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Executive Summary 

In 1993 Jegadeesh & Titman documented that a trading strategy based on buying stocks that have 

performed relatively well in the past and selling stocks that have performed relatively bad in the 

past realize positive returns over medium-term horizons. This is often referred to as a momentum 

effect. Such a trading strategy contradicts one of the cornerstones in finance theory, namely the 

efficient market hypothesis (EMH). 

This thesis investigates whether the momentum effect has existed on the Oslo Stock Exchange 

during a 9 year period from 2005 through 2013. We find that 16 different momentum trading 

strategies realize significant returns, ranging from 1.19 percent to 2.43 percent per month. We also 

find that momentum strategies with longer formation periods and shorter holding periods tend to be 

the most successful. Additionally, this thesis illustrates how momentum profits are driven by the 

worst performing stocks in our sample period. However, a sample split reveals that this result is 

sample period specific. We also find that increasing the portfolio size and removing extreme return 

outliers decreases the returns from a momentum strategy considerably. A decomposition of the 

momentum strategy reveals a majority of the 20 percent smallest stocks in the market, which 

contribute substantially to total momentum returns. One fifth of the short side in the momentum 

portfolio consists of quite illiquid stocks. We believe that short sale restrictions question the 

feasibility of the momentum strategy. Finally, we find that transaction costs almost erase the entire 

momentum profit.  

There are several possible explanations for the momentum effect. Some argue that the anomaly is a 

result of data mining and that it will not persist. However, our momentum literature review presents 

a large body of evidence, which documents the momentum effect in different stock markets and 

different time periods. Others argue that momentum profit is simply a compensation for risk. From 

our regression analysis we find that the Capital Asset Pricing Model and the Fama-French 3-factor 

model are not able to explain the momentum effect, which is consistent with previously conducted 

studies. In the absence of other explanations, theoretical models within the field of behavioral 

finance have become important contributions in trying to explain the momentum effect.  
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Chapter 1 Introduction  

1.1 Introduction 

There has always been considerable interest in simple trading strategies that has the potential to 

generate superior returns. Investments based on historical stocks returns are often discussed within 

the investment industry. Proponents of traditional finance theory argue that such trading strategies 

are useless because of stock market efficiency. During the 1980s researchers observed patterns in 

stock prices that contradicted the theory of efficient markets. DeBondt & Thaler (1985) document a 

long-term reversal in stock returns, i.e. a portfolio of the worst performing stocks in the past 3-5 

years will outperform a portfolio of the best performing stocks in the following 3-5 years. Jegadeesh 

(1990) observe a short-term reversal in stock returns over one to four weeks. In 1993 Jegadeesh & 

Titman discovered that going long in stocks that have performed well in the past and going short in 

stocks that have performed poorly in the past provide positive returns over a 3-12 month holding 

periods. This continuation in stock returns is in the literature often referred to as a momentum 

effect. Since 1993 a considerable amount of literature has documented the momentum effect across 

different markets and data periods. Many researchers have tried to explain this momentum anomaly 

with different reasoning, including risk-based and behaviour based explanations. Proponents of the 

former, claim that momentum investing is risky and that high returns are simply compensation for 

risk. Others claim that momentum profits results from investor’s behavioral shortcomings. Despite 

all the work within the field, the momentum anomaly remains only partly explained. Our main 

motivation for writing this thesis derives from the fact that investors seem to be able to earn positive 

and significant returns by following a simple trading strategy, which seems to contradict the EMH. 

We want to investigate if there has been a momentum effect in the Norwegian stock market in 

recent years, and whether such a trading strategy is feasible and profitable for private investors. We 

also want to identify possible explanations for the momentum effect.  
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1.2 Research question 

In this section we will present our primary research question and the sub question we want to 

examine. Our main research question is the following: 

 To what extent is there price momentum in the Norwegian stock market?  

Along with this main research question we have the following sub questions:  

 Is a price momentum strategy based on going long in past winners and going short in past 

losers profitable and significant on a 3- to 12-month horizon? 

 Is a price momentum strategy profitable when transaction costs are taken into account? 

 Is a momentum strategy practically feasible? 

 Can the momentum returns be explained by rational asset pricing models? 

 What are the possible explanations for the momentum effect? 

  

The market anomaly momentum can be defined as the tendency of stocks to have similar return 

patters the following 3-12 months as they have had in past 3-12 months. Stocks that have performed 

well in the past will continue to perform well, while stocks that have performed poorly in the past 

will continue to perform poorly in the future. With the passage of time we are able to analyze the 

most recent data available for the Norwegian market thereby distinguishing ourselves from previous 

master thesis’s and published articles. 

1.3 Thesis Limitations 

In this section we will discuss the limitations of our thesis. The momentum effect has been 

documented across different asset classes including equity, debt, currency and commodities. We 

have chosen to focus exclusively on equity as the momentum effect is most widely documented 

within this asset class. Our empirical study of the momentum effect will solely be conducted on the 

Norwegian stock market.  

There are several different types of momentum strategies that investors can base their investments 

upon. Three widely tested momentum strategies are earnings momentum, industry momentum, and 

price momentum. An earnings momentum strategy invests in companies based on their past 

earnings. An industry momentum strategy involves buying stocks from past winning industries and 

selling stocks from past losing industries. A price momentum strategy buys individual stocks based 
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on their historical returns. Our thesis will only cover the price momentum effect, and will do so for 

two main reasons. First, the Oslo Stock Exchange mostly consists of companies within the energy 

industry making it difficult to analyze an industry momentum effect. In 2010, 43.9 percent of the 

value of the Oslo stock exchange was in the energy sector, which includes oil related companies 

(Ødegaard, 2011). Second, to our knowledge there is more empirical evidence supporting price 

momentum compared to earnings momentum. Therefore, whenever we mention the momentum 

effect in our thesis we are referring to the price momentum effect.  

Momentum strategies can be implemented by both institutional investors and private investors. Our 

results will first and foremost be discussed from a private investor’s point of view. The differences 

are particularly noticeable with regard to investment restrictions and transaction costs.  

We have limited our methodology to the approach of Jegadeesh & Titman (1993). This will make 

our results more comparable with previous research done within the field and will also prevent any 

severe methodological flaws. Behavioral finance has grown to be one of the most prevailing 

explanations for the momentum effect. We will discuss our momentum results in the light of 

behavior theories; however we emphasize that we will not test any behavior models in this thesis 

and leave this for future research. 

1.4 Thesis Methodology  

This section will provide an overview of the methodology applied in our thesis. The methodology 

we will be using in this thesis is based on “Returns to Buying Winners and Selling Losers: 

Implications for Stock Market Efficiency” by Jegadeesh & Titman (1993). We have chosen to use 

this specific methodology as it is by far the most applied one in the momentum literature. This will 

make our results more comparable to previous conducted empirical research. We have chosen to 

only give a brief explanation of the methodology in this section while we will elaborate in chapter 

4. We will construct portfolios by selecting stocks based on their past 3, 6, 9, 12 month performance 

and hold these stocks for 3, 6, 9 and 12 months respectively. We will buy past winners (stocks that 

have performed relatively well in the past) and sell/short losers (stocks that have performed 

relatively poorly in the past). Theoretically we are able to finance the winner stocks by selling the 

loser stocks. This is often referred to as a zero-cost strategy in the momentum literature.  
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1.5 Thesis Structure 

 

Figure 1-1 Overview of the Master Thesis 

 

1.5.1 Financial Theory 

This chapter will start by looking into traditional finance theory that has shaped most of modern 

finance. We will also present important contributions within Behavior Finance as this has become 

one of the most important fields for researchers trying to explain momentum returns. Finally, we 

will present data mining as a possible explanation to the observed momentum effect.  

1.5.2 Practical Investment Implications 

This chapter will describe what short a sale is and the possibilities for short sale in the Norwegian 

stock market. We will also discuss how this could affect implementation of our momentum strategy. 

Finally, we will look at transaction costs and how this could affect the profitability of momentum 

investing.  

1.5.3 Empirical Momentum Review 

In this chapter we will summarize and present previously published momentum articles that have 

been conducted on different stock markets. We will also present former momentum theses that have 

been conducted specifically on the stock market in Norway. Finally, we will summarize the main 

findings within the field.  

•Financial Theory 

•Practical Investment Implications 

•Empirical Momentum Review 

•Data & Methodology 

•Empirical results 

•Regression Analysis 

•Discussion 

•Conclusion 
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1.5.4 Data & Methodology 

This chapter will first present the data sample that lays the foundation for our empirical analysis. 

We will also thoroughly describe the methodology that has been used. Finally, we will present some 

small examples of our work in Excel to give the reader some insight into our extensive data 

processing work.  

1.5.5 Empirical Results 

In this chapter we will present the results from our analysis with comments. We will also present 

the results from several robustness tests to see how sensitive our results are to changes in different 

factors. We refer the reader to chapter 8 for a more thorough discussion of our results.  

1.5.6 Regression Analysis 

In this chapter we will present the results from our regression analysis. The chapter will first 

investigate whether the ordinary least squares (OLS) assumptions hold for our different asset 

pricing models. Finally, we will present our results from the Capital Asset Pricing model, the Fama-

French 3-factor model and the Carhart 4-factor model.  

1.5.7 Discussion 

This chapter will discuss the results presented in chapter 6 and 7. We will include deliberations on 

the degree to which our results resemble and/or deviate from similar work within the field. We will 

also discuss how our results change when the different robustness tests are conducted.  

1.5.8 Conclusion 

This part will summarize the thesis and answer the initial research question that we outlined in 

section 1.2.  
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Chapter 2 Financial Theory 
 

In section 2.1 we will first take a look at traditional market efficiency theory. Section 2.2 will cover 

financial asset pricing models. Section 2.3 will discuss behavioral explanations for the momentum 

effect. Section 2.4 will discuss other possible explanations such as data mining.  

2.1 Efficient Market Theory 

The efficient market hypothesis (EMH) origins back to the 1960s and the independently developed 

ideas of Eugene F. Fama and Paul A. Samuelson (Lo, 2007). In 1970 Fama published his famous 

work, “Efficient Capital Markets: a Review of Theory and Empirical Work”. In this article he 

presents the EMH, and he defines an efficient market as a market where stock prices always “fully 

reflect” all available information (E. F. Fama, 1970).  

The basic idea of efficient markets is that stock prices accurately reflect available information and 

quickly incorporate news as they become known. An efficient market is a competitive market where 

it should not be any arbitrage opportunities and the stock prices should reflect the fundamental 

value of the asset (Brealey, Myers, & Allen, 2011, p. 901). This implies that it should not be 

possible to outperform the performance of the market and earn positive abnormal returns. All 

relevant information is already reflected in the stock prices, which implies that looking for 

advantageous information is useless.  

Fama (1970) mentions three conditions for capital market efficiency. A market is fully reflecting 

the available information if there is no transaction costs, all information is free and accessible of all 

market participants and all assess the information in the same way. These conditions are not likely 

to be present in capital markets, and though these conditions are sufficient for market efficiency 

they are not necessary; they are just potential sources of market inefficiency (E. F. Fama, 1970).  

All lot of empirical work on market efficiency is based on the idea of beating the market and this 

has the advantage that it focuses on real trading by real market participants (Campbell, Lo, & 

MacKinlay, 1997). For example there has been some research on mutual fund managers and their 

performances. If they realize superior returns adjusted for risk, then it is said that the market is 

inefficient to the information possessed by the fund managers (Campbell et al., 1997). 
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Even though it is possible to run tests on market efficiency, it can never be rejected (Campbell et 

al., 1997). This is because any test of efficiency is built on an equilibrium model. If the results reject 

market efficiency, then inefficiency could potentially be the case or the equilibrium model we based 

our result on could be incorrectly assumed. We call this the joint hypothesis problem (Campbell et 

al., 1997). The general definition of market efficiency is too general to be empirically tested. Fama 

(1970) defined three different definitions of efficiency based on the degree of available information. 

These are called weak, semi-strong and strong form efficiency, which we will present in the 

following sections.  

2.1.1 Weak-form Efficiency  

If the information set reflected in the stock prices only consist of historical security prices, then the 

market is said to be weak efficient (Campbell et al., 1997). This means that it should be impossible 

to consistently outperform the market by studying past returns (Brealey et al., 2011, p. 345). 

Fama states in is article from 1965: “It is not enough for him to talk mystically about patterns that 

he sees in the data. He must show that he can consistently use these patterns to make meaningful 

predictions of future prices (E. F. Fama, 1965)”. If the historical prices are incorporated in the stock 

prices, then neither technical analysis nor momentum trading strategies should be profitable in the 

long run. Researchers have tried to test the weak form of the hypothesis by measuring profitability 

of price patterns strategies, but it appears to be few patterns in daily returns (Brealey et al., 2011, p. 

346). In 1953, Maurice Kendall analyzed the price behavior of stocks and commodities looking at 

weekly price-series, but he did not find stock price patterns. The price-series appeared to be totally 

random, and it was like “the Demon of Chance drew a random number… and added it to the current 

price to determine the next week’s price”, (Brealey et al., 2011, p. 342). 

Stock prices follow a random walk, and in competitive markets this must be true. If it was possible 

to predict stock prices then investors could easily take profitable positions, but easy profit don’t last 

in competitive markets (Brealey et al., 2011, p. 345). Suppose the market participants know that a 

certain stock will be worth a lot more next year. Everyone would be interested in buying this stock, 

which would drive the price up until it is no more profit to be made. The stock price has 

incorporated the positive news about next year and the future price pattern is now unpredictable, 

following random movements reflecting arrival of new information (The Royal Swedish Academy 

of Sciences, 2013). 
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2.1.2 Semi-strong efficiency  

If the information set reflected in the stock prices not only include historical prices, but also consist 

of all other publicly available information, then the market is said to be semi-strong efficient 

(Campbell et al., 1997). The prices will then adjust immediately to new public information, such as 

earnings announcements, issue of new stocks, or an acquisition of a rival company (Brealey et al., 

2011, p. 346). The investor should not be able to consistently profit from information incorporated 

in the market, such as news announcements or analyst recommendations (Berk & DeMarzo, 2011, 

p. 433).  

2.1.3 Strong-form Efficiency 

If the information set reflected in the stock prices consists of all publicly available information and 

private information held by the market participants, then the market is strong efficient (Campbell et 

al., 1997). Private information could for instance be company reports that have not been published 

yet, future investment or merger plans, which for example only the CEO of a company is 

possessing. In a strong efficient market we can observe investors that make profits and loss, but we 

wouldn’t observe anyone that can consistently outperform the market (Brealey et al., 2011, p. 346). 

Keown & Pinkerton (1981) found that the market reacts to planned takeovers before the first public 

announcements. Almost half of the market reaction occurs before the public announcement and they 

believe this is caused by insider trading. Jaffe (1974) found that some insiders outperformed the 

market by 5 percent over an 8 month holding period. This indicates that insiders have information 

that can be exploited to gain superior returns, which contradicts the strong-form efficient hypothesis 

as all relevant public and private information is not reflected in the stock price. However, the 

market appears to immediately incorporate the news of takeovers at the public announcements, 

which supports the semistrong-form efficient market hypothesis (Keown & Pinkerton, 1981).  

2.1.4 Are Markets Efficient? 

The evidence of efficient markets has convinced many investors to give up the chase for 

outstanding performances, and simply just buy the market index through mutual funds, which give 

the benefits of diversification and is a much less costly investment strategy (Brealey et al., 2011, p. 

348). In the scenario that all investors hold the market index, then nobody would care to gather 

information and the prices would not react to new information (Brealey et al., 2011, p. 349). This 

would be a market scenario without competition, which is actually necessary for the market to be 
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efficient. An efficient market needs market participants that collect and analyzes information and 

attempt to benefit from it (Brealey et al., 2011, p. 349). 

Grossman & Stiglitz (1980) argue that since information is costly, stock prices cannot perfectly 

reflect all available information, because those who spent resources to obtain news would not get 

any compensation doing so. There is a fundamental counterpart between the efficiency of the 

market and the incentives to search new information (Grossman & Stiglitz, 1980, cited (Brealey et 

al., 2011). 

In 2013 a former journalist and co-founder and CEO of the hedge fund Manticore published a book 

called “The World’s 99 Greatest Investors – The Secret of Success”. The author considered several 

thousand investors and their long-term performance. On average, the 99 chosen investors 

outperformed the market by twelve percentage points a year for 25 years (Angenfelt, 2013). Rakesh 

Jhunjhunwala, also known as the India’s Warren Buffett has made most of his money from short-

term trading and he achieved an excess return of almost 55 percent annually for 27 years 

(Angenfelt, 2013). Another trader and speculator named George Soros, had an excess return of 21 

percent annually for 31 years (Angenfelt, 2013).These findings show that it is possible to beat the 

market in the long run and questions how efficient markets really are.  

According to portfolio theory the best portfolio is the market portfolio, and it should not be possible 

to earn positive alphas. Berk & DeMarzo (2011) conclude that the market portfolio can be 

inefficient if a large number of investors do not have rational expectations and misinterpret 

information, believing that they are beating the market when they are not, or, they are not being 

rational and take other aspects than reward-to-risk-ratio into account, leaving them with an 

inefficient portfolio. It can be interpret like a zero-sum game, in order for someone to beat the 

market someone has to perform worse than the market portfolio, due to irrational behavior. In order 

for successful investors to succeed, there must be a predictable and systematic pattern in the type of 

errors individual investors make (Berk & DeMarzo, 2011, p. 421). 

Efficient market hypothesis implies that the stock price is not predictable and much of the early 

EMH literature often discussed the martingale model and random walk hypothesis. These are 

statistical descriptions of the stock price development that were initially considered to be 

implications of the market efficient hypothesis (Lo, 2007). We will present them in further detail in 
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the next section before we move on to financial models that are often applied to calculate fair 

compensation for risky investments and can explain observed returns from a risk based perspective. 

2.2 Models to describe stock price development 

2.2.1 Martingale 

Probably the earliest model of financial asset prices was the martingale model. This model goes as 

far back as to 1565 and Girolamo Cardano, the birth of probability theory. He stated one of the most 

basic principles in gambling is equal conditions in every way - if you take a bet in your opponents 

favor you are a fool, but if the game is in your favor, then you are simply unfair (Campbell et al., 

1997). This represents a situation of fair game, and this is the essence of a martingale. From an asset 

pricing perspective, the martingale hypothesis states that the price tomorrow is expected to equal 

the price today, given the price history. Implicitly, this states that the asset price is equally likely to 

move up or down the coming day. 

  [    |               

 [       |              
(1) 

Pt represents the stock price for a given asset at time t. Given the historical stock prices of the asset, 

a situation with equal conditions the expected stock price next period is equal to the current stock 

price. In an efficient market and according to the efficient market hypothesis it should not be 

possible to profitably trade on historical stock prices. Conditional to the stock price history, the 

conditional expectations of the stock price change in the future cannot be positive or negative, and 

therefore it must be zero (Campbell et al., 1997). 

One important aspect of financial theory is the trade-off between expected return and risk. The most 

important financial models build on the assumption that the rational investor only accepts additional 

risk if he is compensated by higher expected return. The martingale hypothesis does not account for 

the risk element. If the expected stock price change is positive, this may be the necessary 

compensation to the investor to hold the stock and to bear the associated risk. Therefore, despite the 

intuitively interpretation of the fair-game, it is not a necessary condition for rationally determined 

asset prices (Campbell et al., 1997). However, the martingale property does hold for risk-adjusted 

asset prices and has become an important application in pricing of complex financial instruments 
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and also led to the development of closely related and well-known model, the random walk 

hypothesis (Campbell et al., 1997). 

2.2.2 Random Walk Hypothesis 

The EMH argues that stock price movements are random and that it is not possible to profit from 

speculation in the stock market. It should be impossible to predict the stock price tomorrow. Our 

best prediction is the price today plus a random occurred event we do not know the impact of. The 

simplest illustration of the random walk hypothesis is the case where the random shocks (error 

term) is independently and identically distributed increments. This creates the following dynamics 

of the stock price:  

                                                         (2) 

µ represents the expectations to the stock price or drift in the case it is a constant term.           

states that the    is independently and identically distributed with mean equal to zero and a variance 

equal to    (Campbell et al., 1997). The random shocks are independent in the way that the random 

shock at time t-1 does not have any impact on the outcome of the random shock at time t. They are 

identically distributed in the case that the probabilities for the different outcomes are completely 

identical and identical over time. The martingale differs in the way that it can make random choices 

based on previous outcomes, as long as the expected outcome is zero. A random walk is more 

restrictive in the way that it does not have any “history” and the following increment is statistically 

independent. 

There are weaker forms of random walk which relaxes some of the statistical properties such as 

unconditional heteroscedasticity and some dependence in the squared random shocks. The random 

shocks remain uncorrelated. This relaxed version of the random walk model is the most tested in 

recent empirical literature (Campbell et al., 1997). This form of random walk is probably more 

appropriate as the volatility of stock prices is not constant over time. The stock price development 

can now form what seem to be predictable patterns, but it is not possible to predict the future stock 

price using these observed patterns. It has also been observed that large returns tend to be followed 

by more large returns, which might indicate that return volatility have some correlation (Campbell 

et al., 1997). 
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The random walk hypothesis does not imply that there is no rational explanation to the stock price 

movements. The stock prices are unpredictable in the sense that the news about the company is 

random, not the price changes.  

2.3 Financial Models 

2.3.1 The Capital Asset Pricing Model 

The capital asset pricing model (CAPM) was developed by William Sharpe, Jan Mossin and John 

Lintner in the 1960s (Bodie, Kane, & Markus, 2011, p. 308), and is still one of the most applied 

asset pricing models today (E. F. Fama & French, 2004). The popularity of the model can likely be 

attributed to its simplicity, and that it gives powerful and intuitively explanation for the relation 

between risk and expected return (E. F. Fama & French, 2004).  

The theoretical CAPM does only hold under certain simplifying assumptions: 

All investors are price takers and all investors have a single period holding horizon. Investments are 

limited to a universe of publicly traded financial assets such as bonds, stocks, and to risk-free 

lending/borrowing arrangements. All investors are mean-variance optimizers and these investors 

pay no transaction costs on trading securities or taxes on their returns. Finally, all investors analyze 

securities in the exact same way (Bodie et al., 2011, p. 309).  

As these assumptions are rather unrealistic in the real world, the CAPM performs rather poorly 

when tested empirically (E. F. Fama & French, 2004). Empirical evidence shows that the relation 

between the average return and the beta for different portfolios are much flatter than the CAPM 

would predict. This means that the return on high beta portfolios is too high while the return on low 

beta portfolios are too low (E. F. Fama & French, 2004). The CAPM model can be expressed the 

following way:  

  (  )       [        ] (3) 

Where  (  ) is the expected return on portfolio p,    is the risk-free rate,    measures the 

contribution of stock i to the variance of the market portfolio as a fraction of the total variance of 

the market portfolio(Bodie et al., 2011, p. 315),       is the expected return of the market.  

