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The purpose of this thesis is to study the contrarian and momentum anomalies on the sector 

level in the United States stock market. The performance of the formed strategies is compared 

with that of an index formed using the same data. The employed data consists of monthly 

industry returns from 1926 to 2018 from the Kenneth French data library. 

25 different contrarian strategies are tested using a formation period of one to five years and 

a holding period of one to five years, investing every month in the sectors which have been 

down for the length of the formation period. 

In addition, a loser portfolio and a winner portfolio are tested using the same data. The sectors 

within the bottom decile of the past 36-month returns are used to form the loser portfolio, while 

the sectors within the top decile of the past 12 months excluding the last two months are used 

to form the winner portfolio. 

The strategies are compared using geometric returns, Sharpe ratios, maximum drawdowns, 

volatilities and information ratios. The significance of the outperformance in terms of the 

Sharpe ratio over the index is tested using the Ledoit-Wolf test. 

Previous studies have shown that both contrarian and momentum strategies seem to 

outperform on the stock portfolio level. The results of this thesis indicate that the contrarian 

portfolios in the sector level with the longest formation periods tend to outperform the index on 

a risk-adjusted basis, excluding the strategy with the longest formation period and holding 

period, while the loser strategy underperforms. The winner strategy outperforms the index, but 

not in a statistically significant way.  
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Tämän tutkielman tarkoituksena on tutkia vastavirta- ja momentum -anomalioita toimialatasolla 

Yhdysvaltojen osakemarkkinoilla. Muodostettujen strategioiden suoriutumista verrataan 

muodostetun indeksin suoriutumiseen. Tutkimusaineisto koostuu kuukausittaisesta 

toimialatason tuotoista vuosilta 1926-2018 Kenneth Frenchin datakirjastosta. 

25 eri vastavirtastrategiaa testataan erimittaisilla valintaperiodeilla yhdestä viiteen vuoteen ja 

pitoajoilla yhdestä viiteen vuoteen sijoittaen joka kuukausi toimialoihin, joiden kokonaistuotto 

edeltävällä valintaperiodilla on ollut negatiivinen muodostamisajan verran. 

Lisäksi testataan häviäjäportfolio sekä voittajaportfolio käyttäen samaa dataa. Häviäjäportfolio 

muodostetaan edeltävän 36 kuukauden tuotoilla mitattuna alimpaan desiiliin sijoittuvista 

toimialoista, kun taas voittajaportfolio muodostetaan ylimpään desiiliin sijoittuvista toimialoista 

mitattuna edellisen 12 kuukauden tuotoilla pois jättäen viimeisimmät kaksi kuukautta. 

Portfolioita verrataan geometrisellä tuotolla, Sharpen indekseillä, maksimaalisilla tappioilla, 

volatiliteeteillä sekä informaatiosuhteella. Sharpen indeksin tilastollista merkitsevyyttä 

suhteessa indeksiin testataan myös Ledoit-Wolf -testillä. 

Aikaisemmat tutkimukset ovat osoittaneet, että sekä vastavirtastrategiat että 

momentumstrategiat näyttäisivät ylisuoriutuvan osakeportfoliotasolla. Tämän tutkielman 

tulokset osoittavat, että pisimpiin valintaperioideihin pohjautuvat toimialatason 

vastavirtaportfoliot ylisuoriutuvat yleensä suhteessa indeksiin riskikorjatuilla 

suoriutumismittareilla lukuunottamatta strategiaa, jolla on suurin muodostus- ja pitoaika, kun 

taas häviäjäportfolio alisuoriutuu. Voittajaportfolio ylisuoriutuu suhteessa indeksiin, vaikka ei 

tilastollisesti merkitsevästi. 
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1 INTRODUCTION 

This thesis is about contrarian and momentum strategies on the sector level between 

the years 1926 and 2018 in the United States stock market. Contrarian and momentum 

strategies have been shown to be remarkably successful. The goal of this study is to 

attempt to replicate these results by using sector level data. 

Value investing, which can be considered to be a form of contrarian investing, dates 

back to 1934 when Graham and Dodd published a book called “Security analysis”. The 

hunt for undervalued stocks using different valuation metrics began. Later, it was 

statistically shown that cheap stocks do indeed outperform expensive stocks globally 

in a risk-adjusted way. Value investing became the most studied investing anomaly. In 

the 80s and 90s, contrarian and momentum strategies became popularized, which 

shook the rational view of investors that had been dominating the investment world. In 

fact, Fama calls momentum the “biggest embarrassment to the [efficient market] 

theory” (Asness 2016). 

However, academic papers about contrarian strategies on the sector level using return 

data have not been published before despite the fact that the data is freely available 

on the internet, and this study has the intention of filling in that gap. This study also 

tries to replicate the results of the cross-sectional momentum strategy, which 

measures the relative performance in relation to other assets in the same asset class, 

and contrarian strategies on the sector level. 

1.1 BACKGROUND 

Contrarian investing is a strategy where investors go against the prevailing market 

sentiment by buying stocks that are out of favor and selling stocks that are in favor. 

The idea is to buy stocks where the prices have gone too low due to pessimism or 

overreaction. Therefore, contrarian strategies have usually been constructed using 

valuation multiples or past returns. In this study past returns are used to identify 

possible shunned sectors. 

Momentum investing on the other hand is a strategy in which investors buy stocks that 

have gone up and sell stocks that have gone down. The idea is to “ride the trend”; in 

other words to earn excess returns by betting that stocks that have gone up in the short 

term will continue to rise. 
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These strategies can be considered opposites, and the reason why both may be able 

to work is that they have different formation and holding periods. The formation and 

holding periods of momentum strategies are usually more short-term, whereas they 

are more long-term in contrarian strategies. 

1.2 RESEARCH OBJECTIVES 

The main objective of this study is to examine whether contrarian and momentum 

strategies can achieve excess returns in the United States stock market on the sector 

level. For the contrarian strategy, different holding and formation (“selection”) periods 

will be tested and compared with each other. A momentum “winner” strategy will also 

be compared against a contrarian “loser” strategy. These two strategies will be built 

based on previous research. 

The research questions of this study are the following: 

Have the contrarian strategies on the sector level beat the market? 

How have the winner and loser strategies performed compared to previous research? 

The sub-questions are as follows: 

What kind of portfolio formation periods and holding periods have led to the best results 
regarding the contrarian strategies? 

Are the possible excess returns of the contrarian, winner or loser strategies caused by 
a single period surrounding the Great Recession? 

How does equal weighting affect the returns? 

Is the January effect present in the returns of the winner and loser strategies? 

1.3 STRUCTURE AND LIMITATIONS 

In the second section, the theoretical background of the efficient markets, behavioral 

finance, momentum and contrarian strategies, performance metrics and the possible 

dangers of backtesting will be reviewed. The empirical analysis is done on the third 

section, which includes the twenty-five plus two strategies that will be tested. The fourth 

section summarizes with conclusions.  
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2 THEORETICAL BACKGROUND  

This chapter presents the theoretical background of efficient markets, behavioral 

finance, and the contrarian and momentum strategies, as well as covering the 

performance metrics used to compare the strategies. The vulnerabilities of backtesting 

will also be discussed. 

2.1 RANDOM WALKS AND EFFICIENT MARKETS 

The roots of the Efficient Market Hypothesis go all the way back to the year 1900, when 

Bachelier (1900) published his PhD thesis regarding the random walk of securities. 

Later Kendall (1953) statistically proved that prices of stocks follow a random walk that 

cannot be forecasted using historical data and discovered the term itself. A random 

walk means that the prices of securities will fluctuate randomly around their true values. 

Samuelson (1965) laid the groundwork on the Efficient Market Hypothesis by 

publishing his theory that stated that if the markets use all the information of all market 

participants, then the prices cannot be predicted. Based on this, Fama (1970) formed 

the three forms of the market efficiency. The weak form of efficient markets means that 

future prices cannot be predicted by using historical prices, that follow a random walk. 

This implies that fundamental analysis can still be used to outperform the market. The 

semi-strong form means that all public information is priced in the stocks, and only 

private information can be used to outperform the market. The strongest form means 

that even private information, such as insider information, is reflected in the prices. 

Even the weakest form of efficiency would mean that momentum or contrarian 

strategies cannot be used to outperform the market. This means that the possible 

outperformance of the tested strategies would be a result of pure luck. 

The theory became widely accepted, and constant outperformance of strategies that 

contradict the Efficient Market Hypothesis came to be called anomalies. For example, 

stocks seem to achieve higher returns in the first days of January, small stocks seem 

to achieve higher returns than other stocks, and stocks with lower price multiples, such 

as P/E, seem to have higher returns than those with higher multiples (Malkiel 1999, p. 

247-251). 



8 
 

2.2 BEHAVIORAL FINANCE 

As time went on, the Efficient Market Hypothesis has become a subject of debate. 

According to Pesaran (2005) it assumes that investors are, on average, rational. The 

Efficient Market Hypothesis however allows some investors to be irrational, as long as 

they cancel each other out, or rational investors arbitrage out their effects. This 

assumption of rationality has turned out to be its weak spot, as the hypothesis fails to 

consider the human aspect of investing. With humans involved, investing becomes 

prone to different kinds of pitfalls that may affect the prices of securities. 

According to Shefrin (2007), greed and fear controls the market, and therefore 

investors should realize that psychology affects the behavior of the markets. According 

to him, humans are always vulnerable to partialities, errors and incorrect perceptions. 

Therefore, Shefrin considers behavioral finance to be more competent than traditional 

finance. 

Notable examples about the research of behavioral finance include Shiller’s (1981) 

argument that investors cannot be rational, because stock prices fluctuate too much to 

be attributed solely to new information about future dividends, and De Bondt and Thaler 

(1995), who argued that the high trading volume of the stock markets is a sign of 

irrationality, since rational investors do not need to trade as often as investors currently 

do. 

According to De Bondt and Thaler (1995), Benjamin Graham’s strategy of picking out-

of-favor companies was already based on investor psychology. However, some argue 

that markets have become substantially more efficient since then. The next 

subsections introduce concepts of behavioral finance that may explain why contrarian 

and momentum strategies might still achieve excess returns. 

