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Abstract 

 

This thesis deals with the statistical arbitrage in shares and Exchange traded 

funds (ETFs) markets. It addresses pair trading strategies in various time frames 

ranging from a minute to daily data and it also addresses various modeling 

techniques. The modeling techniques used range from a simple ordinary least 

square (OLS) regression to the Kalman filter. 

 

Although market neutral trading strategies originated in 1980 on Wall Street, it is 

shown in this dissertation that they can still be attractive for investors, when certain 

nontraditional adjustments are implemented. 

 

After the introductory chapter and the relevant literature review in Chapter 2, in 

Chapter 3 we show that when high-frequency data (ranging from minutes to hours) 

are used for market neutral strategies, they offer more attractive results compared to 

only using daily closing prices. In the same chapter it is also shown that the Kalman 

filter is superior to various versions of OLS regression (rolling, fixed) for the 

calculation of the spread between the shares. 

 

In Chapter 4 we show that pair trading on ETFs is more attractive for investors 

than pair trading on shares. We also show that to obtain attractive results, one does 

not have to resort to high-frequency data as in Chapter 3. It is enough that one uses 

both opening and closing prices instead of only closing prices. 

 

In Chapter 5 we describe yet another version of statistical arbitrage strategy 

based purely on autocorrelation criteria of the pair spread. This proves much more 

profitable for ETFs than for shares yet again.  

 

Finally, in Chapter 6 we present a mean reversion strategy based on the well-

known academic theory "buy losers, sell winners" described in Thaler and De Bondt 

(1985). We divide a trading session into day (open to close) and night (close to 

open) and show that an investor can make money following a simple principle of 
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buying daily losers and holding them overnight, or buying nightly losers and holding 

them during the following day. 

 

In conclusion it is found that simple yet innovative adjustments to already well-

known investment approaches can be of value to investors. 
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Chapter 1  

1.1 INTRODUCTION 

Pair trading strategies have been known on Wall street since the 1980s and have 

their appeal in that an investor is not exposed to the market-wide fluctuations, but 

only to the relative position of the two shares. While the description sounds attractive 

for investors, in reality market neutral hedge funds do not have remarkable 

performance, to say the least, based on the  performance of Hedge Fund Equity 

Market Neutral Index1. 

 

A standard approach for market neutral hedge funds is to use a daily sampling 

frequency for trading pairs of shares, see Gatev et al. (2006, p. 10), who “use this 

approach because it best approximates the description of how traders themselves 

choose pairs.” Thus, one area of possible improvements might be to increase the 

sampling frequency and capture inefficiencies which might pass unnoticed by an 

average hedge fund. 

 

According to Chan (2009), the general form of pair trading strategies is widely 

known among traders. It is just particular the practical implementation and 

parameters of the strategy used which divide good and bad traders. For example, 

this refers to using non-standard high-frequency data as already mentioned. While 

going into higher frequencies, an investor can potentially achieve higher information 

ratio2 compared to the use of daily closing prices, see Aldridge (2009). 

 

We also apply the pair trading strategy to the less frequent but still non-standard 

half-daily3 sampling frequency. We also demonstrate that Exchange Traded Funds 

might be a more suitable vehicle for pair trading than shares. 

 

                                                      
1 HFRXEMN Index in Bloomberg. 
2 Information ratio is calculated as the ratio of annualized return to annualized standard deviation. 
3 Thus including both opening and closing prices. 
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Accordingly, this thesis presents various modifications to the standard pair 

trading approach and could serve as an inspiration to hedge funds and/or 

professional traders.  

 

1.2 BACKGROUND TO THE THESIS 

The idea to try the pair trading strategy on high-frequency equity data is quite 

new in academia, and at the time when the author was considering starting a PhD on 

the topic only Nath (2003) dealt with both high-frequency data and pair trading 

strategy. The author started developing the first paper while he was working as a 

fund manager for KutxaGest, Ltd., a Spanish asset management company. The 

preliminary results were encouraging and after an offer had been made by Prof. 

Dunis to come to study to Liverpool, the author decided to pursue the academic 

path. However, the author tried to stick to his commitment not to diverge too much 

from reality, and develop trading strategies which might be of interest to 

practitioners.  

 

1.3 MOTIVATION 

The motivation for this dissertation is to investigate the area of pair trading 

strategies and find out whether they still offer value to investors. The obvious 

advantages compared to directional trading are market neutrality, and thus 

independence from the market environment. Thus, a set of such strategies could 

well complement a portfolio of any aspiring quantitative trader and/or hedge fund. 

However, in their standard form, the edge such strategies provide seems to be 

dissipating.  Therefore our decision to shed more light into the area. 

 

Probably any generally known strategy4 can be enhanced to provide investors a 

profitable edge. However, many research papers present very advanced statistical 

and mathematical models which are hard to implement in practice. Obviously 

another disadvantage of having complex rule sets for the strategy is the danger of 

data mining and curve fitting. Thus, my aim in this dissertation is to keep rules as 

                                                      
4 e.g. trend following, market neutral, contrarian, etc. 
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simple as possible, while at the same time offering an actionable strategy that can be 

of interest to practitioners. 

 

One obvious area of improvement of any strategy is resorting to non-standard 

sampling frequency. One such example is presented by Schulmeister (2007), who 

concludes that technical trading rules are not profitable on daily data anymore. 

However, an investor may be profitable when he/she applies technical trading rules 

on intraday data. This approach is followed in Chapter 3. 

 

It might nevertheless be difficult for an individual investor to trade based on high-

frequency data. That is why in the remaining chapters, while still using „non-

traditional‟ data frequency, we do not use high-frequency data anymore. Instead, we 

use daily opening prices together with daily closing prices. 

 

This approach proves superior to using only daily closing prices not only in case 

of pair trading5, but also in the case of a contrarian strategy of "selling winners and 

buying losers"6. 

 

1.4 CONTRIBUTIONS TO KNOWLEDGE 

In this PhD dissertation we develop and present various versions of the pair 

trading strategy (Chapters 3 - 5). We also present an adjusted version of the strategy 

based on the overreaction hypothesis of Thaler and De Bondt (1985) (Chapter 6). 

The contributions to knowledge from our investigation are: 

 

Using cointegration in a high-frequency framework 

In Chapter 3 we apply cointegration to high-frequency data in order to select 

stable pairs of shares. While cointegration is a long-term technique, we use it for 

high-frequency data due to the large amount of data points we collected during a 

period of 6 months. 

 

 

                                                      
5 See Chapters 4 and 5. 
6 See Chapter 6. 
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Using non-traditional adjustments to the pair trading strategy for increased 

profitability 

In Chapter 3 we use high-frequency data in conjunction with the Kalman filter 

technique to simulate a pair trading strategy. We conclude that high-frequency data 

improve the attractiveness of the strategy compared to using daily data.  

In Chapter 4 we find that using opening and closing prices improves the pair 

trading strategy compared to only using closing prices. We also find that ETFs are a 

more suitable financial instrument for our pair trading simulation than shares. 

In Chapter 5 we find that it is not necessary to use the mathematically complex 

technique of the Kalman filter in the pair trading methodology. Accordingly, the pair 

spread is not calculated using Kalman filter, but simply by taking the difference 

between the two individual share returns. When furthermore the conditional 

autocorrelation is used in conjunction with the spread return, the strategy produces 

attractive results. 

 

Buying losers and selling winners "works" 

We find that simply by increasing the sampling frequency from daily (using daily 

closing prices) to half-daily (using opening and closing prices), an investor is able to 

obtain attractive trading results. It is enough that either at the start of every trading 

session he buys the shares with the worst overnight performance, or at the end of 

the trading session he buys the shares with the worst performance during that 

session. 

 

1.5 STRUCTURE OF DISSERTATION 

Much of the content of this dissertation has either been published, 

accepted for publication, presented at conferences or has been submitted for 

publication at a peer-reviewed academic journal. 

 

As a result, this thesis contains chapters which are comprised of self-contained 

papers. While the chapters are independent, there may be some inevitable 

repetitions between them. However the repetitions have been kept to a minimum. 

The literature review of the papers presented in Chapter 3, 4 and 5 has been 

consolidated and is presented in Chapter 2. The literature review of the paper in 
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Chapter 6 is included in that particular chapter, as it is a fundamentally different 

paper from the ones presented in Chapter 3, 4 and 5. The references of all the 

chapters are consolidated at the end of the thesis. 

This thesis presents four research papers, which are included in the chapters as 

follows: 

 

Chapter 3:  "Statistical Arbitrage and High-Frequency Data with an Application to 

Eurostoxx 50 Equities". A version of this paper was presented at the Forecasting 

Financial Markets 2010 Conference in Hannover and is in the final acceptance stage 

in Quantitative Finance. 

 

Chapter 4: "Profitable Pair Trading: A Comparison Using the S&P 100 

Constituent Stocks and the 100 Most Liquid ETFs". This paper is currently being 

refereed in the European Journal of Finance. 

 

Chapter 5: "Mean Reversion Based on Autocorrelation: A Comparison Using the 

S&P 100 Constituent Stocks and the 100 Most Liquid ETFs". This paper was 

presented at Forecasting Financial Markets 2011 Conference in Marseille. 

 

Chapter 6: "Profitable Mean Reversion after Large Price Drops: A story of Day 

and Night in the S&P 500, 400 Mid Cap and 600 Small Cap Indices". It has been 

accepted for publication and is forthcoming in the Journal of Asset Management. 
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Chapter 2 - Literature review 

2.1 MARKET NEUTRAL STRATEGIES 

Pair trading is a well-known technique, having been developed in 1980 by a team 

of scientists lead by a Wall Street quant Nunzio Tartaglia, see Gatev et al. (2006). 

The strategy is widely documented in current literature including Enders and Granger 

(1998), Vidyamurthy (2004), Dunis and Ho (2005), Lin et al. (2006) and Khandani 

and Lo (2007).  

 

The general description of the technique is that a pair of shares is formed, where 

the investor is long one and short another share. The rationale is that there is a long-

term equilibrium (spread) between the share prices, and thus the shares fluctuate 

around that equilibrium level (the spread has a constant mean). The investor 

evaluates the current position of the spread based on its historical fluctuations and 

when the current spread deviates from its historical mean by a pre-determined 

significant amount (measured in standard deviations), the spread is subsequently 

altered and the legs are adjusted accordingly. The investor bets on the reversion of 

the current spread to its historical mean by shorting/going long an appropriate 

amount of each share in a pair. The appropriate amount of each share is expressed 

by the variable beta, which tells the investor the number of the shares X he has to 

short/go long, for each 1 share Y. There are various ways of calculating beta. Either 

it can be fixed, or it can be time-varying.  

 

However, recent papers on the pair trading find that after accounting for 

transaction costs, pair trading is profitable to a very limited extent only, see Do and 

Faff (2010), or not profitable at all, see Bogomolov (2010).  

 

That is why one needs to go into higher frequencies for pair trading to become 

profitable again. Marshall et al. (2010) obtain annualized net profits of 6.7% over the 

period 2001-2010 for a pair trading strategy between two different ETF trackers of 

the S&P 500 index using tick-by-tick data. Those profits become larger when the 

same strategy is applied to the Swiss-listed S&P 500 ETFs. In the same line of 

thought Schulmeister (2007) finds technical trading rules to be profitable, but only on 
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higher time frames than the daily one. Hence our motivation in this paper to try also 

a half-daily timeframe and compare the results with the daily one. The earliest study 

that looks at high-frequency market neutral strategies in US fixed-income market 

was done by Nath (2003), nevertheless literature pertaining to high frequency market 

neural trading systems is extremely limited. 

 

Once the pair has been formed, the question remains how to identify the 

divergence and when to enter into it. Usually the divergence is measured in standard 

deviations from the long-term average, see Vidyamurthy (2004) or Bentz (1999).  

 

Pair trading is a double leverage, self-financing strategy. Put differently, it is not 

necessary to finance the leverage, see Alexander and Dimitriu (2002) and Dunis and 

Ho (2005). An investor usually provides 50% of capital, for which he buys shares. In 

order to short shares (the remaining 50% of the total position), an investor has to 

borrow them first. Once shares are borrowed, an investor can short them. There is 

no need for an investor to pay interest for the borrowed shares. In fact, an investor is 

entitled to receive an interest on the capital he keeps for short selling the shares. 

However, this would only increase the efficiency of our strategy and we do not 

consider this interest income. 

 

2.2 COINTEGRATION 

Cointegration was first discussed and brought to financial community in the work 

of Engle and Granger (1987). Unlike correlation, it is a method primarily dealing with 

long-term relations between asset prices. The relations found to be cointegrated tend 

to last longer and are therefore better suited for traders. Another major contribution 

to the cointegration method was that of Johansen (1988) which allows to test for 

cointegration among more than two asset prices. 

 

The price difference between the assets is the most stable one for the Johansen 

(1988) methodology, and has the lowest variance in the case of Engle and Granger 

(1987), see Alexander (2001) for a more detailed discussion.  
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Alexander (2001) prefers the Engle and Granger (1987) ordinary least squares 

(OLS) regression approach in finance because it is more straightforward and also 

lower variance is preferred from the point of view of risk management. We are only 

interested in pairs of shares, thus there is no need to use the Johansen (1988) 

approach in this case and following Alexander (2001) argument we adopt the two-

step Engle and Granger (1987) methodology. In the first step, cointegration 

regression is tested 

 t t tY X    (1) 
 

where tX  is the price of the first share, tY  the price of the second share,   the 

ratio between the shares and t  the residual term of the regression. 

 

In the second step the residuals of the OLS regression are tested for stationarity 

using the Augmented Dickey-Fuller unit root test (hereinafter ADF) at 95% 

confidence level, see Said and Dickey (1984).  

 

 1 1
1

p

t t i t t
i

u     



       (2) 

 

where   is a constant, t  the residual term from Equation (1), p the lag order of 

the autoregressive process and t  the differenced autoregressive term. Differenced 

autoregressive terms were added one by one as long as they were significant at 

95% level. As soon as the lag added was not found to be significant, the process 

was stopped and the previous lag order was used. The hypothesis of no 

cointegration is tested, where 0  , against the alternative hypothesis where 0  . 

 

The order of the variables X and Y in Equation (1) was not paid special attention 

to, as intuitively, if X is cointegrated with Y, Y is cointegrated with X. It is possible 

that the results obtained in Equation (2) on the stationarity of the process differ 

slightly in terms of t-stat obtained, the conclusions, however, were the same for both 

orders (X - Y or Y - X) for all the pairs of shares in this investigation. 

 
At present, cointegration is a standard approach to investigate the long-term 

relationships between variables.  
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Dunis and Shannon (2005) and Elfakhani et al. (2008) try to find out whether 

international diversification still adds value as the growing effects of globalization 

might reduce the diversification benefits. They find evidence of cointegration 

between various markets, but not all markets are cointegrated, which means that 

diversification can certainly still add value. 

 

Alexander and Dimitriu (2002) present the arguments in favour of cointegration 

compared to correlation as a measure of association in financial markets. The assets 

that are cointegrated tend to fluctuate together longer therefore a frequent 

rebalancing is not needed. They also present the long-short index arbitrage strategy, 

where an investor selects two sets of stocks that are cointegrated with the index. The 

first set is cointegrated with “the index plus certain percentage” and the second set of 

stocks is cointegrated with “the index minus certain percentage”. Thus they obtain 

two portfolios, and go long the one that they expect will beat the desired index, 

whereas they short the one which is expected to trail the same market index. Dunis 

and Ho (2005) follow a similar approach and using cointegration they devise an 

index tracking portfolio and also suggest an arbitrage long-short portfolio of stocks. 

 

Burgess (2003) uses cointegration to hedge equities positions without the need to 

identify risk factors and sensitivities. He also devises a cointegration based index 

arbitrage by finding a portfolio of securities cointegrated with a market index. Once 

the portfolio and index divert significantly, the mispricing is exploited by taking 

appropriate positions. 

 

Lin et al. (2006) develop a statistical framework to exploit the mispricing between 

two assets based on cointegration which also includes maximum loss limitations. 

 

Galenko et al. (2007) try to exploit relative mispricings among 4 world indexes 

using a cointegration model. They conclude that the model clearly outperforms a 

simple buy-and-hold strategy. 

 

Other methods besides cointegration could well have been used to control for 

mean reversion, such as non-parametric distance method adopted by Gatev et al. 
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(2006) and Nath (2003) or stochastic approach adopted by Mudchanatongsuk et al. 

(2008) or Elliott et al. (2005). 

2.3 TIME ADAPTIVE MODELS 

Dunis and Shannon (2005) use time adaptive betas with the Kalman filter 

methodology (see Hamilton (1994) or Harvey (1981) for a detailed description of the 

Kalman filter implementation). The Kalman filter is a popular technique when time 

varying parameters in the model need to be estimated (see Choudhry and Wu 

(2009), Giraldo Gomez (2005), Brooks et al. (1998) and Burgess (1999)). These 

papers support the Kalman filter method as a superior technique for adaptive 

parameters. It is a forward looking methodology, as it tries to predict the future 

position of the parameters as opposed to using a rolling OLS regression, see Bentz 

(2003). 

 

Alternatively double exponential smoothing-based prediction models can be used 

for adaptive parameter estimation. According to LaViola (2003a) and LaViola 

(2003b) DESP models offer comparable prediction performance to the Kalman filter, 

with the advantage that they run 135 times faster. For the use and more detailed 

explanation of the model see Chapter 3. 

 

2.4 EXCHANGE TRADED FUNDS 

ETFs are a result of financial innovation and one of the fastest growing financial 

instruments. Most ETFs replicate well-known indices or sector sub-indices and thus 

could be compared to passive market index funds. ETFs were first introduced in the 

U.S. in 1993 and now constitute about 40% of the market index funds, see Dunis et 

al. (2010a). 

 

There are certain tax differences among standard index funds and ETFs. Equity 

mutual funds investors are taxed on realized capital gains which is not the case for 

buy-and-hold investors of portfolio of the securities, see Dickson et al. (2000). ETFs 

use a special “redemption in kind” to reduce or completely eliminate such an 

obligation which results in their tax advantage, see Hameed et al. (2010). However, 
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Hameed et al. (2010) compare pre- and post- tax returns between the largest ETF7 

and the largest equity index fund8. They find that between the years investigated, 

1994 and 2000, there are no significant differences between pre- and post- tax 

returns. Dunis et al. (2010c) in her study also finds that despite different fees and tax 

implications the conventional index funds and ETFs are substitutes. 

 

On the other hand, Patton (2009) examines the performance of ETFs compared 

to conventional index funds and shows that conventional index funds outperform 

ETFs, the reason being the non-reinvestment of dividends. 

 

Thus evidence is not clearly in favour of ETFs. However, ETFs might be a more 

appropriate investment vehicle for sophisticated traders than traditional index mutual 

funds. ETFs, like traditional shares, can be bought on margin and also sold short. It 

is also obviously possible to trade ETFs intraday unlike mutual funds, which can only 

be bought at end-of-day value. 

 

Due to the impossibility of short sales, index mutual funds are not an appropriate 

vehicle for pair trading, which is not the case of ETFs. ETFs are also more suitable 

for individual investors than futures due to lower nominal amounts traded. ETFs are 

comparable to shares in terms of practical trading (possibility to trade small nominal 

amounts, possibility to short, intraday trading), but in nature they are usually 

constructed to track the performance of various indices (either sectoral or broad 

market indices). 

2.5 HEDGE FUNDS 

The pair trading technique is used primarily by hedge funds and there is a whole 

distinct group bearing the name “market neutral funds”, see Khandani and Lo (2007) 

for the definition or Capocci (2006) for a closer examination of their properties. 

Hedge funds employ dynamic trading strategies, see Fung and Hsieh (1997). Those 

strategies are dramatically different from the ones employed by mutual funds and 

this enables them to offer investors more attractive investment properties (expressed 

by e.g. information ratio), see Liang (1999). 

                                                      
7 SPDR S&P 500 ETF. 
`8 Vanguard Index 500 Index. 
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Chapter 3 - Statistical Arbitrage and High-

Frequency Data with an Application to Eurostoxx 50 

Equities 

 

 

 

Overview 

The motivation for this chapter is to apply a statistical arbitrage technique of pairs 

trading to high-frequency equity data and compare its profit potential to the standard 

sampling frequency of daily closing prices. We use a simple trading strategy to 

evaluate the profit potential of the data series and compare information ratios yielded 

by each of the different data sampling frequencies. The frequencies observed range 

from a 5-minute interval, to prices recorded at the close of each trading day. 

 

The analysis of the data series reveals that the extent to which daily data are 

cointegrated provides a good indicator of the profitability of the pair in the high-

frequency domain. For each series, the in-sample information ratio is a good 

indicator of the future profitability as well. 

 

Conclusive observations show that arbitrage profitability is in fact present when 

applying a novel diversified pair trading strategy to high-frequency data. In particular, 

even once very conservative transaction costs are taken into account, the trading 

portfolio suggested achieves very attractive information ratios (e.g. above 3 for an 

average pair sampled at the high-frequency interval and above 1 for a daily sampling 

frequency). 
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3.1 INTRODUCTION 

In this article a basic pair trading (long-short) strategy is applied to the constituent 

shares of the Eurostoxx 50 index. A long-short strategy is applied to shares sampled 

at 6 different frequencies, namely 5-minute, 10-minute, 20-minute, 30-minute, 60-

minute and daily sampling intervals. The high frequency data spans from 3rd July 

2009 to 17th November 2009, our daily data spans from 3rd January 2000 to 17th 

November 2009. 

 

We introduce a novel approach, which helps enhance the performance of the 

basic trading strategy. The approach consists in selecting the pairs for trading based 

on the best in-sample information ratios and the highest in-sample t-stat of the ADF 

test of the residuals of the cointegrating regression sampled a daily frequency. We 

form the portfolios of 5 best trading pairs and compare the performance with 

appropriate benchmarks. 

 

Yet another improvement we introduce is the use of the high-frequency data. The 

advantage of using the high-frequency data is higher potentially achievable 

information ratio9 compared to the use of daily closing prices, see Aldridge (2009) 

and thus higher attractivity for investors.  

 

Market neutral strategies are generally known for attractive investment 

properties, such as low exposure to the equity markets and relatively low volatility, 

see Capocci (2006) but recently the profitability of these strategies has deteriorated, 

see Gatev et al. (2006). While Gatev et al. (2006) only go back to 2002, the Hedge 

Fund Equity Market Neutral Index (HFRXEMN Index in Bloomberg) which started 

one year later, i.e. 2003, does not show the supposed qualities for which market 

neutral strategies are attractive, i.e. steady growth and low volatility. The industry 

practice for market neutral hedge funds is to use a daily sampling frequency and 

standard cointegration techniques to find matching pairs, see Gatev et al. (2006, p. 

10), who “use this approach because it best approximates the description of how 

traders themselves choose pairs.” Thus, by modifying an already well-known 

strategy using intraday data we may obtain an “edge” over other traders and 

                                                      
9 Information ratio is calculated as the ratio of annualized return to annualized standard deviation. 
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compare the results of simulated trading using intraday data on various sampling 

frequencies with daily data.  

 

The rest of the chapter is organized as follows. Section 3.2 describes the data 

used and section 3.3 explains the methodology implemented. Section 3.4 presents 

the pair trading model and Section 3.5 gives the preliminary out-of-sample 

performance results. Section 3.6 shows our results in a diversified portfolio context 

and Section 3.7 concludes. 

 

3.2 THE EUROSTOXX 50 INDEX AND RELATED FINANCIAL DATA 

We use 50 stocks that formed the Eurostoxx 50 index as of 17th November 2009, 

see Appendix 3-6 for the names of shares we used. The data downloaded from 

Bloomberg includes 6 frequencies: 5-minute, 10-minute, 20- minute, 30-minute and 

60-minute data (high-frequency data) and daily prices. We call all the data related 

with the minute dataset high-frequency for brevity purposes. 

 

Our database of minute data spans from 3rd July 2009 to 17th November 2009, 

both dates included10. In Figure 3-1 below we show the evolution of the Eurostoxx 50 

Index during the period concerned. 

 

                                                      
10 The high-frequency database includes prices of transactions for the shares that take place 

closest in time to the second 60 of particular minute-interval (e.g. transaction recorded just before the 
end of any 5-minute interval, or whichever selected interval in case of other high-frequencies), but not 
having taken place after second 60, so that if one transaction took place at e.g. 9:34:58 and the 
subsequent one at 9:35:01, the former transaction would be recorded as of 9:35. 
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Figure 3-1. The Eurostoxx 50 index in the period: 3rd July 2009 - 17th November 2009 

 

We download the data from Bloomberg, which only stores the last 100 business 

days worth of intraday data. We downloaded the data on 17th November 2009 and 

that is why our intraday data span from 3rd July 2009. Intraday stock prices are not 

adjusted automatically by Bloomberg for dividend payments and stock splits and we 

had to adjust them ourselves.11  Our database only includes the prices at which the 

shares were transacted, we do not dispose of bid and ask prices. Therefore some of 

our recorded prices are bids and some of them asks depending on which transaction 

was executed in each particular case. As for the number of data points we have at 

our disposal, we have as many as 8.000 data points when data are sampled at 5-

minute interval for the last 5 months. For lower frequencies, the amount of data falls 

linearly with decreasing frequency. For example, in the case of 10-minute data we 

have around 4.000 data points whereas we only have 2.000 data points for 20-

minute data. 