The theoretical market portfolio is represented by all publicly traded assets in the economy and has 

a beta value of 1.00. Therefore the weighted average beta of all assets has to be 1 (Bodie et al., 
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2011, p. 316). If the portfolio beta value is higher than 1.00 it is considered aggressive as it means 

that the portfolio is above average sensitive to market swings. If the beta of the portfolio is lower 

than 1.00, the portfolio can be described as defensive in the sense that the portfolio is below average 

sensitive to market swings (Bodie et al., 2011, p. 316). 

The expected return-beta relationship of the CAPM can be illustrates graphically by the security 

market line (SML) as we see in Figure 2-1. 

Figure 2-1 The Security Market Line 

 

The SML, graphs risk premiums of individual assets as a function of asset risk. However, the SML 

is also valid for efficient portfolios (Bodie et al., 2011, p. 317). A “fairly” priced asset plots exactly 

on the SML. If the asset is undervalued it will plot above the security market while overvalued 

assets plot below the SML. The difference between “fair” expected return and the actual expected 

return is given by alpha (Bodie et al., 2011, p. 318).  

The CAMP is a statement about expected returns while in practice we observe realized returns. We 

will therefore need to rearrange the model (equation 3) to make it applicable in practice. What we 

end up with is the single index model (Bodie et al., 2011, p. 277). The regression equation of the 

Single-Index Model can be written as: 
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              [        ]       (4) 

The intercept of this equation is denoted as alpha. The alpha represents the portfolios excess return 

that is not explained by the single market factor. The momentum effect that we will investigate later 

is a part of this alpha value. If the alpha is positive and significant it indicates that the portfolio has 

provided a better return than what was expected given the portfolios beta value. A negative alpha 

indicates that the portfolio has performed worse than expected given its beta value.  

2.3.2 Fama-French Three-Factor Model 

As the CAPM model performed quite poorly empirically, researchers we’re looking for additional 

factors that could systematically explain returns. In 1993 Fama and French introduced their famous 

three-factor model (E. F. Fama & French, 1993). Fama & French (1996) argue that the CAPM 

return anomalies are related and that they are captured in the three factor model. The model says 

that the expected return on a portfolio in excess of the risk-free rate is explained by three factors: (1) 

the excess return on the market portfolio (     ), which is the same factor as in the CAPM; (2) 

the difference between the return of a portfolio with small stocks and the return on the portfolio 

with big stocks (SMB, small minus big); (3) the difference between the return on a portfolio of high 

book-to-market stocks and the returns on a portfolio of low book-to-market stocks (HML, high 

minus low). The model can be expressed the following way: 

            (     )                 (5) 

Where       is the excess return of portfolio i,    is the intercept, (     ),     and     are 

premiums and the factor sensitivities   ,   ,    are the slopes of the time series regressions.  

In 1992 Eugene Fama and Kenneth French compared performance of portfolios that were put 

together based on company size. Each year they ranked the companies into decile-portfolios, and 

observed the monthly excess return of all the portfolios over the following year. They had the 

security market line as the benchmark, and nine of the ten portfolios yielded a significantly positive 

alpha, which placed the portfolios above the security market line. These results could not be jointly 

rejected, and were statistically different from zero (Berk & DeMarzo, 2011, p. 429). 

The authors also found similar results using the book-to-market ratio. Stocks with high book-to-

market ratio are considered a value stock, while those with low book-to-market ratio are called 

growth stocks. Their results showed that value stocks tend to have positive alpha, and growth stocks 
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tend to have negative alpha. The size and book-to-market effect are both backed up by empirical 

results and these type of stocks tend to provide returns above the average (Berk & DeMarzo, 2011, 

p. 429).  

Fama & French (1996) find that their three-factor model can explain most of the cross-sectional 

variation in stock returns. First, they find that their model explain the returns observed when 

portfolios are formed on cash flow/price, earnings/price, and sales growth. Second, the model can 

explain the observed long term reversal that DeBondt & Thaler (1985) found (E. F. Fama & French, 

1996). However, the model is not able to explain the momentum effect documented by Jegadeesh & 

Titman (1993). Fama & French (1996) call this “the main embarrassment” of their model.  

2.3.3 The Carhart 4-Factor Model 

In 1997 Mark M. Carhart constructed a four factor model as he tries to explain mutual fund 

performance. The model is an extension of the Fama-French Three-factor model with an additional 

momentum factor added on the basis of Jegadeesh & Titman (1993) findings. The Carhart 

regression is illustrated in equation 6:  

                                                (6) 

Where     is the return on a portfolio excess in excess of a one-month T-bill return, RMRF is the 

excess return on a value weighted market proxy in excess of the T-bill return, SMB and HML are 

the size factor and value factor respectively. PR1YR is the new additional momentum factor that is 

constructed as the zero-cost portfolio.  

Carhart (1997) does some interesting findings with regards to a momentum strategy. First he finds 

that momentum funds have particularly high expense and turnover ratios indicating that transaction 

costs and expenses consume the gains obtained by following a momentum strategy. On the basis of 

these results Carhart argues that Jegadeesh & Titman’s (1993) momentum strategy which is based 

on buying previous year’s winning stocks and selling previous year’s loosing stocks is not a feasible 

strategy at an individual stock level. Second, he finds that one-year contrarian funds outperform one 

year momentum funds. Third, he suggests that the highly significant momentum factor found 

among mutual funds are not because of the funds are intentionally following a momentum strategy 

but rather because they by chance end up holding the winning stocks from the previous year.  
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2.4 Behavioral Finance 

Under the efficient market hypothesis stocks are priced “correctly” meaning that they reflect their 

fundamental value and there is “no free lunch” for investors (Barberis & Thaler, 2003). As the 

empirical findings of academics indicated flaws in the traditional theory, researchers we’re looking 

for alternative explanations. Behavioral finance emerged as a new approach trying to explain asset 

prices. Proponents of behavioral finance believe that asset prices are likely to deviate from the 

fundamental value and this is due to investors not being fully rational (Barberis & Thaler, 2003). 

Experiments within the field of psychology have revealed that people rely on certain heuristics in 

their decision making. These heuristics seem to be consistent among people and have therefore 

become the foundation for many of the theoretical models within behavior finance. In section 2.4.1 

we will first present some of the key heuristics that could potentially explain investor irrationality. 

We will also present Kahneman & Tversky’s (1979) prospect theory which has become one of the 

most influential contributions to modern finance. In section 2.4.2 we will discuss the aggregated 

consequences in the stock market caused by systematic irrationality in individual behavior. Section 

2.4.3 will present four influential behavior models that have been developed to explain deviations 

from the EMH at the market level. These models try to explain the empirical findings that were 

presented in 2.4.2. We acknowledge that other explanations and theories do exist, yet we find this to 

be beyond the scope of this thesis.  

2.4.1 Heuristics  

People tend to rely on several heuristic principles when assessing probabilities as this simplifies 

their decision making (Tversky & Kahneman, 1974). Heuristics are useful as they shorten the 

process of finding solutions for trivial problems; however they can lead to systematic errors in 

decision making. There are many different heuristics that influences individual behavior in the stock 

market. We have however chosen to limit our discussion around three key heuristics namely: 

overconfidence, representativeness and conservatism. 

2.4.1.1 Overconfidence  

There is a vast amount of evidence indicating that decision makers are overconfident in their 

judgments. Events that people are certain will happen only occur 80 percent of the time, while 

events that people believe are impossible to happen actually occur 20 percent of the time (Fischhoff, 

Slovic & Lichtenstein, 1977, cited in Barberis & Thaler, 2003, p. 1064). It has been documented 

that people’s 98 percent confidence levels include the true value only 60 percent of the time (Alpert 
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& Raiffa, 1982, cited in Barberis and Thaler 2003, p.1063). People also have a tendency to be 

overly optimistic when assessing their own abilities. For example: 90 percent of those that are 

surveyed believe their social skills are above average (Barberis & Thaler, 2003, p.1064). Odean 

(1998) documents that overconfident investors (investors that believe they know more about a 

securities value than what the true case is) trade more excessively then other investors and that this 

trading exceeds what would be rational from a diversification/hedging point of view.  

2.4.1.2 Representativeness 

In 1974, Tversky & Kahneman documented the representativeness heuristic. When people try to 

assess the probability that an object A belongs to a group B they often rely on the representativeness 

heuristic whether it is more or less consciously (Barberis & Thaler, 2003). People may assess the 

probability of “Jack” being a banker depending on whether “Jack” is similar to a stereotype of a 

banker. One severe bias caused by this heuristic is that people draw conclusions too quickly on the 

basis of a small data samples. We often refer to this bias as the sample size neglect (Barberis & 

Thaler, 2003). This can be illustrated with the following example: If people only observe that a 

stock has performed well the past 12 months they may believe that this particular stock will 

continue to perform well in the future, even though the past 5 year returns have been poor on 

average. This could be a possible explanation for why we observe a momentum effect.  

2.4.1.3 Conservatism  

Conservatism basically means that people underestimate the impact of evidence. While 

representativeness causes people to over emphasize sample evidence, conservatism causes people to 

under emphasize the sample evidence. If for example a firm announces very good earnings, 

conservatism among investors will make them react too little. The stock price will therefore be 

lower than its fair value. Over time the price is likely to increase slowly towards it fair value. 

Several academics have based their behavior models on this heuristic as it could potentially explain 

why we observe the momentum effect.  

2.4.2 Prospect Theory 

Traditional finance models try to explain asset prices assuming that investors’ preferences can be 

explained in an expected utility (EU) framework (Barberis & Thaler, 2003). Experiments that were 

conducted in the aftermath of EU show that the framework often does not give a correct 

representation of investor preferences. Academics have presented a waste amount of models that 
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could potentially explain investor behavior better than EU. Of all non-EU models, prospect theory 

has done the best job at capturing results from different experiments (Barberis & Thaler, 2003). 

Prospect theory was developed by Kahneman & Tversky in 1979. Prospect theory has been 

developed through an inductive approach by looking at empirical observations. In contrast, 

expected utility theory was developed through a deductive approach from what seemed as a rational 

behavior of individuals. There are basically three differences between expected utility theory and 

prospect theory.  

First, in an EU framework the decision maker focuses on the final value of wealth. In contrast, 

prospect theory argues that decision makers are concerned with changes in wealth relative to some 

reference point. Odean (1998) documents that investors have a strong preference for realizing 

stocks that have increased in value compared to realizing stocks that have decreased in value. This 

behavior does not seem to be explained by portfolio rebalancing needs or the desire to avoid high 

trading costs of low priced stocks. This evidence supports that investors are concerned with change 

in wealth relative to their reference point (the price they paid for the stock).  

Second, the utility curve for expected-utility theory is taken to be smooth and concave everywhere 

assuming that decision makers are risk averse. In prospect theory the utility curve is S-shaped 

meaning that it is concave for gains and convex for losses (The Royal Swedish Academy of 

Sciences, 2002) This indicates that decision makers are risk averse for gains and risk seeking for 

losses. The prospect theory utility curve also has diminishing sensitivity to changes in both 

directions. However, it is stepper for losses indicating that large losses affect value considerably 

more than large gains. There is also a kink on the value function at zero (reference point) making 

the utility function stepper for minor losses compared to minor gains meaning that decision makers 

make decisions that are consistent with loss aversion. 

Third, as Figure 2-2 illustrates the decision weight function is not linear in prospect theory. Too 

much weight is assigned to small stated probabilities while too little weight is assigned to large 

probabilities. 
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Figure 2-2 Prospect Theory and Decision Weight Function 

  

2.4.3 Market Overreaction and Market Underreaction  

The momentum and reversal evidence has been seen as a challenge to efficient market theory 

because it indicates that investors can earn superior returns by exploiting underreaction and 

overreaction without taking on extra risk (Barberis, Shleifer, & Vishny, 1998). Barberis et al. 

(1998) develop a model trying to explain overreaction/under-reaction. Their model consists of one 

investor and one asset. This particular investor reflects the forecast consensus of all investors. In the 

model, the earnings of the asset follow a random walk which the investor is not aware of. The 

investor believes that the company’s earnings changes between two “states” which are trending and 

mean-reverting, respectively. When the investor observes the firms earnings in a period he updates 

his beliefs of whether he is in a trending or mean-reverting state. If positive earnings news is 

followed by negative news the investor thinks that mean reverting is the current state. Good 

earnings new followed by more good news makes the investor think he is in a trending state making 

them invest and thereby creating a momentum effect. 
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Figure 2-3 Market Overreaction and Underreaction to New Information 

The illustration below show of how a market can potentially react to new public news. The black 

line is the efficient markets reactions to good news and is therefore also the fundamental value of 

the stock. The green line represents a case of where the market initially overreacts to the news 

causing the stock price to rise above its fundamental value before it gradually reverts back the 

following days/weeks. The red dashed line represents a case where the market initially under reacts 

to new information and then gradually increases back to its fundamental value.  

 

 

Hong & Stein (1999) develop an alternative model to explain these phenomenons. Their model has 

two groups of traders. The first group which they refer to as “newswatchers “underreact to new 

private information. They then show how the second group of traders, referred to as “momentum 

traders” try to profit on this under-reaction with a momentum strategy causing the stock prices to 

overreact. The authors basically say that the reason for the momentum effect is due to private 

information only slowly being absorbed in the economy. For example it has been documented that 

the momentum effect is stronger for smaller first with less analyst coverage compared to larger 

firms(Hong, Lim & Stein (2000), cited in Barberis & Thaler, 2003, p. 1093). This is in line with the 

model as we would expect private information diffusion to be slower among smaller firms.  

The two models above argue that momentum is caused by an initial under-reaction which is 

corrected later (Barberis & Thaler, 2003). However, there are also other models with alternative 

explanations for momentum.  
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De Long, Shleifer, Summers, & Waldmann (1990) have a different approach where their model 

consists of positive feedback traders and arbitrageurs. The feedback traders buy assets in period t 

that performed well in period t – 1 pushing the assets above their fundamental value. Arbitrageurs 

however, do not sell or short the stocks because they know that feedback traders will push the asset 

price even further in period t + 1, which makes the arbitrageurs buy the asset and sell it off at an 

even higher price in a future period. These market participants create a momentum effect. 

 

The last model we will present were developed by Daniel, Hirshleifer, & Subrahmanyam (1998). 

The agent in this model tries to obtain private information about a company’s future cash flow. The 

authors claim that these agents are overconfident about their private information compared the 

public information available. Positive private information causes the agents to push the price of 

assets above their fundamental value. Future public information will cause the prices to slowly 

revert towards their fundament value causing the long-term reversal. The agents are assumed to be 

prone to self-attribution bias. They will therefore disregard public information that does not confirm 

their view while public information that confirms their view will strengthen their beliefs even 

further. The asymmetry in investor’s response causes initial overconfidence on average to be 

followed by more overconfidence causing momentum over short term horizons (Daniel et al. 1998, 

2001 cited in Barberis & Thaler 2003, p 1091-1092).  

The four models presented above differ in their explanation of momentum. Barberis et al. (1998) 

and Hong & Stein (1999) argue that momentum effect is caused by an initial under-reaction which 

is corrected later (Barberis & Thaler, 2003, p. 1093). De Long et al. (1990) and Daniel et al. (1998) 

models argue that the momentum effect is causes by overreaction followed by even more 

overreaction (Barberis and Thaler 2003, p. 1093).  

This section started with presenting some empirical evidence that seemed to contradict efficient 

market theory. We have also seen some behavior models that try to explain the roots of overreaction 

and under-reaction. However, there are academics such as Fama (1998) that argue that the empirical 

findings of overreaction and underreaction do not challenge the theory of market efficiency. He 

presents three arguments for his case. First, the literatures of market anomalies are unlikely to 

present a random sample of research done within the field. Results that are large and significant get 

more attention so researchers have clear incentives to look for these market anomalies. Second, 
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some of the anomalies may be explained by rational asset pricing models. Fama & French (1996) 

find that their three-factor model can explain overreaction evidence such as long term reversals 

presented by DeBondt & Thaler (1985). However, they fail to explain the continuation of short-term 

returns. Eugene Fama and Kenneth French presented a draft from their working paper “A Five-

Factor Asset Pricing Model” in November 2013. Maybe this five-factor model or other rational 

asset pricing models will be able to explain the factors that are actually causing the momentum in 

stock returns (E. Fama & French, 2013). Fama's (1998) maybe most importantly argument is the 

following: in a world of efficient markets we will observe under-reaction approximately as frequent 

as overreaction. If the anomalies split by chance between overreaction and under-reaction, the 

anomalies are consistent with market efficiency. However, since Fama published this article in 1998 

a lot of new evidence has been found in favor of market under-reaction e.g. Asness et al., (2013). 

2.5 Data mining 

One possible explanation for the observed momentum return is the issue of data mining. There can 

be found excessive amounts of data on stock returns while computations to calculate different 

patterns in the return data can be performed cheaply in software programs such as Microsoft excel 

or Math lab. Potential payoffs from finding a superior trading strategy are high whether you are a 

portfolio manager or an academic (Jegadeesh & Titman, 2001). It is therefore likely that a large 

amount of different trading strategies have been tested on different datasets trying to find a pattern 

that is profitable and consistent. It could be the case that the momentum profits observed in 

Jegadeesh & Titman (1993) we’re found by pure luck. 

David Leinweber illustrates the issue with data mining by searching for pattern in data that are 

correlated with returns. In his book Nerds on Wall Street he finds that for a 13 year period the 

annual butter production in Bangladesh was correlated with the annual price fluctuations on S&P 

500 (Berk & DeMarzo, 2011, p. 430).  

However, an extensive amount of empirical studies have found the momentum strategy to be 

successful in several other countries in different sample periods. Data mining is therefore not likely 

to be the cause of why the momentum profits have been observed.  
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2.6 January Effect 

Jegadeesh & Titman (1993) observed a seasonal pattern in their momentum results that the winner 

portfolio had outperformed the loser portfolio in all months, except January where the loser 

portfolio significantly outperformed the winner portfolio. Jegadeesh & Titman (1993) find that the 

relative strength strategies have on average 7 percent negative return in January, but achieve 

positive abnormal returns in each of the other months (Jegadeesh & Titman, 1993, p. 79). Jegadeesh 

& Titman (2001) perform a sample split and find that the January effect is negative in all sub-

periods and marginally significant. 

Wachtel (1942) and Branch (1977) tries to explain this anomaly from a tax perspective. They say 

that investors sell off their shares that have declined in value of the previous year at the end of the 

year to reduce tax expenses (Wachtel, 1942, and Branch, 1977, cited in Kiem, 1983, p. 29). Dyl 

(1977) observed unusually high trading volume at the end of the year for shares with previous 

twelve-month price declines, and interprets this as evidence of tax loss selling (Dyl, 1977, cited in 

Kiem, 1983, p. 29). 

Rozeff and Kinney (1976) note that January is the beginning of a new tax year for many investors 

and companies, and preliminary announcements of last year’s performance are made. There is 

higher uncertainty and anticipation to forthcoming important information. It is argued that the there 

is a greater impact on smaller firms since the gathering and processing of information by investors 

is less costly (Rozeff and Kinney, 1976, cited in Kiem, 1983, p. 30). 

A study examined several stock market anomalies before and after they were published. They find 

that anomalies such as the weekend effect, the holiday effect and January effect have disappeared 

after they have been publically known. However, given a limitation of the study they state that the 

disappearing of these anomalies may only be true for large firms (Marquering, Nisser, & Valla, 

2006). Therefore it is not certain that the January effect has disappeared. If there is a January effect 

in the Norwegian stock market this could potentially have an impact on our momentum results. 

However, we will not investigate or correct for this anomaly in this thesis.  
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Chapter 3 Practical Investment Implications 

3.1 What is a short sale? 

A short sale is the opposite of a long position. If you have a long position you own the stock and 

you gain profit it the stock price rises and take losses if the stock price drops. If you are short you 

will gain profit if the stock price drops and take losses if the stock price rises.  

When you are shorting you borrow a stock from an owner of the security and you make a 

commitment to give the stock back to the owner at a later point in time. Normally this trade is done 

through a broker as they offer a meeting place for the market participants. The broker borrows the 

stock on your behalf from a stock owner and you sell the stock to the current share price. When the 

share price drops in the future you buy the share back and give it to the broker, fulfilling the short 

sale. The profit from the trade is the share price difference when you sold the share and when you 

bought it back. This is the good scenario. When you take a short position you profit more as the 

stock price drops closer to zero. However, if the stock price rises, there is no limit to how much the 

stock could be worth and how big you loss can be. Short sales makes it is possible to lose more than 

your initial investment, which makes it more risky than taking a long position where you only lose 

you investment if the stock drops to zero. Also there is a risk that the lender could reclaim his stocks 

back at any time. In this situation the stock must be bought back, no matter what the price is at that 

given time (Nordnet, 2014). 

3.1.1 Shorting Opportunities in Norway 

To investigate the shorting opportunities in Norway further we have decided to look at some of the 

brokers that offer trades of Norwegian equities; Pareto Securities and Nordnet. Pareto Securities 

have one of the best selections of shares available for short selling on the Norwegian market (Pareto 

Securities, 2014c) and Nordnet is one of the biggest internet-brokers in the Nordics, whom also 

offers short sales on Norwegian stocks.  

In Norway it is only allowed to do covered short sales, which means that the short seller must 

borrow the share before the short sale can be completed (Mikalsen, 2008). This differs from the 

naked short sale where the investor can short a stock without borrowing the stock first. Both Pareto 

Securities and Nordnet have some restrictions on which stocks that are available to short and this 
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list is changing continuously. These lists contain mostly the most liquid stocks in the market. It is 

also possible to call the broker if you want to take a short position in a stock that is not on the list, 

but it is not guaranteed that it is possible (Pareto Securities, 2014a). Both brokers offer to loan the 

stock on your behalf and delivers them back to the owner later. If you do not clear the short position 

the same day as you engaged in it, administration fees and interests on the loan will occur (Pareto 

Securities, 2014c). They also require a percentage margin above 100 percent. They keep the money 

from the short sale and require additional capital as collateral. This means that in practical terms the 

investor have a capital expenditure in initializing a short position. As for the momentum strategy the 

proceeds from the short sales do not cover the long positions. The zero-cost portfolio needs capital 

investments in both long and short positions, which might make this strategy quite capital intensive. 

3.1.2 Implications of short sale restrictions 

The short sale opportunities in Norway are good but they might not be good enough for momentum 

investment strategies. In the momentum strategies we are covering in this thesis we sell the worst 

performing stocks and keep their short position for 3-12 months. This might offer some practical 

implications since it is not certain that the worst performing stocks will be available for shorting 

when the strategy is initiated. The time horizon on the short position is also uncertain as the lender 

could call back the stock at any time. Holding the positions over time accrues an administration fee 

and interest costs which might be expensive over time.  

From a practical perspective the short positions do not fund the long positions. The broker keeps the 

sales proceedings as collateral and it is not disposable for trading. However, most of the papers 

within the field consider the momentum strategy as a zero investment strategy where losers fund 

winners. Most of the papers only look at returns and do not account for this implementation issue. A 

momentum strategy seems to require more capital to invest than what most momentum papers 

assume.  