2.2.1 Overreaction and underreaction 

De Bondt and Thaler (1985) were among the first to study investor overreaction. They 

formed “winner” and “loser” portfolios and found that poorly performed stocks over the 

last three to five years were likely to outperform, which was considered a sign of 

overreaction. They based this on the fact that according to Kahneman and Tversky 

(1977), people tend to overreact to unexpected and dramatic events. De Bondt and 
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Thaler expanded the study in 1987 and found that the excess returns could not be 

explained by factors such as the firm size, the January effect, or a higher risk level (De 

Bondt & Thaler 1985, 1987). 

Dissanaike (1997) built on this research by responding to the criticisms of the 

hypothesis that investors tend to overreact. He found out that the overreaction 

hypothesis held in the United Kingdom’s stock markets. 

Bowman and Iverson (1998) studied the overreaction effect on the short term and 

found that stocks in the New Zealand stock market tend to overreact to positive news 

by falling by an average of 1.5 percent per week after the positive news came out. 

Dreman and Berry (1995) presented the Mispricing Correction Hypothesis, which is a 

process where the valuations of under-valued stocks return back to normal. They found 

that positive surprises lifted the stock more if it was shunned by the market, and the 

low valuation of the stock was considered to be a sign of overreaction. 

Ball and Brown (1968) discovered that prices of stocks tend to underreact to positive 

and negative news for approximately two months after the news came out. They called 

this the “post-earnings announcement drift”. Later Bernard and Thomas (1989) found 

that the effect lasted up to 180 trading days. 

Hong and Stein (1999) argue that both short-term underreaction and long-term 

overreaction are caused by gradually diffusing news about fundamentals. In their 

model, the underreaction caused by investors that are slow or unwilling to react to new 

information attracts momentum traders, which leads to an overreaction to news. 

Daniel, Hirshleifer and Subrahmanyam (1998) base their model on investor 

overconfidence and biased self-attribution. They attribute short-term momentum to 

investor self-attribution; in other words, the tendency to be overconfident about their 

private information, which is followed by long-term return reversal causing the 

contrarian effect. 

2.2.2 Herd behavior 

According to Shiller (2000, p. 148), herd behavior is the tendency to mimic the actions 

of other investors, which may cause events such as bubbles and crashes. Banerjee 

(1992) describes herd behavior as a phenomenon in which people will follow the 
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actions of others rather than using their own information to make their own choices. 

Peterson (2007, p. 227) states that “Herding occurs both when animals feel threatened 

and when they sense that one of their number has found an opportunity”. Lux (1995) 

gives three possible explanations for herd behavior: investors are acting irrationally, 

they are attempting to draw information from what other investors do, or they are afraid 

of their reputation. This may both cause stocks that have risen to increase even more 

or cause shunned stocks to decrease more than they should.  

Demirer, Lien and Zhang (2015) found out that loser industries with higher levels of 

herding have lower returns than those with lower levels of herding. Yan, Zhao and Sum 

(2012) came into the same conclusion, and also showed that winner industries with a 

low level of herding have larger returns than those with higher level of herding. 

2.2.3 Representativeness 

Another behavioral reason that may cause the success of momentum and contrarian 

strategies may be representativeness. According to Peterson (2007), it is the tendency 

to overweight recent events in future forecasts. This phenomenon was researched by 

Kumar and Dhar (2001) using data from 40 000 American households. They found out 

that on average the stocks bought by households had already risen by 2.2 percent per 

month before the stocks were bought. 

Welch (2000) conducted an experiment regarding expected 30-year equity premia and 

found that during a bear market, finance professors expected the premia to be 1.7 

percent lower in the future than during bull markets. Barberis, Scheifer and Vishny 

(1998) argue that when investors see stock prices moving in the same direction 

momentarily, they begin to think that the trend is a feature of the stock. 

Nofsinger (2005, p. 67) states that stocks that have performed badly for the last three 

to five years are considered losers and vice versa because of the representativeness 

effect. Investors also extrapolate past performance into the future, but assets tend to 

revert back to their means in the long run. 

2.2.3 Disposition effect, loss and regret aversion 

Disposition effect is the tendency to sell stocks that have increased while keeping 

stocks that have decreased in value (Peterson 2007, p. 82). Loss aversion is the 
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tendency to avoid losses, since people feel and expect more pain for a loss than an 

equivalent gain. It is based on Kahneman and Tversky’s (1979) prospect theory. 

Thaler and Johnson (1990) found out that the intensity of loss aversion is dependent 

on past wins and losses. Past losses caused the test subjects to be more loss averse 

and vice versa. Loss aversion is likely to be the cause of regret aversion, which is the 

desire to postpone selling of losing stocks to avoid the finalization of the loss. 

According to Peterson (2007, p. 203), when investors become attached to a stock, 

their ability to think rationally is impaired. Fogel and Berry (2005) found out that 

investors spend less time making sell decisions, but eighty percent of the investors 

found decisions to sell to be more difficult than decisions to buy. 

Shumway and Wu (2006) showed that the disposition effect drives momentum, and 

that Chinese investors that exhibit the bias have weaker performance and trade less 

frequently. They also showed that the effect concerns more individual investors than 

institutional investors. Grinblatt and Han (2001) argued that investors who have 

experienced losses in a stock tend to have higher demand for losing stocks, which 

causes price underreaction and therefore the momentum effect. 

Nofsinger (2005, p. 28) states that investors feel less regret about a losing stock if they 

can attribute the loss to reasons that are out of their control. This means that if the 

stocks held by an investor decline and the market increases at the same time, the 

regret is stronger. 

Kubińska, Markiewicz and Tyszka (2012) clarify that the disposition effect and 

contrarian investing are directly related, as disposition effect is the tendency to keep 

losing stocks. They also showed that the disposition effect is stronger among 

contrarian investors than among momentum investors. 

2.2.4 Anchoring 

Kahneman and Tversky (1973) show that individuals place too much weight on the first 

piece of information they receive, which causes adjustment to new information to 

become less than it should. This behavioral bias is called anchoring. For example, it 

may be visible when a stock has decreased from a recent high, and investors do not 

want to sell the stock because the price seems too low in relation to the recent high. 



12 
 

According to Burghof and Prothmann (2009), anchoring may explain the momentum 

anomaly. 

2.3 CONTRARIAN STRATEGIES 

Value investing strategies, where cheap stocks are bought according to their relative 

valuation multiple, can be considered to be the earliest contrarian strategies, because 

a low valuation multiple implies that the stock might be shunned (Chan 1988). 

Lakonishok, Shleifer and Vishny (1994) further argue that markets undervalue 

distressed stocks and overvalue growth stocks. 

Value investing dates back to the 1930s, when Graham and Dodd (2009) published 

their book “Security Analysis”. They observed that it is possible to gain excess returns 

by investing in undervalued stocks. Nicholson (1960) proved this statistically by 

examining the returns of portfolios formed using the P/E multiple between the years 

1939 and 1959. The portfolios of lowest P/E firms substantially outperformed the 

highest P/E portfolios in all 11 holding periods. Nicholson (1968) also settled upon the 

same results in his later study. 

Later, Breen (1968) studied price-to-earnings ratios and found out that they can be 

used within a single industry. According to his study, low P/E multiples still seemed to 

work better across the entire market than within industries. Basu (1977) was the first 

one to analyze P/E multiples on a risk-adjusted basis. In his study, the U.S. stocks 

were grouped into quintiles based on their P/E, with the fifth quintile having the 

cheapest stocks. During the 14 years, the lowest P/E quintile performed the best, while 

the highest P/E portfolio performed the worst based on both raw and risk-adjusted 

returns. 

Finally, Fama and French (1998) noticed that the value anomaly using P/E multiple 

was global. Of the thirteen markets that were studied between years 1975 and 1995, 

the low P/E portfolio did not achieve excess returns over the index in only one market. 

The price-to-book multiple is perhaps even more relevant to value investing than price-

to-earnings, since it has performed better than P/E in numerous studies. Rosenberg, 

Reid and Lanstein (1985) were among the first to discover its ability to generate excess 

returns. However, their study period was only four years. Fama and French (1992) 
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continued the study by covering years from 1962 to 1989 and found out that the 

cheapest decile outperformed on a risk-adjusted basis. The anomaly was also later 

confirmed by Davis (1994) using out-of-sample data from the period 1940 to 1962. 

Capaul, Rowley and Sharpe (1993) studied the anomaly on the global level and found 

out that the low P/B anomaly was present in every country they examined. Fama and 

French (1995) argue that investors tend to extrapolate past low growth figures of low 

P/B stocks too far into the future, which causes the undervaluation. This is in line with 

Graham and Dodd’s (2009, p. 371) hypothesis that investors expect growth stocks to 

grow for a longer period than they do. 

Even though some stocks trade below book value, it can be viewed as a support level 

for the price of a stock. Therefore, a low price-to-book multiple may hinder a stock from 

falling more, because otherwise the assets owned by the company could be sold to 

make a quick gain, which means that the company would be worth more dead than 

alive. Book value is however just a rough estimate of the liquidation value of a 

company, and plenty of stocks trade below their book value. 

Lakonishok et al. (1994) argue that the excess returns of value strategies are not only 

caused by taking more risk, but also by investors’ irrational behavior. Ball (1978) gives 

several possible reasons for the value anomaly; the existence of transaction costs, 

failure of the CAPM, and systemic experimental error. 

De Bondt and Thaler (1985) were among the first to publish their contrarian investing 

strategy, which generated an excess return of 19.6 percent over the index during the 

years 1926-1982. The loser portfolio consisted of 35 stocks and was formed by 

selecting the worst performers of a historical 36 month return period. The loser portfolio 

returned about 25 percentage points more than the winner portfolio, which means that 

the overreaction was asymmetric - in other words it was bigger among the loser stocks 

than among the winner stocks. Most of the returns seemed to come during Januaries. 

The returns were suspected to be caused by overreactions to both bad and good news. 

According to Kahneman and Tversky (1977) people tend to overreact to unexpected 

and dramatic events, such as bad and good news regarding stocks. Chan (1988) 

responded to De Bondt and Thaler’s research by arguing that the excess returns 

achieved by the contrarian strategy were caused simply by a higher level of risk. 
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Jegadeesh (1990) studied the contrarian strategy over the years from 1963 to 1990 

and found that the contrarian portfolio gained a monthly excess return over the index 

of around two percent. Later Balvers, Wu and Gilliland (2000) showed that stock prices 

tend to revert back to their mean by using data from 18 different countries over the 

years from 1969 to 1996. According to Barberis et al. (1998) the evidence shows that 

in horizons that are three to five years long, assets tend to overreact to consistent 

patterns of news that point in the same direction. 

