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ABSTRACT 

In this paper we show that pairs of stocks which have a true long run equilibrium 

(cointegration) yield a higher return than pairs of stocks that relies on a more spurious 

relationship (correlation) when applying Pairs Trading for a trading period from 31/12-09 to 

25/6-14. We get an annual return for the cointegration portfolio of 4,15%, with a Sharpe-ratio 

of 0,87. For the correlated portfolio we get 2,08% and 0,45, respectively. The Sharpe-ratio for 

a buy-and-hold market index during the same period was 1,08. 
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1 INTRODUCTION 

1.1 Background 

Pairs trading is a trading strategy commonly used by hedge funds where the portfolio manager 

forms his portfolio from pairs of different securities (such as stocks, bonds, or commodities) 

that moves closely together over a time period. When the spread between the securities widen 

(divergence), the portfolio manager takes his positions by opening a long position when he buys 

the relative undervalued security and a short position when he sells the relative over valued 

security.  If the spread over time converges to its benchmark, the manager closes his positions 

and has gained a profit. This strategy is said to be market neutral, since it does not matter if the 

market goes up or down, because the manager only acts on the divergence and convergence 

between pairs of securities and not on the general economic situation. 

A lot of the pairs trading literature and several online pairs trading applications, (Nicholas, 

2000; Pole, 2007; Pairtradinglab; Pairtrade Finder) suggest that the portfolio manager should 

choose pairs that have had a high historical correlation. The problem with correlation is that the 

relationship just may be spurious, and there is no fundamental basis that states that a pair of 

assets with high historical correlation will continue to move together. 

On the other hand, if the pair is cointegrated, then there exists a true mean-reverting process. 

So if the stocks are historically cointegrated, they should continue to move together also in the 

future. 

Given this, a pairs traded portfolio based on correlated pairs could of course generate excess 

return, but would do so more due to chance than if the pairs were to be cointegrated. 

1.2 Purpose 

The purpose of this study is to test whether pairs trading generate higher risk adjusted returns 

with a portfolio of cointegrated pairs of stocks, than with a portfolio of pairs that are correlated 

but not necessarily cointegrated. The two portfolios will also be compared with a buy-and-hold-

strategy, which will be represented by The NASDAQ 100-Index. 

1.3 Research Question 

Will a portfolio of cointegrated pairs of stocks outperform a portfolio of correlated pairs, when 

exposed to a Pairs Trading strategy? 
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1.4 Further Outline 

The rest of this study will be outlined as follows:  

In Section 2 the necessary theory for this report will be presented, both financial theory; the 

theory behind Pairs Trading, and statistical theory; with focus on the theory about cointegration.   

Section 3 contains a description of data used for this report. After that we will explain how the 

different portfolios are being selected and how our Pairs Trading Algorithm acts for finding 

entry and exit signals.  

Section 4 presents the results from the study and analyze them in terms of robustness. 

Section 5 will conclude the study. 
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2 THEORY 

2.1 Financial Theory  

2.1.1 Pairs Trading 

Nicholas (2000, p. 203) states that the trading strategy of pairs trading is to hold an equal amount 

of long security positions and short security positions in purpose to minimize the risk of the 

portfolio and at the same time make a profit. The strategy is called pairs trading because the 

portfolio manager takes two positions when he makes the trade. The different positions are 

chosen so that the manager buys (which will be the long position) the security that is relatively 

under performing and sells (which will be the short position) the relatively over performing 

security. The securities can for example be stocks, Exchange Traded Funds (ETF) or raw 

materials. 

 

 

Figure 1 – An example of when pairs trading can be useful. The example is from Pole (p.104) 

 

Figure 1 illustrates the price variations for the two stocks Microsoft Corporation (MSFT) and 

Intrexon Corp (XON). Note how the value spread between the pairs opens and closes. For 

example, notice how the spread starts to open in the middle of March and peaks in late 

March/early April. The pairs trading strategy says buy the underperforming stock (XON) and 

sell the over performing stock (MSFT), and when the gap closes, which happened in the middle 

of April, then close the positions.   
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The history of pairs trading begin in 1985 when a group of quantitative researchers at the 

investment bank Morgan Stanley, under the lead of Nunzio Tartaglia, created what has come to 

be called Morgan Stanley’s Black Box. This Black Box was a program which had pre-

programmed algorithms for buying and selling different combinations of pairs. (Pole, 2007, p. 

1)  

Portfolio managers bet on the price spread between the pair to decrease based on the statistical 

anomaly of mean reversion, which practically means that the managers use the assumption of 

the law of one price1; anomalies among securities valuation will occur in the short run but in 

the long run will correct themselves by the efficiency in the market. By taking their long/short-

positions the manager will add value to their portfolio when the price spread decreases.  

According to the litterature on the subject, like Nicholas (2000, pp. 213–214) and Pole (2007, 

p. 21), the portfolio manager should search for groups of pairs to use where the securities have 

had a high, positive historical correlation.  

2.1.2 Mean Reversion 

To make pairs trading successful the spread of the traded pair needs to follow a mean reverting 

process. Blanco and Soronow (2001, p. 68) define a mean reverting process as theory where a 

time variable (e.g. stock price) can diverge from its mean due to some shock. But because of 

the markets efficiency the variable will correct itself to its long run mean at some point.  

 𝑆𝑡+1 − 𝑆𝑡

𝐸𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑐ℎ𝑎𝑛𝑔𝑒
𝑖𝑛 𝑝𝑟𝑖𝑐𝑒 𝑓𝑟𝑜𝑚 

𝑡 𝑡𝑜 𝑡 + 1

= 𝛼(𝑆∗ − 𝑆𝑡)
𝑀𝑒𝑎𝑛 𝑅𝑒𝑣𝑒𝑟𝑠𝑖𝑜𝑛

𝐶𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡

+ 𝜎𝜀𝑡+1

𝑅𝑎𝑛𝑑𝑜𝑚
𝐶𝑜𝑚𝑝𝑜𝑛𝑒𝑛𝑡

 

(2.1) 

Where St is the spot price, S* is the long run equilibrium price, 𝛼 is the mean reversion rate, 𝜎 

is the volatility in the price and 𝜀𝑡+1 is the random shock (with mean zero and variance one) in 

the price from t to t+1. 

2.1.3 Sharpe-ratio 

William F. Sharpe developed the Sharpe-ratio in the 1966. When doing investments, Gup 

(1992, p. 86) states that the investor is interested in two things, the return of the investment and 

the risk in the investment. The Sharpe-ratio measures the risk-adjusted return in an investment 

and is common when to evaluate different portfolio managers’ performance.  