These implications are too complex to be taken into account and we consider it to be beyond the 

scope of this thesis. For simplification purposes we assume that we are able to initiate all short 

positions and are able to keep the positions throughout the desired holding period. The momentum 

strategy is assumed to be a zero investment strategy where worst performing stocks fund the best 

performing stocks. 
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3.2 Transaction costs 

In our data there are some factors that are not captured that could have significant impact on our 

results. The momentum strategy might offer high returns but an inevitable factor such as transaction 

costs is needed to take into account in order to assess the profitability of the investment strategy. 

Transaction costs can be separated into direct and indirect transaction costs. Direct transactions 

costs are explicit costs such as broker commissions, taxes and account fees, while more implicit 

costs occur in form of bid-ask spread. Taking these costs into account may reduce or even evaporate 

the expected positive profits of the momentum strategy. Since these costs are different for the 

individual investor it is hard to estimate how big the impact of these costs should be. 

Jegadeesh & Titman (1993) found that the momentum strategy is still profitable and the returns 

exceed the transaction costs. Lesmond, Schill, & Zhou (2004) conclude that the transaction costs 

associated with momentum strategies are underestimated and questions the profitability of such 

strategies. The stocks that generate momentum returns are usually stocks with high trading costs, 

leading to the conclusion that the results of momentum strategies creates an illusion of profit 

opportunity, which really does not exist (Lesmond et al., 2004). 

Many papers find that the momentum effect is stronger in small stocks. Small stocks tend to be less 

traded and it might be harder to close positions. This means that the small stocks are usually more 

illiquid and the bid-ask spread is higher. Jegadeesh & Titman (2001) and Hong, Lim, & Stein ( 

2000) find that worst performing stocks generates most of the momentum profits. Short sale have 

higher transaction costs than long positions as they include administration fees and interest cost for 

borrowing the stock, as mentioned in the previous section. The momentum strategy might have high 

indirect trading costs and are important to take into account when evaluating the profitability of the 

investment strategy. 

Domowitz, Glen & Madhavan (2001) mentions that another important element of the implicit 

transaction costs is the price impact of trade. Direct transactions costs as commission fee is easy to 

take into account as they are observable, but there is no reporting of implicit costs. It is hard to 

capture the impact of large trades and the fact that they may move the price in the direction of the 

trade. Bid-ask estimates fail to capture the impact of trades and there are many disagreements on 

how to best measure the indirect transaction costs (Domowitz, Glen, & Madhavan, 2001). The 

Norwegian stock market is not big compared to other markets and many of the stocks are small in 
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size. The liquidity could be lower than other markets and the bid-ask spread might be bigger, but it 

is hard to tell how high the implicit transaction costs are and how they affect the profits. 

In section 6.7 we will try to take transaction costs into account by creating a base scenario that 

covers some of the most important and transparent costs to get a picture of the transaction costs 

attached to momentum strategies. We will use the commission fees of Pareto Securities and 

simulate that we use this broker throughout the strategy. The commission fee is 0.05 percent for 

each transaction with a minimum of 79 NOK and is equal for both long and short positions (Pareto 

Securities, 2014b). To avoid simulating the momentum strategy with absolute numbers we assume 

that each transaction is large enough to be estimated in relative values. This means that each 

position must be larger than 158 000 NOK, which might be fairly big trades for some of the 

Norwegian stocks with regard to stock availability, as well as for the account balance to some 

investors. The indirect cost impact of large trades will not be accounted for as this is beyond the 

scope of this thesis. However we will try to estimate a bid-ask spread to capture some of the 

implicit transaction costs. Also smaller investors might not be able to take positions of this 

magnitude. Thus it is worth mentioning that the commission fee might be higher for smaller 

investors. 

In section 3.1.1 we mentioned that there are some additional costs if a short position is hold for 

more than one day such as administration fees and interest costs. For simplicity the administration 

fees are assumed to be zero, but we will try to incorporate the cost of borrowing stocks for short 

sale. Pareto Securities offer an annual borrowing rate of minimum 4.5 percent, which will be our 

cost of borrowing in our simulation of transaction costs (Pareto Securities, 2014c). 
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Chapter 4 Empirical Momentum Review 
 

The literature review in this chapter will present evidence of previously published momentum 

articles. The literature within this field has grown rapidly after Jegadeesh and Titman (1993) 

published their famous article “Returns to Buying Winners and Selling Loser: Implications for 

stock market efficiency”. Even though early research was mostly conducted on US equity market 

there is now a vast amount of literature covering other asset classes such as bonds, commodities and 

currency in non-us markets. The intention of this section is to provide the main evidence from some 

of the previously published momentum articles. This chapter is divided into two sections of articles 

– academic literature and master thesis that have focused on price momentum in the Norwegian 

stock market. We will limit our literature study to equity markets and price momentum as this is 

what we wish to investigate in Norway. Our literature review will focus on data sample, sample 

period, the methodology, the ranking criteria, and the combination of formation and holding 

periods, as well as their main results. The chapter is summarized in section 4.3 including an 

overview of the 6x6 momentum strategy results from all the included papers and thesis in this 

review.  

4.1 Academic Papers 

4.1.1 Jegadeesh and Titman (1993) - Returns to Buying Winners and Selling Losers: 

Implications for stock Market Efficiency 

In this paper Jegadeesh and Titman paper investigate stock market efficiency. Their data sample 

includes daily returns of NYSE and AMEX stocks from 1965 to 1989. They provide an analysis of 

relative strength strategies over the past 3 to 12 month horizons. Stocks are selected based upon 

their returns over the past 3, 6, 9, 12 months. The holding period is also 3, 6, 9 or 12 months long. 

This adds up to 16 strategies in total. They also look at a second set of strategies that skip one week 

between the portfolio formation period and the holding period to avoid some bid-ask spreads, price 

pressure and lagged reactions. They only use overlapping holding periods to increase the power of 

their tests. The securities are ranked based on their past J-months return which they allocate into ten 

decile portfolios. The stocks are equally weighted within each portfolio. They call the top decile for 

“losers” decile and the bottom decile for “winners” decile. In each month they buy the winning 
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portfolio and sell the losing portfolio and hold it for K months. The strategy closes out the position 

initiated in month t – K. The most successful zero-cost strategy selects stocks based upon their past 

12 months return and holds the portfolio for 3 months. This strategy provides a return of 1.31 

percentages per month with no time lag between formation and holding period, while it provides a 

1.49 percent return per month if there is a one week lag between the formation and holding period. 

The results of all the zero-cost portfolios are positive and statistically significant except for the 3x3 

strategy that does not skip one week. The 6 month formation period strategies provide monthly 

average returns of about 1 percent regardless of their holding period. The 6x6 strategy which the 

authors examine in details, provides a compounded excess return of 12.01 percent per year. 

Jegadeesh and Titman find that the profits from these relative strength strategies are not due to their 

systematic risk. They also find a strong seasonality in the momentum profits. Winners outperform 

losers in all months except January when the losers actually outperform the winners. From an 

investor’s point of view, the risk adjusted return from the momentum trading strategy after taking a 

0.5 percent one-way transaction cost into account is 9.29 percent per year and is statistically 

significantly different from zero. The evidence in this paper is consistent with the explanation of 

delayed price reactions to firm-specific information. Jegadeesh and Titman conclude that the 

hypothesis of market efficiency can be rejected at even the most conservative levels of significance. 

4.1.2 Conrad and Kaul (1998) - An Anatomy of Trading Strategies 

In 1998, Conrad & Kaul implemented 120 return-based trading strategies in order to analyze their 

sources of profits. They investigated a 63 year long data sample, including all available securities 

on NYSE and AMEX from 1926 to 1989. Their methodology builds on the framework in Lehmann 

(1990) and Lo & MacKinlay (1990) and differs from Jegadeesh & Titman (1993) by having security 

weights proportional to their performance relative to the equally weighted portfolio of all securities 

(WRSS
1
). By doing this they capture the general belief that extreme price movements are followed 

by extreme movements, and the security weights allow them to decompose the momentum profits 

and to determine the relative importance of the different components.
2
 They find that the 

momentum effect is not only due to asset price predictability, but a larger portion of the profits is 

                                                 
1
 WRSS is short for weighted relative strength strategy. 

2
 Since Jegadeesh & Titman (1993) use a variant of this strategy and note in their paper that there is 0.95 correlation 

with this weighted relative strength strategy (WRSS). However, the profits cannot be readily decomposed. Jegadeesh & 

Titman (1993) argue that the equally weighted decile portfolios provide relative more information than the WRSS. They 

state that the WRSS provides an easy framework to examine the sources of profits and evaluating the relative 

importance of each of these sources. 
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due to the cross-sectional dispersion variation in mean returns. They argue that as long as there is 

dispersion in mean returns there will be a momentum profit. This means that the momentum effect 

can co-exist with the hypothesis of random walk, which the supporters of time-series predictability 

would reject.  

Their zero-cost portfolio consists of a long position in the stocks that performed above the mean, 

and a short position in the stocks that performed below the mean. They analyze eight different 

strategies with equal formation and holding periods ranging between 1 week and 36 months. They 

investigate several time periods and three equal-size sub-periods. From the 36 strategies 

implemented there is an equally amount of positive and negative average returns. Hence momentum 

and contrarian strategies are unconditionally equally likely to be successful. 21 of 36 strategies are 

statistically significant profitable and there are almost equally divided between momentum and 

contrarian with 11 and 10 significant strategies respectively. The momentum strategies are 

statistically significant are profitable from 3 to 12 months, which corresponds well to the results of 

Jegadeesh & Titman (1993). The best performing strategy is 9x9 in the 1962-1989 period with a 

monthly average return of 0.71percent followed by 12x12 and 6x6 with monthly average return of 

0.7 and 0.36 percent respectively. A joint significance test within each time period shows that the 

momentum strategy is statistically significant profitable in the medium run (3-12 months) for all 

time periods, except the 1926-1947 sub-period where a contrarian strategy is successful. The 

success of the contrarian strategy is limited to the long-run (12 < months) and to the pre-1947 data.  

4.1.3 K. Geert Rouwenhorst (1998) – International Momentum Strategies 

This paper primarily focuses on international momentum returns within and across markets at the 

individual stock level. The sample consists of monthly total returns in local currencies for 2190 

stocks from 12 European countries (including Norway) in the period 1980 to 1995. The sample used 

covers approximately 60-90 percent of each country’s market capitalization. The methodology of 

Jegadeesh and Titman (1993) is used for constructing the relative strength portfolios. One set of 

strategies are formed at the end of formation period while a second set of strategies skip one month 

between the formation period and holding period. The main findings of this paper is that an 

internationally diversified relative strength portfolio that invests in past medium-term Winners, and 

shorts past medium-term Losers, gives a return of approximately 1 percent per month. They find 

that all the excess returns are significant at the 5 percent level. They analyze return continuation 
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separately for each country and argue that results are not due to country specific momentum. 

Results from Norway are similar to the sample as a whole with a return of 0.99 percent per month 

(significant at the 5 percent level). Rouwenhorst finds that the performance of momentum strategies 

cannot be explained by conventional measures of risk and that the return continuation is present for 

both small and large stocks, although the momentum effect seems to be stronger for smaller firms. 

More interestingly, the author finds that when controlling for market risk or a size factor the 

abnormal performance of relative strength strategies increases. The results of this paper support the 

findings of Jegadeesh and Titman (1993) and make it less unlikely that the U.S. momentum returns 

was just a result of data snooping. 

4.1.4 K. Geert Rouwenhorst (1999) – Local Return Factors and Turnover in Emerging Stock 

Markets 

This paper investigates whether return patterns in emerging countries are similar to those that have 

been observed in developed countries. The authors gather returns for 20 emerging markets using 

return data of 1750 individual stocks. They use monthly closing prices. Some countries firms are 

tracked from 1975 while more are added to the data sample when the data becomes available. The 

momentum portfolios are formed by ranking the stocks within each country on past six-month 

returns. They also choose to have a holding period of 6 months to make their data more comparable 

with previous research and positions are not rebalanced during the holding period. The portfolios 

are formed with a one month gap between the ranking period and the holding period and they invest 

an equal weight in each stock within each country. Return outliers could be a problem when 

forming momentum portfolios because momentum strategies pick stocks with extreme prior 

performance. Therefore, the author chooses to exclude the top and bottom five percent of the stocks 

within each country. After they have excluded the outliers, all the stocks within each country are 

allocated into three portfolios as Winners (top 30 percent), average (middle 30 percent) and losers 

(bottom 30 percent). The average return from the winner-minus-loser (WML) momentum portfolio 

across all the 20 markets is 0.39 percent per month (t-value: 2.68) which is considerably lower 

compared to previous research done in the U.S. and Europe. However, investing only in the winner 

portfolio across all 20 markets would provide a return of 2.13 percent per month. The loser 

portfolios are in contrast to previous research providing positive returns with the only exception 

being Jordan. The countries with the highest WML momentum profits are Colombia 2.09 percent, 

Greece 1.76 percent and Nigeria 1.43 percent with t-values of 3.27, 4.95 and 1.79 respectively. The 
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worst performing country is Taiwan providing a return of -0.47 percent (t-value: -1.39). The paper 

also tries to document whether there is a relationship between share turnover and expected returns. 

The authors do not find a relation between share turnover and expected return, however they do find 

that momentum is cross-sectional correlated with turnover in emerging markets.  

4.1.5 Jegadeesh and Titman (2001) – Profitability of Momentum Strategies: An Evaluation 

of Alternative Explanations 

In this paper Jegadeesh and Titman try to find explanations for the momentum profits that were 

documented in their 1993 article. Their sample differs from their previous work by including all 

NASDAQ stocks in addition to firms listed on New York Stock Exchange (NYSE) and American 

stock exchange (AMEX). In contrast to their previous work they now exclude low priced stocks and 

stocks with low market capitalization. The sample period is from 1965-1998 extending the previous 

sample by 8 years. The methodology they follow is identical to Jegadeesh & Titman (1993). From 

1990-1998 they document that past winners outperform past losers by approximately 1.39 percent 

per month which is very similar to the results found in Jegadeesh & Titman (1993). The results are 

statistically significant at the 1 percent level. The authors also find that the winner portfolio and the 

loser portfolios contribute about equally to the momentum profits. The results from this paper give 

further assurance that the momentum profits found in former years were not a result of data 

snooping. It also signals that market participants have not changed their investment behavior after 

1993 which questions the efficient market hypothesis.  

4.1.6 John M. Griffin, Xiuqing Ji, and J. Spencer Martin (2003) – Momentum Investing and 

Business Cycle Risk: Evidence from Pole to Pole 

The authors try to investigate whether momentum profits globally can be explained by 

macroeconomic risk variables. They also want to analyse whether international empirical evidence 

is consistent with risk-based explanations or behaviour explanations. Their data sample includes 

monthly returns of NYSE-and AMEX stocks from 1926 to 2000. They also include data from 39 

non-U.S. countries that have a minimum of 50 stocks available on DataStream International. The 

time coverage of the non-U.S. countries begins from 1975 (10 markets covered) to 1995 (all 

countries except Egypt is covered). It is interesting to note that Norway is one of the countries 

included in their data sample. They follow a 6x6 strategy with overlapping holding periods. The 

authors allocate the past 20 percent best performing stocks into the winner portfolio and the bottom 
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20 percent into the loser portfolio. The stocks within each portfolio are equally weighted. They 

report one set of results where the investment is executed immediately after the end of the ranking 

period and a second set of results where they skip one month between the ranking period and the 

holding period to avoid microstructure distortions. The authors document statistically significant 

momentum profits across the world. First they present the results from momentum portfolios with a 

one-month gap between the ranking and holding period. They find that the average monthly 

momentum profit from a winner minus loser strategy is 0.77 percent for Europe, 0.59 percent for 

the U.S, 0.78 percent for Americas (excluding U.S.), 1.63 percent for Africa, and 0.32 percent for 

Asia. These results are statistically significant for all regions except for Asia. The average monthly 

momentum profit for the 88 analysed stocks in Norway is 1.11 percent and highly significant. 

Forming the portfolios immediately after the ranking period makes the momentum profit smaller. 

The average monthly return in this case is 0.7 percent in Europe, 0.31 percent in the U.S., 0.5 

percent for Americas (excluding U.S.), 1.42 percent for Africa, and 0.13 percent for Asia where 

only the Asia results are insignificant. They authors also investigate whether momentum returns are 

correlated across countries. They find low intraregional and interregional correlations between 

momentum returns and argue that momentum profits are probably not driven by a global risk factor. 

To find out whether a momentum strategy is robust both during good and bad economic states they 

look at performance growth and decline in GDP growth and aggregate stock market states. They 

document that monthly momentum profits are 0.28 percent in Europe and 0.32 percent in the World 

during periods of negative GDP growth, and 0.76 and 0.64 percent in periods of positive GDP 

growth. However, the results above during a negative GDP growth are not statistically significant. 

They also document that the average monthly momentum profits are 0.68 percent in Europe and 0.7 

percent in the World during down markets while they are 0.76 and 0.48 percent during up markets. 

All these results are highly statistically significant. The authors therefore conclude that momentum 

strategies are robust both during good economic states and bad economic states and therefore 

momentum strategies are not related to risk arising from macroeconomic states. They also find 

positive momentum profits in both good and bad business cycle states arguing that momentum can 

therefore not be a reward for priced business cycle risk.  

In 2005, Griffin, Ji and Spencer look at both earnings momentum and price momentum with a 

similar data sample and methodology as Griffin et al. (2003). For price momentum, they focus on 

the 6x6 strategy meaning a formation period of 6 months and a holding period of 6 months. They 

find that much of the momentum profit comes from investing in the winner portfolio meaning that 
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the strategy is viable for short constrained investors. Across all the countries in their sample, they 

find that the average price momentum return is 0.67 percent per month. They also look at the 

momentum strategies robustness during recessions. They find that during periods of negative 

market movements, momentum strategies yield positive returns in 35 out of 40 markets. However, 

during periods of positive market wide returns momentum strategies yield positive returns in only 

26 markets. One conclusion they draw from this is that portfolio managers who are highly sensitive 

to market conditions can benefit considerably from using price momentum as a part of their 

investment strategy. The authors also find that momentum returns are auto-correlated near some 

extremely negative values making the strategy quite risky. 

4.2 Master Thesis on Momentum in the Norwegian Stock Market 

In this section we will look closer at some theses from NHH
3
 that have investigated the momentum 

effect on the Norwegian stock market. We acknowledge that there are CBS theses that have 

analyzed momentum effect in Scandinavia and other markets, but we will not include them in this 

section as the Norwegian market is not their primary focus. By examining past papers, we can 

distinguish our thesis and thereby contribute to the momentum discussion. The theses presented use 

Børsdatabasen as their source to financial market information, which is an internal database at 

NHH (“Børsprosjektet,” n.d.).  

They both follow the methodology by Jegadeesh & Titman (1993) and apply many of the same 

robustness tests. However, they differentiate from each other by investigating different time periods 

and sample size. We will now give a brief summary of their main results.  

4.2.1 Kloster-Jensen (2006) – Market efficiency theory and momentum on Oslo Stock 

Exchange 

In 2006, Kloster-Jensen studied the momentum effect on the Oslo Stock Exchange from 1996 to 

2005, covering a 9 year sample period. His dataset consists of 73 stocks after excluding stocks that 

were missing observation throughout the sample period. All zero-cost strategies generate positive 

excess returns and all strategies are statistically significant, except the 3x3 strategy. This 

corresponds well to the momentum results of Jegadeesh & Titman (1993). Strategies based on short 

observation periods (3 months) perform worst, while those with medium-long observation periods 

                                                 
3
 Norwegian School of Economics and Business Administration 
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(6-9 months) perform best, and the return is slightly reduced with 12 month observation periods. 

This pattern corresponds to the results by Liu, Strong & Xu (1999). 13 of the winner portfolios are 

positive and all loser portfolios yield negative excess return. Neither the winner nor loser portfolios 

are statistically significant on their own. The loser portfolio contributes with most of the return in 

the zero-cost portfolios. 6x6 is the best performing strategy followed by 9x6 and 6x9 with a 

monthly average excess return of 2.82, 2.68 and 2.57 percent respectively. 12x12 is the worst 

performing strategy (which is significant) with a monthly average excess return of 1.55 percent. 

After risk adjusting only 7 of the zero-cost portfolios are statistically significant, where 2 of them 

yield negative alpha. The zero-cost strategy is explained to some degree by systematic risk. By 

doing a sample split he documents that the momentum strategy is not consistent over time and 

limited to certain periods. The momentum effect is related to how the market moves and performs 

better when the market is falling. Kloster-Jensen concludes that there is no momentum effect in the 

Norwegian market as the results are mostly compensation for systematic risk. He further argue that 

if transaction costs and short sale restrictions are taken into consideration this would leave the 

momentum strategy unprofitable.  

4.2.2 Solheim and Jensen (2011) – Momentum in Norway 

In their thesis they investigate if there is any autocorrelation in stock returns on Oslo Stock 

Exchange from 1998 to 2010. After removing the stocks with missing data in the sample period 

they are left with 75 stocks. When implementing the different momentum strategies they use non-

overlapping holding periods. Their results show that 15 of 16 zero-cost portfolios are positive. 

However, only 6 of these are statistically significant at 10 percent level. 14 of the winner portfolios 

are statistically significant, while none of the loser portfolios are statistical significant. Both the 

winner and loser portfolio contribute to the zero-cost portfolio, but the main contribution of returns 

is from the winner portfolio. The best performing strategies are 9x12 and 6x6 with a monthly 

average return of 1.8 and 1.34 percent respectively. Adjusting for risk and transaction costs the 

momentum profit is not considerably reduced. The momentum effect seems to be stronger in stocks 

that are frequently traded. They conclude that it might have been a momentum effect in Oslo Stock 

Exchange from 1998 to 2010. 
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4.3 Summary  

As we have seen in the empirical momentum review the momentum effect seems to be prevalent in 

several different stock markets. Jegadeesh & Titman (1993) were the first to document the return 

continuation in the medium run (3-12 months). After their paper many researchers have 

documented similar results in many different datasets and time periods applying their momentum 

strategies. Conrad & Kaul (1998) document results that support earlier research and the findings of 

Jegadeesh & Titman (1993)
4
. Rouwenhorst (1998) finds evidence of international momentum 

profits in 12 European countries. The evidence from the European markets supports Jegadeesh & 

Titman (1993) findings.  

In 1999, Rouwenhorst documents that there is a similar return pattern in emerging markets. Though 

the average return from these markets are considerably lower than earlier studies in U.S and 

Europe. This might be due to the methodology specifications as he excludes the most extreme 

values and the portfolios are larger than earlier studies. He also finds that the loser portfolio 

generates positive returns, which is in contrast to previous research.  

