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RESUM 

El "pairs trading" és una estratègia de fons de cobertura que es beneficia dels moviments relatius 
entre els preus de dos actius financers cointegrats, aprofitant les divergències temporals respecte 
a l'equilibri a llarg termini. La cointegració es manifesta quan els preus dels actius tenen tendència 
a moure's conjuntament a causa d'una relació econòmica subjacent, com ara dues empreses que 
operen dins de la mateixa cadena de valor. Identificant aquests parells, els inversors poden 
aprofitar les discrepàncies de preus temporals, amb l'expectativa que convergeixin finalment al 
seu valor d’equilibri. No obstant això, les cointegracions entre parells d'actius poden debilitar-se 
amb el temps, i una possible ruptura de la cointegració comporta el risc de pèrdues si no 
s'identifica i es gestiona de manera proactiva. 

Aquest treball de fi de grau es centra en una exploració quantitativa dels principis fonamentals del 
"pairs trading" al mercat d'accions, alhora que desenvolupa un algoritme d’inversió i de gestió de 
risc aplicable a casos reals. L'objectiu de l'algoritme és identificar de manera eficaç parells 
d'accions cointegrats, executar operacions i monitorar activament la cointegració per detectar 
possibles riscos de futura ruptura. Per substanciar les troballes i arribar a conclusions exhaustives, 
s'ha estudiat un extens dataset que inclou les dades de mercat de 117 accions des de novembre 
de 2020 fins a gener de 2022. Totes les troballes presentades en la memòria, juntament amb les 
figures i taules adjuntes, s'han obtingut mitjançant l'anàlisi quantitativa en Python d'aquest conjunt 
de dades. 

L’informe comença amb una visió general de les estratègies de fons de cobertura i aprofundeix en 
els fonaments del "pairs trading", posant èmfasi en la importància de la cointegració entre actius i 
els reptes que es presenten actualment. Un cop s'ha discutit el marc teòric, s'inicia la recerca de 
resultats quantitatius, on es pre-processen les dades per tal de trobar actius cointegrats, dissenyar 
l’estratègia quantitativa d’inversió de forma neutral a mercat i presentar resultats de "backtests" 
per avaluar el rendiment i la rendibilitat de l’algoritme. Més endavant, s'utilitzen tècniques 
avançades d'aprenentatge automàtic per monitorar la cointegració i abordar el risc de ruptura.  

Les conclusions d'aquest treball de fi de grau revelen resultats significatius sobre l'efectivitat de 
l'estratègia de "pairs trading" i l'ús de tècniques d'aprenentatge automàtic en aquest context. S'ha 
determinat que els parells d'actius cointegrats mostren un rendiment notablement superior als 
parells no cointegrats, amb un rendiment anual mitjà de l’algoritme del 57,68% durant el 2020, 
superant àmpliament els referents del mercat. A més, s'ha demostrat que la capacitat de predir 
amb precisió l'evolució de la cointegració és crucial per evitar pèrdues financeres. Mitjançant l'ús 
d'un model de "random forest", s'ha aconseguit identificar amb una gran precisió els parells que 
perden cointegració amb dues setmanes d'antelació. Aquests resultats demostren l'enorme 
potencial de l'aprenentatge automàtic en les estratègies financeres quantitatives per gestionar el 
risc i prendre decisions informades. 
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RESUMEN 

El "pairs trading" es una estrategia de cobertura que tiene como objetivo capitalizar los 
movimientos relativos de los precios de dos activos financieros cointegrados, aprovechando las 
divergencias temporales respecto al equilibrio a largo plazo. La cointegración se observa cuando 
los precios de los activos tienden a moverse juntos debido a una relación económica subyacente, 
como dos empresas que operan en la misma cadena de valor. Identificando estos pares, los 
inversores pueden aprovechar las discrepancias de precios, con la expectativa de que converjan 
finalmente a su valor de equilibrio. Sin embargo, las cointegraciones entre pares de activos 
pueden debilitarse con el tiempo, y una posible ruptura de la cointegración conlleva el riesgo de 
pérdidas si no se identifica y gestiona de manera proactiva. 

Este trabajo de fin de grado se centra en una exploración cuantitativa de los principios 
fundamentales del "pairs trading" en el mercado de acciones, al tiempo que desarrolla un 
algoritmo de inversión y gestión de riesgos aplicable a casos reales. El objetivo del algoritmo es 
identificar de manera eficaz pares de acciones cointegrados, ejecutar operaciones y monitorear 
activamente la cointegración para detectar posibles riesgos de futura ruptura. Para respaldar los 
hallazgos y llegar a conclusiones exhaustivas, se ha estudiado un extenso dataset que incluye los 
precios de mercado de 117 acciones desde noviembre de 2020 hasta enero de 2022. Todos los 
hallazgos presentados en el informe, junto con las figuras y tablas adjuntas, se han obtenido 
mediante el análisis cuantitativo en Python de este conjunto de datos. 

El informe comienza con una visión general de las estrategias de cobertura y profundiza en los 
fundamentos del "pairs trading", poniendo énfasis en la importancia de la cointegración entre 
activos y los desafíos que se presentan en la actualidad. Una vez discutido el marco teórico, se 
inicia la búsqueda de resultados cuantitativos, donde se preprocesan los datos para encontrar 
activos cointegrados, diseñar la estrategia cuantitativa de inversión de forma neutral al mercado y 
presentar resultados de "backtests" para evaluar el rendimiento y la rentabilidad del algoritmo. 
Más adelante, se utilizan técnicas avanzadas de aprendizaje automático para monitorear la 
cointegración y abordar el riesgo de ruptura. 

Las conclusiones de este trabajo de fin de grado revelan resultados significativos sobre la 
efectividad de la estrategia de "pairs trading" y el uso de técnicas de aprendizaje automático en 
este contexto. Se ha determinado que los pares de activos cointegrados muestran un rendimiento 
notablemente superior a los pares no cointegrados, con un rendimiento anual promedio del 
algoritmo del 57,68% durante 2020, superando ampliamente los puntos de referencia del 
mercado. Además, se ha demostrado que la capacidad de predecir con precisión la evolución de 
la cointegración es crucial para evitar pérdidas financieras. Mediante el uso de un modelo de 
"random forest", se ha logrado identificar con una gran precisión los pares que pierden 
cointegración con dos semanas de anticipación. Estos resultados demuestran el enorme potencial 
del aprendizaje automático en las estrategias financieras cuantitativas para gestionar el riesgo y 
tomar decisiones informadas. 
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ABSTRACT 

Pairs trading is a hedge fund strategy that aims to capitalize on the relative price movements of 
two cointegrated assets by exploiting temporary price divergences from the long-term equilibrium. 
Cointegration occurs when asset prices tend to move together due to an underlying economic 
relationship, such as two companies operating within the same value chain. By identifying these 
pairs, investors can profit from temporary price discrepancies, with the expectation that they will 
eventually converge to their equilibrium value. However, cointegrations between asset pairs can 
weaken over time, and a potential breakdown of cointegration poses the risk of losses if not 
identified and managed proactively. 

This bachelor’s thesis focuses on a quantitative exploration of the fundamental principles of pairs 
trading in the stock market while developing an investment and risk management algorithm 
applicable to real cases. The algorithm's objective is to effectively identify cointegrated stock pairs, 
execute trades, and actively monitor cointegration to detect potential breakdown risks. To 
substantiate the findings and reach comprehensive conclusions, an extensive dataset including 
market data for 117 equity assets from November 2020 to January 2022 has been studied. All the 
findings presented in the report, along with the accompanying figures and tables, have been 
obtained through the quantitative analysis in Python of this dataset. 

The report begins with an overview of hedge fund strategies and delves into the foundations of 
pairs trading, emphasizing the importance of asset cointegration and the challenges presented in 
the current context. Once the theoretical framework is discussed, the search for quantitative results 
begins, where the data is preprocessed to find cointegrated assets, the quantitative investment 
strategy is designed, and the backtest results are evaluated to assess the performance and 
profitability of the algorithm. Advanced machine learning techniques are then employed to monitor 
cointegration and address the risk of breakdown. 

The conclusions of this undergraduate thesis reveal significant results regarding the effectiveness 
of pairs trading strategies and the use of machine learning techniques in this context. It has been 
determined that cointegrated asset pairs exhibit significantly higher performance than non-
cointegrated pairs, with an average annual return of 57.68% during 2020, far surpassing market 
benchmarks. Moreover, it has been demonstrated that accurately predicting the evolution of 
cointegration is crucial to avoid financial losses. By leveraging a random forest model, pairs losing 
cointegration have been identified two weeks in advance with a significant accuracy rate. These 
results showcase the tremendous potential of machine learning in quantitative financial strategies 
to manage risk and make informed decisions. 
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1. GLOSSARY 

Augmented Dickey-Fuller Test: A statistical test used to determine if a time series is stationary or 
non-stationary by examining the presence of unit roots. 

Backtesting: Evaluating a trading strategy's performance and profitability by using historical data. 

Basis: The price difference between related securities or financial instruments, which arbitrageurs 
seek to profit from by taking opposing positions. 

Breakdown of Cointegration: The loss of the long-run convergence between highly cointegrated 
pairs, posing risks to pairs trading if not detected in advance. 

