 

other words, the traditional technical trading rules provided no risk-adjusted returns in the 

late 1990s. This evidence is consistent with the AMH.  

Urquhart and McGroarty (2014) studied the AMH through some of the most common 

calendar anomalies, including the Monday and the January effect. Their argument in this 

subsample study was that the occurrence of these anomalies varied through time 

supporting the evolution of the financial markets. They extended their study to seek 

favorable market conditions for the trading strategies seeking to profit from these anomalies. 

This was one of the few papers to study favorable market conditions for TTRs, and they 

argued that the Monday effect was the most prominent in bearish markets. They also found 
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that the occurrence of the four anomalies they studied was evident in different types of 

market conditions. In other words, this would mean that in order to achieve excess returns, 

traders should only employ their strategies on around certain times, depending on market 

conditions. This is consistent with the expected rejection of the hypotheses of this research. 

2.2. From Fundamental to Technical Analysis 

The traditional methods on how to make reasonable investments, in other words, the 

equilibrium models of rational asset pricing, are rather simple: rational investors buy stocks 

of a company, which they believe will be generating risk-adjusted value for them as a 

stockholder in the future. (Lo, 2004) These types of investors are usually referred to as 

fundamentalists, who analyze external factors that would forecast the price changes of a 

specific vehicle (Alexander, 1961). The methods on how to perform such an analysis have 

differed throughout history, but admittedly the most established theory is called the Modern 

Portfolio Theory by Harry Markowitz (1952). Furthermore, the Capital Asset Pricing Model 

(CAPM) has settled itself as the prototypical result of the development of asset pricing 

models (French, 2003). As CAPM has been and perhaps still is the ruling perspective for 

most of the investors, it has confronted a competitive type of analysis as well, the technical 

analysis. Technical analysis differs from such fundamental analysis as it usually seeks 

profits from inefficient markets rather than the unambiguous ability of a company to create 

value to its stockholders. These kinds of investors are often referred to as technicians 

(Alexander, 1961).  Although technicians might also benefit from a well-organized 

company’s ability to create value, their essential way of looking at the financial markets and 

their possibilities differs majorly from the fundamental analysts. (Lo, 2004) Fundamentalists 

and technicians form a significant part of professional investors on the market, but it is 

impossible to argue that they would be the only types of analysts out there. 

From the early days, Alexander (1961) already noticed, that there are actually some trends 

in the stock market, where technical analysis could actually yield excess profits compared 

to the conventional buy-and-hold strategies. He examined trends and random walks in stock 

markets and noticed a ground-breaking result: over time, the theory of random walk seems 

to hold, but if a stock price rises certain percent, it is likely to further raise x percent more 
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before eventually moving down y percent. This correlation between a single and the next 

observations price movements resulted in the formulation of the Filter rule, which is a very 

early method of TTRs. The performance of filter rule was later on studied in practice by 

Fama et al. (1966), where they found the same trend exists, and the markets could 

eventually be predicted using filter rule. Unfortunately, their filter rule strategy was unable 

to beat the conventional buy-and-hold strategy, although they did not even account for 

transaction costs. 

Inspired by the Filter rule Brock et al. (1992) later on worked on a similar type of 

methodology and found out that various TTRs, such as Variable-Length Moving Average, 

Fixed-Length Moving Average Rules and Trading Range Break were able to outperform the 

conventional buy-and-hold strategy. The findings of this study have later on been expanded 

to countless of different markets. Hudson et al. (1995) used the same methods and a 

preferably identical period from 1935 to 1994 the UK stock market, and their findings equally 

support the predictive ability of TTRs. Although TTRs, especially the VMA trading rule, seem 

to have predictive ability, it has been criticized by multiple studies. Sullivan et al. (1999) 

blamed the TTRs for data snooping, which results if one set of data is being used multiple 

times to select the best performing model. They argued that if given enough time, one will 

ultimately find a trading rule, which will work on that given dataset, but it will not work for 

another dataset. Many researchers, later on, support this criticism. Bajgorwicz et al. (2011) 

used False Discovery Rate to test for data snooping bias and ultimately found out that the 

trading rules were not performing well when run on an out-of-sample data, meaning that the 

TTRs would only deliver good performance on the data it was originally backtested with. In 

other words, out-of-sample data is a dataset that is utterly different from the essential 

dataset. Similarly, Taylor (2013) criticizes the fundamentals of TTRs, as they usually have 

an assumption that the investors can sell short. He underlined that without short selling 

opportunity, the VMA trading strategies were not able to beat the conventional buy and hold 

strategy. As short selling only works on a highly liquid market, the assumptions of previous 

research can at least be questioned. Also, the studies mentioned above, that lay criticism 

on the VMA trading rules also challenge the profitability if transaction costs are taken into 

account. As VMA trading rules usually require numerous one-way transactions, the 

possibility of excess profits declines even further. (Sullivan et al., 1999; Bajgrowicz et al., 

2011; Taylor, 2013) 
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There has been much criticism around the VMA trading rules. However, the performance 

of these rules is also supported by multiple studies. Various researchers have replicated 

the methods of Brock et al. (1992) to different markets, and their methods have been 

somewhat successful. Even when considering transaction costs, strategies using VMA 

trading rules were able to beat the conventional buy-and-hold strategy. (Hudson et al., 1995; 

Bajgrowicz et al., 2011; Taylor, 2013; Zhu et al., 2015) It seems that the profitability of VMA 

strategies is tightly related to the market and the timing. Nevertheless, the same methods 

introduced by Brock et al. seem to function in several different markets and time frames 

with transaction costs considered in the model. This phenomenon is once again consistent 

with the AMH since opportunities occur and vanish occasionally causing changes in the 

competitive situation in the financial markets.  A very recent study by Zarrabi et al. (2016) 

using modern methods supported the performance of VMA trading rules, as with somewhat 

identical methods than Bjagorwicz et al. (2011) laid criticism on them. Zarrabi et al. (2016) 

used False Discovery Rate to control for data snooping bias and took transaction costs into 

account. However, they still argue that a large number of different TTRs seem to be 

profitable for in-sample and out-of-sample data when they tested a large amount of TTRs 

on different datasets and time-periods.  Ni, Lee and Liao (2013) found out that the TTRs 

had predictive ability during a financial crisis.  

Nowadays, the trading rules examined by Brock et al. (1992) have been implemented to 

real-world trading on many occasions, and the models have been further improved a lot. 

However, the rising popularity of simple trading rules has drawn the excess profits even 

closer to zero. (Taylor, 2013) As the early version of Variable-Length Moving Average 

trading rule used a fixed short and long moving averages to generate trading signals, it is 

apparent that it was blamed for data-snooping (Bajgrowicz et al., 2011). In other words, it 

seemed to perform well on some markets and some not, depending on selected moving 

averages and the market conditions such as volatility. Also, the more volatile the market is, 

the shorter the moving averages should be. (Zarrabi et al., 2016). This finding supports the 

objective of this research as well as I can see that some trading rules may perform better 

on volatile markets.  

Currently, as artificial intelligence and machine learning is more present than ever, one can 

see rather interesting models of combining technical trading strategies with Machine 
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Learning. Sihabuddin, Rosadi and Winarko (2015) included simple VMA methods to their 

neural network, which seeks to optimize profits from exchange rate fluctuations. They found 

out that this simple VMA introduced in the early 1990s was able to improve their model so 

that it became 19,97 % more efficient. These kinds of new implications can give new hope 

to this older methodology of technical analysis.   

2.2.1. Algorithmic trading 

Algorithmic trading (AT) is an essential tool in exploiting technical trading strategies. 

Essentially trading signals of technical analysis were manually calculated by hand, and then 

traders sent their orders to the market manually. Nowadays, with the help of computational 

power and artificial intelligence, these technical trading strategies can be automated, 

making them algorithmic trading strategies. (Nuti et al., 2011) Though algorithmic trading is 

mostly used to execute technical trading strategies, it could be used to exploit any kind of a 

strategy, which has any input and output parameters. In the empirical part of this research, 

I study algorithmic trading strategies, which is why it is important to understand the origin of 

this method. In other words, technical trading can be executed either by hand or by a 

computer. Algorithmic trading, however, is an automated process, which usually executes 

technical trading strategies. 

In finance, an algorithm is a systematically repeated process, which has input and output 

parameters where the latter is manipulated by a set of computational and problem-solving 

instructions. The only difference between trading strategies managed by human and 

algorithmic trading strategies is in how it is being executed, manually, or automatically. 

Usually, when referred to algorithmic trading, at least some part of the investment process, 

such as data collection, analyzing, or trade execution is automated. (Nuti et al., 2011) 

However, in this study, when referring to AT, I refer to fully automated systems, where no 

human interactions are needed after the initial setup. Thereby in this literature review, I refer 

to either partially automated trading or algorithmic trading. 

When looking at the investment process as a whole, there are several repetitive phases to 

it. These phases and their configuration can differ majorly, but the principle is the same. It 

starts with the pre-trade analysis, including data gathering, sorting, and analyzing. The 
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second phase is trading signal creation, which is based on both the parameters received 

from pre-trade analysis, but also the trading philosophy. In other words, trading philosophy 

is the collection of rules on how and when trading signals are generated. (Nuti et al., 2011) 

This part of the process could also be referred to as the price discovery process, which 

essentially is the process of seeking arbitrage opportunities in the constantly evolving 

markets (O’Hara, 2003). Finally, the third phase is trade execution, where the trading 

system sends out trade signals directly to exchange markets or Electronic Communication 

Networks, where the information flows both ways (Nuti et al., 2011). This process is further 

illustrated in figure 2. 

 

 

Figure 2. Algorithmic trading process. (Nuti et al., 2011) 

When looking at this figure, it is no wonder that algorithmic trading has had a significant rise 

in popularity in the 21st century. The investment process is a seemingly straightforward 

process where the information flow to the system is constant, and the human capacity to 

gather, understand and analyze such amount of new information is difficult. The information 

flow usually consists of news and public releases or historical data such as prices, trading 

volume, and volatility. Depending on the rebalancing cycle of a strategy, this new 

information could be continuously updated. (Nuti et al., 2011; Chaboud, Chiquoine, and 

Hjalmarsson, 2014) Since computers are much more precise in handling a vast amount of 

information faster, why are there still humans making investment decisions? The answer 

might be embedded in the question itself. Computers are faster and consistent, but for now, 
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they seem to lack the ability for broader creativity. Thus, it is justifiable that the day-to-day 

trading process is widely left for computers to handle, whereas the innovational labor, such 

as the price discovery process, is left for humankind. (Nuti et al., 2011) At least for now. 

The early signs of algorithmic trading are from the U.S. equity markets in the 1990s. From 

2003 onwards it became more popular, despite the large number of contradictory opinions 

it received. (Chaboud et al., 2014) It has been argued that since 2003, algorithmic trading 

has reduced the number of arbitrage opportunities as the markets have become more 

information efficient.  (Chaboud et al., 2014; Kelejian and Mukerji, 2016) Once again, these 

findings are consistent with the AMH, where innovations drive the markets to incorporate 

new information even quicker than before. (Lo, 2004).  

Efficiency is not the only attribute that AT accounts for. Kelejian et al. (2016) argue that 

although AT is usually a tool for short-horizon trading, it could serve as a repellent for 

traditional fundamental investors. Since the introduction of AT, the market has become 

more rapid in its movements. Larger intra-day volatilities and trading volumes might affect 

the willingness of fundamentalists to enter the market. However, Zhou, Elliott, and Kalev 

(2019) argued that long term horizon investors should not be too cautious of algorithmic 

traders. They argue that AT is putting close to zero pressure on long-horizon price 

expectations and only affecting prices on a shorter term. Mestel, Murg, and Theissen (2018) 

argued that algorithmic traders create stock liquidity acting as market makers, who are 

always ready to buy or sell. They believe that long-horizon investors benefit from AT as 

better liquidity lowers the risk of their investments. 

A logical outcome from the introduction of algorithmic trading is rather clear. It makes some 

sophisticated investment strategies much more accessible and cost-efficient to exploit for 

all of us. However, another significant finding is that it enables developing entirely new types 

of investment strategies, which could not have been possible without it. High-frequency 

trading, refers to a considerably large group of trading strategies, which are based on short 

latencies in both, receiving trading signals and sending out trading orders. (Gomber and 

Haferkorn, 2013) It was introduced to the big crowds in the early 21st century and has 

received a lot of negative media attention where the most prominent contribution was the 

Flash Boys by Lewis (2014). These strategies range from market-making strategies to 

arbitrage and trend detection strategies similar to technical trading. The difference between 
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traditional technical trading and HFT is that HFT is a competition in technology, whereas 

technical trading strategies compete in the price discovery process. (Gomber et al., 2013) 

In other words, technology and time are the essences in HFT. HFT is not as relevant 

regarding this research. However, the stigma caused by negative media attention on HFT 

is strong, and the terms are often mixed between HFT and AT (Lewis, 2014). Thus, the 

reader needs to distinguish that algorithmic trading is not always high-frequency trading. 

Algorithmic trading is solely a tool used by investors executing many types of trading 

strategies. TTRs are a family of strategies that are usually executed with AT (Nuti et al., 

2011). 

