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ABSTRACT 
The academic literature on finance has since the mid 60’s been largely 

influenced by the Efficient Market Hypothesis (Fama, 1965, 1970). The 

Efficient Market Hypothesis has since then been a topic for debate and 

numerous studies has been conducted with the agenda of testing the 

Efficient Market Hypothesis and its robustness. The Efficient Market 

Hypothesis implies that stock prices follow a random walk, hence, 

predicting future stock returns based on previous stock prices should not 

earn any success in attempt to consistently beat the market. However, 

different momentum trading strategies has emerged in academic literature 

showing evidence of outperforming the financial markets. Using U.S. 

stock data from the American Stock Exchange, the New York Stock 

Exchange and Nasdaq over the period January 2001 to December 2019, 

this paper examines returns from trading stocks on momentum with the 

52-week high strategy in attempt to test the Efficient Market Hypothesis. 

Empirical tests in this paper indicate that the strategy of buying U.S. 

common stocks in the top 52-week high price ratio significantly 

outperforms the market. 

 

 

 

 

 

 

   “Diversification is protection against ignorance.  

It makes little sense if you know what you are doing.”  

- Warren Buffett 
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1. INTRODUCTION 
Financial research the last half century has been strongly influenced by the Efficient Market 

Hypothesis (EMH) (Fama, 1965, 1970). The hypothesis states that asset prices, at any given 

time, fully reflect all available information on the market. Under the assumption that all 

available information is equally transparent for the buyers and sellers, leading to unpredictable 

price fluctuations. This implies that stock prices follow a random walk, hence, predicting future 

stock returns based on previous stock prices should not earn any success in attempt to 

consistently beat the market. However, more recent empirical findings in financial research 

show that stock returns based on past price information are predictable. Jegadeesh and Titman 

(1993) compute a momentum portfolio strategy with New York Stock Exchange (NYSE) and 

American Stock Exchange (AMEX) stocks ranked in deciles based on past six-month returns. 

The portfolio goes long (short) the stocks that have risen (fallen) the most and the stocks are 

held in 6 months, resulting in abnormal returns of approximately one percent per month.1 

Rouwenhorst (1998) finds similar results as Jegadeesh and Titman (1993) when comparing a 

dozen of European countries, indicating that the momentum effect is also present in the 

European countries. Moskowitz and Grinblatt (1999) further investigates Jegadeesh and Titman 

(1993) momentum strategy but with a slightly different approach. The momentum is based on 

the same strategy by going long (short) the stocks that have risen (fallen) the most, but also 

account for industry effects.2 They build one profitable model which buys stocks from past 

winning industries and sell stocks from past losing industries.  

 

Another strategy of trading with momentum is called contrarian, where the approach is opposite 

to the one presented by Jegadeesh and Titman (1993) above. The academic literature on 

contrarian momentum trading took off with De Bondt and Thaler (1985, 1987) research on 

market behavior. Their overreaction hypothesis is based on behavioral economics and the 

assumptions that investors are prone to numerous biases, leading to over- and under reactions 

on the financial market. They found that returns reverse over long horizon (3- to 5 years). Stocks 

with poor performance over the past 3- to 5 years documented higher returns over 3- to 5 years 

holding period than stocks with above average performance during the same period. This 

indicated that contrarian trading strategies can earn abnormal returns. 

 
1  The abnormal return is the excess return generated by a stock or portfolio which differ from the total market 
return, i.e. the return not explained but the return of the market.  
2  Industry effects is applied by Moskowitz and Grinblatt (1999) as the effect from buying previous winning 
industries and selling previous losing industries. 
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The overreaction hypothesis has since then been further examined in academic literature. Ball 

and Kothari (1989) argues for an alternative view where the overreaction could be explained 

by size-effect and systematic risk.3, 4 As losers tend to be smaller-sized firms than winners, 

Zarowin (1990) argues that the overreaction is a manifestation of the size effect. While Chopra 

et al. (1992) confirm the overreaction of stocks even after adjusting for both size and beta.5 

 

Since the overreaction hypothesis and other momentum asset trading models such as Jegadeesh 

and Titman (1993) are challenging the Efficient Market Hypothesis (Fama, 1965, 1970), there 

is a debate regarding how to adjust for risk in the model. A common solution for this in 

academic literature is to use the Capital Asset Pricing Model (CAPM), a model which defines 

the expected return as a function of the systematic risk that the investor is exposed to, i.e. the 

risk that the investor cannot diversify against. Recent studies show that momentum trading 

strategies can generate abnormal returns, i.e. outperform the market, even after risk-adjusting 

with CAPM, see Moskowitz and Grinblatt (1999), Jegadeesh and Titman (2001) and George 

and Hwang (2004). However, many advocates of the EMH argue that the momentum strategies 

can earn abnormal returns only by taking on extra risk. 

 

This leads to the question of why there is momentum and where it stems from. Many 

momentum strategies are based on behavioral economics stating that investors are subject to 

cognitive biases, which challenge the concept of the rational investor, as proposed by the EMH 

(Fama 1970). Kahneman et. al (1974, 1982) investigate these phenomenon’s in their 

psychological experiments. Most notable is the effect of adjustment from an anchor, a cognitive 

bias apparent in decision making for individuals. They show that financial decisions are heavily 

biased on a psychological starting value, or anchor, as investors do not account for all available 

information when investing in stocks, resulting in usually insufficient predictions about the 

future. 

 

 

 

 
3  Size-effect is the size of the firm measured in market value of equity at the beginning of each calendar year. 
4  Systematic risk is the risk that the investor cannot diversify against, i.e. the risk that all assets are exposed to.  
5  Beta is a measure of risk based on volatility when comparing individual stocks or portfolios to the unsystematic 
risk in the market. The beta coefficient reflects the sensitivity of the risky asset towards the systematic risk. Higher 
sensitivity towards volatility in the market prices gives a higher beta, and a lower sensitivity towards volatility in 
market prices gives a lower beta. 
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This paper will further investigate the momentum phenomenon, and whether it is possible to 

generate abnormal returns in the U.S. equity market. This is done by constructing a momentum 

trading strategy based on common stocks previous 52-week high price, the anchor, in the same 

manners as George and Hwang (2004). George and Hwang (2004) base their research on 

Kahneman et. al (1974, 1982) and argue that investors use the 52-week high price as an anchor 

point. Based on this anchor the investor then decides whether to invest or not. As individuals 

are generally slow to react on news, if good news has pushed up the price on a stock near the 

52-week high then investors are prone to bid the price. Biased by the anchor and not accounting 

for all available information, pushing the stock price higher. The positive pressure on the price 

of the stock creates a possible overpricing followed by lover returns in the long run when the 

market corrects the overpricing. Grinblatt and Keloharju (2001) present further evidence on 

anchoring when examining the Finnish stock market. They find that investors act on past stock 

returns and historical price patterns, such as historical high (low) prices.  

 

The possibility for a 52-week high price momentum effect might be explained by the fact that 

almost every major U.S. finance newspaper daily list the stocks that hit 52-week high or low. 

Wall Street Journal, Financial Times and Bloomberg.com are examples of popular sources for 

financial news where stocks 52-week high and low are listed. 

 

The purpose of this paper is to analyze whether the 52-week high momentum strategy can 

generate significant abnormal returns in the U.S. equity market. This paper computes the 52-

week high price momentum strategy as George and Hwang (2004), by ranking stocks every 

month based on the performance during the past 52-week period. The closer the asset price is 

to the 52-week high price, the higher is the assigned ratio. Based on the ratio ranking, every 

month the stocks with the highest 52-week high ratio, 0.7 to 1, gets placed in the high portfolio, 

and the stocks with the lowest 52-week high price ratio, 0 to 0.3, gets placed in the low portfolio. 

The strategy goes long the stocks in the high portfolio, and goes short the stocks in the low 

portfolio. The portfolio is equally weighted and each position is held in 6 months. The strategy 

is back tested on the U.S. stocks from the three major U.S. stock exchanges NYSE, AMEX & 

NASDAQ. 
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This paper contributes to the academic literature on momentum strategy trading in two ways. 

First, George and Hwang (2004) back test the strategy on data from July 1963 to December 

2001. This paper examines a similar strategy on more recent data, looking at the period January 

2001 to December 2018. Second, this paper studies a shorter time period than George and 

Hwang (2004), confirming evidence for the 52-week high momentum effect when looking at 

shorter time periods. 

