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Abstract
Pairs trading is the commonly recognized statistical arbitrage strategy that involves identifying pairs of securities whose prices tend to move mutually. We used a rolling-window machine learning approach to identify cointegrated pairs from the financial companies and found 13 potential trading pairs. Different time windows were used for training, testing and validation of the data to identify consistent pairs and observed that 3 pairs were consistent in all three rolling windows. We also backtested a mean reversion strategy designed to profit from these co-integrated pairs and obtained performance statistics such as total return, daily Sharpe, and CAGR. Additionally, we measured the Hurst exponent of the trading pairs to confirm that the strategy was mean reverting. The results showed that the strategy was successful in generating positive returns for all three pairs, with an average total return per trade of 0.34, 0.39, and 0.23 for the financial trading companies FMNB-FNLC, GFED-RBCAA, and MBWM-AMNB, respectively. The daily Sharpe for per trade was 0.4, 0.41, and 0.34 for FMNB-FNLC, GFED-RBCAA, and MBWM-AMNB, respectively.Hurst exponent results showed that the H value of less than 0.5 for trading pairs which were consistent in the training and all the testing datasets which clearly indicates the strategy is mean reverting. Overall, the results suggest that the mean reversion strategy based on cointegrated pairs was successful in generating positive returns and that the Hurst exponent provided further confirmation that the strategy was mean reverting


Introduction
One of the most well-known strategies among different algorithmic trading methods is the statistical arbitrage strategy[1, 2]. Statistical arbitrage is a profitable situation stemming from pricing inefficiencies among financial markets. Statistical arbitrage is not a real arbitrage opportunity, but it is merely possible to obtain profit applying past statistics [3, 4]. Statistical arbitrage strategies are often deployed based on mean reversion property, but they can also be designed using other factors. Pairs trading is the commonly recognized statistical arbitrage strategy that involves identifying pairs of securities whose prices tend to move mutually. Whenever the relationship between financial securities behaves abnormally, the pair would be traded. Then the open positions will be closed when the unusual behaviour of pairs reverts to their normal mode [5].
According to Krauss (2017), pairs trading strategy is a two-step process. The first step, which is called the formation period, attempts to find two or more securities whose prices move together historically. In the second step, which is the trading period, we seek abnormalities with their price movement to profit from statistical arbitrage opportunities [6]. There are two general approaches to find appropriate pairs of assets in the formation period: the heuristic approach and the statistical approach. The heuristic approach, which is regularly called the distance approach, is more straightforward than the statistical approach, which the latter is based on the cointegration concept. A pairs trading strategy is a mean reversion strategy on the spread, or price difference, of two financial assets. When the spread increases or decreases away from the mean, this strategy predicts the spread of the cointegrated pair of stocks will revert back to the mean. In the trading period, we can combine our strategy with different mathematical tools such as stochastic processes, stochastic control, machine learning, and other methods to improve the results [7, 8].
In machine learning, the algorithm learns the spread mean reversion using training data and then correctly predicts it using testing data. When the spread increases to a given threshold, the stock pair is traded by simultaneously entering into a short position (sell) for the higher price stock and a long position (buy) for the lower price stock. If the spread decreases to a given threshold the stock pair is traded by simultaneously entering into a short position for the lower price stock and a long position for the higher price stock. When the spread of the cointegrated pair, reverts back to the mean, one or both positions will be profitable. Each position is held until the opposite position is entered into, or no position and finally the position is exited. 

Methodology

Data Mining and Pre-processing:
The data used in this study was downloaded from Yahoo! finance, It provides financial news, and commentary including stock quotes, press releases, financial reports, in original content and  provides high-quality intra-day data. The data used for analysis in this work is in 1 day frequency. We download data of 4500 stocks from Yahoo! Finance which was filtered and only data related to financial companies was selected.  After filtering the data we got 231 companies. Out of 231 companies we finally selected 188 financial companies because there was missing data.

Co-integration Analysis
[bookmark: btbl2]The idea of the pairs trading strategy comes from the identification of stationary price series. Stock price series are found to be non-stationary due to their stochastic behaviour [9]. Therefore, we aim to explore the effectiveness of cointegration-based pairs trading, which are used for selecting the potential pairs. From these datasets, pairs of stocks were selected using the cointegration analytical. The Engle Granger test was adopted to test cointegration. The test uses the residuals to see if unit roots were present, using Augmented Dickey-Fuller test. The residuals would be practically stationary if the time series is cointegrated. We selected top pairs of stocks that have long-run equilibria for downstream analysis. The cointegration equation is determined by formula:

where is the cointegration coefficient.