Carry Trade: Borrowing money in a low-interest-rate currency to invest in a high-interest-rate 
currency and capitalize on interest rate differentials. 

Cointegration: A statistical concept that measures the long-term relationship between two or more 
time series variables, indicating whether they move together over time. 

Credit Default Swaps (CDS): Financial instruments providing protection against default on 
specific debts, involving premium payments from a buyer to a seller. 

Derivatives: Financial instruments deriving their value from underlying assets or benchmarks, 
used for hedging, speculation, or exposure without direct ownership. 

Difference Transform: Transforming time series data into stationarity by calculating the difference 
between consecutive data points. 

Due Diligence: A thorough investigation and analysis of a company, investment, or transaction to 
assess risks and potential returns before making a decision. 

Engle-Granger Procedure: A method testing cointegration between variables by estimating their 
relationship and analyzing the residuals. 

Financial Distress: Significant financial difficulties faced by a company, such as liquidity problems 
or excessive debt burdens, often leading to bankruptcy or financial restructuring. 

Fundamental Analysis: Evaluating investments by analyzing financial and non-financial factors 
influencing their value, such as financial statements, industry trends, and management. 

Hedge Ratio: The ratio balancing long and short positions in pairs trading to maintain a market-
neutral trade. 

Hyperparameter Tuning: Optimizing machine learning model parameters to achieve better 
performance. 
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Leverage: Using borrowed funds or financial instruments to amplify potential returns or losses, 
increasing both risk and potential gains. 

Machine Learning: Branch of artificial intelligence developing algorithms and models that learn 
from data to make predictions or decisions. 

Market-Neutral Trades: A strategy aiming to eliminate exposure to market movements by 
balancing long and short positions. 

Mean Reversion: The tendency of a variable, such as a security's price, to return to its average or 
historical value over time. 

Mispriced Stocks: Stocks believed to trade at prices not reflecting their intrinsic value, presenting 
opportunities for profit by buying undervalued or selling overvalued stocks. 

Ordinary Least Squares (OLS): Linear regression technique used to find the best-fitting line for a 
set of data points by minimizing the differences between the observed and predicted values. 

Order of Integration: A measure indicating the number of differencing required to make a time 
series stationary. 

Outliers: Data points significantly deviating from the overall pattern, often due to errors or 
anomalies, and should be removed for accurate analysis. 

Pricing Inefficiencies: Discrepancies between actual market prices and perceived or intrinsic 
values, providing opportunities for profit. 

Quantitative Models: Mathematical models and algorithms analyzing and predicting financial 
market behavior using historical and real-time data. 

Random Forest: A machine learning algorithm combining multiple decision trees for predictions or 
classifications. 

Risk Management: Identifying, assessing, and prioritizing risks to minimize potential losses. 

Short Selling: Selling borrowed securities with the expectation of price decline to repurchase them 
at a lower price, profiting from the price difference. 

Stationarity: A property of a time series where statistical properties, such as mean and variance, 
remain constant over time. 

Statistical Arbitrage: A strategy exploiting pricing discrepancies in financial markets using 
statistical models and analysis. 

Ticker: A unique symbol or abbreviation representing a specific asset, such as a stock or security, 
for identification purposes. 
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Volume: The total number of shares or contracts traded in a given period, indicating the liquidity 
and activity of an asset. 
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2. INTRODUCTION 

2.1. Motivation 
The motivation to develop the project has its origins in the author's keen interest in quantitative 
finance. Fascinated by the intricate relationship between data analysis, algorithmic trading, and risk 
management, the author embarked on a journey to explore the world of statistical arbitrage 
strategies. Through extensive research and analysis, a common challenge faced by pairs traders 
was discovered: cointegration breakdowns. These breakdowns often resulted in significant losses 
and posed a substantial risk to the profitability of pairs trading strategies. Recognizing the need for 
a comprehensive solution to address this issue, an opportunity to contribute to the field was seen 
by developing a pairs trading algorithm that not only identified suitable trading pairs but also 
proactively monitored cointegration to detect and mitigate breakdown risks in advance. This 
realization propelled the author to delve deeper into the subject matter, combining theoretical 
knowledge with practical implementation, with the ultimate goal of enhancing the effectiveness and 
risk management of pairs trading strategies. 

2.2. Objectives 
The primary objective of this bachelor's thesis is to develop and implement a pairs trading 
algorithm that effectively identifies suitable pairs for trading while addressing the risk of 
cointegration breakdown. The project aims to enhance the risk management of pairs trading by 
proactively monitoring cointegration using advanced machine learning techniques. The specific 
objectives of the project include: 

1. Research on cointegration and its importance in pairs trading: Explore the concept of 
cointegration and its significance in pairs trading strategies and establish a solid 
understanding of the relationship between assets and the potential risks associated with 
cointegration breakdown. 

2. Design and implementation of a pairs trading algorithm: Develop a robust algorithm that 
identifies pairs of assets exhibiting cointegrated price movements and that successfully 
profits from their price convergence. 

3. Implementation of a cointegration monitoring system: Develop a machine learning model that 
monitors cointegration between asset pairs and, utilizing financial indicators and features 
calculated from processed data, detects early signals of cointegration breakdowns. 

4. Evaluation of the algorithm performance and profitability: Assess the performance and 
profitability of the pairs trading algorithm and the cointegration monitoring model through 
backtesting to provide insights into their effectiveness and potential for generating profitable 
opportunities. 
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By achieving these objectives, this project aims to contribute to the field of pairs trading strategies 
and offer valuable insights for financial practitioners and researchers. The development of an 
algorithm that effectively manages cointegration risks can enhance the risk-adjusted returns of 
pairs trading strategies and provide valuable guidance for traders in making informed trade exit 
decisions. 
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3.  HEDGE FUND STRATEGIES 

Hedge funds are alternative investments that employ diverse strategies to generate returns and 
manage risk. These strategies go beyond traditional long-only  approaches and involve techniques 1

such as short selling , leveraging , and derivatives . Common hedge fund strategies include long/2 3 4

short, global macro, event-driven, and statistical arbitrage. This chapter offers a comprehensive 
overview of these strategies, analyzing their characteristics, strengths, and weaknesses. 

The information presented in the chapter aims to provide valuable insights for understanding 
hedge fund complexities and exploring opportunities to further enhance them using computational 
methods. Moreover, it provides the necessary context for understanding the environment in which 
pairs trading takes place. 

3.1. Long/Short Strategies 
Long/short strategies involve simultaneously taking both long (buy) and short (sell) positions in 
financial instruments, allowing investors to potentially profit from both rising and falling markets. By 
carefully selecting investments and managing risk, long/short strategies aim to generate consistent 
returns regardless of overall market conditions, leveraging the ability to profit from both upward and 
downward price movements. 

3.1.1. Long/short Equity 

Long/short equity strategies involve taking both long and short positions in stocks to generate 
returns regardless of market direction. Through fundamental analysis  and quantitative models, 5

mispriced stocks are identified, with undervalued stocks expected to increase in value and 
overvalued stocks likely to decline. In a long position, stocks are bought, anticipating price rises for 
profit. In a short position, borrowed stocks are sold, expecting price drops, and bought back at a 
lower price to pocket the difference. 

Long/short equity strategies can be categorized by stock type (e.g., large cap, small cap) or 
investment style (e.g., growth, value). Various tools like technical and fundamental analysis are 
used for decision-making. Success relies on accurately predicting stock movements and managing 
risks of both positions. While challenging, these strategies can yield substantial returns even in 
volatile markets. 

 Strategies involving investing in assets with the expectation that their value will increase over time, without engaging in short selling or 1

leveraging.

 Selling borrowed securities with the expectation of price decline to repurchase them at a lower price, profiting from the price difference.2

 Using borrowed funds or financial instruments to amplify potential returns or losses, increasing both risk and potential gains.3

 Financial instruments deriving their value from underlying assets or benchmarks, used for hedging, speculation, or exposure without 4

direct ownership.

 Evaluating equity investments by analyzing financial and non-financial factors influencing company value, such as financial 5

statements, industry trends, and management.
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3.1.2. Long/Short Credit 

Long/short credit strategies involve taking both long and short positions in credit-related 
instruments, such as bonds, credit default swaps , and other fixed income securities. The goal of 6

these strategies is to generate returns by exploiting inefficiencies in the credit markets and to 
hedge against potential losses from credit events, such as defaults  or downgrades . 7 8

In a long/short credit strategy, a hedge fund manager might take a long position in a high-quality 
bond and a short position in a lower-quality bond. The idea is to benefit from the higher yield of the 
lower-quality bond while being protected from the risk of default by the short position. If the lower-
quality bond performs well and its price rises, the hedge fund manager will realize a profit on the 
long position. If the bond performs poorly and its price drops, the hedge fund manager will realize a 
profit on the short position. 

Another example of a long/short credit strategy is the use of credit default swaps (CDS). A hedge 
fund manager might take a long position in a CDS of a company that they believe will experience 
financial difficulty, and a short position in the company's bond. If the company experiences financial 
trouble and defaults, the price of the CDS will increase, allowing the hedge fund manager to realize 
a profit. 

