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1. Introduction
In this project, our group followed the Journal Article “Statistical Arbitrage in the U.S. Equities Market” by Marco Avellaneda and Jeong-Hyun Lee, July 11th 2008 and replicates the process that is done by the authors. 
There are 2 different approaches, discussed in the journal, being utilized to develop the trading strategy. The first approach is the ETF approach whereas the second approach is known as the Principal Component Analysis (PCA) approach.
For the ETF approach, ETFs from different sectors provide a diverse set of factors for analysis. Multiple regression analysis is performed on the stock returns using these factors and the residuals of the model are further analyzed. A particular stock of interest will have a high loading on ETFs industry similar to this stock and vice versa due to strong or weak correlation between the stock and the ETF. 
Principal component analysis (PCA) is a mathematical procedure that uses an orthogonal transformation to convert a set of possibly correlated variables into a set of uncorrelated variables called principal components (PC). This method allows us to extract a set of risk factors which are inherent from the data as oppose to using external factors like the ETFs. We can then use the PCs for analysis in our regression model. The principal components have the added advantage of being uncorrelated hence each factor provides unique information.
For each approach, we assume that the residuals to be mean-reverting and model them as the Orstein-Uhlembeck process. S-scores are computed and used to provide the trading signals. This naturally leads to “contrarian” trading signals which are used in our trading strategy.
Our group developed a program based on the trading strategy as discussed in the reference article. In our program, simulations are performed on relevant past data using an in-sample and out-sample process in order to gauge the effectiveness of our strategy. Using backtesting and optimization procedures in Matlab, we will attempt to find a set of stocks that will be profitable to trade together with the best optimized trading levels for our trading strategy.
2. Data
Daily data of 100 stocks from a period of January 2006 to December 2010 were used for analysis. All the 100 stocks were chosen from S&P500 index. S&P500 comprises stocks from 10 major sectors. Our group randomly selects around 10 stocks from each sector to compile the 100 stocks. The returns and volume traded of all the stocks were retrieved from Wharton Research Data Services (WRDS). These data were then used for the two approaches (ETF and PCA approaches) for development of the trading strategies.



3. The ETF approach: Using industries
The ETF approach assumes that a diverse set of ETFs can be used to explain the returns of a stock under discussion using multiple regression analysis. As opposed to the PCA approach where the eigenportfolios are uncorrelated, the ETFs returns are not the case. There is a level of correlation of returns between different ETFs which leads to redundancies. Strong correlation between ETFs might lead to large factor loadings with opposing signs for stocks that belong to or are strongly correlated to different ETFs. 
Let I1, I 2, to Im represent a class of ETFs that span the main sectors in the economy, and let  denote the corresponding returns. The multiple regression model takes the form:
, 	i=1, 2, to 60
where  is the last observed return of the stock and  is the residue or idiosyncratic return.

4. The PCA approach
The PCA approach uses Principle Component Analysis to extract factors from the return data. After obtaining the empirical correlation matrix, we can consider its eigenvectors and eigenvalues by ranking the eigenvalues in decreasing order. The eigenvectors are the principle components of the data and its corresponding eigenvalues are its variance.
The percentage of information explained by each PC of the data set is the ratio of its eigenvalue and the number of stocks. By ranking them according to their eigenvalues, we can find a set of PCs which explains a significant amount of information of the stock returns. Each PC is uncorrelated to one another and deciding on the appropriate number of PCs to represent the data is arbitrary. We can either use a fixed number, assuming a number close to the number of industry sectors or use a variable number which, depending on the stimulation date, is sufficient to explain a certain percentage of the variance of the data.
Each principle components are a linear combination of all the stocks in the data and can be regarded as an eigenportfolio. Hence, we can find the returns of each eigenportfolio and use them in the multiple regression analysis of each stock similar to the ETF approach.
5. Differences between the PCA and ETF approaches:
With regards to the ETF approach, we are required to have some prior understanding of the economical situation to know the “appropriate” set of ETFs needed to explain the stock returns. ETF do have the advantage over the PCA approach in which the interpretation of the factor loadings is more intuitive than for PCA. However, ETF holdings give more weight to large capitalization companies, whereas PCA has no a priori capitalization bias.
6. Trading Signals
To obtain the trading signals, we define an auxiliary process
, 	k=1, 2, to 60
which is the cumulative sum of the residuals from the multiple regression model. In this project, we assume that X is the Orstein-Uhlembeck (OU) process which is stationary and auto-regressive with lag 1. Neglecting the drift component, we can estimate the OU parameters by regressing X using an AR(1) model. The equation is as follow
, 	n=1, 2, to 60
Accordingly, using the OU parameters, we can obtain the mean and variance of X and define the dimensionless variable