 

The main findings of this paper are that the 52-week high momentum strategy is profitable in 

the U.S. equity market during the time period January 2001 to December 2018. Most interesting 

are the results from head-to-head comparison with the buy and hold portfolio, where the 52-

week high momentum strategy of buying the high portfolio significantly outperforms the buy 

and hold portfolio during the period January 2001 to December 2018.6 The results of this paper 

are in line with previous research on the 52-week high price momentum effect, see George and 

Hwang (2004), Liu, M. and Liu, Q. (2011) and Li and Yu (2012).  

 

The rest of the paper is organized as follows. The next chapter describes the underlying 

theoretical framework. Chapter three describes the data, the sampling procedure and how the 

investment strategies are implemented. Followed by the results and conclusions presented in 

Chapter four and five. 

 

 

 

 

 

 

 

 

 

 

 

 

 
6 The buy and hold portfolio represents the U.S. equity market and consist of the overall sample of common stocks. 
For details about the buy and hold portfolio, see data section in chapter three. 



 5 

2. Theory 

What return can one expect on an efficient market? This chapter presents important theories 

for this paper, starting with the early research on financial markets, suggesting that abnormal 

returns are not consistently attainable. This chapter dig deeper into the financial markets and 

aims to further explain how abnormal returns can be earned and where they stem from. 

 

2.1 Efficient Market Hypothesis and Random Walk 
The Efficient Market Hypothesis was first presented in 1960 by the U.S. economist Eugene 

Fama. He then refined the hypothesis in 1970 and argued that prices determine how resources 

should be allocated properly in the financial equity markets. The theory states that at any given 

time, prices of all assets fully reflect all available information on the market. Since both buyers 

and sellers have the same information, price changes are unpredictable and it should not be 

possible to create excess return for any investor. The theory is built on three main assumptions. 

 

I. All information is costless and available for all participants in the market. 

II. There are no transaction costs within all trades of assets. 

III. All participants draw the same conclusions from all available information, prices on the 

market and future distribution of prices. This condition states that the prices of all assets 

on the market fully reflect all available information, at all time.  

 

It is obvious that the market explained in the Efficient Market Hypothesis above is not 

representative of the actual market. Is this a problem? Not necessarily, Fama (1970) argues that 

is not the case since the assumptions are sufficient but not necessary. First, it is possible for the 

market to be efficient even if not all participants have the same information. As long as enough 

number of investors have full market information, prices will approximately reflect all available 

information. Second, if transaction cost considers all information on the market and values it 

correctly, the second assumption will not be violated even if cost of transaction is large. Third, 

Fama (1970) argues that the complications surrounding whether different investors draw 

different conclusions from the available information is not a problem as long as some investors 

fails to create excess returns from these conclusions.  
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However, Fama (1970) states that in reality the markets are not likely be fully efficient, 

therefore, Fama (1970) proposes three different forms of the efficient market hypothesis; weak-

, semi- and strong from. Each form is designed to better examine different anomalies and how 

different forms of information affects price changes on assets. The three different forms consist 

of; (i) all historical price information (weak-), (ii) all public information (semi-) and (iii) all 

public and private information (strong form).  

 

The weak form of Efficient Market Hypothesis aims to test to what extent historical price 

information can predict future asset returns. In a market characterized by weak form the 

historical price information is already reflected in the asset price, in other words, it is impossible 

to predict future returns with historical price information only. The semi-strong form of 

efficiency aims to test how rapidly public information is reflected in the price of the financial 

asset. All public information is already reflected in the semi-strong form. The strong form of 

Efficient Market Hypothesis aims to test whether there is non-public information that is only 

available to some investors, making it possible for them to use this non-public information to 

their advantage and generate abnormal returns.  

 

The Efficient Market Hypothesis main conclusion is that all information is reflected in all prices 

of financial assets. Fama (1970) breaks down the Efficient Market Hypothesis in different forms 

only to examine on what level the hypothesis could fail. As mentioned in the introduction (1st 

paragraph), the Efficient Market Hypothesis states that information fluctuates the asset price 

and information is not predictable. Hence, EMH implies that the stock markets follow a random 

walk. The theory of random walks states that asset price changes are independent, identically 

distributed random numbers, future asset returns are no more predictable than a series of 

cumulated random numbers. In other words, asset price changes have no memory, and past 

prices cannot predict future asset returns (Fama, 1965). Malkiel (1973) presents the general 

formula for the Random Walk as follows. 

 

 !" = 	!"%& +	(" (2.1.1) 

 

Where !" is the price at the time ), !"%& is the price at time ) − 1, and (" is the error term at 

time ). In formula (2.1.1) the movement of future prices in assets is completely random and 

therefore not predictable. For example, if an asset’s price movement is characterized by a 

random walk, the odds of an increase or decrease at any time, do not depend on the assets 
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previous price movement. The previous path of price movements gives no useful information 

about the future (Malkiel, 1973). 

 

Although the Efficient Market Hypothesis is still widely accepted in scientific research, the 

hypothesis has been a popular subject of debate in the academic literature. Fama and French 

(1988) find autocorrelation in market returns which may reflect market inefficiency. However, 

they point out that their results do not suggest the patterns to be stable over a long-time horizon 

(60 years). Lo and MacKinley (1988) find empirical results indicate that the behavior of weekly 

returns is not consistent with the random walk model. But also, Lo and MacKinley (1988) 

underline that they would need a more explicit economic model to fully reject the random walk 

hypothesis. Jegadeesh (1990) follows up Lo and MacKinley (1988) work on the behavior of 

asset returns and present similar results as Lo and MacKinley (1988) on the same topic. 

Jegadeesh (1990) documents significant serial correlation for asset returns over both short (1 

month) and longer lags (12 month) over the period 1934-1987. Strong evidence for 

predictability in asset returns is found and the paper rejects the hypothesis that asset returns 

follow random walks, hence also rejecting the Efficient Market Hypothesis.  

 

 

2.2 Modern Portfolio Theory 
Suppose that you have one asset, what return can one expect? Harry Markowitz aimed to 

explain this in 1952 with his work on portfolio choice. Markowitz (1952) introduced a 

mathematical framework to explain the asset return as a function of risk, this later became 

Modern Portfolio Theory or mean variance analysis. The model sets out to show how the 

investor can maximize their portfolio return for a given level of risk and the model is based on 

several assumptions. The most important assumptions are. 

 

I. Returns are normally distributed. 

II. Higher portfolio variance equals higher portfolio risk.  

III. Investors are risk averse. 

 

Hence, the investor will only take on more risk if compensated by higher return. Markowitz 

(1952) showed that the investor can minimize portfolio risk by constructing a portfolio of assets 
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with low covariance. Adding assets without perfect correlation, will reduce the risk in the 

portfolio. 

 

When assuming that investors are risk averse, i.e. they prefer low risk over high risk, a more 

diversified portfolio will give higher expected utility to the investor than a less diversified 

portfolio. The more diversified portfolio, the higher the expected utility. The basic assumption 

also states that the investor will prefer the portfolio with the highest expected return, when 

choosing between two portfolios with the same volatility. Markowitz (1952) rejects the older 

hypothesis on how a rational investor should act, which states that the investor always should 

strive for maximized discounted returns. It never states that a well-diversified portfolio gives 

more utility to the investor than a portfolio of only one asset, given the same expected return, 

which Markowitz (1952) means.  

 

With the assumptions made above, an efficient set of portfolios should exist. Where the investor 

can maximize the expected portfolio return subject to the portfolio variance, contrariwise, 

minimize portfolio variance in subject to expected portfolio return. The expected returns (E) 

and risk, or variance (V), can be plotted on a diagram, forming a shape called opportunity set, 

or attainable E,V combinations, see Figure 2.1 below. On the lower boundary the efficient 

frontier, or efficient E,V combinations, is found. The efficient frontier displays the portfolios 

with best possible return in regards for each level of risk, or contrary, the lowest risk for any 

given return.  

                                    Figure 1 

 
Figure 1: Expected return (E) and variance (V) combinations  

Source: Markowitz (1952) 
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Criticism of Modern Portfolio theory claims that the theory is built on assumptions that does 

not necessarily hold in the real market, especially the assumption that asset returns are normally 

distributed. Taleb (2007) points out the problem with using standard deviation as a measure for 

risk, since this requires that the underlying population is normally distributed. He shows that 

asset returns are not normally distributed, but rather positively skewed distributed.  