Baytas and Cakici (1999) found international evidence on the contrarian strategy by 

examining it on seven different industrialized markets. They concluded that the long-

term contrarian strategies in all countries except the United States were statistically 

significant. However, Conrad and Kaul (1998) argue that the contrarian investing 

strategy gained statistically significant profits only during the period surrounding the 

Great Recession of the 1930s. 

According to Faber and Richardson (2009, p. 163-165) the mean reversion strategy 

achieves returns ranging from 19 percent to 34 percent annually on the country and 

asset class level. However, their study was flawed as the returns were calculated by 

taking a mean of all the returns of the assets that had decreased the selected amount 

of years in a row instead of calculating yearly returns for the strategy.  

2.4 MOMENTUM STRATEGIES 

Momentum is a strategy which tries to achieve excess returns by buying stocks that 

have gone up and by selling stocks that have gone down. The momentum strategy can 

be considered to be the opposite of a contrarian strategy. The reason why both of them 

can work at the same time are the different time frames associated with each, as 

usually the formation period of a momentum strategy is three to twelve months, as 

opposed to three to five years for contrarian strategies (DeBondt & Thaler 1985, 

Jegadeesh & Titman 1993). 

Cross-sectional momentum measures the relative performance of an asset in relation 

to other assets in the same asset class. Another type of momentum is time-series 

momentum, which measures performance of an asset in relation to its own 

performance. 
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Levy (1967) can be viewed as the father of the momentum strategy, as he pioneered 

the relative strength index strategy, which buys stocks that have gained in value the 

most. However, it was pointed out by Jensen and Bennington (1970) that the strategy 

was data mined, as Levy had tested 68 different trading rules before selecting the 

relative strength index. They also showed that the strategy had not worked during an 

out-of-sample period. It wasn’t until the 1990s when Jegadeesh and Titman (1993) 

showed less controversial evidence that the momentum strategy was capable of 

achieving statistically significant excess returns of about 1 percent per month over the 

index during the period 1965 to 1989. The momentum effect was defined as being a 

positive relation between the return of a stock and its lagged return. The effect seemed 

to disappear after a holding period of two years. 

Later Moskowitz, Ooi and Pedersen (2012) showed that 12-month time-series 

momentum, which is momentum where the return of the asset is compared to itself 

rather than other assets, was predictive of the future returns in all 58 of the assets they 

studied. The strategy had small loading on standard risk factors and worked well in 

extreme periods. Also, Rouwenhorst (1998) achieved a monthly excess return of about 

one percent as compared to a loser strategy between the years 1980 and 1995 on 

twelve European markets. He showed that the momentum effect was larger in smaller 

stocks. 

Geczy and Samonov (2013) published the longest momentum strategy backtest to 

date by examining its returns from years 1801 to 2012. The momentum effect was 

present in the first out-of-sample test period, which was from 1801 to 1926, but was 

stronger on the later test period which was between 1927 and 2012. They reported a 

monthly excess return of 0.4 percent over the index.  

Moskowitz (2010) states that the momentum effect is present in 40 other countries. 

According to him, the models that try to explain momentum can be grouped into three 

groups; risk factors, initial underreaction, and delayed overreaction. The overreaction 

and underreaction can work together instead of going against each other, which may 

strengthen the momentum effect. He states that for the rational risk factor explanation 

to be true, the risk of stocks would have to go up after positive returns, which, to him, 

seems counterintuitive. Zhang (2004), however, argues that risk factors can drive 

momentum, since the beta of a stock is likely to increase as the stock price increases. 
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Grinblatt and Han (2005) showed a link between the disposition effect and cross-

sectional momentum. According to their study the disposition effect causes reaction to 

both good and bad news to be delayed, which causes the momentum effect. Frazzini 

(2006) also came into the same conclusion in his study. He further showed that good 

news travel slowly to stocks that are trading at larger capital gains, and vice versa for 

stocks that are traded at large capital losses. Grinblatt and Titman (1989) showed that 

mutual funds also tend to buy stocks that have recently increased in price in the 

previous quarter. 

Moskowitz and Grinblatt (1999) found that the long-short momentum strategy is 

significantly less profitable and momentum profits from individual stocks become 

statistically insignificant after adjusting for industry momentum. They also point out that 

momentum strategies are typically not very well diversified since the winners tend to 

be from the same industry. Choi and Sias (2009) further argue that because analysts 

are usually assigned to a single industry, investors receive information from one 

industry at a time which may cause herding on the industry level. However, Lewellen 

(2002) shows that the returns of the momentum strategy cannot be solely attributed to 

the industry effect nor firm-specific factors. 

Chordia and Shivakumar (2002) suggest that the excess profits of the momentum 

strategy are dependent on macroeconomical variables, and that the excess returns 

are made only during bull markets. Zhang and Liu (2008) came to the same conclusion 

in their study, where the macroeconomic risk factor explained more than half of the 

momentum profits. However, Cooper, Gutierrez and Hameed (2004) could not 

replicate the results achieved by Chordia and Shivakumar. 

Momentum is typically calculated by using twelve-month returns, excluding the last two 

months because of a short-term reversal effect that is associated with momentum. This 

means that the previous winners of the past month tend to be losers the next month, 

which is believed to be caused by market microstructure effects. (Vogel 2016, Berkin 

& Swedroe 2016, p. 87) 
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2.5 PERFORMANCE METRICS 

In addition to calculating annual returns and volatilities, Sharpe ratios, Information 

ratios and maximum drawdowns will be calculated to compare the strategies. The 

different performance metrics will be introduced in the following chapters. 

2.5.1 Sharpe ratio 

The Sharpe ratio is a risk-adjusted performance metric that was introduced by Sharpe 

(1966). The ratio measures excess return, as calculated by subtracting the risk-free 

rate from the portfolio’s return, divided by the volatility of the excess return. The higher 

the ratio is, the better. The equation for the Sharpe ratio is: 

𝑅𝑖− 𝑅𝑓

𝑖

      (Eq. 1) 

Where: 

𝑅𝑖 = Return of the portfolio 

𝑅𝑓 = Risk free return 

𝑖 = Standard deviation (volatility) of the excess return 

The risk-free rates will be downloaded from the same site as the sector return data and 

will be used in the calculation of the Sharpe ratio. 

The statistical significance of the Sharpe ratio compared to an index can be measured 

using a test created by Ledoit and Wolf (2008). It is designed to be valid even for non-

normal return distributions and returns that are correlated with each other. A p-value 

lower than the selected threshold indicates that the strategy has either outperformed 

or underperformed the index in a statistically significant way. 

 

2.5.2 Maximum drawdown 

Maximum drawdown is the biggest move from peak to bottom of a portfolio. It is a 

backwards-looking figure that measures the level of risk of a portfolio. The idea is that 

past drawdowns might hint about the performance during a bear market or about the 

maximum drawdowns of the future. 
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2.5.3 Information ratio 

The information ratio is a modification of the Sharpe ratio. Instead of comparing excess 

return relative to the risk-free rate, it compares excess return relative to a benchmark 

index. The higher the ratio is, the better the performance of a portfolio is considered to 

be. The equation for the information ratio is:  

𝑅𝑖− 𝑅𝑏

𝑇𝐸
      (Eq. 2) 

Where: 

𝑅𝑖 = Return of the portfolio 

𝑅𝑏 = Return of the benchmark index 

𝑇𝐸 = Tracking error 

 

The tracking error is calculated by taking a square root of the average of the squared 

deviations between the return of the strategy and the index, and then multiplying it by 

the square root of the scale, which is 12 in this case as the data is monthly. The excess 

return and the tracking error are multiplied instead of dividing the former by the latter if 

the tracking error is below zero, as suggested by Israelsen (2004). This ensures that 

the negative information ratios, where the excess return is negative, are comparable 

with each other. 

 

2.6 BACKTESTING 

Backtesting investing strategies using past data can go wrong in many ways. Data 

snooping is the phenomenon where findings that were not originally studied are found 

in the data, or only findings that support the hypothesis are shown. Ericsson and 

González (2007) studied the effect of data snooping on the momentum strategy and 

found that it was present in the studies they looked into. 

Another possible problem is survivorship bias, which is a problem where the data 

includes only the assets that have survived and excludes those that have decreased 

to zero, because they do not exist anymore. This, for example, affects the return 

calculation of mutual funds that have disappeared. The returns of the disappeared 
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mutual funds are usually less than those that have survived, which causes the 

calculation of average mutual fund returns to show results that are excessively good. 

Look-ahead bias is a bias where information is used that was not available during the 

time-point of decision making. This may also lead to results that are better than could 

be achieved in the real world. It may be caused by an error where the formation and 

holding periods of the tested strategies accidentally overlap. 

An example of backfilling bias is the bias in which the history of a fund will be added to 

the database later on, so that the history was not available during the time it was 

supposed to.  

3 TESTING THE STRATEGIES  

To avoid data snooping, no other strategies, selection or holding periods will be tested 

to decide which parameters to use for the strategies. The strategies have also been 

carefully analyzed so as to not include look-ahead-bias. This has been done by 

examining the formation and holding periods of the strategies using Microsoft Excel 

(as it is hard to find out this using R) and making sure that they do not overlap. 

Like in most academic literature, transaction costs and taxes are assumed to not to 

exist because they vary person-to-person. Also, nowadays free brokers such as 

Robinhood exist, where the investor only has to pay taxes and no transaction fees.  

3.1 DATA AND PREPARATION 

The data is from French’s (2018) data library and includes 49 different sectors formed 

by using SIC codes. It contains market-capitalization weighted monthly returns from 

the years 1926-2018 and also includes reinvested dividends. The data originates from 

the CRSP database. 

It is unknown when the sectors were formed, and if the forming date causes a 

survivorship bias because some sectors have gone extinct. For example, the railroad 

sector used to be the biggest sector in the United States by a wide margin in the year 

1900, and since then the sector has disappeared (Credit Suisse 2017). Backfilling bias 

is somewhat present in the data because it may have been edited later on to give a 
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more accurate picture. The effect of this bias, however, is extremely small in this study, 

since the editing of past returns is rare. 

The backtesting of the strategies will be done quantitatively using the R programming 

language. It is an open source language that can be used for calculations, manipulating 

data, and visualizing data (The R Project for Statistical Computing 2018). The code 

used in the analysis is in Appendix 9. 