Jegadeesh & Titman (2001) pick up their work from 1993 to see if they could find explanations to 

their documented momentum profits. They made some small adjustments by excluding the smallest 

stocks and securities with low market capitalization. Extending their previous sample period with 8 

years they find very similar results to those back in 1993. Data snooping is therefore not likely to be 

the reason and the investor’s investment behavior has not changed.  

Griffin, Ji & Martin (2003) investigates the momentum effect in 40 different countries across the 

globe. They find positive and significant momentum profits on all continents except Asia. 

Momentum strategies are robust during good and bad economic states, and are not related to risk 

arising from macroeconomic states. They also conclude that the momentum profits are not a reward 

for business cycle risk. In further studies in 2005 they conclude that portfolio managers who are 

highly sensitive to market conditions can benefit considerably by having price momentum as an 

input in their investment strategy. They also also find that momentum returns are auto-correlated 

near some extremely negative values making the strategy quite risky (Griffin, Ji, & Spencer Martin, 

2005). 

                                                 
4
 Before Jegadeesh & Titman (1993) academics were focusing on reversal strategies and their properties. They were 

shown to be present in the short run (1 week-month) and in the very long run (3-5 years). 
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The momentum return seems to be yield around 1 percent per month in U.S and Europe and is still 

profitable after accounting for transaction costs. Rouwenhorst (1998) and Griffin et al. (2003) 

documents a monthly average return of 0.99 and 1.11 percent on OSEAX in the periods from 1980-

1995 and 1975-1995 respectively. These results are based on a 6x6 strategy with overlapping 

holding periods. The thesis discussed in section 4.2 reports quite different results for the same 

strategy with a monthly average excess return of 2.82 and 1.34 percent respectively. 

Risk explaining models like CAPM and Fama-French 3-factor model fails to explain the 

momentum returns in most cases, and the momentum effect is yet to be explained. Solheim & 

Jensen (2011) conclude that the momentum effect in the Norwegian market is not explained by risk-

factors, while these factors almost eliminate the momentum returns found by Kloster-Jensen (2006). 

Kloster-Jensen (2006) argues in favour of no momentum effect in the Norwegian market, 

contradicting the conclusions of the other thesis.  

Below is an overview of the results from the 6x6 momentum strategy (zero-cost portfolio) from all 

the papers we have discussed in this chapter. The momentum return is the monthly average return in 

percentage with their respective t-values. Most of the papers use equally weights and follow the 

methodology of Jegadeesh and Titman (1993). There is some variation in the portfolio size, but it 

does not seem to affect the presence of a momentum effect. 

Table 4-1 Overview of Previous Momentum Findings
5
 

 

 

                                                 
5
 Own creation inspired by (Swinkels, 2004). 
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Chapter 5 Data and Methodology 
 

5.1 Data Presentation 

We have chosen to look at Oslo Stock Exchange (OSE) to determine whether there exists a 

momentum effect in Norway. To be able to calculate stock returns we gathered stock data from 

Thomson Reuters Datastream that include corporate actions. From 01.01.1973 to 13.03.2014 the 

total number of available equities that had been listed on OSE at some point amounted to 835. 

However, this included stocks that had been delisted or suspended. We have gathered information 

on stock price, market value, turnover volume, and market-to-book ratio on all the stocks included 

on the Oslo Stock Exchange All-share index (OSEAX). This index includes almost all the stocks 

that are currently listed on the OSE. Our observation period is from 31.12.2004 to 31.12.2013 

including data for a total of nine years. The sample period length is in line with previous research. 

Jegadeesh & Titman (2001) observed an eight year period from 1990 to 1998 to further support 

their results from 1993. We have also gathered data on the OSEAX index which will be our market 

index. The OSEAX index is a value weighted index of all the stocks on OSE. 

We have restricted our data sample on certain criterions. First, we will only be looking at stocks that 

have data for the entire observation period. Initially we wanted to include all stocks that have been 

listed on OSE during our sample period. However, Datastream did not have information on market-

to-book values on a large amount of the “dead” stocks
6
. Gathering this information ourselves would 

be very time consuming and outside the scope of this thesis. This information is necessary to be 

able to regress the momentum returns against the Fama French three factor model (E. F. Fama & 

French, 1996). We have therefore chosen to only include stocks with data for the entire observation 

period. This will make our results prone to a survivorship bias and the reader should have this in 

mind when interpreting the momentum results. There are several reasons for why stocks might be 

delisted including acquisitions, mergers, leverage buyouts, bankruptcy etc. Grundy & Martin (2001) 

document that when winner stocks are delisted, it is usually the result of a merger or takeover and 

the superior performance that is observed during the formation period is likely due to information 

about the acquisition. Loser stocks on the other hand are most often delisted due to liquidation or 

other negative performance-related reasons. It is difficult to assess whether our momentum results 

will be biased upwards or downwards due to the survivorship bias. However, if we assume that the 

                                                 
6
 ”Dead” stocks are a reference to stocks that have been delisted at some point in time before the end of our observation 

period.  
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findings of Grundy & Martin (2001) are relevant for the Norwegian stock market, we would argue 

that the results from our study would be better if we included all stocks. We will present two 

arguments for why this is likely to be the case. First, Antoniou, Arbour, & Zhao (2008) argue that 

the shareholders of target firms benefit a lot from M&A because acquirers pay significant premiums 

to obtain the shares from the target firm. These premiums are reflected in positive abnormal returns 

earned in the days around merger announcements. Because we are long in the winner stocks we will 

benefit by this Merger/Acquisition. Second, when a loser stock (which we are shorting) gets 

delisted due to a bankruptcy or other negative-performance related reasons we will gain a 100 

percent return on this stock because the value of the common stock will be zero. However, this rests 

on the assumption that the liquidation values of the firm’s assets are less or equal to the size of the 

debt. If there is some money left after the debt has been paid, it will go to the shareholders and we 

will need to compensate them accordingly. 

We have collected individual data on stock prices, market values, turnover volume, and market-to-

book ratios. The market values on Datastream are the share price multiplied by the number of 

ordinary shares in issue. The market-to-book ratio is defined as the market value of equity divided 

by the balance sheet value of the ordinary equity in the company.  

When we have removed all the stocks with missing observations from our dataset during the recent 

nine years we remain with 90 stocks. The stock list can be found in Appendix I. We have chosen to 

use monthly data on stock prices which is similar to previous papers such as Rouwenhorst (1998) 

and Griffin et al. (2003).  

To estimate the momentum returns against the CAPM or Fama-French 3-factor model we need to 

obtain the risk-free rate. The risk-free interest rate in the CAPM model represents the interest an 

investor would expect from a risk-free investment over specified period of time (PwC, 2013). As 

the theoretical risk-free rate does not exist in practice we need to choose a proxy for the risk-free 

rate. Norwegian treasury bills are free from default risk. However, they are exposed to interest rate 

risk if the maturity of the bill is not equal to the investment horizon. Ideally we should discount 

each cash flow with a bond that matches the respective cash flows maturity (Koller, Goedhart, & 

Wessels, 2010). As the company’s stocks are denominated in Norwegian kroner, we should use 

Norwegian government bonds (Koller et al., 2010). We have chosen to use Norwegian treasury bills 

with lengths of 3 months, 6 months, 9 months and 12 months respectively. For a momentum 

strategy with a 6 month holding period we will use the 6 month Norwegian Treasury bill, while a 12 
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month treasury bill will be used for strategies with 12 month holding periods. Another possibility 

would be to use a very short term interest rate such as a 1-month treasury bill. One argument for 

using a very short interest rate is that longer term-rates may deviate in essential ways from a non-

observable short rate. On the other hand, very short treasury bills such as the 1-month rate are 

notoriously noisy because they are too short.  

5.2 Data Adjustments 

5.2.1 Missing Data 

The only company missing in this list during our sample period was Norwegian Car Carriers, which 

we added manually.
7
 We had stocks price data for all the stocks during our sample period. 

However, some of the companies on OSEAX were missing data with regards to Market-to-book 

ratios. Datastream did not report market-to-book ratios for SAS and Royal Caribbean Cruises. 

These are the only two companies included in the data-set that are listed on other stock exchanges 

as well, so we believe that this could be the reason for the missing data. Petrolia was missing 

Market-to-book ratio in 2005, but had MTB-ratios the subsequent years. In Datastream, the market-

to-book ratio is calculated by dividing the current market value on shareholder’s equity reported 

31.12.XX. This shareholder’s equity is taken from the annual report to the company, and in the case 

this has not been published yet, the market value is divided by the latest reported shareholder 

equity. To correct for the missing data the shareholder’s equity was acquired from their annual 

reports while their market values were available on Datastream. The shareholder’s equity for SAS 

and Royal Caribbean Cruises were reported in their local currencies, SEK and EUR respectively. 

These numbers were converted into NOK, using the annual average currency the respective years. 

5.3 Methodology 

The methodology we have used to investigate the momentum effect is from Jegadeesh & Titman 

(1993). We will observe stock returns and select stocks based on their past 3, 6, 9 or 12 months 

performance referred to as the formation period and given the notation F. The holding period will 

be 3, 6, 9 or 12 months and given the notation H. In total we will end up with 16 different 

                                                 
7
 The stock can be found on Datastream, but was not a part of the OSEAX-Index. However, the stock is listed at the 

OSEAX list on www.oslobors.no 



Page | 45  

momentum strategies that combine the different formation periods with the different holding 

periods. We do not construct the portfolios in-between the winner and loser portfolio. In the 

following sections we will go in further details on our method and our choices.  

5.3.1 Portfolio Size 

Looking at previous research there are several different approaches with regard to portfolio size. 

Jegadeesh & Titman (1993) and K. Rouwenhorst, (1998) allocate stocks into ten decile portfolios. 

Asness et al., (2013) allocate stocks into top 1/3 and bottom 1/3. The choice of weighting scheme 

has an impact on both gross returns and transaction costs (Asness et al., 2013). If we we’re to 

allocate stocks into deciles in our data sample we would be left with 9 stocks in each portfolio. 

Campbell, Lettau, Malkiel, & Xu, (2001) document that there has been an increase in firm-level 

volatility relative to stock market volatility over the period 1962-1997. One implication of this is 

that the correlation among individual stock returns has decreased. This way the volatility of the 

market portfolio can remain the same even though the volatility of individual stocks returns has 

increased. This emphasizes the need for diversification even more than before. We therefore believe 

that creating portfolios with nine stocks would leave us with far too much idiosyncratic risk 

exposure. The gains from low transaction costs (compared to larger portfolios) are not likely to 

outweigh the costs of unsystematic risk. We have therefore chosen to deviate from the methodology 

of Jegadeesh & Titman (1993) when it comes to portfolio size and decided to create 20 percent 

portfolios containing 18 stocks each. Griffin, Ji, & Spencer Martin, (2005) also use strategies that 

examine the top 20 percent of stock returns and bottom 20 percent due to the low amount of stocks 

in certain countries.  

5.3.2 Portfolio Weighting Scheme 

In Table 4-1 we see that most of the previous momentum studies use equally weights in their 

portfolios. A different approach is to give weights relative to the stock’s performance or market 

capitalization. The advantage with a market cap weighted portfolio is that small stocks, which are 

typically more expensive to trade, have a relative small weight in the portfolio (Swinkels, 2004). 

However, the disadvantage with using a market cap weighted portfolio is that the largest stocks will 

dominate the portfolio return. In our sample the market value of the three largest companies on Oslo 

Stock Exchange (Statoil, Telenor and DNB) account for more than 50 percent of the total market 

value per 31.12.2013. Jegadeesh & Titman (1993) and Jegadeesh and Titman (2001) use an equally 
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weighted stock approach. We have decided to use an equally weighted approach as this will make 

our results more comparable with previous momentum studies done in Norway and other countries. 

Also we do not suffer from potentially extreme portfolio weights and the weights remain constant 

throughout the analysis. 

5.3.3 Formation and Holding Periods 

The next step is to decide the length of the formation periods and the holding periods. Jegadeesh & 

Titman (2001) document that the momentum effect seems to give positive and significant returns in 

the first 12 months following the formation period while the strategy yields negative cumulative 

returns in months 13 to 60. Jegadeesh (1990) provides evidence of shorter-term return reversals 

with strategies based on past 4 week returns. The most common approach in the momentum 

literature is having an formation period of 3, 6, 9 or 12 months while the holding period is also of 3, 

6, 9 and 12 months. This gives us a total number of 16 different momentum strategies as illustrated 

in Figure 5-1 below. In chapter 6 we investigate all 16 momentum strategies, but for some of the 

robustness tests we will only analysis the 6x6-strategy. A 6x6-strategy has a formation period of 6 

months and a holding period of 6 months. At the end of the formation period of 6 months the 

winner portfolio and the loser portfolio are formed. The winner portfolio is formed by taking a long 

position in the best performing stocks during the formation period. At the same time we take a short 

position in the worst performing stocks during the formation period. These portfolios are then held 

for 6 months. This process is illustrated in Figure 5-2 below.  

Figure 5-1 Overview of our Momentum Strategies 
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Figure 5-2 Illustration of the Momentum Investment Process 

 

5.3.4 Overlapping versus Non-Overlapping Periods 

When we examine the different strategies we include portfolios with both overlapping holding 

periods and non-overlapping holding periods. Previous literature such Rouwenhorst (1998) and 

Jegadeesh & Titman (1993, 2001) use overlapping holding periods.  

Papers that use overlapping holding periods report the monthly average returns of H strategies each 

starting one month apart. This means that the holdings are revised every 
 

 
 month. Looking at the 

illustration below we see that towards the end August the F = 3 and H = 3 portfolio of Winners 

consists of three parts: a position from an investment at the beginning of April in the 20 percent of 

firms with the highest performance from January to March and two similar positions resulting from 

investments in the top 20 percent firms in the beginning of May and June. At the beginning of July 

the holdings in the position that started in April will be liquidated and replaced with an investment 

in the stocks with highest performance from April through June. Jegadeesh & Titman (1993) follow 

an overlapping approach because it will increase the power of their tests due to more observations.  

Griffin et al. (2005) skip one month between the portfolio ranking and investment periods to avoid 

microstructure distortions such as bid-ask spread, price pressure or lagged reaction effects. 

Jegadeesh & Titman (1993) also do a similar approach where they examine a second set of 

momentum strategies that skip a week between the portfolio formation period and the holding 

period. Previous master thesis’s that have conducted momentum studies on the Norwegian stock 

market such as Solheim & Jensen (2011) have chosen not to correct for this issue. We on the other 

hand have chosen to run a second set of strategies where we skip one month between the formation 

period and investment period.  

In Figure 5-3 below we see that if you choose non-overlapping holding periods you form a portfolio 

in the beginning of April and hold this for three months. This portfolio is than liquidated at the end 

of June and replaced with a new portfolio that is formed on the basis of the top 20 percent 

Formation 
period (F) 

01.01.2010 - 
30.06.2010           

Time of 
portfolio 

formation 

End of June 

Holding period 
(H) 

01.07.2010 - 
31.12.2010 
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performing stocks from April to June. With this approach you will only be holding one portfolio at 

any point in time. Using non-overlapping holding periods will result in less trading and thereby 

lower total transaction costs which can often be considerable.  

As our dataset contains returns for the past nine years we have chosen to use overlapping periods to 

increase the number of observations. It will also be easier to compare our results to previous studies 

by following the same approach. We have however chosen to analyze non-overlapping in addition 

as a robustness test. A non-overlapping strategy would make more sense for private investors that 

have to pay higher transaction costs than e.g. traders in the financial industry.  

Figure 5-3 Illustration of Non-Overlapping and Overlapping Holding Periods (3x3) 

 

5.4 Return Calculations 

In order to calculate the returns of the assets in our data and sample period there are two known 

methods to do so, discrete or continuously compounded returns. From a mathematical point of view 

it is same which one of these methods we use, but they do have some different properties and give 

some difference in return values. The difference in return is usually minor (Raahauge, 2008). To 

calculate the returns of the assets and the different momentum strategies we decided to use 

continuously compounding returns as this offer some benefits. Multiple period returns are converted 
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from multiplication to addition, which is not only easier to work with and model, but also has some 

statistically advantages (Campbell et al., 1997).
8
 However, continuously compounded returns do 

have one disadvantage compared to discrete returns. The simple return to a portfolio equals the sum 

of each asset’s weight multiplied the return of the corresponding asset, which is not the case for 

continuously compounded returns. This disadvantage is not a big problem in empirical studies when 

the returns are measured over short intervals of time. Also it is common to use continuously 

compounded returns when studying the behavior of stock returns (Campbell et al., 1997). 

The natural logarithmic return for a single-period for a given stock   in time t is denoted as      and 

is defined as: 

 
        (

    

      
) 

                          

(7) 

In our data single-period returns represents the monthly returns. Depending on the momentum 

strategy the compounded return for given number of periods   is denoted as    and is defined as: 

 

         ∑    

 

   

 (8) 

The stocks are then ranked based on their compounded return          and the winner (W) and loser 

portfolio (L) comprises the 20 percent best and worst performances respectively. The return of the 

portfolio consisting of equally weighted stocks   is then calculated: 

 

          
 

 
∑        

 

   

 (9) 

The return of the momentum strategy denoted as   is calculated by taking the return of the winner 

portfolio minus the return of the loser portfolio: 

 

                                                 
8
 For instance, if simple returns are assumed to be independently and identically distributed, then the 

multi-period returns are not normal as they are products of single-period returns. However the sums 

of normal single-period returns are normal and this calculation is only meaningful with 

continuously compounded returns. (Campbell et al., 1997) 
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                                 (10) 

The monthly average return of the momentum strategy is calculated by taking the average of all the 

momentum portfolios formed throughout the sample period from 2005 to 2013 and divide it by the 

length of the holding period  . The monthly average return is denoted    and is defined as: 

 

   
 

 
∑         

 

   

  (11) 

These calculations are completed for all momentum strategies. In next section we will illustrate this 

process and usage of these formulas.  

5.5 Data processing  

To process the data we used Microsoft Excel and Visual Basic programming. The data sample is 

quite comprehensive and it took some time to find an efficient way to do the calculations. We ended 

up with a total of 550 and 3008 different portfolios for non-overlapping holding periods and 

overlapping holding periods respectively. Excel macros eased the process of creating the portfolios. 

Most of the academic papers within the field only give a short description of the data treatment, but 

do not offer any insights on the calculations and processing of data. We want to give a short 

description with illustrations of our method for both non-overlapping holding periods and 

overlapping holding periods. This can be useful for recreation or future studies within empirical 

finance. 

5.5.1 Non-overlapping holding periods 

Calculating returns from non-overlapping holding periods was the first part of the data processing 

we worked on in excel. Using a 6x6 strategy as an example we will explain step by step our data 

processing work. The first step was to sum up the returns during the first six months of our sample 

and label it “P1 Formation”. The sum of the next six months would be labeled “P1 Holding”. “P1 

Holding” is equal to “P2 Formation”, “P2 Holding” is equal to “P3 Formation”, etc. We ended up 

with a total of 17 holding periods for this strategy. The next step is to rank all the stocks in each 

formation period according to the top 20 percent and bottom 20 percent by using the conditional 

formatting function in Excel. The third step was to manually color the cells in each holding period 

red if the return in the formation period was among the bottom 20 percent, and color the cell green 
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if the return was among the top 20 percent. This is illustrated in Figure 5-4 below. From our 

experience the coloring part takes quite some time because we had 17 holding periods, with 18 

winner stocks and 18 loser stocks in each holding period. This means that we needed to manually 

color 17x36 = 612 cells. To the right in Figure 5-4 we can see the returns from the winner portfolio 

and loser portfolio in each holding period. To calculate these we made a VBA formula that 

calculated the sum of the cells with identical colors. The VBA formula can be found in Appendix II. 

The equally weighted average was then calculated by dividing the sum by the number of stocks in 

the portfolio. This was done for both the winner and loser portfolios. The reason why we needed to 

manually color the cells was because the VBA formula we made could not register the “lighter 

colors” produced by conditional formation function in Excel. In the end we calculated the average 

return per month for the winner, loser and zero-cost portfolio by dividing the return results by the 

length of the holding period, which in this case was 6 months. 

Figure 5-4 Non-Overlapping Method 

 

5.5.2 Overlapping Holding Periods 

At the next stage of our data processing work we would calculate momentum returns using 

overlapping holding periods. As illustrated in Figure 5-3, a new portfolio is created each month, 

which means the number of formation and holding periods increase drastically. The 6x6-strategy 

would leave us with 97x36 = 3492 cells to color using the same method as for non-overlapping 

method. As explained above, manually coloring the cells was a time consuming process. We 

therefore started to consider new ways of handling the process more efficiently. In our original 

study we had 90 stocks and nine years of returns. However, to illustrate our method we will use a 

simplified sample with only six stocks and half a year with returns. This method is illustrated by the 

3x3 strategy with a formation and holding period of three months.  
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Figure 5-5 Calculation of Formation Period 

 

The first step is to calculate the returns during the formation period, which is the accumulated return 

of the three months before initiation of the portfolio. The SUM-formula in Excel is equal to 

equation 8 in section 5.4. The accumulated returns for the holding period are calculated the same 

way, but for the subsequent period. The holding period return for the first portfolio would be the 

summation of April, May and June. The accumulated returns are gathered in one matrix as 

illustrated in Figure 5-5 above. 

Figure 5-6 Ranking of Stock Performances 

 

Following the summation we made an equally large matrix for the ranking of the stocks. As the 

formula describes each stock is ranked compared to the other stocks in the same formation period. 
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This is done for all subsequent formation periods as shown in Figure 5-6. The column “Portfolio” 

separates the different formation periods and show which periods that are connected across tables. 

For example, portfolio 2 in the “Ranking” table shows the stock ranking in the second formation 

period. 

Figure 5-7 Creating the Portfolios 

 

After the ranking we add together the portfolios based on their performance. To do this we use the 

“Ranking” matrix and the holding returns in the “Holding Period” matrix. As mentioned the holding 

returns are calculated as the formation returns in Figure 5-5. Portfolio 1 in “Holding Period” shows 

the 3-month return after the first formation period. Portfolio 2 in “Holding Period” shows the 3- 

month return after the second formation period, and so on.  

To construct the winner portfolio we use an IF-function that we created using VBA. For this 

example, the winner and loser portfolio will consist of the two best and worst performing stocks, 

and the VBA-function is sorting them out. In Figure 5-7 the return from the holding period will 

show in the “Winner Portfolio” table if the stock is ranked 1 or 2, and if not, the cell is left blank. 

The loser portfolio follows the same procedure in a own table with a similar VBA function that 

shows the holding period if the stock is ranked 5 or 6, if not, the cell is left intentionally blank. For 
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our base study we included the 20 percent best and worst performing stocks in the zero-portfolio 

and the VBA function we used can be found in Appendix II. 

Figure 5-8 Strategy Results 

 

The return of the portfolio is simply the average of the row that only shows the returns of the stocks 

included in the portfolio. These average returns are summarized in Figure 5-8 and the zero-cost 

portfolio is calculated for each portfolio. We then take the average of all the portfolios, giving us 

the final result from the 3x3 strategy. This methodology was applied for all 16 momentum 

strategies.  