 

 

2.3 Capital Asset Pricing Model and Extensions 
This section presents the Capital Asset Pricing Model (CAPM) and extension as this model is 

commonly used in the academic finance literature. This paper does not apply the CAPM due to 

limitations in time, however, it is still important to discuss why the model is useful and the 

potential drawbacks of the model.  

 

The Modern Portfolio theory, presented in previous section, was later developed into the Capital 

Asset Pricing Model (CAPM). The CAPM was first introduced by Sharpe (1964) and Lintner 

(1965) to calculate the expected risk-adjusted return for asset returns. CAPM is a model 

commonly used in financial research and is important for two main reasons. 

 

I. CAPM implements a theoretical justification for the practice of passive investing, 

known as indexing. 

II. CAPM implements a way of estimating expected rates of return. 

 

CAPM has been around since the early 1960’s and aims to answer the following dilemma: 

 

What will risk premiums on securities be in equilibrium if investors have the same 

set of forecasts of expected returns and risk, and all investors choose their 

portfolios optimally according to the principles of efficient diversification? 

 

According to CAPM the fundamental answer to this question is that the market rewards 

investors willing to take risk, in market equilibrium. However, the market does not reward 

investors for holding inefficient portfolios and exposing themselves to risk that can be 

eliminated by diversification.  
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The CAPM model is based on a number of assumptions, of which the main two assumptions 

are the following: 

 

I. Investors agree in their forecasts of expected rates of return, ,
-

. , standard deviations, /
-

0, 

and covariations, /-1, of the risky assets. 

II. Investors behave optimally. 

 

In other words, the assumptions state that investors draw the same conclusions and have the 

same information. Hence, all the investors will have the share the same view on what the 

opportunity set looks like.  

 

The capital market line (the CML-line) in the CAPM model captures the individual investor’s 

efficient portfolio choice of risky and risk-free assets.  

 

 
,	2
.
= 	 ,3 +	

,
		4

.
−	,3

/4

	 ∙ 	/2			 (2.3.1) 

 

Equation (2.3.1) defines the CML-line where ,	2.  is the expected portfolio return and ,3 is the 

risk-free interest rate, which can be interpreted as the price of time. ,
		4

.  is the expected return 

of the market portfolio, /4 is the market standard deviation and /2 is the portfolio standard 

deviation. (,
		4

.
−	,3) / /4 can be interpreted as the price of risk. The capital market line gives 

the relationship in equilibrium between the expected rate of return and standard deviation for 

different efficient portfolios.  

 

While the CML-line concerns the relationship for different efficient portfolios, we now take a 

look at the security market line (SML-line) in CAPM, which describes the relationship between 

the expected rate of return and standard deviation for individual assets. The slope of the CML-

line is determined by /4, so first we describe the relationship between /4 and /-4. Equation 

(2.3.2) shows the variance of a portfolio with two assets, 1 and 2. 

 

 /2
0
= 	6

&

0
/&& +	60

0
/00 + 	26&60/&0 (2.3.2) 
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We assume that the portfolio in question is the Market portfolio (M-portfolio), and if we use 

/&0 = /0& then we can rewrite the Equation (2.3.2) as. 

 

 /
4

0
= 	6&46&4/&& +	604604/00 +	6&4604/&0 +	6&4604/0& 	⇒ 

/
4

0
= 	6&4[6&4/&& +	604/&0] +	604[604/00 +	6&4/0&] 

(2.3.3) 

 

After this, we can show that. 

 

 6&4/&& +	604/&0 = 	/&4 (2.3.4) 

 

While skipping proof for Equation (2.3.4), in analogous manner, one can show that. 

 

 604/00 +	6&4/0& = 	/04 (2.3.5) 

 

The results are used to write (2.3.3) as follows. 

 

 /
4

0
= 	6&4/&4 +	604/04  (2.3.6) 

 

Equation (2.3.6) proves that the M-portfolio is a weighted average of the covariances of assets 

1 and 2, where each weight represents each portfolio share. With N assets we generalize this to 

a portfolio as following. 

 

 /
4

0
= 	6&4/&4 +	604/04 + ⋯+	6<4/<4  (2.3.7) 

 

Each investor in CAPM holds the M-portfolio and is concerned with its standard deviation, as 

it effects the slope of the CML-line. According to Equation (2.3.7) we see that the covariance, 

/-4, decides the risk of the M-portfolio. The larger value of /-4, the more risk it contributes. 

Hence, in order to investors purchasing assets with large risk, the asset have to contribute 

proportionately larger to the expected return, ,
	-

. . This means that there is a positive relationship 

between /-4 and ,
	-

. , which defines the Security Market Line (SML-line) presented below. 

 

 
,
	-

.
= 	 ,3 + =,		4

.
−	,3>

/-4

/
		4

0
 (2.3.8) 
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We define. 

 

 
?- 	= 	

/-4

/
		4

0
 (2.3.9) 

 

Where ?-4	is the beta coefficient for each asset. The beta version of the security market line 

describes the expected return according to CAPM, and is defined as follows. 

 

 ,
	-

.
= 	 ,3 + =,		4

.
−	,3>?- (2.10) 

 

Where ,
	-

.  is the expected return of asset @, ,3 is the risk-free interest rate, ,
		4

.  is the expected 

return of the market portfolio and ?- is the beta coefficient as defined in Equation (2.3.9). 

 

CAPM provides a framework in which the expected return can be written as a function of the 

systematic risk that the investor is exposed to, i.e. the risk that the investor cannot diversify 

against. It is one of the most common models used in financial research to account for risk, 

however, there is ongoing debate on Its validity. Fama and Macbeth (1973) show with their 

results a statistically significant beta coefficient and validate CAPM on NYSE stocks over the 

period 1935 to 1968.  However, Banz (1981) and Reinganum (1981) both examine the size-

effect on firms and finds empirical anomalies which suggests that the Sharpe (1964) and Lintner 

(1965) CAPM is mis-specified. Lakonishok and Shapiro (1984) also challenge the Sharpe 

(1964) and Lintner (1965) CAPM by concluding that neither risk measured by beta, variance, 

or residual standard deviation can explain the cross-sectional variation in returns. Tinic and 

West (1984) conduct a similar study as Fama and Macbeth (1973) but find that the positive 

relationship between risk and return only occurs in Januaries, the remining eleven months of 

the year are insignificant.  

 

With all the debate on the original Sharpe-Lintner CAPM, alternative models have been 

presented. Fama and French (1992, 1993) introduced the Fama-French three-factor model who 

adds two more explanatory variables to the Sharpe-Lintner CAPM, variables related to size and 

book-to-market equity. Fama and French (1992, 1993) extended CAPM and significantly 

improve the model’s ability to explain the cross-sectional variation in returns. This model was 

then further expanded by Carhart (1997) four-factor model, a model who adds a monthly 

momentum factor. Carhart (1997) also based his work on Jegadeesh and Titman (1993) paper 
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on momentum asset trading. The CAPM will be further discussed in section 3.2; “Risk-

Adjustment and Sharpe Ratio”. 

 

2.4 Behavioral Economics and Anchoring  
There has been extensive research on behavioral economics in finance during the last decades, 

perhaps starting with the works of De Bondt and Thaler (1985, 1987). Behavioral economics 

examines the anomalies on how individual economic decisions is affected by psychological, 

cognitive, emotional and various other human factors. De Bondt and Thaler (1985, 1987) take 

on the behavioral economics approach when examining anomalies on the financial market, 

showing that investors are prone to numerous biases lead to over- and underreactions on the 

financial markets. More recent work of behavioral economics by Daniel et al. (2001) challenge 

the concept of the fully rational optimizing investor, as suggested in both the Sharpe (1964) and 

Lintner (1965) CAPM and the Fama (1970) EMH. Daniel et al. (2001) provides a pricing model 

where expected asset returns are determined by risk and the investor’s misevaluation. 

Hirshleifer (2001) argues for the same approach as Daniel et al. (2001), and show that asset 

returns are related to risk and investor misevaluation. 