                                                 
1 The law of one price in financial markets is defined by Lamont and Thaler (p.191) as identical goods should have the same price in different 

geographic areas.  
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The Sharpe-ratio is calculated by: 

 
𝑆𝑅 =

�̅�𝑝 − 𝑟𝑓

𝜎𝑝
 

(2.2) 

 

Where �̅�𝑝 is the return of the portfolio, 𝜎𝑝 is the standard deviation of the portfolio and 𝑟𝑓 is the 

risk-free-rate. The outcome of the Sharpe-ratio tells if the portfolio manager can deliver a return 

that is good enough compared to the exposed risk. If the Sharpe-ratio is one or less, the portfolio 

manager has not succeeded to deliver a higher return compared to the taken risk. A Sharpe-ratio 

above one indicates that the manager can create an excess return when the risk is adjusted. 

(Cuthbertson, 2004, pp. 170–174) 

2.2 Statistical Theory 

2.2.1 Stationarity 

Stationarity is an assumption about the probabilistic structure of a stochastic process. 

Stationarity can be divided into strong and weak stationarity. In this paper when we refer to the 

term stationarity, we will mean weak stationarity. According to Greene (2012, p. 953) a 

stochastic process (Yt) is said to be weakly stationary if the following assumptions holds: 

 The mean function is constant over time: 

 𝜇𝑡 = 𝜇𝑡−𝑖 for all i (2.3) 

 Covariance is constant over time and do not depend on time but only by the distance 

between the different observations: 

 𝛾𝑡,𝑡−𝑘 = 𝛾0,𝑘  for all t and lag-length k (2.4) 

Due to stationarity the statistical properties (like mean and covariance) of the stochastic process 

will be constant over time, no matter where in the process the observation are observed (Cryer 

and Chan, 2008, pp. 16–19). 

2.2.2 Unit Root 

Consider the AR(1) process 

 𝑌𝑡 = 𝜙𝑌𝑡−1 + 𝑒𝑡 (2.5) 

If we replace 𝑌𝑡−1 we get  

 𝑌𝑡 = 𝜙(𝜙𝑌𝑡−2 + 𝑒𝑡−1) + 𝑒𝑡 = 𝜙2𝑌𝑡−2 + 𝜙𝑒𝑡−1 + 𝑒𝑡 (2.6) 

Continuing like this, we get the infinite MA process 
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 𝑌𝑡 = 𝑒𝑡 + 𝜙𝑒𝑡−1 + 𝜙2𝑒𝑡−2 + ⋯ + 𝜙𝑘𝑒𝑡−𝑘 (2.7) 

From this, we can see that if |𝜙| < 1, the process has decreasing memory, in the sense that each 

lag of 𝑒 has less effect on 𝑌𝑡. If 𝜙 = 1 on the other hand, the process becomes 

 𝑌𝑡 = 𝑒𝑡 + 𝑒𝑡−1 + 𝑒𝑡−2 + ⋯ + 𝑒𝑡−𝑘 (2.8) 

This process has infinite memory and is called the Random Walk. It has mean  

 𝜇𝑡 = 0 for all 𝑡 (2.9) 

And variance 

 𝑉𝑎𝑟(𝑌𝑡) = 𝑡𝜎𝑒
2 (2.10) 

The process is non-stationary since the variance is not constant but depends on time. (Cryer and 

Chan, 2008, p. 12) 

In the AR(1) case this occurred when 𝜙 = 1. More generally, it occurs when any of the roots 

of the characteristic equation equals 1 in absolute value. For the AR(1), the characteristic 

equation is 1 − 𝜙𝑥 = 0, with root 1/𝜙, which is unity for |𝜙| = 1. For the AR(2) process, the 

characteristic equation is 1 − 𝜙1𝑥 − 𝜙2𝑥2 = 0, and the roots are equal to 

 𝜙1 ± √𝜙1
2 + 4𝜙2

−2𝜙2
 

 

(2.11) 

This can be generalized to the AR(p) case. If any of the roots of the characteristic equation is 

equal to one in absolute value, the process is non-stationary and is said to contain a unit root. 

(Cryer and Chan, 2008, p. 71) 

2.2.2.1 Augmented Dickey-Fuller Test 

The Augmented Dickey-Fuller Unit-Root Test is a test to determine whether a time series is 

stationary or non-stationary (contains a unit root) (Chatfield, 2004, p. 262). Consider the 

following model: 

 𝑌𝑡 = 𝛼𝑌𝑡−1 + 𝑋𝑡 

 

(2.12) 

Where t = 1, 2, … n, and 𝑋𝑡 is a stationary process. What will affect whether a time series is 

stationary or not is 𝛼. If 𝛼 = 1, then 𝑌𝑡 is non-stationary and contains a unit root, and if |𝛼|<1 

the time series is stationary. Now consider 𝑋𝑡 to be an AR(p) process, this will define 𝑋𝑡 as: 
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 𝑋𝑡 = 𝜙1𝑋𝑡−1 + ⋯ + 𝜙𝑝𝑋𝑡−𝑝 + 𝑒𝑡 

 

(2.13) 

The null hypothesis states that 𝛼 = 1, which from 2.13 gives us: 

 𝑋𝑡 = 𝑌𝑡 − 𝑌𝑡−1 (2.14) 

Defining a as: 

 𝑎 = 𝛼 − 1 (2.15) 

From 2.14 we get: 

 𝑌𝑡 − 𝑌𝑡−1 = (𝛼 − 1)𝑌𝑡−1 + 𝑋𝑡  

 

 = 𝑎𝑌𝑡−1 + 𝑋𝑡 

 

 

 = 𝑎𝑌𝑡−1 + 𝜙1𝑋𝑡−1 + ⋯ + 𝜙𝑝𝑋𝑡−𝑝 + 𝑒𝑡  

 

  = 𝑎𝑌𝑡−1 + 𝜙1(𝑌𝑡−1 − 𝑌𝑡−2) + ⋯ + 𝜙𝑝(𝑌𝑡−𝑝 − 𝑌𝑡−𝑝−1) + 𝑒𝑡 (2.16) 

 

Under the null hypothesis 𝑎 =  0 which means that 𝑌𝑡 is difference non-stationary.    