The comprehensive image reveals that algorithmic trading is a tool mostly used by short 

term or high-frequency traders, where speed and timing matter the most. Once again, it 

should not be seen as a unilateral debate between human vs. computer-based investment 

analysis but rather as an extension to the toolbox used by evolving investors. (Menkveld, 

2013) Just like technical analysis was invented through arbitrage opportunities, algorithmic 

trading became popular because computers can execute trading strategies faster in 

systematic processes.  The purpose of AT is best served in investment strategies with lots 

of repetitive processes, such as technical trading. Thus, there is room for human and 

computer-based investors to survive in the constantly evolving markets. (Chaboud et al., 

2014) 

2.2.2. Serial Correlation of Stock Market Returns 

Traditionally the most popular trading strategies used by technicians are mean-reversion 

and momentum strategies. The statistical definition for mean-reversion and momentum is 

the serial correlation of stock market returns. Principles of mean-reversion and momentum 

strategies are primarily the same. They both assume that stock returns are not only 

representing a random walk process but that they are instead a mix of the random walk 

component combined with a predictable temporary component of the time-series. This 

assumption makes both of the strategies similar in a way, as they emphasize on the timing 

to buy or sell securities depending on at which phase of this serially correlated time series 

process the security is. (Schiereck, De Bondt and Weber, 1999)  
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Essentially, mean-reversion in finance is a time-series feature where stock returns tend to 

revert to their longer-term mean. In other words, a part of the shorter-term price oscillation 

could be seen as a temporary but fixed stock price component, which could be forecasted 

with technical analysis. (Fama et al., 1986; Summers et al., 1988) Thus, traders could 

benefit from buying low and selling high when comparing stock prices to their longer-term 

mean. As already mentioned in the introduction of this section, mean-reversion and 

momentum strategies have many names and a tangled terminology. More important than 

the terminology is to know that most of the widely used trading strategies base their 

rationale on serial correlation, whether it was negative or positive. 

Mean-reversion assumes that recent price development is going to change to the opposite 

direction in the future. In other words, if prices are moving up (down) from the previous 

value, the upcoming movement is likely going to be downwards (upwards). The 

corresponding process in mathematics is called the Ornstein-Uhlenbeck process. (Stein 

and Stein, 1991) However, momentum strategies assume that the recent price development 

is strengthening itself and that price changes are moving in the same direction, forming a 

trend. Statistically considered, mean-reversion assumes that negative serial correlation is 

prevailing, whereas momentum strategies, on the other hand, assume that there is a 

positive serial correlation. (Chan, Jegadeesh and Lakonishok, 1996) As seen earlier, both 

of these phenomenons were found on the stock markets already by Alexander (1961) and 

later on supported by many others (Chan, 1988; Fama et al., 1988; Cecchetti, Lam, and 

Mark, 1990).  

Fama et al. (1986) studied the serial correlation of 10 decile portfolios generated out of all 

the NYSE stocks from 1926-1985 and found strong evidence of negative serial correlation. 

In other words, they argued that the negative serial correlation was due to a temporary 

stationary component of returns. They also clearly underlined that stock prices would be 

predictable even though only a fraction (25 to 45 percent) of the total variation of returns 

can be forecasted. Still, it is a significant argument against the EMH, which states that all of 

the available information is already incorporated in the current stock prices. Summers et al. 

(1988) studied the existence and found proof of the existence of a transitory component. 

Their findings are consistent with the assumptions of momentum and mean-reversion 
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strategies as they argued that in the short term, the stock returns are positively correlated, 

whereas they are negatively correlated on a longer horizon.   

Another crucial finding is that the negative serial correlation was found stronger, and thus 

the returns were more predictable for the small-firm portfolios than to larger-firm portfolios. 

(Fama et al., 1986) One explanation to this phenomenon could be that small-firm stocks 

are usually traded more infrequently, and thus strong negative first-order serial correlation 

could be evident mostly because of the small number of trades happening.  (Miller, 

Muthuswamy and Whaley, 2017)  

Jegadesh (1991) tried to search for a deeper understanding of the phenomenon by 

replicating the study of Fama et al. (1986) and found similar proof of a slowly decaying 

mean-reverting component. However, he had an interesting finding arguing that this mean-

reverting component was seasonal and only present in January, leaving the rest 11 months 

of the year out of the question. One reason for this could be tax efficient trading, meaning 

that investors optimize their investments so that they have to pay the smallest amount of 

taxes possible. Gangopadhyay (1996) further studied the serial correlation on stock price 

returns in January. He divided the returns of January to explained and unexplained excess 

returns, while the foremost means returns explained by macroeconomic factors and the 

second returns that cannot be explained by the equilibrium asset pricing models. He 

underlined that the explained excess returns are mean-reverting in January, seeing that the 

unexplained are not, meaning that macroeconomic factors and market risk cause mean-

reversion. 

Consistent with the study by Gangopadhyay (1996), Fama et al. (1988) argued that the long 

horizon stationary component was due to the mean-reverting attributes of broader 

macroeconomic factors, rather than firm-specific factors. It could make sense since the 

equilibrium asset pricing models take into account the global macroeconomic development 

and thus the mean-reversion and momentum in the macroeconomic factors would be shown 

as the serial correlation of the stock market returns as well. 

As many researchers note serial correlation using daily, weekly, or even monthly returns, a 

question arises on how long it takes for this temporary stock price component to circulate. 

(Fama et al., 1986; Hong et al., 2015; Strobel et al., 2018) The evidence of serial correlation 
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was found weak by Fama et al. (1986) for daily and weekly holding periods. For the long 

horizon from two to five years, negative serial correlation was found stronger. Eventually, 

after five years period, the negative serial correlation would decay as the random walk 

process would fade the effects of autocorrelation. (Fama et al., 1986) Simplified, this means 

that returns tend to revert to their long term mean only on a longer horizon, which would 

leave daily or weekly speculation out of the question. Fama et al. (1988) further studied the 

existence of this temporary component of stock returns and argued that this component 

was present stronger before the year 1940. They studied sub-periods and found out that 

after the year 1940, the stationary component was much weaker compared to earlier days, 

but they also admitted that only time would tell whether the stationary component exists or 

not. The reason for not finding significant daily autocorrelation probably lies in the length of 

the analyzed time-series. The AMH already shows that arbitrage opportunities appear and 

vanish occasionally (Lo, 2004). In line with the AMH, Strobel et al. (2018) were able to 

quantify this decaying daily serial correlation of stock price time-series and argued that this 

predictable component would not last for decades. 

Researchers have been able to find significant daily serial correlation as well when using 

shorter timespans combined with subsamples. A typical magnitude of serial correlation for 

returns was -0.2 and 0.2 for a first-order autoregressive process. (Hong et al., 2015) 

Likewise, Anderson et al. (2012) studied serial correlation in New York Stock Exchange 

between 1993 and 2008 and found significant first-order autoregressive process from daily 

returns. However, their findings suggest that serial correlation was less noticeable after the 

year 2000 due to the rising popularity of technical analysis. Interestingly, Campbell, 

Grossman and Wang (1993) argued on behalf of serially correlated returns, but they 

assessed that first-order serial correlation of daily returns was declining with rising trading 

volume. (Campbell et al., 1993) Their findings are consistent with the findings of Fama et 

al. (1986) and could be due to the low amount of trades on unpopular stocks.  

The link between first-order serial correlation of daily returns and the performance of TTRs 

is rather evident. Already in the late 20th century, researchers were able to argue that simple 

VMA trading rules had predictive ability due to serial correlation of foreign exchange market 

returns. Also, the profitability seemed to be declining already in 15 years due to the rise in 

popularity of technical trading. (Levich et al., 1993) Okunev et al. (2003) studied daily 

returns in foreign exchange markets and found that the performance of TTRs was highly 
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dependent on the serial correlation of the returns. They argued that the foreign exchange 

market was inefficient since the returns were not entirely determined by fundamental 

information, but rather by a combination of fundamentalists and technicians (Okunev et al., 

2003). Similarly, Hong et al. (2015) studied 15 years of daily stock market data from 11 

indices and argued that general moving average trading rules were able to benefit from 

positive serial correlation. Strobel et al. (2018) studied the vanishing predictive ability of 

VMA trading rules in recent years. They found proof consistent with the AMH, as they 

argued that the daily serial correlation of stock returns was becoming less significant 

through the 44-years time period. Meanwhile, the predictive ability of simple VMA trading 

rules seemed to decay, leading to the conclusion that the performance of these trading rules 

is correlated with the magnitude of serial correlation as well as another proof of changing 

market conditions. (Strobel et al., 2018) 

An important question derived from this is that how is it possible that the temporary stock 

price component still seems to exist. One way of seeing this phenomenon is through 

behavioral finance. Kahneman and Tversky (1977) argued that investors tend to overreact 

to unexpected shocks at the stock market. Later on, De Bondt et al. (1985) studied this 

phenomenon more closely, and found out that significant abnormal returns could be 

achieved around these types of shocks by employing a mean-reversion strategy. They 

referred to these types of strategies as contrarian investment strategies. 

Furthermore, after an unexpected or dramatic shock, investors overreact to the news either 

by buying (selling) the underlying stock with an exaggerated volume and thereby causing 

the stock price to rise (fall) too much compared to its estimated fundamental value. By 

buying (selling) a stock at this exaggerated pricepoint, a trader could earn significant 

abnormal returns. Chan (1988) also studied the contrarian investment strategies and 

argued that the contrarian investment strategy does only provide higher returns due to the 

higher risk faced on the market. In other words, he argues that the contrarian strategies 

would not enable excess returns, but only would be a representation of the classical 

financial theory where higher risk enables high returns. Still, if assuming that Lo’s (2004) 

argument on time-dependent risk and reward relation holds, one could say that it is possible 

that from time to time, opportunities for such contrarian investment strategies appear and 

then again vanish. 
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2.3. Summary of the Literature Review 

The constant evolution in the financial markets is as natural as the biological evolution 

happening amongst us. Passionate academics and greedy investors are the influencers of 

such development as they thrive on finding stronger evidence and risk-adjusted returns. 

(Lo, 2004) I can find substantial proof of a constant change as new anomalies are 

continuously being discovered by the academics, while investors are trying the take the 

advantage out of these idiosyncrasies of the market (Urquhart et al., 2016). While the 

market is saturated with technical traders, speculators, and innovative researchers, it is still 

difficult for some of the most conservative academics and investors to admit that there is a 

countless amount of evidence inconsistent with the EMH (Urquhart and Hudson, 2013).  

The AMH  by Lo (2004) helps to understand why the debate between supporters and critics 

of the technical analysis was heated, especially in the late 20th century. The arguments 

made in this debate by most of the researchers were probably too crisp as they should have 

been fuzzier. In other words, it should not have been an all-or-nothing condition whether 

the markets are efficient or not. The rise of technical trading strategies is consistent with the 

fuzzier AMH as most of the commonly known VMA trading rules' superior performance has 

declined through time (Taylor, 2013; Strobel et al., 2018). It is reasonable to consider that 

the anomalies found by researchers existed back in the days, but the adaptation of the 

market has drawn more competition and thus lowered the possibilities for higher profits (Lo, 

2012). 

Like in other industries, it has only been a matter of time until computers would take their 

place in the financial markets. The rise of algorithmic trading began already in the 1990’s 

helping investors to implement complicated strategies with less human labor tied to it. (Nuti 

et al., 2011) Reviewing the related literature, it is easy to justify, that the need for fully 

automated trading systems has derived from constantly evolving competition and the 

pressure to lowering costs while making better investment decisions (Hassan, Kumiega and 

Vliet, 2010; Nuti et al., 2011; Chaboud et al., 2014; Cooper et al., 2015). Since human labor 

is expensive and computers lack creativity, for now, it is natural that the more data there is, 

the greater the need for algorithmic trading.  This way, the repetitive execution process of 
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an investment strategy is left for computers to handle, and human decisionmakers have 

more time on the price discovery process. (O’Hara, 2003) 

Mean-reversion and momentum, on the other hand, are more complex to be proven 

statistically. As presented in the literature review both, mean-reversion and momentum 

seem to be existing phenomenons, albeit they are somewhat challenging to find substantial 

evidence of it (Fama et al., 1986, 1988; Chan, 1988; Miller et al., 2017). The issue seems 

complicated, but the general evolution theory, which seems to hold on the financial markets 

as well, gives hope to technicians. A large number of technical traders and the fuzz around 

algorithmic trading serve as some level of evidence of the predictability of stock returns, 

seeming that otherwise, competition and natural selection would force technical traders out 

of the market (Zarrabi et al., 2016). Also, the study of Strobel et al. (2018) is highly 

consistent with the link between serial correlation and performance of the strategies trying 

to benefit from it. As long as the financial markets are a product of humankind, biases of 

human decisionmaking exist. Investors who are more innovative and advanced will maintain 

and grow their position on the markets taking advantage of anomalies and phenomenons. 

(Lo, 2012) 

The consensus of this literature review is that occasional anomalies occur in the financial 

markets, where traders could take advantage of them by employing more innovative trading 

strategies such as the VMA trading rule. The Random Walk Model should not be wholly 

rejected, but I have to admit the predictable component of the stock market returns, such 

as serial correlation. Hence, there is a motivation for studying technical trading strategies, 

especially the VMA trading rules. Only the future will show whether these trading rules will 

maintain their position on the highly competitive financial markets or whether they are 

replaced by something else.  
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3. DATA AND METHODOLOGY 

This is an experimental study, since it is one of the few studies in empirical research in 

finance conducted with artificially generated data. The purpose of using artificial data lies in 

its controllability. While looking for variables affecting the performance of the VMA trading 

rules, I must ensure that I have control over the statistical environment. In real-world data, 

changes in the variables happen mutually. Thereby it is difficult to form solid arguments 

over a dataset, where I am unable to rule out all the unnecessary but still meaningful 

changes that take place meanwhile.  