  

The database that includes daily closing prices spans from 3rd January 2000 to 

17th November 2009, including the dates mentioned. The data are adjusted for 

                                                      
11 Daily data are adjusted automatically by Bloomberg. Concerning intraday data, first we obtain 

the ratio of daily closing price (adjusted by Bloomberg) to the last intraday price for that day 
(representing the unadjusted closing price). Then we multiply all intraday data during that particular 
day by the calculated ratio. We repeat the procedure for all days and shares for which we have 
intraday data.  
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dividend payments and stock splits12. Some shares do not date back as far as 3rd 

January 2000, and as a consequence the pairs that they formed contain lower 

amount of data points.13 

 

In Table 3-1 below we show the start and the end of the in- and out-of-sample 

periods for all the frequencies. For high-frequency data the in- and out-of-sample 

periods have the same lengths. For daily data, the in-sample period is much longer 

than the out-of-sample period. The start of the out-of-sample period is not aligned 

between daily and high-frequency data. If the out-of-sample period for daily data 

started at the same date as is the case for high-frequency data, it would not contain 

enough data points for the out-of-sample testing (had it started on 10th September, it 

would have contained only as little as 50 observations and this is why we start the 

out-of-sample period for daily data at the beginning of 2009, yielding 229 data 

points). 

 

 

Table 3-1. Specification of the in- and out-of-sample periods and number of data points contained in each 

 

We used the Bloomberg sector classification with the “industry_sector” ticker. We 

divide the shares in our database into 10 industrial sectors: Basic Materials, 

Communications, Consumer Cyclical, Consumer Non-cyclical, Diversified, Energy, 

Financial, Industrial, Technology and Utilities. Also note that there is only one share 

in the category “diversified” and “technology” in Appendix 3-6, which prevents both 

these shares from forming pairs. 

 

For our pair trading methodology, we select all the possible pairs from the same 

industry. This is not a problem with daily data, as we have daily closing prices for the 

                                                      
12 Daily data are automatically adjusted by Bloomberg. 
13 In particular, four shares do not date back from 3rd January 2000 (Anheuser-Busch starts from 

30th November 2000, Credit Agricole S.A. starts from 13th December 2001, Deutsche Boerse AG 
starts from 5th February 2001 and GDF Suez starts from 7th July 2005). 

 

No. points No. points

5-minute data 03 July 2009 09 September 2009 4032 10 September 2009 17 November 2009 4032

10-minute data 03 July 2009 09 September 2009 2016 10 September 2009 17 November 2009 2016

20-minute data 03 July 2009 09 September 2009 1008 10 September 2009 17 November 2009 1008

30-minute data 03 July 2009 09 September 2009 672 10 September 2009 17 November 2009 672

60-minute data 03 July 2009 09 September 2009 336 10 September 2009 17 November 2009 336

Daily data 03 January 2000 31 December 2008 2348 01 January 2009 17 November 2009 229

In-sample Out-of-sample



17 
 

same days for all the shares in the sample. In contrast, at times an issue of liquidity 

with high-frequency data occurs where, for a certain pair, one share has a price 

related to a particular minute whilst no price is recorded for the other due to no 

transaction having taken place in that minute. In such an event, spare prices were 

dropped out so that we were left with two price time series with the same number of 

data points in each, where the corresponding prices were taken at approximately the 

same moment (same minute). However, such a situation presents itself only rarely, 

as these 50 shares are the most liquid European shares listed. 

 

3.3 METHODOLOGY 

In this part we describe in detail the techniques which we use in simulated 

trading. First we describe the Engle and Granger (1987) cointegration approach. 

Then, in order to make the beta parameter adaptive, we describe techniques which 

we used, namely rolling OLS, the DESP model and the Kalman filter.  

 

However, as using the Kalman filter proves to be a superior technique for the 

beta calculation as will be shown later, only the Kalman filter is used for the 

calculation of the spread to obtain the final results presented in the chapter. 

3.3.1 Cointegration model 

First, we form the corresponding pairs of shares from the same industry. Once 

these are formed, we evaluate whether the pairs are cointegrated in the in-sample 

period. We investigate in the empirical part whether the fact that pairs are 

cointegrated or not helps improve the profitability of the pairs selected. Thus, we do 

not disqualify any pairs at first and also take into account the ones that are not 

cointegrated. 

 

The 2-step approach proposed by Engle and Granger (1987) is used for the 

estimation of the long-run equilibrium relationship where first the OLS regression 

shown below is performed.  

 

 t t tY X    (3) 

 



18 
 

In the second step the residuals of the OLS regression are tested for stationarity 

using the Augmented Dickey-Fuller unit root test (hereinafter ADF) at 95% 

confidence level, see Said and Dickey (1984). 

 

3.3.2 Rolling OLS 

To calculate the spread, first we need to calculate the rolling beta using rolling 

OLS. Beta at time t is calculated from n previous points. 

 

 t t t tY X    (4) 

 

However, the rolling OLS approach is the least favoured by the literature due to 

“ghost effect”, “lagging effect” and “drop-out effect”, see Bentz (2003). 

 

We optimized the length of the OLS rolling window using genetic optimization.14 

For more details on the genetic optimization, see Goldberg (1989) and Conn et al. 

(1991). The objective of the genetic optimization was to maximize the average in-

sample information ratio for 615 randomly chosen pairs16 at a 20-minute sampling 

frequency. The optimized parameter was the length of the rolling window for the OLS 

regression in the in-sample period. Thus, the genetic algorithm was searching for the 

optimum length of the rolling window in the in-sample period with the objective to 

maximize the in-sample information ratio. The best values found for the in-sample 

period were subsequently used in the out-of-sample period as well. The same 6 

pairs at the same sampling frequency with the same objectives were optimized also 

in case of the DESP model and Kalman filter. 

 

                                                      
14  The optimization was performed in MATLAB. The genetic algorithm was run with default 

options. The optimization started with 100 generations and both, mutation and crossover, were 
allowed. 

15 We only optimized the parameters for 6 pairs due to the length of the genetic optimization 
process. 

16 MATLAB function rand was used to generate 6 random numbers from 1 to 176 (as rand only 
generates numbers from 0 to 1, the result of rand was multiplied by 176 and rounded to the nearest 
integer towards infinity with the function ceil). 176 is the number of all the possible pairs out of 50 
shares, provided that only the pairs of shares from the same industry are selected. 
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The average OLS rolling window length for the 6 pairs found using genetic 

algorithm was 200 points, which was then used for all the remaining pairs and 

frequencies in the out-of-sample period. 

 

3.3.3 Double exponential-smoothing prediction model 

Double exponential smoothing-based prediction (DESP) models are defined by 

two series of simple exponential smoothing equations. 

 

First, we calculate the original t  series, where t
t

t

Y

X
  at each time step. Once 

we have t  series, we smooth it using the DESP model. DESP model is defined by 

the following 2 equations. 

   

 1(1 )t t tS S      (5) 

 

 1(1 )t t tT S T       (6) 

 

where t  is an original series at time t, tS  is a single exponentially smoothed 

series, tT  a double exponentially smoothed series and   the smoothing parameter. 

At each point t in time, the prediction of the value of t in time period t+1 is given by: 

 

 1t t ta kb     (7) 

 

 2t t ta S T   (8) 

 ( )
1t t tb S T



 


 (9) 

 

where 1t 
  is the prediction of the value of t in time period t+1, ta  the level 

estimated at time t and tb  the trend estimated at time t and k  the number of look-

ahead periods. 
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We optimized the   and k  parameters present in Equations (5), (6), (9) and (7) 

respectively. Optimized values for   and k  are 0.8126 and 30 respectively.  

 

3.3.4 Time-varying parameter models with Kalman filter 

The Kalman filter allows parameters vary over time and it is more optimal than 

rolling OLS for adaptive parameter estimation, see Dunis and Shannon (2005). 

Further details of the model and estimation procedure can be found in Harvey (1981) 

and Hamilton (1994). 

 

The time varying beta model can be expressed by the following system of state-

space equations: 

 t t t tY X    (10) 

 

 1t t t     (11) 

 

where tY  is the dependent variable at time t, t  is time-varying coefficient, tX  is 

the independent variable at time t, and t  and t  are independent uncorrelated error 

terms. Equation (10) is known as a measurement equation and Equation (11) as the 

state equation, which defines beta as a simple random walk in our case. We thus 

use similar model to Dunis and Shannon (2005) or Burgess (1999). For the full 

specification of the Kalman filter model please see Appendix 3-1. 

 

We optimized the noise ratio, see Appendix 3-2 for the noise ratio definition. The 

resulting value for the noise ratio of 3.0e-7 was then used for all the remaining pairs 

and frequencies. 

 

3.4 THE PAIR TRADING MODEL 

The procedures described in this section were applied to both daily and high-

frequency data. The pairs had to belong to the same industry to be considered for 
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trading. It was the only condition in order to keep our strategy simple. This leaves us 

with pairs immune to industry-wide shocks. 

 

3.4.1 Spread calculation 

First, we calculate the spread between the shares. The spread is calculated as 

 
t tt Y t Xz P P   (12) 

 

where tz  is the value of the spread at time t, 
tXP  is the price of share X at time t, 

tYP is the price of share B at time t and t  is the adaptive coefficient beta at time t. 

 

Beta was calculated at each time step using 3 of the methods described in the 

methodological part, namely the rolling OLS, the DESP model and the Kalman filter. 

 

We did not include a constant in any of the models. Intuitively speaking, when the 

price of one share goes to 0, why would there be any threshold level under which the 

price of the second share cannot fall? Furthermore, by not including a constant, we 

obtain a model with fewer parameters to be estimated. 

 

3.4.2 Entry and exit points 

First we estimate the spread of the series using Equation (12). The spread is then 

normalized by subtracting its mean and dividing by its standard deviation. The mean 

and the standard deviation are calculated from the in-sample period and are then 

used to normalize the spread both in the in- and out-of-sample periods. 

 

We sell (buy) the spread when it is 2 standard deviations above (below) its mean 

value and the position is liquidated when the spread is closer than 0.5 standard 

deviation to its mean. We decided to wait for 1 period before we enter into the 

position, to be on the safe side and make sure that the strategy is viable in practice. 

For instance, in case of 5-minute data, after the condition for entry has been fulfilled, 

we wait for 5-minutes before we enter the position. 
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We chose the investment to be money-neutral, thus the amounts of euros to be 

invested on the long and short side of the trade to be the same.17 As the spread is 

away from its long term mean, we bet on the spread reverting to its long term mean, 

but we do not know whether we will gain more from our long or short position18. We 

do not assume rebalancing once we enter into the position. Therefore, after an initial 

entry into the position with equal amounts of euros on both sides of the trade, even 

when due to price movements both positions stop being money-neutral, we do not 

rebalance the position. Only two types of transactions are allowed by our 

methodology, entry into a new position, and total liquidation of the position we were 

in previously.  

 

For an illustration, in Figure 3-2 below we show the normalized spread and the 

times when the positions are open. When the dotted line is equal to 1(-1), the 

investor is long (short) the spread. 

                                                      
17 Above we explained that our positions are money neutral on both sides of the trade. However in 

practice this is not always possible, as an investor is not able to buy share fractions. Thus, it might 
occur that we wish to be long 1000 euros worth of share A and short 1000 euros worth of share B. But 
the price of share X is 35 euros and the price of share Y is 100 euros. In this case we would need to 
buy 28.57 shares X and sell 10 shares Y. In the paper we simplified the issue and supposed that an 
investor is able to buy fractions of the shares. The reason is that one is able to get as close as one 
wishes to the money neutral position in practice. The only thing one has to do is to increase the 
amount of money on both sides of the trade. If in the previous example we wished to be long and 
short 100,000 euros, we would buy 2857 shares X and 1000 shares Y. 

18 We do not know which of the cases will occur in advance: whether the shares return to their 
long term equilibrium because the overvalued share falls more, the undervalued rises more, or both 
perform the same. 
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Figure 3-2. The normalized spread of the pair consisting of Bayer AG and Arcelor Mittal sampled a 20-minute 

interval 

 

In Figure 3-3 we show the cumulative equity curve for the pair consisting of Bayer 

AG and Arcelor Mittal19. Note how the investment lost almost 10% around half the 

sample as position was entered into too soon and continued to move against the 

investor. Finally it reverted and recovered almost all the capital lost. However, note 

that complete reversal did not mean that all the loss has been recovered. As the 

spread moved so far from its equilibrium level (6 standard deviations), the adaptive 

ratio between the shares changed. Thus, when we see normalized spread return to 

its long term mean in Figure 3-2, it is caused by the combination of two things: real 

reversal of the spread and adaptation of beta to new equilibrium level. The latter was 

the cause that not entire loss has been recovered. 

 

                                                      
19 The pair was chosen only for an illustration of the approach. Both shares are from the same 

industry: Basic materials, see Appendix 3-6. In Figure 3-3 the same pair of shares is shown as was 
the case in Figure 3-2 
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Figure 3-3. Cumulative equity curve in percent of the pair trading strategy applied to Bayer AG and Arcelor Mittal 

sampled at a 20-minute interval 

 

In the next section we explain the different indicators calculated in the in-sample 

period, trying to find a connecting link with the out-of-sample information ratio and as 

a consequence offer a methodology for evaluating the suitability of a given pair for 

arbitrage trading. 

 

3.4.3 Indicators inferred from the spread 

All the indicators are calculated in the in-sample period. The objective is to find 

the indicators with high predictive power of the profitability of the pair in the out-of-

sample period. These indicators include the t-stat from the ADF test (on the residuals 

of the OLS regression of the two shares), the information ratio and the half-life of 

mean reversion. 

 

3.4.3.1 Half-life of mean reversion 

The half-life of mean reversion in number of periods can be calculated as:  
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where k is the median unbiased estimate of the strength of mean reversion from 

Equation (14), see Wu et al. (2000, p. 759) or Dias and Rocha (1999, p. 24). 

Intuitively speaking, it is half the average time the pair usually takes to revert back to 

its mean. Thus, pairs with low half-life should be preferred to high half-lives by 

traders. 

 

Equation (14) is called the OU equation and can be used to calculate the speed 

and strength of mean reversion, see Mudchanatongsuk et al. (2008). The following 

formula is estimated on the in-sample spread: 

 

  t t tk z dt Wdz d     (14) 

 

where   is the long-term mean of the spread, tz  value of the spread at particular 

point in time, k  the strength of mean reversion,   the standard deviation and tW  the 

Wiener process. The higher the k , the faster the spread tends to revert to its long-

term mean. Equation (14) is used indirectly in the chapter, it is just the 

supplementary equation from which we calculate the half-life of mean reversion of 

the pairs. 

 

3.4.3.2 Information ratio 

We decided to use the information ratio (IR), a widely used measure among 

practitioners which gives an idea of the quality of the strategy20. An annualized 

information ratio of 2 means that the strategy is profitable almost every month. 

Strategies with an information ratio around 3 are profitable almost every day, see 

Chan (2009). For our purpose we calculated the information ratio as: 

 

     .       .252
R

Annualized Information Ratio hourstraded per day


  (15) 

 

                                                      
20 IR has now become more popular among practitioners in quantitative finance than Sharpe ratio. 

The formula for a Sharpe ratio (SR) calculation can be found in Appendix 3-7. Note that the only 
difference between IR and SR is the risk free rate in the denominator of SR. 
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where R  is the average return we obtain from the strategy and   is the standard 

deviation of return of the strategy - both calculated at the same time frame. However, 

it is not the perfect measure and Equation (15) overestimates the true information 

ratio if returns are autocorrelated, see e.g. Sharpe (1994) or Alexander (2008, p. 93). 

 

3.5 OUT-OF-SAMPLE PERFORMANCE AND TRADING COSTS 

3.5.1 Return calculation and trading costs 

The return in each period is calculated as 

 
1 1

ln( / ) ln( / )
t t t tt X X Y YRet P P P P

 
   (16) 

 

where 
tXP  is the price of the share we are long in period t, 

1tXP


 the price of the 

share we are long in period t-1, 
tYP  the price of the share we are short in period t, 

and 
1tYP


 the price of the share we are short in period t-1. 

We consider conservative total transaction costs of 0.3% one-way in total for both 

shares, similar to e.g. Alexander and Dimitriu (2002). We are dealing with the 50 

most liquid European shares in this chapter. Transaction costs consist of 0.1%21 of 

brokerage fee for each share (thus 0.2% for both shares), plus a bid-ask spread for 

each share (long and short) which we assume to be 0.05% (0.3% in total for both 

shares). 

 

We calculate a median bid-ask spread for the whole time period investigated for 6 

randomly chosen stocks sampled at a 5-minute interval. We chose 6 stocks using 

the same randomization procedure which we used to select 6 random pairs for the 

genetic optimization purposes for rolling OLS, DESP and Kalman filter. Median value 

of the 6 median values of the bid-ask spreads was 0.05%. The bid-ask spread at 

every moment was calculated as: 

 

                                                      
21  For instance Interactive Brokers charges 0.1% per transaction on XETRA market (see 

http://www.interactivebrokers.com/en/p.php?f=commission and 
http://www.interactivebrokers.com/en/accounts/fees/euroStockBundlUnbund.php?ib_entity=llc, the 
bundled cost structure. Last accessed 14th February 2010) 

http://www.interactivebrokers.com/en/p.php?f=commission
http://www.interactivebrokers.com/en/accounts/fees/euroStockBundlUnbund.php?ib_entity=llc
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 (17) 

 

where AP  is the ask price of a share at any particular moment and BP  is the bid 

price at the same moment.  

 

We buy a share which depreciates significantly whilst on the other hand we sell 

those that appreciate significantly. Therefore in real trading it may be possible not to 

pay the bid-ask spread. The share that we buy is in a downtrend. The downtrend 

occurs because transactions are executed every time at lower prices. And the lower 

prices are the result of falling ask prices which get closer to (or match) bid prices, 

thus effectively one does not have to pay bid-ask spread and transacts at or close to 

the bid quote. The opposite is true for rising prices of shares. 

 

3.5.2 Preliminary out-of-sample results 

In Table 3-2 we present the out-of-sample information ratios excluding 

transaction costs for the pair trading strategy at all the frequencies we ran our 

simulations for. Results across all the three methods used are displayed. 

 

Results are superior for the Kalman filter method for the most sampling 

frequencies. That is why we focus exclusively on this methodology in our further 

analysis. It is interesting to note that rolling OLS and DESP do not offer clearly better 

results compared to the case when beta is fixed. 

 

 
Table 3-2. Out-of-sample information ratios for the simulated pair trading strategy at different frequencies. 

Transaction costs have not been considered. 

AVERAGE VALUES Fixed Beta rolling OLS DESP Kalman

5-minute data 0.96 0.92 1.27 1.21

10-minute data 0.96 0.88 0.77 1.27

20-minute data 0.90 1.03 0.75 1.19

30-minute data 0.97 1.09 0.88 1.34

60-minute data 0.94 0.91 0.99 1.23

Daily data 0.49 -0.33 0.52 0.74
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From Table 3-2 it is also clear that higher sampling frequencies offer more 

attractive investment characteristics then using daily data for all the methodologies. 

 

In Figure 3-4 we present adaptive betas calculated using the three approaches 

mentioned. Both the OLS and DESP beta seem to fluctuate around the Kalman filter 

beta. 

 

 

Figure 3-4. Various betas calculated for the Bayer AG and Arcelor Mittal pair sampled at a 20-minute interval 

 

In Figure 3-5 we show the distribution of the information ratios including 

transaction costs for the 20-minute sampling frequency with the Kalman filter used 

for the beta calculation. 
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Figure 3-5.Distribution of information ratios for a 20-minute sampling frequency. One-way transaction costs of 0.4% 

have been considered.  

 

From the above figure it is clear that an average pair trading is profitable and that 

pairs are mainly situated to the right of 0.  

 

We also present the distribution of information ratios for daily data to be able to 

investigate more closely the difference between higher and lower sampling 

frequencies, see Figure 3-6. 

 

Figure 3-6. Information ratios of the pairs using daily sampling frequency. One-way transaction costs of 0.4% have 

been considered. 
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One important thing to consider is the lower amount of observations. The out-of-

sample period for daily data included has only 229 data points (see Table 3-1) when 

compared to Figure 3-5 and the pairs that did not record any transaction were 

excluded. 

 

Again, as in Figure 3-5, majority of the information ratios is situated in positive 

territory. Distributions of information ratios for other sampling frequencies can be 

seen in Appendix 3-2, Appendix 3-3, Appendix 3-4 and Appendix 3-5. 

 

The summary statistics for all trading frequencies can be seen in Table 3-3 

below. The main difference between the daily data and high-frequency data is the 

maximum drawdown and maximum drawdown duration, see Magdon-Ismail (2004). 

Both these measures are of primary importance to investors. The maximum 

drawdown defines the total percentage loss experienced by the strategy before it 

starts “winning” again. In other words, it is the maximum negative distance between 

the local maximum and subsequent local minimum measured on an equity curve and 

gives a good measure of the downside risk for the investor (see Appendix 3-6). 

 

 

Table 3-3. The out-of-sample annualized trading statistics for pair trading strategy with the Kalman filter used for 

the beta calculation 

 

On the other hand, maximum drawdown duration is expressed as the number of 

days since the drawdown has begun until the equity curve returns to the same 

percentage gain as before. Both these measures are important for the psychology of 

investors, because when the strategy is experiencing a drawdown, investors might 

start questioning the strategy itself.  

 

Both statistics are significantly higher for daily data than for any higher frequency. 

The maximum drawdown for daily data is 13.61%, whereas it is 4.11% for high-

AVERAGE VALUES 5-minute 10-minute 20-minute 30-minute 60-minute Average HF Daily

Information ratio (ex TC) 1.21 1.27 1.19 1.34 1.23 1.25 0.74

Information ratio (incl. TC) 0.26 0.64 0.77 0.97 0.97 0.72 0.70

Return (ex TC) 16.03% 17.58% 17.12% 20.25% 18.71% 17.94% 19.55%

Return (incl. TC) 1.92% 7.83% 10.33% 14.08% 14.08% 9.65% 18.62%

Volatility  (ex TC) 17.55% 18.51% 18.57% 19.35% 19.57% 18.71% 29.57%

Positions taken 49 34 24 21 17 29 3

Maximum drawdown (ex TC) 4.09% 4.25% 4.07% 4.07% 4.08% 4.11% 13.61%

Maximum drawdown duration (ex TC) 5 10 10 20 19 13 79
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frequency data. The maximum drawdown duration ranges from 5 to 20 days for the 

high-frequency data and is as much as 79 days for the daily data. 

 

Information ratios (excluding trading costs) are slightly higher for high-frequency 

data as has already been shown in Table 3-2. But when trading costs are 

considered, high-frequency data are more affected than daily data, as one would 

expect (due to the higher number of transaction). For instance the information ratio 

for the 5-minute data drops from an attractive 1.21 to only 0.26 when the trading 

costs are considered. Average information ratio of the pairs sampled at high-

frequencies is 0.72, very similar to the daily sampling frequency (0.70). However, we 

consider very conservative trading costs which penalize high-frequency data too 

much, and the information ratio achievable in the real trading might be considerably 

higher.  

 

3.5.3 FURTHER INVESTIGATIONS 

We further analyze our results below and address some interesting issues from 

an investment perspective. 

 

3.5.3.1  Relationship between the in-sample t-stats and the out-of-sample 

information ratios 

We examine whether the in-sample cointegration of a given trading pair implies 

better out-of-sample performance. One can logically assume that a higher 

stationarity of the residual from the cointegration equation implies a higher 

confidence that the pair will revert to its mean. Thus, the higher t-stat means higher 

confidence that   from Equation (2) is different from 0. In other words, the higher 

distance of   from 0 is captured by higher t-stat. The almost linear relationship can 

be seen in Figure 3-7 below. We perform this analysis only on daily data. We deal 

with intraday data later. 
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Figure 3-7. The relationship between the t-stat of the ADF test and the size of the coefficient  . Daily data have 

been used. 

 

Thus we would expect a significant positive correlation between the t-stat of the 

ADF test on the OLS residuals and the out-of-sample information ratio. 

 

We bootstrap (with replacement) the pairs consisting of information ratios and t-

stats22. The t-stat is obtained from the coefficient of the ADF test of the cointegrating 

equation. After bootstrapping (with replacement) the correlation coefficient 5,000 

times at a 95% confidence interval, we obtain a lower/upper limits for the coefficients 

shown in Table 3-4 below. 