5.6 Statistical Significance 

To assess whether our results have occurred by chance or not, we will test whether they are 

statistically significant. To interpret whether our results are statistically significant we use a one-

sided t-test because we expect that the winner portfolio will generate positive results, while the loser 

portfolio will give negative results. However, when our initial results showed negative values for 

the winner portfolios in chapter 6 we decide to proceed with two sided tests for all the later analysis 

in chapter 7. For a two sided t-test the null hypothesis says that our test value is equal to zero. 

Rejecting the null hypothesis means that the result is statistically different from zero.  

 
  

 ̅    

 

√ 
 

 
(12) 

Where:  ̅ is the mean value of the sample,    is the value we are testing  ̅ against,   is the standard 

deviation of the sample and   is the sample size. The standard deviation is given by:   √∑    ̅ 
 

   
. 

To determine whether the results are statistically significant we evaluate the t-values against the 

critical values given by the student’s t-distribution. We will evaluate each t-value at a 10 percent, 5 
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percent and 1 percent significance level. Test values that are significant at the 10 percent level will 

be marked with 1 star (*), 5 percent significance level will be marked with 2 starts (**) and finally, 

values that are significant at the 1 percent level will be market with 3 stars (***).  

5.7 Methodology used for the Fama-Fench three-factor model 

The Fama-French Three Factor Model has received a lot of attention and recognition for explaining 

stock returns. In chapter 7 we will perform a regression analysis using the Fama-French 3-factor 

model. In this section we will explain the methodology used to construct the size and book-to-

market portfolios. We will only perform this robustness test on a 6x6 strategy with overlapping 

holding periods. We have chosen to look at this specific strategy to make it more comparable with 

previous research. In constructing the size and book-to-market portfolios we used the methodology 

of Fama & French (1996).  

First the stocks are allocated into two groups based on their market equity value. Stocks with 

market equity above the median for a given month were labeled as Big stocks (B) while stocks that 

were below the median were labeled as Small stocks (S). The first formation is from June 2005 so 

the total number observations match exactly with the 6x6 momentum strategy. To sort the stocks 

into groups of big stocks or small stocks we used an IF formula in excel.  

The next step was to rank the stocks into three groups depending on their book-to-market ratio. 

Consistent with Fama & French (1996) we label the three groups Low (L), Medium (M) and High 

(H) with breakpoints in bottom 30 percent, middle 40 percent and top 30 percent respectively. 30 

percent of the stocks in our sample with the lowest book-to-market ratio were allocated into group 

L. The top 30 percent of the stocks with the highest book-to-market ratio were allocated into group 

H. The remaining 40 percent of the stocks were allocated into group M. Datastream could only 

provide information on market-to-book values so we took the inverse of the values to get the book-

to-market ratios. To sort the stocks into the three groups we used the methodology from our 

momentum calculations as described in section 5.5.2, but with some small adjustments such as 

changing the size of the portfolios. However, we faced some difficulties as several stocks had the 

same book-to-market value due to Datastream only providing two decimals for our data. For our 

RANK formula to work correctly we needed to remove the duplicate book-to-market values. We 

did the following: if stock A and B had the same book-to-market in period t we would look at their 
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book-to-market value in period t-1. If stock A had a higher book-to-market in period t-1 it would be 

ranked higher than stock B in period t.  

The next step was to create six size-B/M portfolios (S/L, S/M, S/H, B/L, B/M, BH) defined as the 

intersections of the two market equity groups and the three book-to-market groups. We would 

calculate equally weighted monthly returns on the portfolios consistent with our momentum 

calculations. This approach deviated from Fama & French (1996) that used a value weighted 

approach for calculating returns.  

            (     )                 (13) 

SMB (Small-Minus-Big) is the difference each month, between the average of the returns on the 

three small-stock portfolios (S/L, S/M, S/H) and the average of returns of the three big-stock 

portfolios (B/L, B/M, B/H). HML (High-Minus-Low) is the difference between the average of the 

returns on the two high B/M portfolios (S/H, B/H) and the average of the two low-B/M portfolios 

(S/L and B/L). The (     ) part of the equation is the return of the market portfolio in excess of 

the risk-free rate. 

The market equity on Datastream is calculated as stock price multiplied with number of shares 

outstanding. Fama & French (1996) calculated the book value of equity as COMPUSTAT book 

value of shareholders’ while they add back balance sheet deferred taxes and investment tax credits 

and subtract the book value of preferred stocks. We have chosen not to perform these adjustments 

as it would be a very time consuming and outside the scope of our thesis. We have therefore chosen 

to use the market-to-book ratios provided by Datastream where the ratio is defined as the market 

value of the ordinary (common) equity divided by the balance sheet value of the ordinary (common) 

equity in the company.  
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Chapter 6  Momentum Results 

6.1 Momentum Results 

In this chapter we will present the results from our empirical analysis. Section 6.2 present the results 

from overlapping holding periods with and without a 1 month lag between the formation period and 

the holding period. Section 6.3 illustrates how the winner and loser portfolios have performed 

compared to the local market index. Section 6.4 presents the momentum results when the portfolio 

size is increased. Section 6.5 presents the momentum results when extreme observations are 

removed from our sample. In Section 6.6 we present a size split and momentum results from a 

liquidity adjusted sample. Section 6.7 presents the momentum results adjusted for transaction costs. 

In section 6.8 we will present a set of strategies with non-overlapping holding periods. Section 6.9 

presents the results from our sample split. A more thorough discussion of our results will be 

presented in Chapter 8. 
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6.2 Overlapping Holding Periods 

 

Table 6-1 Raw Momentum Returns 

This is an overview of 16 different investment strategies with overlapping holding periods. The 

momentum portfolios in Panel A are formed immediately after the formation period. The momentum 

portfolios in Panel B are formed one month after the end of the formation period.  

 

6.2.1 Panel A – Overlapping Holding Periods 

The results presented in Table 6-1 are monthly return data for the 16 different momentum strategies 

using overlapping holding periods. In panel A the portfolios are formed immediately after the 

formation period. We will refer to these results as our base study. By using overlapping holding 

F Strategy H 3 6 9 12 H 3 6 9 12

3 Winner 0,08 % -0,34 % -0,37 % -0,47%* -0,12% -0,45% -0,45% -0,57%**

0,15 0,75 0,97 1,50 0,22 0,99 1,22 1,86

3 Loser -1,74%*** -1,56%*** -1,56%*** -1,66%*** -1,59%*** -1,46%*** -1,63%*** -1,62%***

2,92 3,32 4,10 4,66 2,70 3,24 4,19 4,53

3 Zero-cost 1,82%*** 1,22%*** 1,19%*** 1,19%*** 1,47%*** 1,01%*** 1,18%*** 1,05%***

5,36 4,66 5,79 6,44 4,04 4,00 5,51 5,61

6 Winner -0,15 % -0,28 % -0,33 % -0,51%** -0,25% -0,31% -0,41%* -0,59%**

0,29 0,70 1,03 1,82 0,51 0,80 1,30 2,09

6 Loser -1,79%*** -1,59%*** -1,81%*** -1,89%*** -1,59%*** -1,70%*** -1,87%*** -1,91%***

3,09 3,59 4,65 5,30 2,83 3,80 4,75 5,36

6 Zero-cost 1,64%*** 1,31%*** 1,48%*** 1,38%*** 1,34%*** 1,39%*** 1,46%*** 1,32%***

4,19 5,10 7,00 7,15 3,38 5,35 6,66 6,65

9 Winner 0,14 % -0,14 % -0,36 % -0,54%** 0,07% -0,24% -0,46%* -0,62%**

0,30 0,36 1,14 1,84 0,14 -0,64 1,44 2,07

9 Loser -1,85%*** -2,05%*** -2,12%*** -2,20%*** -2,01%*** -2,12%*** -2,21%*** -2,23%***

3,15 4,40 5,29 5,85 3,36 4,51 5,34 5,83

9 Zero-cost 2,00%*** 1,91%*** 1,76%*** 1,66%*** 2,08%*** 1,88%*** 1,75%*** 1,61%***

5,31 7,40 7,37 7,18 5,31 6,90 6,79 6,53

12 Winner 0,05 % -0,41 % -0,55%* -0,68%** -0,14% -0,19% -0,62%** -0,79%***

0,11 1,04 1,64 2,23 0,29 0,79 1,85 2,54

12 Loser -2,38%*** -2,35%*** -2,46%*** -2,47%*** -2,40%*** -1,21%*** -2,47%*** -2,48%***

3,84 4,81 5,87 6,42 4,00 3,91 5,83 6,31

12 Zero-cost 2,43%*** 1,94%*** 1,91%*** 1,79%*** 2,26%*** 1,02%*** 1,85%*** 1,69%***

5,88 6,81 6,98 6,58 5,54 4,98 6,49 5,93

Panel A Panel B
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periods we increase the number of observations considerably compared to non-overlapping holding 

periods. This approach will increase the strength of our tests. 

Looking at the winner portfolios we see that 13 out of 16 strategies generate a negative return. 

Before our analysis was conducted we expected that the winner portfolios would generate positive 

returns. The three strategies that yield positive results among the winner portfolios (however not 

significant at a 10 percent level) all have a holding period of three months. Only five of the winner 

portfolios have statistically significant results, which are: 3x12, 6x12, 9x12, 12x9, and 12x12 

respectively. All of the significant strategies provide negative returns where the worst performing 

winner portfolio has a formation period of 12 months and a holding period of 12 months providing 

a monthly return of -2.47 percent. It is also interesting to notice that longer holding periods for a 

given formation period generate poorer results. If we only look at the results that are statistically 

significant we notice that increasing the formation period for a given holding period generates 

poorer results. For our sample period it does not seem to be profitable to buy the winner portfolio. 

However, given that we have to invest in the winner portfolio it seems to be beneficial to have 

shorter holding periods compared to longer holding periods. At first glance our results might 

indicate that the Oslo Stock Exchange efficiently incorporates new information and that it is not 

possible to gain abnormal returns by investing in the winner portfolio.  

Looking closer at the loser portfolios we see that all of our results are statistically different from 

zero at a 1 percent significance level. The most profitable momentum strategies are 12x9 and 

12x12, which yield returns of -2.46 percent and -2.47 percent per month respectively. The most 

profitable portfolios are the strategies with a 12 month formation period. We observe that increasing 

the length of the formation period while keeping the holding period constant provides higher 

returns. All in all it seems to be beneficial to short the loser portfolios with longer formation and 

holding periods.  

The returns from the zero-cost portfolios are all positive and statistically significant. The most 

successful zero-cost strategy chooses stocks based on their returns over the previous 12 months and 

then holds the portfolio for 3 months. This momentum strategy yields a return of 2.43 percent per 

month. It is interesting to note that Jegadeesh & Titman (1993) also got the best results with a 12x3 

strategy.  
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6.2.2 Panel B – Overlapping Holding Periods after microstructure adjustments 

In panel B we construct the portfolios one month after the formation period to avoid microstructure 

distortions. For a 3x3-strategy, we observed the stock returns from January 2005 to March 2005, 

skipped April, and formed the portfolio in the end of April 2005. The results are reported in Table 

6-1 above.  

 

Looking at the winner portfolios we see that 15 out of 16 portfolios generate a negative monthly 

return, which is contradictory to the results of Jegadeesh & Titman (1993) and Solheim & Jensen 

(2011) who yields positive returns for all the winner portfolios, and this is also what we would 

expect from a momentum strategy. Seven of the winner strategies are statistically significant and 

they are all negative. These are the same five strategies that got statistically significant results in 

Panel A in addition to the 6x9 and 9x9-strategy. 

 

Looking at the loser portfolios we see that all the strategies yield negative returns and are 

statistically different from zero at a 1 percent significance level, which is also what we found in 

Panel A. The strategies with a 12 month formation period yield the highest returns, except the 12x6-

strategy, which is actually the worst performing strategy with an average monthly return of 1.21 

percent. 

Figure 6-1 Graphical Overview of Momentum Results - Panel B 
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Looking at the zero-cost portfolios we see that all the strategies are positive and statistically 

significant at a 1 percent significance level. This is also what we found in Panel A. Compared to 

Panel A, the best performing strategy is still 12x3, generating a monthly positive return of 2.25 

percent. Looking at the Panel B and Figure 6-1 we see that the loser portfolios have higher returns 

than the overall momentum strategies. The winner portfolio drags the profit of the zero-cost 

portfolios down as it provides negative returns for most of the strategies. The loser portfolio seems 

to be the main provider of profits to the zero-cost portfolio. 

6.3 Overlapping holding periods in excess of the market return  

 

While it is informative to observe the total returns that arise from following a momentum strategy it 

is also interesting to investigate how the winner and loser portfolios have performed compared to 

the marked index. In Table 6-2 we report winner and loser profits in excess of the local market 

index (OSEAX) to get a sense of whether the positive returns are generated by the winner portfolio 

or the loser portfolio and how different these returns are compared to the market return during the 

same period. The market performance for the different strategies can be found in Appendix III. This 

will not have any effect on the zero-cost portfolio returns as these are calculated as the difference 

between winners and losers. 
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Table 6-2 Overview of Momentum Excess Returns 

 

It is clear from the reported results that the market index outperforms every single winner portfolio 

in our sample. We also observe that the market index outperforms all the loser portfolios in our 

sample. The positive momentum profits from a zero-cost strategy are single-handedly being 

generated by the loser portfolios. The size of the returns in the loser portfolios are also large enough 

to compensate for the bad performance by the winner portfolios. These results differ from the 

results of Jegadeesh & Titman (2001), which suggest that the winner and loser portfolio contribute 

about equally to the momentum profits. 

F Strategy H 3 6 9 12

3 Winner -0,67%*** -0,97%*** -0,93%*** -0,97%***

2.75 4.75 5.13 6.74

3 Loser -2,49%*** -2,19%*** -2,12%*** -2,16%***

7.32 9.02 10.55 10.93

3 Zero-cost 1,82%*** 1,22%*** 1,19%*** 1,19%***

5.36 4.66 5.79 6.44

6 Winner -0,72%*** -0,79%*** -0,78%*** -0,90%***

3.04 4.20 5.14 7.48

6 Loser -2,36%*** -2,11*** -2,26%*** -2,27%***

6.33 8.31 10.21 10.76

6 Zero-cost 1,64%*** 1,31%*** 1,48%*** 1,38%***

4.19 5.10 7.00 7.15

9 Winner -0,38%* -0,57%*** -0,71%*** -0,86%***

1.55 2.95 4.86 7.15

9 Loser -2,38%*** -2,49%*** -2,47%*** -2,52%***

6.57 9.21 9.93 10.36

9 Zero-cost 2,00%*** 1,91%*** 1,76%*** 1,66%***

5.31 7.40 7.37 7.18

12 Winner -0,36%* -0,73%*** -0,83%*** -0,94%***

1.48 4.06 6.38 8.72

12 Loser -2,79%*** -2,67%*** -2,75%*** -2,73%***

7.08 9.37 10.24 10.44

12 Zero-cost 2,43%*** 1,94%*** 1,91%*** 1,79%***

5.88 6.81 6.98 6.58

Excess Returns
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6.4 30 Percent Portfolios 

As explained in section 5.3.1 we allocated stocks into 20 percent portfolios with a long position in 

18 past winner stocks and a short position in 18 past loser stocks. Because certain investors might 

want to hold larger portfolios we choose to investigate how an increased portfolio size will affect 

the momentum results. We have in this section increased the portfolio size and allocated stocks into 

top 30 percent and bottom 30 percent. 

Table 6-3 Momentum Results with 30 Percent Portfolios 

 

Looking at the winner portfolios we can now see that only the 6x12 and 12x12 strategies are 

statistically significant. The worst performing winner portfolio is the 12x12 strategy which yields an 

average return of -0.60 percent per month – a slight improvement from -0.68 percent in our base 

study. Looking at the loser portfolios we see that they are all statistically significant. The best 

F Strategy H 3 6 9 12

3 Winner 0,10 % -0,20 % -0,28 % -0,35 %

0,20 0,49 0,82 1,23

3 Loser -1,34%*** -1,19%*** -1,21%*** -1,35%***

2,48 2,84 3,46 4,13

3 Zero-cost 1,44%*** 0,98%*** 0,93*** 1,00%***

5,37 4,82 5,59 6,80

6 Winner -0,16 % -0,22 % -0,30 % -0,46%**

0,32 0,55 0,93 1,67

6 Loser -1,20%** -1,18%*** -1,37%*** -1,46%***

2,31 2,92 3,94 4,57

6 Zero-cost 1,04%*** 0,96%*** 1,07%*** 1,00%***

4,19 5,10 7,00 7,15

9 Winner 0,09 % -0,12 % -0,29 % -0,43 %

0,21 0,33 0,95 1,54

9 Loser -1,54%*** -1,57%*** -1,66%*** -1,75%***

2,78 3,56 4,43 5,15

9 Zero-cost 1,64%*** 1,45%*** 1,37%*** 1,33%***

5,37 6,81 7,76 7,74

12 Winner -0,11 % -0,37 % -0,48%* -0,60%**

0,24 0,98 1,54 2,11

12 Loser -1,70%*** -1,69%*** -1,80%*** -1,86%***

3,05 3,83 4,71 5,37

12 Zero-cost 1,59%*** 1,33%*** 1,32%*** 1,26%***

5,29 6,26 6,34 6,16

30% Portfolios
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performing loser portfolio from our point of view is the 12x12 strategy with an average monthly 

return of -1.86 percent. In panel A the same portfolio generated a return of -2.47 percent per month. 

The best performing zero-cost portfolio is the 9x3 strategy providing an average monthly return of 

1.64 percent. All the zero-cost portfolios are highly statistically significant. Looking at the results in 

Table 6-3 we observed that the average momentum returns are now lower compared to the results 

we obtained from 20 percent portfolios with overlapping holding periods. One possible hypothesis 

for why 30 percent portfolios provide lower returns could be that momentum profits are driven by 

extreme return observations. Increasing the portfolio size gives the extreme return observations less 

influence to the total portfolio return. We will in the next section analyze whether extreme return 

observations are the main drivers of the momentum effect. 
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6.5 Overlapping holding periods without extreme observations 

A momentum strategy selects stocks based on extreme past performance. Return outliers can 

therefore influence momentum portfolio returns considerably. It is interesting to investigate whether 

momentum strategies are profitable when extreme return observations are disregarded. 

Table 6-4 Momentum Results Excluding 5 Percent Most Extreme Observations 

 

In Table 6-4 we excluded the five percent best performing and five percent worst performing stocks 

in the our data sample. This adjustment has also been done by Rouwenhorst (1999). Comparing our 

results to panel A, we observe that the momentum profits from zero-cost strategies are now 

considerably lower. The average monthly return of all zero-cost strategies provides a return of 1.24 

percent when extreme observations are excluded. In contrast the average monthly return of all zero-

cost strategies (including all observations) yielded a return of 1.66 percent.  

F Strategy H 3 6 9 12

3 Winner -0,10% -0,41% -0,33% -0,41%*

0,19 0,94 0,94 1,42

3 Loser -0,85%* -0,98%*** -0,97%*** -1,13%***

1,65 2,39 2,88 3,57

3 Zero-cost 0,75%*** 0,57%** 0,64%*** 0,73%***

2,44 2,35 3,32 4,50

6 Winner -0,33% -0,27% -0,26% -0,38%*

0,64 0,65 0,82 1,44

6 Loser 1,12%** -1,19%*** -1,34%*** -1,36%***

2,20 2,88 3,73 4,25

6 Zero-cost 0,80%*** 0,92%*** 1,07%*** 0,98%***

2,38 3,81 6,12 6,61

9 Winner 0,09% -0,03% -0,17% -0,32%

0,20 0,10 0,57 1,17

9 Loser -1,27%** -1,45%*** -1,51%*** -1,63%***

2,24 3,24 4,00 4,89

9 Zero-cost 1,36%*** 1,42%*** 1,34%*** 1,32%***

4,33 6,46 7,24 7,36

12 Winner -0,08% -0,30% -0,36% -0,43%*

0,17 0,82 1,16 1,50

12 Loser -1,64%*** -1,73%*** -1,83%*** -1,84%***

2,79 3,79 4,79 5,51

12 Zero-cost 1,57%*** 1,43%*** 1,46%*** 1,41%***

4,73 6,50 6,97 6,95

Overlapping with 5% removed
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6.6 Size Split and Liquidity Adjustment 

Until now we have seen that momentum profits are present and that they are significant. We have 

also seen that the loser portfolio is the main contributor to the momentum profits. Results from 

Hong et al. (2000) and Lesmond et al. (2004) suggest that the momentum portfolios often consists 

of small stocks that are less liquid. Illiquidity will most likely increase transaction costs which may 

question the profitable of a momentum strategy, as well as feasibility. In this section we will 

decomposed the 6x6 strategy to identify stock size in the winner and loser portfolio. We divide the 

stocks into quintiles, where size 1 represents the 20 percent smallest companies, and size 5 

represents the 20 percent largest companies based on their market values. The stocks are divided 

into sub-groups at the beginning of each holding period. Since we follow an overlapping strategy 

the stocks are ranked each month. 

In section 6.6.2 we will exclude the 20 percent most illiquid stocks in the market and see how this 

affects the profits. Trading volume is our proxy for liquidity. If a stock is picked by performance 

but are amongst the 20 percent most illiquid stocks it will be replaced by the next best/worst 

performer in the market that meet the liquidity requirement. In the end we will investigate how the 

stock composition in regards to size changes when adjusting for liquidity. 

6.6.1 Size Split 

The results from this analysis are summarized into figures with a primary and secondary axis. The 

primary axis shows the average monthly return to the size group. The secondary axis illustrates the 

average number of stocks from each size group included in a portfolio. The average monthly returns 

to the loser portfolio are inversed to illustrate the positive contribution to the momentum strategy. 

The tables to the graphical illustration can be found in Appendix IV. 
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Figure 6-2 Overview of winner portfolio divided into sub-group based on size 

 

Looking at the winner portfolio we see that size group 3 and 4 contributes positively to the winner 

portfolio with an average monthly return of 0.43 percent and 0.41 percent, while the other size 

groups contribute negatively to the momentum return. Size group 5 contributes with a negative 

monthly average return of around -0.47 percent, while the smallest companies in size group 1 and 2 

contribute with a negative monthly average return of -1.33 percent and -0.79 percent respectively. 

Medium sized (3) and large companies (5) have the largest weight in the winner portfolio. The 

winner portfolio seems to consist of companies of all sizes, but tends to pick most medium and 

large sized companies.  
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Figure 6-3 Overview of loser portfolio divided into sub-group based on size 

 

Looking at the loser portfolio we see that the smallest stocks are the largest contributor to the 

momentum profits with an average monthly return of 2.94 percent. All size groups have positive 

average monthly return, but size group 1 and 3 are the main contributors to the momentum profits. 

For the 6x6 strategy we see that the loser portfolio is clearly weighted towards the smallest stocks. 