The methodology part goes through all the necessary information about the tools used in 

this study. It begins with an introduction to the trading strategies used. The philosophical 

part of these strategies has already been discussed before. Thus, I will emphasize the 

trading execution in this section. I have a total of four strategies, where one of them is the 

conventional buy-and-hold strategy used as the benchmark of performance. The three other 

trading strategies are different VMA trading rules with various parameters used. The 

performance assessment of the strategies is introduced in this section, as well. Since I am 

seeking for favorable market conditions for VMA trading rules, I should clarify how 

performance is being evaluated. All of the performance metrics are explained further in this 

section. 

3.1. Data Simulation Process 

The primary data of this research is an artificially generated dataset that represents real 

stockmarket data as close as possible. In other words, the data replicate price movements 

of stockmarket securities with the difference, that the price changes can be manipulated 

before the generation with parameter setup. The simulation is done using Matlab. The 

dataset illustrated in table 1 has a total of 5 000 simulated daily stock return time-series that 

imitate ten years in time. Each simulated time-series has 2520 observations. Artificial data 

has not been used in many papers in the academic world of finance. Thus, you are reading 

through a true experimental paper in this area.  



 

 
35 

It is important to emphasize that although the data is artificially simulated, it is carefully done 

in a practice where it tries to replicate regular stock price time-series as much as possible. 

This replication is vital since otherwise, with a high probability, the findings could not be 

extended to a real-world scenario. Albeit the similarity of the time-series, it is not guaranteed 

that the findings could be used in a real-life situation. Only future research will show to which 

degree the findings of this study can be used in a real-world situation.  

3.1.1. Simulation parameters 

It is essential to monitor the descriptive statistics of the simulated time-series in comparison 

to real-life stock market returns to ensure similarity with real-world data. The benchmark 

descriptive statistics are obtained from the study of Strobel et al. (2018). Their paper covers 

1774 individual stocks from 18 indices on a timespan from January 1972 to December 2015. 

This dataset is an ideal benchmark for this study since their dataset is comprehensive 

enough and focused on rather new information. Depending on the index, the median of 

mean annual returns of stocks varies between 4.03 % and 10.58 %, averaging at 7.27 %. 

Likewise, the daily volatility varies between 1.81 % and 2,57 %, averaging at 2,08 %. 

(Strobel et al., 2018) Since the given numbers are only averages of stocks in a single index, 

an assumption can be made that the fluctuation between single stock values is much more 

dispersed. Hence, the volatility parameter (𝜎) is varying between 1 % and 4 %, so that the 

average daily volatility of all simulated time-series is close to 2.08 %. Also, the average 

annual return of all simulated time-series should be close to 7.27 %. The dispersion of 

returns is illustrated further in the empirical results in tables 5 & 6 in the form of minimum 

and maximum annual returns.   

Regarding serial correlation, the parameter setup gets more complicated. Going through 

papers studying the serial correlation of stock returns, one can find daily, weekly, monthly, 

or even yearly autocorrelation. Also, serial correlation has been found in other orders than 

only first-order as well. (Schwartz and Whitcomb, 1977; Fama et al., 1988; Levich et al., 

1993; Okunev et al., 2003; Anderson et al., 2012) Creating a complex simulation system 

with different number orders of serial correlation would lead to wide dispersion and 

eventually weak significance of the results. Since the most related research by Levich et al. 
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(1993), Okunev et al. (2003) Hong et al. (2015) and Strobel et al. (2018) suggest a first-

order autoregressive process, I find it natural to continue from where they left. Thus, the 

serial correlation in the simulations is fixed first-order with a varying magnitude between -

0.2 to 0.2 identical to the study of Hong et al. (2015). The findings of this study are limited 

exclusively to similar autoregressive processes. The parameters are further illustrated in 

table 1. 

Table 1. Autoregressive Process Simulation Parameters 
Simulations Obs. 𝜎 Order of 

autoregression 

AR 

5000 2520         

(10 years) 

0.01 - 0.04 1 0.2 - 0.2 

The simulated stock price returns are generated as follows. An initial set of 5 000 

autoregressive processes are generated in a loop based on the input variables illustrated 

in table 1. Volatility (𝜎) and magnitude of serial correlation (AR) are assigned as random 

floating-point numbers between the given minimum and maximum for each variable and 

each simulation loop separately. A large amount of simulation loops ensures that results 

are evenly distributed throughout the variability of input parameters. The length of each 

simulation is set to imitate ten years. The commonly accepted average of business days in 

a year is 252 days (Sullivan et al., 1999; Bajgrowicz et al., 2011; Zhou et al., 2019). As the 

findings of Strobel et al. (2018) suggest, a 44-year period is long enough to change market 

conditions significantly. Also, Levich et al. (1993) argue that in 15 years, the market 

conditions can change drastically, affecting the magnitude of serial correlation during that 

timespan. The findings by Anderson et al. (2012) suggest that a ten years period is enough 

to maintain similar market conditions to some extent regarding serial correlation. Thereby it 

would be hard to justify a timespan longer than ten years with a fixed amount of serial 

correlation.  A 10-year timespan is selected since it is long enough to enable reliable results 

but short enough to mimic more natural change of conditions. 
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3.1.2. Descriptive Statistics of Artificial Dataset 

After the initial simulation, the autoregressive processes are translated to simulated stock 

prices with a base value of 100. The prices are calculated by adding or deducting the effect 

of daily return from the previous price plus a trend factor. The trend factor is a fixed 

component, which is set in a way that the average return of all the simulation returns would 

eventually be close to the expected 7.27 %. The optimization is done by running the 

simulations multiple times with varying trend factor value. By analysing the somewhat linear 

relationship between the trend factor and average mean annual returns, the trend factor is 

set to 0.083. Finally, from the simulated stock prices with the added trend, the final stock 

price return simulations can be calculated. The needed statistics are further calculated from 

these returns. The descriptive statistics of the simulated stock price returns are introduced 

in table 2.  

Table 2. Descriptive statistics of simulated stock price returns. 
𝑟 𝜎 Skewness Kurtosis 

0.0723 0.0249 0.2936 4.0820 

The descriptive statistics indicate that the simulated stock price returns imitate real 

stockmarket returns as intended for this study. The mean annual return of the underlying 

time-series (𝑟) and the volatility (𝜎) reveal,  that the simulation came close to the data of 

Strobel et al. (2018). Also, looking at the other two of the traditional descriptive statistics of 

Skewness and Kurtosis introduced by Pearson (1905), we can interpret the following. The 

skewness of the population is slightly positive, meaning that the tail on the positive side is 

longer than on the negative side. This positive skewness is common for stockmarket returns 

(Singleton and Wingender, 1986; Peiró, 1998). The assessment made using the Kurtosis, 

indicates that the distribution of returns is slightly leptokurtic since 4,0820 is above three, 

which is the value for normal distribution (Pearson, 1905). This is often the case in stock 

market returns since most of the returns are close to zero making the distribution fat-tailed 

(Officer, 1972; Cont, 2001; Strobel et al., 2018). Running a regular Anderson-Darling test 

on the mean returns, I can reject the null-hypothesis for normal distribution of the population 



 

 
38 

with a test statistic of 8.56 (Anderson and Darling, 1952). This rejection of the null-

hypothesis is consistent with Pearson's (1905) Skewness and Kurtosis tests as well as the 

typical outcome of the test for normality for stockmarket returns (Officer, 1972). 

To conclude, I am confident to say that the data simulation process was successful based 

on the set criteria. The simulated stock price returns data seems to imitate real stock market 

data as intended. From here I will move on to introduce the trading strategies to be analyzed 

on this simulated dataset. 

3.2. The Strategies Under Analysis 

The performance differences are studied between four different strategies, where the first 

is a conventional buy-and-hold strategy.  The rest of the four strategies are simple VMA 

trading rules with different parameter setups. As already noticed by Brock et al. (1992), the 

parameters do need to be changed by human interaction, and they have serious 

consequences over the performance of the selected strategies. The parameter setups used 

in this study represent the most used ones and are discussed further in this section. The 

further analysis shall reveal how the performance between each of the three trading rules 

differs.   

All of the strategies are run on the same data. The VM trading rules generate trading signals 

based on price changes of the underlying security. In the case of the conventional strategy, 

the trading signal generation is even simpler and explained further in this section. The 

trading signals can be either 1 or -1. The first can be interpreted as a buy or hold full position 

signal. If the previous signal was 1, the system holds its position as it was. Otherwise, the 

system needs to buy and take a full position with all of its Assets Under Management (AUM). 

If the system sends out a -1 signal, it takes a short position and sells other positions if it had 

one. If the previous signal was -1, it holds the short position it already had. AUM of each 

strategy changes in relation to the position and the price fluctuation of the underlying 

security. Both AUM and prices are represented as US$. No cash is held in any of the 

strategies, and I assume that when selling a position, there is no cash transaction, but the 
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transaction is made between stock contract or a short selling contract with similar values. 

Since the focus of this study is on the performance of the strategies and their ability to 

benefit from the variables as mentioned earlier, I withheld from considering currency 

fluctuations.  

By running each strategy on the same data, I am able to calculate their daily and annual 

returns. From the returns of each strategy, I further calculate all the necessary statistics 

needed for performance analysis. More information about this calculation is presented later 

in this section in terms of performance metrics.  

3.2.1. The Conventional Buy-and-Hold Strategy 

The conventional strategy is simply a regular buy-and-hold strategy. As the world-famous 

investor David Tepper once said, “This company looks cheap, that company looks cheap, 

but the overall economy could completely screw it up. The key is to wait. Sometimes the 

hardest thing to do is to do nothing” (Batista, 2014, 93). By this, he probably meant that 

investing in stock markets, in general, has proven to be a remarkably profitable strategy, 

assuming that an investor was patient enough. The quote summarizes the so often met 

phenomenon where greedy investors are analyzing the markets continuously for better 

opportunities, although they had a good portfolio and only needed to wait in order to 

succeed in making excess profits (Lo, 2012). In other words, if they did hold their position 

through the ups and downs of the price fluctuations, they would eventually be rewarded.  

I obtained a dataset of S&P 500 daily and monthly closing prices to illustrate the importance 

of patience. The data was downloaded from Yahoo Finance, and I chose the S&P 500 index 

as it is one of the most used benchmark indices. Monthly returns are calculated simply from 

monthly prices, and annualized returns were calculated as geometric annualized returns. 

There are 481 observations in the dataset. In 40 years, from 30. Nov 1978 until 31. Dec 

2018, there have been 179 declining and 301 profitable months in the S&P 500. The US 

has suffered five separate recession periods during this timespan, where one of them was 

the Great Recession, which began in Dec 2007 (Hamilton, 2019). Still, after all the 

fluctuation of prices, the S&P 500 is averaging an astonishing 8,49 % annualized return 



 

 
40 

during the 40 years period. The return is well above the average index return, but still under 

the maximum found by Strobel et al. (2018). Many fund managers would be more than 

satisfied with such a performance of their strategies. The development of the S&P 500 index 

is further illustrated in figure 3.  

Figure 3. Development of the S&P 500 index in 40 years. 

Due to the great performance combined with the fact, that countless of other papers use 

the conventional buy-and-hold strategy as a benchmark as well, I will use this strategy as 

the benchmark (Brock et al., 1992; Hudson et al., 1995; Bajgrowicz et al., 2011; Olasolo, 

Pérez and Ruiz, 2016; Zarrabi et al., 2016). The conventional buy-and-hold strategy is also 

the easiest to employ. The strategy takes a one position on the selected security in the very 

first observation of the dataset. It holds its position through the timespan until the last 

observation. Since the strategy will always have a full position, the strategy returns are 

easily obtained directly as daily returns of the security itself. The conventional buy-and-hold 

strategy is simply referred to as the conventional strategy in the empirical results. 
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3.2.2. Variable-Length Moving Average 

The Variable-Length Moving Average trading rule (VMA) uses two variables, the short 

moving average (SMA) and the long moving average (LMA), to create trading signals. By 

comparing the movements of both variables, the method sends different signals to the user. 

(Brock et al., 1992) Furthermore, a VMA can nowadays be integrated into exchange 

markets so that it can directly execute specific actions depending on the signals (Chan, 

2013, 26). For example, a VMA rule can give either buy or short sell signals, and depending 

on the condition of the signal, make the wanted transaction immediately.  

The way of producing short and long moving averages depends closely on the underlying 

dataset. The traditional way is to use moving average combinations of different days (Brock 

et al., 1992). On the other hand, the financial world has been in a swift towards an even 

faster adaption and often use intraday moving averages, which needs a high-frequency 

dataset (Chan, 2013, 48). For this research, I focus on the more traditional moving 

averages, as I am dealing with daily data. The general idea of VMA based strategy is that 

whenever the short moving average penetrates the line of the long moving average, in other 

words, when SMA becomes higher (lower) than the LMA, it provides a 1 (-1) signal. The 

signal is left unchanged until the moving average lines cross again. This way, the VMA tries 

to predict possible momentum combined with mean-reversion in specific market conditions. 

(Brock et al., 1992) Figure 4 illustrates a VMA trading rule with a SMA of one day and a 

LMA of 200 days. The grey area indicates position one and the blank area the 

corresponding position -1. 
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Figure 4. Illustration of VMA (1,200) trading rule. 