The data will be prepared by first removing the unnecessary text rows, equal-weighted 

or market-capitalization weighted returns and yearly returns. An index will be formed 

by calculating the average returns of each sector for each month. 

Five different matrices for the contrarian strategy will be formed for each selection 

period, the first one containing the value “true” for each month where the last years’ 

return was negative, the second one containing the same value for each month where 

both last year and the year before that were negative et cetera. After that each “true” 

value and the values after that with the length of the holding period will be replaced by 

future monthly returns. A vector will be made using the average (equal-weighted) 

monthly returns, and months in which the strategy was not invested will be replaced 

by the return of the index. The index will be calculated by using average equal-

weighted returns of each month, so that the strategy is always equal-weighting all the 

sectors it is invested in. Then the different strategies are grouped together, and their 

returns, Sharpe ratios, information ratios, maximum drawdowns, volatilities and p-

values will be compared with each other. 

The winner strategy will likewise be calculated by forming a matrix that contains the 

value “true” for each month, this time for months where the last 12-2 months’ return 

was in the top decile. Then each “true” value that is in January will be replaced by the 

returns of the next twelve months, and all other values will be removed. After that every 

year will be handled separately, by dividing an investment of one dollar for each sector 

that the strategy invests in, and then the dollars will be summed each month to 

calculate the dollar amount of returns. Then the dollar amount of December will be 

divided to the investments that are chosen in the January of the next year and so on. 

The loser strategy in this study will be formed the same way as in De Bondt and 

Thaler’s (1985) study. It will be constructed in the same way as the winner strategy, 
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except each month gets the value “true” if the return of the last 36 months was in the 

bottom decile. Then the next twelve-month returns will be calculated the same way as 

the winner strategy. After this, the winner and loser strategies will be compared to the 

index and with each other by returns, Sharpe ratios, information ratios, maximum 

drawdowns, volatilities and p-values. 

Figure 1. Missing data 

As shown by Figure 1, the data contains some missing values in the start of the periods 

and in the middle. This has been taken into account in the code, and it will not affect 

the calculation of the strategies. 
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3.2 CONTRARIAN STRATEGY RESULTS 

The returns of the contrarian strategies look promising. Half of the strategies beat the 

index by return, and a quarter by risk-adjusted return (Sharpe ratio). The volatilities of 

the strategies were between 20 and 26 percent, with the index having the second 

lowest volatility. The maximum drawdowns ranged from 76 to 91 percent and were 

generally lower than those of the indices. The information ratios were not too good, 

ranging from -0.006 to 0.13. The returns of the strategies are shown below together 

with the performance metrics. The first number of the strategy refers to the selection 

period in years, while the second number refers to the holding period in years. 

Figure 2. Annual returns and volatilities of the different strategies 
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Table 1. Performance metrics and p-values of the contrarian strategies 

Strategy Return Sharpe Max DD Volatility Information ratio P-value 

Index 11.07% 0.366 0.854 0.204 NaN NA 

1_1   9.30% 0.277 0.859 0.208 -0.066 0.399 

1_2 10.40% 0.332 0.849 0.206 -0.025 0.728 

1_3 10.72% 0.348 0.849 0.205 -0.013 0.889 

1_4 10.88% 0.357 0.849 0.205 -0.007 0.932 

1_5 10.93% 0.360 0.849 0.204 -0.005 0.975 

2_1   9.28% 0.239 0.913 0.241 -0.056 0.096 

2_2   9.64% 0.260 0.913 0.234 -0.045 0.176 

2_3   9.27% 0.264 0.913 0.218 -0.059 0.424 

2_4   9.68% 0.287 0.913 0.214 -0.046 0.578 

2_5   9.92% 0.304 0.913 0.210 -0.038 0.743 

3_1 12.35% 0.377 0.843 0.232 0.044 0.174 

3_2 12.10% 0.374 0.843 0.227 0.035 0.268 

3_3 10.98% 0.319 0.843 0.232 -0.003 0.179 

3_4 11.25% 0.339 0.843 0.226 0.006 0.292 

3_5 10.95% 0.338 0.843 0.218 -0.004 0.491 

4_1 10.64% 0.307 0.763 0.230 -0.017 0.209 

4_2 11.42% 0.346 0.763 0.226 0.013 0.308 

4_3 11.58% 0.346 0.763 0.231 0.018 0.220 

4_4 12.19% 0.332 0.763 0.258 0.037 0.040 

4_5 11.65% 0.351 0.763 0.229 0.020 0.246 

5_1 13.29% 0.399 0.822 0.241 0.094 0.084 

5_2 13.35% 0.420 0.822 0.231 0.086 0.269 

5_3 13.18% 0.395 0.822 0.241 0.074 0.121 

5_4 14.98% 0.434 0.822 0.259 0.129 0.041 

5_5 12.72% 0.358 0.822 0.253 0.055 0.041 

 

The reported returns are geometric yearly returns. The 5_4 strategy achieved an 

annual return of 15 percent and beat the other strategies by a large margin, and also 
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generated the highest Sharpe and Information ratios. The monthly excess return of the 

strategy was 0.3 percent over the index. The strategies formed using a selection period 

of 5, 4, and 3 years generally outperformed the index, while the other strategies 

generally underperformed. 

The strategies 2_1 and 4_4 underperformed the index in a statistically significant way, 

while the strategy 5_4 outperformed it as measured by the Ledoit-Wolf test, which is 

shown in table 1. The logarithmic returns are shown in Figure 3. 

Figure 3. Logarithmic returns of the contrarian strategies formed every month 
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Using equal-weighted data the volatilities rose on average by five and a half 

percentage points. However, the returns also rose by four percentage points, and the 

average Sharpe rose from 0.34 to 0.41. The Information ratios also rose from an 

average of 0.02 to 0.067, but the maximum drawdowns stayed approximately the 

same. The equal-weighted returns are shown in Figure 4 and in Appendix 1. 

 

Figure 4. Logarithmic returns of the contrarian strategy using equal-weighted data 
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Using the equal-weighted data the return of the index grew from 11.1 to 13.2 percent. 

However, the average returns of the strategies generally grew even more, from 11.3 

to 15.3 percent. The volatilities rose from an average of 22.7 to 28.3 percent. Now, the 

majority of strategies beat the index in terms of raw and risk-adjusted returns. The 

contrarian effect seems to be stronger using equal-weighted data, which may be 

caused by a small-cap effect. 

To test the hypothesis by Conrad and Kaul (1998) that the returns of the contrarian 

strategy was statistically significant only during the period from 1926 to 1947, the 

contrarian strategies will be tested again without the pre-1947 period. The results are 

shown in the Figure 6 and in Appendix 2. The option for the subperiod can be changed 

in the code on row 41. 
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Figure 5. Contrarian strategies excluding the subperiod period 1926-1947 

Excluding the subperiod, only the strategies with a selection period of five years and 

some of the strategies with a selection period of three years outperformed the index. 

Only one of the strategies outperformed the index on a risk-adjusted basis, so the 

hypothesis might have some truth to it.  

The average returns rose from 11.3 to 13.6 percent, and the volatilities were about the 

same as before. The average Sharpe ratio rose from 0.34 to 0.43. The max drawdowns 

also fell because the crash of the 1930s was excluded. 
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3.3 WINNER AND LOSER STRATEGY RESULTS 

The winner strategy outperformed the market, while the loser strategy underperformed 

with monthly excess returns of 0.06 percent and -0.02 percent over the index, 

respectively. The margin for the winner strategy was not large, except if the strategies 

were formed in other months than January. The performance is shown in Table 2 and 

Figure 6. 

 

Table 2. Performance metrics and p-values of the winner and loser strategies 

Strategy Return Sharpe Max DD Volatility Information ratio P-value 

Index 10.89% 0.356 0.819 0.205 NaN NA 

Winner 11.88% 0.379 0.745 0.218 0.095 0.207 

Loser  8.50% 0.187 0.838 0.267 -0.077 0.000 
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Figure 6. Logarithmic performance of the winner and loser strategies 

The Sharpe and the volatility of the winner strategy was barely above the Sharpe of 

the index, but the maximum drawdown was less. The Information ratio was 0.095. 

Compared to the contrarian strategies, the winner strategy performed like the index, 

and did not beat it in a statistically significant way as measured by the Ledoit-Wolf test, 

which is shown together with the performance metrics in table 2. The loser strategy 

performed worst of all the strategies, and also underperformed the index in a 

statistically significant way. The returns and volatilities of the strategies are shown in 

the Figure 7. 
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Figure 7. Annual returns and volatilities of the winner and loser strategies 

Most of the excess returns over the index for the winner strategy came from the first 

half of the year, and there was no visible January effect. However, for the loser 

strategy, the January effect was clearly visible with an excess return of 2.5 percent as 

compared to the return of the index. The January effect may be caused by window 

dressing, which is the phenomenon where professional investors, such as portfolio 

managers, sell their losing stocks at the end of the year and buy them back at the start 

of the year to make their portfolios look better. This may also cause the bad 

performance of the end of the year. Unexpectedly August was also a relatively good 

month for the loser strategy. The excess returns by month are in Appendices 3 and 4. 

Similar results would be achieved by using different formation months and selecting 

more sectors by using quintiles instead of deciles when forming the portfolios. 
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Figure 8. Cumulative excess returns of winner and loser strategies  

The cumulative excess returns over the index reveal some interesting details about the 

winner and loser strategies. The winner strategy is the most profitable after a holding 

period of four months, and after that the cumulative excess return actually decreases. 

The loser strategy outperforms the index until the tenth month after formation, which is 

always in October, when all the excessive returns vanish. Therefore the loser strategy 

would have been profitable with a shorter holding period. It is unknown why the return 

starts decreasing already after September. One explanation might be that the window 

dressing begins already in September, which causes the decline. 

Also the excess returns by date, as shown in Figure 9, reveal some engaging details. 