                                                      
22 Our objective is to analyze the relation between the t-stat and the information ratio for all the 

pairs. Instead of calculating a point estimate of a correlation coefficient, we prefer to calculate the 
confidence intervals of a true correlation coefficient. We perform bootstrapping with replacement, the 
standard computer-intensive technique used in statistical inference to find confidence intervals of an 
estimated variable, see e.g. Efron, B. and Tibshirani, R. J. (1993) An Introduction to the Bootstrap, 
Chapman & Hall, New York.. It is a quantitative process in which we randomly repeat the selection of 
data (we repeat it for 5,000 times). Some samples might contain the same item more than once 
(hence the bootstrapping with replacement), whereas others may not be included at all. The process 
provides a new set of samples which is then used to calculate the unbiased confidence intervals for 
the true correlation coefficient. Bootstrapping in our case is a simple process of creating 5000 random 
samples from the original data set in such a way, that the corresponding pairs are selected 176 times 
from an original data set to form each of 5000 samples. 
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Table 3-4. 95% confidence intervals of the correlation coefficients between t-stats generated in the in-sample 

period and the out-of-sample information ratios 

 

The in-sample t-stat seems to have certain predictive power for the out-of-sample 

information ratio, although not for all the frequencies. The only frequencies for which 

the t-stat works are data sampled 5- and 10-intervals. For all the other frequencies 

the centre of the distribution is either very close to 0 (20-minute and daily data) or 

slightly negative (30-minute and 60-minute data). For instance, 95% confidence 

intervals for daily data are almost perfectly centred around 0 (-0.18 and 0.22), 

implying that the true correlation coefficient might be 0. 

 

3.5.3.2  Relationship between t-stats for different high-frequencies and pairs 

In this chapter we have various sampling frequencies defined as high frequency. 

Those are data sampled at 5-, 10-, 20-, 30- and 60-minute intervals. In this section 

we investigate whether there is a certain structure in their t-stats which could help us 

reduce the dimensionality of higher frequencies. This would enable us to pick only 

one higher frequency representative of all the intervals for further analysis.  

 

To do that we apply principal component analysis (PCA) to all the high-frequency 

pairs, see Jollife (1986) for the most comprehensive reference of PCA. PCA is a 

statistical technique which tries to find linear combinations of the original assets 

accounting for the highest possible variance of the total variance of the data set. If 

there is a strong common behaviour of the assets, in our case the t-stats across 

different pairs and frequencies, just a few first principal components should suffice to 

explain the behaviour of the entire data set. 

 

As the first step to obtain the data suitable as an input to PCA we form the matrix 

of t-stats from the ADF test. Each row of the matrix contains t-stats for different pairs 

(we have 176 rows, the same amount as the number of pairs) and each column 

contains t-stats for these pairs sampled at different frequencies (thus we have 5 

in-sample t-stats vs. oos information ratio 5-minute 10-minute 20-minute 30-minute 60-minute Daily

LOWER 0.04 -0.05 -0.18 -0.22 -0.26 -0.18

UPPER 0.32 0.23 0.13 0.10 0.09 0.22



34 
 

columns, one for 5-, 10-, 20-, 30- and 60-minute interval). The matrix is normalized 

across the columns by subtracting the mean and dividing by the standard deviation 

of each column. In this way, we obtain a matrix with mean 0 and unit variance in 

each column. 

 

The covariance of such a normalized matrix serves as an input for a principal 

components analysis. The first principal component explains over 97.9% of the 

variation in the data, confirming that there is a clear structure in the dataset. This 

means that trading pairs have similar t-stats across all the frequencies (in other 

words columns of the original matrix are similar). 

This finding is further reinforced by comparing variances between t-stats. From 

the original matrix of t-stats, we calculate variances for each frequency. We obtain 5 

variances between the pairs (1 for each high frequency), which all vary around 0.58, 

quite a high variance for t-stats when considering that t-stats range from 0.18 to 

2.83. Then we compute the variance of the t-stats for each of the 176 pairs across 

the 5 frequencies. These are much smaller in magnitude, the maximum variance 

being just around 0.14. Thus, the fact that variances between different frequencies 

are small when considering each of the 176 pairs, but variances between the pairs 

are high further demonstrates that t-stats tend to be similar across all the frequencies 

for any particular pair. 

 

As a conclusion we summarize that once a pair has been found to be 

cointegrated (in any time interval higher than the daily data) it tends to be 

cointegrated across all the frequencies. Hence we only need to look at one 

frequency. 

3.5.3.3  Does cointegration in daily data imply higher frequency cointegration? 

We just demonstrated that there is a clear structure in the high-frequency dataset 

of the t-stats. The conclusion was that it is sufficient to consider only one higher 

frequency (here we decide for 5-minute data) as a representative for all the high-

frequencies. In this section we investigate the relationship between the t-stats for 

daily data (computed from 1st January 2009 to 9th September 2009 for daily data) 

and the t-stats for 5-minute data (computed from the out-of-sample period for 5-

minute data, i.e. 10th September 2009 to 17th November 2009). 
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We perform bootstrapping (with replacement) to obtain confidence intervals of the 

true correlation coefficient. The dataset is bootstrapped 5,000 times and a 95% 

confidence intervals are -0.03/0.33. 

 

The boundaries of the confidence intervals imply that there is a possible relation 

between the variables. The true correlation coefficient is probably somewhere 

around 0.15 (in the centre of the confidence intervals mentioned above). Thus, 

cointegration found in daily data implies that the spread should be stationary for 

trading purposes in the high-frequency domain.  

 

3.5.3.4  Does in-sample information ratio and the half-life of the mean reversion 

indicate what the out-of-sample information ratio will be? 

We showed above that there is a relationship between the profitability of the 

strategy and the stationarity of the spread computed from the t-stat of the ADF test. 

Here we try to find additional in-sample indicators (by looking at the in-sample 

information ratio and the half-life of mean reversion) of the out-of-sample profitability 

(measured by the information ratio) of the pair. 

 

We follow the same bootstrapping procedure we already performed in the 

previous sections to estimate the confidence intervals. That is, bootstrapping is 

performed 5,000 times (with replacement) as in other cases. 

 

In Table 3-5 below we show the bootstrapped correlation coefficients among the 

in- and out-of-sample information ratios (not taking into account transaction costs) 

across all frequencies. 

 

 

Table 3-5. 95% confidence intervals of the correlation coefficients between information ratios generated in the in- 

and out-of-sample periods 

 

in-sample vs. oos information ratio 5-minute 10-minute 20-minute 30-minute 60-minute Daily

LOWER -0.02 0.10 -0.09 -0.26 -0.16 0.07

UPPER 0.31 0.42 0.26 0.07 0.15 0.32
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The confidence bounds indicate that the in-sample information ratio can predict 

the out-of-sample information ratio to a certain extent. Whereas in Table 3-4 the t-

stat only worked for 5- and 10-minute data, the information ratio works for data 

sampled 5-, 10-, 20-minute and daily intervals. On the other hand, the in-sample 

information ratio does not work well for 30- and 60-minute data. We assume that the 

relationship should be positive whereas for 30- and 60-minute data the centre 

between the confidence bounds is negative and close to 0, respectively. Overall, the 

average lower/upper interval across all the frequencies presented is -0.06/0.26. 

 

Next we perform a bootstrapping of the pairs consisting of the in-sample half-life 

of mean reversion and the out-of-sample information ratio.  

 

We show the 95% confidence interval bounds of the true correlation coefficient in 

Table 3-6 below. As we would expect, the lower the half-life is, the higher the 

information ratio of the pair. The extent of the dependence is slightly lower than the 

one presented in Table 3-5. The average lower/upper interval across all the 

frequencies presented is -0.20/0.06. So we find that there is negative relation 

between the half-life of mean reversion and subsequent out-of-sample information 

ratio. 

 

 
Table 3-6. 95% confidence intervals of the correlation coefficients between the in-sample half-life of mean 

reversion and the out-of-sample information ratios 

 

Thus the 2 indicators presented here seem to have certain predictive power as to 

the out-of-sample information ratio of the trading pair. 

 

3.6 A DIVERSIFIED PAIR TRADING STRATEGY 

Standalone results of trading the pairs individually are quite attractive as shown 

in Table 3-3 but here we try to improve them using the findings from the previous 

section. We use the indicators mentioned just above to select the 5 best pairs for 

trading and present the results in what follows. 

half-life vs. oos information ratio 5-minute 10-minute 20-minute 30-minute 60-minute Daily

LOWER -0.18 -0.25 -0.24 -0.19 -0.15 -0.19

UPPER 0.08 -0.01 0.00 0.08 0.13 0.08
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First, we present the results of using each indicator individually. Results of 

selecting 5 pairs based on the best in-sample information ratios are shown in Table 

3-7 below. 

 

 

Table 3-7. The out-of-sample information ratios for 5 selected pairs based on the best in-sample information ratios 

 

Information ratios improve for pairs sampled at the high-frequency and daily 

intervals. The improvement is the most noticeable for pairs sampled at the high-

frequency intervals, when the average information ratio net of trading costs for the 

high-frequency data improves from 0.72 as in Table 3-3 to 3.24. The information 

ratio for daily data improves as well (from 0.7 to 1.32). Almost all the information 

ratios for the pairs sampled at the high-frequency intervals are above 2, a truly 

attractive result for the strategy. 

 

Maximum drawdown and maximum drawdown duration favour the pairs sampled 

at the high-frequency intervals as well. The average maximum drawdown for the 

pairs sampled at the high-frequency intervals is 1.58%, much less than the 

drawdown for the pairs sampled at a daily interval (4.26%). The maximum drawdown 

duration is 22 days on average for the high-frequency data, and 55 days for the daily 

data. 

 

In Table 3-8 below we show trading results based on the half-life of the mean 

reversion as an indicator. Thus, 5 pairs with the lowest half-life of the mean reversion 

were selected to form the portfolio. 

AVERAGE VALUES 5-minute 10-minute 20-minute 30-minute 60-minute Average HF Daily

Information ratio IN-SAMPLE (incl. TC) 5.65 6.21 6.57 6.81 6.77 6.40 0.90

Information ratio (ex TC) 3.22 9.31 3.44 3.92 1.27 4.23 1.39

Information ratio (incl. TC) 2.27 7.71 2.58 2.88 0.75 3.24 1.32

Return (incl. TC) 21.14% 33.63% 15.16% 13.63% 5.27% 17.77% 18.50%

Volatility (ex TC) 9.30% 4.36% 5.88% 4.73% 7.02% 6.26% 14.03%

Maximum drawdown (ex TC) 3.02% 0.78% 1.19% 1.49% 1.42% 1.58% 4.26%

Maximum drawdown duration (ex TC) 7                  17                18                33                34                22                55
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Table 3-8. The out-of-sample trading statistics for 5 pairs selected based on the best in-sample half-life of mean 

reversion 

 

The information ratios net of trading costs are not attractive, with 0.50 being the 

highest and -3.32 being the lowest. The average information ratio for the pairs 

sampled at the high-frequency interval is -0.75, which means that the average pair is 

not profitable. The information ratio of the pairs sampled at a daily interval is 0.5, 

which is profitable, but worse than the basic case shown in Table 3-3. Thus we 

decide not to take the half-life of mean reversion into consideration as a prospective 

indicator of the future profitability of the pair. 

 

In Table 3-9 below we show the results of using the in-sample t-stats of the ADF 

test of the cointegrating regression as the indicator of the out-of-sample information 

ratios. 

 

 

Table 3-9. The out-of-sample trading statistics for 5 pairs selected based on the best in-sample t-stats of the ADF 

test 

Focusing on the information ratios after transaction costs, they are worse than 

when the in-sample information ratio was used as an indicator. The out-of-sample 

information ratio after deduction of transaction costs is higher using the t-stats than 

using the in-sample information ratio only for a 5-minute data. For all the other 

frequencies, the in-sample information ratio is a better indicator. 

 

AVERAGE VALUES 5-minute 10-minute 20-minute 30-minute 60-minute Average HF Daily

Information ratio IN-SAMPLE (incl. TC) 0.58 1.33 4.35 4.42 5.51 3.24 0.46

Information ratio (ex TC) 1.59 6.42 4.35 1.34 0.59 2.86 0.57

Information ratio (incl. TC) -3.32 0.34 0.10 -0.85 -0.04 -0.75 0.50

Return (incl. TC) -18.27% 1.25% 0.26% -2.40% -0.26% -3.88% 6.71%

Volatility (ex TC) 5.50% 3.63% 2.63% 2.83% 7.01% 4.32% 13.43%

Maximum drawdown (ex TC) 0.81% 0.92% 0.93% 1.36% 1.84% 1.17% 3.07%

Maximum drawdown duration (ex TC) 3                  7                  16                29                34                18                57

AVERAGE VALUES 5-minute 10-minute 20-minute 30-minute 60-minute Average HF Daily

Information ratio IN-SAMPLE (incl. TC) 2.16 2.37 3.32 3.39 3.71 2.99 0.38

Information ratio (ex TC) 12.05 6.13 1.47 -0.22 1.28 4.14 -0.05

Information ratio (incl. TC) 5.60 2.47 -1.18 -0.90 0.15 1.23 -0.08

Return (incl. TC) 13.53% 6.49% -3.38% -6.49% 0.69% 2.17% -1.50%

Volatility (ex TC) 2.42% 2.62% 2.88% 7.23% 4.56% 3.94% 18.82%

Maximum drawdown (ex TC) 0.52% 0.57% 1.21% 1.19% 1.23% 0.94% 3.64%

Maximum drawdown duration (ex TC) 3                  7                  18                35                39                20                74
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In Table 3-10 below we present the results of using the t-stat of the ADF test for 

daily data (from 1st January 2009 to 9th September 2009) as an indicator of the out-

of-sample information ratio of the pairs sampled at the high-frequency intervals. 

Average information ratio for all the high-frequency trading pairs is around 3, which 

makes it the second best indicator after the in-sample information ratio. 

 

 

Table 3-10. The out-of-sample trading statistics for selected 5 pairs based on the best in-sample t-stats of the ADF 

test for daily data 

 

We also include an equally weighted combination of the indicators. We use the 

formula below: 

 

 1 2_
2

R R
Combined ranking


  (18) 

 

where 1R  and 2R  and are the rankings based on the in-sample information ratio 

and the in-sample t-stat of the series sampled at a daily interval. In other words, we 

assign a ranking from 1 to 176 to each pair of shares based on the 2 indicators 

mentioned just above. Then we calculate the average ranking for each trading pair 

and reorder them based on the new ranking values. Finally we form the portfolio of 

the first 5 trading pairs. 

 

The trading results of the combined ratio are presented in the Table 3-12 below. 

 

AVERAGE VALUES 5-minute 10-minute 20-minute 30-minute 60-minute Average HF

Information ratio IN-SAMPLE (incl. TC) 1.08 1.25 0.75 1.18 1.34 1.12

Information ratio (ex TC) 6.86 8.95 4.62 3.73 2.40 5.31

Information ratio (incl. TC) 2.12 5.40 3.12 2.64 1.75 3.01

Return (incl. TC) 7.65% 18.96% 15.89% 16.28% 12.55% 14.27%

Volatility (ex TC) 3.61% 3.51% 5.09% 6.16% 7.15% 5.11%

Maximum drawdown (ex TC) 0.79% 0.66% 0.92% 1.03% 1.43% 0.97%

Maximum drawdown duration (ex TC) 4                  5                  5                  10                13                7                  
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Table 3-11. The out-of-sample trading statistics for 5 best pairs selected based on combined ratio calculated 

according to Equation (18) 

 

The average information ratio for the pairs sampled at the high-frequency 

intervals is 3.24. Unfortunately, the pair trading strategy using daily data only 

achieves information ratio of 0.35 after transaction costs, which is even worse than 

the original, unoptimized case. 

 

We also combine the t-stat of the ADF test for a given high-frequency and the 

information and obtain attractive results. Although the average information ratio net 

of trading costs for the trading pairs sampled at the high-frequency intervals is higher 

than was the case in Table 3-3 (thus when no indicator was used), the information 

ratios for the 20- and 60-minute sampling frequencies are negative and thus results 

are not consistent across all the high-frequency intervals. This in our opinion 

disqualifies the usage of this indicator for predicting the future profitability of the 

pairs. 

 

 

Table 3-12. The out-of-sample trading statistics for 5 best pairs selected based on the combined ratio of the in-

sample t-stat of the ADF test and the in-sample information ratio 

 

To summarize, on the one hand we were able to improve the information ratios 

net of trading costs for daily data from around 0.7 as in Table 3-3 to 1.3 as in Table 

3-7 using the in-sample information ratio as an indicator of the future profitability of 

the pairs. 

AVERAGE VALUES 5-minute 10-minute 20-minute 30-minute 60-minute Average HF Daily

Information ratio IN-SAMPLE (incl. TC) 1.12 -0.81 -0.25 -0.04 0.99 0.20 0.20

Information ratio (ex TC) 0.73 3.43 4.11 6.61 8.01 4.58 0.43

Information ratio (incl. TC) -0.52 1.75 2.92 5.25 6.78 3.24 0.35

Return (incl. TC) -6.03% 9.42% 18.01% 26.92% 35.11% 16.69% 5.00%

Volatility (ex TC) 11.67% 5.40% 6.17% 5.13% 5.18% 6.71% 14.15%

Maximum drawdown (ex TC) 3.58% 1.11% 1.00% 1.05% 1.53% 1.65% 5.21%

Maximum drawdown duration (ex TC) 1,783          855             257             157             54                21                169

AVERAGE VALUES 5-minute 10-minute 20-minute 30-minute 60-minute Average HF Daily

Information ratio IN-SAMPLE (incl. TC) 0.96 2.21 1.25 4.87 4.08 2.67 0.51

Information ratio (ex TC) 3.02 15.80 -0.05 2.03 -0.12 4.14 0.46

Information ratio (incl. TC) 1.30 7.60 -0.58 0.92 -0.52 1.74 0.43

Return (incl. TC) 7.61% 7.92% -3.91% 4.33% -4.49% 2.29% 6.81%

Volatility (ex TC) 5.87% 1.04% 6.78% 4.68% 8.63% 5.40% 15.96%

Maximum drawdown (ex TC) 0.71% 0.92% 1.81% 1.74% 1.85% 1.41% 5.65%

Maximum drawdown duration (ex TC) 4                  8                  19                38                61                26                40



41 
 

On the other hand, 3 different indicators heavily improved the attractiveness of 

the results for the pairs sampled at the high-frequency intervals. We were able to 

increase the out-of-sample information ratio from 0.72 as in Table 3-3 (the average 

out-of-sample information ratio for all the 176 pairs sampled at the high-frequency 

intervals) to around 3, using the in-sample information ratio, the t-stat of the ADF test 

of the series sampled at a daily interval and a combination of the two (see Table 3-7, 

Table 3-10 and Table 3-11).  

 

Below we compare the results of the pair trading strategy at both frequencies (an 

average of all the high-frequency intervals and a daily one) with the appropriate 

benchmarks. In practice, one would choose only one high-frequency interval to 

trade, but here we look at an average, which represents all the frequencies for 

reasons of presentation. In fact, pairs sampled at all the high-frequency intervals are 

attractive for trading purposes when the in-sample information ratio is used as the 

indicator of the future profitability. Due to homogeneity we also use the in-sample 

information ratio as the indicator for the pairs sampled at daily interval. 

 

In Table 3-13 below we present a comparison of our pair trading strategy 

sampled at a daily interval with the results of buy and hold strategy of the the 

Eurostoxx 50 index and Market Neutral Index (HFRXEMN Index in Bloomberg). The 

results span from 1st January 2009 to 17th November 2009, the out-of-sample period 

for our pairs sampled at a daily interval.  

 

 

Table 3-13. Annualized trading statistics compared in the out-of-sample period for the pair trading strategy sampled 

at daily interval, with the in-sample information ratio used as the indicator of the future profitability of the strategy 

 

The strategy outperforms its primary benchmark, the Market neutral index both 

on the absolute and risk-adjusted basis. While the market neutral index lost money 

during the period, our strategy was profitable without showing excessive volatility 

AVERAGE VALUES Market neutral index Eurostoxx 50 Daily Strategy

Information Ratio (incl. TC) -1.04 0.54 1.32

Return (incl. TC) -4.56% 15.34% 18.50%

Volatility (incl. TC) 4.36% 28.62% 14.03%

Maximum drawdown (ex TC) 6.20% 33.34% 4.26%

Maximum drawdown duration (ex TC) 188 44 55                                       
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relative to the return. It also outperformed the corresponding market index, the 

Eurostoxx 50 index. 

 

In Table 3-14 below we compare the results of the average high-frequency pair 

trading strategy with the appropriate benchmarks in the period from 10th September 

2009 to 17th November 2009. The information ratio of 3.24 of the pair trading 

strategy is considerably higher than any of the two indices. Thus, using high-

frequency sampling frequency seems to offer significant improvement of the 

investment characteristics of the pair trading strategy. It offers a comparable 

absolute return to the one achieved by the Eurostoxx 50 index, with significantly 

lower volatility. 

 

 

Table 3-14. Annualized trading statistics compared in the out-of-sample period for pair trading strategy sampled at 

the high-frequency interval, with the in-sample information ratio used as the indicator of the future profitability of the 

strategy 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

AVERAGE VALUES Market neutral index Eurostoxx 50 HF Strategy

Information Ratio (incl. TC) 0.90 0.78 3.24

Return (incl. TC) 3.55% 16.40% 17.77%

Volatility (incl. TC) 3.96% 21.10% 6.26%

Maximum drawdown (ex TC) 1.64% 8.31% 1.58%

Maximum drawdown duration (ex TC) 19 11 22                                       
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3.7 CONCLUDING REMARKS 

In this article we apply a pair trading strategy to the constituent shares of the 

Eurostoxx 50 index. We implement a basic long-short trading strategy which is used 

to trade shares sampled at 6 different frequencies, namely data sampled at 5-

minute, 10-minute, 20-minute, 30-minute, 60-minute and daily intervals. 

 

First, we divide shares into industry groups and form pairs of shares that belong 

to the same industry. The Kalman filter approach is used to calculate an adaptive 

beta for each pair. 

 

Subsequently, we calculate the spread between the shares and simulate trading 

activity based on 2 simple trading rules. We enter the position (long or short) 

whenever the spread is more than 2 standard deviations away from its long-term 

mean. All positions are liquidated when the spread returns to its long-term mean 

(defined as its distance being lower than 0.5 standard deviations from the long-term 

mean), that is, technically, when it reverts towards the long-term mean.  

 

As such, standalone pair trading results are not very attractive. That is why we 

introduce a novel approach to select the best pairs for trading based on the in-

sample information ratio of the series, the in-sample t-stat of the ADF test of the 

series sampled at a daily interval and a combination of the two, as these are shown 

to be good indicators of the out-of-sample profitability of the pair.  

 

We then build a diversified pair trading portfolio based on the 5 trading pairs with 

the best in-sample indicator value. Our diversified approach is able to produce 

information ratios of over 3 for a high frequency sampling interval (an average across 

all the high-frequency intervals considered), and 1.3 for a daily sampling frequency 

using the in-sample information ratio as an indicator. This is a very attractive result 

when compared to the performance of the Eurostoxx 50 index and the index of 

Market Neutral Hedge Funds with information ratios lower than 1 during the review 

period. It also shows how useful the combination of the high-frequency data and the 

concept of cointegration can be for quantitative fund management. 
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3.8 APPENDICES 

Appendix 3-1 KALMAN FILTER ESTIMATION PROCEDURE 

 

The full specification of the model: 
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The parameters that need to be set in advance are H and Q, which could be 

defined as the error terms of the process. Their values in isolation are not important. 