Kalman Filter and Spread: 
Once we obtain cointegrated pairs to focus on, we apply the Kalman filter scheme to data to produce the estimate of the time-varying regression coefficients for each pair in order to get a dynamic hedge ratio without giving a specific regression window length and with a presence of statistical noise. The Kalman filter is a recursive algorithm which allows one to upgrade model estimates using new information. Basically, the Kalman filter is based on the representation of the dynamic system with a state space regression model (Eq 1-6). It formulates the beta dynamics through an autoregressive process driven by a white noise process [10].
						(1)
								(2)
						(3)
								(4)
							(5)
							(6)
Where
x(k) is the n – dimensional state vector (unknown)
u(k) is the n – dimensional input vector (unknown)
y(k) is the p – dimensional output vector (unknown, measured)
F(k), G(k), H(k) are appropriately dimensioned system matrices (known)
v(k), w(k) are zero – mean, white Gaussian noise with noise (known) covariance matrices Q(k), R(k) 
Then spread between stocks was computed for each pair with the coefficients obtained. For a stationary and cointegrated series, a spread between the pair of assets, which is essentially a difference between their prices, is assumed to fluctuate around a mean value. The spread can be calculated by finding slope, usually called hedge ratio, of a linear regression between two time series. 
To endorse the competence of the proposed strategies, we examine the performance out of sample. The procedure is as follows: The period of the training dataset is from January, 11, 2010, to December 31, 20014, comprising 1050 data points; the test dataset -1 covers the period from 01-01-2014, to 31/12/2016, comprising 715 data points; the test dataset -2 covers the period from 03-01-2017, to 31-12-2018, comprising 503 data points and the test dataset -3 covers the period from 03/01/2000, to 30/10/2020, comprising 715 data points. The training data consists of daily prices for 5 years from 2010-2014, and the testing data consists of daily prices for 2015-16;2017-18 and 2019-2021. The daily prices data for the training set is pre-processed, and used to generate the 10 input features for each day which include risk - free rate, Total Return, Daily Sharpe, Daily Sortino, CAGR, Maximum Drawdown, Calmar Ratio. These 10 features represent the state of the environment for that day. 
The selected year-window as described above was used to identify dynamic cointegrated pairs and, for these chosen cointegrated pairs, we estimated the cointegration relationship. Then, the resulting estimates are applied to trades during a forward-ahead period. This procedure is repeated through the remaining sample period. It can be argued that this procedure can be improved by increasing the frequency of re-estimation of the portfolio pairs, and many other alternatives for the out of-sample exercise could be implemented. In this way, we have adopted a conservative perspective on presenting here the out-of-sample strategy, and other different variations to our strategy design have been left to the robustness check section.
Mean-reverting strategy was implemented which is designed to profit from the co-integrated trading pair. The hypothesis is that the spread of co-integrated pair is mean reverting in nature thus providing arbitrage opportunities if the spread deviates significantly from the mean. Mean reverting can be measured with respect to the Hurst exponent (H) of the pair with H< 0.5 showing time series is mean reverting, H=0.5 showing time series is a Geometric Brownian Motion and H>0.5 for trending  time series [11].

Results:
We started by performing an Augmented Dickey-Fuller test as unit roots are a necessary condition for cointegration using a rolling-window approach within a given industry at the 5% significant level. Specifically, we use a five-year window from t to t + 5 (2010-2014) to identify cointegrated pairs. The process was repeated using two year window from t to t + 2 (2015-2016), followed by another two years window from t to t + 2 (2017-2018) and further three year window from t to t + 3 (2019-2021).  Table 1 shows cointegrated pairs in the portfolio.
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Table 1: Cointegrated pairs in the portfolio

Potential trading pairs
Out of the 13 cointegrated pairs found across all rolling windows, we observed 3  cointegrated pairs consistent in the all four rolling windows. Figure 1,2,3 shows the price movements of the cointegrated stocks to validate and confirm the better performance of our approach.
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Figure 1: Line Graph demonstrates the relationship in price data between FMNB and FNLC trading pair with time with Training data, Test data I, Test data II and Test data III. 
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Figure 2: Line Graph demonstrates the relationship in price data between GFED and RBCAA trading pair with time with Training data, Test data I, Test data II and Test data III
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Figure 3: Line Graph demonstrates the relationship in price data between MBWM and AMNB trading pair with time with Training data, Test data I, Test data II and Test data III 