3.2. Global Macro Strategies 
Global macro strategies involve taking positions in a variety of financial markets, such as stocks, 
bonds, currencies, and commodities, based on macroeconomic trends and geopolitical events. The 
goal of global macro strategies is to generate returns by correctly anticipating and taking 
advantage of shifts in the global economy and financial markets. 

3.2.1. Sovereign Debt Arbitrage 

Sovereign debt arbitrage involves taking advantage of the pricing inefficiencies in the market for 
sovereign debt  securities issued by different countries. The basic idea behind this strategy is to 9

identify situations where the yield on a country's sovereign debt is mispriced relative to the yield on 
another country's debt with a similar credit risk profile. 

For example, if the market has priced in a higher level of risk for a particular country's sovereign 
debt than is warranted, an investor could buy that debt and short the debt of another country with a 
similar credit risk profile. If the market eventually realizes that the pricing was incorrect and adjusts 
the yields accordingly, the investor could realize a profit on the trade. 

 Financial instruments providing protection against default on specific debts, involving premium payments from a buyer to a seller.6

 Failure of a borrower to meet its debt obligations, typically resulting in the non-payment of interest or principal on a loan or bond.7

 Lowering of a credit rating assigned to a borrower or a financial instrument, indicating a decrease in the perceived creditworthiness or 8

increased risk of default.

 Bonds or securities issued by a national government to finance its budget deficits or fund public projects, typically subject to repayment 9

with interest over a specified period of time.
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3.2.2. Interest Rate Arbitrage 

An interest rate arbitrage strategy involves taking advantage of differences in interest rates 
between two or more financial instruments or markets. The basic idea is to borrow at a lower 
interest rate and invest at a higher interest rate, making a profit from the difference. 

For example, consider a situation where the interest rate in the United States is 2%, while the 
interest rate in Japan is 0.1%. An investor can borrow money in Japan at a low interest rate and 
then invest in the United States at a higher interest rate, earning a profit from the interest rate 
differential. 

Interest rate arbitrage strategies can be implemented using a variety of financial instruments, such 
as bonds, futures contracts , and options . One common type of interest rate arbitrage is the 10 11

carry trade, which involves borrowing money in a low-interest rate currency and investing in a high-
interest rate currency. 

3.3. Event-Driven Strategies 
Event-driven strategies are a type of hedge fund strategy that seeks to profit from specific 
circumstances, such as mergers, acquisitions or bankruptcies. The goal of an event-driven strategy 
is to identify and invest in companies or assets that are undergoing a major change or 
transformation, and to realize gains from the price appreciation of the underlying securities. 

3.3.1. Merger Arbitrage 

Merger arbitrage is an event-driven investment strategy that involves buying and selling securities 
of companies that are involved in a merger or acquisition. The goal of the strategy is to profit from 
the price discrepancy between the current market price of the target company and the price that 
the acquiring company is willing to pay. 

Merger arbitrage traders typically buy the stock of the target company and short the stock of the 
acquiring company. The idea is that if the merger goes through, the target company's stock price 
will increase to the price that the acquiring company is willing to pay, while the acquiring company's 
stock price may decrease due to the perceived risk of the merger. If the merger falls through, the 
target company's stock price may decline, while the acquiring company's stock price may rise. 

3.3.2. Distressed Debt 

Distressed debt strategies involve investing in the debt of companies that are experiencing 
financial distress, such as bankruptcy or restructuring. The goal of distressed debt strategies is to 

 Standardized agreements to buy or sell an asset at a predetermined price and date in the future, commonly used for speculation or 10

hedging purposes.

 Financial derivatives that give the holder the right, but not the obligation, to buy or sell an asset at a predetermined price within a 11

specified time period, providing flexibility and potential risk management strategies.
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generate returns through the purchase of debt at a discount, with the expectation that the debt will 
appreciate in value as the company improves its financial situation. 

In order to implement a distressed debt strategy, hedge fund managers typically conduct extensive 
due diligence  on companies that are experiencing financial distress, including reviewing financial 12

statements, legal filings, and other relevant information. Based on this analysis, they may purchase 
debt securities, such as bonds or loans, at a discount to their face value . 13

For experienced hedge fund managers, distressed debt can offer the potential for significant 
returns, as companies that are able to restructure their debt and improve their financial situation 
can often result in significant appreciation of their debt securities. Distressed debt strategies are 
often considered to be high-risk, high-reward investments. 

3.3.3. Convertible Arbitrage 

Convertible arbitrage strategies involve taking advantage of price discrepancies between a 
company's stock and its convertible bonds . These inefficiencies typically result from specific 14

events, such as mergers and acquisitions, restructurings, or changes in credit ratings. The goal of 
convertible arbitrage strategies is to generate returns by taking positions in both the stock and 
convertible bonds of a company and exploiting any mispricings in the market. 

In order to implement a convertible arbitrage strategy, hedge fund managers typically identify 
companies with convertible bonds that are trading at a discount or premium relative to their 
underlying stocks. They may then take positions in both the stock and convertible bonds of the 
company, with the goal of profiting from any convergence of the prices. 

Convertible arbitrage strategies can be implemented using a variety of investment instruments, 
including stocks, bonds, options, and futures. They may also involve taking both long and short 
positions in different securities, depending on market conditions. 

The convertible arbitrage market can be highly competitive and influenced by a variety of factors, 
including market liquidity, interest rates, and changes in the creditworthiness of the underlying 
companies. 

3.4. Statistical Arbitrage Strategies 
Statistical arbitrage utilizes advanced quantitative techniques to identify and exploit pricing 
inefficiencies in financial markets. By analyzing vast amounts of data and identifying patterns in 
market behavior, statistical arbitrageurs aim to profit from small deviations in the relationship 
between two or more securities. 

 A thorough analysis of a company, investment, or transaction to assess risks and potential returns before making a decision.12

 Predetermined value assigned to a financial instrument representing its original investment amount.13

 Type of bond that can be converted into a specified number of shares of the issuer's common stock at the bondholder's discretion.14
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3.4.1. Pairs Trading 

Pairs trading involves simultaneously taking long and short positions in two highly cointegrated  15

financial instruments, with the goal of profiting from the difference in their prices. The strategy is 
based on the idea that, over time, the prices of the two instruments will return to their mean or 
historical relationship, allowing the trader to close out their positions and realize a profit. 

Pairs trading is often used in the equity markets, where traders may take long and short positions 
in two stocks that are highly cointegrated, such as those in the same industry or with similar 
business models. The trader will look for a deviation from the historical relationship between the 
two stocks and then take positions that will allow them to profit if the prices revert back to their 
mean. 

Pairs trading can also be applied to other financial instruments, such as futures contracts, 
currencies, or bonds. The key to success in pairs trading is to accurately identify highly 
cointegrated instruments and to have a robust risk management plan in place. 

3.4.2. Variable Basis Trading 

Variable basis trading aims to take advantage of pricing discrepancies between different but highly 
correlated securities or financial instruments that have different pricing structures, such as futures 
contracts and the underlying assets. This type of strategy typically involves identifying the pair of 
securities or instruments and then taking positions in the long or short sides of the pair in order to 
generate profits from price differences between the two, known as the basis. 

Different pricing structures means that the same financial security may be priced differently across 
different financial markets, exchanges, or contract terms. For example, a stock listed on multiple 
exchanges may have different prices on each exchange due to differences in supply and demand, 
market conditions, trading rules, and other factors. Similarly, a derivative security such as an option 
may have different prices depending on the strike price, expiration date, and other contract terms. 

In the case of futures contracts, variable basis trading can be applied to take advantage of price 
discrepancies between contracts with different expiration dates or delivery months. This is because 
futures contracts with different delivery months can have different prices due to various factors 
such as supply and demand, weather conditions, and economic indicators. 

One of the key benefits of pairs trading and variable basis trading strategies is the ability to 
generate returns in both up and down markets. Since the strategies involve taking positions in both 
long and short sides of the trade, it can generate profits regardless of market conditions. 

 Condition where two or more time series variables are statistically linked and move together in the long run, despite exhibiting short-15

term deviations from their equilibrium relationship.
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4. PAIRS TRADING & COINTEGRATED ASSETS 

All of the aforementioned investment strategies can be further optimized through the application of 
advanced data analytics, mathematical models, and computational methods. However, the project 
will specifically focus on exploring pairs trading and analyzing the dynamics between cointegrated 
assets in greater detail. 

As previously introduced, pairs trading is a strategy that aims to capitalize on the relative price 
movements of two cointegrated assets by exploiting temporary price divergences from the long-
term equilibrium. The strategy is deployed in a market-neutral  way to allow for potential returns 16

regardless of overall market direction. However, cointegrations between asset pairs can deteriorate 
over time, posing a risk of losses if not identified proactively. 

This chapter delves into a comprehensive analysis of the strategy, exploring its underlying 
concepts, operational mechanisms, and the extent of the practical implementation to enhance its 
effectiveness. 

4.1. Pairs Trading: Introduction 
Pairs trading is a mean reversion strategy that aims to capitalize on the consistent price difference 
between two equity securities with an underlying economic link. In equity markets, this economic 
link can be attributed to various factors. It could be based on fundamental factors such as industry-
specific events, supply chain dynamics, or similar business models. Or it can be influenced by 
investor sentiment, market trends, or the actions of institutional investors trading in similar patterns. 