The most important parameter of the Kalman filter procedure is the noise ratio, which 

is defined as
Q

noiseRatio
H

 . The higher the ratio, the more adaptive beta, the lower 

the ratio, the less adaptive beta. Thus, if we used extremely low value of noise ratio, 

e.g. 10-10, the beta would be fixed along the dataset. Also, it is important to correctly 

initialize the value of beta, as in the second equation, 1t t t tv Y X    , there is no way 

of knowing what t  will be at the first step. Thus, we have set 1  to be 1
1

1

Y

X
  , thus 

the initial error term being 0. 
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Appendix 3-2 DISTRIBUTION OF INFORMATION RATIOS FOR A 5-MINUTE SAMPLING FREQUENCY. KALMAN FILTER WAS USED FOR 

THE BETA CALCULATION 

 

 

 

 

Appendix 3-3 DISTRIBUTION OF INFORMATION RATIOS FOR A 10-MINUTE SAMPLING FREQUENCY. KALMAN FILTER WAS USED 

FOR THE BETA CALCULATION 
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Appendix 3-4 DISTRIBUTION OF INFORMATION RATIOS FOR A 30-MINUTE SAMPLING FREQUENCY. KALMAN FILTER WAS USED 

FOR THE BETA CALCULATION 

 

 

 

 
Appendix 3-5 DISTRIBUTION OF INFORMATION RATIOS FOR A 60-MINUTE SAMPLING FREQUENCY. KALMAN FILTER WAS USED 

FOR THE BETA CALCULATION 
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Appendix 3-6 CONSTITUENT STOCKS OF EUROSTOXX 50 INDEX WHICH WE USED TO FORM THE PAIRS 

Number Company name Bloomberg Ticker Industrial sector

1 Air Liquide SA AI       FP  Equity Basic Materials

2 ArcelorMittal MT       NA  Equity Basic Materials

3 BASF SE BAS      GY  Equity Basic Materials

4 Bayer AG BAYN     GY  Equity Basic Materials

5 Deutsche Telekom AG DTE      GY  Equity Communications

6 France Telecom SA FTE      FP  Equity Communications

7 Nokia OYJ NOK1V    FH  Equity Communications

8 Telecom Italia SpA TIT      IM  Equity Communications

9 Telefonica SA TEF      SQ  Equity Communications

10 Vivendi SA VIV      FP  Equity Communications

11 Daimler AG DAI      GY  Equity Consumer, Cyclical

12 Volkswagen AG VOW      GY  Equity Consumer, Cyclical

13 Anheuser-Busch InBev NV ABI      BB  Equity Consumer, Non-cyclical

14 Carrefour SA CA       FP  Equity Consumer, Non-cyclical

15 Groupe Danone SA BN       FP  Equity Consumer, Non-cyclical

16 L'Oreal SA OR       FP  Equity Consumer, Non-cyclical

17 Sanofi-Aventis SA SAN      FP  Equity Consumer, Non-cyclical

18 Unilever NV UNA      NA  Equity Consumer, Non-cyclical

19 LVMH Moet Hennessy Louis Vuitton SA MC       FP  Equity Diversified

20 ENI SpA ENI      IM  Equity Energy

21 Repsol YPF SA REP      SQ  Equity Energy

22 Total SA FP       FP  Equity Energy

23 Aegon NV AGN      NA  Equity Financial

24 Allianz SE ALV      GY  Equity Financial

25 AXA SA CS       FP  Equity Financial

26 Banco Santander SA SAN      SQ  Equity Financial

27 Banco Bilbao Vizcaya Argentaria SA BBVA     SQ  Equity Financial

28 BNP Paribas BNP      FP  Equity Financial

29 Credit Agricole SA ACA      FP  Equity Financial

30 Deutsche Bank AG DBK      GY  Equity Financial

31 Deutsche Boerse AG DB1      GY  Equity Financial

32 Assicurazioni Generali SpA G        IM  Equity Financial

33 ING Groep NV INGA     NA  Equity Financial

34 Intesa Sanpaolo SpA ISP      IM  Equity Financial

35 Muenchener Rueckversicherungs AG MUV2     GY  Equity Financial

36 Societe Generale GLE      FP  Equity Financial

37 UniCredit SpA UCG      IM  Equity Financial

38 Alstom SA ALO      FP  Equity Industrial

39 CRH PLC CRH      ID  Equity Industrial

40 Koninklijke Philips Electronics NV PHIA     NA  Equity Industrial

41 Cie de Saint-Gobain SGO      FP  Equity Industrial

42 Schneider Electric SA SU       FP  Equity Industrial

43 Siemens AG SIE      GY  Equity Industrial

44 Vinci SA DG       FP  Equity Industrial

45 SAP AG SAP      GY  Equity Technology

46 E.ON AG EOAN     GY  Equity Utilities

47 Enel SpA ENEL     IM  Equity Utilities

48 GDF Suez GSZ      FP  Equity Utilities

49 Iberdrola SA IBE      SQ  Equity Utilities

50 RWE AG RWE      GY  Equity Utilities
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Appendix 3-7 CALCULATION OF THE TRADING STATISTICS 
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Chapter 4 - Profitable Pair Trading: 

A Comparison Using the S&P 100 Constituent Stocks 

and the 100 Most Liquid ETFs 

 

 

 

Overview 

The motivation for this chapter is to find out whether exchange traded funds 

(ETFs) are more suitable financial instruments for a pair trading strategy than stocks. 

The main advantage of pair trading ETFs is that ETFs cannot go bankrupt, which is 

not the case for shares. Thus, one of the greatest risks known for pair trading is 

eliminated. 

 

Indeed, we find that an adaptive long-short strategy is more consistently 

profitable when it is applied to pairs consisting of ETFs rather than of shares, with an 

average out-of-sample information ratio of around 1 and 0, respectively.  

 

By extending the in-sample period and decreasing the out-of sample period from 

75%-25% to 83%-17% of the sample we were able to increase the average out-of-

sample information ratio from 1 to 1.7 for ETFs and from 0 to 0.2 for shares. Yet, 

further improvement was achieved by preselecting pairs of ETFs and shares with the 

highest in-sample information ratios in the in-sample period. The average out-of-

sample information ratios obtained for fifty such pairs selected from ETFs and shares 

were 2.93 and 0.46, respectively. 
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4.1 INTRODUCTION 

In this article we apply a pair trading (long-short) strategy to the constituent 

shares of the S&P 100 index and the hundred most liquid ETFs. A long-short 

strategy is applied to the pairs consisting of either two shares or two ETFs which are 

cointegrated in the in-sample-period. We use daily closing prices which span from 3rd 

January 2000 to 25th June 2010 in this chapter. 

 

The average out-of-sample information ratio for pairs created from ETFs is 

significantly higher than from shares (1.06 vs. 0.08). We further improve the results 

for both ETFs and shares by extending the in-sample and shrinking the out-of-

sample period. Yet another improvement is obtained by retaining the most attractive 

pairs in the in-sample period. 

 

Pair trading was developed in the 1980s under the lead of a Wall Street 

quantitative developer Nunzio Tartaglia, see Gatev et al. (2006). Since then the 

strategy has become well known, see for instance Enders and Granger (1998), 

Vidyamurthy (2004), Dunis and Ho (2005), Lin et al. (2006) and Khandani and Lo 

(2007).  

 

However, there are many possible variations of the strategy which goes long the 

overvalued and short the undervalued share. According to Chan (2009), most trading 

strategies are well-known to the financial community and traders. However, there are 

many adjustments specific to every strategy that can make it either work or fail in 

practice. For instance already the basic question of how to measure the 

over/undervaluation or the proportion of the long to short shares to retain is 

essential. Also the question of the proper financial instrument can be decisive, as we 

show in this chapter. Thus, one of the main contributions of the chapter is showing 

how important it is to choose the proper financial instrument (shares or ETFs) for the 

pair trading strategy. Yet, another contribution is making the ratio between the long 

and short share adaptive in time using the Kalman filter. 

 

Pair trading strategies offer investors low and steady returns in all market 

regimes and controlled low volatility, see Capocci (2006). However, during the 
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market turmoil in 2007-2009 the funds that employ a pair trading strategy did not 

perform up to expectations, as can be seen from the Hedge Fund Equity Market 

Neutral Index23 or according to Gatev et al. (2006) who show the decline in the 

returns of the pair trading strategy over time. In this line of research Khandani and Lo 

(2007) and Ilmanen (2011) show how the simple benchmark long-short strategy 

incurred heavy losses in August 2007. This strategy helps them show why 

quantitative funds suffered from the sudden liquidation of positions during the 

mentioned month. Thus, pair trading strategy in its basic form might be becoming 

unprofitable and we aim to show how our contributions improve the original strategy. 

 

The rest of the chapter is organized as follows. Section 4.2 describes the data 

used and Section 4.3 explains the methodology implemented. Section 4.4 presents 

the pair trading model and Section 4.5 gives the out-of-sample performance results 

of the pair trading strategy. Section 4.6 concludes. 

 

4.2 THE S&P 100 INDEX AND ETFs 

We use the stocks that formed the S&P 100 index as of 11th June 2010 and the 

hundred most liquid ETFs as of the same date (i.e. ETFs with highest daily volume 

transacted on 11th June 2010). The daily closing prices adjusted for dividends and 

stock splits were downloaded from Datastream. 

 

The data for stocks and ETFs span from 3rd January 2000 to 25th June 2010, thus 

the sample includes 2639 trading days. Some shares and ETFs do not date as far 

back as 3rd January 2000, and as a consequence the pairs that they formed contain 

less data points. 

 

In this chapter for each pair we calculate two different in- and out-of-sample 

periods. The length of the in-sample and out-of-sample period is calculated as 

 

 
_ *

_ ( _ )

in sample period ratio totalTradingDays

out of sample period totalTradingDays in sample period

 

    
  (20) 

                                                      
23 HFRXEMN Index in Bloomberg 
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where 2 different ratios are used: 3/4 and 5/6 and totalTradingDays is the number 

of trading days available for a given pair. 

 

For illustration, if a given pair contains all the data points, it contains 2639 trading 

days. Thus, the in-sample period will contain (3 / 4)*2639 1979 trading days and out-

of-sample period 2639 1979 660  trading days when the 3/4 is used as the „ratio‟. 

Subsequently, a different set of in- and out-of-sample periods is calculated using the 

ratio of 5/6. In this case the in-sample period contains (5 / 6)*2639 2199  trading 

days and out-of-sample period 2639 2199 440   trading days. Clearly, the ratio of 

5/6 should offer better trading results than 3/4, as the in-sample period is longer and 

a given model trades during fewer days (without being re-estimated). Thus, a model 

with a ratio equal to 3/4 is traded during a period of 660 days without reestimation, 

whereas a model with a ratio of 5/6 is only traded during 440 days. 

 

If a pair contains fewer trading days (e.g. due to the non-existence of a given 

instrument on 3rd January 2000), such a pair will contain less total trading days and a 

different number of days for the in- and out-of-sample periods. However, 

proportionally the periods will be divided in the same way as described above. 

 

For our pair trading methodology, we select all the possible pairs from stocks and 

ETFs. The only criterion for forming pairs is that they are cointegrated in the in-

sample period. From 100 ETFs 428 pairs were formed and from 100 shares 693 

pairs were formed. 

 

4.3 METHODOLOGY 

4.3.1 Bollinger bands 

Bollinger bands are a well known tool of technical analysis, see Do and Faff 

(2010). The following set of formulas is used for its calculation 
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_ _ _

_ . .

_ . .

MiddleBand x day moving average

UpperBand MiddleBand y st dev

LowerBand MiddleBand y st dev



 

 

 (21) 

 

where usually the middle band is calculated as a 20-day moving average of the 

time series. The upper and lower bands are calculated by adding and subtracting 2 

standard deviations from the middle band, respectively. 

We use Bollinger bands to estimate the proper entry/exit points into the spread 

between the pair of shares. Thus, if the spread is above the upper band or below the 

lower band, we bet that it will revert back to its middle band.   

 

We optimized the number of the days x needed for the calculation of the middle 

band and number y of standard deviations needed to be added to and subtracted 

from the middle band. Also in this case we use the constrained pattern search 

optimization24. The objective of the optimization was the in-sample information ratio 

of the strategy. Thus, every pair of shares and ETFs had different parameters x and 

y subject to their optimization in the in-sample period. 

 

4.4 THE PAIR TRADING MODEL 

4.4.1 Calculation of the spread 

The pairs have to be cointegrated in the in-sample period to be considered for 

trading. In each time step we calculate the spread between the shares or ETFs in the 

pair.  

 

The spread is calculated as 

 

 
t tt Y t Xz P P   (22) 

 

                                                      
24 In practice the optimization was performed only once for any pair. Thus, the patternsearch was 

run with the objective to optimize the noise ratio, the number of days to calculate the moving average, 
and the number of standard deviations at the same time. 
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where tz  is the value of the spread at time t, 
tXP  is the price of share X at time t, 

tYP is the price of share B at time t and t  is the adaptive coefficient beta at time t. 

 

Beta is calculated at each time step using the Kalman filter. As mentioned in the 

methodological part, we optimized its parameters with the objective in mind to 

maximize the in-sample information ratio. We optimized the noise ratio, /Q H . By 

increasing the ratio we allow beta to vary more rapidly, by decreasing it we obtain a 

smoother evolution of the beta estimates, see Burgess (1999).  

 

We do not include a constant in the model. Intuitively speaking, when the price of 

one share goes to 0 (thus going bankrupt), why would there be any threshold level 

under which the price of the second share cannot fall? Furthermore, by not including 

a constant, we obtain a model with fewer parameters to be estimated. 

 

4.4.2 Entry, exit points and money-neutrality of positions 

First we estimate the spread of the series using Equation (12). We sell (buy) the 

spread when it crosses the upper (lower) Bollinger band and the position is 

liquidated when the spread crosses the middle band.  

 

Investment is money-neutral in all the cases. This means, that we invest the 

same amount of dollars on each side of the trade (long and short).25 Thus, once we 

invest in the spread and bet that it will revert back, we wait for the reversion to occur. 

However, we do not know in advance which position will earn more (long or short), 

and that is why our investment is of equal size on both sides of the trade.26 

 

                                                      
25 In practice being money-neutral is not always possible. Let us suppose we want to go both long 

and short 1000 dollars. If the price of share A (long) is 100, and price of share B is 130, we would 
have to buy 10 shares A and sell short 7.7 shares B, which is not possible. However, in the paper we 
do not consider this to be a problem. In practice, if any institution wanted to employ the strategy, it 
would trade much higher amounts. If e.g. 100,000 dollars were traded on both sides of the trade, the 
market neutrality would be almost perfect (positions on both sides of the trade almost equal). 

26 We do not know which of the cases will occur in advance: whether the shares return to their 
long term equilibrium because the overvalued share falls more, the undervalued rises more, or both 
perform the same. 
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Initially positions are money-neutral, but as they move in a certain direction, they 

might stop being equal. We do not assume dynamic rebalancing so in fact positions 

are equal only immediately after opening them. 

 

4.5 OUT-OF-SAMPLE TRADING RESULTS 

4.5.1 Returns calculation 

The return of the pair in each time period is calculated as 

 

 
1 1

ln( / ) ln( / )
t t t tt X X Y YRet P P P P

 
   (23) 

 

where 
tXP  is the price of the share we are long in period t, 

1tXP


 the price of the 

share we are long in period t-1, 
tYP  the price of the share we are short in period t, 

and 
1tYP


 the price of the share we are short in period t-1. Thus, first, based on 

Equation (12) the current spread is estimated, and subsequently we make the 

decision as whether to go long or short the spread. Based on our long or short 

position in the spread compared with the market price action, we multiply the market 

return of a given pair from Equation (23) by -1 or +1 to determine the trading strategy 

return. 

We consider the total transaction costs of 0.2% one-way in total for both shares, 

similar to e.g. Alexander and Dimitriu (2002). We are dealing with the 100 most liquid 

American shares in this chapter. Transaction costs consist of 0.05%27 of brokerage 

fee for each share (thus 0.1% for both shares), plus a bid-ask spread for each share 

(long and short) which we assume to be 0.05% (0.2% in total for both shares). 

 

We buy a share which depreciates significantly whilst on the other hand we sell 

those that appreciate significantly. Therefore in real trading it may be possible not to 

pay the bid-ask spread. The share that we buy is in a downtrend. The downtrend 

                                                      
27 For instance Interactive Brokers charges USD 0.0035 per transaction on U.S. markets (see 

http://www.interactivebrokers.com/en/p.php?f=commission, the unbundled cost structure. Last 
accessed 22nd July 2010), which is 0.05% if the nominal value of the instrument is USD 7 ( as only 
0.1% of all the ETF prices and 0.2% of all the share prices in our database have lower nominal value 
than USD 7 at any particular time, thus we are on the safe side of transaction costs). 

http://www.interactivebrokers.com/en/p.php?f=commission
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occurs because transactions are executed every time at lower prices. And the lower 

prices are the result of falling ask prices which get closer to (or match) bid prices, 

thus effectively one does not have to pay the bid-ask spread and transacts at or 

close to the bid quote. The opposite is true for rising prices of shares. 

 

4.5.2 Results for all pairs 

The summary statistics for both shares and ETFs can be found in Table 4-1 just 

below.  

 

 

Table 4-1. Average trading statistics for the pair trading strategy applied to pairs between 100 shares and 100 ETFs, 

respectively. Two different divisions of the total trading days into in- and out-of-sample periods have been applied (75%-

25% and 83%-17%). Trading costs have been considered. 

 

Regarding the difference between the first two columns of Table 4-1 (ETFs and 

shares), when the first 75% of the sample has been used as the in-sample period 

and the remaining 25% as the out-of-sample period, ETFs provide clearly better 

results. The average out-of-sample information ratio is 1.06 for ETFs and only 0.08 

for shares. The annualized volatility is similar (47% vs. 43%). However the 

annualized return is clearly superior for ETFs (59% vs. 5%). Also the maximum 

drawdown of the average pair between ETFs (21%) is much lower than between 

shares (53%).  

 

When the in-sample period is extended (columns 3 and 4 of Table 4-1 compared 

to columns 1 and 2), results are even better. This means that the model estimated 

from the in-sample period has to „work‟ for a shorter period of time (only 17% of the 

total days compared to 25% in the first 2 columns). Again, the result obtained is 
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better for ETFs, the information ratio being 1.71, compared to 0.22 for shares. 

However, both information ratios are higher for their corresponding cases compared 

to the situation when the out-of-sample period was longer, see columns 1 and 2 of 

Table 4-1 (1.71 vs. 1.06 for ETFs and 0.22 vs. 0.08 for shares). The annualized 

volatilities are not very different from previous cases (52% vs. 47% for ETFs and 

43% vs. 43% for shares). However, there is a significant improvement in the 

annualized returns for both ETFs and shares (106% vs. 59% for ETFs and 11% vs. 

5% for shares). 

 

In Figure 4-1 below we show the log equity curve of the trading strategy applied 

to ETFs, when 75% of the sample is used as the in-sample period, and remaining 

25% as the out-of-sample period. The equity curve is constantly rising along the 

entire period, thus the profitability is not the result of a single outlier, but it is 

consistent across time. 

 

 

Figure 4-1. The log equity curve of the trading strategy applied to ETFs, when 75% of the entire sample has been 

used as the in-sample period and remaining 25% as the out-of-sample period. 

4.5.3 Some reasons for the superior performance of ETFs 

ETFs used are index trackers, thus they contain lower idiosyncratic risk as 

shares. As the pair is created from ETFs, and there is a divergence, there is higher 

probability in the future that the divergence will disappear than would be the case 

1

2

4



58 
 

with shares. On the other hand, if the divergence occurs between shares, it can be 

the result of the fundamental change of the business of one of the shares, thus not 

reverting back.  

 

Much better results for ETFs could also be the result of a stronger autocorrelation 

of ETFs compared to shares. In Table 4-2 below we show the autocorrelations of the 

ETFs and shares at various lags. The ETFs seem to be slightly stronger negatively 

autocorrelated at lag 1, mean autocorrelation for all the 100 ETFs being -0.025 and 

mean autocorrelation for all the 100 shares being -0.019. At higher lags the 

autocorrelations decrease for both ETFs and shares. However, the difference 

between autocorrelations at 1 lag seems to be negligible so as to be the cause of the 

difference in profitability. 

  

 

Table 4-2. Mean and median autocorrelations at various lags for all 100 ETFs and shares 

 

Next we look at autocorrelations of returns of pairs of either ETFs or shares, 

where the return on the pair has been calculated according to Equation (23). In this 

case, the negative autocorrelation for ETFs is stronger at 1 lag for ETFs than in 

Table 4-2, the mean being -0.052 vs. -0.025, and also stronger than for shares, the 

mean for shares pairs being -0.015. Thus, autocorrelations for pairs of ETFs at 1 lag 

are more significant compared to the situation when we look at each ETF separately. 

On the other hand, in case of shares autocorrelation does not seem to be stronger 

for pairs than for individual shares. Thus this could be the cause for the profitability of 

a mean reversion strategy being higher for ETFs than for shares. 

 

Lag mean median mean median

1 -0.025 -0.020 -0.019 -0.016

2 -0.030 -0.029 -0.028 -0.028

3 -0.016 -0.017 -0.018 -0.018

4 -0.012 -0.014 -0.013 -0.013

5 -0.021 -0.018 -0.019 -0.016

6 -0.014 -0.014 -0.016 -0.015

7 0.001 0.001 0.001 0.002

8 -0.005 -0.005 -0.005 -0.005

9 -0.001 -0.002 -0.003 -0.003

10 0.000 -0.001 0.000 -0.002

ETF Shares
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Table 4-3. Mean and median autocorrelations at various lags for the pairs of ETFs and shares 

 

Another explanation for the superior profitability of ETFs pairs could be the lower 

volumes traded, thus making the ETF market less competitive.   

 

The median volumes for both ETF and share pairs are similar and are around 

$10 million, when volume data are taken from last 5 days of the out-of-sample 

period, thus 21st to 25th June 2010. As volumes are very similar for both ETFs and 

shares, they do not justify such a big difference in profitability. 

 

4.5.4 RESULTS FOR THE BEST FIFTY PAIRS 

We have shown that the average out-of-sample information ratio is very attractive 

for an average pair consisting of ETFs. Figure 4-2 below shows the relation between 

the in- and out-of-sample information ratios of all the pairs considered for ETFs and 

Shares. Based on the graph there seems to be a certain relation, which is further 

confirmed by the correlation coefficient of 0.24 for ETFs and 0.14 for shares. 

Lag mean median mean median

1 -0.052 -0.056 -0.015 -0.013

2 -0.038 -0.040 -0.025 -0.025

3 0.006 0.005 -0.022 -0.021

4 -0.017 -0.016 -0.014 -0.014

5 -0.045 -0.045 -0.018 -0.015

6 0.013 0.009 -0.016 -0.016

7 -0.004 0.002 0.004 0.004

8 -0.024 -0.021 -0.007 -0.007

9 0.019 0.015 -0.003 -0.003

10 0.015 0.013 -0.002 -0.005

ETF Shares
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Figure 4-2. Scatter plots of the pairs of the in- and out-of-sample information ratios for ETFs (on the left) and shares 

(on the right) 

 

Because there seems to be a relation between the in- and out-of-sample 

information ratios, we might try to boost the out-of-sample information ratios obtained 

in Table 4-2 for both, ETFs and shares, by selecting only pairs with high in-sample 

information ratios. 

 

In Table 4-4 below we show the trading statistics similar to those presented in 

Table 4-1. However, only the fifty pairs with the highest in-sample information ratios 

have been considered. 

 

Table 4-4. Average trading statistics for the pair trading strategy applied to pairs between 100 shares and 100 ETFs, 

respectively. Two different divisions of the total trading days into in- and out-of-sample periods have been applied (75%-

25% and 83%-17%). Only first 50 pairs have been selected based on the highest in-sample information ratios. Trading 

costs have also been considered. 

 

It is clear that the out-of-sample information ratios have been improved compared 

to Table 4-1. At first we analyze columns 1 and 2 of Table 4-4, thus the case when 

the out-of-sample period is slightly longer (25% vs. 17% of the sample for the 
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columns 3 and 4). The out-of-sample information ratio improved for both, ETFs and 

shares, compared to Table 4-1. For the fifty pairs selected from ETFs and shares 

with the highest in-sample information ratios, the average out-of-sample information 

ratio is 1.58 and 0.13, respectively. This compares to 1.06 and 0.08 for ETFs and 

shares respectively when all the pairs are used indiscriminately (see Table 4-1). The 

annualized return is doubled (106% vs. 59%) for ETFs in Table 4-4, compared to 

Table 4-1. 

 

In the case when the out-of-sample period covers only 17% of the sample 

(columns 3 and 4), we see a further improvement in the out-of-sample information 

ratios. The out-of-sample information ratio for ETFs is 2.93 which is higher than 1.58 

(column 1 of Table 4-4), and also higher than 1.71 achieved in Table 4-1 (column 3). 

The out-of-sample information ratio achieved for shares of 0.46 (in column 4 of Table 

4-4) is higher than 0.13 (in column 2 of Table 4-4) and higher than 0.22 (column 4 of 

Table 4-1). (for completeness, see Appendix 4-1 and Appendix 4-2 for the best 20 

and best 100 pairs. It can be seen that the performance gradually decreases from 

selecting the best 20 to the best 50 to the best 100). 

 

4.6 CONCLUDING REMARKS 

In this article we apply a pair trading strategy to the constituent shares of the S&P 

100 index and to the hundred most liquid ETFs.  

 

We only consider the pairs consisting of either two shares or two ETFs, which are 

cointegrated in the in-sample period. The Kalman filter approach is used to calculate 

an adaptive beta for each pair. We use Bollinger bands to determine the entry and 

exit points into the spread. The noise ratio of the Kalman filter procedure and 

Bollinger bands parameters are optimized with the objective of maximizing the in-

sample information ratio for each pair. 

 

We find that information ratios for the average pair consisting of ETFs are 

significantly higher than when the pairs selected consist of shares. In our opinion this 

is attributable to the non-existence of the risk of bankruptcy for ETFs. ETFs are by 

definition financial instruments with non changing characteristics whereas shares 
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represent the ownership of companies with dynamically changing financial conditions 

(balance sheets). Thus, once the conditions of one of the companies in a pair start 

changing in the out-of-sample period, our adaptive methodology might not be able to 

adapt itself quickly enough and the pair ceases to be profitable. 

  

We also show that by decreasing the length of the out-of-sample period the out-

of-sample profitability increases. The reason is that we obviously do not reestimate 

the model in the out-of-sample period, and once it is estimated, it is used for the 

entire out-of-sample period. Thus, in practice re-estimating the models say once per 

week could improve the results yet even more. 

 

Another finding is that by selecting only fifty pairs of shares and ETFs with the 

highest in-sample information ratios we are also able to significantly improve the out-

of-sample information ratio. Thus, the in-sample information ratio proves to be a 

convenient way of estimating the prospective out-of-sample profitability of a given 

trading pair. The average out-of-sample information ratios for the best fifty ETFs and 

shares are 2.93 and 0.46, respectively. 
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4.7 APPENDICES 

Appendix 4-1. AVERAGE TRADING STATISTICS FOR THE PAIR TRADING STRATEGY APPLIED TO PAIRS BETWEEN 100 SHARES AND 

100 ETFS, RESPECTIVELY. TWO DIFFERENT DIVISIONS OF THE TOTAL TRADING DAYS INTO IN- AND OUT-OF-SAMPLE PERIODS HAVE 

BEEN APPLIED (75%-25% AND 83%-17%). ONLY THE FIRST 20 PAIRS HAVE BEEN SELECTED BASED ON THE HIGHEST IN-SAMPLE 

INFORMATION RATIOS. TRADING COSTS HAVE ALSO BEEN CONSIDERED. 