The test statistic for the test is: 

 
𝐴𝐷𝐹𝑜𝑏𝑠 =

�̂� − 0

𝜎�̂�
 

 

(2.17) 

The hypotheses follow as: 

   H0: 𝑌𝑡 has a unit root (𝑎 = 0)  

  HA: 𝑌𝑡 does not have a unit root (𝑎 ≠ 0)  

(Cryer and Chan, 2008, p. 128) 

2.2.3 Integration 

To understand cointegration, integration has to be defined. Baltagi (2001, p. 636) defines 

integration as “a time series is said to be integrated of order d, in short I(d), if it becomes 

stationary after differencing d times”. For example a white noise process is an example of an 

𝐼(0) and a random walk process an 𝐼(1). A non-stationary time series is by Song and Witt  
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(2012, p. 56) called an integrated process. By the number of times the time series has to be 

differenced to achieve a stationary process you will get the order of integration for the series 

(Murray, 2006, p. 906). A stationary series will have the order of zero, i.e. 𝐼(0). If a time series 

has to be differenced d times before achieving stationary, then the series is said to be integrated 

of order d, or 𝐼(𝑑).   

2.2.4 Cointegration 

Baltagi (2001, p. 634) states that most economic theory deals with long-run equilibrium 

relationships that are generated by different market forces and behavioral rules. To be able to 

do any kind of statistical studies in economics data the variables has to be stationary due to the 

fact that econometric theory is built upon the assumption of stationarity. Since most economics 

data does not hold constant mean and variance over time, stationarity could not be used. From 

this Engle and Granger formalized the idea of integrated variables that shares an equilibrium 

relationship where the relationship turned out to be stationary. This was denoted as 

cointegration.  

Cointegration is by Hendry & Juselius (1999, p. 4) defined as when two (or more) random time 

series processes, that individually are non-stationary and contains a unit root, but a linear 

combination of them two is stationary, then they are said to be cointegrated.  

Song and Witt (2012, p. 56) writes that the founders of cointegration, Engle and Granger, 

defines the concept of cointegration as when a pair of non-stationary variables 𝑋𝑡 and 𝑌𝑡 belong 

to the same system then there should be an attractor or cointegrating relationship that keeps 

these two time series 𝑋𝑡 and 𝑌𝑡 moving together in the long run even if they for some reason 

should drift away from each other in the short run.  

What cointegration practically means is that it confirms a strong long-term equilibrium 

relationship between the two time series; a relationship that is not just spurious. A temporary 

shock can make the two series drift away from each other, but due to cointegration the spread 

will in the long run converge to its equilibrium. This is called Error Correction Mechanism 

(ECM) and is common in financial data. Due to forces in the market the economy will be forced 

back to its stationary equilibrium and the variables will be prevented from drifting too far away 

from each other (Engle, 1987, p. 251). 

If the two time series 𝑋𝑡 and 𝑌𝑡 are non-stationary and unit root and have a long run relationship, 

then the relationship can be illustrated by following model: 
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 𝑦𝑡 = 𝛽0 + 𝛽1𝑥𝑡 

 

(2.18) 

The disequilibrium error of the model is: 

 𝜀𝑡 = 𝑦𝑡 − (𝛽0 + 𝛽1𝑥𝑡) 

 

(2.19) 

According to Song and Witt (2012, p. 56), if we have a long-run equilibrium relationship, the 

disequilibrium error will “rarely drift far from zero”. If the initial model is estimated by ordinary 

least squares (OLS), then the residuals of the model will follow a stationary process and thereby 

fluctuate around zero over the time period. This means that 𝑋𝑡 and 𝑌𝑡  are cointegrated. 

 𝑦𝑡

𝑈𝑛𝑖𝑡 𝑟𝑜𝑜𝑡 𝐼(1) = 𝛽0 +
𝛽1𝑥𝑡

𝑈𝑛𝑖𝑡 𝑟𝑜𝑜𝑡 𝐼(1)
+

𝜀𝑡

𝑆𝑡𝑎𝑡𝑖𝑜𝑛𝑎𝑟𝑦 𝐼(0) 

 

(2.20) 

To test cointegration, the OLS residuals, 𝜀�̂�, will be used. The aim is to test whether 𝜀�̂� follow 

a stationary process or not. If 𝜀�̂� follow a stationary process, then 𝑋𝑡 and 𝑌𝑡 are cointegrated.  

2.2.4.1 Engle-Granger’s Test for Cointegration 

One of the most famous tests for cointegration is the Engle and Granger two-step procedure.  

Step one in the procedure is to estimate the long run equilibrium function: 

 𝑦𝑡 = 𝛽0 + 𝛽1𝑥𝑡 + 𝜀𝑡 

 

(2.21) 

The OLS residuals are being estimated, which is the disequilibrium error of the model: 

 𝜀�̂� = 𝑦𝑡 − (𝛽0̂ + 𝛽1̂𝑥𝑡) 

 

(2.22) 

The second step is to use the ADF-test in order to test the residuals for a unit root. The null 

hypothesis states that the series is not cointegrated, and the alternative hypothesis states that the 

process is cointegrated.  

 𝐻0: Series are not cointegrated  

 𝐻𝐴: Series are cointegrated  

(Sjö, 2008, p. 9)  
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3 DATA AND METHODOLOGY 

3.1 Data and Trading Period 

Our data comes from The NASDAQ 100 Index which consists of 100 of the largest, based on 

market capitalization, domestic and international non-financial stocks listed on The NASDAQ 

Stock Market for the time period of 1/1-09 to 7/11-14. The observations are collected from 

Thomson Reuters Datastream 10/11-14.  

When doing the testing we will be using a rolling analysis of the time series (rolling window). 

According to  Zivot and Wand (2006, p. 313) this technique will test the stability of our used 

methodology. By using this technique we will use two windows, and just like Gatev et al. (2006, 

p. 10) we use a formation-trading-window-ratio of 2:1; the formation window will occur during 

260 trading days and the trading window occurs for 130 trading days. 

We have data for 1 430 days of trading which follow that the first formation window occurs 

during 1/1-09 to 30/12-09 and the first trading window during 31/12-09 to 30/6-10. The second 

formation window will then be 2/7-09 to 30/6-10 and the second trading window 1/7-10 to 

29/12-10. 

3.2 Portfolio Selection 

We make the portfolio selection during the formation window and then trade them during the 

trading window, which starts on the trading day following the last day of the formation window.  

We exclude all stocks that have missing values for any of the days in the formation or trading 

window. Previous studies (Gatev et al., 2006, p. 803) have also filtered out stocks that do not 

trade on each day and also trades below a certain price level in purpose to represent liquidity in 

the stocks. Since we are working with the largest stocks on one of the largest markets, these 

issues are of no concern to us. 

The next step is to calculate the correlation between all the pairs in the formation window. The 

correlation portfolio is represented by the pairs with the highest correlation. The cointegration 

portfolio is represented by the cointegrated pairs that have the highest correlation. We test for 

unit root by using the Augmented Dickey-Fuller test and for cointegration between the stocks 

using the Engle & Granger two-step method according to Table 1.  
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Table 1 – Summary of the Augmented Dickey-Fuller test and the Engle & Granger two-step cointegration test. 