Due to the illustrative purpose of figure 4, I have narrowed the timespan to half from the 

original 40-years, displaying the latter part. The vast majority of well-performing VMA trading 

rules in previous researches uses a short moving average of one day and a long moving 

average of 50-200 days. Although a one-day moving average equals the daily closing price, 

it is still called a moving average, since there should always be two moving averages when 

referring to as VMA trading rules. (Hudson et al., 1995; Bajgrowicz et al., 2011; Taylor, 

2013; Zhu et al., 2015) In this study, I test for the following three trading rules: (1,50), (1,150) 

and (1,200), where the first value is the short moving average, and the latter is the long 

moving average. To simplify, I shall refer to the three strategies as follows. The VMA 

strategies are referred to as VMA50, VMA150, and VMA200, where the number indicates 

the length of LMA since the SMA for all of the strategies is simply a one-day moving 

average.  

As mentioned earlier, this research does not consider transaction costs. Thus, the review 

of the returns of VMA trading rules needs to be done carefully. However, the transaction 
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costs would not be an issue regarding the conventional buy-and-hold strategy, since the 

number of one-way trades in fixed to one. It is assumed that short selling is possible in order 

to simulate a real investment strategy with high trading volumes and large portfolio size.  

3.3. Performance Analysis 

To be able to assess the performance of an investment strategy, one must have 

performance metrics. While looking at performance, it is essential to understand how the 

preferences of an individual might affect performance evaluation. (Fong, Parwada and 

Yang, 2018) Where one might be risk-averse and only invest in monthly compounding low-

risk obligations, others are free willingly taking risks by speculating over multiple highly 

volatile stocks. Thereby it is better to have a comprehensive selection of metrics where the 

reader can assess the performance using their preferences. The performance of each 

strategy is being evaluated with a simple backtesting method. 

Those familiar with performance evaluation know that there are many commonly used and 

easily justifiable metrics found in numerous papers studying the performance of investment 

strategies. (Sharpe, 1966; Brock et al., 1992; Bajgrowicz et al., 2011; Toikka, 2018) I will 

analyze performance in seven separate metrics. The first three performance metrics help 

to asses the profitability of each strategy. The riskiness is assessed as the minimum and 

maximum mean annual returns. I will also analyze risk-adjusted returns with Sharpe’s ratio. 

The two final metrics are the number of trades that occurred in each strategy and the 

average return per one-way trade. Counting the number of trades is common in technical 

trading as the rising amount of trades is going to affect the returns of a strategy through 

rising transaction costs (Hudson et al., 1995). Also, since I am not calculating the 

transaction costs, it is fair to announce the number of one-way trades that happened in that 

sense. Having these metrics calculated also enables academics to compare this research 

to its possible future peers. The description of each metric is summarized in table 3. The 

calculations behind each metric are discussed further in the text with the support of 

equations (1), (2) & (3).  
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Table 3. Performance Metrics  

  Metric Assesment Interpretation 

Y 
Equation (2) 

Profitability It indicates how the TTRs perform 
compared to the conventional 
strategy. 

The higher, the 
better. 

𝑟#$%&$'() 
Equation (1) 

Profitability Simply the average profitability for 
all of the four strategies 

The higher, the 
better. 

Success  
ratio 

Profitability Success ratio describes the 
percentage of how often the TTR 
was able to beat the conventional 
strategy. 

The higher, the 
better 

[Minimum  
Maximum] 

Dispersion The riskiness of strategy through 
the dispersion of annual returns. 

The lower the 
dispersion, the 
less risk. 

Sharpe 
Equation (3) 

Risk-
adjusted 
profitability 

Industry-standard ratio indicating 
the risk-adjusted profitability. 

The higher, the 
better. 

No. of Trades Cost 
analysis 

The number of one-way 
transactions. 

The lower, the 
better. 

Return per 
Trade 

Cost 
analysis 

The average return per trade 
should be well above transaction 
costs. 

The higher, the 
better. 

Firstly, it is obvious to compare returns between investment strategies. When looking at 

previous empirical research around performance, it is rather easy to say that profitability is 

often the first in line when assessing performance. Due to the nature of financial markets, I 

assess that the higher the returns, the better the strategy is performing. VMA trading rule 

returns (𝑟*+&) and conventional strategy returns (𝑟,), referred together as (𝑟#$%&$'()), are 

calculated as average returns compared to the previous day AUM. (Ross et al., 2013, 315-

317) The calculation of strategy returns is rather straightforward, and it is further illustrated 

in equation (1). The strategys return (𝑟#$%&$'()) are achieved through the computation of the 

daily return of the underlying time-series (𝑟) and the strategy position (𝑝𝑜𝑠). In other words, 
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if the strategy had a 1 (-1) position, the strategy return is the same (opposite) as the daily 

return of the underlying security. For the conventional buy-and-hold strategy the daily return 

of the underlying time-series (𝑟) equals the conventional strategy returns (𝑟,) since for this 

spesific strategy, position is always 1. 

𝑟#$%&$'() = 	𝑟	 × 	𝑝𝑜𝑠																																																																								(1)	 

From equation (1), I receive returns for each of the four strategies. The third performance 

metric is called the success ratio. The success ratio displays how often the VMA trading 

rule was able to beat the conventional strategy in terms of mean annual returns. For each 

simulation round, I count the mean annual returns for each of the four strategies. Finally, 

the mean annual returns are compared between the VMA strategies and the conventional 

buy-and-hold strategy. The ratio shows in percentage how often the returns of the given 

VMA trading rule was greater than the conventional strategy. 

In the empirical part of this research, I will run a regular linear regression where I test for 

statistically significant variables explaining the favorable conditions for VMA trading rules. 

In this statistical test, I include independent variables such as serial correlation and volatility. 

In order to achieve robust results from the regression, I must have control over the cause 

of possible profitability so that the returns of the conventional strategy (𝑟,)  does not 

correlate with the mean annual returns of VMA trading rules (𝑟*+&). The returns of the 

strategies are separated from each other. Further, the performance of VMA strategies is 

turned into a standardized ratio (𝑌), which is illustrated in equation (2). 

𝑌	 = 	 (𝑟*+& −	𝑟,	&*'%&(')	/	𝑟,	&*'%&('																																				(2) 

In equation (2), 𝑟,	&*'%&(' is the average of mean annual returns of similar input parameters. 

Secondly, 𝑟*+& tells how well the trading rule performed for each simulation. The rationale 

behind selecting average mean returns of all simulations (𝑟,	&*'%&(') is in narrowing the 

dispersion of Y. Comparing each simulation mean returns to the corresponding mean 

strategy returns would yield largely dispersed results with a significant number of outliers. 
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The interpretation is the following; whenever 𝑌 > 0  ( 𝑌 < 0 ), the VMA trading rule 

outperformed (underperformed) compared to the average mean returns of all conventional 

buy-and-hold strategies of the simulated dataset. The further 𝑌 sets above (below) zero, 

the better (worse) the relative performance of the trading strategy. Y is calculated for each 

of the three VMA strategies separately. To simplify, Y for each strategy is referred to as 

Y50, Y150, and Y200, where the number addresses the LMA of the underlying strategy.  

Analyzing profitability as a standalone metric would leave one only thinking about profits 

without any sense of risk attached to investing. Investing in the stock market always comes 

with risks of declining or even a complete loss of the AUM. Although there is no universally 

agreed metric over risk, higher variability of returns is traditionally associated with a higher 

risk in finance. The most used measures of variability are either variance or its square root, 

the standard deviation, which is often referred to as volatility. (Ross et al., 2013, 317-320) 

However, standard deviation will be the same for all the four strategies since they will always 

have either 1 or -1 position, and volatility, as a square root of variance, is always a positive 

value. This similarity would make standard deviation a useless metric while comparing the 

performance. Hence, minimum and maximum annual returns of the strategies will give a 

sense of dispersion and risk associated with the underlying strategy. 

Since I refer to the equilibrium asset pricing models where investors seek risk-adjusted 

profits, it is crucial to nominate some metrics describing this specific point of view. Already 

in the 1960s, Sharpe (1966) introduced the Sharpe ratio, which was a groundbreaking 

discovery to pricing assets under risk. Since then, this ratio has stabilized itself to be one of 

the most known industry standards as it takes into consideration profitability and risk 

(Sharpe, 1994). Thus, if I should select only one metric, the Sharpe ratio would be the most 

informative standalone metric due to its multidimensionality. (Ross et al., 2013, 320) The 

calculation method of the Sharpe ratio is illustrated in equation (3). 

𝑆ℎ𝑎𝑟𝑝𝑒	𝑟𝑎𝑡𝑖𝑜 = 	 𝑟#$%&$'() 	÷ 	𝜎																																																						(3) 

Looking at equation (3), one can make some interpretations already. The ratio will be 

positive (negative) if returns are going to be positive (negative) since the standard deviation 
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of daily returns of the strategy (𝜎), in other words, volatility, is always a positive value. Also, 

the higher (lower) the returns and the lower (higher) the standard deviation, the higher 

(lower) the ratio will be. Hence, it is easy to interpret that the higher the ratio, the better, 

since better returns and lower risk are both desired metrics and will make the ratio higher. 

In equation (3), 𝑟#$%&$'() is the mean annual returns, and 𝜎 is the standard deviation of daily 

returns of the given strategy. 

The two final performance metrics are associated with the cost analysis of the strategy. The 

higher (lower) the number of trades occurred through for a strategy, the more (less) costs 

would be caused through transaction costs. Although this study does not consider 

transaction costs, it is fair to announce the number of transactions so one can asses the 

cost-efficiency of the strategies themselves. The amount of trades is calculated by counting 

the number of changes in the position of a strategy. Whenever the position changes, a trade 

has to happen, and the amount of trades goes up. This metric is not used as often in general 

mutual fund performance evaluation, whereas in AT, it is a standard metric. The reason is 

evident since, in AT, significant amount of trades happen due to the nature of these trading 

strategies. Secondly, regarding costs, I introduce another metric, which might have an even 

more straightforward interpretation. It is calculated by dividing cumulative returns with the 

number of one-way trades. The average return for a one-way trade is simplistic; the return 

per trade should be well above the prevailing transaction costs. Should the average return 

per trade be well above, the transaction costs would not cut the profits too much.  

Albeit all the performance metrics are analyzed carefully, I must state that more emphasis 

is put on the ratio Y than on other metrics. The ratio Y is essential in studying the profitability 

of VMA trading rules, where the fundamental and perhaps undesirable growth or decline of 

the underlying stock is dissolved. Also, the linear regressions presented later are employed 

with Y as the dependent value. 

3.3.1. Backtesting 

When implementing technical trading strategies, such as the VMA trading rules, into live 

trading, backtesting can be seen as a tool for evaluating the performance of the trading 



 

 
48 

strategy. Backtesting is a rather simple method of feeding historical data to the generated 

trading rule with the naive assumption that history will most likely repeat itself to some 

extent. Further, it is believed that if the backtesting pointed out the good performance on 

specific data, the same trading strategy would most likely perform well in the future as well. 

(Chan, 2013, 2)  

While backtesting can be seen as an irreplaceable tool for testing the performance of trading 

strategies, it carries many pitfalls within. Chan (2013, 3-11) introduces the most harmful 

pitfalls, whereas, for this research, I only consider data snooping bias and look-ahead bias. 

As already mentioned in the literature review, data snooping can be seen as a rather big 

issue related to technical trading and backtesting. When a trading strategy is being 

constructed using a given dataset, the dataset often tends to affect the generated strategy. 

In other words, the model is generated so that it yields the best performing results for the 

given dataset. (Lo et al., 1987) There are several methods on how to control for data 

snooping bias, while the most general is out-of-sample data. With out-of-sample data, it is 

possible to backtest the trading strategy with different data samples to prove their 

performance. Another way of controlling data snooping bias is to divide the given dataset 

into subperiods. (Zarrabi et al., 2016) When considering this study, I must see the data 

snooping issue from a different angle as I am free willingly seeking favorable conditions. 

The artificial dataset is assumed to reveal favorable conditions for VMA trading rules. Since 

arguments supporting the rejection of the hypotheses of this study have been made earlier 

by Strobel et al. (2018), I believe that the findings of this research can be extended to an 

out-of-sample real-world scenario to some extent. It is advised to the peers to study further 

whether they can benefit from the arguments while expanding to out-of-sample data. 

Look-ahead bias is another crucial issue in backtesting. Look-ahead bias appears when the 

strategy is using future information for the decisions made at a given time. (Chan, 2013, 4) 

For example, if using closing prices of a stock to create buy and sell signals, there is a look-

ahead bias as the transaction should be made before the closing price exists. For this 

research, I assume that the trading strategies receive their closing prices just before the 

exchange platform closes and can execute the transaction with the given closing price 

without transaction costs or transaction time. This assumption is naive, as in real-life 

situations, the orders could not be filled with the exact price and time with high probability. 
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However, numerous similar papers overlook the issues caused by look-ahead bias, arguing 

that for a frequently traded stock exchange, trade execution should not be an issue 

regarding TTRs. Also, since the actual closing price is close to the price of couple minutes 

before closing, this assumption of overlooking look-ahead bias is justified since the system 

can create a trading signal before the exchange closes for the day. (Marshall and Cahan, 

2005; Chaboud et al., 2014) Hence, the look-ahead bias should not be an issue regarding 

this study. 

3.4. Empirical Analysis 

Since I am performing an empirical study, I am also able to test for the statistical significance 

of the results. However, for some of the performance metrics, it is not necessary to take 

analysis any further than rational numerical inspection due to their practical nature. Thereby 

I am performing a numerical review on Success ratio, Sharpe ratio, Minimum-Maximum, 

Number of Trades, and Average Return per Trade. However, regarding the ratio Y and 

Mean Annual Returns, I can test for statistical significance. For significance tests, I use the 

standard two-sample T-test and a regular linear regression. 