This indicates that the momentum strategy tends to pick small firms to the loser portfolio. Those are 

firms with an average market value of 210 and 2351 million NOK respectively. A full overview of 

the average market values to the different size groups can be found in Appendix IV. 
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Figure 6-4 Overview of zero-cost portfolio divided into sub-group based on size 

 

Looking at the 6x6 zero-cost portfolio we see that size group 1 contributes with a monthly average 

return of 1.61 percent, while the medium-sized firms generate a monthly average return of 2.13 

percent. Size group 4 also contribute the momentum profits with a monthly average return of 1.17 

percent, while size group 2 and 5 contribute negatively to the zero-cost portfolio with a monthly 

return of -0.33 percent and -0.23 percent respectively. The biggest contributors to positive returns 

are the smallest and the medium sized firms with an average market value of 231 and 2370 million 

NOK respectively. The largest companies (4-5) had an average market value of 6959 and 47795 

million NOK for comparison.  

We observe that the 6x6 zero-cost portfolio is weighted towards smaller stocks. Small firms are 

often associated with higher risk and low liquidity. In the next section we will see if the momentum 

strategy picks some of the most illiquid stocks in the market. Low liquidity could have an impact on 

the implementation and trading costs of the momentum strategy.  

6.6.2 Liquidity Adjustment 

When we exclude the 20 percent most illiquid stocks from our sample, the total number of stocks in 

the zero-cost portfolio that gets replaced is considerable. 639 stocks are replaced by the liquidity 

criteria throughout the period, where 294 stocks are replaced in the winner portfolio, while 345 are 

replaced in the loser portfolio. This means that 19.76 percent of the initial loser portfolio consisted 
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of the most illiquid stocks in the market, while the initial winner portfolio consisted of 16.84 

percent of the most illiquid stocks. This means that around 7 stocks in the zero-cost portfolio are 

replaced by stocks that are not amongst the 20 percent best performing stocks. Looking at Table 6-5 

we see that the liquidity requirement does have an impact on the momentum profits. 

Table 6-5 Overview of the liquidity adjusted 6x6-strategy 

 

Table 6-5 show the average monthly return for the 6x6 strategy from our base study (panel A) 

compared to the average monthly return after excluding the 20 percent most illiquid stocks in the 

market. The profit from the loser portfolio is now reduced while the return from the winner 

portfolio is now slightly less negative. The zero-cost portfolio realizes an average monthly return of 

1.04 percent which is a decrease of 0.27 percent compared to our base study. The significance of the 

results has not changed. The winner portfolio is still insignificant, while the loser and zero-cost 

portfolio are still statistically significant at 1 percent. 

Figure 6-5 Overview of zero-cost portfolio before and after the liquidity adjustment 
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As we see in Figure 6-5 above, the liquidity adjustment has an impact on the composition of the 

portfolio. The average numbers of small stocks are considerably reduced, which implies that the 

most illiquid stocks are also the smallest firms. The reduction seems to be most prominent in the 

loser portfolio. A graphical illustration of the winner and loser portfolio can be found in Appendix 

IV. The return contribution from the different size groups seems to follow the same pattern as the 

base study but with reduced returns. The average return in size group 1, 4 and 5 is reduced by 0.20 

percent 0.57 percent and 0.63 percent per month respectively. There seems to be no change in 

returns for the medium sized firms, while size group 2 has an improvement of 0.42 percent per 

month. Overall, the momentum strategy tends to pick larger firms due to the liquidity requirement 

and the changes in profits are most prominent in the larger size groups. This might indicate that 

illiquid stocks do not contribute more to the momentum profits than more liquid stocks and the new 

stocks in the portfolio do not seem to have strong price continuation. The illiquid stocks seem to be 

small stocks, but they do not seem to be the drivers of momentum profits. The most illiquid stocks 

have a very low daily turnover volume with an average of 720 shares per day.
9
 Brokers usually only 

offer the most liquid stocks for shorting, which questions whether a momentum strategy is 

practically feasible when including all stocks. The low turnover volume could also make it difficult 

to take large stock positions. It should be mentioned that our results are based on the 6x6-strategy 

and the results and conclusions may vary if other momentum strategies were taken into 

consideration. 

6.7 Correcting for Transaction Costs 

Until now we have seen that the zero-cost portfolios seem to be profitable for all 16 strategies. 

However, the results are based on several assumptions, including that the cost of implementing the 

strategy is equal to zero. In this section we will take transaction costs into consideration for the 6x6 

strategy. We will account for the transaction costs mentioned in chapter 3 and further discuss their 

impact on the momentum strategy. 

The calculations in this section are based on the assumptions stated in section 3.2. The commission 

fee is 0.05 percent per transaction and loser portfolio has an additional cost of borrowing. Since we 

focus on the 6x6 strategy the semiannual rate of 2.25 percent is applied. The portfolio is 100 percent 

rebalanced each month with one buy and sell transaction for each stock. This is somewhat 

                                                 
9
 An overview of the turnover volume for the 6x6 strategy can be found in Appendix IV.  
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conservative as it might not be necessary to replace all the stocks in the portfolio. In this case the 

impact of the commission fees might be lower than represented here. On the other hand the 

commission fee is quite low and large positions are necessary to take advantage of this commission. 

Smaller investors would probably have a higher average commission fee per trade. 

To capture some of the implicit transaction costs we estimate a bid-ask spread by using closed 

prices collected from Datastream. Our initial returns are then adjusted with the estimated impact of 

the bid-ask spread. The bid and ask prices were collected from Datastream. Certain months were 

missing some prices so we did some adjustments to the data. Those months that did not have ask or 

bid price were filled in with the original market price at the given observation. We could have 

manually adjusted a spread to the market price by taking the difference between the observed bid or 

ask and the market price, but for most of the missing observations both ask and bid prices were 

missing so this was not possible. It is important to mention that the bid-ask spread might not be the 

true value if we were to implement the strategy and there are probably more appropriate and 

accurate methods to calculate indirect transaction costs. As mentioned in chapter 3 there is 

considerably disagreement in how to best measure transaction costs. Hopefully our bid-ask estimate 

capture some of the implicit transaction costs. 

6.7.1 Results after adjusting for transaction costs 

In Table 6-6 we compare the 6x6 strategy from the initial momentum study without transaction 

costs with the adjustment for transaction costs. The winner portfolio was initially not significant 

with a monthly average return of -0.28 percent, but after taking bid-ask spread, commission fees 

and additional short sale costs into account it is statistically significant at 5 percent with a monthly 

average return of -0.70 percent. 

Table 6-6 6x6-Strategy results adjusted for transaction costs 
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The monthly average return of the loser portfolio after transaction costs is -0.80 percent and is 

statistically significant at 5 percent. The reduction in profits from the loser portfolio combined with 

the worsening of the winner portfolio leaves the zero-cost portfolio with a positive average return of 

0.10 percent per month. This is a total reduction of 1.21 percent in profits compared to the initial 

results. The profit from the zero-cost portfolio is no longer statistically different from zero.  

 

Table 6-7 Overview of average monthly transaction costs 

 

In Table 6-7 there is a full overview of the monthly average transaction costs for each portfolio, 

separated into direct and indirect transaction costs. The direct costs consist mostly of commission 

fees and are estimated to be around 0.30 percent each month. Solheim & Jensen (2011) estimated 

that the transaction costs for the 6x6-strategy account for a monthly profit reduction of 0.26 percent, 

which is not that different from our estimate for the winner portfolio. The direct costs for the loser 

portfolio include the cost of holding the short positions over time, which is estimated to be around 

0.38 percent per month. 

 

The bid-ask spread is equal for both portfolios, adding up to a total cost of 0.24 percent for the zero-

cost portfolio. We expected that the bid-ask spread would be higher for the loser portfolio because 

of small stocks, but this is not the case. However this is just the results from the 6x6 strategy, so the 

bid-ask spread could be different for the other strategies. Also our bid-ask estimate to not capture 

the implicit price impact of large trades. 

 

Our raw momentum data speaks in favor of the momentum effect as all 16 zero-cost strategies 

generate statistically significant returns. The momentum strategy might look good on paper, but 

transaction costs have a considerable impact on the profits. The transaction costs almost exceed the 

returns of the momentum strategy and reduce the average return by 1.21 percent from 1.31 percent 
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to only 0.10 percent per month. The zero-cost portfolio is no longer statistically significant. 

Lesmond et al. (2004) argue that the momentum effect is an illusionary effect that is not possible to 

profit from when transaction costs are taken into account. The trade-intensity is high and the profits 

are usually driven by the loser portfolio consisting of small illiquid stocks. 

It is important to mention that the level of transaction costs might differ considerably from one 

investor to another, which can have a large impact on momentum profits.  

6.8 Non-overlapping holding periods 

In the previous section we observed that transaction costs almost erased the entire momentum 

profit. In this section we will investigate a momentum strategy that requires less trading. The results 

presented in Table 6-8 are monthly return data for the 16 different momentum strategies using non-

overlapping holding periods. Non-overlapping holding periods are rarely analyzed in the 

momentum literature. However, non-overlapping holding periods will lower the number of 

transactions that have to be executed thereby lowering total transaction costs. It is therefore 

interesting to investigate whether we can get similar results to what we observed in panel A. 

However, using non-overlapping holding periods will decrease the number of observations 

considerably making it more difficult to get statistically significant results.  
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Table 6-8 Raw Momentum Return Non-Overlapping Holding Strategy 

 

Looking at the winner portfolios we observe results that are similar to what we found when using 

overlapping holding periods. From our results we see that the winner portfolios provide a negative 

return in 15 out of 16 strategies with the only exception being the 9x9 strategy. However, all of the 

returns for the winner portfolios are statistically insignificant at a 10 percent level. This means that 

we cannot reject the null hypothesis that the returns are statistically different from zero. 

Looking at the monthly returns from the loser portfolios we observe that the lowest return during 

the period was from the 12x12 strategy which yielded a return of 3.41 percent per month. In 

contrast to the non-significant results observed from the winner portfolios, the returns from the loser 

portfolios are significant for 12 out of 16 strategies. Comparing with the loser portfolio results from 

overlapping holding periods we see that also here it is beneficial to have longer formation periods 

F Strategy H 3 6 9 12

3 Winner -0,34 % -0,54 % -0,05 % -0,44 %

0,36 0,52 0,05 0,44

3 Loser -1.78%** -1,06 % -1,19 % -1,12 %

1,88 0,87 1,00 0,76

3 Zero-cost 1.45%*** 0,51 % 1.14%*** 0,68 %

2,55 0,96 2,86 1,22

6 Winner -0,14 % -0,12 % -0,05 % -0,15 %

0,18 0,13 0,05 0,20

6 Loser -1.72** -1.56%* -1,39 % -2.04%**

1,94 1,54 1,29 2,31

6 Zero-cost 1.58%* 1,44 % 1,34 % 1.89%*

1,57 1,29 1,01 1,67

9 Winner -0,35 % -0,28 % 0,12 % -0,40 %

0,45 0,30 0,13 0,41

9 Loser -1.63%* -1.80%* -2.22%** -2.33%**

1,65 1,55 1,88 2,02

9 Zero-cost 1.28%** 1.52%*** 2.34%*** 1.93%***

2,28 3,24 3,49 3,18

12 Winner -0,03 % 0,00 % -0,56 % -1,11 %

0,04 0,00 0,52 0,83

12 Loser -2.26%** -2.42%** -2.74%* -3.41%**

1,98 2,32 1,76 2,41

12 Zero-cost 2.23%*** 2.41%*** 2.17%** 2.30%**

2,93 3,81 2,36 2,61

Non-overlapping
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keeping the holding period constant. However, the positive effect of increasing the length of the 

holding period is not as clear for non-overlapping holding periods.  

The returns of all the zero-cost portfolios are positive. The most successful strategy chooses stocks 

based on their past 12 months performance and holds them for 6 months. This strategy yields a 

return of 2.41 percent per month. The 3x9-strategy provides the lowest return with 1.41 percent per 

month. We observe that for the zero cost portfolios 12 out of 16 strategies are statistically different 

from zero. 

Figure 6-6 Comparison of Momentum Strategies 

 

In Figure 6-6 we compared the results from panel A, panel B, and non-overlapping holding periods. 

As discussed in section 6.2.2 we see that the lagged portfolio strategy is quite similar to our base 

study. Including one month lag do not change the average monthly return considerably, as their 

performances are very identical throughout the different strategies. Looking at the performance of 

the non-overlapping strategy, we observe that it is somewhat lower for the shorter formation 

periods, but performs better with longer formation periods. Bear in mind that the 3x6, 3x12, 6x6 

and 6x9 is not significant for the non-overlapping strategy. The total number of trades is lower with 

a non-overlapping trading strategy resulting in less transaction costs. From a practical investment 

perspective this strategy might be more applicable for investors. 
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6.9 Sample Split 

To investigate the negative returns of the winner portfolio we decided to split up our sample period 

in two, excluding the last six months of 2008. This means that we leave out the largest impact of the 

financial crisis as seen in Figure 6-7 below. By excluding the largest impact of the financial crisis 

we can see if the negative return of the winner portfolio is caused by the crisis or not. We can also 

observe if the loser portfolio performs well without the stock market fall. We would expect positive 

returns from the winner portfolio ex-ante and ex-post of the crisis. By doing a sample split, we can 

investigate the momentum effect in two separate sub-periods.  

Figure 6-7 Development on OSEAX 2005-2014 

 

It should be mentioned that the sample period after the financial crisis is longer. In this section we 

investigate all 16 momentum strategies. The results are reported in Table 6-9. 
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Table 6-9 Overview of Strategy Performances before and after the Financial Crisis 

 

Table 6-9 is quite interesting as the results from the different periods are in some way opposite. 

First, we observe that for both periods all zero-cost portfolios are statistically significant with a 

positive monthly average return. All but one strategy is statistically significant at 1 percent, while 

the 12x12 strategy before the financial crisis is statistically significant at 10 percent.  

All the winner portfolios generate positive returns and are statistically significant before the crisis. 

The best performing strategy is 3x3 with an average return of 1.98 percent per month. Compared to 

our base study this is quite different as the winner portfolios performed quite poorly with mostly 

negative average monthly returns. The results ex-post are completely different were 14 out of 16 

winner portfolios yielding a negative average return. However, only three of these portfolios are 

F Strategy H 3 6 9 12 H 3 6 9 12

3 Winner 1,98%*** 1,78%*** 1,97%*** 1,88%*** 0,25 % -0,25 % -0,48 % -0,61%**

2,91 3,28 4,29 4,85 0,48 0,57 1,26 2,21

3 Loser 0,21 % 0,35 % 0,44 % 0,66%* -1,96%*** -1,94%*** -1,97%*** -2,15%***

0,34 0,63 0,89 1,63 2,81 3,65 4,60 5,27

3 Zero-cost 1,77%*** 1,44%*** 1,53%*** 1,22%*** 2,21%*** 1,69%*** 1,49%*** 1,54%***

3,98 4,37 5,37 4,16 4,85 5,04 5,87 6,28

6 Winner 1,69%*** 1,63%*** 1,67%*** 1,49%*** -0,13 % -0,43 % -0,50%* -0,55%**

2,56 3,32 4,26 5,10 0,26 1,01 1,52 2,26

6 Loser -0,10 % -0,04 % 0,06 % 0,29 % -2,48%*** -2,37%*** -2,55%*** -2,71%***

0,16 0,06 0,11 0,75 3,31 4,76 5,99 6,88

6 Zero-cost 1,80%*** 1,67%*** 1,61%*** 1,20%*** 2,35%*** 1,94%*** 2,05%*** 2,17%***

3,69 4,33 4,79 4,51 4,21 6,60 8,18 8,44

9 Winner 1,86%*** 1,46%*** 1,34%*** 1,25%*** -0,01 % -0,33 % -0,33 % -0,25 %

2,64 2,69 3,62 4,91 0,02 0,76 1,10 0,95

9 Loser -0,37 % -0,61 % -0,41 % 0,19 % -2,58%*** -2,98%*** -3,15%*** -3,36%***

0,51 0,88 0,74 0,43 3,49 5,49 6,78 7,89

9 Zero-cost 2,23%*** 2,07%*** 1,75%*** 1,06%*** 2,57%*** 2,65%*** 2,82%*** 3,11%***

4,09 4,34 4,88 3,36 5,16 9,13 10,52 12,93

12 Winner 1,73%*** 0,79%** 0,76%*** 0,59%*** 0,09 % -0,24 % -0,10 % -0,09 %

3,77 1,86 2,57 2,56 0,16 0,53 0,30 0,34

12 Loser -0,25 % -1,05%* -0,58 % 0,10 % -3,33%*** -3,43%*** -3,71%*** -3,86%***

0,44 1,64 1,03 0,23 4,06 5,75 7,51 8,48

12 Zero-cost 1,98%*** 1,84%*** 1,34%*** 0,49%* 3,42%*** 3,19%*** 3,62%*** 3,77%***

2,94 3,72 3,25 1,67 6,27 9,82 13,26 13,85

After the Financial CrisisBefore the Financial Crisis
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statistically significant. The results after the financial crisis are more similar to the results from 

panel A in section 6.2.  

Looking at the loser portfolio before the financial crisis, we see that only 12x6 and 3x12 are 

statistically significant with a return of 1.05 and 0.66 percent per month respectively. These are also 

the best and worst loser performers. Only eight of the loser portfolios are generating a negative 

return (positive for the zero-cost portfolio). After the financial crisis the picture is totally different. 

All the loser portfolios are statistically significant at 1 percent with high negative monthly returns. 

The worst performing loser portfolio (from our point of view) is 3x6 with a monthly average return 

of -1.94 percent. The 12x12 portfolio is the best performing loser portfolio with a monthly average 

return of -3.86 percent.  

For both sample periods we are studying a boom condition in the market. The one after the financial 

crisis is not as steep, but they are both upward trending. This makes the results from Table 6-9 quite 

interesting as they show that the market has a totally different dynamic after the financial crisis. 

Before the financial crisis the winner portfolio was the main contributor to the momentum profit. 

During the period 2009-2013, the loser stocks seem to generate the momentum profits and the 

return continuation seems only to be present in the worst performing stocks. The zero-cost 

portfolios are generating positive returns throughout the whole sample period from 2005 to 2013, 

but the components driving the momentum have changed. We suspect that this might be due to 

some changes in the behavioral pattern of investors. The market conditions after the financial crisis 

have been characterized by high uncertainty and investors fled from risky illiquid investments and 

placed their money in safer stocks or other securities, which caused the prices of risky stocks to 

drop. We confirmed in section 6.6 that the loser portfolio contains a fair amount of small stocks that 

are often seen as more risky and volatile. We therefore benefit considerably with a short position in 

these stocks in the period after the financial crisis.  
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Chapter 7 Regression Analysis – Risk-Based Explanations 

for Momentum Returns 

7.1 Regression Methodology 

Until now we have seen considerable momentum profits even after conducting several robustness 

tests. In this chapter we will investigate whether risk based explanations are the drivers of 

momentum profits. We want to verify whether the results from our momentum strategies are valid 

and reliable when factor models are taken into consideration. We will investigate whether the 

momentum profits can be explained by the CAPM presented in section 2.3.1, the Fama-French 3-

factor model presented in section 2.3.2 or the Carhart 4-facor model presented in section 2.3.3.We 

will apply the ordinary least squares (OLS) method when we perform our regression analysis while 

Newey-West corrected standard errors will be used. SAS Enterprise guide 5.1 will be used to 

perform our regression analysis. The ordinary least square regression model can be expressed as: 

                   (14) 

 

Where    is the dependent variable of the regression,   is the intercept of the regression,    is the 

expected change in    when    changes by one (holding every other parameter constant). If there is 

only one parameter in the regression    is the slope of the regression. Finally    is the error term of 

the regression that represents all the factors that affect the dependent variable, but are not 

explicitly taken into account. 

 

In Section 7.2 we will investigate whether the OLS assumption are violated or not for the CAPM 

and the 3-factor model. Section 7.3 will present the regression results from the CAPM, while 

section 7.4 will present the regression results from the 3-factor model. Finally, section 7.5 will 

present the results from the Carhart 4-factor model.  

7.2 Ordinary least squares assumptions 

The OLS estimators are BLUE (Best Linear Unbiased Estimators) with reliable t- tests, F-tests and 

   when all of its assumptions are fulfilled. In this section we will investigate whether the OLS 

assumptions are fulfilled. Many of these assumptions are quite trivial and we will therefore focus on 

the following five assumption violations:  

1) The model parameters are linear 
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2) Multicollinearity  

3) Heteroscedasticity 

4) Autocorrelation 

5) Normally distributed errors 

We acknowledge that several other tests can be applied and that our tests are far from exhaustive. 

However, we find that extending the econometric analysis would be outside the scope of this thesis. 

We will evaluate these assumptions by graphical investigation and numerical tests. We will test the 

assumptions for the 6x6 momentum strategy with overlapping holding periods against 1) the market 

risk factor, 2) market risk factor, size factor and the value factor. We assume that the results from 

the 6x6 strategy will be representative for the remaining strategies. We will analyze and discuss the 

findings for the winner, loser and the zero-cost portfolio. However, we will only present 

illustrations and tables for the zero-cost portfolio in our thesis, while equivalent illustrations/tables 

for the winner and loser portfolios can be found in the Appendix V. 

 

The CAPM regression model can be expressed the following way:  

                 (            ) (15) 

 

Where    is the excess return on a 6x6 momentum portfolio in period t,    is the 6-month risk-free 

rate in period t,    is the return of OSEAX in period t. 

 

The Fama-French 3-factor regression model can be expressed the following way:  

                 (            )                         (16) 

 

Where    is the excess return on a 6x6 momentum portfolio in period t,    is the 6-month risk-free 

rate in period t,    is the return of OSEAX in period t, SMB measures the return of small stocks 

minus the return of large stocks in period t, HML measures the return of high book-to-market ratio 

minus the return of low book-to-market ratios in period t.   

7.2.1 Linearity of the model parameters 

There are several ways to detect whether the relationship between dependent and independent 

variables are linear in nature. Osborne & Waters (2002) suggests using theory of previous research 
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to inform current analyses or graphically investigating the residual plots to decide the nature of the 

model parameters.  

 

Figure 7-1 Scatterplot: CAPM – Zero-Cost Portfolio against OSEAX 

 

 

A graphical investigation of the CAPM does not reveal any non-linearity and we therefore assume 

that a linear specification seems reasonable. Factor models are often applied within the field of 

finance suggesting linearity between the variables and we will therefore not investigate this 

assumption any further for the other factors.  

7.2.2 Multicollinearity  

If we have a case of where two or more regressors are perfectly correlated, the regression 

coefficients of the X variables are not possible to determine and the standard errors are infinite. On 

the other hand, if we have two or more coefficients that are highly correlated, we will be able to 

determine the regression coefficients but they will possess large standard errors making it hard to 

estimate the coefficients precisely (Gujarati & Porter, 2010). This will produce larger confidence 

intervals and we will therefore accept the null hypothesis more often. We might also get a very high 

R-squared value while we have statistically insignificant t-ratios. 