 Augmented Dickey-Fuller test Engle & Granger two-step 

cointegration test 

1. Hypothesis H0: The process has a unit root 

HA: The process does not have a 

unit root.   

H0: Series are not cointegrated  

HA: Series are cointegrated 

(ε̂t follows a stationary process) 

2. Significance 

level 

5 % 

A significance level of 5 % is also 

generally accepted and gives the 

probability of 5 % to reject a true 

null hypothesis (i.e. do a type 1 

error). 

5 % 

A significance level of 5 % is also 

generally accepted and gives the 

probability of 5 % to reject a true 

null hypothesis (i.e. do a type 1 

error). 

3. Estimator Ordinary least square estimator 

(OLS). 

Ordinary least square estimator 

(OLS). 

4. Assumptions The ADF test requires a large 

sample size. We have 260 

observations (days) for each stock, 

which is a large sample size.   

The Engle-Granger test requires a 

large sample size. We have 260 

observations (days) for each stock, 

which is a large sample size.   

 

5. Test statistic  
𝐴𝐷𝐹𝑜𝑏𝑠 =

�̂� − 0

𝜎�̂�
 𝐴𝐷𝐹𝑜𝑏𝑠 =

�̂� − 0

𝜎�̂�
 

6. Rejecting rule The null hypothesis will be rejected 

if the p-value is less than 5 %. 

The null hypothesis will be rejected 

if the p-value is less than 5 %. 

 

If both the stocks in the pair have unit roots (the null of the ADF-test can not be rejected) and 

the pair is cointegrated (the null of the ADF-test is rejected), then the pair is marked as 

cointegrated. Table 2 illustrates this. In the example given, a correlated portfolio of five will 

consist of pairs one to five, and a cointegrated portfolio of pairs 3, 6, 8, 10 and 14.  
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Table 2 - Example of portfolio formation. The data is from the formation period 1/1-09 to 30/12-09 

 Pair of stocks Correlation Cointegrated 

1 DISCOVERY COMMS.'A'    DISCOVERY COMMS.'C' 0,998  

2 APPLE    DISCOVERY COMMS.'A' 0,985  

3 ANALOG DEVICES    TEXAS INSTRUMENTS 0,984 YES 

4 APPLE    COGNIZANT TECH.SLTN.'A' 0,982  

5 APPLE    DISCOVERY COMMS.'C' 0,982  

6 STARBUCKS    VIACOM 'B' 0,981 YES 

7 APPLE    VIACOM 'B' 0,980  

8 DOLLAR TREE    F5 NETWORKS 0,980 YES 

9 COGNIZANT TECH.SLTN.'A'    DISCOVERY COMMS.'C' 0,979  

10 DISCOVERY COMMS.'A'    VIACOM 'B' 0,979 YES 

11 COGNIZANT TECH.SLTN.'A'    NETAPP 0,978  

12 APPLE    STARBUCKS 0,978  

13 COGNIZANT TECH.SLTN.'A'    DISCOVERY COMMS.'A' 0,977  

14 F5 NETWORKS    INTUIT 0,975 YES 

15 BAIDU 'A' ADR 10:1    DOLLAR TREE 0,975 YES 

 

Note that the chosen pairs in the two portfolios can overlap, and in the case when the top five 

(or whichever portfolio size is chosen) pairs are all cointegrated, the two portfolios will be 

identical.  

 

 

 

 

 

3.3 The Pairs Trading Algorithm 

Our trading strategy will be based on the price spread (the difference) between the two stock 

prices. The price spread is assumed, according to the law of one price, to have long run 

equilibrium and therefore over time be mean reverting and seek to its equilibrium when a 

divergence occur due to the markets inefficiency.  

Our model will define the spread as: 

Correlated 

portfolio 

Cointegrated 

portfolio 

Pairs of stocks 
 
Figure 2 - Visualization of the range of possible pairs 
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 𝑌𝑡 = 𝑝1,𝑡 − (𝛼 + 𝛽𝑝2,𝑡) (3.1) 

Yt is the price spread and is assumed to be mean-reverting, p1 and p2 the closing prices for day 

t for stock 1 and 2, respectively. 𝛽 and 𝛼 are estimated by ordinary least squares (OLS). 

According to Montana and Triantafyllopoulos (2009, p.26) it is most practical to select the order 

of 1 and 2 so you get the largest 𝛽 because that spread will capture as much information about 

the relation between the two stocks as possible.  

After having screened the market for pairs, in accordance with Do and Faff (2010, p.83), the 

algorithm will indicate to take positions if the price spread hits |2𝜎| calculated from the mean: 

 𝑌𝑡 ≥ |2𝜎| (3.2) 

The model will buy (go long) the relative undervalued stock and sell (go short) the relative 

overvalued stock. By doing this, the portfolio will increase in value when the relative 

undervalued stock increases in price and/or the relative overvalued will decrease in price. 

The algorithm will close positions when the market release the price difference and corrects the 

price spread and the spread reverts back to its mean: 

 𝑌𝑡 = 𝜇 (3.3) 

If the price spread does not converge, the algorithm will close the position if the spread diverges 

to five standard deviations, in order to prevent further losses when something clearly is not 

right. The size of the stop-loss rule is chosen arbitrarily. 

 𝑌𝑡 ≥ |5𝜎| (3.4) 

The algorithm starts with $1 000 per pair. Upon opening a pair, it then takes a long position of 

$500 and a short position of $500. If the pair upon closing would be worth, say, $1 200, the 

next position the pair opens will be for $600 in each position. 

If a pair at any point reaches a value of $0, it will stop trading and will remain inactive for the 

rest of the period. 