The above equation is known as the s-score. The s-score measures the distance to equilibrium of the co-integrated residual in units of standard deviations, i.e. how far away a given stock is from the theoretical equilibrium value associated with the model. The s-score is then being used as trading signals where the cutoff values are determined empirically. Below are the bounds being taken into consideration before the trader will enter the trade.
buy to open if si < −sbo
sell to open if si > +sso
close short position if si < +sbc
close long position si > −ssc
For instance, buy to open means buying one dollar of the corresponding stock and selling βi dollars of its sector ETF. Similarly, closing a long position means sell the stock and buy the corresponding factors of ETFs.
As the quantities are expressed in dimensionless units, the cutoffs sbo, sbo, sbc, ssc would be valid across the different stocks. Based on the journal, it is found that good choices of cutoffs are:
sbo = sso = 1.25
sbc= 0.75 and ssc = 0.50
Hence, trades are entered when the s-score exceeds 1.25 in absolute value. Short trades are closed at 0.75 whereas longer traders are closed at 0.50
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When s-score si is far from equilibrium, it is reasonable to conclude that an anomalous excursion of the co-integration residual is detected, hence such a situation is a good trade entry. For the closing of trade, when the s-score is near zero is also sensible in which the expectation of stocks are to be close to their equilibrium most of the time. In short, the trading style detects stocks with large deviation from their long term mean, expecting such deviations are suppose to revert back to the long term mean a period of the order of the mean-reversion time τi.
7. Back-Testing and Optimizing Procedure
In order to decide which stocks are suitable for our strategy, we back tested all 100 stocks using our trading strategy and this is implemented in Matlab. The back-testing procedure consisted in running the strategy through historical data, with the estimation of parameters (betas, residuals), signal evaluations and portfolio re-balancing performed daily. Parameter estimation is done using a 60-day trailing estimation window, which corresponds roughly to one earnings cycle. The length of the window is fixed for all in the simulations and is not changed from one stock to another. We assumed that all trades are done at the closing price of that day and the transaction cost is ten basis points per trade. 
Optimization of the trading levels is done using Omega as the benchmark. Brute Force method is used for simplicity. To speed up the simulation, optimisation algorithms like Nelder-Mead or BFGS can also be used. However, convergence is not guaranteed and this will complicate the Matlab codes further.
After obtaining the best performing stock and its optimized trading parameters, we perform an out-of-sample test using data from 2009 to 2010. This is to test whether our trading strategy will continue to work well out of sample.

During the regression analysis for a stock, we can perform statistical testing on each regression model. This include both the multiple regression model and the time series AR(1) model. By check the p-value obtained, we can accept or reject the model for each stock. Stocks with their models rejected should not be considered for our analysis. This indicates our assumptions that the residuals are mean reverting and stationary are no longer valid.
8.1 Back-testing Results
The in-sample back-testing is done for a period of 3 years from 2006 to 2008, while the out-of-sample test is done for a period of 2 years from 2009 to 2010.
8.2 Results from using PCA approach
For the PCA approach, the number of principle components chosen is fixed at 15 at all times. This number is a good estimate of the number of industries and is consistent with the paper. Out of the 100 stocks, Stock “MCK” has the highest Omega of 1.37. The P&L over the three year period is shown below.
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The trading strategy performs well throughout the three year period, producing a profit of almost $754,000 at the end of the trading period. The optimized trading levels sbo, sbo, sbc, ssc obtained are 1, 0.25, 1, 0.25 respectively.
The second best performing stock is “IP” with an Omega of 1.33. The P&L over the three year period is shown below.
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The trading strategy again performs well especially in 2008, producing a profit of almost $811,000 at the end of the trading period. This is surprising as 2008 was during the recent financial crisis. The optimized trading levels sbo, sbo, sbc, ssc obtained are also 1, 0.25, 1, 0.25 respectively.
Interestingly, all the stocks based on our strategy have an Omega larger than one implying that the trading strategy will be profitable in the long run.
8.3 Results from using ETF approach
For the ETF approach, we use 10 ETFs and a stock each time. This is in line with the approach used in the paper. Out of the 100 stocks, Stock ‘NRG’ has the highest Omega of 1.71. The P&L over the three year period is shown below.
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The trading strategy performs well throughout the three year period and produces exceptional profit towards the end of the term to give a whopping $1,730,000 profit at the end of the trading period. The optimized trading levels sbo, sbo, sbc, ssc obtained are 1, 0.25, 1 and 0.25 respectively.
The second best performing stock is ‘ATI’ with an Omega of 1.47. The P&L over the three year period is shown below.
[image: C:\Documents and Settings\zmcher1\Desktop\untitled1.jpg]
The optimized trading levels sbo, sbo, sbc, ssc obtained are also 1, 0.25, 1 and 0.25 respectively. The returns from this stock are showing a better pattern as the wealth is steadily increasing. Total profit for this stock is around 150% for the 3 years.


8.4 Out-Sample test and Bootstrapping on the ETF-Optimized strategy for ATI
We used bootstrapping to test the performance of the ATI stock with the ETF optimized strategy. The results showed an average omega of 1.0485. This Omega value is not good enough to support the strategy. So the bootstrapping result warns us from blindly applying this strategy.
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Then we performed out-sample test on the ATI stock with the optimized strategy. The results showed an omega value of 1.15 and total profit of nearly 21% for three years. This result is not as good as what we got while back-testing. Omega value is not very high over 1 as well.
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Conclusion
We used PCA approach and ETF approach to make use of the statistical arbitrage in the US equity market. We considered 100 stocks and performed optimization to identify the best performing stock and best set of boundary parameters which decides on the point to buy or sell stocks. The optimized parameters we got for both the approaches were same which means that the bounds for deciding the position of portfolio are same for both the approaches. Then we used ATI stock, which came out to be the second best performing stock in ETF approach, for Backtesting and Out-Sample testing. Both Back Testing and Out of Sample testing were performed on the optimized strategy. The optimized strategy did not give very good result on Bootstrapping as the average omega value we got for ATI was 1.0485. The performance during out sample testing was not very good but still managed to produce a profit of 21% with an Omega value 1.15.
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