 

De Bondt and Thaler (1985, 1987) base their overreaction hypothesis on the work on cognitive 

biases by Kahneman and Tversky (1974). George and Hwang (2004) also base their 52-week 

high momentum trading strategy, which is further investigated in this paper, on the work of 

Kahneman and Tversky (1974) with focus on the heuristic (iii) adjustment from an anchor. 

Kahneman and Tversky (1974) describe in their article three main heuristics for individuals 

when making judgement under uncertainty: (i) representativeness, (ii) availability and (iii) 

adjustment from an anchor. Adjustment from an anchor describes the individual’s tendency to 

make estimates from an initial value that is adjusted when making decisions. The initial value, 

or starting point, will heavily influence different estimates. This leads to bias from the initial 

value, this anomaly is called anchoring. Slovic and Lichtenstein (1971) find in their paper that 

on judgment and decision making that these adjustments are generally insufficient.  

 

Kahneman and Tversky (1974) demonstrated the anchoring effect in an experiment where 

subjects would estimate different quantities in percentage. In each estimation a randomly 

selected number between 0 and 100 was stated on each question in the poll. The subjects were 

asked to estimate whether the quantities where higher or lower than the given number, and also 
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estimate the exact value. Different groups got different values and the results showed how the 

estimates where highly influence by the given value. The groups that received a higher given 

value made higher estimates and the groups that received a lower given value made lower 

estimates, these results were consistent throughout. 

 

The anchoring effect are not only present when the starting point is given by a value, but also 

when subjects estimated incomplete computations. Groups of high school students were asked 

to estimate a large numerical product in 5 seconds. The following numerical product were 

estimated by one group. 

 

 8	 × 	7	 × 	6	 × 	5	 × 	4	 × 	3	 × 	2 × 	1 (3.2.1) 

 

And the other group made their product estimates from the contrary numerical order. 

 

 1	 × 	2	 × 	3	 × 	4	 × 	5	 × 	6	 × 	7	 × 	8 (3.2.2) 

 

The product of formula (3.2.1) and (3.2.2) are both the same, but in order to make this estimate 

in just a few seconds people’s decisions will be based on extrapolation or adjustments. As 

adjustments are typically inefficient, formula (3.2.1) is higher in descending order and formula 

(3.2.2) are lower in descending order. As adjustments typically are insufficient, both estimates 

were as projected. The first subject group who made product estimates on the formula in higher 

descending order (3.2.1.), made larger product estimates throughout than the subject group 

estimating the formula in lower descending order (3.2.2). Adjustments from an anchor are 

important in decision making. For example, George and Hwang (2004) argue that the 

adjustments from an anchor bias can explain the momentum effect in the 52-week high price. 

This is further explained in the following section.  

 

 

2.5 Momentum Trading 
Stock trading with momentum has been a popular subject in recent academic literature since 

De Bondt and Thaler (1985, 1987) overreaction hypothesis. De Bondt and Thaler (1985, 1987) 

overreaction hypothesis trade stocks on momentum based on over- and under reactions on the 

financial markets. Their contrarian strategy bought the stocks with poor performance over the 
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past 3- to 5 and sold the stocks with above average performance during the same period. This 

strategy generates abnormal returns during the period January 1926 to December 1982, 

however, significant results only occurred in Januaries.  

 

Jegadeesh and Titman (1993) takes the opposite approach as De Bondt and Thaler (1985, 1987) 

in their study om momentum trading. Their momentum strategy is based on relative strength 

and rank stocks in deciles based on past six-month returns. Jegadeesh and Titman (1993) 

strategy goes long (short) the stocks that have risen (fallen) the most, generating returns of 

approximately 1 percent per month on U.S. stocks over period 1966 to 1989. Rouwenhorst 

(1998) conducts a similar momentum strategy as Jegadeesh and Titman (1993) looking at 

European countries and finds similar results, indicating that the momentum strategy is present 

also outside of the U.S. equity market. Moskowitz and Grinblatt (1999) build a similar 

momentum strategy as Jegadeesh and Titman (1993). Their strategy buys the stocks that have 

risen the most and sells the stocks that have fallen the most, but also account for industry effects. 

Moskowitz and Grinblatt (1999) show that buying stocks from past winning industries and 

selling stocks from past losing industries is profitable. Later in 2001 Jegadeesh and Titman 

(2001) followed up their previous research on momentum trading with the same momentum 

strategy including the 90’s. They show that their momentum strategy still generates significant 

abnormal returns, which contradicts the Efficient Market Hypothesis (Fama, 1970) stating that 

predictable patterns in returns will disappear after they become known by the broad mass, as 

they get exploited. 

 

As momentum has been shown to derive from different phenomenon’s, George and Hwang 

(2004) use the Kahneman and Tversky (1974) adjustment and anchor bias to conduct their 

momentum 52-week high price momentum strategy. George and Hwang (2004) compute the 

52-week high momentum strategy on the assumption that investors use the 52-week high price 

as an anchor when making estimates. They argue that U.S. investors are regularly exposed to 

the 52-week high price level in financial newspapers and websites, this price level is then used 

as an anchor by the investor when deciding whether to invest or not. The George and Hwang 

(2004) strategy goes long the stocks whose current price are near the past 52-week period high 

price (winners), and goes short the stocks whose current price are near the past 52-week period 

low price (losers). The strategy is back tested on U.S. stocks from July 1963 to December 2001, 

the portfolio is equally weighted and each position is held in 6-month. 
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George and Hwang (2004) 52-week high momentum strategy generate average monthly returns 

of approximately 1.3 percent and in pairwise comparison of the George and Hwang (2004), 

Jegadeesh and Titman (1993) and Moskowitz and Grinblatt (1999) momentum strategies, the 

George and Hwang (2004) 52-Week High outperforms both Jegadeesh and Titman (1993) and 

Moskowitz and Grinblatt (1999). Liu, M. and Liu, Q. (2011) further examine the 52-week high 

momentum strategy on twenty major international stock markets and find profits from the 

strategy in eighteen of them, indicating that the 52-week high momentum strategy is present in 

multiple different countries around the world. 

 

Burghof and Prothmann (2009) use German stock data to perform three different empirical tests 

on the George and Hwang (2004) 52-week high strategy. All three empirical test indicate that 

anchoring is the driver of the 52-week high strategy, i.e. the anchoring hypothesis cannot be 

rejected. Further research on behavioral bias under uncertainty is presented by Daniel et al. 

(1998), who finds strong and regular patterns in asset returns that are not consistent with the 

Efficient Market Hypothesis by Fama (1965, 1970). The asset return predictability is instead 

explained by size, book-to-market and momentum effects. Similar for the majority of 

momentum trading strategies in academic literature is that they focus on 6-month holding 

periods for the stocks, see Jegadeesh and Titman (1993), Moskowitz and Grinblatt (1999) and 

George and Hwang (2004). 
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3. DATA AND METHODOLOGY 
This chapter present the raw data sample and how the momentum trading strategy in this paper 

is computed. The reader will get further explanation of the statistical tests that are performed 

and the empirical method. Questions regarding risk-adjustment are also addressed in this 

chapter. 

 
3.1 Data 
The sample includes common stocks listed on the three major stock exchanges in the United 

States (U.S.): The New York Stock Exchange (NYSE), American Stock Exchange (AMEX) 

and NASDAQ. Excluded from the raw data are index funds and other non-common stocks, 

such as derivates and exchange traded funds. Firms with fewer than 52 weeks price history are 

also excluded along with firms containing missing values. The sample represents the majority 

of listed common stocks in the U.S. and is gathered from Yahoo finance over the period from 

January 2001 to December 2018. The data set includes daily observations of open-, high-, low- 

and closing price. The data set also provides daily variables such as traded volume (number of 

trades for the common stock), industry and adjusted closing price.  