 

 

 

 

Appendix 4-2. AVERAGE TRADING STATISTICS FOR THE PAIR TRADING STRATEGY APPLIED TO PAIRS BETWEEN 100 SHARES AND 

100 ETFS, RESPECTIVELY. TWO DIFFERENT DIVISIONS OF THE TOTAL TRADING DAYS INTO IN- AND OUT-OF-SAMPLE PERIODS HAVE 

BEEN APPLIED (75%-25% AND 83%-17%). ONLY THE FIRST 100 PAIRS HAVE BEEN SELECTED BASED ON THE HIGHEST IN-SAMPLE 

INFORMATION RATIOS. TRADING COSTS HAVE ALSO BEEN CONSIDERED. 

 

 

 

 

 

 

 

In-sample vs. OOS period

Instrument ETF Shares ETF Shares

in-sample information ratio 4.88         2.36         4.74         2.38         

OOS information ratio 1.66         0.53         2.46         0.65         

annualized return 95% 21% 138% 36%

annualized volatility 61% 34% 62% 38%

max DD 19% 25% 15% 18%

ratio up/down days 0.68         0.71         0.80         0.69         

Avg. profit in winning days 3.5% 1.8% 3.6% 2.0%

Avg. los in losing days -1.8% -1.8% -1.8% -1.1%

75%-25% 83%-17%

In-sample vs. OOS period

Instrument ETF Shares ETF Shares

in-sample information ratio 3.30         1.52         3.18         1.47         

OOS information ratio 1.44         0.30         2.55         0.45         

annualized return 98% 13% 172% 23%

annualized volatility 55% 45% 60% 42%

max DD 18% 44% 14% 31%

ratio up/down days 0.65         0.73         0.79         0.73         

Avg. profit in winning days 3.4% 2.2% 3.6% 2.1%

Avg. los in losing days -1.5% -1.7% -1.6% -1.3%

75%-25% 83%-17%
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Chapter 5 - Mean Reversion Based 

on Autocorrelation: A Comparison Using 

the S&P 100 Constituent Stocks and the 100 Most 

Liquid ETFs 

 

 

 

Overview 

The motivation for this chapter is to show that even a simple strategy based on 

conditional autocorrelation can give traders an edge.  

 

Our simple mean reversion strategy takes the position in a pair consisting of 

Exchange Traded Funds (ETFs) or shares based on the normalized previous 

period's return and the actual conditional autocorrelation.  

 

We conclude that ETFs are more suitable financial instruments for our strategy 

than stocks.  

 

Yet, another finding is that the strategy is significantly improved when we use 

half-daily (open to close and close to open) sampling frequency as opposed to the 

daily one (close to close). Information ratios after accounting for transaction costs 

(TC) range between 1.4 and 2.8 for ETF pairs at a half-daily sampling frequency. 
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5.1 INTRODUCTION 

In this article a simple mean reversion strategy is applied to both the constituent 

shares of the S&P 100 index and the hundred most liquid ETFs. In a first step we 

form the pairs from two ETFs or two shares with a conditional correlation above a 

threshold of 0.828. This leaves us with pairs consisting of two instruments with similar 

recent behaviour. In a second step, we eliminate from the selection the pairs with a 

previous day's normalized spread return smaller than one. Finally, only pairs with the 

first order conditional autocorrelation within certain bounds are retained. 

 

Two different sampling frequencies are used. We use daily (close to close) and 

half-daily (open to close and close to open) sampling frequencies. Thus, the half-

daily time series is twice as long as the daily one. Our in-sample period spans from 

2nd January 2002 to 16th June 2006 and the out-of-sample period spans from 17h 

June 2006 to 26th November 2010. 

 

One of the motivations for this chapter are contrarian returns which have been 

shown to decrease in the recent period, see e.g. Khandani and Lo (2007). The 

existence of contrarian profits is usually attributed to the overreaction hypothesis, 

see Lo and MacKinlay (1990), where the assumption of negative autocorrelation is 

quite common, see Locke and Gupta (2009). Yet Kim (2009) claims that after 

accounting for statistical biases, contrarian strategies are not profitable at all. 

 

On the other hand, Dunis et al. (2010b) show that mean reversion is still 

profitable when the sampling frequency is increased from a daily to a half-daily one. 

Thus, increasing the sampling frequency by the inclusion of opening prices can turn 

an unprofitable strategy into a working one. 

 

Dunis et al. (2010c) also use half-daily sampling frequency and show a pair 

trading strategy based on the Kalman filter to be profitable. However, the Kalman 

filter is mathematically quite complex and our motivation is to come with a simpler 

approach for investors that could be used for pair trading. In their study Dunis et al. 

                                                      
28 Conditional correlations are calculated over a period of 30 trading days. The thresholds have 

not been optimized. They are the result of trying various different levels and evaluating the in-sample 
results. It would take an extremely long time to use any optimization technique. 
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(2010c) find autocorrelations to be an unimportant factor for the profitability of the 

pairs. However, the authors only look at unconditional autocorrelations for the entire 

period investigated. In this chapter we show that a simple pair trading strategy based 

on the conditional autocorrelations of the pairs can be attractive for investors even 

after accounting for transaction costs (TC). 

 

Pair trading originated in the 1980s and was developed by Nunzio Tartaglia, a 

quantitative developer in Wall Street, see Dunis and Ho (2005), Gatev et al. (2006). 

The underlying idea of the strategy is to go long one share and short another, similar 

one. The investor that does so is largely immunized against market-wide fluctuations 

and is only exposed to the relation between the two shares.  

 

However, there is a wide range of quantitative techniques that can be used to 

identify similar shares. One can use correlation, cointegration as in Alexander and 

Dimitriu (2002) and Dunis and Ho (2005), or simply only take into account shares 

from the same industry group as in Hameed et al. (2010). Then, based on the 

selection of the technique to form pairs, there is a question of when to enter into and 

when to exit the pair. Thus, although the basic idea of a pair trading strategy is 

simple, the process gains complexity until it is ready to be traded in reality. 

 

An advantage of pair trading, or market neutral strategies, as opposed to the 

trend following ones is independence from the market direction, see Capocci (2006). 

However, in reality average market neutral hedge funds did not fare so well during 

the 2007-2009 crisis looking at the Hedge Fund Equity Market Neutral Index29 and 

based on Patton (2009) who found that, contrary to expectations, a significant part of 

market neutral hedge funds are in reality exposed to market factors. 

 

The rest of the chapter is organized as follows. Section 5.2 describes the data 

used and Section 5.3 explains the methodology implemented. Section 5.4 gives the 

in and out-of-sample performance results of the pair trading strategy. Section 5.6 

concludes. 

 

                                                      
29 HFRXEMN Index in Bloomberg. 
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5.2 THE S&P 100 INDEX AND ETFs 

We use the stocks that formed the S&P 100 index on 26th November 2010 and 

the hundred most liquid ETFs on the same date (i.e. ETFs with highest daily volume 

transacted on 26th November 2010). The daily closing and opening prices adjusted 

for dividends and stock splits were downloaded from Datastream. The list of the 

ETFs can be found in Appendix 5-1. 

 

In this chapter we use two different sampling frequencies. We use a daily 

frequency (close to close) and a half-daily frequency (open to close and close to 

open).  

 

The data for stocks and ETFs span from 2nd January 2002 to 26th November 

2010, thus the sample includes 2243 trading sessions (daily frequency) and 4486 

trading sessions (half-daily frequency). Some shares and ETFs do not date as far 

back as 2nd January 2002, and as a consequence the pairs that they formed contain 

less data points. 

 

The in-sample period contains 1123 trading sessions at a daily frequency and 

2246 sessions at a half-daily frequency and both span from 2nd January 2002 to 16th 

June 2006. The out-of-sample period contains 1122 trading sessions at a daily 

frequency and 2244 sessions at a half-daily frequency and both span from 17th June 

2006 to 26th November 2010. 

 

For our pair trading methodology, we select all the possible pairs that are formed 

either from two stocks or two ETFs. Suitable pairs are formed each trading session 

based on the conditional correlation of the two instruments. Then, only the pairs are 

retained with conditional autocorrelation within certain bounds and a past session's 

normalized spread return higher than one. We remain invested for exactly one 

trading period and in the next session we repeat the entire process described above. 
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5.3 METHODOLOGY 

5.3.1 Outline 

In this chapter we use the JPMorgan (1996) approach to calculate conditional 

volatility and conditional correlation. Conditional correlation is used to select similar 

pairs. Thus, only pairs with conditional correlation above a threshold of 0.8 are 

considered. Furthermore, out of those pairs, only the ones that also have conditional 

autocorrelation within certain bounds are retained for further analysis. Finally, we 

only invest in pairs with a previous period's normalized spread return above the 

threshold of one. The normalized return is calculated as the past period's raw return 

divided by the conditional volatility. The optimal thresholds for correlation, 

autocorrelation and volatility have all been selected by the authors based on the in-

sample results. 

 

Conditional (time-varying) measures are superior to the unconditional ones, see 

Alexander (2001). Conditional measures of volatility and correlation have become 

standard in current finance papers.  

 

5.3.2 Forming pairs 

In every session only the pairs with a conditional correlation above the threshold 

of 0.8 are retained for further analysis. Conditional correlation is calculated over a 

period of 30 days. High correlation between pairs of shares and ETFs ensures that 

they have "moved together" recently. The conditional correlation is calculated using 

JPMorgan (1996) approach as follows 

 

 
cov( , )A B t

t A B
t t

r r


 
  (24) 

 

where t is the conditional correlation at time t between returns Ar  and Br  of two 

assets, cov( , )A B tr r  is the conditional covariance between the two return series from 

Equation (25) and A
t  and B

t  are the conditional standard deviations of the two 

assets from Equation (26).  
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The conditional covariance is calculated as follows 

 

 1cov( , ) cov( , ) (1 )A B t A B t A Br r r r r r     (25) 

 

where   is the constant, and we use the value of 0.94 as described in JPMorgan 

(1996). We use the value of 0.94 for both daily and half-daily sampling frequencies 

as our results already prove attractive and to keep the methodology as simple as 

possible.  

 

Conditional standard deviation is calculated as follows 

 

 2 2
1 (1 )t t r      (26) 

 

where 2

t
  is the conditional variance at time t and 2

1t 
 conditional variance at 

time t-1. 

 

5.3.3 Calculation of the spread 

The return of the pair is calculated as follows 

 
1 1

ln( ) ln( )
A B

t t
t A B

t t

P P
R

P P 

   (27) 

 

where tR  is the return of the pair at time t, A
tP  the price of the share we are long 

at time t, 1
A

tP  the price of the share we are long at time t-1, B
tP  the price of the share 

we are short at time t and B
tP  the price of the share we are short at time t-1.30 

 

 

                                                      
30 The long and short positions are selected arbitrarily. Our results would not change if the spread 

return was calculated either as 
1 1

ln( ) ln( )
A B

t t
t A B

t t

P P
R

P P 

  or as 
1 1

ln( ) ln( )
B A

t t
t B A

t t

P P
R

P P 

  . 
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5.3.4  Conditional Autocorrelation 

Subsequently, we check whether the autocorrelation of the pair is within certain 

bounds. In the result section of the chapter we present results for the pairs based on 

the pertinence of one of these autocorrelation intervals: from -1 to -0.4, from -0.4 to -

0.2, from -0.2 to 0, from 0 to 0.2, from 0.2 to 0.4 and from 0.4 to 1.31 The conditional 

autocorrelation for the pair is calculated as follows 

 

 1

1

cov( , )t t t
t

t t

r r


 




  (28) 

 

where 1cov( , )t t tr r  is the conditional covariance between returns of the pair and its 

returns lagged by 1 period, see Equation (29), t  the conditional standard deviation 

calculated according to Equation (26) and 1t 
 the conditional standard deviation 

lagged by 1 period. 

 

The conditional covariance of a pair is calculated as follows 

 

 
11 1 1cov( , ) cov( , ) (1 )

tt t t t t t tr r r r rr 
      (29) 

 

where 1cov( , )t t tr r  is the conditional covariance of the pair between its current 

return and its return lagged 1 period, and 1 1cov( , )t t tr r 
the conditional covariance in 

previous period, tr  and 1tr   are current and previous period returns, respectively and 

  is the same constant as in Equation (26). 

 

 

 

 

 

 

                                                      
31 The autocorrelation thresholds were chosen so that approximately equal number of pairs fell into each bin 

in the in-sample period.  
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5.3.5 Normalized return 

Once the pairs have been selected that fulfill our correlation and autocorrelation 

criteria, we make the final selection using the normalized return of the spread which 

is calculated as follows 

 

 t
t

t

r
R


  (30) 

 

where tr  is the current period's return, and t  is the conditional standard 

deviation calculated according to Equation (26). Each period we only trade pairs with 

normalized return above the threshold of 132. This ensures that the return for the pair 

is high relative to its recent history. The rationale is that we expect thereafter a 

significant return in the subsequent period with the opposite sign, in case of negative 

autocorrelation. If autocorrelation is positive, we bet that the pair will continue to 

move in the same direction as in the current period. Each pair is only held during one 

period, and it is immediately closed when the period ends. Each period, new round 

of picking pairs is initiated. 

 

In our results section we only present the best 5 pairs. Our criterion for the 

ranking of the pairs is the normalized spread return. The pairs that have made it thus 

far (fulfilling the criterion of correlation and autocorrelation) are ranked according to 

the absolute value of the normalized return.  

 

5.3.6 Measure of spread profitability: Information ratio 

We use the information ratio to measure the attractiveness of the strategy for 

investors. In practice it is the most widely used measure to compare different 

investment strategies.  

 

                                                      
32 As mentioned before, an optimization would take very long, thus the threshold of one can by no 

means be considered as an optimized value. We selected a threshold which would be considered 
significant and not exceeded by many observations. Based on the Gaussian distribution, only 33% of 
the values exceed one standard deviation. 
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For instance, based on a buy and hold strategy, a stock market index (e.g. S&P 

500) usually has an information ratio of around 0.5. Any trading strategy with an 

annualized information ratio of one can be considered attractive. The information 

ratio for daily sampling frequency is calculated according to Equation (15) and for 

half-daily sampling frequency according to Equation (32): 

 

     . 252
R

Annualized Information Ratio


  (31) 

     . 252*2
R

Annualized Information Ratio


  (32) 

 

where R  is the average daily return and   is the standard deviation of returns.  

5.3.7 Optimization 

 In this chapter none of the thresholds have been optimized. We tried various 

combinations of thresholds and looked at the subsequent in-sample results. We 

arrived at thresholds of 0.8 for the correlation between shares in the pair and 1 for 

the normalized spread return.33 

 

5.4 TRADING RESULTS 

5.4.1 Returns calculation 

The spread return of the pair in each time period is calculated as in Equation (27)

. 

In this chapter we set the one-way TC to 0.2% for shares and ETFs, very similar 

to e.g. Alexander and Dimitriu (2002). The total transaction costs of 0.2% consist of 

0.05%34 brokerage fee for each share (thus 0.1% for both shares), plus a bid-ask 

                                                      
33 One run of the strategy – for any combination of frequency (daily or half-daily), instrument 

(share or ETF) and autocorrelation interval takes a little more than 10 minutes. Any optimization 
algorithm would need at least a few hundred runs to find the optimized values and if in addition one 
wanted to optimize these values for all the combinations of frequencies and instruments, it would be 
unbearable. Results presented in the final section are of interest already, hence the decision of the 
authors to “arbitrarily” select the thresholds. 

34 For instance Interactive Brokers charges USD 0.0035 per transaction on U.S. markets (see 
http://www.interactivebrokers.com/en/p.php?f=commission, the unbundled cost structure. Last 
accessed 26th Nov 2010), which is 0.05% if the nominal value of the instrument is USD 7 (as only 

http://www.interactivebrokers.com/en/p.php?f=commission
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spread for each share (long and short) which we assume to be 0.05% (thus 0.1% for 

both shares). We consider the hundred most liquid US shares and ETFs thus we 

suppose the TC considered should be realistic. 

 

5.4.2 Results for the daily data and pairs of shares 

In this section we have formed four different portfolios of shares consisting of 1, 

5, 10 and 20 best pairs. 

 

First, in Table 5-1 below, we present the in-sample results for the 5 best pairs 

formed from shares. Results are divided into six autocorrelation bands of the pairs. 

For instance, the first column only contains 5 best pairs which showed 

autocorrelation between -1 and -0.4. As can be seen, the highest information ratio 

without TC is 1.1 (in the autocorrelation band between -0.4 and -0.2). However, after 

accounting for TC the information ratio becomes a negative -0.5. Results for the best 

1, 10 and 20 pairs can be found in Appendix 5-2, Appendix 5-3 and Appendix 5-4. 

However, these are in line with the results from Table 5-1 and are not profitable. 

 

 

Table 5-1. The in-sample trading results of 5 best pairs of shares with daily data. The pairs have been split according 

to the conditional autocorrelation of the pairs to 6 different ranges (see six columns of the table). Transaction costs are 

excluded in rows marked – (excl. TC) and have been included in the remaining ones. 

                                                                                                                                                                     
0.1% of all the ETF prices and 0.2% of all the share prices in our database have lower nominal value 
than USD 7 at any particular time, thus we are on the safe side of transaction costs). 
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The out-of-sample results for the best 5 pairs can be seen in Table 5-2 below. 

 

 

 

Table 5-2. The out-of-sample trading results of 5 best pairs of shares with daily data. The pairs have been split 

according to the conditional autocorrelation of the pairs to 6 different ranges (see six columns of the table). Transaction 

costs are excluded in rows marked – (excl. TC) and have been included in the remaining ones. 

 

As expected from the in-sample results in Table 5-1, the out-of-sample results are 

not profitable. We can see the information ratio after TC is negative for all 

autocorrelation intervals. We conclude that trading shares at a daily sampling 

frequency based on the conditional autocorrelation is not profitable. 

 

5.4.3 Results for the daily data and pairs of ETFs 

In this section we have formed four different portfolios of ETFs consisting of 1, 5, 

10 and 20 best pairs. 

 

In Table 5-3 below, we present the in-sample results for the 5 best pairs formed 

from ETFs. Results are more attractive compared to the in-sample results for the 

shares from Table 5-1. Autocorrelations from -0.4 to -0.2 and from -0.2 to 0 are 

interesting with information ratios excluding TC of 2.6 and 2.3, respectively. 

However, information ratios including TC are only 0.6 and 0.3 respectively. These 
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are obviously more attractive than the results for shares, however they do not justify 

optimism. Usually the in-sample results are worse than the out-of-sample ones, and 

low information ratios do not have anywhere to go but to negative territory. 

 

 

Table 5-3. The in-sample trading results of 5 best pairs of ETFs with daily data. The pairs have been split according 

to the conditional autocorrelation of the pairs to 6 different ranges (see six columns of the table). Transaction costs are 

excluded in rows marked – (excl. TC) and have been included in the remaining ones. 

 

In Table 5-4 below we present the out-of-sample results for the best 5 ETF pairs. 

The information ratios excluding TC are above 2 for the autocorrelations from -0.4 to 

-0.2 and from -0.2 to 0. For the same two intervals the information ratios after TC are 

1.1 and 1, respectively, which is even higher than in the in-sample period. 

Annualized return after TC for the two periods is 76.1% and 84.4% and annualized 

volatility is 69.2% and 80.7%. Maximum drawdown is 62% and 57%, which is 

certainly not suitable for risk-averse investors; however considering the annualized 

return, the maximum drawdown is reasonable.  
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Table 5-4. The out-of-sample trading results of 5 best pairs of ETFs with daily data. The pairs have been split 

according to the conditional autocorrelation of the pairs to 6 different ranges (see six columns of the table). Transaction 

costs are excluded in rows marked – (excl. TC) and have been included in the remaining ones. 

 

The results for 1, 10 and 20 best pairs can be found in Appendix 5-5, Appendix 

5-6 and Appendix 5-7. Results for the best 10 and 20 pairs are similar to the ones 

presented in Table 5-4. Results for the 1 best pair are not profitable; however this 

could be due to the lack of diversification, as holding only 1 pair with such a volatile 

strategy is not very wise. Despite using daily data (probably the most used data 

frequency among investors), the strategy is quite profitable for ETFs, not for shares 

though. Thus, this study goes in line with results from Dunis et al. (2010c). It is 

interesting to note is that negative correlation seems to be a more powerful predictor 

of future returns than positive correlation, although both could be equally significant 

(with the same distance from 0). 

 

5.4.4 Results for the half-daily data and pairs of shares 

In this section we have formed four different portfolios of shares consisting of 1, 

5, 10 and 20 best pairs. The half-daily data were used. 

 

The in-sample results for the best 5 pairs are shown in Table 5-5 below. Again, 

information ratios excluding TC are most attractive when the autocorrelation is in the 
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range of -0.4 to -0.2 and -0.2 to 0. However, when TC are accounted for, information 

ratios in these two cases fall to -0.1 and -0.4, respectively. Thus, pairs of shares are 

not a good candidate to be traded based on the methodology presented here.  

 

 

Table 5-5. The in-sample trading results of 5 best pairs of shares with half-daily data. The pairs have been split 

according to the conditional autocorrelation of the pairs to 6 different ranges (see six columns of the table). Transaction 

costs are excluded in rows marked – (excl. TC) and have been included in the remaining ones. 

 

In Table 5-6 below we show the out-of-sample results for the best 5 pairs of 

shares. As already the in-sample results were not attractive, it is of no surprise that 

the highest information ratio after TC is 0.4. With an annualized volatility of 79.5% 

and maximum drawdown of 76%, this is not a suitable candidate for trading. 
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Table 5-6. The out-of-sample trading results of 5 best pairs of shares with half-daily data. The pairs have been split 

according to the conditional autocorrelation of the pairs to 6 different ranges (see six columns of the table). Transaction 

costs are excluded in rows marked – (excl. TC) and have been included in the remaining ones. 

 

To conclude, shares do not appear to be good candidates for our methodology. 

Neither daily nor half-daily data were sufficient for the shares trading strategy to 

become profitable. 

 

5.4.5 Results for the half-daily data and pairs of ETFs 

In this section we have formed four different portfolios of ETFs consisting of 1, 5, 

10 and 20 best pairs. The half-daily data were used. 

 

The in-sample results for the 5 best pairs of ETFs are presented in Table 5-7 

below. 
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Table 5-7. The in-sample trading results of 5 best pairs of ETFs with half-daily data. The pairs have been split 

according to the conditional autocorrelation of the pairs to 6 different ranges (see six columns of the table). Transaction 

costs are excluded in rows marked – (excl. TC) and have been included in the remaining ones. 

 

In case of negative autocorrelations information ratios excluding TC are 

extremely attractive, being 6.3, 6.5 and 5.8 respectively. After the inclusion of TC the 

information ratios fall somewhat, however they remain very attractive at 2.3, 2.6 and 

1.9, respectively. Annualized returns for the three cases are 55%, 82.4% and 61% 

and annualized volatilities are 23.6%, 31.2% and 31.9%. With such annualized 

volatilities maximum drawdowns are “only” 29%, 22% and 43% respectively.  

 

However, the out-of-sample results are the most important and we present them 

in Table 5-8 below. 
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Table 5-8. The out-of-sample trading results of 5 best pairs of ETFs with half-daily data. The pairs have been split 

according to the conditional autocorrelation of the pairs to 6 different ranges (see six columns of the table). Transaction 

costs are excluded in rows marked – (excl. TC) and have been included in the remaining ones. 

 

Information ratios without TC are still very attractive at 3.7, 5.1 and 4.7 in case of 

negative autocorrelations. When we include TC, information ratios remain very good 

at 1.4, 2.8 and 2.6 respectively. These out-of-sample results are more attractive than 

the out-of-sample results for shares ( 

 

Table 5-2 and Table 5-6), and also better than the out-of-sample results for ETFs 

with daily data (Table 5-4). It is also important to note that the out-of-sample results 

from Table 5-8 are consistent with the in-sample data from Table 5-7. Thus, the 

investor would correctly decide based on the in-sample period to invest „out-of-

sample‟ in the pairs with negative autocorrelations. 

 

Out-of-sample results for the best 10 and 20 pairs have been included in 

Appendix 5-8 and Appendix 5-9 and are in line with the results of the 5 best pairs. 

Results for the best 1 pair of ETFs are not profitable after TC, however more 

importantly, they are not profitable in the in-sample period either, see Appendix 5-10 

and Appendix 5-11. Thus investors would have correct information after the in-

sample period as to which strategy to choose before the out-of-sample period 
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begins. Yet another important finding is that pairs with negative autocorrelations 

achieve better results than the pairs with positive autocorrelations35. 

 

5.5 CONSISTENCY OF THE OUT-OF-SAMPLE RESULTS 

Another important point is the consistency of the results during the out-of-sample 

period. In Figure 5-1 we can see the out-of-sample logarithmic equity curve of 

trading 5 best pairs of ETFs with half-daily data and autocorrelation between -0.4 

and -0.2 after transaction costs. The investor would have benefited consistently 

during the period concerned until 2009. However, since the beginning of 2009 the 

equity curve is almost flat. 