3.4 Calculating the Sharpe-ratio 

To calculate the Sharpe-ratio the following model is used:   

 
𝑆𝑅 =

�̅�𝑝 − 𝑟𝑓

𝜎𝑝
 

(3.5) 

We set the risk-free-rate to 0 % (𝑟𝑓 = 0) for all portfolios, this makes the Sharpe-ratio focus on 

the different portfolios actual return and standard deviation:  
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𝑆𝑅 =

�̅�𝑝

𝜎𝑝
 

(3.6) 

We calculate the daily returns as follows: 

 
𝑟𝑡 =

𝑡𝑜𝑡𝑎𝑙𝑚𝑜𝑛𝑒𝑦𝑡

𝑡𝑜𝑡𝑎𝑙𝑚𝑜𝑛𝑒𝑦𝑡−1
− 1 

(3.7) 

The total return is calculated by:  

 
𝑟𝑡𝑜𝑡𝑎𝑙 =

𝑡𝑜𝑡𝑎𝑙𝑚𝑜𝑛𝑒𝑦𝑁

𝑡𝑜𝑡𝑎𝑙𝑚𝑜𝑛𝑒𝑦1
− 1 

(3.8) 

The average annual return for the trading of period of 4.5 years:  

 
�̅�𝑝 = 𝑟𝑡𝑜𝑡𝑎𝑙

(
1

4.5
)
 

(3.9) 

The expected return of the portfolio is calculated as the average daily return: 

 

𝐸(𝑟) =
1

𝑁
∑ 𝑟𝑡

𝑁

𝑡=1

 

 

(3.10) 

The daily standard deviation of the portfolio is calculated as  

 

𝜎𝑑 = √
1

𝑁
∑(𝑟𝑡 − 𝐸(𝑟))2

𝑁

𝑡=1

 

 

(3.11) 

 

The annual standard deviation is then calculated as  

 𝜎𝑎𝑛𝑛𝑢𝑎𝑙 = 𝜎𝑑 ∗ √260 

 

(3.12) 

since there is 260 trading days on a year.2 

                                                 
2 It seems customary to define a year as 252 trading days. However, with the Datastream data we have data for 5 

full years, that consists of 1304 observations, giving us 260,8 days per year. We have chosen 260 days rather than 

261 in order to be able to divide it into half a year. 
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3.5 Summary of Methodology  

 

Figure 3 – An example of the pairs trading algorithm 

 

Figure 3 illustrates three different figures. The first figure shows the individual stock price for 

the two stocks GOOGLE A and Netapp. The second figure illustrates the OLS estimated spread 

between the two stocks and the third figure shows the cumulative return of the traded pair using 

the algorithm. As illustrated in the first and second figure, the algorithm will open the positions 

when the gap between the two stocks widens and the spread reaches two standard deviations.  

The return curve will therefore start to fluctuate until the algorithm closes the two positions, 

and the model has generated a positive excess return.      
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4 RESULTS AND ANALYSIS 

4.1 The Results from the Research 

In this section we will present the results from the research in an analytical point of view. 

 

 

Figure 4 - Return for the Cointegration Portfolio and the Correlation Portfolio 

 

Figure 4 shows the return series for the Cointegration Portfolio and the Correlation Portfolio 

for the time period of 31/12-09 to 25/6-14.  

Table 3 - Performance and risk for the Cointegration Portfolio, Correlation Portfolio and The NASDAQ 100 Index 

 Cointegration 

Portfolio 

Correlation 

Portfolio 

The NASDAQ 

100-Index 

Average annual return 

 

Annual St. Deviation 

 

4,15 %  

 

4,76 % 

 

2,08 %  

 

4,65 % 

19,27 % 

 

17,83 % 

Sharpe-ratio 0,87 0,45 1,08 
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The average annual return for the index is 19,27 %, 2,08 % for the Correlation Portfolio and 

4,15 % for the Cointegration Portfolio (Table 3). When adjusting for the risk (where risk is 

defined as standard deviation) in each investment we get the Sharpe-ratio. A buy-and-hold-

strategy (index) for the current market has a Sharpe-ratio of 1,08. The index has thus yield better 

than the risk the investment has taken. The portfolio mainly based on correlated pairs has a 

Sharpe-ratio of 0,45. The result of this is that the Correlation Portfolio cannot yield in line with 

the risk the portfolio has. The Cointegrated Portfolio has a Sharpe-ratio of 0,87 and can almost 

yield a return in line with the risk the portfolio includes.  

For the time period of 31/12-09 to 25/6-14 the portfolio based on only cointegrated pairs of 

stocks outperform the portfolio based on mainly correlated pairs of stocks, with twice as high 

annual return, and almost equal risk. When applying pairs trading, the portfolio manager can 

benefit from Engle and Granger’s theory about the market forces which tend to push economic 

variables back to their mean. When two stocks, that individually follow a random time series 

process and are non-stationary, containing a unit root, but together, the combination of the two 

is stationary and really has a true long run equilibrium relationship and therefore are mean-

reverting. This is to compare with the relationship based on correlation, which could be just 

random and therefore is spurious.   

4.2 The Robustness of the Research 

Our modeled algorithm is based on some assumptions and settings. One such setting is the size 

of the portfolios. Would the results be the same if the numbers of pairs in the portfolio were to 

be changed? Figure A.1 in Appendix A shows the annual return for both portfolios as a function 

of portfolio size. If the lines were to be downwards sloping, it would support high historical 

correlation as selection criteria, you start out with the best pair, and each added pair contributes 

with a smaller return. This holds for the correlation portfolio, at least up to a portfolio of nine 

pairs. For the cointegration portfolio, the relationship is much more unclear. It is reasonable to 

believe that high historical correlation is the best selection criteria for the correlation portfolio, 

but that it exists another way of selecting the best cointegrated pairs. For portfolio size two the 

correlation portfolio actually outperforms the cointegration portfolio, and for size three they are 

equal. This is probably due to the fact that extreme values are allowed to influence more when 

the sample size is small, this does not create too much concern. For all portfolio sizes greater 

than three, the cointegration yields almost twice as high return as the correlation portfolio. 
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Another important setting for the model is when the stop-loss rule will take effect. If the spread 

(which equals the residuals from regressing stock two on stock one) would be normally 

distributed the probability to occur in the third standard deviation is 0.1 %, and even less likely 

to occur in the fifth or sixth standard deviation. Figure A.2 in Appendix A shows the different 

returns for when the stop-loss has different settings. The maximum return will occur when the 

stop-loss is adjusted to the sixth standard deviation.  

The main part of the research question is whether a portfolio assembled by pairs that are 

cointegrated can outperform a portfolio assembled by highly correlated pairs of stocks when 

pairs trading are applied. When the cointegrated pairs are sorted by correlation and the top five 

represents the portfolio the results are that Cointegration Portfolio pairs will outperform the 

Correlation Portfolio. But what if the Cointegration Portfolio only will contain pair 11-15 of 

the top cointegrated pairs? Still the outcome is a better return for the Cointegration Portfolio 

(see Figure A.3 in Appendix A) with a Sharpe-ratio of 0.86 (return of 4,74 % per year and 

standard deviation of 5,5 % per year). 