The strategy relies heavily on the concept of cointegration, whereby the spread, or price difference, 
between the securities tends to converge to a long-run constant value. Cointegration implies that 
when one asset in the pair outperforms the other, there is a higher probability of mean reversion, 
where the underperforming asset tends to catch up to its historical relationship with the 
outperforming asset, or vice-versa. 

It is important to distinguish cointegration from correlation in pairs trading. While correlation 
measures the relationship between two securities’ trends, cointegration focuses on their long-term 
price relationship. The profitability of pairs trading hinges on the assumption that any deviations 
from the long-run value will eventually correct themselves, allowing for profitable trades. However, 
this assumption may not hold true for assets that are merely correlated, as depicted in the auto-
generated correlated series shown in Figure 4.1 (left). In contrast, the example in Figure 4.2 (right) 
demonstrates a cointegrated relationship where the series may exhibit different trends, yet their 
difference in y-values tends to converge towards a long-run value. 

 Investment strategy that seeks to generate returns by balancing long and short positions, aiming to eliminate or minimize exposure to 16

general market movements and instead focusing on exploiting relative price differences between securities.
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Figure 4.1 & 4.2 Comparison between correlated and cointegrated relations (Annex 1) 

When the spread between the two cointegrated securities deviates from its long-run value, pairs 
traders take action. They open a long position on the underperforming security while 
simultaneously shorting the outperforming one, focusing solely on the performance differential 
between the two assets and hedging away the general market risk. To minimize the difference in 
market sensitivity of the assets, an optimal capital allocation is given to each position, aiming to 
minimize the beta  differential between the assets. The strategy anticipates that the price 17

difference between the two securities will revert to the long-run value, allowing for profitable trades. 
Once the spread returns to its normal range, the positions are closed, resulting in a profit. 

Therefore, the goal of pairs trading is not to profit from the absolute price movements of the 
securities but rather to capitalize on the performance differential between the highly cointegrated 
assets. By establishing equal short and long positions for the two assets, the strategy is designed 
to be market-neutral. Any market profits from one side of the trade are offset by losses on the other 
side, and vice-versa, mitigating the impact of general market movements. 

Figure 4.3 and 4.4 anticipate the results of the project’s study of two cointegrated pairs. It can be 
observed how the share prices of NXP Semiconductors (NXPI) and Applied Materials, Inc (AMAT) 
had been strongly cointegrated during 2020 and 2021. Their spread tended to a long run 
equilibrium of $67, and any movement away from this value could have been an opportunity to 
open a trade. 

 
Figure 4.3 & 4.4 Comparison of prices between two cointegrated stocks and their relative price differences over time (Annex 3) 

 Beta is a measure of a security's sensitivity to market movements. It quantifies the degree to which a security's price moves in relation 17

to the overall market.
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In general, pairs trading provides consistent returns and, given that entry opportunities are present, 
can be implemented continuously regardless of market conditions. However, even pairs that are 
highly cointegrated can experience a breakdown in their relationship over time, leading to a loss of 
their tendency to converge to a long-run value. When this occurs, traders may face significant 
losses, as the strategy relies on prices deviating greatly from their long-run relation with an 
expectation of subsequent correction. The objective of this project is to analyze the execution of 
the pairs trading strategy and propose a method to proactively identify pairs that are losing 
cointegration in order to mitigate losses. To do so, it is first needed to understand in depth the 
concept of cointegration. 

4.2. Cointegration Between Assets 
Most financial variables are non-stationary , they drift upwards over time and often exhibit 18

characteristics which suggest that they have a stochastic  trend. In most cases, any linear 19

combination of these non-stationary variables (like could be the difference between financial asset 
prices over time) will also be non-stationary. However, when the variables share the same 
stochastic trends, there exists a linear combination of the variable that cancels them out. In these 
cases, the error term of the linear combination is stationary and follows a long run steady state 
equilibrium. Only then, the variables are said to be cointegrated. 

Stationary time series have very interesting properties; they exhibit a constant mean and variance 
over time. When these stationary linear combinations are the price differences between two 
financial assets they become very interesting for pairs trading. This is because the trader can set 
orders with the expectation that, if the securities are cointegrated, any temporary deviation of their 
relation from the long run value will tend to revert to equilibrium, hence an opportunity for profit. 

To determine whether two stock prices are cointegrated, it is firstly needed to test both prices’ time 
series for their order of integration. The order of integration, , denotes the number of 
successive differences that can transform a time series into one with stationarity. The number of 
differencing operations required to make the series stationary can be obtained with the use of an 
Augmented Dickey-Fuller test, which determines if unit roots  are present in time series. The 20

methodology involves consequently differencing the series and applying an ADF test to the results 
until they are proved to be stationary (no unit roots). The number of difference transforms needed 
determines the order of integration, with most financial price data being , meaning that only one 
difference is needed. 

       (eq. 4.1) 

I(x)

I(1)

Δy(t) = y(t) − y(t − 1)

 Non-stationary time series do not exhibit constant statistical properties over time and present trends, seasonality or other patterns. 18

They violate at least one of the assumptions of stationarity, such as a constant mean, constant variance, or constant autocovariance 
structure.

 Time series pattern characterized by random fluctuations around a changing mean or level over time. Unlike a deterministic trend, 19

which follows a consistent and predictable upward or downward trajectory, a stochastic trend includes randomness in its movement.

 A unit root is a feature of some stochastic processes that can cause problems in statistical inference involving time series models. A 20

linear stochastic process has a unit root if 1 is a root of the process's characteristic equation. Such a process is non-stationary but does 
not always have a trend.

Page  of 25 76



Miquel Trafí Ruiz Enhancing Hedging Strategies with Computational Methods

If both variables are stationary, , or if the variables are of different orders of integration, then 
there can be no cointegration. Contrarily, if both share prices are integrated of the same order, the 
long-run relationship between the two variables can be estimated with the following regression, 

       (eq. 4.2) 

where  is the beta coefficient and relates common stochastic trends, and  is the error term, i.e. 
the adjusted price spread. The beta coefficient, also known as the hedge ratio, can be estimated 
with the results of an Ordinary Least Squares  regression and is useful in trading in order to 21

balance the long positions in one asset with the short positions of the other asset to maintain a 
market-neutral trade. 

In simple words, the value of  at a given time is equal to the adjusted value of  plus the error 

term. In order for the share prices to be cointegrated, the error term  must be stationary. Meaning 

that shocks in stock prices won’t have a permanent effect on  and that the error will have a 
constant long run value. Therefore, if the error is considered to be stationary, it can be described 
by its autoregression. 

       (eq. 4.3) 

       (eq. 4.4) 

To test for stationarity an Augmented Dickey-Fuller test could be used once again and determine if 
the error series’ autoregression exhibits any unit root, which would make  not stationary. 

I(0)

P1,t = β1P2,t + ut

β1 ut

P1 P2

ut

ut

ut = ϕ1ut−1 + εt

ut = ϕ1(P1,t−1 − β1P2,t−1) + ε1

ut

 Linear regression technique used to find the best-fitting line for a set of data points by minimizing the differences between the 21

observed and predicted values.
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5. DATA ACQUISITION AND PROCESSING 

Moving beyond the theoretical background, this chapter kickstarts the practical aspects of the 
project, with a primary focus on acquiring and processing raw data . The objective is to obtain a 22

dataset that allows the development of an algorithmic model capable of analyzing and studying the 
relationship between pairs of equity assets in-depth. 

5.1. Raw Data 
Obtaining raw data is the first and perhaps the most critical step in any algorithmic trading model or 
machine learning process. The accuracy of the model depends entirely on the quality of the data it 
processes. It is generally not recommended to use someone else's processed dataset as this will 
not provide any competitive advantage. To profit from positions that few people can detect, it is 
crucial to start with raw data and process it from there. 

For this project, the type of raw data that will be used is "market price data". The reasons behind 
this selection are the reasonably easy obtainment, the reliability of the data, the amount of 
available datapoints, and the suitability for analyzing pairs trading strategies. Other data types 
could be analyzed on top of that to increase the reliability of the model (like financial statements, 
macroeconomic indicators, news sources, and alternative data) but it is out of the project's scope, 
and the marginal improvement in reliability may not be worth the increase of computational 
expense. 

The data used in the project is the collection of raw datasets of 117 S&P 500 traded companies' 
common stock, extracted from Twelve Data Pte. Ltd [19]. The datasets include the date and time, 
open price, close price, high price, low price, and volume of the stock at all 15 minute intervals 
(time-bars) from 2020-09-28 9am to 2021-06-31 18pm. The total number of data recordings in 
each stock's set is 4,945, meaning that the combined set has a length of 578,565 rows. Table 5.1 
presents an example of the structure of the data from one particular stock. 

datetime                   close      high        low        open      volume 

2020-09-28 09:30:00    113.50    115.27    113.50    115.27    18077538.0 

2020-09-28 09:45:00    113.40    113.80    113.03    113.53    NaN          . 

2020-09-28 10:00:00    113.33    113.63    112.86    113.49    2888230.0.. 

2020-09-28 10:15:00    113.59    113.89    113.17    113.31    2093947.0. 

…   … … … … … . 