The excess returns of the outperforming winner strategy were less dispersed than 

those of the underperforming loser strategy. 
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Figure 9. Excess returns of the winner and loser strategies by date 

 

Since the data is market cap weighted, large-cap companies are given a greater 

weight. This may decrease the possible returns, since the momentum effect is stronger 

in smaller companies as shown by Rouwenhorst (1998). This hypothesis will be tested 

by using equal-weighted data. If the hypothesis holds, the returns of the winner 

(momentum) strategy should be higher using equal-weighted data. The option of which 

data to use can be changed in the code on row 26. 
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Figure 10. Performance of the winner and loser strategies using equal-weighted data 

 

The hypothesis does not seem to hold, at least on the sector level, as the winner 

strategy underperformed the index using equal-weighted data. Interestingly, the loser 

strategy performed better with equal-weighted data than market-capitalization 

weighted and had a remarkable January effect with an excess return of five percent 

over the index. The performance metrics for the equal-weighted winner and loser 

strategies are in Appendix 5, and the monthly excess returns in Appendices 6 and 7. 
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Figure 11. Cumulative excess returns of winner and loser strategies using equal-

weighted data 

The cumulative excess returns show more clearly what is happening, as shown in 

Figure 11. The winner strategy looks the same as with market-capitalization weighted 

data, but now the January effect is clearly visible in the loser strategy. However, the 

excess returns turn sharply downwards after the ninth month after portfolio formation, 

which is in September as the portfolios are formed every January. 

Finally, the metrics for the winner and loser strategies excluding the period 1926 to 

1947 are shown in Figure 12 and Appendix 8. The return of the winner strategy 

increased remarkably due to the fact that the strategy did not beat the index during the 

subperiod 1926 to 1947. Also, the maximum drawdown of the index and the winner 
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strategy decreased a lot, while the maximum drawdown of the loser strategy stayed 

exactly the same. 

 

Figure 12. Performance of winner and loser strategies excluding the subperiod 1926-

1947 

Figure 13 shows the best performing contrarian strategy, 5_4, against the index and 

the winner strategy. It is clearly visible that most of the returns of the contrarian strategy 

comes from the period during the Great Recession. The winner strategy does not 

outperform the index until the 90s, but since then the outperformance has been strong.  
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Figure 13. The best performing contrarian strategy and the winner strategy 

4 SUMMARY AND CONCLUSIONS  

The performance of several contrarian strategies, winner (momentum) and loser 

(contrarian) strategies were evaluated using historical sector data during the period 

1926 to 2018 on the United States stock market to find out whether they have 

outperformed the index. Then the contrarian strategy was patched up with the indices’ 

returns for months in which the strategy was not invested. Finally, different 

performance metrics were calculated for the strategies, and in addition, they were 

tested by using equal-weighted data, as well as without the period surrounding the 
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Great Recession. The whole analysis was done by using the programming language 

R, while some of the calculations were double-checked using Microsoft Excel. 

Most of the contrarian strategies with selection periods of three to five years 

outperformed the index, which is consistent with the findings of De Bondt and Thaler 

(1985). Only one strategy, 5_4, outperformed the index in a statistically significant way. 

The holding periods did not make too much of a difference in the returns of the 

strategies. The monthly excess return of the best performing contrarian strategy, 5_4, 

was 0.3 percent over the index. It is however not directly comparable with the previous 

studies, since this study focuses on the performance of sectors while most of the 

previous studies examined the returns of single stocks or other assets. The volatilities 

were somewhat higher for nearly all of the strategies than for the indices, whereas the 

maximum drawdowns were generally lower. Six of the 25 strategies generated higher 

Sharpe ratio than that of the market portfolio. The information ratios of the contrarian 

strategies were somewhat unsatisfactory ranging from -0.066 to 0.129. 

Using equal-weighted data most of the strategies outperformed the index and all the 

corresponding returns became larger. The strategies performed noticeably worse 

when the subperiod between the years 1926 and 1947 was excluded, and the index 

outperformed all the strategies on a risk-adjusted basis which was consistent with the 

argument of Conrad and Kaul (1998). 

The monthly excess return over the index of the momentum strategy formed by using 

the top decile of past winners from the last twelve months was 0.06 percent over the 

index; perhaps lower than expected compared to the range of 0.4 percent to one 

percent of excess returns reported by Jegadeesh and Titman (1993) and Geczy and 

Samonov (2013). However, the strategy performed better by omitting the subperiod 

from 1926 to 1947. This is consistent with the findings of Geczy and Samonov (2013) 

who found out that the momentum strategy has recently performed better than in the 

past. The strategy performed better using equal-weighted data, which indicates that 

there may have been a small-cap effect, but worse on a risk-adjusted basis. 

On the other hand, the monthly excess returns of -0.02 percent over the index of the 

loser strategy, which was formed by using the top decile of the past losers from the 

last 36 months, was decidedly disappointing. The excess returns of the strategy also 

varied noticeably as compared to the momentum strategy. This study failed to achieve 



38 
 

the same result as De Bondt and Thaler (1985) using the same 36-month selection 

period. Interestingly, the January effect was strongly visible, as it was 2.5 percent using 

market-capitalization weighted data and as much as five percent using equal-weighted 

data. The cumulative excess returns of the strategy turned heavily negative after a 

holding period of nine months. The strategy also performed worse using equal-

weighted data than using market-capitalization weighted data. Excluding the subperiod 

surrounding the Great Recession, the strategy performed slightly worse. 

The findings seem to disagree with the weak form of the Efficient Market Hypothesis 

on the United States stock market, which states that future returns cannot be 

forecasted using past returns. The fact that some of the contrarian strategies and the 

winner strategy outperformed the market is likely due to investors acting irrationally as 

expressed in section 2.2., which would imply that the Efficient Market Hypothesis 

cannot be completely accurate. There was no noticeable January effect in the winner 

strategy, and no size effect was likely present as the equal-weighted winner strategy 

underperformed against the value-weighted winner strategy. 

It is unknown which behavioral biases might have caused the outperformance of the 

contrarian and winner strategies and researching that is beyond the scope of this study. 

It is likely that the outperformance was caused by a combination of the presented 

behavioral biases, since all of them have been shown to exist among investors. The 

difference in returns could also partly be explained by differences in risk levels. It is 

unknown whether these anomalies will be arbitraged away in the future, but they still 

seem to work as shown by recent data. 

Further studies could be made on the contrarian and momentum strategies by for 

example combining them into a single strategy. The strategies could also be tested on 

several other stock markets, provided that suitable data exists. The momentum 

strategy could also be tested using the same methodology as this study uses on the 

25 different contrarian strategies. 
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Appendix 1: Performance metrics and p-values of the equal weighted contrarian 

strategies 

 

Strategy Return Sharpe Max DD Volatility Information ratio P-value 

Index 13.23% 0.387 0.851 0.247 NaN NA 

1_1 12.11% 0.336 0.854 0.253 -0.003 0.327 

1_2 12.83% 0.367 0.854 0.251 -0.001 0.531 

1_3 12.90% 0.371 0.856 0.249 -0.001 0.684 

1_4 12.79% 0.366 0.856 0.249 -0.002 0.783 

1_5 12.83% 0.371 0.856 0.248 -0.001 0.921 

2_1 14.50% 0.405 0.913 0.267 0.036 0.416 

2_2 12.47% 0.334 0.913 0.265 -0.003 0.449 

2_3 12.41% 0.335 0.913 0.262 -0.003 0.520 

2_4 12.57% 0.333 0.913 0.268 -0.002 0.374 

2_5 11.71% 0.309 0.913 0.262 -0.006 0.520 

3_1 17.63% 0.459 0.799 0.301 0.123 0.118 

3_2 18.55% 0.499 0.800 0.295 0.144 0.176 

3_3 16.34% 0.428 0.800 0.295 0.082 0.176 

3_4 13.31% 0.325 0.800 0.297 0.002 0.149 

3_5 13.46% 0.339 0.800 0.289 0.006 0.226 

4_1 15.11% 0.378 0.830 0.301 0.063 0.046 

4_2 17.00% 0.460 0.830 0.288 0.117 0.199 

4_3 19.05% 0.547 0.830 0.278 0.177 0.334 

4_4 19.02% 0.553 0.830 0.275 0.173 0.389 

4_5 16.96% 0.473 0.863 0.279 0.108 0.312 

5_1 15.95% 0.358 0.780 0.341 0.089 0.001 

5_2 17.23% 0.414 0.780 0.325 0.120 0.022 

5_3 18.33% 0.472 0.780 0.307 0.147 0.113 

5_4 19.53% 0.505 0.780 0.311 0.173 0.092 

5_5 17.96% 0.452 0.780 0.313 0.126 0.077 



 

Appendix 2: Performance metrics and p-values of the value-weighted contrarian 

strategies excluding the subperiod 1926-1947 

 

Strategy Return Sharpe Max DD Volatility Information ratio P-value 

Index 12.06% 0.485 0.528 0.158 NaN NA 

1_1 10.25% 0.364 0.560 0.163 -0.004 0.157 

1_2 11.22% 0.427 0.534 0.161 -0.002 0.448 

1_3 11.88% 0.469 0.536 0.160 -0.000 0.650 

1_4 12.05% 0.479 0.533 0.160 -0.000 0.630 

1_5 12.07% 0.484 0.523 0.159 0.000 0.838 

2_1   9.63% 0.251 0.667 0.213 -0.006 0.005 

2_2   9.73% 0.267 0.598 0.204 -0.006 0.029 

2_3 10.79% 0.367 0.561 0.176 -0.003 0.089 

2_4 11.54% 0.422 0.549 0.170 -0.001 0.229 

2_5 11.31% 0.419 0.536 0.166 -0.002 0.431 

3_1 12.09% 0.383 0.699 0.201 0.001 0.000 

3_2 12.08% 0.393 0.699 0.196 0.001 0.001 

3_3 11.75% 0.374 0.699 0.197 -0.001 0.001 

3_4 12.29% 0.423 0.704 0.187 0.010 0.013 

3_5 12.28% 0.442 0.560 0.179 0.009 0.062 

4_1   9.43% 0.248 0.742 0.207 -0.005 0.000 

4_2 10.29% 0.298 0.656 0.200 -0.004 0.000 

4_3 10.64% 0.314 0.646 0.201 -0.003 0.000 

4_4 11.45% 0.337 0.646 0.211 -0.001 0.000 

4_5 11.69% 0.376 0.646 0.195 -0.001 0.000 

5_1 12.77% 0.420 0.809 0.199 0.041 0.000 

5_2 13.21% 0.446 0.809 0.197 0.061 0.000 

5_3 12.84% 0.407 0.809 0.207 0.037 0.000 

5_4 14.38% 0.489 0.809 0.203 0.112 0.000 

5_5 13.67% 0.425 0.809 0.217 0.071 0.000 

 