If no cointegrated pairs will be represented in the Correlation Portfolio then the Correlation 

Portfolio will yield a negative return (Figure A.4 in Appendix A) and therefore have a negative 

Sharpe-ratio. This observation supports the thesis that cointegrated pairs should be used when 

applying pairs trading. When the Correlation Portfolio is based on the top five correlated pairs 

it yields a positive return, but a portfolio that does not contain any cointegrated pairs yields a 

negative return, it seems as though the return of the correlated portfolio is mainly a lucky effect 

of the presence of cointegrated pairs. 

Another area we have investigated in order to improve our results is the autocorrelation 

function. The Engle and Granger test ensures that the residuals (and hence our spread) of the 

cointegrated pairs are stationary. This stationarity can however range from white noise to an 

AR(1)-like process with coefficient higher than 0,9, that can drift from the mean in a trend-like 

way due to the high autocorrelation in the first lag. Our thought was that the closer the process 

is to white noise, the more the spread would fluctuate around the mean, and therefore complete 

more trades. We therefore investigated whether the return of a pair was negatively correlated 

with the first lag of the sample autocorrelation function (SACF). However, we found no such 

relationship, if any at all, the correlation was positive. Figure A.5 in Appendix A shows the 

return versus the autocorrelation in the first lag for the 20 cointegrated pairs with the highest 

correlation for four of our nine trading windows. 
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The convergence rule need not necessarily be zero. If the algorithm would close the positions 

on, say, 0,5 standard deviations, we expect to close a larger amount of trades to a lower profit. 

Running the algorithm for different settings of the convergence rule yields Figure A.6 in 

Appendix A. Both portfolios are optimized when we close the trade on 0,2 standard deviations, 

with diminishing returns for larger exit signals than that. The distance between the cointegrated 

return and the correlated return is unaffected, meaning that our results are robust to changes in 

the convergence rule. 

The same reasoning can be applied for the entry signal. We have chosen two standard deviations 

in accordance with Gatev et al. (2006) and Do and Faff (2010), but we could as well have used 

another entry signal. If we would use a higher entry signal, we expect to open fewer trades but 

make a higher return for each completed trade. Figure A.7 shows that the entry signal has little 

effect on the return of the cointegrated portfolio up to 2,7 standard deviations, after which the 

return decreases. The correlated portfolio shows an increasing return for increasing entry signal, 

to the point where it is almost equal to the return of the cointegrated portfolio.  

A possible factor that could affect our results is the fact that cointegration, though stronger than 

correlation, may not hold forever. We had anticipated higher returns for the Cointegration 

Portfolio, and therefore want to examine if this is due to the fact that one or more pairs stop 

being cointegrated during the trading window. In order to do this, we ran the model again, this 

time restricting the Cointegration Portfolio to only include pairs that were cointegrated during 

the formation window and the trading window. This portfolio is represented by the red line in 

Figure A.8 in Appendix A, compared to our original model. The hypothetical portfolio has an 

annual return of 9,37 % and a Sharpe-ratio of 2,08. 

Of course this is not a feasible strategy, since it assumes that we upon portfolio formation can 

look into the future, but it does work as something of a theoretical result, the possibility of our 

model. This supports our theory about using cointegration when applying pairs trading.  
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5 CONCLUSIONS 

In this paper, we have created a pairs trading strategy that takes a long-short-positioning if the 

OLS-estimated spread between two stocks on the NASDAQ 100 exceeds two historical 

standard deviations. The positions are unwound upon convergence (when the spread is zero), if 

the spread widens to five historical standard deviations, or at the last day of the trading window. 

This strategy was then applied to a portfolio of pairs with high historical correlation, but not 

necessarily cointegrated, and one with cointegrated pairs, using a rolling window approach, 

trading from 31/12-09 to 25/6-14. 

We were able to show that pairs of stocks which have a true long run equilibrium (cointegration) 

yield a higher return than pairs of stocks that relies on a more spurious relationship (correlation). 

At a yearly basis, the cointegration portfolio almost yields a 100 % higher return than the 

correlation portfolio and without adding additional risk in the investment. The Sharpe-ratio for 

the cointegration portfolio was almost at par with that of a buy-and-hold strategy for a market 

portfolio. Our results are robust to a number of different settings of the algorithm, except very 

small portfolio sizes and large entry signals. 

5.1 Suggestions for Further Research 

We have tested the robustness of our results for some settings, but certainly not all. We would 

like to suggest a study testing our model for different markets and different periods of time. We 

have performed our study in a setting with a strongly rising market, and it would be interesting 

to see how our model (which is said to be market neutral) would perform in a declining market. 

In addition to this, we have not accounted for the effect of transaction costs, and it would be 

interesting to see how much our returns would be diminished by trading costs. 

5.2 Suggestions for Practitioners 

We recommend practitioners involved in pairs trading to select cointegrated pairs rather than 

simply highly correlated pairs, since we have shown that cointegrated pairs outperform 

correlated, and that the return of a correlated portfolio is due to the presence of cointegrated 

pairs.  
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APPENDIX A 
A.  

 

Figure A.1 – Annual return as a function of portfoliosize (number of pairs). 

2 4 6 8 10 12 14 16 18 20
0

0.005

0.01

0.015

0.02

0.025

0.03

0.035

0.04

Portfoliosize

A
n

n
u

a
l 
re

tu
rn

Annual return from a pairs trading strategy with different portfoliosizes

 

 

Cointegrated portfolio

Correlated portfolio



24 

 

 

Figure A.2 – Annual return as a function of stop-loss rule, measured in standard deviations from the mean. 
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Figure A.3 – Cumulated return of a portfolio of the top 5 correlated pairs versus the top 11-15 cointegrated pairs. 
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Figure A.4 – Cumulated return of a portfolio of cointegrated pairs versus a portfolio of correlated, but not cointegrated, pairs. 
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Figure A.5 – Cumulated return as a function of the autocorrelation in the spread. Top 20 cointegrated pairs for four different trading windows. 
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Figure A.6 – Total return as a function of convergence rule 
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Figure A.7 – Annual return as a function of entry signals, measured in standard deviations from the mean. 
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Figure A.8 – Cumulated return of a portfolio of cointegrated pairs that will stay cointegrated during the trading window, compared to the original model. 
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APPENDIX B 

Rolling window 

function 

[output_coint,output_corr,cum_money_coint,cum_money_corr]=pairtrader_rullan

de(ticker,data,date,index,rho,portfoliosize,n,startmoney) 
% setting the size of the formation window and trading window, in days. 
% 1 year is equal to 260 trading days 
length_sample=260; 
length_window=130; 

  
% choosing a start date and setting the formation and trade windows 
sam_beg=955; 
sam_end=sam_beg+length_sample-1; 
win_beg=sam_end+1; 
win_beg1=sam_end+1+length_window; 
win_end=win_beg+length_window-1; 
% setting start values for the startmoney variable 
startmoney_coint=startmoney; 
startmoney_corr=startmoney_coint; 
i=1; 