Table 5.1: Head of AAPL Common Stock Dataset 

 Unprocessed and unfiltered information directly obtained from financial exchanges or other sources22
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5.2. Data Preprocessing 
Once the raw data is obtained, the next step is to preprocess it to have a useful dataset to work 
with in the model. Pre-processing includes treating values that can be missing, cleaning 
information that can be redundant or noisy, removing outliers and transforming the raw data into a 
stationary format that the model can operate on. 

5.2.1. Treatment of the data 

In this case, the objective is to prepare a clean and operable dataset that merges all the different 
stock data into one. To obtain it all individual stocks’s datasets have been appended and a new 
column “symbol” representing each asset’s ticker  has been created. Furthermore, the data 23

contained a 1.39% of missing values in the “volume” column, this was tackled inserting the value of 
the previous time-bar’s volume. The solution is not perfect but it is better than considering that 
volume was null. See Annex 2 for the Python development. 

The resulting dataset had the following shape: 

 symbol        datetime                 open      high        low       close       volume   

AAPL    2020-09-28 09:30:00    115.27    115.27    113.50    113.50    18077538.0 

AAPL    2020-09-28 09:45:00    113.53    113.80    113.03    113.40    18077538.0 

AAPL    2020-09-28 10:00:00    113.49    113.63    112.86    113.33    2888230.00 

AAPL    2020-09-28 10:15:00    113.31    113.89    113.17    113.59    2093947.00 

…                  …                           …            …           …            …                …     . 

ZS      2021-06-30 15:00:00    217.30    217.30    216.98    217.09      34849.0 

ZS      2021-06-30 15:15:00    217.03    217.03    216.59    216.64      78799.0 

ZS      2021-06-30 15:30:00    216.73    216.78    216.00    216.46      81949.0 

ZS      2021-06-30 15:45:00    216.51    216.83    216.03    216.07    159207.0 

Table 5.2: Head and Tail of Combined Dataframe 

5.2.2. Working with stationary data 

When preprocessing time series data, it is often considered to make the working data stationary, 
meaning that the mean and the variance are constant through different time windows. When 
working with financial time series, many variables tend to drift upwards over time and often exhibit 

 A ticker is a unique combination of letters assigned to a specific financial instrument, typically used to identify and track its price and 23

trading activity in real-time.
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stochastic trends, this is normally the case for the prices of assets. If these variables are not 
processed to exhibit a constant mean and a constant variance, many statistical or machine 
learning models will struggle giving reliable results. Two common methods for making time series 
data stationary are: 

1. Difference Transform: The difference transform helps stabilize the mean of the time series by 
removing changes in the level, which eliminates trend and seasonality. The first-order 
difference transform consists of taking the data point at the current time and subtracting it with 
the point before. The result is a dataset of differences between points at time t. Often, in order 
to stabilize the variance the second-order difference transform has to be used instead. 

       (eq. 5.1) 

2. Logarithmic Transform: The logarithmic transform takes the natural log of each point and 
changes the data into a logarithmic scale. The logarithmic transform must always be followed 
by the difference transform. 

       (eq. 5.2) 

For the purpose of this project, most of the time the data being analyzed will be the spread 
between cointegrated pair of stocks. By definition, if pairs are cointegrated, the relation between 
prices is stationary, which means it might not be needed to perform any transform. As a result the 
information that relates to the stochastic trend is not lost, unlike if differencing was needed. 
Nevertheless, further on in the project, some additional non-stationary indicators or features may 
be calculated and, if needed, a difference transform will be applied. 

Δy(t) = y(t) − y(t − 1)

y * (t) = log(y(t))
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6. PAIRS SELECTION 

From the 117 S&P stocks in the dataset, a total of 6786 unique pair combinations can be analyzed: 

       (eq. 6.1) 

Most of these combinations will not be useful for pairs trading. Only highly cointegrated pairs with 
significant trading opportunities will be valuable to further analyze. Thus, a filtering of pairs must be 
done to detect the ones of interest. 

6.1. Cointegration Filtering 
As previously stated, two or more assets are cointegrated if, given that their order of integration is 
one, a linear combination of their prices’ time series presents stationarity. For the purpose of this 
study, only highly cointegrated pairs of assets will be of use, therefore, it is essential to accurately 
identify them from all possible pair combinations. 

6.1.1. Engle-Granger Procedure 

A common and very effective procedure to test for cointegration is the Engle-Granger two-step 
cointegration test. The methodology is as follows: 

If asset prices  and  are non-stationary and their order of integration is one, then a linear 

combination of them must be stationary for some value of   and . In other words: 

       (eq. 6.2) 

where  is thought to be stationary. 

If , namely beta or the hedge ratio, was known,  could just be tested for stationarity with 

a Dickey–Fuller test, for example. But because  is not known, it must be estimated first, 

generally by regressing  on  and an intercept (Ordinary Least Squares) and then run a 

stationarity test on the estimated  series, often denoted . A second regression is then run on 

the first differenced variables from the first regression, and the lagged residuals  is included as 
a regressor. 

The beta coefficient is an indication of the volatility of  relative to . The baseline number for 
beta is one, indicating that the securities’ prices move in the same order of magnitude. A beta 
greater than 1 suggests that  is less volatile than  and hence needs to be adjusted to 

experience a constant . On the other hand, beta being smaller than 1 indicates that  is more 

C =
117!

2!(117 − 2)!
= 6786

P1 P2

β1 ut

P1,t = β1P2,t + ut

ut

β1 ut

β1

P1 P2

ut ̂ut

̂ut−1

P2 P1

P2 P1

ut P2
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volatile than . Beta is also referred to as the hedge ratio because it enables the neutralization of 
market trends. By maintaining a long/short position with a ratio of stocks bought between equity 1 
and equity 2 equal to beta, the volatilities of both securities can be hedged. 

6.1.2. Order of Integration 

The approach performed in this project is very similar. First, the order of integration of every stock’s 
time series in the dataset is checked to verify that the order of integration is one, i.e. . This is 

performed by checking the stationarity on the first difference transform  of the close price time-

series, assuming that naturally they are not . Stationarity will again be determined by 
performing an Augmented Dickey-Fuller test on the differenced column and checking whether its p-
value is below 0.05. Below are the conditions. 

       (eq. 6.3) 

       (eq. 6.4) 

After testing for the entire set of 117 assets (see Annex 3) all stocks are found to be I(1), as was 
expected. This means that there should be no problem testing for cointegration in any of the 6786 
possible pair combination. A representation of the first differenced time series of AAPL can be 
observed in Figure 6.1, stationarity is noticeable at first sight. 

 
Figure 6.1 AAPL’s close price 1st difference transform (Annex 3) 

6.1.3. Cointegration 

For each of the 6786 combinations, is estimated regressing  on  and a constant, being  

the close price of a 15 minute timestamp of the first stock in the pair, and  the close price of the 

second stock in the pair. Then an Augmented Dickey-Fuller test is run on , namely the price 
spread, to test for stationarity. The p-value of the ADF test measures the probability that the null 
hypothesis (being that there is a unit root in the time series and, therefore, it is not stationary) is 

P1

I(1)
ΔP1

I(0)

ΔP1(t) = P1(t) − P1(t − 1)

ADF(ΔP1(t)) ≤ 0.05

β1 P1 P2 P1

P2

ut
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correct. In this study, p-values smaller than 0.05 will be used to reject the null hypothesis, meaning 
that the error term of the linear combination of the pairs is stationary, and therefore, they are 
cointegrated. 

After comparing the close price of all the 15 minute intervals of both assets in each of the 6786 
possible pairs (see Annex 3), it results that 318 (4.68%) were cointegrated during 2020-09-28 to 
2021-06-31. Moreover, it can be observed that the histogram’s distribution of the stock pairs’ p-
value is slightly skewed to the right (Figure 6.2), indicating that a significant number of pairs of 
stocks have lower p-values. This implies a higher likelihood of cointegration and suggests evidence 
of a long-term relationship or shared trend between many of the stock pairs in the dataset. This 
could be a result of common factors influencing the stock prices within the S&P index, which is not 
abnormal as most of the companies in the index operate in the same geographical market. Certain 
macroeconomic factors, industry trends, structural factors, regulation or market-wide events can 
contribute to the cointegration among the pairs of stocks. 

 
Figure 6.2 Amount of pairs in each p-value interval (Annex 3) 

6.2. Determinism Filtering 
Studying cointegrated relations and seeking deterministic explanations is crucial. Treating the 
results as a black box may lead to trading decisions based on pairs that exhibited random 
cointegration during testing but behave differently in live trading. This section focuses on analyzing 
the top 10 cointegrated stock pairs to uncover the underlying linkages. The most cointegrated pairs 
are shown in Table 6.1. 

stock1  stock2  pvalue   . 

CVX  CMCSA 0.000171 

TXN   AMAT  0.000276 

PCAR  ABT  0.000677 

AMZN  ISRG  0.000809 
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PCAR  LULU  0.000978 

TXN  NXPI  0.001125 

BIIB  NVDA  0.001377 

AMZN  ADBE  0.001586 

LIN  UNH  0.002187 

MNST  ROST  0.002426 

Table 6.1 Top 10 most cointegrated stock pairs from the study 

From the previous pairs, only three were found to have a robust deterministic explanation. This 
does not mean that the other’s were a result of pure randomness, there may be more complex 
reasons why the assets are cointegrated; the stocks could be commonly traded in the same funds 
or they could have deeper consumer behavior links. For the simplicity of this study, only those with 
explicit industry and supply chain relations will pass the deterministic filter. 