 

 

Figure 5-1. The out-of-sample log equity curve of 5 best pairs of ETFs with half-daily data and 

autocorrelation of pairs between -0.4 and -0.2 after transaction costs. 

 

In Figure 5-2 below the out-of-sample log equity curve for 20 best ETF pairs is 

shown, with half-daily data and autocorrelation between -0.4 and -0.2 after 

transaction costs. It can be seen that although profitability fell somewhat in the 

                                                      
35 Obviously, if autocorrelation is negative, in the next period we bet that the return will have a 

contrarian sign to the current one. On the other hand, if autocorrelation is positive, we bet that the 
future period‟s return of the pair will have the same sign as the current one. 
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beginning of 2009, it continues being profitable. Thus adding more pairs into portfolio 

makes results more consistent over time. 

 

 

Figure 5-2. The out-of-sample log equity curve of 20 best pairs of ETFs with half-daily data and 

autocorrelation of pairs between -0.4 and -0.2 after transaction costs. 

 

5.6 CONCLUDING REMARKS 

In this article we apply a pair trading strategy to the constituent shares of the S&P 

100 index and to the hundred most liquid ETFs.  

 

We only consider the pairs consisting of either two shares or two ETFs. We 

employ a simple trading strategy which exploits the mean reversion of the pairs. 

Pairs are formed from shares and ETFs with a high correlation (above 0.8) and 

autocorrelation in specific range. Finally only pairs with the highest normalized return 

(but with a normalized return of at least 1) are traded. The parameters have not been 

optimized. However, they have been chosen with the objective to achieve good 

results in the in-sample period across frequencies (daily and half-daily) and 

instruments (shares and ETFs). 
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We find that information ratios for the average pair consisting of ETFs are 

significantly higher than when the pairs selected consist of shares. We also find that 

using a half-daily (open to close and close to open) sampling frequency provides 

better results than using a daily (close to close) sampling frequency. Finally we find 

that future spread returns of pairs with negative first-order autocorrelation are easier 

to predict than the returns of pairs with the same but positive autocorrelation. 

 

The out-of-sample information ratios achieved for the best 5 ETF pairs using the 

half-daily frequency range from 1.4 to 2.8 after TC. 
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5.7 APPENDICES 

Appendix 5-1. THE LIST OF ETFS USED
T icker N ame F und type

AGG iShares Barclays Aggregate Fixed Income ETF

BGU Direxion Large Cap Bull 3x Shares US Equity ETF

BGZ Direxion Large Cap Bear 3x Shares US Equity ETF

BIL SPDR Barclays Capital 1-3 M onth T-Bill ETF Fixed Income ETF

BSV Vanguard Short-Term Bond ETF Fixed Income ETF

CYB WisdomTree Dreyfus Chinese Yuan Fund Commodity Based ETF

DDM ProShares Ultra Dow30 US Equity ETF

DIA SPDR Dow Jones Industrial Average ETF US Equity ETF

DIG ProShares Ultra Oil & Gas US Equity ETF

DRN Direxion Daily Real Estate Bull 3x Shares Commodity Based ETF

DXD ProShares UltraShort Dow30 US Equity ETF

EDC Direxion Emerging M arkets Bull 3x Shares US Equity ETF

EDZ Direxion Emerging M arkets Bear 3x Shares US Equity ETF

EEM iShares M SCI Emerging Index Fund Global Equity ETF

EFA iShares M SCI EAFE Index Fund Global Equity ETF

EPP iShares M SCI Pacific Ex-Japan Index Fund Global Equity ETF

ERX Direxion Energy Bull 3x Shares US Equity ETF

EWA iShares M SCI Australia Index Fund Global Equity ETF

EWC iShares M SCI Canada Index Fund Global Equity ETF

EWH iShares M SCI Hong Kong Index Fund Global Equity ETF

EWJ iShares M SCI Japan Index Fund Global Equity ETF

EWT iShares M SCI Taiwan Index Fund Global Equity ETF

EWW iShares M SCI M exico Index Fund Global Equity ETF

EWY iShares M SCI South Korea Index Fund Global Equity ETF

EWZ iShares M SCI Brazil Index Fund Global Equity ETF

EZU iShares M SCI EM U Index Fund Global Equity ETF

FAS Direxion Financial Bull 3x Shares US Equity ETF

FAZ Direxion Financial Bear 3x Shares US Equity ETF

FXI iShares FTSE/Xinhua China 25 Index Fund Global Equity ETF

GDX M arket Vectors TR Gold M iners US Equity ETF

GLD SPDR Gold Shares Commodity Based ETF

HYG iShares iBoxx $ HY Corp Bond Fund Fixed Income ETF

ICF iShares Cohen & Steers Realty M ajor US Equity ETF

IJH iShares S&P M idCap 400 Index Fund US Equity ETF

ILF iShares Latin America 40 Index Fund Global Equity ETF

IVV iShares S&P 500 Index Fund US Equity ETF

IWB iShares Russell 1000 US Equity ETF

IWD iShares Russell 1000 Value US Equity ETF

IWF iShares Russell 1000 Growth US Equity ETF

IWM iShares Russell 2000 US Equity ETF

IWN iShares Russell 2000 Value US Equity ETF

IWO iShares Russell 2000 Growth US Equity ETF

IWR iShares Russell M idcap Index Fund US Equity ETF

IYF iShares Dow Jones U.S. Financial Sector Index Fund US Equity ETF

IYM iShares Dow Jones U.S. Basic M aterials Index US Equity ETF

IYR iShares Dow Jones U.S. Real Estate Index Fund US Equity ETF

IYT iShares Dow Jones Transportation Average Index Fund US Equity ETF

JNK SPDR Barclays Capital High Yield Bond ETF Fixed Income ETF

KBE SPDR KBW Bank ETF US Equity ETF

KRE SPDR KBW Regional Banking ETF US Equity ETF

LQD iShares GS $ InvesTopTM  Corporate Bond Fund Fixed Income ETF

M DY SPDR S&P M idCap 400 ETF US Equity ETF

OEF iShares S&P 100 Index Fund US Equity ETF

OIH HOLDRS M errill Lynch M arket Oil Service US Equity ETF

PFF iShares S&P US Preferred Stock Fund Global Equity ETF

QID ProShares UltraShort QQQ US Equity ETF

QLD ProShares Ultra QQQ US Equity ETF

QQQQ PowerShares QQQ Trust US Equity ETF

RSP Rydex S&P Equal Weight ETF US Equity ETF

RSX M arket Vectors TR Russia ETF Global Equity ETF

RTH HOLDRS M errill Lynch Retail US Equity ETF

SDS ProShares UltraShort S&P500 US Equity ETF

SHV iShares Barclays Short Treasury Bond Fund Fixed Income ETF

SHY iShares Barclays 1-3 Year Treasury Bond Fund Fixed Income ETF

SKF ProShares UltraShort Financials US Equity ETF

SLV iShares Silver Trust Commodity Based ETF

SM H HOLDRS M errill Lynch Semiconductor US Equity ETF

SPXU ProShares UltraPro Short S&P500 US Equity ETF

SPY SPDR S&P 500 ETF US Equity ETF

SRS ProShares UltraShort Real Estate US Equity ETF

SSO ProShares Ultra S&P500 US Equity ETF

TBT ProShares UltraShort 20+ Year Treasury Commodity Based ETF

TIP iShares Barclays TIPS Bond Fund Fixed Income ETF

TLT iShares Barclays 20 Year Treasury Bond Fund Fixed Income ETF

TNA Direxion Small Cap Bull 3x Shares US Equity ETF

TWM ProShares UltraShort Russell2000 US Equity ETF

TZA Direxion Small Cap Bear 3x Shares US Equity ETF

UNG United States Natural Gas Fund LP Commodity Based ETF

UPRO ProShares UltraPro S&P500 US Equity ETF

URE ProShares Ultra Real Estate US Equity ETF

USO United States Oil Fund Commodity Based ETF

UUP PowerShares DB USD Index Bullish Commodity Based ETF

UYG ProShares Ultra Financials US Equity ETF

UYM ProShares Ultra Basic M aterials US Equity ETF

VNQ Vanguard REIT ETF - DNQ US Equity ETF

VTI Vanguard Total Stock M arket ETF US Equity ETF

VWO Vanguard Emerging M arkets ETF Global Equity ETF

XHB SPDR S&P Homebuilders ETF US Equity ETF

XLB SPDR M aterials Select Sector Fund US Equity ETF

XLE SPDR Energy Select Sector Fund US Equity ETF

XLF SPDR Financial Select Sector Fund US Equity ETF

XLI SPDR Industrial Select Sector Fund US Equity ETF

XLK SPDR Technology Select Sector Fund US Equity ETF

XLP SPDR Consumer Staples Select Sector Fund US Equity ETF

XLU SPDR Utilities Select Sector Fund US Equity ETF

XLV SPDR Health Care Select Sector Fund US Equity ETF

XLY SPDR Consumer Discretionary Select Sector Fund US Equity ETF

XM E SPDR S&P M etals and M ining ETF US Equity ETF

XOP SPDR S&P Oil & Gas Exploration & Production ETF US Equity ETF

XRT SPDR S&P Retail ETF US Equity ETF  



85 
 

Appendix 5-2. THE IN-SAMPLE TRADING RESULTS OF 1 BEST PAIR OF SHARES WITH DAILY DATA. THE PAIRS HAVE BEEN SPLIT 

ACCORDING TO THE CONDITIONAL AUTOCORRELATION OF THE PAIRS TO 6 DIFFERENT RANGES (SEE SIX COLUMNS OF THE TABLE). 
TRANSACTION COSTS ARE EXCLUDED IN ROWS MARKED – (EXCL. TC) AND HAVE BEEN INCLUDED IN THE REMAINING ONES. 

 

 

 

Appendix 5-3. THE IN-SAMPLE TRADING RESULTS OF 10 BEST PAIRS OF SHARES WITH DAILY DATA. THE PAIRS HAVE BEEN SPLIT 

ACCORDING TO THE CONDITIONAL AUTOCORRELATION OF THE PAIRS TO 6 DIFFERENT RANGES (SEE SIX COLUMNS OF THE TABLE). 
TRANSACTION COSTS ARE EXCLUDED IN ROWS MARKED – (EXCL. TC) AND HAVE BEEN INCLUDED IN THE REMAINING ONES. 
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Appendix 5-4. THE IN-SAMPLE TRADING RESULTS OF 20 BEST PAIRS OF SHARES WITH DAILY DATA. THE PAIRS HAVE BEEN SPLIT 

ACCORDING TO THE CONDITIONAL AUTOCORRELATION OF THE PAIRS TO 6 DIFFERENT RANGES (SEE SIX COLUMNS OF THE TABLE). 
TRANSACTION COSTS ARE EXCLUDED IN ROWS MARKED – (EXCL. TC) AND HAVE BEEN INCLUDED IN THE REMAINING ONES. 

 

 

 

 

Appendix 5-5. THE OUT-OF-SAMPLE TRADING RESULTS OF 1 BEST PAIR OF ETFS WITH DAILY DATA. THE PAIRS HAVE BEEN SPLIT 

ACCORDING TO THE CONDITIONAL AUTOCORRELATION OF THE PAIRS TO 6 DIFFERENT RANGES (SEE SIX COLUMNS OF THE TABLE). 
TRANSACTION COSTS ARE EXCLUDED IN ROWS MARKED – (EXCL. TC) AND HAVE BEEN INCLUDED IN THE REMAINING ONES. 
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Appendix 5-6. THE OUT-OF-SAMPLE TRADING RESULTS OF 10 BEST PAIRS OF ETFS WITH DAILY DATA. THE PAIRS HAVE BEEN 

SPLIT ACCORDING TO THE CONDITIONAL AUTOCORRELATION OF THE PAIRS TO 6 DIFFERENT RANGES (SEE SIX COLUMNS OF THE TABLE). 
TRANSACTION COSTS ARE EXCLUDED IN ROWS MARKED – (EXCL. TC) AND HAVE BEEN INCLUDED IN THE REMAINING ONES. 

 

 

 
Appendix 5-7.  THE OUT-OF-SAMPLE TRADING RESULTS OF 20 BEST PAIRS OF ETFS WITH DAILY DATA. THE PAIRS HAVE BEEN 

SPLIT ACCORDING TO THE CONDITIONAL AUTOCORRELATION OF THE PAIRS TO 6 DIFFERENT RANGES (SEE SIX COLUMNS OF THE TABLE). 
TRANSACTION COSTS ARE EXCLUDED IN ROWS MARKED – (EXCL. TC) AND HAVE BEEN INCLUDED IN THE REMAINING ONES. 
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Appendix 5-8. THE OUT-OF-SAMPLE TRADING RESULTS OF 10 BEST PAIRS OF ETFS WITH HALF-DAILY DATA. THE PAIRS HAVE 

BEEN SPLIT ACCORDING TO THE CONDITIONAL AUTOCORRELATION OF THE PAIRS TO 6 DIFFERENT RANGES (SEE SIX COLUMNS OF THE 

TABLE). TRANSACTION COSTS ARE EXCLUDED IN ROWS MARKED – (EXCL. TC) AND HAVE BEEN INCLUDED IN THE REMAINING ONES. 

 

 

 

 

Appendix 5-9. THE OUT-OF-SAMPLE TRADING RESULTS OF 20 BEST PAIRS OF ETFS WITH HALF-DAILY DATA. THE PAIRS HAVE 

BEEN SPLIT ACCORDING TO THE CONDITIONAL AUTOCORRELATION OF THE PAIRS TO 6 DIFFERENT RANGES (SEE SIX COLUMNS OF THE 

TABLE). TRANSACTION COSTS ARE EXCLUDED IN ROWS MARKED – (EXCL. TC) AND HAVE BEEN INCLUDED IN THE REMAINING ONES. 
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Appendix 5-10. THE IN-SAMPLE TRADING RESULTS OF 1 BEST PAIR OF ETFS WITH HALF-DAILY DATA. THE PAIRS HAVE BEEN SPLIT 

ACCORDING TO THE CONDITIONAL AUTOCORRELATION OF THE PAIRS TO 6 DIFFERENT RANGES (SEE SIX COLUMNS OF THE TABLE). 
TRANSACTION COSTS ARE EXCLUDED IN ROWS MARKED – (EXCL. TC) AND HAVE BEEN INCLUDED IN THE REMAINING ONES. 

 

 

 
Appendix 5-11. THE OUT-OF-SAMPLE TRADING RESULTS OF 1 BEST PAIR OF ETFS WITH HALF-DAILY DATA. THE PAIRS HAVE BEEN 

SPLIT ACCORDING TO THE CONDITIONAL AUTOCORRELATION OF THE PAIRS TO 6 DIFFERENT RANGES (SEE SIX COLUMNS OF THE TABLE). 
TRANSACTION COSTS ARE EXCLUDED IN ROWS MARKED – (EXCL. TC) AND HAVE BEEN INCLUDED IN THE REMAINING ONES. 
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Chapter 6 - Profitable Mean Reversion after Large 

Price Drops: A story of Day and Night in the S&P 500, 

400 Mid Cap and 600 Small Cap Indices 

 

 

Overview 

The motivation for this chapter is to show the usefulness of the information 

contained in the open-to-close (day) and close-to-open (night) periods compared to 

the more frequently used close-to-close period. To show this we construct two 

versions of a contrarian strategy, where the worst performing shares during the day 

(resp. night) are bought and held during the night (resp. day). 

 

We show that the strategies presented here generate a significant alpha and their 

returns cannot be solely explained by the factors derived from Fama and French 

(1993) 3-factor model and a modified 5-factor model introduced by Carhart (1997).  

 

Even after we account for the bid-ask bounce effect the returns generated are 

significant and consistent. The information ratios of the two strategies mentioned for 

the entire period 2000-2010 vary between 1.59 and 6.70 depending on the 

capitalization of stocks. Overall, we show that opening prices contain information that 

is not generally fully utilized yet. The strategy proposed uses this information to add 

value and extract a significant alpha which cannot be explained by market factors. 
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6.1 INTRODUCTION 

The motivation for this study is the existence of contrarian returns which have 

been diminishing recently, see e.g. Khandani and Lo (2007). Many papers 

investigate the profitability of the contrarian/mean reverting strategies, or strategies 

of buying losers and selling winners. But all those papers calculate returns from 

close-to-close and do not take opening prices into account. To our knowledge there 

are no papers investigating the profitability of the contrarian strategy - where the 

holding period is close-to-open (night) or open-to-close (day) instead of a standard 

close-to-close period. 

 

The existence of contrarian profits can be partly explained by the overreaction 

hypothesis, see e.g. Lo and MacKinlay (1990). A negative autocorrelation in returns 

is the common assumption for most overreaction theories, Lo and MacKinlay (1990). 

Yet there are also overreaction theories that try to explain the contrarian profits 

exclusively after large price falls, see e.g. Choi and Jayaraman (2009). This is a 

weaker condition as returns do not even have to be negatively autocorrelated. There 

only has to be contrarian profits after large price declines. In this chapter we focus 

exclusively on this situation and investigate whether in conjunction with the non-

standard holding periods (either day or night) one might obtain an “edge” over other 

more traditional strategies. In this paper it is not important whether the overreaction 

was caused by positive or negative, soft or hard news. We do not account for the 

type of the news that caused overreaction. 

 

The rest of the chapter is organized as follows. In Section 6.2 we present the 

literature review, Section 6.3 describes the data used and Section 6.4 presents the 

contrarian strategy. Section 6.5 gives the performance results of the contrarian 

strategy and presents them by decile, by year and proves that the strategy is 

profitable even after the inclusion of the bid-ask bounce. In Section 6.6 we try to 

explain the contrarian profits by multi-factor models and Section 6.7 concludes. 
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6.2 LITERATURE REVIEW 

6.2.1 Predictability of returns 

There are various studies on the short- and long-term predictability of stock 

market returns [e.g. Thaler and De Bondt (1985), Kim et al. (1991)]. One of the first 

studies on the long-term predictability of the individual stock market returns is 

described in Thaler and De Bondt (1985). They divide the companies into two 

groups, extreme winners and extreme losers, and compare their performance. They 

form 2 portfolios (consisting of n worst and n best performing stocks) based on the 

past 3-year performance. The portfolios are subsequently rebalanced every 3 years. 

3 years after the portfolio formation they show that the portfolios consisting of the 

past losers beat the past winners by 25%. The outperformance continues as late as 

5 years after the portfolios have been formed.   

 

Fama (1997) provides an extensive literature review on long-term market 

inefficiencies, nevertheless the author states a few reasons why those papers do not 

invalidate the existence of the efficient market hypothesis. The most important one 

according to Fama (1997, p. 6) is that most anomalies are “shaky” and tend “to 

disappear when reasonable alternative approaches are used to measure them”. 

 

Money managers and hedge funds are more interested in exploiting the short-

term anomalies as opposed to the long-term ones because they need to report 

investment results (e.g. information ratios) to investors every month or every week. It 

also takes much less time to test the short-term anomaly in practice, as one needs to 

test it during much shorter time frames which partly motivates our decision to look at 

the short-term market reversal anomaly instead of the longer-term one. 

 

6.2.2 Contrarian strategies 

There are two main ways of exploiting the predictability of short-term returns, 

which are referred to as the contrarian and momentum strategies. Contrarian 

strategies benefit from the overreaction to an isolated event, which results in the 

trend reversal and contrarian signs of return after the event as opposed to during the 

event itself. On the other hand, momentum strategies benefit from slowly spreading 
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news about the event among investors, which results in the same sign of returns 

after the event as during the event, see Forner and Marhuenda (2003).  

 

McInish et al. (2008) look at the performance of the simple momentum and 

contrarian strategies in the seven Pacific-Basin capital markets during 1990-2000. 

They find that the contrarian profits are persistent and profitable only in Japan, and 

momentum profits are persistent and profitable in Japan and Hong Kong. In the 

remainder of this paper however, we focus exclusively on the contrarian strategies. 

 

Serletis and Rosenberg (2009) calculate the Hurst exponent for the four major 

US stock market indices during 1971-2006 and find that the returns display anti-

persistent or mean reverting behaviour. 

 

Leung (2009) investigates the return behaviour of the US stocks during 1963-

2007. In his study the shares are first ordered based on past returns and then on 

market capitalization. He finds significant short- and long-term mean reverting 

behaviour of the returns.  

 

6.2.3 Overreaction hypothesis 

It is important to understand the precise source of the returns when devising a 

strategy. The overreaction hypothesis states that extreme movements in the stock 

prices are followed by moves in the opposite direction that partly offset the initial 

move. The original extreme move is caused by the overreaction to firm-specific 

news. However, as in Lo and MacKinlay (1990, p. 116), “a well-articulated 

equilibrium theory of overreaction with sharp empirical implications has yet to be 

developed”.  

 

Bali et al. (2008) test the non-linear mean reverting behaviour as an alternative 

hypothesis to the existence of the random walk and find that the speed of the mean 

reversion is higher during periods of large falls in prices.  

 

As to the possibility to profit from extreme price moves, it is enough that stocks 

that fell the most during any day bounce back during the subsequent period. They do 
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not have to bounce back after all the falls and thus do not even have to be negatively 

autocorrelated. Therefore a possibility to profit from extreme price movements 

caused by the overreaction in individual stock market prices is a weaker condition to 

fulfil than the existence of the mean reverting behaviour. 

 

6.2.4 Stock returns following large price declines 

Gaunt and Nguyen (2008) look at the behaviour of Australian stocks after 5% or 

more daily declines. The results suggest that there is a short-term price reversal after 

the sharp price decline. Market microstructure (bid-ask bounce) plays an important 

role in the short-term price reversal (more on this below). The target stocks continue 

to underperform the stock market index during the following 100 days. 

 

Mazouz et al. (2009) use the constituents of the FTSE-ALL Index in the period 

1992-2003. They take the average bid-ask price into account in order to account for 

a bid-ask bounce and find a continuation of the return behaviour in the direction of 

the shock. Thus, the study finds significant positive returns after a shock of more 

than 5% and significant negative returns after a negative shock of the same 

magnitude,  which is in contrast with Choi and Jayaraman (2009). 

 

6.2.5 Bid-ask bounce effect 

The bid-ask bounce is an illusionary effect of a share price change, when there is 

actually none. This occurs as the trades occur once at a bid and once at an ask 

price. This bears important conclusions upon the short term contrarian strategy. If 

the last transaction of the day has occurred at a bid, the first trade the next trading 

day at an ask and the bid-ask spread is large for a share, it might seem that there 

was a significant rebound when there was actually none. In such case the entire 

profitability of the contrarian strategy would be attributable to the existence of a wide 

bid-ask spread. 

 

Morse and Ushman (1983) found significant increases in the bid-ask spreads on 

the day of a large price change in stocks. Park (1995) looked at the influence of the 

bid-ask bounce on the next day‟s returns after large price changes. Instead of 
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closing prices, the author used the average bid-ask price. As a result, previously 

reported profitability of a simple strategy based on the price reversal in the close-to-

close period was not found any more after taking TC into account.  

 

Because of the existence of the bid-ask bounce we also show the profitability of a 

simple reversal strategy based upon close-to-close returns and compare its results 

with our alternative strategies based on different trading frequencies. With the latter, 

we obtain much larger and more consistent profits. As a result even if the entire profit 

of the close-to-close price reversal strategy is due to the bid-ask bounce and is not 

achievable in practice, our strategy can still be profitable due to the far superior 

returns achieved. 

 

6.2.6 Opening gaps and periodic market closures 

De Gooijer et al. (2009) try to predict the home market opening price by taking 

into account the overnight price pattern of the foreign markets. They find the 

existence of non-linear relationships. 

 

Cliff et al. (2008) decompose the market returns of the S&P Index stocks 

between day (open-to-close) and night (close-to-open). They investigate the period 

1993-2006 and find that the night returns are strongly positive and the day returns 

are very close to 0. They find that the night returns are consistently higher than the 

day returns, and this holds across days of the week, weeks of the months and 

months of the year. The effect is partly driven by the higher opening prices which 

decline during the first trading hour of the session. However, they state that there is 

not a general consensus in the literature whether returns are higher over the trading 

or non-trading periods. Cliff et al. (2008, p. 2) affirm that the impact of the periodical 

market closes “on the first moment of stock returns is still not fully understood”. This 

also partly motivates our decision to look at the contrarian returns during the trading 

and non-trading part of the session and see whether they differ from the contrarian 

profits in the entire session (close-to-close). 

 

Hong and Wang (2000) investigate how market closures affect investor 

behaviour. They find a U-shaped return pattern in the mean and volatility of returns 
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over the trading periods, more volatile open-to-open returns than close-to-close 

returns and contrary to Cliff et al. (2008) higher returns during the trading periods 

than during the non-trading periods.  

 

 

6.3 RELATED FINANCIAL DATA AND TRANSACTION COSTS 

6.3.1 Data sources 

In this paper we use the stocks that constituted the three indices - the S&P 500 

Index, the S&P 400 MidCap Index and the S&P 600 SmallCap Index - on 12th 

February 2010. The data span from 30th May 2000 to 12th February 2010, which 

amounts to 2353 trading days. We use the opening and closing prices that have 

automatically been adjusted for dividends and stock splits by Bloomberg. If a 

particular share does not have a price recorded on certain days (e.g. because it was 

not listed back then yet), our universe is smaller on these dates. 