  
% the while-loop iterates until the end of the dataset 
while win_end<(length(date)-length_window); 

     
% rolling the formation and trade windows forward for each iteration     
sam_beg=sam_beg+length_window; 
sam_end=sam_end+length_window; 
win_beg=win_beg+length_window; 
win_end=win_end+length_window; 

  
% running the pairs trading programs, one for the correlated and one for 
% the cointegrated portfolio 
[stopmoney_coint,coint_out,~]=pairtrader_coint(ticker,data,rho,portfoliosiz

e,sam_beg,sam_end,win_beg,win_end,n,startmoney_coint); 
[stopmoney_corr,corr_out,~]=pairtrader_corr(ticker,data,rho,portfoliosize,s

am_beg,sam_end,win_beg,win_end,n,startmoney_corr); 

  
% re-setting the startmoney variable so the next iteration starts where 
% this one ended 
startmoney_coint=stopmoney_coint; 
startmoney_corr=stopmoney_corr; 
% storing the cumulated money time series for each iteration and increasing 
% i in order to store the output in a new column the next iteration 
output_coint(:,i)=coint_out; 
output_corr(:,i)=corr_out; 
i=i+1; 
end 

  
% the cumulated money time series are stored in different columns for 
% different iterations, now we place these in one column 
cum_money_coint=output_coint(:); 
cum_money_corr=output_corr(:); 
%make return series 
coint=cum_money_coint; 
corr=cum_money_corr; 
returns1=(coint/coint(1)); 
coint_return=returns1-1; 
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returns2=(corr/corr(1)); 
corr_return=returns2-1; 
index2=index(win_beg1:win_end)/index(win_beg1)-1; 

  
% and lastly plot the return series 
tid=datenum(date(win_beg1:win_end)); 
figure(1); 
hold on; 
hcorr=line(tid,corr_return,'Color','b','LineWidth',2); 
hcoint=line(tid,coint_return,'Color',[0 0.7 0],'LineWidth',2); 
hindex=line(tid,index2,'Color','r','LineWidth',2); 
hlegend=legend([hcorr, hcoint, hindex],'Correlated portfolio','Cointegrated 

portfolio', 'Nasdaq100-index','location','NorthWest'); 
title(strcat('Cumulated returns from a pairs trading strategy with 

portfoliosize=',num2str(portfoliosize))); 
set(hlegend,'FontSize',8); 
datetick('x') 
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Pairs trading 

The pairs trading function looks the same for the correlated portfolio, with different names, and 

running the corr_portfoliocreate instead. 

function 

[stopmoney,cum_money,total_money]=pairtrader_coint(ticker,data,rho,portfoli

osize,sam_beg,sam_end,win_beg,win_end,n,startmoney) 
% n is the number of standard deviations used as trigger for the trade to 
% open, standard setting is n=2 

  
[coint_portfolio]=coint_portfoliocreate(ticker,data,rho,portfoliosize,sam_b

eg,sam_end,win_beg,win_end); 

  

  
N=min([length(coint_portfolio.price1) length(coint_portfolio.price2)]); 
I=zeros(N,length(coint_portfolio.name1)); 
%I: tri-state indicator time series of 
%   =0: pair is closed on that date 
%   =1: pair is open on that date, short stock 1 long stock 2 
%   =-1: pair is open on that date, long stock 1 short stock 2 
tradetype=0; %tradetype is indicator of trading AT THE BEGINNING OF THE DAY,  
             %tradetype=0 if the pair is closed as at beginning of date i,  
             %tradetype=1/-1 if pair is trading as at beginning of date i. 
total_money=zeros(N,length(coint_portfolio.name1)); 

  
%creates a loop for each of the pairs in the portfolio 
for k=1:length(coint_portfolio.name1) 
 

spread=coint_portfolio.spread(:,k); 
price1=coint_portfolio.price1(:,k); 
price2=coint_portfolio.price2(:,k);  
trigger1=n*coint_portfolio.std(1,k); 
trigger2=-n*coint_portfolio.std(1,k); 
stoploss1=5*coint_portfolio.std(1,k); 
stoploss2=-5*coint_portfolio.std(1,k); 

  
%for the first day of the trading window 

        if tradetype==0 && spread(1)>trigger1 && spread(1)<1.5*trigger1  
tradetype=1; 

            I(1,k)=1; %open the pair 
            opendate=1; % set opendate to this day 
        elseif tradetype==0 && spread(1)<trigger2 && spread(1)>1.5*trigger2  
            tradetype=-1; 
            I(1,k)=-1; %open pair 
            opendate=1; % set opendate to this day 
        end 
total_money(1,k)=startmoney; 

  
    for i=2:N-1 

%for the second to next-to-last day, 
        %check if trading is open, if not, is trading triggered? If open, 
        %is trading closed? 
        if tradetype==0 && spread(i)>trigger1 && spread(i)<1.5*trigger1 

  %at end of today, open trade by long stock 1 and short stock 2  
            tradetype=1; 
            I(i,k)=1; %open pair today 
            opendate=i; % set opendate to this day 
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        elseif tradetype==0 && spread(i)<trigger2 && spread(i)>1.5*trigger2  

%at end of today, open trade by long stock 1 and short stock 2  
            tradetype=-1; 
            I(i,k)=-1; %open pair today 
            opendate=i; % set opendate to this day 

 
        elseif tradetype==1 %open pair still running 

  
            if spread(i)<=0; %spread converges to mean 
                tradetype=0;  
                I(i,k)=0;%close the pair 
            elseif spread(i)>stoploss1 
                tradetype=0;  
                I(i,k)=0;%close the pair 
            else 
                I(i,k)=1; %if the pair is open and does not converge, the 

pair remains open 

 
            end 

  

  
        elseif tradetype==-1  

  
            if spread(i)>=0; %spread converges to mean 
                tradetype=0;  
                I(i,k)=0; %close the trade today 
            elseif spread(i)<stoploss2 
                tradetype=0;  
                I(i,k)=0;%close the pair 
            else 
                I(i,k)=-1; %if the pair is open and does not converge, the 

pair remains open 

 
            end 
        end 

% computing the total money time series, which can easily be transformed 
    % into a return time series. Total money today equals total money 
    % yesterday plus the return on stock 2 (long) plus the return of stock 
    % 1 (short), the latter formulated as minus the return of a long 
    % position. 
    if I(i-1,k)~=0   % if trading yesterday   

    
      total_money(i,k)=total_money(i-1,k)+((price1(i)-price1(i-1))*... 
      total_money(opendate,k)/2/price1(opendate)-(price2(i)-price2(i-