6.2.1. TXN & AMAT 

The first pair with a clear reasoning behind its cointegration is the one composed of Texas 
Instruments (TXN) and Applied Materials, Inc. (AMAT). Texas Instruments is an American company 
that designs and manufactures semiconductors and integrated circuits, which it sells to electronics 
designers and manufacturers worldwide. Applied Materials, Inc. is an American corporation that 
supplies equipment, services, and software for the manufacturing of semiconductor chips used in 
electronics. 

Upon further research, it is discovered that Applied Materials is a key supplier to Texas 
Instruments. Furthermore, since both companies operate in the semiconductor industry, they share 
common industry dynamics, such as changes in demand, technological advancements, and 
regulatory changes. Additionally, operating in the North American market means they can be 
influenced by the same macroeconomical factors like GDP growth, consumer spending, and global 
trade dynamics, which can impact their performance. 

Lastly, if there is a significant overlap in the investor base of TXN and AMAT, it could also 
contribute to their cointegration. Institutional investors or mutual funds specializing in the 
technology or semiconductor industry may hold positions in both stocks, creating a link between 
their prices. 
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Figure 6.3 & 6.4 Comparison of prices between TXN & AMAT and their relative price differences over time (Annex 3) 

6.2.2. TXN & NXPI 

The second pair with a clear reasoning behind its cointegration is Texas Instruments (TXN) and 
NXP Semiconductors (NXPI), operating within the semiconductor industry as well. NXP 
Semiconductors (NXPI) is a Dutch chip designer and manufacturer targeting various markets, 
including automotive, industrial, internet of things, mobile, and communication. 

Both TXN and NXPI have interdependencies within the semiconductor supply chain. NXP 
Semiconductors, for instance, produces specific chips and components utilized by Texas 
Instruments and vice versa. This close supply chain relationship creates a tangible connection 
between the two companies, influencing their financial performance. 

Moreover, the semiconductor industry experiences shared factors and trends that affect its 
participants. Global demand for semiconductors, technological advancements, and market cycles 
impact the entire industry. TXN and NXPI, being prominent players in the semiconductor sector, 
are subject to these common industry dynamics, further solidifying their cointegration. 

 
Figure 6.5 & 6.6 Comparison of prices between TXN & NXPI and their relative price differences over time (Annex 3) 
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6.2.3. AMZN & ADBE 

Lastly, Amazon (AMZN) and Adobe (ADBE) have also a somehow clear reasoning on why they 
could be cointegrated. Amazon.com is an American multinational technology company focusing 
on e-commerce, cloud computing, online advertising, digital streaming, and artificial intelligence, 
while Adobe specializes in software for the creation and publication of a wide range of content, 
including graphics, photography, illustration, animation, multimedia/video, motion pictures, and 
print.  

E-commerce, advertising and content creation are very interconnected markets. When consumers 
increase their consumption levels, there is an increase in digital marketing expenses in order to 
reach that demand. This is translated to more content creation in graphical, video or audio form, 
making Adobe products more essential to businesses. 

Moreover, both Amazon and Adobe have a presence in the cloud computing space. Amazon Web 
Services (AWS) is a leading cloud services provider, while Adobe provides cloud-based solutions 
for creative and business applications. If there are shared market dynamics or trends in the cloud 
computing industry, it could impact the stock prices of AMZN and ADBE. 

Finally, they are high-volume technology stocks typically traded in the same funds and portfolios. 
As they are both clear drivers of digital transformation, changes in the market sentiment could 
affect their prices in similar ways, making it a case for cointegration. 

 
Figure 6.7 & 6.8 Comparison of prices between AMZN & ADBE and their relative price differences over time (Annex 3) 
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7. TRADING APPROACH 

Once the optimal pairs for trading and their respective relations, such as the beta coefficient and 
the adjusted spread, have been calculated, the subsequent step involves determining the trading 
strategy and constructing the algorithm. 

This chapter will focus on designing and implementing a method for developing a pairs trading 
strategy, as well as exploring the results obtained from the dataset used in the project. The 
utilization of z-scores, the process of opening market neutral trades, and the underlying rationale 
behind the implementation of this strategy will be examined in detail. 

7.1. Z-Scores 

The absolute adjusted spread  isn't very useful in statistical terms to use for trading. It is more 
helpful to normalize the signal by treating it as a z-score and open and close market neutral trades 
according to the current position of the relation. 

The z-score, i.e. standard score, gives an idea of how far from the mean a data point is in 
measures of standard deviations. A z-score can be placed on a normal distribution curve and range 
from -3 standard deviations (which would fall to the far left of the normal distribution curve) up to +3 
standard deviations (which would fall to the far right of the normal distribution curve). The z-score 
is given by the difference of a data point, in this case , and the sample mean , divided by the 

sample standard deviation . 

       (eq. 7.1) 

By using z-scores, probabilities can be associated to the signals at place. If there’s a z-score 
, it can be known that approximately 84% of all spread values will be smaller, similarly, in a 

z-score , 84% of the values will be higher. 

By means of example, the standard score of the price difference of the TXN-AMAT pair has been 
computed, the procedure can be followed in Annex 4. The pair’s z-score time-series (figure 7.1) 
reveals a clear convergence towards a long-run value, accompanied by a concentration of points 
within 1 and -1 standard deviations. This pattern becomes apparent when visualized on a 
histogram (figure 7.2), where the presence of a normal distribution curve confirms the observations 
made earlier. 
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Figure 7.1 & 7.2 Z-score time-series of TXN-AMAT pair and its distribution (Annex 4) 

Nonetheless, when dealing with real-time market data, the information is being discovered as time 
goes by.  Therefore, the sample mean and the sample standard deviation will be outdated from the 
moment the trading begins. The solution is to use moving averages and moving standard 
deviations, which are calculated taking into consideration exclusively  recent timestamps. To 
calculate the z-score for each new recording, the subtraction of the 30-day moving average of the 
price spread from the current spread has to be divided by the 30-day moving standard deviation: 

       (eq. 7.2) 

Figure 7.3 illustrates the comparison between the 5-day and 30-day moving averages and the 
actual price spread. The z-score (Figure 7.4) is the difference between the blue and the green 
curves in Figure 7.3, divided by the standard deviation of the green curve. It can be observed how 
the averaged z-score results in greater emphasis to isolated spikes in standard deviation terms 
compared to the previous approach (Figure 7.1). 

 
Figure 7.3 & 7.4 Comparison of different moving averages of the spread and its correspondent z-score (Annex 4) 

k

z*t =
ut − ū30
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7.2.  Implementing Market Neutral Trades 
When engaging in pairs trading, the primary objective is to mitigate the influence of market trends 
and instead focus on the relative price movements between two assets. 

As mentioned earlier, one widely used metric to achieve market neutrality in pairs trading is the 
beta coefficient. This coefficient serves as an indicator of how volatile one asset's price movement 
is in relation to the other asset in the pair. A beta coefficient close to 1 suggests that the assets 
move in a similar magnitude. Conversely, if the beta coefficient is bigger or smaller than 1 it means 
that one asset is more sensitive to changes than the other. By taking opposing positions in the pair, 
buying the underperforming asset and short-selling the outperforming asset with an optimal 
allocation ratio, it becomes possible to neutralize market trends and capitalize on the relative price 
movements between the two assets. 

A beta-adjusted capital allocation is necessary to ensure that both securities' volatilities are hedged 
in a long/short position. Therefore, the following expression can be obtained from the requirement 
to maintain resulting fluctuations constant when buying a total of  stocks of company 1 at price 

 and short-selling a total of  stocks of company 2 at price . 

       (eq. 7.3) 

By expanding the bracket, the term  is obtained. According to the definition of  in a 
cointegrated pair, it tends to a constant value. Therefore, it can be moved to the right-hand side of 
the equation, resulting in the following expression: 

       (eq. 7.4) 

In order for the previous relation to remain constant, the parameters multiplying both  must be 

equal. This ensures that the fluctuations specific to  are effectively canceled out. Consequently, 
the resulting optimal allocation to open a market neutral trade is: 

       (eq. 7.5) 

When utilizing the aforementioned relationship, the difference in value between a TXN long 
position and a AMAT short position, or vice-versa, exhibits identical statistical characteristics to the 
spread. Consequently, it remains stationary and represents an optimal choice for pairs trading. 
Figure 7.5 visually represents the difference in value between the long and short positions when 
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Figure 7.5 Difference in value between long and short positions of the TXN-AMAT pair (Annex 4) 

7.3. Trading Approach 
The common trading operative is to open market neutral positions once a z-score value outside of 
the  range is recorded, with the hypothesis that values will return back inside. 

If the signal is , a short position will be opened for the overvalued asset at  and a long 

position will be opened for the undervalued asset at . If the signals continue to increase, more 

positions will be opened, as the potential profit from price convergence will be even greater. Once 
z-scores get back to , no further positions will be opened and, once they fall below , 
all previous opened positions will be closed. This means that all previous short positions of asset 1 
will be repaid and all previous long positions of asset 2 will be sold. By following this methodology 
a profit will be made by the decrease in price of the first asset compared to the second, regardless 
if both prices increase or if both prices decrease while the positions are opened. 