 

Appendix 3: Excess returns over the index by month for the winner strategy 

 

Month Excess return 

January 0.15% 

February 0.50% 

March 0.37% 

April 0.54% 

May 0.55% 

June -0.17% 

July -0.01% 

August 0.08% 

September -0.05% 

October -0.06% 

November 0.07% 

December -0.75% 

 

Appendix 4: Excess returns over the index by month for the loser strategy 

 

Month Excess return 

January 2.48% 

February -0.08% 

March -0.22% 

April 0.62% 

May -0.19% 

June -1.42% 

July 0.20% 

August 1.54% 

September -0.40% 

October -2.38% 

November -0.50% 

December -0.51% 

 



 

Appendix 5: Performance metrics and p-values of the equal weighted winner and 

loser strategies 

 

Strategy Return Sharpe Max DD Volatility Information ratio P-value 

Index 13.21% 0.383 0.824 0.250 NaN NA 

Winner 13.15% 0.360 0.806 0.264 -0.000 0.016 

Loser 11.15% 0.247 0.825 0.306 -0.007 0.000 

 

Appendix 6: Excess returns over the index by month for the equal weighted winner 

strategy 

 

Month Excess return 

January 0.56% 

February 0.50% 

March 0.36% 

April 0.38% 

May -0.11% 

June -0.08% 

July 0.25% 

August -0.19% 

September 0.10% 

October -2.77% 

November -0.57% 

December -3.90% 

 

Appendix 7: Excess returns over the index by month for the equal weighted loser 

strategy 

 

Month Excess return 

January 5.03% 

February 0.25% 



 

Month Excess return 

March 0.37% 

April 0.29% 

May 0.43% 

June -1.40% 

July 0.38% 

August 1.29% 

September 0.10% 

October -2.77% 

November -0.57% 

December -3.90% 

 

Appendix 8: Performance metrics and p-values of the winner and loser strategies 

excluding the subperiod 1926-1947 

 

Strategy Return Sharpe Max DD Volatility Information ratio P-value 

Index 11.90% 0.461 0.528 0.160 NaN NA 

Winner 13.48% 0.473 0.579 0.188 0.160 0 

Loser   8.18% 0.184 0.838 0.205 -0.009 0 

 

  



 

Appendix 9: The code used in the analysis 

Library(knitr) # tables 

library(Amelia) # missmap 

library(ggplot2) # plotting 

library(ggrepel) # ggplot labels 

library(lubridate) # handling dates 

library(gridExtra) # plotting multiple graphs together 

library(tidyverse) # replace_na function & formatting data 

library(kableExtra) # HTML tables for the performance metrics 

library(PerformanceAnalytics) # Sharpe ratio and maximum drawdown 

load("Sharpe.RData") # Load the workspace for caluclating p-values 

options(scipen = 1000000) 

  

# Read risk free rates for Sharpe ratio calculation, keep only needed rows and format 

riskfree <- read.csv("F-F_Research_Data_Factors.csv", skip = 3, stringsAsFactors = F) 

riskfree <- riskfree[1:I(grep("Annual", riskfree$X) - 2), ] 

colnames(riskfree)[1] <- "dates" 

riskfree$dates <- paste0(riskfree$dates, "01") 

riskfree$dates <- as.Date(riskfree$dates, "%Y%m%d") 

riskfree <- riskfree %>% select(dates, RF) 

riskfree$RF <- as.numeric(riskfree$RF) / 100 

# Add missing risk-free rate 

riskfree <- rbind(riskfree[1,], riskfree) 

riskfree$dates[1] <- riskfree$dates[1] - months(1) 

  

# False to use market capitalization-weighted data, true to use equal weighted data 

use_equal_weighted_data <- F 

  

# Read the data & keep only needed rows (Average value weighted monthly returns) 

rawdata <- read.csv("49_Industry_Portfolios.CSV", skip = 11, stringsAsFactors = F) 

if(use_equal_weighted_data){ 

  rawdata <- rawdata[I(first(grep("Average", rawdata$X)) + 2): 

                       I(first(grep("Annual", rawdata$X)) - 1), ] 

} else {rawdata <- rawdata[1:first(grep("Average", rawdata$X)) - 1, ]} 

  

# Format dates 

colnames(rawdata)[1] <- "dates" 

rawdata$dates <- paste0(rawdata$dates, "01") 

rawdata$dates <- as.Date(rawdata$dates, "%Y%m%d") 

  

# Change to 1947 to exclude period 1926-1947 

rawdata <- rawdata[year(rawdata$dates) > 1925, ] 

  

# Extract dates into a vector & delete them from rawdata 

dates <- rawdata$dates 

rawdata$dates <- NULL 



 

  

# Change NAs (-99.99) & make daily returns into decimals 

rawdata <- sapply(rawdata, as.numeric) 

rawdata[which(rawdata == -99.99)] <- NA 

rawdata <- rawdata / 100 + 1 

  

# Show missing values 

rawdata <- as.data.frame(rawdata) 

missmap(rawdata) 

rawdata <- as.matrix(rawdata) 

  

# Store NA positions & replace them with 1 to calculate cumulative products 

NA_pos <- which(is.na(rawdata)) 

rawdata[NA_pos] <- 1 

sector_returns <- apply(rawdata, 2, cumprod) 

# Add back NAs to their original positions 

sector_returns[NA_pos] <- NA 

  

# Attach dates to the cumulative products and format them 

returns_dates <- as.data.frame(cbind(as.character(dates), sector_returns)) 

colnames(returns_dates)[1] <- "dates" 

returns_dates$dates <- as.Date(returns_dates$dates) 

  

# Make a time series object to calculate down years 

returns_ts <- as.xts(returns_dates, order.by = returns_dates[, 1]) 

returns_ts$dates <- NULL 

storage.mode(returns_ts) <- "numeric" 

# Add ones to the start of the rows to calculate correctly, and add date accordingly 

returns_ts <- rbind(rep(1, 49), as.data.frame(returns_ts)) 

rownames(returns_ts)[1] <- as.character(as.Date(rownames(returns_ts)[2]) - months(1)) 

  

##################### 

# Contrarian strategy 

  

# Calculate consecutive down years for each period 

down_years_1 <- apply(returns_ts, 2, function(x) ifelse(lead(x, 12) / x < 1, 1, 0)) 

  

down_years_2 <- apply(returns_ts, 2, function(x) ifelse(lead(x, 12) / x < 1, 

                                                 ifelse(lead(x, 24) / lead(x, 12) < 1, 

                                                             1, 0), 0)) 

down_years_3 <- apply(returns_ts, 2, function(x) ifelse(lead(x, 12) / x < 1, 

                                                 ifelse(lead(x, 24) / lead(x, 12) < 1,  

                                                 ifelse(lead(x, 36) / lead(x, 24) < 1,  

                                                             1, 0), 0), 0)) 

down_years_4 <- apply(returns_ts, 2, function(x) ifelse(lead(x, 12) / x < 1, 

                                                 ifelse(lead(x, 24) / lead(x, 12) < 1,  



 

                                                 ifelse(lead(x, 36) / lead(x, 24) < 1,  

                                                 ifelse(lead(x, 48) / lead(x, 36) < 1, 

                                                             1, 0), 0), 0), 0)) 

down_years_5 <- apply(returns_ts, 2, function(x) ifelse(lead(x, 12) / x < 1, 

                                                 ifelse(lead(x, 24) / lead(x, 12) < 1,  

                                                 ifelse(lead(x, 36) / lead(x, 24) < 1,  

                                                 ifelse(lead(x, 48) / lead(x, 36) < 1, 

                                                 ifelse(lead(x, 60) / lead(x, 48) < 1, 

                                                             1, 0), 0), 0), 0), 0)) 

  

# Calculate index returns 

index <- apply(returns_ts, 2, function(x) lead(x, 1) / x) 

index_vector <- as.data.frame(apply(index, 1, function(x) mean(x, na.rm = T))) 

colnames(index_vector) <- "x" 

  

# Function to add index returns to months where the strategy was not invested 

handle_missing <- function(x) { 

  x <- as.data.frame(x) 

  colnames(x) <- "x" 

  return(ifelse(is.na(x), index_vector$x, x$x)) 

} 

  

# Make a data frame containing monthly returns 

returns_monthly <- apply(returns_ts, 2, function(x) lead(x, 1) / x) 

rownames(returns_monthly)[1] <- as.character(as.Date(rownames(returns_monthly)[2]) - 

months(1)) 

  

# Calculate returns for every contrarian strategy 

for (year in 1:5) { 

  # For every holding period 

  for (holding_period in 1:5) { 

    # Make a temporary data frame containing strategy returns 

    temp <- as.data.frame(matrix( 

      nrow = nrow(returns_ts), 

      ncol = ncol(returns_ts) 

    )) 

    colnames(temp) <- colnames(returns_ts) 

    rownames(temp) <- rownames(returns_ts) 

     

    # For each column 

    for (c in 1:ncol(get(paste0("down_years_", year)))) { 

      # For each row 

      for (r in 1:I(nrow(get(paste0("down_years_", year))) - 12 * holding_period - 12 * 

year)) { 

        # Months that are not NA 

        if (!is.na(get(paste0("down_years_", year))[r, c])) { 



 

          # If the sector has been down for a amount of years equal to year 

          if (get(paste0("down_years_", year))[r, c] == T) { 

            # Put the next holding_period * 12 month returns in the data frame 

            temp[I(r + 11):I(r + 11 + 12 * holding_period - 1), c] <- 

              returns_monthly[I(r + 12 * year):I(r + (12 * holding_period - 1 + 12 * 

year)), c] 

          } 

        } 

      } 

    } 

    assign(paste0("strategy_df", year, "_", holding_period), temp) 

    # Calculate monthly returns and put to vector 

    temp2 <- apply(temp, 1, function(x) mean(x, na.rm = T)) 

    assign(paste0("strategy_returns", year, "_", holding_period), temp2) 

    # Calculate yearly returns with non-invested months invested in the index 

    temp3 <- handle_missing(temp2) 

    assign(paste0("strategy_vector", year, "_", holding_period), temp3) 

  } 

} 

  

# Make a data frame for containing returns, Sharpe ratio, max dd and volatility 

returns_holder <- as.data.frame(matrix(nrow = 5 * 5, ncol = 6)) 

colnames(returns_holder) <- c("Strategy", "Return", "Sharpe", "Max DD", "Volatility", 