 

This paper uses the adjusted closing price when computing the momentum trading model with 

the following arguments. The daily closing price is the price of the common stock when the 

stock exchange closes for the day, the adjusted closing price is the daily closing price of the 

common stock adjusted for dividends, splits and new offerings. Hence, the adjusted price 

represents a more accurate reflection of the common stock’s value, since dividends, splits and 

new offerings alters the closing price. Many firms may choose to reward stock holders with 

cash dividends paid per share, where the dividend reduces the stock’s value by the same amount 

as the total dividend. The common stock’s price has decreased, but only as a result of the firm 

rewarding its shareholders. For example, a share with a closing price of 10 dollars chooses to 

pay a 2 dollars dividend per share, the adjusted closing price accounts for the reduced price 

caused by the dividend by adjusting the closing price to 8 dollars. Stock splits are also common 

when the price of the common stock is too high, the firm may choose to increase the number of 

shares by “splitting” the stocks. New offerings work in a similar way, as firms may choose to 

offer additional shares of stock in order to raise capital. Current shareholders are offered the 

option to purchase new shares at a reduced price, the price of the existing shares will then drop 

when the new shares enter the market. Dividends, stock splits and new offerings all alters the 
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price of the common stock, but without altering the total market capitalization of the stock. The 

adjusted closing price accounts for all these events and therefore, it represents a more accurate 

reflection of a stock’s value compared to the closing price (YAHOO!, 2019). 

 

Table 1 displays the sample period and the number of stocks in each stock exchange as of 

December 2018.The starting dates and end dates for the different stock exchanges are all the 

same.  

 
Table 1     

Summary statistics         
    Market Exchange Sample period No. of stocks   
    United States AMEX 2001.01–2018.12 219  

    United States NASDAQ 2001.01–2018.12 2734  

    United States NYSE 2001.01–2018.12 2095   
 

The sample exclude stocks priced below $5 at the end of portfolio formation month. Stocks 

priced below are often referred to as “penny stocks” and are excluded according to standards in 

momentum trading literature for a number of reasons. First, when analyzing the AMEX, 

NASDAQ and NYSE during the sample period 1963 to 2006, Bhootra (2011) finds that penny 

stocks make up 59 percent of the loser portfolio, when employing the Jegadeesh and Titman 

(1993) momentum trading strategy. In the Jegadeesh and Titman (1993) momentum strategy, 

and many others, the loser portfolio is shorted. However, excluding the penny stocks makes the 

momentum strategy more trustworthy since large brokerage often disallows investors from 

shorting the penny stock, alternatively, require significantly larger transaction costs in these 

trades (Bhootra, 2011). Second, “penny stocks” are often illiquid, making them exposed to high 

spread. Spread is the difference between the buying and selling price of the stock. Third, it is 

reasonable to exclude the penny stocks as they often are irregularly traded, meaning that the 

investor is not able to buy and sell these stocks at all time.  

 

This paper uses the overall sample of common stocks as a benchmark when comparing the 

return of the momentum strategy. The overall sample in this paper consists of all common 

stocks from the AMEX, NASDAQ and NYSE over the period January 2001 to December 2018, 

excluding the “penny stocks”. The overall sample of stocks is bought in the buy and hold 

portfolio, as reported in the results, chapter IV. Table 2 present summary statistics for the 

overall sample along with the Russell 3000 index. The Russell 3000 is a broad market 
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capitalization-weighted index made up of the 3000 largest United States stocks and represents 

about 98 percent of the U.S. equity market (NASDAQ, 2019). The Russell 3000 index is 

presented to give the reader a relevant comparison for the average monthly return of the overall 

sample.  

 

Table 2      
Summary statistics      
    Data Sample period Return (monthly) SD Skewness Kurtosis 

    Overall sample 2001.01-2018.12 0.79 0.34 3.64 56.99 
    Russell 3000 2001.01-2018.12 0.42 0.11 -0.61 0.98 
The return presented is average monthly return in percentage. The overall sample excludes the “penny stocks”. 

 

The overall sample generates an average monthly return of 0.79 percent and the Russell 3000 

generates an average monthly return of 0.42 over the full sample period. The usage of a financial 

market benchmark is validated by Fama and Blume (1966), who suggest that if the financial 

market is characterized by a random walk, then no mechanical trading rule would consistently 

outperform a simple buy and hold strategy. However, if the investor can choose between a 

random walk model and a more complicated model with positive and negative dependence in 

successive price changes, the investor should always should always accept the random walk as 

long as the dependence in price changes cannot be used to produce greater returns compared to 

a buy and hold strategy (Fama & Blume, 1966). Hence it is reasonable to evaluate a trading 

strategy against a bench mark index, and if the model does not outperform the benchmark it 

should be rejected. 

 

 

3.2 The Trading Strategy 
The momentum strategy evaluated in this paper is the 52-week high strategy based on George 

and Hwang (2004). The first step in this approach is to determine the 52-week high price ratio 

for each stock. This is calculated as follows. 

 

 
52	HIIJ	ℎ@Lℎ	,M)@N = 	

!-,"

!P0Q-RQ,-,"	

 (3.2.1) 

 

!-	,"   =  The adjusted closing price of each asset @, in each month ). 

!P0Q-RQ,-,"      =  The highest price of the stock during the previous 52-week period.  
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In the start of each month ), each asset @ is ranked based on the 52-week high ratio. The closer 

the asset price is to the 52-week high price, the higher is the assigned ratio. Based on the ratio 

ranking, every month the assets with the highest 52-week high ratios gets placed in the high 

portfolio, and assets with the lowest ratio gets placed in the low portfolio. The portfolio 

formation is computed in line George and Hwang (2004), Where the stocks with a 52-week 

high ratio of 0.7 to 1 gets placed in the high portfolio, and the stocks with a 52-week high ratio 

of 0 to 0.3 gets placed in the low portfolio. The holding period for each asset is 6 months, which 

is equivalent with momentum trading strategies used by George and Hwang (2004), Jegadeesh 

and Titman (1993) and Moskowitz and Grinblatt (1999), who all focus on 6-month holding 

periods. Observe that no position is taken during the first year of the sample period as the 

formation period is based on the previous 52-week high price. Hence, the first position taken 

in the sample takes place in January 2002. 

 

In order to measure the profit of the formed portfolios, this study starts by computing an equally 

weighted portfolio from the returns of the stock data. A return measures the price movement of 

an asset in percentage and is computed as follows. 

 

 
S-," = 	

!-,"T& −	!-,"

!-,"

 (3.2.2) 

 

!-," is the price of asset @ at time ), and !-,"T& is the price of asset @ at time ) + 1. This is first 

executed on daily data to compute the daily return, and then on the holding period to compute 

the total holding period return. Formula (3.2.3) displays how the total return of the equally 

weighted portfolio, S2,", is formed from the individual returns of each asset held in the portfolio.  

 

 
S2," = 	

1

U
	VS-,"

W

-X&

 (3.2.3) 

 

The weight of each asset in formula (3.2.3) is &
W
 , where U is the number of assets and S-," is the 

total return from asset @ earned under the full holding period of 6 months for the same asset. 

The formation period- and holding period returns are both computed using adjusted closing 

price on the first and the last days of the period.  
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The momentum strategy in this paper goes long the high portfolio and goes short the low 

portfolio. For example, consider the computation of the portfolio return as follows. In the start 

of each month ), the stocks with the highest 52-week high price ratio, 0.7 to 1, gets placed in 

the high portfolio, and the stocks with the lowest 52-week high price ratio, 0 to 0.3, gets placed 

in the low portfolio. This process is repeated in the beginning of each month during the sample 

period, and the assets remain in these portfolios over months ) + 6. In each month the 

momentum strategy goes long the equally weighted high portfolio and goes short the equally 

weighted low portfolio. A middle (mid) portfolio is also computed from the same process 

consisting of the middle stocks in the 52-week high price ratio, 0.3 to 0.7.  

 

To give the reader a deeper understanding of the returns within the different ratios of the 

momentum trading strategy, this paper computes decile portfolios for each decile of the 52-

week high ratio. The decile denoted “1” consist of all stocks within the 52-week high price ratio 

0 to 0.1 and the decile denoted “2” consist of all stocks within the 52-week high price ratio 0.1 

to 0.2. This procedure goes on in numerical order to decile “10”, which consist of all stocks 

within the 52-week high price ratio 0.9 to 1. The decile portfolios are reported in the results, 

chapter IV. 

 

As mentioned above, the momentum strategy portfolios are equally weighted, all assets are held 

in 6 months and the strategy is computed with overlapping portfolios, same methodology as 

Jegadeesh and Titman (1993). Underlying assumptions for the trading strategy in this paper are 

perfect market liquidity and no transaction costs. If the 52-week high effect is present on the 

raw data that this paper examines then the assets with current prices near the 52-week high will 

outperform the assets that have lower ratio and are farther from their 52-week high price. 