Similarly, if the signal is , a long position will be opened for the undervalued asset at  

and a short position will be opened for the overvalued asset at . If the signals continue to 

decrease, more positions will be opened. Once z-scores get back to , no further trades 

will be made until signal rises above , where all previous opened positions will be 
closed. 

Additionally, a stop-loss  order will be implemented in situations where the z-score of the spread 24

exceeds 4.5 in absolute value. The purpose is to close out all active positions when the price 
relationship deviates significantly from the normal range. Such an extreme deviation suggests a 
possible breakdown in cointegration, indicating that the strategy may no longer be valid for that 
particular pair. 

The methodology can be summarized as follows: 

(−1, + 1)

zt ≥ 1 P1,t

P2,t

zt = 1 zt ≤ 0.6

zt ≤ − 1 P1,t

P2,t

zt = − 1
zt ≥ − 0.6

 Order placed to sell a security if it reaches a specified price, serving as a risk management tool to protect against further losses.24
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 If : Sell  and buy   

 If : Buy  and sell  

 If  or : Liquidate/repay open positions 

Figure 7.5, 7.6 and 7.7 represent how long and short signals are detected in the averaged z-score, 
how they translate to the actual price spread of the pair and, finally, how they are reflected into buy 
and sell signals in the market price of the assets. 

 

 

 
Figure 7.6, 7.7 & 7.8 Example of how long/short entry points translate into buy and sell signals (Annex 4) 

zt ≥ 1 P1,t P2,t

zt ≤ − 1 P1,t P2,t

abs(zt) = 0.6 abs(zt) = 4.5
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The revenue obtained when shorting the spread, , can be calculated by the sum of the values of 

short position in asset 1 minus the value of rebuying the same number of stocks once  or 
once the stop-loss is reached, plus the close value of selling all asset 2 stocks minus the sum of 
the values when they were bought: 

       (eq. 7.6) 

The revenue obtained when going long on the spread, , can be calculated by the sum of the 
value of the short position in asset 1 minus the value of rebuying the same number of stocks once 

 or once the stop-loss is reached, plus the close value of selling all asset 2 stocks minus 
the sum of the values when they were bought: 

       (eq. 7.7) 

where  and  represent the prices when opening a given position in stock 1 and stock 2, 

respectively,  and  are the number of stocks bought when opening the trades in each asset 

and  and  are the prices of the stocks once the positions are being closed. 

7.3.1. Additional Risk Management Restrictions 

While the aforementioned trading approach serves as the benchmark procedure in pairs trading, 
additional trading restrictions will be implemented in this project to effectively mitigate risks and 
limit losses. 

1. The project will utilize a fixed initial balance for trading operations. No additional funds will be 
used or borrowed, even if there are open trades and new trade opportunities are arising. 

2. The opening of new market neutral trades will be halted if, due to the difference in value 
between long-bought and short-sold stocks, the total available balance has increased by 50% 
since the last closed trade. Otherwise too much pressure would be put into repaying those 
stocks. This restriction affects mainly those pairs with a betta coefficient far away from 1. 

3. If the total value of the portfolio (available balance + value of short position + value of long 
positions) reaches 0, all short-sold stocks will be repaid. The balance resulting from the selling 
of the long positions, along with the available balance, will be used to repay the short positions. 
This ensures that the portfolio's value cannot go below 0, particularly in cases where the price 
of the short position significantly increases relative to the selling point. 
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Once the strategy has been designed, all the entry and exit points have been determined, and the 
restrictions have been established, an algorithm can be developed to automatically send orders to 
the market based on its processing of incoming new data. The resulting Python algorithm 
developed in the project can be found in Annex 4. 

7.4. Backtest Results 
Backtesting is a process used in finance and investment to evaluate the performance and 
effectiveness of a trading or investment strategy using historical data. It involves applying the rules 
and parameters of a given strategy to past market data to simulate how the strategy would have 
performed in real-world conditions. The backtest of this project tests the algorithm developed in the 
previous section on data from 2020-11 to 2021-07 and uses a hypothetical initial balance of 
$10,000. 

It has to be noted that the selection of pairs and the calculation of beta coefficients are based on 
analyzing the same dataset used in the trading algorithm. This is not the usual procedure, as the 
calculations should be conducted using data preceding the trading period to simulate a real-time 
process where only historical data is available for decision-making. Nevertheless, the goal of this 
section is to compare the performance of cointegrated pairs relative to other combinations. 
Additionally, it is important to mention that the backtest does not include considerations for trading 
fees or margin account  fees and is conducted under the assumption of substantial balances in 25

margin accounts, which helps avoid margin calls . 26

Figure 7.10 shows the results of the backtest on the TXN-AMAT pair by means of a visualization of 
the value of the portfolio over time. It can be compared to the trades opened (Figure 7.9) to 
observe how fluctuations in the pairs’ price spread are reflected in the portfolio while the positions 
are open and to realize how when there are no open positions the portfolio value stays the same. 
The continuous increase in value of the portfolio is due to opening the trades at a range lower than 
what they are closed to, profiting at least from 0.4 standard deviations at every successful trade. As 
the pair being examined in the example is highly cointegrated, there are seen more successful 
trades than failures, therefore the portfolio value tends to increase indefinitely. In the case of a not 
cointegrated pair, the direction and magnitude of the portfolio value could depend on luck and 
randomness. 

 A margin account allows investors to borrow funds or securities from a brokerage firm. It enables investors to leverage their existing 25

capital and short-sell assets.

 A margin call is a situation where a brokerage firm requires an investor to deposit additional funds or securities into a margin account 26

to meet the minimum required equity level. It typically occurs when the value of the securities held in the account declines, and the 
account falls below the specified threshold.
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Figure 7.9 & 7.10 Trade opening signals and their impact on portfolio value (Annex 4) 

The resulting returns are calculated dividing the difference between the final and initial value of the 
portfolio by the initial value of the portfolio: 

       (eq. 7.8) 

Figure 7.11 shows the available investable liquid funds over time. As a reminder, in a market 
neutral position, the number of stocks bought from Company 1 multiplied by the hedge ratio must 
be equal to the number of stocks bought from Company 2 (eq. 7.1). 

This relationship often results in an imbalance in the investment value between the two companies. 
The available liquid funds graph reflects this as positive spikes when the short position requires a 
higher investment (due to proceeds from selling borrowed assets) and negative spikes when the 
long position requires a higher investment (due to expenditure on purchasing assets). Moreover, it 
can be observed how the restrictions mentioned in the previous section take place. The opening of 
new trades is halted if the value gained from opening short positions increases 50% since the start 
of the trade and if there are no more liquid funds. 

 
Figure 7.11 Available liquid funds to invest over time (Annex 4) 
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Moving to the analysis of the bigger sample of pairs, Table 7.1 represents the algorithmic trading 
outcomes of the top 10 most cointegrated stocks with positive hedge ratios. “n of trades” indicates 
the number of unique market-neutral trades executed, “timeframe” represents the duration of the 
algorithm's activity in days, and “APY” represents the annualized returns generated by the strategy. 

 
 stock1  stock2  n of trades timeframe APY   

  CVX  CMCSA 58  230 days 58.24%   

  TXN   AMAT  49  237 days 31.91%   

  PCAR  ABT  47  237 days 39.07%   

  AMZN  ISRG  35  237 days 50.50%   

  TXN  NXPI  59  236 days 50.40%   

  AMZN  ADBE  32  237 days 51.49%   

 LIN  UNH  47  233 days 105.66%  

  MNST  ROST  41  237 days 34.33%   

Table 7.1 Trading outcomes of the top 10 cointegrated pairs 

These results conclude that the strategy yields significant success when pairs experience 
cointegration during the trading timeframe. With the objective to contrast the results with lesser 
cointegrated pairs, the strategy has been run on 3000 randomly selected pair combinations from 
the 6786 total available pairs in the project’s dataset. The results are shown in Figure 7.12, where 
each dot represents a unique pair, with its degree of cointegration being its x-value and the 
annualized returns its y-value. A downward trend in annual returns can be observed as assets are 
less cointegrated. Moreover, it can be observed how losses are not experienced by any 
combination that has a cointegration p-value lower than 0.05 during the trading timeframe. 
However, it is important to reiterate that these exceptional results are derived from selecting pairs 
and calculating beta coefficients using the same dataset employed in the backtest, thereby using 
optimal hedging relations that would not be available in real-time. This intentional approach allows 
for monitoring the strategy's performance on cointegrated assets in comparison to other 
combinations and emphasizes the importance of ongoing cointegration monitoring in order to avoid 
losses. 

Moreover, even in optimal market-neutral conditions, good results could be influenced by market 
trends in some punctual occasions. For not cointegrated pairs, where beta is not a good estimator 
of market neutrality, the imbalance in investment value between the long and the short positions 
could cause market related gains or losses. To verify whether this affects the results, a second 
scatterplot is represented in Figure 7.13 where all the market data has been inverted in time, thus 
inverting the direction of the prices. The similar resulting graph suggests that results are not 
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affected by the direction of the market. Thus, the previous concern may be cancelled out due to an 
equal distribution of long and short imbalances in large sample sizes. 