Performance Summary 
	Cointegrated Pairs
	Risk-free rate
	Total Return
	Daily Sharpe
	Daily Sortino
	CAGR
	Max Drawdown
	Calmar Ratio

	FMNB-FNLC
	0.00%
	
0.34 
	0.4
	0.51
	6.16%
	-12.69%
	0.49

	GFED-RBCAA
	0.00%
	
0.39  
	0.41
	0.55
	6.94%
	-15.27%
	0.45

	MBWM-AMNB
	0.00%
	
0.23 
	0.34
	0.47
	4.35%
	-17.81%
	0.24



Table 2: The summary of performance statistics obtained from backtesting of the strategy. The statistics include Risk-free rate, Total Return, Daily Sharpe, Daily Sortino, CAGR, Max Drawdown and Calmar Ratio. Briefly, average rate of total return per trade is 0.34, 0.39 and 0.23 for FMNB-FNLC, GFED-RBCAA and MBWM-AMNB respectively. Similarly, Daily Sharpe for per trade is 0.4, 0.41 and 0.34 for FMNB-FNLC, GFED-RBCAA and MBWM-AMNB respectively. In addition, we also observed CAGR per trade is 6.16%, 6.94% and 4.35% for FMNB-FNLC, GFED-RBCAA and MBWM-AMNB respectively.

Mean Reversion Strategy and Hurst Exponent  
The idea of mean reversion is rooted in a well-known concept called regression to the mean. This is a theory first observed by statistician Francis Galton and it explains how extreme events are usually followed by more normal events. A mean reversion trading strategy involves betting that prices will revert back towards the mean or average. Markets are forever moving in and out of phases of mean reversion and momentum. Therefore, it is possible to develop strategies for both types of market. A simplistic example of a mean reversion strategy is to buy a stock after it has had a large fall in price. When a stock has seen a big drop, there’s usually a good chance that it will bounce back to a more normal level. For example, if the Dow Jones Industrial Average drops 20% this month, it will probably fall less than that next month [12, 13].
This Mean-reverting strategy was implemented which is designed to profit from the co-integrated trading pairs. Mean reverting is measured with respect to the Hurst exponent (H) of the trading pair. The results showed the H value of less than 0.5 for trading pairs which were consistent in the training and all the testing datasets which clearly indicates the strategy is mean reverting (Table 3).

	In-Sample
	
	
	Out-Sample I
	Out-Sample II
	Out-Sample III

	Stock1
	Stock1
	Hurst
	Hurst
	Hurst
	Hurst

	GFED
	RBCAA
	0.34
	0.21
	0.29
	0.3

	FMNB
	FNLC
	0.39
	0.3
	0.33
	0.27

	MBWM
	AMNB
	0.38
	0.31
	0.3
	0.22



Table 3: Hurst exponent values for the three trading pairs in training and test datasets. 

Conclusion 
This study identified cointegrated trading signal by estimating the volatility of data using the Kalman filter and calculating time adaptive regression coefficient based on it. As for underlying universe for the strategy, we confine ourselves to consider the most cointegrated pairs as a basket for our experiment. A common concern about the performance of pairs portfolio strategies is that its implementation is not realistic: closing prices are used for liquidating trading positions, and some risks related to the strategy are, for instance, close positions with next day prices, used to be ignored. To examine the impact of this question in our strategy, we explore the out-of-sample performance using daily open prices for trades. This new dataset is applied to the dynamic and constant methods. Therefore, the current study identified 3 high ranking pairs from trading portfolios based on a set of in-sample statistical learning. This verified that the strategy has better profitability and stability compared to traditional strategy [14].