 

 

3.3 Risk-Adjustment and Sharpe Ratio 
As mentioned in chapter two, the Capital Asset Pricing Model (CAPM) is commonly used in 

the academic finance literature to adjust for risk. CAPM defines the expected return as a 

function of the systematic risk that the investor is exposed to, i.e. the risk that the investor 

cannot diversify against. Moskowitz and Grinblatt (1999), Jegadeesh and Titman (2001) and 

George and Hwang (2004) all use the CAPM when adjusting for risk. This paper is conducted 
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under strict limitations in time, therefore, this paper does not use CAPM to risk-adjust due to 

the extensive simulating process that is required on the data. 

 

Instead of CAPM this paper risk-adjust the returns by using the Sharpe Ratio, first introduced 

by William Sharpe (1966, 1975). The Sharpe Ratio is based on Modern Portfolio Theory by 

Markowitz (1952) and describes relation between returns and their variance. Underlying 

assumptions for the Sharpe Ratio are that the variance and the standard deviation of the portfolio 

returns is a good enough proxy for the systematic risk taken on by the portfolio. The Sharpe 

Ratio measures the expected return exceeding the risk-free interest rate return, per unit of risk, 

expressed as the standard deviation. Hence, the Sharpe Ratio gives a measure of the portfolio 

return in relation to a benchmark such as a single asset, market index or buy and hold portfolio. 

 

Sharpe (1994) presents two different forms of Sharpe Ratios, the Ex Ante Sharpe Ratio and the 

Ex Post Sharpe Ratio. This paper uses the Ex Post Sharpe Ratio in order to compute a risk-

adjusted head-to-head comparison between the 52-week high momentum strategy and the buy 

and hold portfolio. The ex Post Sharpe Ratio is calculated as following. 

 

 Y" ≡ S[" − S\" (3.4.1) 

 

S[" is the fund return in time period ), S\" is the return of the benchmark portfolio or asset in 

time period ), and Y" is the differential return in time period ). Let Y]" be the average of Y" over 

the annualized time period ) = 1 through T. 

 

 
Y]" ≡

1

^
VY"

_

"X&

 (3.4.2) 

 

The standard deviation of the differential returns /` is calculated over the same time period as. 

 

 
/` ≡

a
∑ (Y" − Y

]
"
)0

_

"X&

^ − 1
 (3.4.3) 

 

This is used to calculated the ex-post version of the Sharpe Ratio ef. 
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ef ≡

Y]"

/`

 
(3.4.4) 

 

The ratio in the ex-post version defines the average differential adjusted for the historical 

variability in the differential returns. However, Sharpe (1994) shows that the Sharpe Ratio is 

not independent of the time period which it is measured. To provide meaningful comparisons 

between strategies the data should be annualized. Hence the differential returns and standard 

deviations in this paper will be calculated from a 6-month holding period, later to be converted 

to annual basis. This paper uses the U.S. three-year treasury rate as the risk-free rate in the 

Sharpe Ratio, see Figure 2 for the risk-free rate development over the sample period January 

2001 to December 2018. 

 

         Figure 2 

 
Figure 2: U.S. 3-year treasury rate development over the period January 2001 to December 2018 

 

 

3.4 Test Procedure 
The purpose of this paper is to determine whether the 52-week high momentum strategy can 

generate significant abnormal returns on the U.S. financial markets. The data section (3.1) in 
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chapter three motivates the usage of the overall sample of stocks as benchmark for the 

momentum trading strategy in this paper. The overall sample of stocks is bought in the buy and 

hold portfolio and the returns are calculated equivalent with the momentum trading strategy. 

Both portfolios are equally weighted. In order to determine if the returns of the 52-week high 

momentum strategy and the returns of the buy and hold portfolio is significantly different, this 

paper computes a two-sample the t-test. The two-sample t-test is a commonly used statistical 

test to determine if the means of two different datasets are significantly different. The 

hypothesis of the two-sample t-test confirmed in this paper are as follows. 

 

gh: ),jI	k@llI,IUmI	@U	nIMUo	@o	UN)	L,IM)I,	)ℎMU	pI,N 

gq: ),jI	k@llI,IUmI	@U	nIMUo	@o	L,IM)I,	)ℎMU	pI,N 

 

Since the trading strategy in this paper aims to generate abnormal returns compared to the buy 

and hold portfolio, the two-sample t-test is executed with the alternative hypothesis of “true 

difference in means is greater than zero”, this is to determine if the tested portfolios mean 

returns are significantly greater than the mean return of the buy and hold portfolio. The test 

statistic is defined by the two-sample ) as follows. 

 

 
) =

=Sr2,- − S
r
s&Q

>

a
o
&

0
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o
0

0

U0

 
(3.4.1) 

 

Where Sr2,- are the mean returns of the tested momentum portfolio @, Srs&Q are the mean returns 

of the buy and hold portfolio, and uv
w

x

Ww

 and uv
x

x

Wx

 are the estimated standard errors for each 

portfolio. Underlying assumptions for the t-test is that the test statistic follow a normal 

distribution, however, when performing Anderson-Darlington normality tests on the test 

statistics in this paper it is clear that the underlying distributions do not follow a normal 

distribution, but rather skewed to the right (see Appendix 1). This is a commonly violated 

assumption when looking at financial data since the potential down- and upsides of returns are 

unequal, where the downside cannot be smaller than minus one percent and the upside has no 

restriction. Taleb (2007) points out this problem as he shows that asset returns are not normally 

distributed, but rather positively skewed distributed.  
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To further examine the distribution for the data sets in this paper tests of skewness and kurtosis 

is performed. Mardia (1970, 1974 and 1980) pioneered the measures of kurtosis and skewness 

and proposes using the measures when testing for normality. Skewness is a measure of 

asymmetry in a distribution, computed from using the ratio of the average cubed deviations, 

called the third moment (Bodie et al., 2011, p. 165). Skewness is estimated as following. 

 

 
eJIHUIoo = yzI,MLI	 {

(S − Sr)
|

/}
|

~ (3.4.1) 

 

A positively (negatively) skewed distribution is characterized by a skewness greater (lesser) 

than zero.  

 

Kurtosis measures the degree of fat tails in the distribution. This is done by using deviations 

from the average raised to the fourth power and standardize by dividing the fourth power of the 

standard deviation, as follows. 

 

 
�j,)No@o = yzI,MLI	 {

(S − Sr)
Ä

/}
Ä

~ − 3 (3.4.2) 

 

In Equation (3.4.2) 3 is subtracted because the kurtosis for a normal distributed would be 3, 

making the kurtosis of a normal distribution zero. If the kurtosis is above zero the tails of the 

distribution is fatter than then ones in a normal distribution (Bodie et al., 2011, p. 165). 

 

Skewness and Kurtosis for this paper is presented under results in chapter 4. In order to correct 

the problem of violating underlying assumptions of the statistical testing, this paper will 

bootstrap the data. The bootstrap is explained in the following section.  

 

 

3.5 Bootstrapping 
Many statistical tests are based on the assumption that the test statistic follow a normal 

distribution. However, when working with financial data it is not unusual that the underlying 

distribution is unknown. Malkiel and Saha (2005) show that financial data sets do not follow a 

normal distribution, and that financial data sets have high kurtosis and skewness. These 
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problems can be handled with bootstrapping the data. The bootstrap was first introduced by 

Efron (1979) and is used to estimate the standard error of ÅÇ. Efron and Tibshirani (1994) show 

that when the distribution of the test statistics is unknown, the bootstrap method can be used to 

handle problems with non-normality. Efron and Tibshirani (1994, p.45) start by denoting the 

empirical distribution of the data as ÉÇ, then assign the probability  &
W
 to each value 6Ñ, Ö =

1,2,… , U, a random sample of size U from this empirical distribution ÉÇ  will define the bootstrap 

sample 6∗ = 6
&

∗
, 6
0

∗
,… , 6W

∗ . 

 

 ÉÇ → (6
&

∗
, 6
0

∗
,… , 6W

∗
) (3.5.1) 

 

6
∗ is a randomized, or resampled, version of x. Hence, the star notation. Equation (3.5.1) can 

be explained as follows. The bootstrap data 6
&

∗
, 6
0

∗
, … , 6W

∗  are a random sample of size U with 

replacement from the population of n objects (6&, 60,… , 6W). Hence, a set of values are 

simulated for the bootstrap consisting of a sample from the original data series. A replication 

for 6∗ is randomly simulated as, for example 6
&

∗
= 6â, 60∗ = 6&, 6|∗ = 6ä and so on. In the 

bootstrap data set, 6∗ denotes a bootstrap replication of ÅÇ. 