1))*... 
          total_money(opendate,k)/2/price2(opendate))*I(i-1,k); 
    else 
       total_money(i,k)=total_money(i-1,k); % if not trading yesterday 

 
    end 
    end 

  

       

     

  
   %On the last date of the trading window, closing the trade 
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        I(N,k)=0; 
   % and computing the total money for the last day  

 
 if I(N-1,k)~=0     
      total_money(N,k)=total_money(N-1,k)+((price1(N)-price1(N-1))*... 
      total_money(opendate,k)/2/price1(opendate)-(price2(N)-price2(N-

1))*... 
          total_money(opendate,k)/2/price2(opendate))*I(N-1,k); 
    else 
       total_money(N,k)=total_money(N-1,k); 
 end 
    for j=2:N 
    if total_money(j-1,k)<=0 
        total_money(j,k)=0; 
    end 
    end 
end 
cum_money=sum(total_money,2)/portfoliosize; % summing together the whole 

portfolio 
stopmoney=cum_money(end); % and storing the last value as output, to be used 

as input for the next iteration 
 end 
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Portfolio creation 

The function corr_portfoliocreate is similar. It cuts the pairs selection before the lines of the 

adftests, simply states korrmatris(j,i)= (corr(sample(:,i),sample(:,j))); and 

moves on to the OLS estimation of the spread. 

%Creates the cointegrated portfolio used in the pairs trading functions 
function 

[coint_portfolio]=coint_portfoliocreate(ticker,data,rho,portfoliosize,sam_b

eg,sam_end,win_beg,win_end) 

  
%Start by defining the samplewindow and testwindow 
sample=data(sam_beg:sam_end,:); 
testwindow=data(win_beg:win_end,:); 

 
%preallocation 
coint_portfolio.spread=zeros(size(testwindow,1),portfoliosize); 
coint_portfolio.price1=zeros(size(testwindow,1),portfoliosize); 
coint_portfolio.price2=zeros(size(testwindow,1),portfoliosize); 
coint_portfolio.name1=cell(1,portfoliosize); 
coint_portfolio.name2=cell(1,portfoliosize); 
coint_portfolio.std=zeros(1,portfoliosize); 
coint_portfolio.beta=zeros(1,portfoliosize); 

  
kointmatris=zeros(length(ticker),length(ticker)); 

  
for i=1:length(ticker) 
    if sum(isnan(sample(:,i)))==0 && sum(isnan(testwindow(:,i)))==0 
    %only allows stocks that have values for all days in the 
    %sample AND test windows     
    for j=1:length(ticker) % A double loop over i and j creates all possible 

pairs. 
        if sum(isnan(sample(:,j)))==0 && sum(isnan(testwindow(:,j)))==0 
        %only allows stocks that have values for all days in the 
        %sample AND test windows   
        if i<j % to avoid upper half and diagonal of corr-matrix, i.e. 
                % avoid identical pairs (2,1 and 1,2) and pair with itself 
                % (2,2) 
            if abs(corr(sample(:,i),sample(:,j)))>rho  
                %using a cut-off correlation 'rho', the function doesn't 
                %have to iterate through every pair possible, only those  
                %with high enough correlation to fit in the portfolio 
                %anyway.  

                 if adftest(sample(:,i),'model','ts')==0 && ... 
                    adftest(sample(:,j),'model','ts')==0 
                    %continue only if both components are unit root, i.e. 
                    %the null of the Augmented Dickey-Fuller test can not 
                    %be rejected 
                    series=[sample(:,i),sample(:,j)]; 
                     [h]=egcitest(series,'creg','ct'); 

if h==1 %if the null of the Engle & Granger 

cointegration-test is rejected 
                         kointmatris(j,i)= (corr(sample(:,i),sample(:,j))); 
                         %creating correlation matrix for cointegrated 
                         %pairs only 
                         end  
                 end 
             end 
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        end 
        end 
    end 
    end 
end 
% Form the spread for the portfolio 
% Measures the spread between X and Y as: 
% spread[t]=a+Y-b*X, where a and b are estimated with OLS 
% and the order of X and Y is chosen so that b is as big as possible. 
if length(find(kointmatris))<portfoliosize 
    error('ERROR: Not enough pairs for portfolio') 
else 
     [~,idx2] = sort(kointmatris(:),'descend'); % sort to vector 
for k=1:portfoliosize 
    [AA,BB] = ind2sub([length(ticker),length(ticker)],idx2(k)); 

% Take out the pair with the k largest correlation of the cointegrated pairs 

 
    A=sample(:,AA); 
    B=sample(:,BB); 

  
    mdl3=fitlm(B,A); % OLS A=a+b*B 
    mdl4=fitlm(A,B); % OLS B=a+b*A 

  
 alpha3=mdl3.Coefficients.Estimate(1); % stores the coefficient estimate for 

a 
 alpha4=mdl4.Coefficients.Estimate(1); 

  
 beta3=mdl3.Coefficients.Estimate(2); % stores the coefficient estimate for 

b 
 beta4=mdl4.Coefficients.Estimate(2); 
  

 

    % stores the coefficient estimate for a 
    if beta3>beta4 
    spread2=-alpha3+A-beta3*B; 
    coint_portfolio.beta(1,k)=beta3; 
    else spread2=-alpha4+B-beta4*A; 
        coint_portfolio.beta(1,k)=beta4; 
    end 

  
   % defines the standard deviation as the standard deviation of the spread 

during the formation window   
coint_portfolio.std(1,k)=std(spread2); 
  

% setting the tradingwindow and estimating the spread 
    A=testwindow(:,AA); 
    B=testwindow(:,BB); 

  
    if beta3>beta4 
    spread2=-alpha3+A-beta3*B; 
    else spread2=-alpha4+B-beta4*A; 
    end 

  

  
coint_portfolio.spread(:,k)=spread2; 

  
if beta3>beta4                     % Make sure spread is always price2-

price1,  
                                   % in order to know when to short and 
                                   % when to long. 
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coint_portfolio.price1(:,k)=testwindow(:,BB); 
coint_portfolio.price2(:,k)=testwindow(:,AA); 
coint_portfolio.name1(:,k)=ticker(BB); 
coint_portfolio.name2(:,k)=ticker(AA); 
else  
coint_portfolio.price1(:,k)=testwindow(:,AA); 
coint_portfolio.price2(:,k)=testwindow(:,BB); 
coint_portfolio.name1(:,k)=ticker(AA); 
coint_portfolio.name2(:,k)=ticker(BB); 
end 
end 
end 
end 

 

 