Discussion
The results of the study indicate that a mean reversion strategy based on cointegrated pairs can be profitable, and the performance of the strategy is better compared to a traditional strategy. The study used a rolling-window approach to identify cointegrated pairs within a given industry, and then used a mean reversion strategy on these pairs [15]. The results showed that out of the 13 cointegrated pairs found across all rolling windows, three pairs were consistent in all four rolling windows, and these pairs were used for the mean reversion strategy. The performance summary of the strategy showed that the average rate of total return per trade was 0.34, 0.39, and 0.23 for FMNB-FNLC, GFED-RBCAA, and MBWM-AMNB, respectively. The daily Sharpe for per trade was 0.4, 0.41, and 0.34 for FMNB-FNLC, GFED-RBCAA, and MBWM-AMNB, respectively. The CAGR per trade was observed to be 6.16%, 6.94%, and 4.35% for FMNB-FNLC, GFED-RBCAA, and MBWM-AMNB, respectively.
Furthermore, the study also evaluated the mean reversion nature of the strategy by calculating the Hurst exponent (H) of the trading pairs. The H values of less than 0.5 for trading pairs consistent in the training and all the testing datasets indicated that the strategy was mean-reverting. One interesting aspect of the study is the use of the mean reversion strategy, which is based on the concept of regression to the mean. Mean reversion has been a popular approach to trading for many years, and it involves betting that prices will revert back to their average or mean over time. This approach is based on the assumption that extreme events or price movements are likely to be followed by more normal movements. In the context of this study, mean reversion is measured using the Hurst exponent, which is a measure of the long-term memory of a time series. A Hurst exponent of less than 0.5 indicates that a time series is mean reverting, while a value greater than 0.5 indicates that it is trending [16]. The results of the study showed that the Hurst exponent for the three trading pairs that were consistent across all four rolling windows was less than 0.5, indicating that the strategy was indeed mean reverting. Another interesting aspect of the study is the use of a rolling-window approach to identify cointegrated pairs. Cointegration is a statistical property of time series that indicates a long-run equilibrium relationship between them [17]. In this study, cointegration was identified using the Augmented Dickey-Fuller test, which is a widely used test for unit roots in time series. The use of a rolling window approach allowed the study to capture changes in the cointegration relationships between the stocks over time, which is important in a dynamic market environment.
These are several studies that investigate pairs trading strategies using various machine learning techniques and evaluation metrics. In one of the study, the most important feature for determining the future direction of stock return is the most recent lag variable (return difference). The backtest of the alternative model showed favorable total returns of 10.62% with small volatility over a five-year period (11/30/2014 - 11/28/2019). The backtest of the baseline model showed a loss and a more severe maximum drawdown than the loss from total returns. The classification model is effective and makes the pair trading strategy profitable. Sang-Ho Kim et al compare state-of-the-art pairs trading methods on two datasets using return rate, Sharpe ratio, and maximum drawdown as evaluation metrics. They introduce HDRL-Trader, which integrates multiple novel techniques, and show its effectiveness in generating profits [18]. Another study by Georgios Sermpinis et al evaluates five pairs trading strategies using different methods to execute trading actions on commodity markets and proposes a novel CA-DRL structure for decision-making. They find that the traditional methods are ineffective, while the CA-DRL strategy obtains high returns and low risks [19]. Jiayu Wu describes a pairs trading strategy that uses price and technical indicators and trains a binary classification SVM model with a linear kernel. They introduce new metrics that focus on directional prediction and identify an "Opportunity Window" for freely entering trades. The authors suggest future work could include adding more features to the model and updating the spread model over time [20]. These studies provide insights into the effectiveness of various machine learning techniques and evaluation metrics in pairs trading strategies and offer suggestions for future research directions.
However, it is important to note that the results of the study are based on historical data and backtesting, and there is no guarantee that the strategy will perform as well in the future. Market conditions can change quickly and unpredictably, and past performance is not necessarily indicative of future results. Additionally, the study only considers a limited set of trading pairs, and there may be other pairs that are cointegrated and could be profitable to trade.
In conclusion, the study provides valuable insights into the potential of a mean reversion strategy based on cointegrated trading pairs. The use of a rolling-window approach to identify cointegrated pairs and the measurement of mean reversion using the Hurst exponent provide a robust and adaptable framework for the strategy. While the results of the study are promising, it is important to exercise caution and conduct further research before implementing the strategy in a real-world trading environment. The study provides evidence that a mean reversion strategy based on cointegrated pairs can be profitable and has better performance compared to a traditional strategy. However, it is important to note that this study is limited to a specific industry and time period, and the results may not generalize to other industries or time periods. Additionally, the study did not consider transaction costs or slippage, which could impact the profitability of the strategy in a real-world setting.
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N MBWM | B 004137 | MBWM | AMME 0001629 | MBWM | AMNB 007318 | MBWM | M | 0.002626
o The Engle Granger tet is » test fo caintegration. It constructs residuals (errors) based on the static regression. The test uses the residuals o 5o i unt roots ae present.
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