 

 ÅÇ = o(6
∗
) (3.5.2) 

 

For example, o(6) denotes the sample mean 6̅ and o(6∗) denotes the mean of the bootstrap 

dataset. The bootstrap estimates the standard error of oI[(Å∗), the standard error of ÅÇ for a 

randomly sampled data set of size n from ÉÇ. Efron and Tibshirani (1994, p.46) denote formula 

(3.5.2) as the ideal bootstrap estimate of standard error of ÅÇ.  

 

Efron and Tibshirani (1994, p.47) describe the bootstrap algorithm for estimating standard 

errors as follows. ç is selected independently from the bootstrap samples 6∗&, 	6∗0,	6∗\, where 

each sample consisting of U data values draw as in (3.5.1), with replacement from 6. The 

bootstrap sample will replicate. 

 

 ÅÇ(é) = o(6
∗s
), é = 1,2,⋯ , ç (3.5.3) 

 

Using (3.5.3), one can estimate the standard error oI[(Å∗) of the ç replications by the sample 

standard deviation as. 



 27 

 

 

oIè\ = êV

[Å
∗
(é) − Å

∗
(∙)]

0

(ç − 1)

\

sX&

ë

&

0

 (3.5.4) 
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The limit of the estimated standard error oIè\ will converge towards the bootstrap estimate of 

oI[(Å
∗
) as ç goes to infinity. 

 

 lim
\→ï

oIè\ = oI[ = oI[=Å
Ç∗> (3.5.5) 

 

Equation (3.5.5) show that oIè\ approaches oI[ as ç goes to infinity. In other words, An 

empirical standard error approaches the population standard error as the number of replications 

increase. This method is referred to as the non-parametric bootstrap and Efron and Tibshirani 

(1994, p.52) show that even a small number of bootstrap replications if often enough to give a 

good estimate of the standard error, more than ç = 200 replications are very seldom required 

for estimating a standard error. This paper performs ç = 1000 bootstrap replications on the data 

sets to estimate the standard error of the distributions. The 1000 bootstrap replications are then 

used to execute the two-sample t-tests presented in the results chapter in this paper. 
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4. RESULTS 
Table 3 reports the average monthly returns over the 6-month holding period. The high portfolio 

reports the return from the stocks with the highest 52-week high ratio, 0.7 to 1. And the low 

portfolio reports the return from the stocks with the lowest 52-week high price ratio, 0 to 0.3. 

From the high portfolio we obtain an average monthly return of 1.00 percent per month ()-

statistic = 15.05), while the low portfolio earns 0.51 percent ()-statistic = −10.93). The return 

from the high portfolio is significantly greater, on a 5 percent significance level, when testing 

the high portfolio return against the buy and hold portfolio return. The return from the low 

portfolio is not significantly greater, on a 5 percent significance level, than the return of the buy 

and hold portfolio. 

 

 

Table 3      
Monthly portfolio returns from the 52-week high momentum strategy: Excluding stocks priced below 
$5, the “penny stock” filter. 

  Portfolio Return         

    Monthly SD Sharpe Skewness Kurtosis 

  
High 1.00*** 

(15.05) 
0.27 0.142 2.71 47.05 

  
Mid 0.71 

(– 4.29) 
0.32 0.065 3.18 49.65 

  
Low 0.51 

(– 10.93) 
0.46 0.0086 3.81 45.63 

  
High ⎯ low 0.41 

(– 26.14) 
0.36 −0.04  −2.54 59.58 

  
Buy and hold 0.79  0.34 0.0794 3.64 56.98 

This table presents the average monthly returns of the high, mid, low and high ⎯ low portfolios of the 52-week 
high strategy. Also presented is the buy and hold portfolio consisting of all common stocks from the AMEX, 
NASDAQ and NYSE over the period January 2001 to December 2018, excluding the “penny stocks”. The 52-
week high strategy portfolios are constructed equivalent with George and Hwang (2004) methodology. In the 
beginning of each month ), common stocks listed on the AMEX, NASDAQ and NYSE are placed into 
portfolios based on their ratio of current price to the 52-week high price. The high (low) portfolio are obtained 
from the stocks in the top (bottom) 52-week high ratio. The mid portfolio is obtained from the middle of stocks 
in the 52-week high ratio, 0.3 to 0.7. All portfolios presented are equally-weighted and the momentum strategy 
is buying the stocks in the top portfolios and selling the stocks in the low portfolio. The stocks in each portfolio 
are held in 6 months, from month ) + 1 to ) + 6. The strategy is employing the Jegadeesh and Titman (1993) 
overlapping portfolio methodology when computing the monthly returns for each portfolio. The returns are in 
average percent per month. ^-statistics are presented in the parentheses. SD is the standard deviation of the 
returns. Skewness and kurtosis represent measures of normal distribution. Significance: *** significant at the 
1% level; ** significant at the 5% level; * significant at the 10% level. 
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The results show a strong momentum effect when buying the high portfolio based on 52-week 

high price ratio. This papers result is in line with George and Hwang (2004), who reports 

average monthly returns of 1.30 percent from the high portfolio and 0.07 percent average 

monthly returns from the low portfolio. While both this paper and George and Hwang (2004) 

paper report strong momentum returns, the high portfolio average monthly return of George 

and Hwang (2004) are greater than the average monthly returns in this paper, and the low 

portfolio of George and Hwang (2004) average monthly return is lesser than the average 

monthly return in this paper.  

 

The mid portfolio reports the return from the middle of stocks in the 52-week high ratio, 0.3 to 

0.7. The high – low portfolio reports the return from buying the stocks in the high portfolio and 

selling the stocks of the low portfolio. Results from the mid portfolio show average monthly 

return of 0.71 percent, not significantly greater than the returns of the buy and hold portfolio. 

The high – low portfolio reports average monthly returns of 0.41 percent, also not significantly 

greater than the return of the buy and hold portfolio. The buy and hold portfolio reported in 

Table 3 is the equally weighted portfolio consisting of the overall sample of stocks. The buy 

and hold portfolio report average monthly return of 0.79 percent. 

 

The results reported in Table 3 are average monthly returns over the sample period January 

2001 to December 2018 and are excluding stocks priced below $5 at the end of portfolio 

formation period, the stocks often referred to as “penny stocks”. Each of the portfolios in Table 

3 are equally weighted. The difference in average monthly returns from the high- and the mid 

portfolio is 0.29 percent, while the difference between the mid- and the low portfolio is slightly 

lesser, 0.20 percent. The results of this paper strongly state that the strategy of only buying the 

high portfolio is more profitable than the strategy of buying the high portfolio and 

simultaneously selling the low portfolio (high – how portfolio). When comparing the high 

portfolio with the buy and hold portfolio this paper shows that the high portfolio significantly 

outperforms the buy and hold portfolio. 

 

The results in table 3 demonstrates that the stocks that are ranked higher in the 52-week high 

ratio generates higher returns compared to the lower ranked stocks in mid and low portfolio. 

These findings deserve further analysis. Therefore, Table 4 examines the ten deciles in the 52-

week high ratio. Together, the ten deciles in Table 4 cover the full 52-week high ratio, from 

zero to one. The first decile denoted “1” consist of all stocks within the 52-week high price ratio 
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0 to 0.1 and the second decile denoted “2” consist of all stocks within the 52-week high price 

ratio 0.1 to 0.2. This procedure goes on in numerical order till decile “10”, which consist of all 

stocks within the 52-week high price ratio 0.9 to 1.  