To check for multicollinarity we use the internal tools in SAS Enterprise 5.1. One of these tools is 

the Condition Index (CI), which some authors believe is the best available multicollinearity 

diagnostics, but this opinion is not shared widely (Gujarati & Porter, 2010). If the CI is between 10 
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and 30, there is a moderate to strong multicollinarity and if it is above 30 there is severe 

multicollinarity (Gujarati & Porter, 2010). The highest condition index value in our case is 2.48 so 

we do not believe that we have a problem with multicollinarity between our parameters.  

Another estimate that is used to indicate multicollinarity is the variance inflation factor (VIF). If the 

VIF of a variable exceeds 10 the variable is said to be highly collinear (Gujarati & Porter, 2010). 

However, this is not the case for our analysis where the variables OSEAX, SMB, and HML have a 

VIF value of 1.357, 1.335 and 1.0262 respectively. 

Table 7-1 Variance Inflation 

 

Looking at our results from the Condition Index and Variance Inflation Factor we conclude that we 

do not face any problems with multicollinearity. 

7.2.3 Heteroscedasticity 

One important OLS assumption says that the error variance should be constant conditional on 

different values of the explanatory variables (Gujarati & Porter, 2010). This is often referred to as 

homoscedasticity. If the error variance on the other hand is non-constant we have a case of 

heteroscedasticity. 

Figure 7-2 Residuals: CAPM – Zero-Cost against OSEAX     Figure 7-3 Residuals: 3-FM – Zero-Cost against OSEAX      

 

Variable Variance Inflation

Intercept 0

OSEAX 1,35748
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Figure 7-4 Residuals: 3-FM – Zero-Cost against SMB             Figure 7-5 Residuals: 3-FM – Zero-Cost against HML             

 

Looking at the graphs we observe that the residuals seem to be spread out, however we observe 

several outliers which questions the assumption of homoscedasticity. To be more confident about 

the nature of the error term we choose to perform White’s General Heteroscedasticity Test (White, 

1980, cited in Gujarati & Porter, 2010, pp. 386–388) It should be noted that this test can only be 

used in relation to the t-test and not the F-test. First, we obtained the residuals from our estimated 

models in SAS. We then run the following auxiliary regressions for the CAPM and the 3-factor 

model respectively: 

   
                

  (17) 

 

   
                            

       
       

          

                    
(18) 

 

Where the squared residuals from the original regression are regressed on 1) the original regressors, 

2) the regressors squared values and 3) cross product of the regressors. Running these regressions 

we obtain a R-square of 0.077 for the CAPM and 0.137 for the 3-factor model. The total number of 

observations in our sample is 97. To test for heteroscedasticity we set up the following hypothesis: 
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Given the null hypothesis of homoscedasticity it can be shown that multiplying the sample size with 

the R-square (from the auxiliary regression), the auxiliary regression follows the chi-square 

distribution (Gujarati & Porter, 2010). The degree of freedom is equal to the number of explanatory 

variables (excluding the constant term) which is equal to two for the CAPM and nine for the 3-

factor model. 

The test statistic is given by: Q = n ⋅ R-square, where n is the number of observations and R-square 

is the value from the auxiliary regression.  

For the CAPM; Q = 97*0.076 = 7.37 >      
  (2) = 5.99. I.e. the test statistic exceeds the critical 

value of the χ2 distribution with 2 degrees of freedom, so we reject H0. The error terms seem to be 

heteroscedastic. For the 3-factor model; Q = 97*0.1345 = 13.30 <      
  (9) = 16.919, i.e. the test 

statistic does not exceeds the critical value of the χ2 distribution with 9 degrees of freedom, we 

cannot reject   . Here the error terms seem to be homoscedastic.  

7.2.4 Autocorrelation 

Autocorrelation is the case when the error terms in our regression are correlated. Under 

autocorrelation the usual OLS estimators, although linear, unbiased, are no longer minimum 

variance among all linear unbiased estimators. This means they may not be best linear unbiased 

estimators (BLUE). As a result the usual t-tests and F-test may not be valid (Gujarati & Porter, 

2010, p. 413) 

Figure 7-6 Residuals: CAPM - Zero-Cost against Time           Figure 7-7 Residuals: 3-FM - Zero-Cost against Time 
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Looking at the scatter plot above where we have the residuals on the Y-axis and time on the X-axis 

we see that the residuals seem to be random for both the CAPM and the 3-factor model, i.e. there 

does not seem to be any sign of autocorrelation.  

     Figure 7-8 CAPM - Zero-Cost against Lagged Residuals       Figure 7-9 3-FM - Zero-Cost against Lagged Residuals 

 

However, when we look at the scatter plot with residuals along the Y-axis and the residuals lagged 

on the X-axis there seems to be some positive autocorrelation. To be certain we perform a 

numerical test to identify whether we have an issue of autocorrelation.  

One of the most applied tests to detect autocorrelation is the Durbin-Watson d Test, where:  

      (     )                                 

      (     )                              

Our number of observation equals 97 and the number of right hand variables in our case equals two 

and four (including intercept), respectively. We find the critical values for the Durbin-Watson Test 

at a 5 percent significance level to be                               for the CAPM while 

the critical values are                                for the 3-factor model (Savin & White, 

1977, cited in Standford Education, n.d.).  

 

The Durbin-Watson d statistics is 0.73 and 0.83 for the CAPM and 3-factor model respectively.  

As        in both cases, it means that we reject the null hypothesis of no positive 

autocorrelation (Gujarati & Porter, 2010). It seems that we have an issue with autocorrelation.  
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7.2.5 Normally Distributed Errors 

 

 Figure 7-10 Histogram: CAPM – Zero-Cost Residuals             Figure 7-11 Histogram: 3-Factor Model – Zero-Cost Residuals 

 

As we plot the histogram of residuals they seem to be skewed towards the right for the CAPM 

regression. Looking at the 3-factor model we see that the residuals seem to be normally distributed. 

However, we should perform a Jarque-Bera normality test to be certain of whether the residuals are 

normally distributed or not.  

                                      

                                          

The Jarque-Bera (JB) test is asymptotically  -distributed with two degrees of freedom. The 

nullhypothesis of normality is rejected if the Jarque-Bera test is bigger than 5.99 (5 percent 

significance level) or if the p-value is below your chosen significance level (Gujarati & Porter, 

2010, p. 131-132). 

 

The JB test value is 3.81 for the CAPM regression while it is 1.18 for the 3-factor model regression. 

We cannot reject the null-hypothesis of normally distributed residuals for neither the CAPM nor the 

3-factor model. 
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7.2.6 Summary of the OLS Assumptions 

Below we have summarized all the results in a matrix. The green color shows that the strategy has 

passed the test for that specific OLS assumption while red color indicates that the OLS assumption 

is violated. 

Table 7-2 Summary of the OLS Assumptions Results 

Conditional index and variance inflation factor are used to measure multicollinearity. White's 

general heteroscedasticity test is used to measure heteroscedasticity. Durbin-Watson d test is used 

to measure autocorrelation while Jarque-Bera test is used to measure if the errors are normally 

distributed.  

 
 

There does not seem to be any problem with multicollinearity in our regressions. The CAPM zero-

cost portfolio and the 3-factor loser portfolio seem to suffer from heteroscedasticity. We see that all 

the portfolios violate the autocorrelation assumption which was expected because of the 

autocorrelation nature of time series data. The results from the JB tests show that the residuals seem 

to be normally distributed in the CAPM regression and the 3-factor regressions when we investigate 

the zero-cost portfolio. Jegadeesh & Titman (1993) state that: “since overlapping returns are used to 

calculate the cumulative returns in event time, the autocorrelation-consistent Newey-West standard 

errors are used to compute the t-statistics for the cumulative returns”. We have therefore chosen to 

use the Newey-West method of correcting the OLS standard errors as these standard errors are 

heteroscedasticity- and autocorrelation-consistent (Gujarati & Porter, 2010, p. 447).  

7.3 Results from the CAPM regression 

Until now we have seen that an investment strategy based on continuation in stocks returns seem to 

generate considerable profits. However, we have not investigated whether there are risk-based 

explanations for these abnormal returns. In section 2.3.1 we presented the CAPM which argued that 

if you are earning higher returns than the market portfolio then it is simply because you are bearing 

more systematic risk. In this section we will document whether the momentum profits can be 

explained by the CAPM. Below in Table 7-3, Table 7-4 and Table 7-5 we have summarized the 

results from our OLS regression analysis. The t-statistics that are listed below their respective alpha 

Multicollinearity Heteroscedasticity Autocorrelation Normally distributed errors

CAPM Winner N/A Q = 0.16 0.50 2.00

CAPM Loser N/A Q = 2.63 0.44 6.27

CAPM Zero-Cost N/A Q = 7.37 0.73 3.81

FF 3-factor Winner OK Q = 7.96 0.70 1.49

FF 3-factor Loser OK Q = 27.44 0.57 4.50

FF 3-factor Zero-Cost OK Q = 13.30 0.83 1.18
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and beta values are based on Newey-West standard errors. A complete overview of the 

OLS/Newey-West standard errors from our regression analysis can be found in Appendix VI. The 

Newey-West standard errors are larger than the OLS standard errors which decreases their 

respective t-values.  

Table 7-3 Results from CAPM Regression – Winner Portfolio 

 

 

 

 

 

 

F Strategy H 3 6 9 12

3 Alpha -0,0068* -0,0105*** -0,0100*** -0,0101***

-1,92 -3.37 -3.32 -4.16

3 Beta 1,0016*** 1,2012*** 1,1957*** 1,1360***

18.62 14.90 13.47 14.85

3 R-square 77.4% 82.7% 79.6% 80.5%

6 Alpha -0,0072* -0,0080** -0,0079*** -0,0091***

-1.93 -2.34 -2.78 -4.10

6 Beta 1,0091*** 1,0142*** 1,0292*** 1,0554***

15.99 12.5 13.78 16.74

6 R-square 78.9% 78.1% 78.9% 82.9%

9 Alpha -0,0035 -0,0056 -0,0071*** -0,0087***

-0.84 -1.56 -2.64 -4.10

9 Beta 0,8868*** 0,9276*** 0,9912*** 1,0937***

11.17 10.30 12.45 13.91

9 R-square 74.6% 75.1% 79.3% 84.6%

12 Alpha -0,0034 -0,0073**-0,00835*** -0,0094***

-0.88 -2.22 -3.56 -5.47

12 Beta 0,8568*** 0,9828*** 1,0625*** 1,1434***

12.78 14.49 13.73 16.33

12 R-square 74.5% 80.1% 85.6% 89.5%

Winner Portfolio (CAPM)
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Table 7-4 Results from CAPM Regression – Loser Portfolio 

 

 

 

 

 

 

 

 

 

F Strategy H 3 6 9 12

3 Alpha -0,0254*** -0,0227*** -0,0218*** -0,0222***

-5.31 -5.39 -5.68 -5.87

3 Beta 1,0978*** 1,1859*** 1,1637*** 1,2240***

11.97 8.42 7.91 9.83

3 R-square 68.2% 75.5% 73.9% 72.0%

6 Alpha -0,0236*** -0,0212*** -0,0229*** -0,0230***

-4.2 -4.43 -5.28 -5.47

6 Beta 0,9830*** 1,0508*** 1,1518*** 1,1927***

8.09 7.36 7.96 9.22

6 R-square 58.5% 67.8% 69.4% 67.1%

9 Alpha -0,0238*** -0,0250*** -0,0248*** -0,0254***

-4.45 -4.8 -5 -5.09

9 Beta 1,0109*** 1,0731*** 1,1120*** 1,1628***

9.74 6.57 5.77 6.69

9 R-square 62.4% 67.1% 62.5% 59.6%

12 Alpha -0,0280*** -0,0268*** -0,0275*** -0,0274***

-4.74 -4.9 -5.11 -5.03

12 Beta 1,0191*** 1,1101*** 1,1110*** 1,1113***

7.85 6.06 5.54 6.20

12 R-square 59.5% 67.0% 60.0% 54.6%

Loser Portfolio (CAPM)
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Table 7-5 Results from CAPM Regression – Zero-Cost Portfolio 

 

The R-square values in the model indicate how well the explanatory variable explains the variation 

of the dependent variable. In this case we are looking at how well excess market return explains 

excess returns of the winner portfolio, loser portfolio and zero-cost portfolio. From the tables above 

we see that the CAPM is able to explain between 74.5 percent and 89.5 percent of the return 

variation in the winner portfolios while it explains 54.6 to 75.5 percent of the returns variation in 

the loser portfolios. The CAPM explains between 0.04 percent and 4.1 percent of the return 

variation in the zero cost portfolios. Asness et. al (2013) investigate the momentum profits for U.S. 

individual stocks and global individual stocks and also document low R-square results for the zero-

cost portfolios. They obtain an R-square value of 5.9 percent and 6.4 percent for U.S. stocks and 

global stocks, respectively.  

 

F Strategy H 3 6 9 12

3 Alpha 0,0187*** 0,0122*** 0,0118*** 0,0121***

4.53 3.30 3.93 4.30

3 Beta -0.0961 0.0153 0.0321 -0.0880

-0.97 0.10 0.22 -0.79

3 R-square 1.7% 0.0% 0.2% 1.4%

6 Alpha 0,0163*** 0,0132*** 0,0150*** 0,0139***

3.06 3.23 4.21 3.99

6 Beta 0.0261 -0.0366 -0.1226 -0.1373

0.18 -0.29 -0.94 -1.08

6 R-square 0.1% 0.3% 2.8% 3.1%

9 Alpha 0,0203*** 0,0194*** 0,0177*** 0,0167***

4.08 4.56 4.08 3.69

9 Beta -0.1240 -0.1454 -0.1207 -0.0691

-1.13 -1.16 -0.58 -0.33

9 R-square 2.4% 4.1% 2.1% 0.6%

12 Alpha 0,0246*** 0,0195*** 0,0192*** 0,0179***

4.54 3.82 3.59 3.23

12 Beta -0.1623 -0.1273 -0.0486 0.0321

-1.22 -0.72 -0.21 0.14

12 R-square 3.5% 2.7% 0.3% 0.1%

Zero-cost Portfolio (CAPM)
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7.3.1 Beta Values 

In this section we will discuss the beta values. It is important to keep in mind that the beta value 

does not measure the total risk, but only the amount of systematic risk the momentum portfolio has. 

However, we already discussed in section 5.3.1 that the level of unsystematic risk is expected to be 

low in our portfolios. 

Figure 7-12 Overview of CAPM – Beta Values 

 

Figure 7-12 Overview of CAPM – Beta Values above reveals that the beta values for the winner 

portfolios vary from 0.86 to 1.20 and they are all statistically significant at the 1 percent level. The 

beta values for the winner portfolios are greater than the market beta for 11 out of 16 strategies. 

There seems to be a tendency that longer holding periods lead to higher beta values. We also see 

that that strategies with longer formation periods (9 and 12 months) have low beta values given that 

the holding period is of shorter length (3 and 6 months). The 3x6 portfolio has the highest beta 

value and is 20 percent more risky then the market portfolio while the 12x3 portfolio has the lowest 

beta value and is 14 percent less risky than the market portfolio.  

The loser portfolios have an average beta value of 1.11 while the same number is 1.04 for the 

winner portfolios indicating that the loser portfolios contain more risky stocks then the winner 

portfolios. The beta values for the loser portfolios vary from 0.98 to 1.22 and they are all 

statistically significant at the 1 percent level. Also for these portfolios there seems to be tendency 

that longer holding periods increases the beta value.   
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Turning our attention towards the zero-cost portfolios we see that the average zero-cost portfolio 

has a beta value of -0.0733 percent which means that the momentum portfolio returns are slightly 

negative correlated to the market portfolio returns. However, the beta values are not statistically 

significantly different from zero. A beta of zero means that the momentum portfolio is uncorrelated 

to the market portfolio. If the beta value of the zero-cost portfolio is 0 (which we will observe if the 

winner portfolio beta is equal to the loser portfolio beta) we would get exactly the same alpha value 

as the raw return difference because the market risk factor would not be able to explain any of the 

variation in momentum returns. Our results reveal that the momentum portfolio has more attractive 

features than just high returns; it works as a hedge against the market portfolio.   

7.3.2 Alpha Values 

In this section we will discuss the alpha values of the different portfolios. As we mentioned in the 

beginning of this chapter, the alpha value represents all the return from the momentum portfolios 

that cannot be explained by the market risk factor. If there is a momentum effect, the alpha value 

(the intercept of the regression) will be positive. 

Figure 7-13 Overview CAPM – Alpha Values 

 

Figure 7-13 illustrates that the alpha values for all the zero-cost portfolios are positive. Table 7-5 

confirms that all the zero-cost portfolios are statistically different from zero at a 1 percent 

significance level. The 3x6 strategy yields the highest return of 3.32 percent per month while the 
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6x6 strategy provides the lowest return of 1.32 percent per month. If the momentum profits we saw 

in panel A were driven by a market risk factor the alpha value should have disappeared now. 

Instead, the alpha values from our zero-cost portfolios are actually slightly higher than the returns 

we observed from our base study. Only the 3x9 portfolio has an alpha value that is lower than the 

return from the base study. We therefore find that systematic risk is not able to explain the 

momentum profit we identified. This is in line with previous findings of Jeegadesh & Titman 

(1993) and Jegadeesh & Titman (2001). Looking at the winner portfolios we see that only 3x6, 3x9 

and 3x12 have positive alpha values. All the negative alpha values are statistically significant 

except for 9x3, 9x6 and 12x3 which can be seen in Table 7-3. The alpha values for the loser 

portfolios range from -0.021 to -0.028. As in our base study it is the loser portfolios that are driving 

the momentum profits.  

The alpha values for the zero-cost portfolio range from 0.0187-0.0246 and they are all statistically 

significant at the one percent level. We can conclude that the CAPM is not able to explain the 

momentum profits. 

7.4 Results from the Fama-French 3-Factor Regression 

 

Table 7-6 Results 3-Factor Model – Winner Portfolio 

 

Table 7-7 Results 3-Factor Model – Loser Portfolio 

 

Intercept -0.0022 0.0021 -1.02 0.3086 0.0029 -0.75 0.4575

OSEAX 1.1657 0.0557 20.91 <.0001 0.0802 14.53 <.0001

SMB 0.6834 0.1211 5.64 <.0001 0.1519 4.5 <.0001

HML 0.0416 0.1021 0.41 0.6847 0.1333 0.31 0.7557

OLS Parameter Estimates Newey-West corrected Std Err

Variable
Parameter 

Estimate

Standard 

Error
t Value P-value

Standard 

Error
t Value P-value

Intercept -0.0193 0.0029 -6.69 <.0001 0.0043 -4.44 <.0001

OSEAX 1.1525 0.0758 15.2 <.0001 0.1654 6.97 <.0001

SMB 0.5907 0.1647 3.59 0.0005 0.2640 2.24 0.0276

HML 0.5064 0.1389 3.64 0.0004 0.1781 2.84 0.0055

OLS Parameter Estimates Newey-West corrected Std Err

Variable
Parameter 

Estimate

Standard 

Error
t Value P-value

Standard 

Error
t Value P-value
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Table 7-8 Results 3-Factor Model – Zero-Cost Portfolio 

 

 

Table 7-9 Results 3-Factor Model – F-Test 

 

We will now turn our attention towards the regression results from the 3-factor model. We perform 

an F-test to see whether the 3-factor model is useful or not at explaining the dependent variable.  

H0:            meaning that all the regression parameters are zero (except the intercept). 

HA: At least one of the parameters is nonzero. 

We obtain a P-value of 0.03 for the zero-cost portfolios meaning that we can reject the null 

hypothesis at a 5 percent significance level. The P-values for the winner and loser portfolio are very 

small and the null hypothesis can be rejected at any reasonable level of significance. The 3-factor 

model is therefore not useless at explaining the winner, loser or the zero-cost portfolio.  

The adjusted R-square values of the winner and loser portfolios are 0.833 and 0.749 respectively. 

The adjusted R-square from the OLS regression is 0.062 meaning that the three factors are only able 

to explain 6.2 percent of the returns of the zero-cost portfolio. The 6x6 portfolio in the CAPM had 

an R-square value of 0.781 for the winner portfolio, 0.678 for the loser portfolio and 0.003 for the 

zero-cost portfolio. This means that the 3-factor model seems to do a better job at explaining 

momentum returns than the CAPM.  

 

 

Intercept 0.0144 0.0032 4.49 <.0001 0.0036 3.98 0.0001

OSEAX 0.0272 0.0846 0.32 0.7485 0.1303 0.21 0.8351

SMB 0.0628 0.1838 0.34 0.7336 0.2003 0.31 0.7547

HML -0.4703 0.1550 -3.03 0.0031 0.1881 -2.5 0.0142

OLS Parameter Estimates

Parameter 

Estimate

Newey-West corrected Std Err

Standard 

Error
P-value t Value P-valuet Value

Standard 

Error
Variable

P-values from F-test Adjusted R-square

Winner portfolio <.0001 0,8331

Loser portfolio <.0001 0,7491

Zero-cost portfolio 0,0296 0,0622
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Table 7-10 Results 3-Factor Model - Correlation 

 

Looking at the market risk factor we see that it is statistically significant at the 1 percent level for 

the winner and the loser portfolio. As our dependent variable and explanatory variables are in 

logarithmic form; the beta coefficient measures the percentage change in excess momentum returns 

for a percentage change in the market factor, keeping all other explanatory variables constant. We 

see that the OSEAX coefficient has increased from 1.0142 (in the CAPM model) to 1.1657 for the 

winner portfolio. A parameter coefficient will change if: 1) at least one of the new variables are 

correlated with the variable that already is in the model. 2) at least one of the new variables are 

correlated with the dependent variable (“StackExchange,” n.d.). The OSEAX coefficient has 

increased for the winner portfolio because it is negatively correlated with the size factor which is 

illustrated in the correlation matrix above. To decide whether the market factor is able to explain the 

momentum profit we need to look at the coefficient value for the zero-cost portfolio. We see that 

the beta value is insignificant and it is therefore not able to explain the momentum profits that were 

documented in section 6.2 (base study). 

The size risk factor is positive and statistically significant at the one percent level for both the 

winner and loser portfolio. This means that both the winner portfolio and the loser portfolio load up 

with considerable amounts of small stocks, which confirm the size analysis from section 6.6. 

However, looking at the zero-cost portfolio we see that the size factor is statistically insignificant 

making us conclude that it is not able to explain the momentum profits.  

The value factor is insignificant for the winner portfolio while it is positive and significant for the 

loser portfolio. This means that the loser portfolio contains more value stocks then growth stocks. 