3.4.1. Two-Sample T-Tests 

It is essential to check if there lays a difference in the two samples of 𝑟*+& and 𝑟,. To test 

for a statistical difference between these two samples, I employ a simple two-sample T-test 

to test for null-hypothesis H0: The mean of the two samples is the same. Where the 

alternative hypothesis is H1: The mean of two samples is statistically different. For the T-

tests, I test significance at two different confidence levels: 95 % (*) and 99 % (**). If H0 is 

not rejected, one can question if it makes sense to interpret the regression analysis results 

since the trading strategies are not making any impact in contrast to the conventional buy-

and-hold strategy. Otherwise, where the null-hypothesis is rejected, I can move to analyze 

the results of the regression models. 
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3.4.2. Linear regression 

The linear regression analysis helps to analyze the relationship between the dependent and 

independent variables. The linear regression model is illustrated in equation (4). Similarly, 

in the linear regression analysis, I test the significance of coefficients at two different 

confidence levels: 95 % (*) and 99 % (**). 

𝑌	 = 	𝛽F 	+	𝛽H𝑥H +	𝛽J𝑥J 	+	𝜀L																																							(4) 

𝑥H = Magnitude of serial correlation 

𝑥J = 𝜎  

𝑌	= (𝑟*+& −	𝑟,	&*'%&(')	/ 𝑟,	&*'%&(' 

𝛽N = Coefficient 

𝜀L = Error term 

The magnitude of serial correlation (𝑥H) comprises the orientation and magnitude of serial 

correlation in the autoregressive process. In other words, the magnitude is presented as 

the coefficient of the autocorrelation function, where the orientation indicates whether 

positive or negative serial correlation is prevailing. The magnitude of serial correlation 

equals value preset in the simulation phase. Similar to serial correlation, volatility (𝑥J)	is 

equal to the preset volatility parameter in the simulation phase. In other words, volatility is 

the daily standard deviation of the underlying simulated stock price time-series. The 

simulation parameter is the same as the value that could be calculated from the simulated 

returns. Hence, there is no need to calculate these values from the return time-series 

separately. The linear regression analysis focuses on estimated coefficients and their test 

statistics. Similarly, I am analyzing the Adjusted R-Squared, which helps to asses the 

goodness of fit of the model. At this point, it is also important to emphasize that stockmarket 
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returns time-series are often non-normal (Officer, 1972; Peiró, 1998). In financial research, 

the assumption for normality is often overlooked (Peiró, 1998). Thereby in this study, I am 

not putting too much emphasis on the assumptions for normality. This assumption means 

that the results of the tests should be interpreted carefully. 

The study consists of three different scenarios — one with solely positive serial correlation 

of returns, and another similarly with only negative serial correlation. The third has the first 

two combined with both positive and negative serial correlation of returns. The latter is a 

scenario more likely found in a real-world situation. The linear regression analysis is 

employed for each of the three VMA trading rules returns separately. Hence, a total of nine 

linear regressions models are employed for different purposes. The outcomes of these 

models are appended and later referred to in empirical results. The reason to have a total 

of nine models is in analyzing the effect in different market conditions. All of the regressions 

have the following hypotheses. H0: The estimated coefficients are zero, and the alternative 

hypothesis H1: at least one of the coefficients is significantly different from zero. In other 

words, I expect to reject the null-hypothesis regarding each analysis. The significance of 

results is indicated for 95 % (*) and for 99 % (**) confidence levels. Next, the outcome of 

these hypotheses is discussed in empirical results. 
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4. EMPIRICAL RESULTS 

The empirical results are derived from the simulated data, where the analysis is based on 

the methodology introduced in section three. The study is conducted using Matlab for 

simulation as well as for the empirical analysis. A total of 5 000 simulated time-series are 

used to compile this study. This artificially generated dataset, imitating stockmarket returns, 

is backtested with four different strategies. The returns of these four strategies, three VMA 

strategies, and a conventional buy-and-hold strategy, are compared to each other resulting 

in findings that expose some of the determinants behind the performance of VMA trading 

rules.  

The results are presented in three parts. Firstly, I will present general findings with a broader 

scope and all data in use. The latter two parts focus on the effects of positive and negative 

serial correlation separately over the performance of VMA trading rules. The reasoning 

behind the decision to divide the analysis of serially correlated time-series into positive and 

negative lays in significant differences between the two. For the latter parts, the full data of 

5000 simulations have been divided into two separate datasets. The division is done by 

sorting the data by orientation and magnitude of serial correlation so that the result is two 

datasets, one including only simulations with positive serial correlation and one with only 

negative serial correlation. The two alternative datasets are somewhat equal in size, where 

the positive dataset has 2494 observations, and the negative dataset has 2506. The linear 

regression models employed for the three datasets, and each VMA trading rule separately 

are summarized in table 4. The empirical results indicate that the performance of VMA 

trading rules is positively correlated with the magnitude of serial correlation. In other words, 

the results indicate that the higher the magnitude of positive (negative) serial correlation is, 

the more (less) favorable the conditions are for VMA trading rules in comparison to the 

conventional strategy. However, the regression test for negative and positive serial 

correlation datasets show significant differences between estimated coefficients for 

volatility. In the table, the second column indicates which dataset was used for each linear 

regression model. Since this part focuses on all the data, I will come back to this difference 

later in the latter parts of empirical results. 
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Table 4. Summary of Linear Regression Models 

 Data 𝛽H  tStat 𝛽J  tStat R-Squared 

VMA50 

All 16.86 (70.23)** -15.39 (-4.87)**  0.498 

Positive 17.74 (28.38)** 56.61 (13.75)**  0.281 

Negative 17.33 (26.43)** -87.92 (-20.25)**  0.303 

VMA150 

All 9.76 (42.48)** -33.62 (-11.11) **  0.279 

Positive 10.22 (16.84)** 12.24 (3.06)**  0.104 

Negative 10.46 (15.92)** -79.89 (-18.36)**  0.188 

VMA200 

All 8.59 (37.47) ** -41.27 (-13.67) **  0.243 

Positive 9.14 (14.80)** 0.00 (0.00)  0.080 

Negative 9.48 (14.59)** -82.94 (-19.26)**  0.186 

Running the regression analysis for all of the data, using the model presented in equation 

(4), yields highly significant evidence as expected. The results of the three linear 

regressions for all the data are visible in appendix 1. The estimated coefficients for the 

magnitude of serial correlation (𝛽H) are positive, ranging from 16.86 (70.23) for VMA50, 9.76 

(42.48) for VMA150, and 8.59 (37.47) for VMA200. The value in the parenthesis indicates 

the corresponding test statistic. Interestingly the performance of VMA50 seems to be much 

more sensitive to changes in the magnitude of serial correlation. Also, the test statistic 

(tStat) seems to lower consistently, similar to the coefficient when moving from VMA50 to 

VMA150 and VMA200. This lowering test statistic is consistent with the Adjusted R-Squared 

(R-Squared) of the models where the values are 0.498 for VMA50, 0.279 for VMA150, and 

0.243 for VMA200. The interpretation could be that the shorter the LMA, the more sensitive 

the strategy would be to changes in serial correlation. Also, it seems that for longer than 50 

days LMA, serial correlation seems to have less explanatory power. The model for VMA50 

seems to capture a vast amount the variability, but for VMA150 and VMA200, the models 

present less robust evidence.  

Volatility seems to have an opposite effect than serial correlation in the models where all 

the data is included. The performance of the underlying trading rules seems to decay 

whenever volatility is rising. The estimated coefficients (𝛽J) are -15.39 (-4.87) for VMA50, -

33.62 (-11.11) for VMA150 and -41.27 (-13.673) for VMA200. Interestingly both, the 
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coefficients and the test statistics are developing in the opposite direction than for serial 

correlation. At this stage of the analysis, it seems that rising volatility has a declining effect 

over the performance of VMA trading rules. However, the latter analysis with separate 

models for positive and negative serial correlation reveals that volatility seems to amplify 

either the positive or negative effect of serial correlation. Although based on the estimated 

coefficients, Y seems to be slightly more sensitive to changes in volatility than serial 

correlation, rational thinking reveals that serial correlation could have a stronger impact on 

Y in overall. The dispersion in volatility is often much narrower than in serial correlation. 

Since the magnitude of serial correlation is likely to vary between -0.2 and 0.2 where the 

corresponding span for volatility is around 0.01-0.04, I am confident arguing that serial 

correlation can ultimately have a stronger impact on Y through the coefficients. (Strobel et 

al., 2018) Similarly, as the following analysis reveals that volatility is rather an element 

amplifying the orientation of profitability, serial correlation seems to have a much more 

severe effect over the profitability of the VMA trading rules. 

All of the three hypotheses set in the introduction are rejected with great significance at this 

stage. The magnitude of serial correlation seems to have a significant positive correlation 

with the performance of the studied strategies. Thus, I can reject the first hypothesis of this 

study, at least regarding the most important performance metric, Y. These results are 

consistent with the findings by Levich et al. (1993), Okunev et al. (2003), Hong et al. (2015), 

and Strobel et al. (2018). Also, volatility can be negatively correlated with the performance 

of the underlying strategies under certain conditions. This leads to the rejection of the 

second hypothesis of this study. Likewise, the two-sample T-tests illustrated later in column 

5 of tables 5 & 6 show the rejection of the third hypothesis, indicating that the performance 

of VMA trading rules is not correlated with the returns of the conventional strategy. The 

rejection of the three hypotheses relies on the performance metric Y at this point. The rest 

of this section provides more evidence regarding the rest of the performance metrics. The 

most relevant results are embedded as tables in the text where the rest of the analysis, 

such as linear regression models, are appended. Finally, the results are further discussed 

at the end of this section before moving to the conclusions. 
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4.1. Momentum Enabling Enhanced Profitability 

This part focuses on analyzing the behavior of TTRs under positive serial correlation. The 

alternative dataset used in this analysis only contains simulations where the magnitude of 

serial correlation is equal to or more than zero. In other words, I am studying how 

momentum of stock price returns affects the performance of VMA trading rules. The results 

of the linear regression models for data with positive serial correlation are visible in appendix 

2. The summary of the nine linear regression models is visible in table 4 above. 

The difference between estimated coefficients obtained from the full dataset, and this 

alternative dataset reveals crucial information on the effect of volatility over the dependent 

variable Y. However, to maintain consistency in the analysis, I will first interpret the 

coefficients of serial correlation. Coefficients for serial correlation in this scenario are 17.74 

(-28.38) for VMA50, 10.22 (16.84) for VMA150 and 9.14 (14.80). The coefficients are rather 

similar to the earlier findings with full data except for the test statistics, which are lower for 

each model. The lower test statistic seems to affect the goodness of fit of the model since 

the R-Squared is consistently lower compared to the models with data. The interpretation 

is that for the data with positive serial correlation, the models seem to have less explanatory 

power. This could be due to the restriction of observations to half from the original. 

The major difference between the models can be found in the coefficients of volatility. Unlike 

for all the data, for positive serial correlation data, the estimated coefficients for volatility are 

positive except for the VMA200. The estimated coefficients are 56.61 (13.75) for VMA50, 

12.24 (3.06) for VMA150 and 0.00 (0.00) for VMA200. The effect of volatility is found 

insignificant for VMA200. However, for Y50, volatility seems to have a major positive effect, 

which was the opposite for all the data. This finding is consistent with the findings by (Zarrabi 

et al., 2016) as they argued that the more volatility there is, the shorter the LMA should be. 

Further analysis reveals that for the data with only negative serial correlation, volatility has 

a significant negative impact. The interpretation is that serial correlation is always positively 

correlated with Y, where volatility works as a coefficient magnifying the effects of serial 

correlation. While looking at the sensitivity of different VMA trading rules to the underlying 
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market conditions, it is evident that at least with the parameters used in this analysis, the 

shorter the LMA, the higher the impact of market conditions. This finding is highly consistent 

for the data with positive serial correlation, since the interpretation of the estimated 

coefficients, test statistics, and R-Squared, is similar. In other words, VMA50 is much more 

sensitive to changes in serial correlation and volatility than VMA150 or VMA200. Consistent 

interpretation can be made from Table 5, where the rest of the performance metrics are 

displayed.
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Table 5. Performance of Strategies and Positive Serial Correlation 

AR 𝜎 Strategy Y 𝑟#$%&$'() Success 
ratio 

Min - Max 
return Sharpe No. Of 

Trades 
Return per 
trade Obs. 