 

Table 4      
Monthly ratio decile returns from the 52-week high momentum strategy: Decile portfolios 

  
 Return         

  Ratio decile Monthly SD Sharpe Skewness Kurtosis 

  
10 0.99***	

(12.08) 
0.26 0.170 2.24 30.88 

  
9 1.00*** 

(10.17) 
0.27 0.166 2.67 46.22 

  
8 0.96***	

(7.18) 
0.29 0.143 3.54 67.96 

  
7 0.83	

(1.48) 
0.30 0.101 3.46 62.31 

  
6 0.73 

(−2.03) 
0.31 0.070 3.35 56.29 

  
5 0.69 

(−3.15) 
0.32 0.058 2.68 40.07 

  
4 0.59	

(−5.92) 
0.35 0.029 3.17 41.43 

  
3 0.50 

(−7.57) 
0.39 0.007  4.46 69.83 

  
2 0.49 

(−7.44) 
0.42 0.004 3.18 35.46 

  
1 0.55 

(−5.50) 
0.52 0.013 3.71 38.52 

This table presents the average monthly returns of the 52-week high ratio deciles 1 to 10. Decile number one is 
formed from the stocks between 0 to 0.1 in the 52-week high ratio and decile number two is formed from the 
stocks between 0.1 to 0.2 in the 52-week high ratio. This procedure continues in numerical order to decile 
number ten, which is formed from the stocks in the top 0.9 to 1. Each decile is equally weighted and covers the 
overall stock sample of AMEX, NASDAQ and NYSE over the period January 2001 to December 2018. The 
returns are in average percent per month. ^-statistics are presented in the parentheses. SD is the standard 
deviation of the returns. Skewness and kurtosis represent measures of normal distribution. Significance: *** 
significant at the 1% level; ** significant at the 5% level; * significant at the 10% level. 

 

Table 4 is presented to give further analysis of the performance for all stocks in each decile of 

the full 52-week high ratio. In table 4, the average monthly returns are generally greater by the 

numerical order of the decile, except for decile one and ten. To further examine the pattern of 

the average monthly returns Figure 3 plots each decile reported in Table 4. Figure 3 show that 

decile one has a slightly greater average monthly return in comparison with decile two and 

three, and decile ten has a slightly lesser average monthly return in comparison with decile nine. 
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The results presented in Table 3 are in line with the results presented in Table 4. The returns 

from the top deciles eight to ten, are significantly greater, on a 5 percent significance level, in 

comparison with the returns from the buy and hold portfolio. 

 

             Figure 3 

 
Figure 3: The different average monthly returns from decile one to ten, based on the 

52-week high ratio. 
 

 

When examining the distribution of the returns in this paper, both Table 3 and Table 4 present 

the normality measures skewness and kurtosis. The skewness and kurtosis in Table 3 and Table 

4 show that the returns in this paper does not follow a normal distribution. If the returns 

followed a normal distribution the skewness and kurtosis measures would be zero. These results 

are in line with the normality test, normal q-q plots and histograms of the returns presented in 

Appendix 1. 

 

In summary, the 52-week high momentum strategy of buying the stocks in the high portfolio is 

profitable and generates significantly higher returns than the buy and hold portfolio. The results 

are consistent when comparing the different portfolios risk-adjusted return, as the Sharpe Ratio 
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show that the high portfolio is to be preferred. The results are obtained from buying stocks in 

the U.S. equity market (AMEX, NASDAQ, NYSE) during the sample period January 2001 to 

December 2018. In comparison to George and Hwang (2004), they obtain slightly higher 

average monthly returns from the high portfolio, 1.30 percent compared to 1.00 percent 

obtained in this paper, during the sample period of July 1963 to December 2001. 
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5. CONCLUSION 
The purpose of this paper is to examine whether the 52-week high momentum strategy is a 

useful strategy to apply in the 21th century in order to generate abnormal returns. This paper 

answers this question and finds that the 52-week high strategy of buying the high portfolio earns 

significant abnormal returns. George and Hwang (2004) computed the first major publicized 

study on the 52-week high momentum strategy during the period July 1963 to December 2001. 

This paper picks up where George and Hwang (2004) left of and examines the sample period 

of January 2001 to December 2018.  

 

There has been extensive literature on momentum trading with numerous approaches in trying 

to explain the root of the momentum trading effects. George and Hwang (2004) take the 

approach of explaining the 52-week high momentum effect with the adjustment from an anchor 

bias, by Kahneman and Tversky (1974). The theory is that the investor uses the 52-week high 

price as an anchor when making investment decisions. Adjustments from an anchor will affect 

the investors valuation of the stock and its information. If a firm releases good news will the 

new information lead to investors bidding the stock price higher, the pressure will push the 

stock price upwards closer to a new high price. This causes a continuation in the price 

movements for the stock, later to be corrected by the market without causing long-term 

reversals (George and Hwang, 2004). This paper propose that the momentum effect obtained 

in this study are attributable to the adjustment from an anchor bias.  

 

The drawbacks of the 52-week high strategy are that the strategy in original form not only buy 

the stocks in the high portfolio, but also sells the stocks from the low portfolio. The high – low 

portfolio obtained in this paper underperform compared to only buying the stocks in the high 

portfolio. Thus, this paper suggests that the 52-week high strategy of only buying the stocks in 

high portfolio is to be preferred. These results are also in line with George and Hwang (2004), 

who obtain higher returns from the high portfolio compared to the high – low portfolio. While 

it is common in momentum trading literature to risk-adjust with CAPM, this paper does not 

risk-adjust with the CAPM due to the extensive simulating process that is required on the data. 

Instead this paper uses the Sharpe Ratio to adjust for risk, as the Sharpe Ratio requires less 

simulating on the data compared to the CAPM. It is important to underline that the Sharpe Ratio 

measures risk with standard deviation, this is problematic as the returns in this paper are not 

normally distributed. Another drawback of the Sharpe Ratio is the measure of risk with standard 
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deviation. One can argue that risk and standard deviation are not necessarily synonymous as 

positive and negative standard deviation are considered equally bad. The Sharpe Ratio will 

penalize a portfolio with large positive returns equally as a portfolio with large negative returns. 

Thus, the Sharpe Ratio suggests that it is better to minimize risk rather than maximizing the 

returns. 

 

Suggestions for further research on momentum trading is to account for liquidity and 

transaction costs, two variables of concern in this paper. When trading stocks in the real market 

there needs to be liquidity in the traded stock for a transaction to occur. Stocks with low or no 

liquidity is more rarely traded. This paper assumes perfect liquidity, i.e. one can buy and sell 

any stock at any time, which is not reflected in the real market. This paper handles this concern 

buy excluding the penny stocks. Penny stocks are often smaller firms and low liquidity is a 

common problem in smaller firms. However, the penny stock filter could be improved by also 

accounting for liquidity as a variable. Regarding transaction costs this paper assumes that there 

are no transaction costs, this will positively skew the returns as trading in the real market 

involves a fee when buying and selling stocks. Therefore, it is reasonable to account for 

transaction costs in momentum trading research.  

 

This paper contributes to the momentum trading literature by adding proof that the 52-week 

high price is a momentum strategy useful to generate abnormal returns on the U.S. equity 

market during the sample period of January 2001 to December 2018.  
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APPENDIX 
Appendix 1: descriptive statistics 
  Figure 1 
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    Figure 2 

 
 

 

 

Table 1    
Anderson-Darling normality test    
    Portfolio A P-value   
    High 2790.7 < 	2.2I − 16  
    Mid 2286.6 < 	2.2I − 16  
    Low 2221.1 < 	2.2I − 16  
    High ⎯ low 
    Buy and hold 

6182 
9229.7 

< 	2.2I − 16 
< 	2.2I − 16   

For the high, mid, low, high ⎯ low and buy and hold portfolio the p-value is < 0.05, thus, we reject the 
null hypothesis of data are normal at 5% significance level. 
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Table 2   
Two sample t-tests. 
All portfolios in this table is tested against the buy and hold portfolio. 
Alternative hypothesis: true difference in means is greater than zero. 

    Portfolio t P-value 

    High    15.05 < 	1.168I − 35 
    Mid −4.29 0.9989 
    Low −10.93 1 
    High ⎯ low −26.14 1 

 

 

 

 

Table 3   
Two sample t-tests. 
All portfolios in this table is tested against the buy and hold portfolio. 
Alternative hypothesis: true difference in means is greater than zero. 

    Ratio Decile t P-value 

    Ten 12.081 < 	8.965I − 23 
    Nine 10.186 < 	1.492I − 15 
    Eight 7.140 < 	7.501I − 11 
    Seven 1.4789 0.1491887 
    Six −2.030 0.92285 
    Five −3.1543 0.9844 
    Four −5.921 1.00 
    Three −7.5689 1.00 
    Two −7.444 1.00 
    One −5.503 1.00 

 

 

 

 

 