The HML coefficient is negative for the zero-cost portfolio which suggests that value and 

momentum are negatively correlated. Asness et al. (2013) also find that value and momentum are 

negatively correlated. Our zero-cost portfolio therefore contains more growth stocks then value 

stocks. It is important to emphasize that value factor is the only variable we have found that is 

statistically significant for the zero-cost portfolio meaning that it is partly able to explain the 

momentum profits we documented in our base study (section 6.2).  

OSEAX SMB HML

OSEAX 1,00 -0,49 0,13

SMB -0,49 1,00 0,02

HML 0,13 0,02 1,00

Correlation 
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The alpha value estimated to be 0.0144 for the Zero-Cost portfolio. The alpha value is the part of 

the excess return on our momentum portfolio that cannot be attributed to the overall sensitivity of 

the momentum portfolio to the movement of the general stock market, the size-factor and the value-

factor. The alpha value is statistically significant at the 1 percent level even when we use Newey-

West standard errors. As the alpha value is still present, it means that the 3-factor model is not able 

to explain the momentum profits. This is consistent with previous empirical research and Fama & 

French (1996) admit that this is “the main embarrassment of the three-factor model”.   

7.5 Results from Carhart 4-Factor Regression 

In the previous two sections we observed that the alpha value was of considerable size and that it 

was statistically significant. We argued that the evidence from these sections document that there is 

momentum profits in the Norwegian stock market even after controlling for market risk, a size 

factor and a value factor. However, we do not know for certain that it is the momentum effect that 

singlehandedly is the cause of the alpha. It could potentially be other factors that are contributing to 

a positive alpha value. If it is the momentum effect that is causing the alpha then expanding the 3-

factor model to a 4-factor model with a momentum factor should eliminate the momentum profits. 

In this section we will therefore investigate the alpha value if we control for a momentum factor. 

We will only investigate the 6x6 strategy with overlapping holding periods and assume as earlier 

that the results from this strategy are a fairly good representation of what we would observe on 

average for our different momentum strategies. We will therefore implement the Carhart 4-factor 

model presented in section 2.3.3. The equation can be written as: 

                                                (19) 

In this regression the dependent variable will be the returns from the zero-cost portfolio. The 

explanatory variables will be the market return excess of the risk-free rate, the size factor, the value 

factor and a new momentum factor which will be the return of the winner portfolio minus the return 

of the loser portfolios (i.e. this factor will be identical to the dependent variable). 
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Figure 7-14 Results from Carhart 4-Factor Model 

 

From the regression results we observe that the alpha value is now zero which is what we expected 

beforehand. The momentum factor perfectly explains the dependent variable and the momentum 

profits have disappeared.  
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Chapter 8 Discussion 
 

In chapter 6 and 7 we presented the results from our empirical momentum study. We have also 

reported findings from several robustness tests. In this chapter we will extend the discussion and 

compare the results between the sub-sections and discuss possible explanations for the differences 

we observe. We emphasize that this chapter is not a substitute for the arguments in chapter 6 and 7, 

but rather a complement that extends the discussion and includes deliberations on the degree to 

which the results resemble/deviate from similar momentum studies.  

 

Our empirical analysis in chapter 6 documents that a trading strategy based on buying past winners 

and selling past losers in the Norwegian stock market generates attractive and significant returns for 

investors. The 12x3 strategy is the best performing zero-cost portfolio and generates a monthly 

return of 2.43 percent. It is interesting to note that the 12x3 portfolio was the best performing 

portfolio in Jegadeesh & Titman (1993). Our 6x6 momentum strategy which is examined in most 

detail generates a return of 1.31 percent per month when the portfolio is formed immediately after 

the formation period. With the same strategy, Jegadeesh & Titman (1993) reported a monthly return 

of 0.95 percent for their U.S. data sample while Rouwenhorst (1998) reported a return of 0.99 

percent per month in Norway. A more recent study by Solheim & Jensen (2011) documents a return 

of 1.34 percent per month which is remarkably similar to our results.  

To adjust for microstructure distortions we compute a second set of returns with a 1-month lag 

between the formation period and the holding period. This 6x6 zero-cost strategy yields a return of 

1.39 percent and can be found in panel B section 6.2. This return is slightly larger than what we 

observed in panel A. Jegadeesh & Titman (1993) and Rouwenhorst (1998) also report larger returns 

for their 6x6 strategy when they perform this adjustment. However, panel B results are not 

consistently larger than the panel A results.  

To find out how the portfolios are performing compared to the market we calculate the momentum 

returns in excess of the market return. From table it is clear that the market outperforms the winner 

portfolios and it is also clear that the loser portfolios are driving the profits of the zero-cost 

portfolio. Kloster-Jensen (2006) also document that the loser portfolios are the main contributor to 

zero-cost profits. On the other hand, Jegadeesh & Titman (1993), Rouwenhorst (1998) and Solheim 

& Jensen (2011) document that it is the winner portfolio that is singlehandedly driving the 

momentum profits.  
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Increasing the portfolios from containing 20 percent of the stocks to 30 percent of the stocks causes 

the momentum profits to drop considerably which emphasizes how sensitive momentum returns are 

to changes in portfolio size. With this adjustment, the 6x6 zero-cost portfolio now yields a return of 

0.96 percent per month which is a decrease of 0.35 percent per month compared to our base study. 

Rouwenhorst (1999) documents positive momentum returns in emerging markets when he uses 30 

percent portfolios. However, these returns are lower on average than the ones documented for 

developed market where they use 10 percent portfolios (Jegadeesh & Titman, 1993). On one hand, 

Rouwenhorst (1999) argues that the difference is most likely due to different portfolio sizes. On the 

other hand, Griffin et al (2003) documents lower momentum returns in emerging market compared 

to developed markets even when the portfolio sizes are identical for both markets. This indicates 

that the difference in portfolio size does not explain the whole difference in momentum profits 

between these two markets even though our results confirm that larger portfolios result in lower 

momentum profits.  

As momentum portfolios are based on extreme past performance, return outliers might account for a 

significant portion of the momentum profits (Rouwenhorst, 1999). To investigate whether extreme 

outliers are driving the momentum profits we remove the top and bottom 5 percent most extreme 

returns. Our 6x6 zero-cost portfolio now generates a monthly return of 0.92 percent which is a 

decrease of nearly 30 percent compared to our base study, which is a considerable amount. 

However, the momentum returns are still significant in the absence of extreme return outliers.  

As our momentum profits are generated by the loser portfolios we conduct a sample split to 

investigate any changes when we exclude the plunge in stock prices that occurred during the 

financial crisis. Our hypothesis is that the financial crisis is causing the negative returns from the 

winner portfolios and it is also the reason why our loser portfolios are very negative. The 6x6 zero-

cost portfolio yields a return of 1.67 percent before the financial crisis while it yields 1.94 percent 

after the financial crisis and both returns are considerably above the results for the whole sample 

period. However, the drivers of the momentum profits are very different before and after the crisis. 

The results before the crisis confirm our hypothesis and the winner portfolios now generate large, 

positive and significant returns while the loser portfolios are slightly positive/negative. The results 

after the crisis on the other hand, show that the loser portfolios are even more negative than for the 

entire sample. We have some plausible explanations for why we see these results. The market 

conditions after the financial crisis have been characterized by high uncertainty and one possible 
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explanation could be that investors fled from risky stock investments and placed their money in 

other securities that are less volatile. Another possible explanation for our results is based on the 

findings of Hong et al. (2000). The authors find evidence that firm specific information spreads 

only gradually across the investing public, especially when the information is negative. They also 

argue that smaller firms receive less analyst coverage and information diffusion among these stocks 

will be slower compared to large stocks. In section 6.6 we documented that our loser portfolios are 

weighted towards small stocks. If negative information among these small stocks only spreads 

slowly during the financial crisis there will be an under-reaction in stock prices. This information is 

then gradually incorporated in the period after the financial crisis which may explain the results in 

the post period.  

On the basis of strong momentum returns we initially concluded that such a strategy seems 

profitable. However, those profits are valid under the assumption that investors have zero 

transaction costs. This is without doubt a rather unrealistic assumption. As most investors have to 

pay a considerable amount of transaction cost we chose to incorporate transaction costs for an 

average Norwegian private investor. After these transaction costs are taken into account the 6x6 

zero-cost portfolio generates a return of 0.10 percent per month which is not statistically significant. 

Our results document that trading costs almost exceed the momentum profits. However, we have 

not accounted for all transaction costs involved in a momentum strategy. Incorporating all 

transaction costs might eliminate the momentum profit completely. On the other hand, it is unlikely 

the case that a full portfolio rebalancing is needed at each portfolio formation causing our 

transaction costs to be higher than what they would be in practice. We also want to emphasize that 

transaction costs vary considerably from one investor to another. Jegadeesh & Titman (1993) 

considers a one way transaction-cost and conclude that the cost of trading does not exceed the 

returns from a momentum strategy for their data sample. On the other hand, Lesmond et al. (2004) 

document that trading costs do in fact exceed the returns from momentum strategies in the U.S. and 

argue that the size of these costs have been underestimated in previous studies. They present 

evidence which suggests that momentum strategies tend to pick stocks with high trading costs.  

As transaction costs influence the momentum profits considerably we analyze another set of 

momentum strategies using non-overlapping holding periods as the numbers of transactions are 

considerably lower in this case. Although insignificant, the 6x6 portfolio now generates a return of 

1.44 percent per month, which is actually 0.13 percent higher per month compared to panel A. At 
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first glance it seems that using a momentum strategy with non-overlapping holding period is 

preferred as the returns are both higher and the transaction costs are lower. However, we have not 

performed a transaction cost adjusted return sample for non-overlapping holding periods and 

therefore we do not know how much lower the transaction costs would be. It should also be kept in 

mind that the result from the 6x6 zero-cost portfolio is not statistically different from zero when we 

use non-overlapping holding periods. 

Another important assumption to the observed results is that the practical aspect of implementing 

the strategy is flawless. We are able to take positions in all stocks and keep the position over the 

desired holding period. As discussed in chapter 3 there might be difficulties to take short positions 

in certain stocks as brokers usually only offer the most liquid stocks for short sale. The broker can 

also call back the stock at any given time and it might be unrealistic to keep short positions for 3-12 

months. Our decomposition of the momentum portfolio shows that there is a majority of small 

stocks in the loser portfolio and some of them seem to be quite illiquid. We believe that it could be 

quite difficult to implement the momentum strategy in reality. 

To investigate whether our results are sample period specific we performed a sample split and find 

positive momentum profits in both periods. However, the component driving the momentum profits 

in the two periods differ. From 2005 to 2008 we find that the momentum profits are mainly driven 

by the winner portfolio which is also what Jegadeesh and Titman (1993) document. From 2009-

2013 momentum profits are driven by the loser portfolios, which is similar to what we found for the 

sample period as a whole.  

Many proponents of the efficient market theory argue that risk based models such as the CAPM can 

explain asset prices. We investigate these claims by performing a regression analysis using the 

CAPM, Fama-French 3-factor model and the Carhart 4-factor model to see whether they are able to 

explain the return continuation we observed in the Norwegian Stock market.  

We find positive alpha values across all 16 zero-cost portfolios when we run the CAPM. The 

estimated alpha value for the 6x6 zero-cost portfolio is 0.0132, an abnormal monthly return of 1.32 

percent. The positive alpha values confirm that the market risk factor cannot explain the momentum 

profits. For comparison; Kloster-Jensen (2006) obtained a corresponding alpha value of 0.0148 for 

the sample period 1996-2005. The alpha estimate for our 6x6 zero-cost portfolio is almost exactly 

the same as the raw return difference we obtained in section 6.2. This is because the winner 
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portfolio and loser portfolio have approximately the same betas. All the zero-cost portfolios have 

beta values close to zero meaning that the momentum returns are uncorrelated with the market 

portfolio returns. Our 6x6 zero-cost portfolio has a beta value of -0.0366 while Jegadeesh & Titman 

(2001) report a beta value of -0.04 for their 6x6 zero-cost portfolio.   

The 6x6 zero-cost portfolio provides an alpha estimate of 1.44 percent when we run the Fama-

French 3-factor model, which is larger than the corresponding raw return of 1.31 percent. The value 

factor is the driver of the difference in returns with a coefficient estimate of -0.4703. A negative 

value factor coefficient suggests that value and momentum are negatively correlated. Asness et al. 

(2013) also find that value and momentum are negatively correlated. Jegadeesh & Titman (2001) 

report a raw return of 1.23 percent while their corresponding Fama-French alpha value of 1.36 

percent for the 6x6 zero-cost portfolio. They argue that the increase is caused because the loser 

portfolio is more sensitive to the 3 factors than the winner portfolio.  
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Chapter 9 Conclusion 

The main purpose of this thesis is investigating to what extent there has been a price momentum 

effect on Oslo Stock Exchange. We apply the methodology of Jegadeesh and Titman (1993) on our 

sample period 2005-2013.  

We find that momentum trading strategies based on going long in past winners and going short in 

past losers generate significant and abnormal returns over 3- to 12-month horizons in Norway 

during our sample period 2005-2013. Our most successful zero-cost strategy selects stocks based on 

their past 12-month return and holds them for 3-months, consequently realizing a return of 2.43 

percent per month. The 6x6 strategy is examined in most detail and realizes a return of 1.31 percent 

per month when the holding period starts immediately after the formation period and 1.39 percent 

when there is a one month lag between the formation period and the holding period. Our analysis 

confirms that the loser portfolio is singlehandedly generating momentum profit in our zero-cost 

portfolios. However, a sample split reveals that this result might be sample period specific. From 

2005-2008 the momentum profits were mainly driven by the winner portfolio while the loser 

portfolio was generating the momentum profits from 2009-2013.  

Robustness test as increasing the portfolio size and excluding extreme outliers do have a negative 

impact on the momentum strategies return. However, the momentum return is still quite positive 

and significant. A decomposition of the 6x6 momentum strategy reveals a majority of small stocks 

and some of them seem to be quite illiquid. However, the most illiquid stocks do not seem to be the 

drivers of momentum profits, but the liquidity requirements do have an impact on the momentum 

returns. Almost 20 percent of the momentum portfolio consists of the most illiquid stocks in the 

market. Most of these tend to be small firms with a majority on the short side. We believe that the 

short sale implications make it difficult to implement the momentum strategy in full extent. 

From a practical investment perspective it is important to investigate whether momentum strategies 

are profitable when transaction costs are accounted for. Incorporating transaction costs erases most 

of the momentum profits in our 6x6 zero-cost portfolio, leaving us with a return of 0.10 percent per 

month, which is statistically insignificant. However, we want to emphasize that the level of 

transaction costs from one investor to another can vary considerably.   
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Due to high transaction costs, it seems sensible to use non-overlapping holding periods when 

executing a momentum strategy. In this case, all 16 momentum strategies still realize abnormal 

returns; however, most of the returns are not significantly different from zero.  

Researchers have struggled to explain the source of the momentum anomaly. Possible explanations 

include, but are not limited to; data mining, risk-based explanations and behaviour based 

explanations. It has been suggested that the momentum effect is simply the results of data mining. A 

large body of evidence across different time periods and different stock markets makes such an 

explanation unlikely to be the cause of the momentum effect. This thesis investigates whether 

momentum returns can be explained by rational asset pricing models. By performing a regression 

analysis we find that neither the CAPM nor the Fama-French 3-factor model are able to explain the 

momentum returns fully, which is in line with previously conducted studies such as Jegadeesh & 

Titman (2001) and Fama & French (1996). Various models within behavioral finance have been 

proposed to explain the momentum effect.  However, even though testing such models is outside 

the scope of this thesis, we encourage others to pursue this venue. We believe that such 

contributions can bring us closer at explaining the momentum effect on the Oslo Stock Exchange.   

Finally, we would like to stress that there might be other explanations for our momentum results 

that we have not covered in this thesis. 
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Appendix I Stock list 

 

A 1 Overview of Stocks in Data Sample

 

Number Name Code Number Name Code

1 NORSK HYDRO N:NHY 46 CONTEXTVISION N:COV

2 STOREBRAND N:STB 47 PROSAFE N:PRS

3 BONHEUR N:BON 48 PETROLIA N:PDR

4 BORGESTAD 'A' N:BOR 49 SUBSEA 7 N:SUBC

5 GANGER ROLF N:GRO 50 MARINE HARVEST N:MHG

6 HAFSLUND 'A' N:HNA 51 ROYAL CRBN.CRUISES (OSL) N:RCL

7 ORKLA N:ORK 52 BYGGMA N:BMA

8 SOLVANG N:SOLV 53 AF GRUPPEN 'A' N:AFG

9 REACH SUBSEA N:REAH 54 FRED OLSEN ENERGY N:FOE

10 SKIENS AKTIEMOLLE N:SKI 55 SOLSTAD OFFSHORE N:SOFF

11 WILHS.WILHELMSEN HDG.'A' N:WWI 56 TGS-NOPEC GEOPHS. N:TGS

12 BELSHIPS N:BEL 57 EMS SEVEN SEAS N:EMS

13 DNO INTERNATIONAL N:DNO 58 NICKEL MOUNTAIN N:NMG

14 GYLDENDAL N:GYL 59 DATA RESPONS N:DAT

15 OLAV THON EIEP. N:OLT 60 KITRON N:KIT

16 GOODTECH N:GOD 61 FRONTLINE N:FRO

17 TOMRA SYSTEMS N:TOM 62 GC RIEBER SHIPPING N:RISH

18 FARSTAD SHIPPING N:FAR 63 ELTEK N:ELT

19 ATEA N:ATEA 64 ITERA N:ITE

20 ODFJELL 'A' N:ODF 65 EVRY N:EVRY

21 VEIDEKKE N:VEI 66 BIONOR PHARMA N:BIOR

22 HAFSLUND 'B' N:HNB 67 PHOTOCURE N:PHO

23 BLOM N:BLO 68 DOF N:DOF

24 WILHS.WILHELMSEN HDG.'B' N:WWIB 69 TELENOR N:TEL

25 ODFJELL 'B' N:ODFB 70 SIEM SHIPPING INC. N:SSI

26 NORSKE SKOGINDUSTRIER N:NSG 71 PSI GROUP N:PSI

27 ABG SUNDAL CLI.HLDG. N:ASC 72 STATOIL N:STL

28 ARENDALS FOSSEKOMPANI N:AFK 73 DOMSTEIN N:DOM

29 SCHIBSTED N:SCH 74 SAS (OSL) N:SAS

30 VOSS VEKSEL-OG LMDBK. N:VVL 75 AGASTI HOLDING N:AGA

31 NAMSOS TRAFIKKSELSKAP N:NAM 76 Q-FREE N:QFR

32 PETROLEUM GEO SERVICES N:PGS 77 APPTIX N:APP

33 TIDE N:TIDE 78 LEROY SEAFOOD GROUP N:LSG

34 DNB N:DNB 79 BIRDSTEP TECHNOLOGY N:BIRD

35 KONGSBERG GRUPPEN N:KOG 80 HURTIGRUTEN N:HRG

36 SPAREBANK 1 SR BANK N:SRBA 81 NORWEGIAN AIR SHUTTLE N:NAS

37 JINHUI SHIP.& TRSP. N:JIN 82 OPERA SOFTWARE N:OPER

38 EKORNES N:EKO 83 YARA INTERNATIONAL N:YARA

39 TTS GROUP N:NULL 84 AKER SOLUTIONS N:AKSO

40 SCANA INDUSTRIER N:SCI 85 MEDI-STIM N:MEDS

41 STOLT-NIELSEN N:SNI 86 AKER N:AKER

42 NORDIC SEMICONDUCTOR N:NOD 87 DIAGENIC N:DIAG

43 ROCKSOURCE N:RGT 88 SEVAN MARINE N:SEVA

44 HEXAGON COMPOSITES N:HEX 89 GOLDEN OCEAN GROUP N:GOGL

45 IM SKAUGEN N:IMSK 90 NORWEGIAN CAR CARRIERS N:NOCC

Stock List
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Appendix II VBA Formulas 

 

A 2 VBA-Function for Non-Overlapping Method

 

 

A 3 VBA-Function Overlapping Method - Loser Portfolio 

 

 

A 4 VBA-Function Overlapping Method - Winner Portfolio 
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Appendix III OSEAX Returns for All Momentum Strategies 

 

A 5 Overview of Market Index Performance for All Momentum Strategies 

 

Appendix IV Size Split and Liquidity Adjustment 

 

A 6 Size Split Table – Winner Portfolio 

 

A 7 Size Split Table – Loser Portfolio 
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A 8 Size Split Table - Zero-Cost Portfolio 

 

A 9 Liquidity Adjusted Size Split Table - Zero-Cost Portfolio 
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A 10 Winner Portfolio of the 6x6 Strategy divided into size groups and liquidity adjusted 

 

A 11 Liquidity Adjusted Size Split Table - Winner Portfolio 
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A 12 Loser Portfolio of the 6x6 Strategy divided into size groups and liquidity adjusted 

 

 

A 13 Liquidity Adjusted Size Split Table - Loser Portfolio 

 

A 14 Size Split Table - Market Value Overview 
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A 15 Liquidity Split Table - Turnover Volume Overview 

Liquidity Group 1 reflects the turnover volume to the 20 percent most illiquid stocks in the market. Liquidity Group 5 

reflects the turnover volume to the 20 percent most liquid stocks in the market. 

 

Appendix V OLS Assumptions 

a. Linearity of the model parameters 

 

A 16 Scatterplot: Winner Portfolio against OSEAX 
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A 17 Scatterplot: Loser Portfolio against OSEAX 

 

b. Heteroscedasticity 

 

A 18 Residuals: CAPM – Winner Portfolio 
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A 19 Residuals: CAPM – Loser Portfolio 

 

A 20 Residuals: 3-Factor Model – Winner Portfolio against OSEAX 
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A 21 Residuals: 3-Factor Model – Winner Portfolio against Small-Minus-Big 

 

A 22 Residuals: 3-Factor Model – Winner Portfolio against High-Minus-Low 
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A 23 Residuals: 3-Factor Model – Loser Portfolio against OSEAX 

 

 

A 24 Residuals: 3-Factor Model – Loser Portfolio against Small-Minus-Big 
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A 25 Residuals: 3-Factor Model – Loser Portfolio against High-Minus-Low 

 

c. Autocorrelation 

 

A 26 Residuals: CAPM – Winner Portfolio against Time 
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A 27 Residuals: CAPM – Loser Portfolio against Time 

 

 

 

 

A 28 Residuals: 3-Factor Model – Winner Portfolio against Time 
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A 29 Residuals: 3-Factor Model – Loser Portfolio against Time 

 

A 30 Residuals: CAPM – Winner Portfolio against Lagged Residuals 

 

 

A 31 Residuals: CAPM – Loser Portfolio against Lagged Residuals 
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A 32 Residuals: 3-Factor Model –Winner Portfolio against Lagged Residuals 
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A 33 Residuals: 3-Factor Model – Loser Portfolio against Lagged Residuals 

 

Appendix VI OLS and Newey-West Comparison 

 

A 34 OLS and Newey-West Comparison - Loser Portfolio 
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A 36 OLS and Newey-West Comparison - Zero-Cost Portfolio 

 

 

 