0.000 - 
0.049 

0.010 – 
0.019 

Conv. - 0.092 - [-0.069 0.259] 6.3 - - 

207 
VMA50 -0.7 0.020** 0.18 [-0.202 0.245] 1.4 95 0.003 
VMA150 -0.8 0.017** 0.15 [-0.316 0.213] 1.3 54 0.006 
VMA200 -0.7 0.020** 0.17 [-0.256 0.184] 1.5 46 0.008 

0.020 –  
0.029 

Conv. - 0.071 - [-0.129 0.423] 2.9 - - 

219 
VMA50 -0.8 0.013** 0.35 [-0.399 0.437] 0.5 96 0.003 
VMA150 -1.1 -0.007** 0.28 [-0.538 0.293] -0.3 57 -0.003 
VMA200 -1.3 -0.019** 0.26 [-0.428 0.332] -0.7 50 -0.002 

0.030 – 
0.040 

Conv. - 0.054 - [-0.187 0.572] 1.6 - - 

217 
VMA50 -0.5 0.034* 0.47 [-0.533 0.648] 0.9 95 0.006 
VMA150 -1.1 -0.009** 0.37 [-0.443 0.529] -0.3 56 -0.004 
VMA200 -1.2 -0.017** 0.32 [-0.477 0.456] -0.5 49 -0.004 

0.050 - 
0.099 

0.010 – 
0.019 

Conv. - 0.097 - [-0.104 0.315] 6.6 - - 

219 
VMA50 -0.2 0.057** 0.32 [-0.175 0.249] 3.8 90 0.007 
VMA150 -0.4 0.042** 0.25 [-0.169 0.249] 2.9 51 0.012 
VMA200 -0.5 0.039** 0.21 [-0.165 0.243] 2.7 44 0.014 

0.020 –  
0.029 

Conv. - 0.072 - [-0.113 0.372] 2.9 - - 

187 
VMA50 -0.1 0.068* 0.47 [-0.257 0.411] 2.7 92 0.009 
VMA150 -0.4 0.040** 0.38 [-0.336 0.370] 1.6 53 0.012 
VMA200 -0.6 0.029** 0.40 [-0.284 0.330] 1.2 47 0.012 

0.030 – 
0.040 

Conv. - 0.080 - [-0.170 0.474] 2.3 - - 

208 
VMA50 0.8 0.127** 0.60 [-0.341 0.581] 3.6 90 0.016 
VMA150 -0.3 0.049* 0.46 [-0.363 0.572] 1.4 54 0.016 
VMA200 -0.6 0.028** 0.38 [-0.425 0.486] 0.8 47 0.015 

0.100 - 
0.149 

0.010 – 
0.019 

Conv. - 0.088 - [-0.059 0.262] 6.2 - - 

236 
VMA50 0.3 0.092* 0.54 [-0.148 0.407] 6.2 86 0.012 
VMA150 -0.1 0.062** 0.34 [-0.132 0.283] 4.2 49 0.016 
VMA200 -0.2 0.059** 0.33 [-0.122 0.279] 4.1 41 0.019 

0.020 –  
0.029 

Conv. - 0.081 - [-0.136 0.436] 3.3 - - 

202 
VMA50 1.0 0.148** 0.65 [-0.223 0.463] 5.9 85 0.019 
VMA150 0.1 0.077* 0.49 [-0.256 0.426] 3.1 51 0.021 
VMA200 -0.1 0.064* 0.46 [-0.298 0.384] 2.6 44 0.024 

0.030 – 
0.040 

Conv. - 0.058 - [-0.199 0.403] 1.7 - - 

200 
VMA50 1.7 0.198** 0.77 [-0.350 0.925] 5.7 86 0.025 
VMA150 0.2 0.090* 0.57 [-0.379 0.666] 2.5 51 0.026 
VMA200 0.0 0.072* 0.53 [-0.340 0.599] 2.0 45 0.026 

0.150 - 
0.200 

0.010 – 
0.019 

Conv. - 0.091 - [-0.086 0.300] 6.4 - - 

221 
VMA50 0.9 0.141** 0.67 [-0.034 0.371] 9.5 80 0.019 
VMA150 0.1 0.080* 0.39 [-0.129 0.325] 5.4 48 0.020 
VMA200 0.0 0.074* 0.36 [-0.134 0.383] 5.1 40 0.025 

0.020 –  
0.029 

Conv. - 0.074 - [-0.153 0.423] 3.0 - - 

182 
VMA50 2.2 0.233** 0.84 [-0.093 0.627] 9.1 81 0.031 
VMA150 0.7 0.126** 0.59 [-0.179 0.600] 4.9 47 0.033 
VMA200 0.4 0.101* 0.48 [-0.183 0.493] 3.9 42 0.033 

0.030 – 
0.040 

Conv. - 0.057 - [-0.216 0.392] 1.7 - - 

196 
VMA50 2.7 0.271** 0.84 [-0.255 0.792] 7.5 83 0.035 
VMA150 0.7 0.124** 0.64 [-0.266 0.711] 3.4 49 0.033 
VMA200 0.3 0.095* 0.53 [-0.306 0.578] 2.6 43 0.035 

Mean     0.01 0.074 0.45 [-0.241 0.433] 3.3 62 0.017 208 
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Table 5 contains a summary of all the performance metrics for each of the four strategies 

under positive serial correlation. The simulations are grouped by the magnitude of serial 

correlation (AR) and volatility (𝜎) so that each group has approximately 200 observations. 

A total of 12 groups enables a practical analysis of the performance of each strategy under 

different simulated market conditions. Columns 4, 6, 9, and 10 are left blank regarding the 

conventional strategy since these statistics are not desired. Y and success ratio are only 

calculated for performance analysis of the VMA trading rules. Similarly, there is no reason 

to display the number of trades since the conventional buy-and-hold strategy would only 

have one transaction in the beginning. Hence, the return per trade would also be the 

cumulative returns of the strategy. The interpretation is that for the conventional strategy, 

transaction costs are insignificant since the number of one-way trades is always one. 

Profitability metrics are displayed in columns 4, 5, and 6. The significance of the two-sample 

T-test is indicated in column 5 as mean annual returns (𝑟#$%&$'()), where the first sample is 

the returns of the conventional strategy for the specified market conditions, and the second 

is the corresponding VMA trading rule returns. The interpretation is highly consistent, 

showing that VMA50 seems to outperform VMA150 and VMA200 in most of the cases. 

VMA200 seems to be the worst-performing TTR, at least for the parameters of this study. 

The findings from all of the profitability metrics are consistent with the results of the linear 

regressions, showing the positive correlation of the performance of VMA trading rules with 

the magnitude of serial correlation. The table also reveals the positive correlation between 

volatility and performance of VMA trading rules, at least for positive serial correlation. 

Especially the success ratio of each strategy seems to have a strong positive correlation 

with both of the independent variables. However, the statistics show that if the magnitude 

of serial correlation is below 0.049, the effect of volatility turns to the opposite direction 

meaning that higher volatility translates to worse performance of VMA trading rules, at least 

when considering VMA150 and VMA200. The expected, but the salient fact is also that 

higher (lower) volatility translates to declining (rising) performance of the conventional 

strategy. Thereby I can also interpret that volatility could be used as a measure of risk. 

Overall, the performance of VMA trading rules is rather weak compared to the conventional 

strategy. Albeit most of the annual returns of the strategies are positive, VMA strategies 

require particular market conditions in order to be outperforming the conventional strategy. 
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In most cases, whether the VMA trading rule outperformed or underperformed compared to 

the conventional strategy, there are significant differences between the returns. With the 

magnitude of serial correlation above 0.1, the VMA50 seems to be outperforming the 

conventional strategy consistently. With a high magnitude of serial correlation and volatility, 

VMA50 seems to be performing superior. However, VMA150 and VMA200 require the 

magnitude to be over 0.15 in order to outperform the conventional strategy. The relation 

between the success ratio and annual returns is somewhat consistent. However, there are 

samples where the success ratio is under 50 %, but the TTRs were able to outperform the 

conventional strategy in terms of mean annual returns. This could be due to dispersion. In 

other words, whenever the VMA trading rules outperformed (underperformed) compared to 

the conventional strategy, the gap between the annual returns of the two was more 

significant than in the opposite situation, where the conventional strategy outperformed 

(underperformed) compared to the VMA trading rule.  

Analyzing column 7, where the first value indicates the minimum annual return of the 

specified sample, and the second value indicates the corresponding maximum, reveals the 

high dispersion of VMA trading rule returns. In most simulation conditions, minimum and 

maximum set further away from zero with the VMA trading rules. There are some 

exceptions, though, where the minority of them appears on the minimum side. The minimum 

is closer to zero only in VMA50 when the magnitude of serial correlation is above 0.15 and 

volatility under 0.029. The possibility of outliers can not be eliminated since minimum, and 

maximum only describe a single observation. However, on the maximum side, there 

appears to be a trend. Whenever serial correlation is under 0.099, the maximum of the VMA 

trading rules seems to be closer to zero when compared to the conventional strategy. The 

interpretation out of the minimum and maximum should be made carefully due to the 

possibility of outliers. Still, the findings indicate that the dispersion between returns of the 

conventional strategy and the trading rules is evident in most of the simulation conditions. 

Thereby the risks seem to be higher when utilizing VMA trading rules compared to the 

conventional strategy since a wider dispersion can be interpreted as higher risk. Similar to 

the earlier interpretation, volatility can be used as a measure of risk in the sense of minimum 

and maximum as well. The minimum and maximum for all of the strategies seem to set 

further away from zero whenever volatility rises. 



 

 
60 

With higher risk, there is often the possibility for higher returns as well. The Sharpe ratio in 

column 8 illustrates the risk-adjusted profitability for each strategy. Whenever the 

magnitude of serial correlation is below 0.149, the Sharpe ratio seems to be higher for the 

conventional strategy than for the VMA trading rules consistently. However, as the 

magnitude of serial correlation raises above 0.1, VMA50 seems to outperform the 

conventional strategy in terms of risk-adjusted profitability. Also, in some infrequent 

scenarios at the bottom side of the table, the VMA150 and VMA200 can outperform the 

conventional strategy similarly. The findings are consistent with the profitability analysis 

indicating that VMA50 seems to perform superior in comparison to VMA150 and VMA200. 

However, with a shorter LMA, VMA50 strategy also needs to execute more trades than its 

corresponding strategies. Column 9 displays the differences between the number of trades 

the strategy had to execute. When comparing the statistics between the three strategies, 

the 50-day LMA translates to the highest amount of trades. In fact, the amount of one-way 

trades seems to be almost double in comparison to VMA200. As expected by the rather 

long LMA, VMA150 seems to set quite close to VMA200 with slightly more frequently 

occurring trades. In ten years, none of the strategies seem to perform too many trades. 

Less than ten one-way trades in a year, not to mention less than five, is a manageable 

amount, mainly because technical analysis often comes with more transactions than a 

fundamental analysis (Bajgrowicz et al., 2011). 

Column 10 enables a broader analysis of the costs of the VMA trading rules. The return per 

trade should be well above the prevailing transaction costs. The analysis shows that in the 

upper part of the table, the return per trade is rather small, ranging between -0.4 % - 0.8 %. 

As already mentioned, this study does not consider transaction costs. Thereby I am not 

going to argue what should be a reasonable return per trade in order to cover the transaction 

costs. However, as the trend seems to be so that the lower part of the table has significantly 

higher return per trade, I can interpret that the higher (lower) the magnitude of serial 

correlation and volatility, the lower (higher) amount of trades. Similarly, the higher (lower) 

the magnitude of serial correlation and volatility are, the higher (lower) the expected returns 

of VMA trading rules are. This finding is consistent with all of the three VMA trading rules 

but especially for VMA50. Thereby I am confident saying that regarding profitability and 

transaction costs, a higher magnitude of serial correlation and volatility is better. 
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To conclude the outcome from the simulated data with positive serial correlation, I can 

interpret consistent findings to Levich et al. (1993), Okunev et al. (2003) Hong et al. (2015) 

and Strobel et al. (2018) arguing that serial correlation and volatility has positive correlation 

with the performance of VMA trading rules when compared to the conventional strategy. 

The findings are highly consistent regarding a wide span of performance metrics. The 

studied VMA trading rules seem to start outperforming the conventional strategy on a 

general level only after a significant amount of positive serial correlation. In other words, the 

short-term momentum seems to be critical regarding the performance of strategies utilizing 

VMA trading rules, and especially for the VMA50. The results show a high level of 

significance, albeit the goodness of fit statistic seems to be lower compared to all of the 

data. Volatility amplifies the effect of serial correlation mostly for VMA50, but also slightly 

for VMA150. The VMA50 performs superior on most ¨of the performance metrics in 

comparison to VMA150 and VMA200. On a general level, it only underperforms in terms of 

the number of trades as well as return per trade. However, this is as expected since shorter 

LMA should translate to more transactions (Hudson et al., 1995; Strobel et al., 2018). The 

performance metric analysis further supports the rejection of the three hypotheses of this 

study. The two-sample T-tests give evidence over differences between the profitability of 

TTRs and the conventional strategy. Also, the data from table 4 show similar proof of the 

effects of serial correlation as well as volatility over the performance of the studied VMA 

trading rules. 

4.2. Mean-Reversion and Declining Performance of VMA trading rules 

The final stage of the empirical analysis is analyzing such simulated conditions, where only 

negative serial correlation is prevalent. The analysis is conducted in an identical practice to 

the earlier analysis of positive serial correlation. This alternative dataset, which contains 

only simulations with negative serial correlation, has 2506 observations. I will firstly interpret 

the linear regression models visible in Appendix 3. The summary of the linear regression 

models is illustrated in table 4 above. 
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The coefficients for serial correlation seem somewhat similar to the corresponding models 

employed on both of the other datasets. Similarities can be found in the test statistics as 

well since the test statistic ran on half of the data seem to yield somewhat identical values 

as expected. The coefficients and test statistics of serial correlation is strong evidence of 

the linear relationship between the dependent variable Y and the magnitude of serial 

correlation. The lowering goodness of fit could again be explained by the lower test statistic 

of the coefficient of serial correlation. Though the lowering R-Squared is evident compared 

to all of the data, there might be a rather simple explanation to it. Since the magnitude of 

serial correlation has such a strong positive correlation with the dependent variable Y, 

restricting the amount dispersion of serial correlation to half could explain the declining test 

statistic and goodness of fit. Hence, I am not too concerned about the lowering goodness 

of fit. Future research shall show whether the goodness of fit will rise when widening the 

dispersion of serial correlation to a stronger magnitude. Regarding this study, this is not 

desired since the simulated data is trying to imitate real-world stock market data, where 

such magnitudes of serial correlation would be extremely uncommon. Still, the goodness of 

fit statistics are higher than for the data with positive serial correlation, since the R-Squared 

is 0.303 for VMA50, 0.188 for VMA150 and 0.186 for VMA200. 