                              "Information ratio") 

  

# Make a data frame for strategies & add index returns to it 

strategies_holder <- data.frame(matrix(nrow = nrow(returns_ts), ncol = 1)) 

colnames(strategies_holder)[1] <- "index" 

strategies_holder$index <- index_vector$x 

  

# Add returns into data frame & bind strategies 

k <- 1 

for (i in 1:5) { 

  for (j in 1:5) { 

    returns_holder[k, 1] <- paste0(i, "_", j) 

    returns_holder[k, 2] <- exp(mean(log(get(paste0("strategy_vector", i, "_", j))), 

                                     na.rm = T 

    ))^12 - 1 

    strategies_holder <- cbind(strategies_holder, get(paste0("strategy_vector", i, "_", 

j))) 

    colnames(strategies_holder)[k + 1] <- paste0(i, "_", j) 

    k <- k + 1 

  } 

} 

 

  



 

# Delete last NA observation & turn into decimals for performance metric calculation 

strategies_holder <- head(strategies_holder, -1) 

strategies_holder_xts <- as.xts(strategies_holder - 1) 

  

# Join risk free returns an convert to time series object for Sharpe ratio calculation 

riskfree_join <- rownames_to_column(as.data.frame(strategies_holder_xts)) 

colnames(riskfree_join)[1] <- "dates" 

riskfree_join$dates <- as.Date(riskfree_join$dates) 

rf <- riskfree %>%  

  inner_join(riskfree_join) %>%  

  select(dates, RF) 

rownames(rf) <- rf$dates 

rf$dates <- NULL 

rf <- as.xts(rf) 

  

  

# Add the index and its returns to returns_holder 

returns_holder <- rbind(NA, returns_holder) 

returns_holder[1, 1] <- "Index" 

returns_holder[1, 2] <- exp(mean(log(strategies_holder$index), na.rm = T))^12 - 1 

  

# Calculate returns,  Sharpe ratios, max drawdowns, volatilities & information ratios 

returns_holder$Sharpe <- t(unname(SharpeRatio.annualized(strategies_holder_xts, rf))) 

returns_holder$`Max DD` <- t(unname(maxDrawdown(strategies_holder_xts))) 

returns_holder$Volatility <- t(unname(StdDev.annualized(strategies_holder_xts))) 

returns_holder$`Information ratio` <- 

t(unname(ifelse(ActivePremium(strategies_holder_xts, 

                                                                    

strategies_holder_xts$index) < 0, 

ActivePremium(strategies_holder_xts, 

strategies_holder_xts$index) * 

TrackingError(strategies_holder_xts, 

strategies_holder_xts$index), 

ActivePremium(strategies_holder_xts, 

strategies_holder_xts$index) / 

TrackingError(strategies_holder_xts, 

strategies_holder_xts$index)))) 

  

# Make cumulative product calculation for plotting 

strategies_cumprod <- apply(strategies_holder, 2, cumprod) 

strategies_cumprod <- as.data.frame(strategies_cumprod) 

strategies_cumprod$Date <- rownames(strategies_cumprod) 

  

# Gather & plot 

strategies_formatted <- gather(strategies_cumprod, Strategy, index, -Date) 

ggplot(strategies_formatted, aes(x = as.Date(Date), y = index, color = Strategy)) + 



 

  geom_line(size = 1) + 

  ggtitle(paste0("Contrarian strategies formed every month")) + 

  xlab("Date") + 

  ylab("Logarithmic returns") + 

  scale_y_continuous(trans = "log2") + 

  scale_color_manual( 

    values = c( 

      "#F8766D", "#F8766D", "#F8766D", "#F8766D", "#F8766D" 

      , "#7CAE00", "#7CAE00", "#7CAE00", "#7CAE00", "#7CAE00" 

      , "#00BFC4", "#00BFC4", "#00BFC4", "#00BFC4", "#00BFC4" 

      , "#C77CFF", "#C77CFF", "#C77CFF", "#C77CFF", "#C77CFF" 

      , "#D3D3D3", "#D3D3D3", "#D3D3D3", "#D3D3D3", "#D3D3D3", "#000000" 

    ) 

  ) 

  

############################# 

# Winner and loser strategies 

  

# Function for calculating cumulative strategy returns 

calculate_returns <- function(temp_returns) { 

  # Make an empty data frame for containing returns 

  strategy <- as.data.frame(matrix(nrow = nrow(temp_returns), ncol = 1)) 

  rownames(strategy) <- rownames(temp_returns) 

  colnames(strategy) <- "strategy" 

   

  # Add the returns of the first year to data frame 

  Jan <- NA 

  # Keep only returns of a single year at a time 

  one_year <- temp_returns[1:12, ] %>% t() %>% na.omit() %>% t() 

  # Add the first month 

  Jan <- 1 / ncol(one_year) * one_year[1, ] 

  # Calculate the first month 

  strategy[1, 1] <- sum(Jan) 

  # Calculate rest of the months 

  for (i in 2:12) { 

    assign(month.abb[i], get(month.abb[i - 1]) * one_year[i, ]) 

    strategy[i, 1] <- sum(get(month.abb[i])) 

  } 

  previous_return <- sum(Dec) 

   

   

  # Add the rest of the returns to the return data frame 

  for (i in 2:I(nrow(temp_returns) / 12)) { 

    # Keep one year at a time 

    one_year <- temp_returns[I(i * 12 - 11):I(i * 12), ] %>% t() %>% na.omit() %>% t() 

    # Calculate the first month 



 

    Jan <- previous_return / ncol(one_year) * one_year[1, ] 

    strategy[I(i * 12 - 11), 1] <- sum(Jan) 

    # Calculate rest of the months 

    for (j in 2:12) { 

      assign(month.abb[j], get(month.abb[j - 1]) * one_year[j, ]) 

      strategy[I(i * 12 - 12 + j), 1] <- sum(get(month.abb[j])) 

    } 

    previous_return <- sum(Dec) 

  } 

  strategy <- as.data.frame(strategy / lag(strategy$strategy, 1)) 

  strategy 

} 

################# 

# Winner strategy 

  

# Calculate yearly returns & top 10% of sectors 

momentum_ts <- apply(returns_ts, 2, function(x) lead(x, 9) / x) 

momentum_months <- t(apply(momentum_ts, 1, function(x) x > quantile(x, .9, na.rm = T))) 

  

# Keep only portfolios formed in January 

momentum_months[month(rownames(momentum_months)) != 1] <- NA 

  

# Make a temporary data frame sharing dimensions with momentum_ts 

temp <- as.data.frame(matrix( 

  nrow = nrow(momentum_ts), 

  ncol = ncol(momentum_ts))) 

colnames(temp) <- colnames(momentum_ts) 

rownames(temp) <- rownames(momentum_ts) 

# For every column 

for (c in 1:ncol(momentum_ts)) { 

  # For every row 

  for (r in 1:I(nrow(momentum_ts) - 23)) { 

    # Each January 

    if (!is.na(momentum_months[r, c])) { 

      # Sectors that were top decile in returns 12-2 months before 

      if (momentum_months[r, c] == T) { 

        temp[I(r + 12):I(r + 23), c] <- returns_monthly[I(r + 12):I(r + 23), c] 

      } 

    } 

  } 

} 

  

# Make a data frame for containing returns and calculate returns 

temp_returns <- temp[rowSums(is.na(temp)) != ncol(temp), ] 

Winner <- calculate_returns(temp_returns) 

colnames(Winner) <- "Winner" 



 

  

# Join index and momentum strategy returns together 

returns_df <- inner_join( 

  rownames_to_column(as.data.frame(index_vector)), 

  rownames_to_column(as.data.frame(Winner))) 

  

################ 

# Loser strategy 

  

# Calculate yearly returns & bottom 10% of sectors 

contra_ts <- apply(returns_ts, 2, function(x) lead(x, 35) / lag(x, 1)) 

contra_months <- t(apply(contra_ts, 1, function(x) x < quantile(x, .1, na.rm = T))) 

  

# Keep only portfolios formed in January 

contra_months[month(rownames(contra_months)) != 1] <- NA 

  

# Make a temporary data frame sharing dimensions with contra_ts 

temp2 <- as.data.frame(matrix( 

  nrow = nrow(contra_ts), 

  ncol = ncol(contra_ts))) 

colnames(temp2) <- colnames(contra_ts) 

rownames(temp2) <- rownames(contra_ts) 

# For every column 

for (c in 1:ncol(contra_ts)) { 

  # For every row 

  for (r in 1:I(nrow(contra_ts) - 43)) { 

    # Each January 

    if (!is.na(contra_months[r, c])) { 

      # Sectors that were bottom decile in returns during the last 36 months 

      if (contra_months[r, c] == T) { 

        temp2[I(r + 36):I(r + 47), c] <- returns_monthly[I(r + 35):I(r + 46), c] 

      } 

    } 

  } 

} 

  

# Make a data frame for containing returns and calculate returns 

temp_returns2 <- temp2[rowSums(is.na(temp2)) != ncol(temp2), ] 

Loser <- calculate_returns(temp_returns2) 

colnames(Loser) <- "Loser" 

Loser <- na.omit(Loser) 

  

############## 

  

# Join index and contra strategy returns together 

returns_df <- inner_join( 



 

  rownames_to_column(as.data.frame(index_vector)), 

  rownames_to_column(as.data.frame(Winner))) 

returns_df <- inner_join( 

  returns_df, 

  rownames_to_column(as.data.frame(Loser))) 

  

# Rename and calculate cumulative products & add dates from rownames 

colnames(returns_df)[2] <- "Index" 

returns_cumprod <- cumprod(returns_df[, 2:4]) 

returns_cumprod$date <- rownames(returns_df) 

  

# Make a data frame for performance metrics 

returns_holder_mc <- as.data.frame(matrix(nrow = 3, ncol = 6)) 

colnames(returns_holder_mc) <- c("Strategy", "Return", "Sharpe", "Max DD", "Volatility", 

                                 "Information ratio") 

returns_df <- column_to_rownames(returns_df) 

# Add strategy names 

returns_holder_mc$Strategy <- colnames(returns_df) 

  

# Make an xts object for holding decimal returns 

returns_xts <- as.xts(returns_df - 1) 

  