 

The price at which the first transaction on a particular day was recorded is the 

opening price, and the price at which the last transaction on a particular day was 

recorded is the closing price. Thus, we have trade prices at our disposal and will not 

consider bid-ask spread in the paper. (However, we show later that our strategy 

would not be affected by a bid-ask bounce effect). Nevertheless, we take into 

account TC of 0.05% of the transacted amount one way. This is a level charged for 

an individual investor36. 

 

While it is possible to trade after hours on the US markets, after-hours trading 

introduces lower liquidity and therefore higher bid-ask spreads. In practice our 

strategy would preferably be traded in a modified form. One would not wait for a 

closing price to make decision, but would execute the transaction a few seconds 

before the market closes, basing one‟s decision on that particular price. While it is 

possible that such a procedure might deteriorate our results as reported in this 

                                                      
36 For instance see http://interactivebrokers.com/en/p.php?f=commission&ib_entity=llc where the 

fee is USD 0.0035 per share, which amounts to 0.05% if the nominal value of share is USD 7. Note 
that the fee decreases proportionally as the nominal value of the share increases. 

http://interactivebrokers.com/en/p.php?f=commission&ib_entity=llc
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paper, it is improbable that a significant part of the profit would be sacrificed by such 

a procedure. 

 

6.3.2 Day and night return characteristics 

In this section we present the equally weighted return of the constituent shares of 

the 3 indices during the day and during the night.  The aim is to investigate the 

differences in returns which might exist in exclusive daily or nightly ownership of the 

constituent shares as already mentioned in Cliff et al. (2008) or Hong and Wang 

(2000). 

 

First, for each share considered we calculate two different return series as:  

 

 1 ln( / )C O
D DR P P  (33) 

 

 2 1ln( / )O C
D DR P P  (34) 

 

where C
DP is the closing price of share on day D and O

DP is the opening price of 

share on day D. From Equation (34), 1
O

DP  is the opening price on day D+1 and C
DP is 

the closing price on day D. 

 

Subsequently we calculate an equally weighted average daily return across all 

the shares belonging to the index (either S&P 500, 400 MidCap or 600 SmallCap) 

as: 
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where 1R  is the return series of any share calculated as in Equation (33), n  is the 

number of shares in any particular index and 1R  is an equally weighted average 
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daily return for the constituent stocks of the index. 2R  is the return series of a share 

calculated as in Equation (34) and 2R  is an equally weighted average daily return. 

 

In such a way we obtain two return distributions for each of the three indices, thus 

altogether 6 return distributions.  

 

 

Table 6-1. Trading statistics for various indices. The strategy buys an equal proportion of all the constituent shares 

in the index and holds them during the Open-Close or Close-Open period only, respectively.  

 

In Table 6-1 just above we can see the descriptive statistics of holding the equal 

proportion of shares of the mentioned indices either only during night (close-open) or 

only during day (open-close). 

 

The mean return of the strategy that buys all the shares that belong to the S&P 

500 Index in equal proportion on open of day D and sells them on close of day D is 

0.007% (without TC). The generated return would not survive any reasonable level 

of TC. The maximum and minimum daily returns are 7.4% and -9.5%, respectively, 

over the period considered. The mean return of buying the shares belonging to the 

S&P 500 Index in equal proportion on close of day D and selling them on open of 

day D+1 is also 0.007% (without TC), similar to the one shown in the first column. 

Maximum and minimum daily returns are 5.6% and -7.3% respectively over the 

period considered.  Thus, the average return of holding the shares during day and 

night is very similar for the constituent stocks of S&P 500 Index and is slightly 

positive for both. 

 

In columns 3 and 4 we show the return distribution of the equally weighted 

constituent shares of the S&P 400 MidCap Index with holding periods during day and 

night, respectively. The average return for daily holding period is 0.0443%, a bigger 

Index & Period S&P 500 O-C S&P 500 C-O S&P 400 MidCap O-C S&P 400 MidCap C-O S&P 600 SmallCap O-C S&P 600 SmallCap C-O

Avg Return 0.007% 0.007% 0.044% -0.022% 0.040% -0.022%

Median Return 0.051% 0.040% 0.086% 0.007% 0.068% -0.007%

Maximum Return 7.40% 5.64% 8.24% 6.23% 9.14% 5.19%

 Minimum Return -9.50% -7.30% -9.27% -8.24% -10.61% -9.14%

 St. Dev. 0.0124 0.0071 0.0134 0.0066 0.0145 0.0066

Number of Up Periods 1339 1374 1383 1296 1341 1249

Number of Down Periods 1194 1158 1150 1236 1192 1283

Avg Gain in Up Periods (ex TC) 0.79% 0.40% 0.88% 0.36% 1.00% 0.38%

Avg Loss in Down Periods (ex TC) -0.87% -0.46% -0.97% -0.42% -1.04% -0.41%
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number than was the case for the S&P 500 Index, but still too low to be profitable 

after the inclusion of TC. The average return for holding the shares only during the 

night is -0.0215%. Thus, the daily returns are positive and overnight negative for the 

S&P 400 MidCap Index constituents. 

In columns 5 and 6 we show the return distribution of the equally weighted 

constituent shares of the S&P 600 SmallCap Index. It is similar in magnitude to the 

one observed on the constituent shares of the S&P 400 MidCap Index (see columns 

3 and 4) and amounts to 0.04% and -0.02%, respectively.  

 

In summary, we obtain results in line with Hong and Wang (2000) as daily returns 

are higher than night returns for the 2 of the 3 indices investigated. However, daily 

returns are not sufficiently large so that the investor can try to be invested exclusively 

during the day. The existence of TC of 0.05% would deem such an intent as 

unprofitable. However, the difference between the returns during day and night might 

mean that a shorter holding period (either day or night) will make the strategy of 

buying extreme losers more profitable compared to holding them during entire 

session (24 hours). 

 

6.4 TRADING STRATEGY 

Our strategies attempt to exploit the mean reverting behaviour of the largest 

losers either during the day or night. 

 

The first version of the strategy (version 1) buys n worst performing shares during 

the close-to-open period (decision period) where close is the closing price today and 

open the opening price tomorrow. The shares are bought at the market open 

tomorrow for the opening price, held and sold for the closing price tomorrow. The 

shares are equally weighted in the portfolio. 

 

The second version of the strategy (version 2) buys n worst performing shares 

during the open-to-close period (decision period). The shares are bought when the 

market closes, and held until the next day‟s market open. They are subsequently 

sold for the opening price. The shares are equally weighted in the portfolio. 
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For comparison we also present the benchmark strategy which consists of buying 

n worst shares during an entire session [close (D) - close (D+1)]. The shares are 

bought on close (D+1) and held until the next day‟s close (D+2). Although the 

benchmark strategy only executes transactions at close, it will have the same 

amount of transactions as both versions of the strategy described just before. The 

only difference is the length of the holding period, where it is the entire session for 

the benchmark strategy (24 hours) and either day or night (7.5 hours or 16.5 hours) 

for our 2 versions. For instance, for daily strategy, we buy shares at the market open, 

and sell them at the market close. Thus, during entire market session (24 hours) we 

have made 2 transactions (buy and sell). The same applies for the benchmark 

strategy, where the shares are bought at the close, and sold at the subsequent 

market close.  

 

One of the reasons we investigate two daily sub-periods is potentially more 

difficult tradability around the market opening time. Although we dispose of the first 

and last traded price during the day, it might be impossible to consistently execute 

transactions at the official market opening price as is well-known among 

practitioners. Therefore, by testing the two versions of the strategy, we can prove 

that at least one of them is profitable in practice. The first benefits from lower than 

recorded opening price, and the second from higher than recorded opening price. If 

both versions of the strategy prove profitable in the backtests, we have shown that in 

real trading at least one of them will be making money. In a real trading, consistently 

lower/higher opening prices than the ones we used will make version 1 more/less 

and version 2 less/more profitable.  
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6.5 STRATEGY PERFORMANCE  

6.5.1 Strategy performance by decile 

In Table 6-2 below we summarize the trading statistics of version 1 of the 

strategy. The table contains the strategy applied to the constituent stocks of the S&P 

600 SmallCap Index. The performance is divided into 10 deciles. The first decile 

contains the stocks with the largest decline during the decision period. The tenth 

decile contains the stocks with the best performance during the decision period. 

Thus the first decile will probably not contain the same shares during two 

consecutive holding periods. This would only occur if the same shares were the 

worst during two consecutive decision periods. Furthermore, stocks in all deciles are 

equally weighted. 

 

The first 3 deciles are profitable even after TC (information ratio after TC is above 

0). Next, we only focus on the first 2 deciles, as these offer attractive return 

characteristics for investors. Although information ratios for the first 2 deciles are 

very attractive (6.7 and 2.0 after TC), the strategy is still very volatile, maximum 

drawdowns being around 48% and 39%, respectively. Nevertheless, this is more 

than compensated by annualized returns of 215% and 53%. It might be worth 

exploring the short selling of the tenth decile stocks as information ratios decline 

consistently from the first to the tenth decile. However, buying the first decile stocks 

is profitable on its own and there might be constraints to short selling some shares in 

practice. Therefore we chose not to explore this option in the paper, although it might 

clearly improve the characteristics of the strategy. 

 

The first decile is profitable not only because of higher average gains in up 

periods than losses in down periods (1.74% vs. -1.16%), but also because of more 

frequent up periods than down periods (1844 vs. 689). As one moves towards the 

tenth decile, the number of up periods falls in such a way that the tenth decile has 

almost the opposite ratio of up vs. down periods compared to the first decile. Also 

the average gain in up periods is smaller (1.13%) than the average loss in down 

periods (-1.59%) for the tenth decile stocks. 
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Table 6-2. Version 1 of the strategy applied to the constituent stocks of the S&P 600 SmallCap Index. Decision 

period is from today’s close to the next day’s open and holding period from the next day’s open to the next day’s close. 

The results are divided into deciles. The first decile contains the worst performing shares during the decision period, the 

tenth decile the best ones. 

 

In Table 6-3 below we show the performance of version 2 of the strategy. Thus 

this time, compared to Table 6-2, the decision and holding periods are swapped. The 

decision period is the day and the holding period is the night. The table contains the 

results of applying the strategy to the constituent stocks of the S&P 600 SmallCap 

Index. Again, we divided the performance into deciles. The first decile contains the 

worst performing shares during the decision period. 

 

 

Table 6-3. Version 2 of the strategy applied to the constituent stocks of the S&P 600 SmallCap Index. Decision 

period is from today’s open to today’s close and holding period is from today’s close to the next day’s open. The results 

are divided into deciles. The first decile contains the worst performing shares during decision period, the tenth decile 

the best ones. 

 

As shown in Table 6-3, the information ratios without TC in the first 4 deciles are 

very attractive. However, when TC are taken into account, only the first two deciles 

Decile 1 2 3 4 5 6 7 8 9 10

Information Ratio (ex TC) 7.49 2.98 1.56 0.76 0.39 -0.13 -0.63 -1.25 -2.47 -5.69

Information Ratio (incl. TC) 6.70 2.01 0.51 -0.34 -0.74 -1.27 -1.74 -2.34 -3.47 -6.53

Cumulative Return (incl. TC) 2157% 528% 121% -78% -166% -283% -395% -546% -880% -1974%

Annualised Return (incl. TC) 215% 53% 12% -8% -17% -28% -39% -54% -88% -196%

Annualised Volatility (incl. TC) 32.0% 26.1% 23.8% 23.0% 22.5% 22.1% 22.5% 23.2% 25.2% 30.1%

Maximum Daily Profit (ex TC) 21.6% 14.5% 12.0% 10.5% 9.0% 8.2% 8.5% 8.6% 9.1% 8.2%

Maximum Daily Loss (ex TC) -13.6% -14.3% -11.8% -11.8% -9.4% -10.1% -10.6% -10.7% -11.3% -13.5%

Maximum Drawdown (ex TC) 48% 39% 52% 61% 52% 99% 182% 318% 665% 1761%

Maximum Drawdown Duration (ex TC) 54 144 280 289 315 1579 2502 2525 2530 2530

Number of Up Periods (ex TC) 1844 1551 1451 1375 1317 1283 1233 1187 1102 849

Number of Down Periods (ex TC) 689 982 1082 1158 1215 1250 1300 1346 1431 1684

Avg Return (ex TC) 0.95% 0.31% 0.15% 0.07% 0.03% -0.01% -0.06% -0.12% -0.25% -0.68%

Avg Gain in Up Periods (ex TC) 1.74% 1.21% 1.05% 0.99% 0.98% 0.95% 0.98% 1.00% 1.04% 1.13%

Avg Loss in Down Periods (ex TC) -1.16% -1.11% -1.06% -1.03% -0.99% -1.00% -1.04% -1.10% -1.24% -1.59%

Decile 1 2 3 4 5 6 7 8 9 10

Information Ratio (ex TC) 5.46 2.72 1.69 0.51 -0.26 -1.06 -1.61 -2.53 -3.13 -5.03

Information Ratio (incl. TC) 4.06 0.66 -0.64 -1.94 -2.76 -3.56 -3.95 -4.69 -4.98 -6.21

Cumulative Return (incl. TC) 734% 81% -70% -201% -279% -361% -427% -550% -681% -1336%

Annualised Return (incl. TC) 73% 8% -7% -20% -28% -36% -43% -55% -68% -133%

Annualised Volatility (incl. TC) 18.0% 12.2% 10.8% 10.3% 10.1% 10.1% 10.8% 11.7% 13.6% 21.4%

Maximum Daily Profit (ex TC) 9.5% 5.2% 4.3% 4.9% 4.9% 4.6% 5.1% 5.6% 6.5% 7.7%

Maximum Daily Loss (ex TC) -7.0% -6.7% -6.6% -6.5% -7.8% -9.0% -10.5% -12.0% -14.5% -21.6%

Maximum Drawdown (ex TC) 11% 16% 24% 37% 51% 125% 190% 308% 436% 1084%

Maximum Drawdown Duration (ex TC) 44 126 296 819 1848 2525 2531 2531 2520 2531

Number of Up Periods (ex TC) 1722 1479 1427 1319 1218 1157 1117 1062 1035 931

Number of Down Periods (ex TC) 810 1053 1105 1213 1314 1374 1415 1470 1497 1601

Avg Return (ex TC) 0.39% 0.13% 0.07% 0.02% -0.01% -0.04% -0.07% -0.12% -0.17% -0.43%

Avg Gain in Up Periods (ex TC) 0.82% 0.54% 0.45% 0.40% 0.39% 0.37% 0.38% 0.39% 0.41% 0.46%

Avg Loss in Down Periods (ex TC) -0.53% -0.43% -0.42% -0.40% -0.38% -0.39% -0.42% -0.48% -0.57% -0.94%
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remain profitable. Again, there is a clear structure present in the table across deciles, 

as was the case in Table 6-2. Profitability constantly decreases, when we move 

towards the higher deciles. Information ratios (both with and without TC) for most 

deciles were more attractive in Table 6-2 than in Table 6-3. Furthermore we only 

compare the trading statistics of the first two deciles, as only these are suitable for 

trading. The strategy presented in Table 6-3 is less volatile than the one presented in 

Table 6-2, as its annualised volatility is lower for the first two deciles (18.0% and 

12.2% vs. 32.0% and 26.1%). This is also confirmed by a smaller spread for the first 

2 deciles between the maximum daily profit (9.5% and 5.2%) and maximum daily 

loss (-7.0% and -6.7%) than in Table 6-2. Also the maximum drawdown is 

significantly lower for the first two deciles in Table 6-3 (11% and 16%) than in Table 

6-2 (48% and 39%). However, the edge of the second strategy variation seems to be 

smaller, as the average daily return is 0.39% compared to 0.95% for the first decile 

stocks and only 0.13% compared to 0.31% for the second decile stocks. However, 

both versions of the strategy are profitable for the first 2 deciles when applied to the 

constituent stocks of the S&P 600 SmallCap Index. 

 

Furthermore, we describe the results for S&P 400 MidCap and S&P 500 Index, 

however corresponding tables are included in Appendix 6-1, Appendix 6-2, Appendix 

6-3 and Appendix 6-4. In Appendix 6-1 we present the results of version 1 of the 

strategy (same as in Table 6-2) applied to the constituent stocks of the S&P 400 

MidCap Index. The information ratios without TC are lower than in Table 6-2 for the 

first five deciles. From decile 6 until 10 the information ratios are higher in Appendix 

6-1. This means that the overreaction is not as strong for mid cap stocks as it was for 

small caps. The stocks that fell the most in the decision period do not subsequently 

rise so strongly and on the other hand stocks that rose in the decision period do not 

fall as sharply as was the case for small cap stocks. The information ratios with TC 

for the first 2 deciles are 3.98 and 1.03 compared to 6.70 and 2.01 from Table 6-2. 

 

In Appendix 6-2 we show the performance of version 2 of the contrarian strategy 

applied to the constituent stocks of the S&P 400 MidCap Index. Again, its 

performance is worse compared to version 1 applied to the same universe of stocks 

(for comparison see Appendix 6-1). The information ratios (both with and without TC) 
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are higher in Appendix 6-1 than in Appendix 6-2. On the other hand, volatility is 

significantly lower for version 2 of the strategy (16.6% compared to 28.5% for the 

first decile stocks). This is also confirmed by a lower maximum drawdown (13% 

compared to 60% for the first decile stocks). When we compare version 2 of the 

strategy applied to the small (Table 6-3) and mid cap (Appendix 6-2) stocks, the 

small cap universe offers better investment characteristics for the first 5 deciles. 

Thus, again as was the case for version 1 of the strategy, the overreaction is 

stronger for small cap stocks than it is for mid cap stocks. 

 

In Appendix 6-3 we present the results of applying version 1 of the strategy to the 

constituent stocks of the S&P 500 Index. When we focus on the first decile results, 

we can see that the strategy is still profitable and although the information ratios are 

worse than in the case of small and mid cap stocks, they are still attractive for 

investors. The information ratios after TC for the first decile stocks for small, mid and 

large cap stocks are 6.70, 3.98 and 1.85. 

 

Finally, in Appendix 6-4 we present version 2 of the strategy applied to the 

constituent stocks of the S&P 500 Index. The only decile that is profitable is the first 

decile and that is why we will exclusively focus on it. Surprisingly and unlike in the 

previous two cases (application of version 2 of the strategy to small and mid cap 

stocks), version 2 of the strategy seems to offer better investment characteristics for 

the big cap stocks than version 1. Information ratios (both with and without TC) are 

bigger in Appendix 6-4 than in Appendix 6-3. The maximum drawdown for version 2 

is only 14.0% and the annualized volatility 17.7%. Version 2 of the strategy applied 

to the large cap stocks is even more attractive than it was when applied to the mid 

cap stocks (information ratio with TC of 3.24 vs. 1.59 as in Appendix 6-2).  

 

6.5.2 Strategy performance by year 

In Table 6-4 below we show the information ratios of the benchmark strategy 

(close-to-close) by year. Only the most profitable stocks, the first decile stocks, are 

shown. It can be seen from the table that when applied to the constituent stocks of 

the S&P 500 Index, the strategy did not perform well in the time period investigated. 

The best performance was achieved on the constituent stocks of the S&P 600 Small 
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Cap Index. The information ratios achieved in the period 2000-2006 are positive, 

nevertheless, from 2007 it was not consistently profitable any more. Results are 

gradually worse for the S&P 400 MidCap Index and S&P 500 Index constituents. 

 

 

Table 6-4. A breakdown of the performance of the benchmark strategy by year. The strategy is applied to the 

constituent stocks of the 3 indices and information ratios reported here correspond to the first decile stocks in each 

index. 

 

In Table 6-5 below, the information ratios of version 1 of the strategy are shown 

by year. Again we only show the result for the first decile stocks. We can see that it 

achieved high information ratios during most years. The 2010 readings should be 

interpreted with care, as our dataset finishes on 12th February 2010. However, there 

seems to be a general tendency of decreasing information ratios as we move 

towards 2010 from 2000. 

 

 

Table 6-5. A breakdown of the performance of the version 1 of the strategy by year. The strategy is applied to the 

constituent stocks of the 3 indices and information ratios reported here correspond to the first decile stocks in each 

index. 

 

Year S&P 600 SmallCap Index S&P 400 MidCap Index S&P 500 Index

2000 2.88 1.38 -0.44

2001 2.32 0.39 -0.23

2002 1.23 -0.36 -0.16

2003 2.85 1.77 0.58

2004 2.51 1.60 -0.01

2005 0.88 1.18 -0.28

2006 0.98 -0.42 -0.60

2007 -0.60 -1.05 -1.62

2008 -1.22 -0.92 -0.90

2009 0.95 1.23 1.67

2010 -4.53 -3.86 -2.87

 Information Ratio (incl. TC)

Year S&P 600 SmallCap Index S&P 400 MidCap Index S&P 500 Index

2000 14.59 9.85 2.72

2001 17.05 8.56 4.26

2002 14.10 4.52 2.15

2003 16.92 8.36 4.28

2004 12.32 7.55 4.09

2005 7.27 4.20 1.72

2006 3.65 3.38 1.48

2007 1.38 2.19 0.83

2008 0.83 0.61 0.06

2009 1.63 2.17 1.47

2010 -1.22 -0.31 -0.89

 Information Ratio (incl. TC)
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In Table 6-6 below we show the breakdown of information ratios by year for 

version 2 of the strategy. Although there seems to be a tendency of decreasing 

information ratios as one moves towards 2010, recent years still show quite a strong 

performance.  

 

 

Table 6-6. A breakdown of the performance of the version 2 of the strategy by year. The strategy is applied to the 

constituent stocks of the 3 indices and information ratios reported here correspond to the first decile stocks in each 

index. 

 

We conclude that although in recent years the strategy (both version 1 and 2) 

seems to have lost some power, we certainly see scope to still exploit this 

inefficiency in the future. 

 

6.5.3 Bid-ask bounce 

The results of our strategy should also be immune to an inclusion of a bid-ask 

spread. According to Park (1995), the profitability of a mean reversion strategy 

disappears once the average bid-ask price is used instead of a closing price. In other 

words the author states that the most significant part of the close-to-close contrarian 

strategy is caused by the bid-ask bounce and is not achievable in practice. 

 

There is no reason to suppose that our strategy‟s bid-ask spread should be on 

average higher than the one in the close-to-close strategy (where the close-to-close 

period is the decision period and the subsequent close-to-close the holding period). 

Thus, if we can show that the profitability of our strategy is well in excess of the 

simple contrarian strategy where the returns are calculated from close-to-close, we 

have shown that our strategy is profitable even if we include the bid-ask spread. 

Year S&P 600 SmallCap Index S&P 400 MidCap Index S&P 500 Index

2000 8.09 3.98 1.85

2001 6.83 2.64 2.67

2002 6.60 1.21 3.20

2003 6.49 2.86 5.89

2004 6.35 3.06 7.28

2005 3.07 2.54 9.35

2006 0.67 -1.18 4.72

2007 1.27 0.37 4.34

2008 0.60 -0.22 1.14

2009 2.64 1.54 3.21

2010 1.77 0.67 1.11

 Information Ratio (incl. TC)
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Thus, all the excess return of our strategy compared to the close-to-close strategy 

should be practically achievable in the US stock market. 

 

In Table 6-7 below we show the excess returns of the two versions of our 

strategy over the close-to-close strategy (benchmark strategy). The table only 

contains the results for the first decile stocks and thus the most profitable ones. The 

results are still very attractive, with the information ratios including TC ranging from 

1.35 to 5.87. Returns are positive and significant in all cases. 

 

 

Table 6-7. The excess returns of the 1
st

 decile stocks of various indices over the contrarian strategy when the 

holding and decision period is close-to-close. Both versions of our strategies are shown. All the statistics have been 

calculated as the difference between our strategies and the close-to-close benchmark strategy. 

 

6.6 MULTI-FACTOR MODELS 

Here we show how much of our strategy‟s return is attributable to style factors. 

We use a classical CAPM model by Sharpe (1964), see Equation (37) below, Fama 

and French (1992) 3-factor model, see Equation (38) below, and an adjusted 

Carhart‟s [Carhart (1997)] 5 factor model, where we add the reversion as the 5th 

factor, see Equation (39) below: 

 ( )s f m f
t t t t tr r r r        (37) 

 1 2 3( )s f m f
t t t t t t tr r r r SMB HML            (38) 

 1 2 3 4 5( )s f m f
t t t t t t t t tr r r r SMB HML MOM REV                (39) 

 

In Table 6-8 just below, the detailed description of the factors used in Equations 

(37), (38) and (39) can be found. 