The coefficients of volatility are again engrossing. The estimated coefficients for volatility 

are -87.92 (-20.25) for VMA50, -79.89 (-18.36) for VMA150, and -82.94 (-19.26) for 

VMA200, which are much more impactful in terms of the coefficients as well as the test 

statistics when compared to the two other datasets. All of the coefficients and their test 

statistics are somewhat similar, which indicates that at some point in the span of serial 

correlation, the effect of volatility turns negative and is rather fixed after that point. The 

raised goodness of fit is probably caused by the rising test statistic of the estimated 

coefficient of volatility. The interesting finding is that albeit for the positively serially 

correlated data, the effect of volatility seemed to decay when moving to longer LMA, a 

similar effect is not visible when negative serial correlation is prevalent. Vice versa, the 

effect of volatility is strong and stable in this scenario. Further, the other performance 

metrics for data with negative serial correlation is visible in table 6.
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Table 6. Performance of Strategies and Negative Serial Correlation 

AR 𝜎 Strategy Y 𝑟#$%&$'() Success 
ratio 

Min - Max 
return Sharpe No. Of 

Trades 
Return per 
trade Obs. 

-0.200 -         
-0.151 

0.010 – 
0.019 

Conv. - 0.090 - [-0.089 0.212] 6.3 - - 

214 
VMA50 -2.6 -0.117** 0.01 [-0.336 0.119] -7.6 113 -0.010 
VMA150 -1.8 -0.058** 0.02 [-0.310 0.148] -3.7 66 -0.007 
VMA200 -1.6 -0.045** 0.03 [-0.264 0.141] -2.8 56 -0.005 

0.020 –  
0.029 

Conv. - 0.068 - [-0.081 0.231] 2.8 - - 

221 
VMA50 -4.1 -0.224** 0.01 [-0.648 0.086] -8.9 116 -0.018 
VMA150 -2.9 -0.14** 0.05 [-0.500 0.163] -5.6 68 -0.017 
VMA200 -2.8 -0.129** 0.05 [-0.416 0.282] -5.1 60 -0.017 

0.030 – 
0.040 

Conv. - 0.047 - [-0.189 0.302] 1.3 - - 

197 
VMA50 -5.5 -0.324** 0.05 [-0.946 0.140] -9.0 116 -0.026 
VMA150 -4.0 -0.214** 0.11 [-0.851 0.272] -5.9 69 -0.027 
VMA200 -3.9 -0.208** 0.10 [-0.705 0.332] -5.8 62 -0.028 

-0.150 -         
-0.101 

0.010 – 
0.019 

Conv. - 0.092 - [-0.051 0.247] 6.5 - - 

233 
VMA50 -2.1 -0.08** 0.01 [-0.266 0.110] -5.1 108 -0.007 
VMA150 -1.4 -0.031** 0.07 [-0.231 0.204] -1.8 61 -0.002 
VMA200 -1.3 -0.019** 0.06 [-0.197 0.174] -0.9 51 -0.000 

0.020 –  
0.029 

Conv. - 0.071 - [-0.101 0.278] 2.8 - - 

207 
VMA50 -3.3 -0.164** 0.05 [-0.590 0.259] -6.4 110 -0.014 
VMA150 -2.5 -0.108** 0.08 [-0.532 0.224] -4.2 65 -0.013 
VMA200 -2.4 -0.101** 0.11 [-0.466 0.208] -3.9 58 -0.013 

0.030 – 
0.040 

Conv. - 0.040 - [-0.142 0.446] 1.1 - - 

223 
VMA50 -4.3 -0.242** 0.06 [-0.846 0.283] -6.8 111 -0.02 
VMA150 -3.6 -0.19** 0.13 [-0.702 0.513] -5.3 68 -0.023 
VMA200 -3.5 -0.18** 0.13 [-0.658 0.433] -5.0 60 -0.024 

-0.010 -         
-0.051 

0.010 – 
0.019 

Conv. - 0.091 - [-0.030 0.258] 6.3 - - 

177 
VMA50 -1.6 -0.046** 0.03 [-0.298 0.268] -2.9 103 -0.004 
VMA150 -1.2 -0.015** 0.07 [-0.309 0.192] -0.9 59 -0.001 
VMA200 -1.1 -0.008** 0.08 [-0.181 0.208] -0.4 51 -0.003 

0.020 –  
0.029 

Conv. - 0.071 - [-0.165 0.304] 2.9 - - 

210 
VMA50 -2.3 -0.096** 0.15 [-0.447 0.375] -3.8 105 -0.008 
VMA150 -1.7 -0.052** 0.18 [-0.530 0.437] -2.0 61 -0.005 
VMA200 -1.7 -0.049** 0.20 [-0.441 0.445] -2.0 53 -0.004 

0.030 – 
0.040 

Conv. - 0.044 - [-0.158 0.408] 1.3 - - 

203 
VMA50 -2.9 -0.134** 0.18 [-0.583 0.288] -3.8 105 -0.011 
VMA150 -2.4 -0.099** 0.22 [-0.613 0.354] -2.8 62 -0.011 
VMA200 -2.4 -0.101** 0.25 [-0.558 0.311] -2.9 54 -0.013 

-0.050 -         
-0.001 

0.010 – 
0.019 

Conv. - 0.090 - [-0.037 0.255] 6.6 - - 

206 
VMA50 -1.2 -0.011** 0.09 [-0.213 0.340] -0.7 99 -0.002 
VMA150 -1.0 0.001** 0.09 [-0.188 0.217] 0.1 57 0.003 
VMA200 -0.9 0.004** 0.11 [-0.252 0.234] 0.5 48 0.005 

0.020 –  
0.029 

Conv. - 0.071 - [-0.117 0.293] 2.9 - - 

202 
VMA50 -1.5 -0.035** 0.18 [-0.408 0.280] -1.4 100 -0.002 
VMA150 -1.4 -0.031** 0.23 [-0.338 0.313] -1.2 59 -0.001 
VMA200 -1.5 -0.033** 0.21 [-0.391 0.382] -1.3 52 -0.001 

0.030 – 
0.040 

Conv. - 0.042 - [-0.185 0.308] 1.2 - - 

213 
VMA50 -1.7 -0.049** 0.30 [-0.470 0.415] -1.3 99 -0.003 
VMA150 -1.7 -0.052** 0.29 [-0.740 0.424] -1.4 59 -0.003 
VMA200 -1.7 -0.052** 0.30 [-0.598 0.282] -1.4 52 -0.003 

Mean     -2.32 -0.055 0.12 [-0.383  0.279] -1.7 75 -0.009 209 
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Table 6 summarizes the performance metrics similar to the earlier part, where the effects 

of positive serial correlation were analyzed. Once again, the results show a high significance 

for mean annual return ( 𝑟#$%&$'()) differences. I can reject the null-hypothesis of the two-

sample T-tests in every scenario. The results are even more significant for the negative 

serial correlation than for positive serial correlation. The bad news for academic advocates 

of technical analysis is that whenever negative first-order serial correlation is prevailing, the 

VMA trading rules were outperformed by the conventional strategy. Only two of the 

strategies were able to yield positive returns, albeit the annual return of 0.1 % and 0.4 %, 

would hardly be rewarding to anybody, not to mention greedy investors. The prevailing trend 

seems to be that VMA50 creates more losses in comparison to VMA150 and VMA200. Also, 

the success ratio of VMA50 is the lowest of the three strategies ranging between 1 – 30 %. 

VMA200, on the other hand, sees to be the best performing strategy out of the three VMA 

trading rules, albeit it is generating heavy losses as well. The early interpretation out of the 

profitability analysis is that the three strategies are not performing well in such conditions. 

The heavy losses of VMA trading rules when negative serial correlation is prevailing and 

rather good performance when strong positive correlation is prevailing is proof of the 

dispersion and riskiness of the VMA strategies. 

Negative serial correlation seems to translate to declining performance of VMA trading 

rules, whereas volatility (𝜎) works as an amplifier to the declining profitability. The results 

are consistent throughout the table, indicating that volatility is negatively correlated with the 

dependent variable Y. Also, this finding of volatility magnifying the ongoing direction of 

performance is consistent with the earlier findings of this study. Only the conventional 

strategy seems to be yielding similar results to the corresponding alternative dataset. The 

interpretation from this is that the magnitude of serial correlation does not affect the 

performance of the conventional strategy. However, similar to the data with positive serial 

correlation, volatility seems to have a negative correlation with the returns of the 

conventional strategy. 

Reviewing column 7 presents findings in line with the earlier results. Regarding the 

conventional strategy, the minimum and maximum returns follow a similar trend where the 

span of dispersion gets wider when volatility increases. A view on the minimum and 

maximum return of the VMA trading rules, however, reveal that the tail on the negative side 
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is much wider than on the positive side, at least when the magnitude of serial correlation is 

higher. A higher magnitude of serial correlation in this sense would mean the further the 

magnitude of serial correlation sets from zero, even if it was negative. The success ratio, in 

combination with the minimum and maximum returns, indicates that the VMA trading rules 

rarely yield any reasonable annual returns. On the contrary, the VMA trading rules can 

generate losses close to - 100 % annually. At this point, analyzing the sharpe ratio does not 

bring much added value to the analysis. The results are in line with the rest of the findings 

indicating the lousy performance of VMA trading rules compared to the conventional 

strategy. Once again, the VMA150 and VMA200 seem to outperform the VMA50 strategy 

though they perform poorly as well when negative serial correlation is prevailing. 

Interestingly the amount of trades is quite similar to the number of trades found when 

positive serial correlation was prevailing. There is an added amount of trades for all of the 

strategies; however, it is not too significant. Once again, VMA50 generates almost a double 

amount of trading signals than the VMA200 strategy. The interpretation out of this is that 

VMA trading rules seem to do a similar amount of transactions. However, the timing is 

wrong, considering that the objective of such a strategy would be to generate excess profits. 

The return per trade is undoubtedly negative for most of the samples. Thus, the findings 

indicate that an investor should not implement these types of VMA trading rules when 

negative serial correlation is prevailing unless the desire was to generate as many losses 

as possible. 

To summarize the findings regarding the data with negative serial correlation, I am confident 

saying that the results are highly consistent, indicating that the VMA trading rule does not 

perform well when negative serial correlation is prevailing. A more in-depth analysis of the 

performance metrics shows no purpose since the strategies are unable to generate profits 

in such conditions. The interpretation is that the VMA trading rule should not be assessed 

as a mean-reversion strategy. The findings of this part are consistent with the rejection of 

the three hypotheses of this study. Also, considering the controversial debate between 

academics, it makes sense that in some conditions, the VMA trading rules are not 

performing very well compared to the conventional strategy. (Chande, 1997; Bajgrowicz et 

al., 2011) Thus this research was able to contribute to the extensive discussion around the 

topic as proposed in the introduction.   
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4.3. Discussion 

Before the conclusions of this research, I will briefly discuss some of the most important 

findings of this study. The purpose is to answer the research question set in the introduction 

of this research after reviewing the empirical results. All three separate analyses reveal 

similar findings regarding the variables affecting the performance of the studied VMA trading 

rules. The analysis shows that the studied VMA trading rules are only able to outperform 

the conventional strategy in specific conditions, which brings new information to the wide 

debate between academic advocates of technical analysis and the fundamentalists 

(Hudson et al., 1995; Lo, 2004; Bajgrowicz et al., 2011; Taylor, 2013; Zarrabi et al., 2016). 

Positive serial correlation, often referred to as momentum, enhances the performance of 

the studied VMA trading rules, at least with the artificial dataset of this study. Similar results 

have been obtained by Levich et al. (1993), Okunev et al. (2003), Hong et al. (2015), and 

Strobel et al. (2018), who studied the relationship between serial correlation and 

performance of VMA trading rules. However, prior research has been unable to reveal the 

linear relationship on this scale. Thus, I argue that the magnitude and orientation of serial 

correlation has a positive correlation with the performance of the VMA trading rules. Also, 

VMA trading rules using shorter LMA, such as 50 days, outperform the ones using 150 or 

200 days when short term momentum is prevailing. 

The effect of volatility is more complicated than serial correlation. The analysis with all the 

data reveals negative coefficients regarding the dependent variable Y. However, further 

results reveal that if significant positive serial correlation is prevailing, volatility has a positive 

effect on the performance of some of the VMA trading rules. This effect disappears when 

moving from a long moving average of 50 days to 200 days when all else remains the same. 

This is consistent with the findings by Zarrabi et al. (2016), who argued that the higher the 

volatility, the shorter the LMA should be. The reason behind the negative coefficient for all 

of the data is probably due to the strong negative correlation when negative serial 

correlation is prevailing. Thereby the argument for volatility acting as a magnifying element 

in the system holds. Volatility enlarges the profits or the losses of most of the studied VMA 

trading rules, depending on the orientation of the profitability. Also, the common financial 

statement, high-risk high-reward, seems to hold if volatility is assessed as a measure of risk 

(French, 2003). Higher volatility translates to broader dispersion of returns, but eventually, 
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at least when significant positive serial correlation is prevailing, this higher dispersion 

translates to higher average returns regarding the VMA50, VMA150 as well as the 

conventional strategy.  

The artificial dataset has been simulated, keeping in mind that it should imitate real 

stockmarket data as closely as possible. Strobel et al. (2018) found the tendency between 

decaying serial correlation and vanishing performance of VMA trading rules, so it should be 

no surprise if the findings of this study could be expanded to a real-world scenario 

successfully as well. However, due to the complexity of the financial markets, it is hard to 

predict how useful these findings are in out-of-sample data. Also, in the data simulation 

phase, I had to make simplifications that would probably not hold in a real-world scenario. 