# Join risk free returns an convert to time series object for Sharpe ratio calculation 

riskfree_join_wl <- rownames_to_column(as.data.frame(returns_xts)) 

colnames(riskfree_join_wl)[1] <- "dates" 

riskfree_join_wl$dates <- as.Date(riskfree_join_wl$dates) 

rf_wl <- riskfree %>%  

  inner_join(riskfree_join_wl) %>%  

  select(dates, RF) 

rownames(rf_wl) <- rf_wl$dates 

rf_wl$dates <- NULL 

rf_wl <- as.xts(rf_wl) 

  

# Calculate returns,  Sharpe ratios, max drawdowns, volatilities & information ratios 

for (i in 1:3) { 

  returns_holder_mc$Return[i] <- exp(mean(log(returns_df[, i]), na.rm = T))^12 - 1 

} 

returns_holder_mc$Sharpe <- t(unname(SharpeRatio.annualized(returns_xts, rf_wl))) 

returns_holder_mc$`Max DD` <- t(unname(maxDrawdown(returns_xts))) 

returns_holder_mc$Volatility <- t(unname(StdDev.annualized(returns_xts))) 

returns_holder_mc$`Information ratio` <- t(unname(ifelse(ActivePremium(returns_xts, 

                                                             returns_xts$Index) < 0, 

                                                         ActivePremium(returns_xts, 

                                                                    returns_xts$Index) * 

                                                           TrackingError(returns_xts, 

                                                                     returns_xts$Index), 



 

                                                         ActivePremium(returns_xts, 

                                                                    returns_xts$Index) / 

                                                           TrackingError(returns_xts, 

                                                                   returns_xts$Index)))) 

  

# Format returns, gather them & plot 

returns_cumprod$date <- rownames(returns_df) 

returns_formatted <- gather(returns_cumprod, Strategy, index, -date) 

returns_formatted$Strategy <- factor(returns_formatted$Strategy, 

                                     levels = c("Winner", "Index", "Loser")) 

  

ggplot(returns_formatted, aes(x = as.Date(date), y = index, color = Strategy)) + 

  geom_line(size = 1) + 

  ggtitle(paste0("Winner and loser strategies")) + 

  xlab("Date") + 

  ylab("Logarithmic returns") + 

  scale_y_continuous(trans = "log2") + 

  scale_color_manual(values = c("#7CAE00", "#000000", "#F8766D")) 

  

  

#################### 

# Summary statistics 

# Function for plotting excess returns and returning excess returns 

calculate_excess_returns <- function(winner_or_loser){ 

   

  # Put the chosen strategy together with index and calculate excess returns 

  if(winner_or_loser == "Winner"){ 

    summary <- returns_df %>%  

      select(Index, winner_or_loser) %>%  

      mutate(excess = returns_df[, 2] - returns_df[, 1])} else { 

        summary <- returns_df %>%  

          select(Index, winner_or_loser) %>%  

          mutate(excess = returns_df[, 3] - returns_df[, 1])} 

   

  rownames(summary) <- rownames(returns_df) 

     

  # Summarise average excess returns by month 

  monthly <- summary %>%  

    mutate(month = month.name[month(rownames(.))]) %>%  

    group_by(month) %>%  

    summarise(mean(excess)) 

   

  # Order by month and assign to variable 

  assign(paste0("monthly_excess_", winner_or_loser), 

         with(monthly, monthly[order(factor(monthly$month, levels = month.name)), ]), 

         envir = .GlobalEnv) 



 

         

   

  # Plot excess returns by date 

  summary$excess <- summary$excess + 1 

  assign(paste0("plot_", winner_or_loser),  

         ggplot(summary, aes(x = as.Date(rownames(summary)), y = excess - 1, group = 1)) 

+ 

         geom_path(stat = "identity") + 

         scale_y_continuous(limits = c(-0.75, 0.75)) + 

         xlab("Date") + 

         ylab("Excess returns") + 

         ggtitle(paste("Excess returns of the", winner_or_loser, "strategy")), envir = 

.GlobalEnv) 

   

  # Make a data frame for cumulative returns  

  cumulative_months <- as.data.frame(matrix(nrow = 12, ncol = 1)) 

  for(i in 1:12){ 

    cumulative_months[i, 1] <- mean(summary[month(rownames(summary)) == i, 3]) 

  } 

  return(cumulative_months) 

} 

  

# Use the function to calculate and plot excess returns for each strategy 

cumulative_final_winner <- calculate_excess_returns("Winner") 

cumulative_final_loser <- calculate_excess_returns("Loser") 

grid.arrange(plot_Winner, plot_Loser) 

  

colnames(monthly_excess_Winner) <- c("Month", "Excess return") 

colnames(monthly_excess_Loser) <- c("Month", "Excess return") 

  

################################ 

# Plot cumulative excess returns 

  

# Bind the excess returns anc calculate cumulative excess returns 

winner_loser_cumulative <- cbind(cumulative_final_winner, cumulative_final_loser) 

winner_loser_cumulative <- as.data.frame(apply(winner_loser_cumulative, 2, cumprod)) 

  

# Format for plotting 

winner_loser_cumulative$month <- 1:12 

colnames(winner_loser_cumulative) <- c("Winner", "Loser", "Month") 

  

# Gather and format for plotting the cumulatie excess returns 

w_l_formatted <- gather(winner_loser_cumulative, Strategy, value, Winner, Loser)  

w_l_formatted$Strategy <- factor(w_l_formatted$Strategy,levels = c("Winner", "Loser")) 

w_l_formatted$value <- w_l_formatted$value - 1 

  



 

# Plot 

w_l_formatted %>% 

  ggplot(aes(x = factor(Month), y = value, colour = Strategy, group = Strategy)) + 

  geom_line(size = 1.3) + 

  xlab("Months after portfolio formation") + 

  ylab("Average cumulative excess return") + 

  ggtitle("Cumulative excess return after portfolio formation") + 

  scale_color_manual(values = c("#7CAE00", "#F8766D")) + 

  geom_hline(yintercept = 0) + 

  scale_y_continuous(limits = c(-0.07, 0.07)) 

  

########################################## 

# View the results of different strategies 

View(returns_holder) 

View(returns_holder_mc) 

View(monthly_excess_Winner) 

View(monthly_excess_Loser) 

  

# Plot the contrarian strategy returns and volatilities 

ggplot(returns_holder, aes(x = Volatility, y = Return, color = Strategy)) + 

  geom_point() + 

  scale_y_continuous(limits = c(0.075, 0.16)) + 

  scale_x_continuous(limits = c(0.15, 0.3)) + 

  scale_color_manual( 

    values = c( 

      "#F8766D", "#F8766D", "#F8766D", "#F8766D", "#F8766D" 

      , "#7CAE00", "#7CAE00", "#7CAE00", "#7CAE00", "#7CAE00" 

      , "#00BFC4", "#00BFC4", "#00BFC4", "#00BFC4", "#00BFC4" 

      , "#C77CFF", "#C77CFF", "#C77CFF", "#C77CFF", "#C77CFF" 

      , "#D3D3D3", "#D3D3D3", "#D3D3D3", "#D3D3D3", "#D3D3D3", "#000000" 

    ) 

  ) + 

  geom_text_repel(aes(label = Strategy)) 

  

# Plot the winner and loser strategy returns and volatilities 

ggplot(returns_holder_mc, aes(x = Volatility, y = Return, color = Strategy)) + 

  geom_point() + 

  scale_y_continuous(limits = c(0.075, 0.16)) + 

  scale_x_continuous(limits = c(0.15, 0.3)) + 

  scale_color_manual(values = c("#000000", "#F8766D", "#7CAE00")) + 

  geom_text_repel(aes(label = Strategy)) 

  

# Print HTML tables of performance metrics 

print_table <- function(data, format = T){ 

  if(format){ 

  data[-1] <- apply(data[-1], 2, function(x) formatC(x, digits = 3, format = "f")) 



 

  } else {data <- apply(data, 2, function(x) formatC(x, digits = 3, format = "f"))} 

  data %>%  

    kable() %>%  

    kable_styling(bootstrap_options = c("striped", "condensed")) %>%  

    print() 

} 

  

################################################ 

# Test for Sharpe ratio statistical significance 

  

# Make a data frame for p-values of the contrarian strategies 

pvalue_holder <- as.data.frame(matrix(nrow = 25, ncol = 1)) 

rownames(pvalue_holder) <- colnames(strategies_holder)[-1] 

colnames(pvalue_holder) <- "P-value" 

  

# Loop the p-values into the data frame 

for(i in 1:I(ncol(strategies_holder) - 1)){ 

  pvalue_holder[i, 1] <- unname(first(hac.inference(cbind(strategies_holder$index, 

                                                          strategies_holder[, i + 

1]))$p.Values)) 

} 

  

  

# Make a data frame for p-values of the winner and loser strategies 

pvalue_holder_wl <- as.data.frame(matrix(nrow = 2, ncol = 1)) 

rownames(pvalue_holder_wl) <- c("Winner", "Loser") 

colnames(pvalue_holder_wl) <- "P-value" 

# Add the p-values into the data frame 

pvalue_holder_wl[1, 1] <- unname(first(hac.inference(cbind(returns_df$Index, 

                                                              

returns_df$Winner))$p.Values)) 

pvalue_holder_wl[2, 1] <- unname(first(hac.inference(cbind(returns_df$Index, 

                                                              

returns_df$Loser))$p.Values)) 

# Print the different tables as HTML 

print_table(returns_holder) 

print_table(returns_holder_mc) 

print_table(monthly_excess_Winner) 

print_table(monthly_excess_Loser) 

print_table(pvalue_holder, F) 

print_table(pvalue_holder_wl, F) 

  

# Function for printing the complete table 

print_together <- function(returns_holder, pvalue_holder){ 

  pvalue_temp <- rownames_to_column(pvalue_holder) 

  colnames(pvalue_temp)[1] <- "Strategy" 



 

  returns_holder[-1] <- apply(returns_holder[-1], 2, function(x) formatC(x, digits = 3, 

format = "f")) 

  temp_table <- left_join(returns_holder, pvalue_temp) 

  temp_table %>% 

    kable() %>%  

    kable_styling(bootstrap_options = c("striped", "condensed")) %>%  

    print() 

} 

  

# Print complete tables including p-values 

print_together(returns_holder, pvalue_holder) 

print_together(returns_holder_mc, pvalue_holder_wl) 
 