 

 

 

Constituent stocks of

Version 1 2 1 2 1 2

Information Ratio (ex TC) 5.89 3.86 3.84 2.08 2.10 4.06

Information Ratio (incl. TC) 5.87 3.23 3.74 1.35 2.00 3.40

Cumulative Return (incl. TC) 1897% 474% 1068% 192% 593% 627%

Annualised Return (incl. TC) 188% 46% 106% 19% 59% 63%

Avg Return (ex TC) 0.75% 0.18% 0.42% 0.07% 0.23% 0.25%

S&P 600 SmallCap S&P 400 MidCap S&P 500
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Factor37 Description 

s
tr  return of a given strategy on day t 

f
tr  risk-free return (calculated as the one-month Treasury bill rate) 

m
tr  market return on all NYSE, AMEQ and NASDAQ stocks (from CRSP) 

t  residual of the regression on day t 

tSMB  

A Fama-French factor calculated using the 6 portfolios formed on size and book-

to-market. It is the average return of the three small portfolios minus the average 

return of the three big portfolios calculated as: 

1 1
( _ _ _ ) ( _ _ _ )

3 3
SMB Small Value Small Neutral Small Growth Big Value Big Neutral Big Growth     

 (40) 

tHML  

A Fama-French factor calculated as the average of the two value portfolios 

minus the average of the two growth portfolios: 

1 1
( _ _ ) ( _ _ )

2 2
HML Small Value Big Value Small Growth Big Growth   

 (41) 

tMOM  

A Fama-French obtained from 4 portfolios formed at the beginning of every 

month M. The portfolios are based on the size and previous (M-2 to M-12) months 

total return. Thus, all the shares have been divided into 1 of the 4 groups: small cap 

high return, big cap high return, small cap low return and big cap low return. The 

prior month return (M-1) is excluded from the calculation due to a well known 

reversion in momentum portfolios. 

1 1
( _ _ ) ( _ _ )

2 2
MOM Small HighRET Big HighRET Small LowRET Big LowRET   

 (42) 

tREV  

A short term reversion Fama-French factor constructed using 4 portfolios which 

are formed based on size and prior 1 month returns. The tREV  factor is calculated 

as follows: 

1 1
( _ _ ) ( _ _ )

2 2
REV Small LowRET Big LowRET Small HighRET Big HighRET   

 (43) 
Table 6-8. Description of the factors used in Equations (37), (38) and (39).  

                                                      
37 Market return, risk-free rate and all the subsequent factors (HML, SMB, MOM and REV) used in 

this section have been downloaded from the website: 
http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. (Accessed on 3rd May 
2010). All the factors are calculated daily based on monthly rebalanced portfolios. 

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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In Table 6-9 below we present the results of applying the regressions based on 

the models described just above to version 1 of the strategy on the constituent 

stocks of the S&P 600 SmallCap Index. The regressions were only applied to the 

first decile stocks in all cases analysed in this section. The explanatory power of all 

the models is quite high (0.45 for CAPM and 0.60 for both 3- and 5-factor models). 

All the models estimate similar and significant alpha of around 0.76%. This shows 

that version 1 of our strategy indeed adds value. Also note that Carhart‟s regression 

properly identifies our strategy as a contrarian one, where β4 (the momentum factor) 

is a negative -0.12 and β5 (the reversion factor) is a positive 0.07. 

 

 

Table 6-9. 3 different factor models applied to the returns generated by the version 1 of the strategy applied to the 

constituent stocks of the S&P 600 SmallCap Index. The regressions were only applied to the first decile stocks. 

 

In Table 6-10 below we present the results of applying the regression models to 

version 2 of the strategy to the constituents stocks of the S&P 600 SmallCap Index. 

The explanatory power of all the models is very similar (R-squared of 0.19 for all of 

them) and lower than in case of version 1 (Table 6-9). All the models estimate similar 

and significant alpha of around 0.2%. Although the estimated alpha is smaller than 

the one obtained with version 1, it is still positive and significant. Thus, both versions 

of the strategy seem to add value when applied to the constituent stocks of the S&P 

600 SmallCap Index and there is a significant alpha which cannot be explained by 

market factors. 

α β1 β2 β3 β4 β5

CAPM

coefficient 0.0079 0.88

t-stat 29.42 44.83

p-value 0.00 0.00

R-squared 0.45

Fama-French 3 factor model

coefficient 0.0076 0.87 1.13 0.35

t-stat 32.75 52.11 28.98 10.36

p-value 0.00 0.00 0.00 0.00

R-squared 0.60

Carhart + Reversion

coefficient 0.0076 0.80 1.15 0.33 -0.12 0.07

t-stat 32.74 39.17 29.48 9.49 -5.31 2.83

p-value 0.00 0.00 0.00 0.00 0.00 0.00

R-squared 0.60



110 
 

 

 

Table 6-10. 3 different factor models applied to the returns generated by the version 2 of the strategy applied to 

the constituent stocks of the S&P 600 SmallCap Index. The regressions were only applied to the first decile stocks. 

 

We also analyse the strategy results (both version 1 and 2) when applied to the 

constituent stocks of the S&P 400 MidCap and S&P 500 Indices. The results can be 

found in Appendix 6-5, Appendix 6-6, Appendix 6-7 and Appendix 6-8. Here we 

summarize that for all the shares in question and both versions of the strategy, alpha 

is significant and positive. Alphas generated by versions 1 and 2 of the strategy 

when applied to the constituent stocks of the S&P 400 MidCap Index are 0.4% and 

0.1%, respectively. Alphas of the 2 versions when applied to the constituent stocks 

of the S&P 500 Index are both 0.2%. This further confirms that both versions of our 

strategy add value as they extract a significant alpha which cannot be explained by 

market factors. 

 

 

 

 

 

 

 

 

 

α β1 β2 β3 β4 β5

CAPM

coefficient 0.002 0.26

t-stat 15.90 23.95

p-value 0.00 0.00

R-squared 0.19

Fama-French 3 factor model

coefficient 0.002 0.26 -0.03 0.07

t-stat 15.80 23.98 -1.07 3.16

p-value 0.00 0.00 0.28 0.00

R-squared 0.19

Carhart + Reversion

coefficient 0.002 0.24 -0.02 0.07 -0.02 0.03

t-stat 15.60 18.13 -0.86 3.14 -1.40 2.09

p-value 0.00 0.00 0.39 0.00 0.15 0.03

R-squared 0.19
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6.7 CONCLUDING REMARKS 

In this article we show two modified versions as an alternative to a well-known 

contrarian strategy of buying losers and selling winners. Both versions only buy 

shares and no short selling is required. N worst performing shares during the day 

(resp. the night) are bought and held during the subsequent night (resp. day) in 

equal proportion. We investigate the behaviour of these 2 simple versions of the 

strategy from 30th May 2000 until 12th February 2010 on the constituent stocks of 

the S&P 500, S&P 400 MidCap and S&P 600 SmallCap Index. 

 

The 2 versions of the strategy are more profitable than its well-known version 

(close-to-close as decision and holding periods). Their returns cannot be solely 

explained by the factors from either the 3-factor model of Fama and French (1993) or 

a modified 5-factor version of the model of Carhart (1997). Both versions of the 

proposed strategy prove profitable even in the recent period and are able to create a 

significantly positive alpha. The information ratios after the inclusion of TC over an 

entire sample period range from 1.59 to 6.70 depending on the universe of the 

stocks in question. We also show that the results are immune to the consideration of 

the bid-ask spread and that opening prices contain information that is not fully 

utilized yet. Overall, the strategy proposed uses this information to add value and 

extract a significant alpha which cannot be explained by market factors.  
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6.8 APPENDICES 
Appendix 6-1. VERSION 1 OF THE STRATEGY APPLIED TO THE CONSTITUENT STOCKS OF THE S&P 400 MIDCAP INDEX. DECISION 

PERIOD IS FROM TODAY’S CLOSE TO THE NEXT DAY’S OPEN AND HOLDING PERIOD FROM THE NEXT DAY’S OPEN TO THE NEXT DAY’S 

CLOSE. THE RESULTS ARE DIVIDED INTO DECILES. THE FIRST DECILE CONTAINS THE WORST PERFORMING SHARES DURING THE DECISION 

PERIOD, THE TENTH DECILE THE BEST ONES. 

 

 

 

 

 

 

Appendix 6-2. VERSION 2 OF THE STRATEGY APPLIED TO THE CONSTITUENT STOCKS OF THE S&P 400 MIDCAP INDEX. DECISION 

PERIOD IS FROM TODAY’S OPEN TO TODAY’S CLOSE AND HOLDING PERIOD IS FROM TODAY’S CLOSE TO THE NEXT DAY’S OPEN. THE 

RESULTS ARE DIVIDED INTO DECILES. THE FIRST DECILE CONTAINS THE WORST PERFORMING SHARES DURING THE DECISION PERIOD, THE 

TENTH DECILE THE BEST ONES.  

 

 

 

 

 

Decile 1 2 3 4 5 6 7 8 9 10

Information Ratio (ex TC) 4.86 2.10 1.47 0.70 0.36 -0.10 -0.41 -0.65 -1.41 -2.76

Information Ratio (incl. TC) 3.98 1.03 0.31 -0.50 -0.88 -1.34 -1.65 -1.85 -2.50 -3.66

Cumulative Return (incl. TC) 1141% 245% 68% -105% -180% -274% -338% -390% -581% -1034%

Annualised Return (incl. TC) 114% 24% 7% -10% -18% -27% -34% -39% -58% -103%

Annualised Volatility (incl. TC) 28.5% 23.6% 21.8% 20.9% 20.2% 20.3% 20.4% 21.0% 23.2% 28.1%

Maximum Daily Profit (ex TC) 18.0% 12.7% 10.8% 9.2% 8.1% 7.5% 8.0% 7.6% 8.8% 9.3%

Maximum Daily Loss (ex TC) -11.6% -10.8% -10.7% -9.1% -10.6% -9.8% -9.7% -8.7% -11.1% -11.5%

Maximum Drawdown (ex TC) 60% 60% 45% 49% 44% 90% 144% 189% 381% 821%

Maximum Drawdown Duration (ex TC) 72 140 164 413 698 2047 2278 2381 2501 2530

Number of Up Periods (ex TC) 1701 1502 1469 1376 1340 1310 1271 1245 1167 1132

Number of Down Periods (ex TC) 832 1031 1064 1157 1193 1223 1262 1288 1366 1401

Avg Return (ex TC) 0.55% 0.20% 0.13% 0.06% 0.03% -0.01% -0.03% -0.05% -0.13% -0.31%

Avg Gain in Up Periods (ex TC) 1.37% 1.02% 0.92% 0.88% 0.86% 0.84% 0.85% 0.89% 0.97% 1.07%

Avg Loss in Down Periods (ex TC) -1.12% -1.01% -0.97% -0.92% -0.90% -0.92% -0.92% -0.97% -1.07% -1.42%

Decile 1 2 3 4 5 6 7 8 9 10

Information Ratio (ex TC) 3.10 1.66 0.74 0.26 -0.28 -1.02 -1.44 -1.97 -2.53 -3.00

Information Ratio (incl. TC) 1.59 -0.48 -1.63 -2.20 -2.85 -3.55 -3.87 -4.25 -4.51 -4.40

Cumulative Return (incl. TC) 265% -57% -174% -227% -281% -355% -404% -473% -576% -798%

Annualised Return (incl. TC) 26% -6% -17% -23% -28% -35% -40% -47% -57% -79%

Annualised Volatility (incl. TC) 16.6% 11.8% 10.6% 10.3% 9.8% 10.0% 10.4% 11.1% 12.7% 18.0%

Maximum Daily Profit (ex TC) 8.4% 5.0% 5.0% 7.4% 6.6% 5.9% 7.0% 5.1% 7.4% 7.8%

Maximum Daily Loss (ex TC) -7.5% -7.7% -7.0% -6.8% -7.2% -8.1% -9.2% -10.8% -12.7% -18.0%

Maximum Drawdown (ex TC) 13% 26% 39% 42% 52% 112% 157% 222% 327% 550%

Maximum Drawdown Duration (ex TC) 83 304 554 836 1265 2525 2513 2526 2531 2531

Number of Up Periods (ex TC) 1547 1433 1389 1323 1274 1232 1184 1108 1111 1103

Number of Down Periods (ex TC) 985 1099 1143 1209 1258 1300 1348 1424 1421 1429

Avg Return (ex TC) 0.20% 0.08% 0.03% 0.01% -0.01% -0.04% -0.06% -0.09% -0.13% -0.22%

Avg Gain in Up Periods (ex TC) 0.71% 0.48% 0.40% 0.38% 0.35% 0.33% 0.33% 0.36% 0.38% 0.48%

Avg Loss in Down Periods (ex TC) -0.59% -0.44% -0.42% -0.39% -0.37% -0.39% -0.41% -0.44% -0.52% -0.75%
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Appendix 6-3. VERSION 1 OF THE STRATEGY APPLIED TO THE CONSTITUENT STOCKS OF THE S&P 500 INDEX. DECISION PERIOD 

IS FROM TODAY’S CLOSE TO THE NEXT DAY’S OPEN AND HOLDING PERIOD FROM THE NEXT DAY’S OPEN TO THE NEXT DAY’S CLOSE. THE 

RESULTS ARE DIVIDED INTO DECILES. THE FIRST DECILE CONTAINS THE WORST PERFORMING SHARES DURING THE DECISION PERIOD, THE 

TENTH DECILE THE BEST ONES. 

  

 

 

 

 

Appendix 6-4. VERSION 2 OF THE STRATEGY APPLIED TO THE CONSTITUENT STOCKS OF THE S&P 400 MIDCAP INDEX. DECISION 

PERIOD IS FROM TODAY’S OPEN TO TODAY’S CLOSE AND HOLDING PERIOD IS FROM TODAY’S CLOSE TO THE NEXT DAY’S OPEN. THE 

RESULTS ARE DIVIDED INTO DECILES. THE FIRST DECILE CONTAINS THE WORST PERFORMING SHARES DURING THE DECISION PERIOD, THE 

TENTH DECILE THE BEST ONES. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 

Decile 1 2 3 4 5 6 7 8 9 10

Information Ratio (ex TC) 2.71 1.88 1.35 0.83 0.43 -0.08 -0.55 -0.92 -1.24 -3.69

Information Ratio (incl. TC) 1.85 0.76 0.10 -0.51 -0.94 -1.47 -1.93 -2.23 -2.42 -4.63

Cumulative Return (incl. TC) 544% 170% 19% -96% -173% -268% -355% -432% -521% -1243%

Annualised Return (incl. TC) 54% 17% 2% -10% -17% -27% -35% -43% -52% -124%

Annualised Volatility (incl. TC) 29.3% 22.3% 20.0% 18.8% 18.4% 18.1% 18.3% 19.3% 21.4% 26.7%

Maximum Daily Profit (ex TC) 15.5% 11.1% 9.0% 7.8% 8.4% 7.5% 7.3% 7.8% 8.4% 7.6%

Maximum Daily Loss (ex TC) -13.7% -10.1% -8.7% -8.4% -7.5% -8.0% -8.8% -8.9% -13.9% -15.3%

Maximum Drawdown (ex TC) 60% 55% 44% 43% 48% 89% 150% 213% 299% 997%

Maximum Drawdown Duration (ex TC) 78 231 150 204 491 2047 2381 2530 2530 2530

Number of Up Periods (ex TC) 1546 1482 1463 1390 1361 1294 1254 1242 1222 998

Number of Down Periods (ex TC) 987 1051 1070 1143 1172 1239 1279 1291 1311 1535

Avg Return (ex TC) 0.31% 0.17% 0.11% 0.06% 0.03% -0.01% -0.04% -0.07% -0.11% -0.39%

Avg Gain in Up Periods (ex TC) 1.24% 0.94% 0.82% 0.78% 0.76% 0.75% 0.76% 0.77% 0.84% 1.00%

Avg Loss in Down Periods (ex TC) -1.14% -0.92% -0.87% -0.81% -0.81% -0.80% -0.82% -0.88% -0.99% -1.29%

Decile 1 2 3 4 5 6 7 8 9 10

Information Ratio (ex TC) 4.67 1.25 0.64 0.10 -0.31 -0.56 -1.02 -1.25 -1.57 -1.73

Information Ratio (incl. TC) 3.24 -0.79 -1.67 -2.38 -2.80 -3.03 -3.43 -3.46 -3.48 -3.05

Cumulative Return (incl. TC) 577% -98% -183% -243% -285% -311% -360% -397% -461% -585%

Annualised Return (incl. TC) 57% -10% -18% -24% -28% -31% -36% -39% -46% -58%

Annualised Volatility (incl. TC) 17.7% 12.3% 10.9% 10.2% 10.2% 10.2% 10.5% 11.4% 13.2% 19.1%

Maximum Daily Profit (ex TC) 7.6% 4.7% 4.1% 4.3% 4.9% 5.5% 5.1% 5.5% 8.0% 10.1%

Maximum Daily Loss (ex TC) -9.3% -7.4% -7.3% -7.1% -6.4% -7.1% -7.8% -9.0% -11.1% -15.5%

Maximum Drawdown (ex TC) 14% 28% 38% 49% 51% 68% 119% 149% 214% 338%

Maximum Drawdown Duration (ex TC) 52 464 540 1083 1917 2513 2513 2531 2519 2515

Number of Up Periods (ex TC) 1798 1426 1389 1334 1293 1291 1235 1238 1211 1218

Number of Down Periods (ex TC) 734 1106 1143 1198 1239 1241 1297 1294 1321 1314

Avg Return (ex TC) 0.33% 0.06% 0.03% 0.00% -0.01% -0.02% -0.04% -0.06% -0.08% -0.13%

Avg Gain in Up Periods (ex TC) 0.75% 0.49% 0.42% 0.38% 0.37% 0.36% 0.36% 0.38% 0.42% 0.57%

Avg Loss in Down Periods (ex TC) -0.70% -0.49% -0.44% -0.42% -0.41% -0.42% -0.43% -0.48% -0.54% -0.78%
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Appendix 6-5. 3 DIFFERENT FACTOR MODELS APPLIED TO THE RETURNS GENERATED BY THE VERSION 1 OF THE STRATEGY 

APPLIED TO THE CONSTITUENT STOCKS OF THE S&P 400 MIDCAP INDEX. THE REGRESSIONS WERE ONLY APPLIED TO THE FIRST DECILE 

STOCKS. 

 

 

 

 

 

Appendix 6-6. 3 DIFFERENT FACTOR MODELS APPLIED TO THE RETURNS GENERATED BY THE VERSION 2 OF THE STRATEGY 

APPLIED TO THE CONSTITUENT STOCKS OF THE S&P 400 MIDCAP INDEX. THE REGRESSIONS WERE ONLY APPLIED TO THE FIRST DECILE 

STOCKS. 

 
 
 
 

α β1 β2 β3 β4 β5

CAPM

coefficient 0.004 0.88

t-stat 18.48 52.51

p-value 0.00 0.00

R-squared 0.53

Fama-French 3 factor model

coefficient 0.0040 0.87 0.75 0.26

t-stat 19.03 57.28 21.13 8.65

p-value 0.00 0.00 0.00 0.00

R-squared 0.61

Carhart + Reversion

coefficient 0.0040 0.81 0.76 0.23 -0.14 0.02

t-stat 19.18 43.57 21.52 7.23 -6.53 0.80

p-value 0.00 0.00 0.00 0.00 0.00 0.42

R-squared 0.61

α β1 β2 β3 β4 β5

CAPM

coefficient 0.001 0.30

t-stat 5.94 27.38

p-value 0.00 0.00

R-squared 0.24

Fama-French 3 factor model

coefficient 0.001 0.30 -0.09 0.07

t-stat 5.93 27.48 -3.39 2.99

p-value 0.00 0.00 0.00 0.00

R-squared 0.24

Carhart + Reversion

coefficient 0.001 0.30 -0.08 0.07 -0.01 0.02

t-stat 5.81 21.75 -3.27 3.06 -0.32 1.33

p-value 0.00 0.00 0.00 0.00 0.75 0.18

R-squared 0.24
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Appendix 6-7. 3 DIFFERENT FACTOR MODELS APPLIED TO THE RETURNS GENERATED BY THE VERSION 1 OF THE STRATEGY 

APPLIED TO THE CONSTITUENT STOCKS OF THE S&P 500 INDEX. THE REGRESSIONS WERE ONLY APPLIED TO THE FIRST DECILE STOCKS. 

 

 

 

 

Appendix 6-8. 3 DIFFERENT FACTOR MODELS APPLIED TO THE RETURNS GENERATED BY THE VERSION 2 OF THE STRATEGY 

APPLIED TO THE CONSTITUENT STOCKS OF THE S&P 500 INDEX. THE REGRESSIONS WERE ONLY APPLIED TO THE FIRST DECILE STOCKS 

 

 

 

 

α β1 β2 β3 β4 β5

CAPM

coefficient 0.002 0.93

t-stat 8.26 54.23

p-value 0.00 0.00

R-squared 0.55

Fama-French 3 factor model

coefficient 0.0018 0.93 0.34 0.23

t-stat 7.79 55.32 8.63 7.06

p-value 0.00 0.00 0.00 0.00

R-squared 0.57

Carhart + Reversion

coefficient 0.0018 0.87 0.34 0.19 -0.13 -0.01

t-stat 7.97 42.78 8.80 5.60 -5.61 -0.62

p-value 0.00 0.00 0.00 0.00 0.00 0.54

R-squared 0.57

α β1 β2 β3 β4 β5

CAPM

coefficient 0.002 0.36

t-stat 13.05 28.21

p-value 0.00 0.00

R-squared 0.25

Fama-French 3 factor model

coefficient 0.002 0.36 -0.14 0.06

t-stat 13.15 28.36 -4.61 2.33

p-value 0.00 0.00 0.00 0.02

R-squared 0.26

Carhart + Reversion

coefficient 0.002 0.34 -0.13 0.07 -0.02 0.06

t-stat 12.88 21.54 -4.32 2.69 -0.89 3.39

p-value 0.00 0.00 0.00 0.01 0.37 0.00

R-squared 0.26
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Chapter 7 - General Conclusions 
There are two ways how to improve the quality of the trading results - 1. using 

more data than the average trader or 2. using mathematically more advanced (and 

hopefully closer to reality) model or the combination of the two.  

1. One can use more data by either recurring into higher frequency, or also by

extending the analyzed universe. An extreme on the lower side is to use the daily 

closing prices of one single instrument, e.g. S&P 500 Index. An extreme on the 

upper side is to use the universe of stocks in the S&P 500 Index sampled at 1-

minute intervals.38 

We have shown that going into higher sampling frequencies brings a significant 

improvement in trading results. However, one does not need to go into very high 

frequencies39. It is enough to include opening prices together with daily closing 

prices to improve the results significantly. 

However, although high-frequency data are not necessary to generate attractive 

risk to return ratio, already using opening and closing prices (compared with only 

using closing prices) on hundreds of shares might be a challenge in practice. One 

needs to download opening price on hundreds of shares within seconds after market 

open, perform the calculations on which shares to buy/go short, and generate orders 

in an automated manner. Thus, what might appear as a trivial improvement from this 

doctoral work (including opening prices into the equation), is not trivial when one 

wants to make use of it in practice, based on authors' experience. 

As an advice, it might be wise to use more advanced techniques and obtain a 

strategy that is more easily tradable than what has been shown in this doctoral 

thesis, if one wants to trade individually. 

2. An example of the simple vs. more advanced model is using an OLS

regression as compared to using a Kalman filter. We have shown that using the 

38  Competing with hedge funds in nanosecond-intervals is a different world. Here we aim to provide an overview of 
techniques any skilled individual can use to improve her trading. 

39 e.g. minute- or hourly-data 
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Kalman filter for calculation of the adaptive ratio between the pair of shares provides 

superior results to using either rolling or fixed OLS beta. The Kalman filter, an 

adaptive technique which estimates beta at every time step is superior because it 

calculates a forward looking beta estimate, unlike a rolling OLS estimation. 

 

We did not delve deeper into factor models to ensure factor neutrality. We only 

selected shares/ETF, which are cointegrated in the in-sample period, or pertain to 

the same industry. However, performance might improve, if the ratio of the long side 

to the short side is factor neutral, not only industry neutral. Thus, in authors' opinion, 

even using three factor Fama-French model (with market capitalization, market-to-

book ratio and market return as factors) would significantly improve the results in 

terms of risk-adjusted return40. 

 

We did not delve into the area of "intelligent techniques" such as neural networks 

or support vector machines which have become popular among quantitative traders, 

either. These techniques could be used to predict the future direction of the spread 

instead of using a fixed standard deviation level for the spread entry specification. 

 

Authors chose certain mix of model-data complexity, which was moderately data- 

and model-demanding. The concept is illustrated in Figure 7-1 below. The blue line 

represents the dividing frontier between the profitable and unprofitable trading 

strategies. The blue cross shows where the authors stand in this thesis. For 

individual traders, the best strategy is the one that is not data-intensive, and does not 

trade often. The only way how to invent such a strategy is to use a mathematically 

more advanced models than the average trader. 

 

Thus, authors recommend to anyone wishing to extend upon the findings of this 

thesis to try to delve deeper into the model complexity, as opposed to data 

complexity. 

                                                      
40 thus increasing Sharpe ratio 
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Figure 7-1. Relation between the model and data complexity. One can invent a profitable trading 

strategy by either using mathematically complex models, or by using a lot of data, or by certain 

combination of the two. In the picture, the blue lines represents the dividing frontier between the 

profitable and unprofitable strategies. The blue cross in the middle shows where authors stand in this 

thesis. 
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