Without simplifying the model enough, it would have been difficult to present solid 

arguments that would suit the purposes of this research, which was to deepen the 

understanding behind the performance of technical analysis, especially the VMA trading 

rules. However, it would be interesting to analyze how mutual orders of significant serial 

correlation would affect the model. Rational thinking could enable understanding the reason 

behind the enhanced performance of VMA trading rules when positive serial correlation is 

prevailing. Since the philosophy behind the VMA trading rules is to catch the essence of 

serial correlation, the reasoning could be similar to Alexander (1961), as he argued that 

over time the theory of random walk seems to hold, but if stock market rises certain 

percents, it is likely to further raise x percent more before eventually moving down y percent. 

Hence, the VMA trading rule could benefit from the momentum of the underlying time-series 

before eventually reaching the mean-reverting component.  

The empirical results contribute strongly to the topic around the performance of VMA trading 

rules, which was the essential purpose of this study. It is clear where the debate between 

academic advocates of technical analysis and the fundamentalists derives. As the AMH 

states, arbitrage opportunities appear and disappear occasionally. (Lo, 2004) This also 

means that the market conditions, such as volatility and serial correlation, change mutually 

(Strobel et al., 2018). This research shows that when certain conditions are prevailing, the 

VMA trading rules can outperform the conventional buy-and-hold strategy. Thereby I can 

make the arguments over the correlation of performance of VMA trading rules with serial 

correlation and volatility. The purpose of this study was not to give crisp answers on when 
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the VMA trading rules could be profitable but rather find significant variables affecting the 

performance of these trading rules. The debate between technicians and fundamentalists 

is going to persist until the fundamentalists can admit at least some issues of the EMH.  

Regarding the purpose, artificial data has given valuable information on how VMA trading 

rules perform in a controlled environment, where each variable can be changed separately. 

However, in the real world, I would be facing a completely different situation, since, in 

financial markets, nothing is as guaranteed as change, at least if taking a glimpse to its 

rather young history. The world has quickly become global due to information technology. 

Knowledge has widespread to even more investors. New markets have been formed on all 

continents. New tools have been introduced as the cost of computing power has lowered to 

a fraction of its price. Just to mention a few revolutions that took place in the late 20th 

century. The greedy nature of the industry makes constant evolving a necessity for survival. 

As a rising number of participants emerge, changes begin to happen more frequently. (Lo, 

2012) Hence, in the real world, a mutual change of multiple variables is unavoidable. Albeit 

the mutual change of variables, I assume that the findings of the empirical results are 

expandable to a real-world scenario to some extent. This argument is made carefully, 

keeping in mind the complexity of the financial markets and the simplifications of this 

analysis. Under the restrictions and simplifications made throughout the study, I stand 

behind the arguments and move on to the conclusions. 
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5. CONCLUSIONS 

The focus of this study was to deepen the understanding behind the performance of 

strategies utilizing technical analysis, especially the VMA trading rules, introduced by Brock 

et al. (1992). The literature review reveals an endless debate between the academic 

advocates of technical analysis and fundamentalists, which seems to produce highly 

controversial arguments (Hudson et al., 1995; Bajgrowicz et al., 2011; Taylor, 2013; Zhu et 

al., 2015). Thereby, the objective of this study was slightly different from its predecessors, 

while it was not focused on finding an all-or-nothing condition, but more of a description of 

some of the variables affecting the performance of VMA trading rules when comparing to 

the conventional buy-and-hold strategy. The empirical results indicate that serial correlation 

and volatility are affecting the performance of VMA trading rules when performance is 

assessed by seven widely used performance metrics. 

The empirical analysis is based on an artificial dataset containing 5000 simulated stock 

price return time-series, which enabled an enhanced control over the analyzed variables. 

The objective of the simulation process was to generate returns time-series that would 

imitate real-world stock market data as close as possible. The artificial data generation 

process was successful, producing highly significant results that would have been difficult 

to obtain otherwise. The study focused on analyzing the performance of three different VMA 

trading rules in comparison to a conventional buy-and-hold strategy. The results indicate 

that regarding the conditions prevailing in this study, VMA50 is the most sensitive to the 

changes in the magnitude of serial correlation and volatility. In other words, VMA50 rule can 

be seen as the riskiest, but also the best performing strategy out of the three VMA trading 

rules, assuming that the strategy is employed in favorable market conditions. The VMA 

trading rules were only able to outperform the conventional strategy in specified conditions. 

The results show that when significant positive first-order serial correlation is prevailing, 

some of the VMA trading rules performed better than in a scenario where the magnitude of 

positive serial correlation was not as significant. Under the rising magnitude of negative 

serial correlation, however, the performance of the VMA trading rules was found declining. 

The findings indicate that the performance of VMA trading rules could be enhanced when 

short term momentum is prevailing rather than short term mean-reversion. 
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The answer to the research question; How are Serial Correlation and Volatility affecting the 

performance of VMA trading rules, is evident. All of the three hypotheses set in the 

introduction are rejected with great significance. The performance of VMA trading rules 

shows positive correlation with the magnitude of serial correlation of the underlying time-

series. This finding is consistent with the studies by Levich et al. (1993), Okunev et al. 

(2003) Hong and Satchell (2015), and Strobel et al. (2018). On the contrary, volatility acts 

as an element enlargening the possible profits or losses achieved by the VMA trading rule. 

In other words, the rising volatility of the underlying time-series seems to amplify the risk in 

all of the strategies under analysis. Similarly, there is significant variation between the 

returns of VMA trading rules and the conventional buy-and-hold strategy. The conclusion is 

that VMA trading rules should be seen as a reckoned, but only if specified market conditions 

are met. This argument brings new evidence to the topic of the research. 

It is no wonder that the debate for technical analysis has been so controversial for so long. 

The results of this study show that VMA trading rules can beat the conventional strategy in 

uncommon circumstances. It should not be evident that favorable market conditions for 

VMA strategies would be common in the highly competitive financial markets. Not to 

mention for the rest of the strategies that utilize different types of technical analysis. Albeit 

I understand the existence of the debate, there is too much evidence of researchers 

choosing a strict practice trying to find this all-or-nothing condition, which does not seem to 

exist based on the findings of this study. Thereby, I highly recommend future research to 

select a fuzzier approach to the topic. 

5.1. Future Research Proposals 

Future research will show to which extent the results of this study are extendable regarding 

out-of-sample data. Similarly, studying different orders of serial correlation together with 

weekly, monthly, or even yearly data would bring a lot more evidence contributing to the 

research gap. Ultimately the findings of this study are only extendable to time series with 

similar characteristics.  
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In the end, I want to emphasize that this study consists of only three VMA trading rules in 

the wide pool of strategies using technical analysis as a tool. It would be interesting to 

analyze the performance of different kinds of strategies with the same artificial dataset. I 

encourage peers to be more open-minded when selecting between traditional and 

alternative research methods. The artificial dataset of this study has brought significantly 

different type of evidence regarding the research topic.
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APPENDICES 

Appendix 1. Linear regressions Models for All data 
 
 
Linear regression model for VMA50: 
    Y50 ~ 1 + AR + vol 
 
Estimated Coefficients: 
                    Estimate        SE        tStat        pValue   
                ________     ________     _______     __________ 
    (Intercept)  -0.69657 0.083331  -8.359     8.1132e-17 
    AR      16.856 0.24001      70.233         0 
    vol       -15.386 3.1607    -4.8681        1.1616e-06 
 
Number of observations: 5000, Error degrees of freedom: 4997 
Root Mean Squared Error: 1.96 
R-squared: 0.498, Adjusted R-Squared 0.498 
F-statistic vs. constant model: 2.48e+03, p-value = 0 
 
 
Linear regression model for VMA150: 
    Y150 ~ 1 + AR + vol 
 
Estimated Coefficients: 
                    Estimate        SE         tStat      pValue   
                    ________     ________     _______     __________ 
    (Intercept) -0.34126  0.079758  -4.2787  1.9152e-05 
    AR            9.7577      0.22972      42.478    0 
    vol            -33.62      3.0251     -11.114  2.3101e-28 
 
Number of observations: 5000, Error degrees of freedom: 4997 
Root Mean Squared Error: 1.88 
R-squared: 0.28, Adjusted R-Squared 0.279 
F-statistic vs. constant model: 970, p-value = 0 
 
 
Linear regression model for VMA200: 
    Y200 ~ 1 + AR + vol 
 
Estimated Coefficients: 
                    Estimate     SE       tStat      pValue    
                    ________     ________     _______     ___________ 
    (Intercept) -0.19227 0.079578 -2.4162 0.01572 
    AR            8.5875 0.2292      37.468 5.2824e-271 
    vol            -41.27 3.0183     -13.673 8.2238e-42 
 
Number of observations: 5000, Error degrees of freedom: 4997 
Root Mean Squared Error: 1.87 
R-squared: 0.243, Adjusted R-Squared 0.243 
F-statistic vs. constant model: 802, p-value = 8.09e-303 
 
 
 



 

 

 

 
Appendix 2. Linear Regression Models for Positive Serial Correlation data. 

 
Linear Regression Model for VMA50 when Positive Serial Correlation: 
    Y50 ~ 1 + AR + vol 
 
Estimated Coefficients: 
                    Estimate       SE         tStat        pValue    
                    ________     _______     _______     ___________ 
    (Intercept)  -2.5814      0.1257     -20.537      1.0342e-86 
    AR               17.736      0.62499      28.378     9.6604e-154 
    vol              56.609       4.1176      13.748      1.6483e-41 
 
Number of observations: 2494, Error degrees of freedom: 2491 
Root Mean Squared Error: 1.81 
R-squared: 0.282, Adjusted R-Squared 0.281 
F-statistic vs. constant model: 489, p-value = 8.23e-180 
 
 
Linear Regression Model for VMA150 when Positive Serial Correlation: 
    Y150 ~ 1 + AR + vol 
 
Estimated Coefficients: 
                    Estimate       SE         tStat        pValue   
                    ________     _______     _______     __________ 
    (Intercept) -1.5377      0.12209     -12.595     2.6169e-35 
    AR               10.223      0.60705       16.84     2.3759e-60 
    vol              12.242       3.9994      3.0608      0.0022308 
 
Number of observations: 2494, Error degrees of freedom: 2491 
Root Mean Squared Error: 1.76 
R-squared: 0.105, Adjusted R-Squared 0.104 
F-statistic vs. constant model: 145, p-value = 1.86e-60 
 
 
Linear Regression Model for VMA200 when Positive Serial Correlation: 
    Y200 ~ 1 + AR + vol 
 
Estimated Coefficients: 
                    Estimate        SE          tStat          pValue   
                    _________     _______     __________     __________ 
    (Intercept) -1.2887     0.12414        -10.381     9.6319e-25 
    AR                 9.1374     0.61726         14.803     1.3843e-47 
    vol             0.0030172      4.0667     0.00074192       0.99941 
 
Number of observations: 2494, Error degrees of freedom: 2491 
Root Mean Squared Error: 1.79 
R-squared: 0.0809, Adjusted R-Squared 0.0802 
F-statistic vs. constant model: 110, p-value = 2.36e-46 
 
 
 
 
 
 
 
 



 

 

 

Appendix 3. Linear Regression Models for Negative Serial Correlation data. 
 
 
 
Linear Regression Model VMA50 when Negative Serial Correlation: 
    Y50 ~ 1 + AR + vol 
 
Estimated Coefficients: 
                    Estimate       SE         tStat        pValue    
                    ________     _______     _______     ___________ 
    (Intercept) 1.1777       0.1334      8.8279      1.9617e-18 
    AR               17.322      0.65541      26.429     5.7437e-136 
    vol             -87.916       4.3419     -20.248      1.5158e-84 
 
Number of observations: 2506, Error degrees of freedom: 2503 
Root Mean Squared Error: 1.9 
R-squared: 0.304, Adjusted R-Squared 0.303 
F-statistic vs. constant model: 546, p-value = 1.55e-197 
 
 
Linear Regression Model VMA150 when Negative Serial Correlation: 
    Y150 ~ 1 + AR + vol 
 
Estimated Coefficients: 
                    Estimate      SE         tStat        pValue   
                    ________     _______     _______     __________ 
    (Intercept) 0.9005      0.13371      6.7346     2.0315e-11 
    AR               10.459      0.65693      15.922     1.9267e-54 
    vol             -79.893        4.352     -18.358     1.0215e-70 
 
Number of observations: 2506, Error degrees of freedom: 2503 
Root Mean Squared Error: 1.9 
R-squared: 0.189, Adjusted R-Squared 0.188 
F-statistic vs. constant model: 291, p-value = 2.77e-114 
 
 
Linear Regression Model VMA200 when Negative Serial Correlation: 
    Y200 ~ 1 + AR + vol 
 
Estimated Coefficients: 
                    Estimate       SE        tStat        pValue   
                    ________     _______     ______     __________ 
    (Intercept) 0.95924      0.13231       7.25     5.5279e-13 
    AR               9.4834      0.65004     14.589     2.4901e-46 
    vol             -82.941       4.3064     -19.26     3.4147e-77 
 
Number of observations: 2506, Error degrees of freedom: 2503 
Root Mean Squared Error: 1.88 
R-squared: 0.187, Adjusted R-Squared 0.186 
F-statistic vs. constant model: 288, p-value = 3.68e-11 
 
 
 