 
Figure 7.12 & 7.13 Trading performance of 3000 randomly selected pairs in two inverse market conditions (Annex 4) 

The main takeaway from this analysis is that effective deployment of a pairs trading algorithm 
requires a pair that is highly cointegrated during the entire trading period. Therefore, it is crucial to 
track the evolution of the pair’s cointegration and be prepared to take proactive measures if it 
breaks down. The upcoming chapter focuses on the development of a model that can anticipate 
the occurrence of cointegration breakdown, aiming to provide advanced warning signals and 
enhance the risk management capabilities of the pairs trading strategy. 
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8. COINTEGRATION MONITORING 

Until now, the execution and profitability of pairs trading with cointegrated pairs has been 
discussed. However, the methodologies explained in this report primarily relied on historical and 
known data. To truly assess the effectiveness of this strategy, it is crucial to evaluate its impact 
using real-time data. Although it is anticipated that the operational approach will be similar to the 
one described in the previous chapter, the challenge lies in determining whether the pair of assets 
will continue to maintain their cointegrated relationship in real-time. 

The objective of this chapter is to demonstrate how a random forest model can aid in predicting 
when a pair of securities is likely to experience a cointegration breakdown in the near and medium 
term. 

8.1. Model Training & Testing 
This section focuses on the development of a model that can effectively predict whether a pair of 
assets will maintain a high level of cointegration or experience a breakdown in the future. To 
accomplish this, a random forest algorithm is train and tested with the project’s data. 

8.1.1 Random Forests 

A random forest is a machine learning algorithm that operates by utilizing multiple decision trees 
and combining their predictions through methods such as majority voting or averaging.  

Decision trees are tree-like models that recursively partition the data based on different feature  27

values, ultimately reaching leaf nodes representing final predictions. In a random forest, multiple 
decision trees are constructed using random subsets of the training data and features. 

 
Figure 8.1 Representation of a decision tree [3] 

By combining their predictions, the random forest generates a more robust and accurate prediction 
compared to individual decision trees. The strength of the random forest lies in its ability to capture 
various patterns and relationships within the data. Through the collective wisdom of these trees, 

  Individual measurable property or characteristic of the data that is used as input for the learning algorithm27
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the random forest is able to mitigate the shortcomings of any individual tree and achieve a more 
reliable effectiveness in capturing the dynamics of cointegration. 

 
Figure 8.2 Representation of the functioning of a random forest [11] 

The decision to use a random forest over other machine learning models is due to their resilience, 
stability, and capacity to handle high-dimensional and noisy datasets. Random Forest models 
excel at capturing complicated correlations and nonlinearities in financial data through their 
ensemble of decision trees and are less prone to overfitting  than other models. Their outlier 28

robustness and feature selection capabilities improve the performance in financial applications 
even further. 

8.1.2. Data Approach 

The desired approach involves feeding the random forest with past market data that simulates real-
time conditions. To achieve this, the project's pre-existing data will only be utilized as the initial 
information before training. It will solely serve the purpose of selecting the cointegrated pairs for 
trading, along with their respective beta coefficients and long-term values. The data provided to the 
model will consist of market data immediately following the previous dataset. This ensures that 
prices are discovered as the algorithm processes new rows, and no parameters or indicators are 
calculated using future data. 

Therefore, the dataset used comprises a total of 318 pairs that previously demonstrated a 
cointegration p-value lower than 0.05. The dataset contains information from 2021-02-14 to 
2022-02-27 and gathers insights into the evolution of the pairs’ cointegration. When it comes to its 
structure, it is set up in rows that contain the market data of both assets within a cointegrated pair. 
This arrangement allows the calculation of features from asset 1 and asset 2 in separate columns 
while ensuring they appear in the same row. This method effectively captures the relationships and 
dependencies between the assets, enabling a comprehensive analysis of their dynamics. See 
Annex 5 for the practical implementation. 

 Scenario where a model becomes overly complex and excessively fits the training data, resulting in poor performance when applied 28

to new, unseen data.
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Once the dataset is ready, the next step involves determining and calculating the features that will 
serve as inputs for the model. In this case, these features primarily consist of various financial 
indicators, the p-value evolution over time and the previously calculated z-score and pair relations, 
which can provide valuable insights into the dynamics of future cointegration. 

8.1.3. Feature Engineering 

Feature engineering plays a crucial role in the application of machine learning to financial data. It 
entails extracting meaningful information from the data, such as ratios, correlations, and indicators, 
and transforming it into a suitable format that can be utilized as input for a machine learning 
algorithm. 

In this section, an explanation will be provided for the different features that are calculated as 
inputs for the random forest model. It is important to note that these features are not utilized for 
manual supervision. However, a clear understanding of their calculations and purpose is essential 
in order to gain insight into the information the model receives and to identify any possible 
limitations in the analysis process. 

8.1.3.1. Returns and Volatility 

The initial features being calculated include the daily returns and the 20-day volatility of the prices 
of the cointegrated pair and of their respective p-value. These straightforward indicators aid in 
identifying disparities in the price & p-value movements of the assets and variations in their 
respective volatility. These differences can potentially impact the previously calculated beta 
coefficient and the overall cointegrated relationship. 

       (eq. 8.1) 

       (eq. 8.2) 

Figures 8.3 and 8.4 depict the temporal evolution of these indicators in comparison to the close 
price of the asset, specifically the TXN stock in this instance. To maintain consistency, similar plots 
of the same security will be presented when discussing the remaining indicators. 

rt =
Pt

Pt−1

vt =
1
20

n

∑
i=n−19

(Pi −
1
20

n

∑
i=n−19

Pi)
2

⋅ 20

Page  of 49 76



Miquel Trafí Ruiz Enhancing Hedging Strategies with Computational Methods

 
Figure 8.3 Daily returns of TXN’s price overtime (Annex 5) 

 
Figure 8.4 20-day volatility of TXN’s price overtime (Annex 5) 

8.1.3.2. Relative Strength Index 

The next feature being calculated is the Relative Strength Index (RSI). The RSI is a momentum 
oscillator that helps assess the speed and magnitude of price movements in financial markets. The 
RSI value ranges from zero to 100 and is given by the following formula, 

       (eq. 8.3) 

where  is the average gain of the previous  time stamps and  is the average loss. 

RSIt = 100 −
100
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ndown
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In its traditional interpretation, the RSI is considered overbought when it rises above 70, indicating 
a potential price reversal or corrective pullback. Conversely, when the RSI falls below 30, it is seen 
as oversold, suggesting a possible price rebound or recovery. 

The RSI is relied on to observe divergences and failure swings. Divergences occur when the price 
and the RSI move in opposite directions, which may indicate an upcoming trend reversal. Failure 
swings happen when the RSI fails to surpass previous highs or lows, potentially signaling a shift in 
the prevailing trend. 

The speed and magnitude of price movements in a cointegrated pair can impact their relationship 
in the short and medium term. Furthermore, the RSI will also be calculated with the p-value’s data 
to give the model insights on its magnitude of change over time. 

 
Figure 8.5 Relative Strength Index of TXN’s price overtime (Annex 5) 

8.1.3.3. Stochastic Oscillator 

The Stochastic Oscillator measures the relationship between an asset's closing price and its price 
range over a specified period of time. It consists of two lines: %K and %D. The %K line represents 
the current closing price relative to the high-low range of prices over a given period. The %D line is 
a moving average of the %K line and helps smooth out fluctuations. 

The values of the Stochastic Oscillator range from 0 to 100. A reading above 80 is generally 
considered overbought, indicating that the asset's price may be due for a downward correction. 
Conversely, a reading below 20 is typically considered oversold, suggesting that the asset's price 
may be due for an upward rebound. 

       (eq. 8.4) % Kt = ( Pt − lown

highn − lown ) ⋅ 100
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        (eq. 8.5) 

Investors often use the Stochastic Oscillator to identify potential buy and sell signals. By looking for 
crossovers between the %K and %D lines and analyzing divergences between the Stochastic 
Oscillator and the price movement can provide valuable insights valuable insights about pricing 
dynamics can be obtained. If these dynamics show to be different between the assets in a 
cointegrated pair, their relation could be compromised. 

 
Figure 8.6 Stochastic Oscillator of TXN’s price overtime (Annex 5) 

8.1.3.4. Moving Average Convergence Divergence 

The Moving Average Convergence Divergence (MACD) helps identify potential trend reversals, 
generate buy and sell signals, and gauge the strength of price momentum. It is calculated by 
subtracting a longer-term exponential moving average (EMA) from a shorter-term EMA. This 
calculation creates the MACD line, which oscillates above and below the zero line. Additionally, a 
signal line , often a 9-day EMA of the MACD line, is plotted to generate crossover signals. 

       (eq. 8.5) 

       (eq. 8.6) 

A large positive MACD value indicates strong upward momentum, while a large negative MACD 
value indicates strong downward momentum. By analyzing the MACD line, signal line, crossovers, 
and divergences, investors can gain valuable information about potential trend reversals and 
momentum shifts. The MACD is a versatile and powerful indicator that could provide insights into 
the potential breakdown of a cointegrated pair due to differences in momentum or in price trends of 
one asset compared to the other. 

% D =
1
w

n

∑
i=n−w+1

% Ki

St

MACDt = EMA12(Pt) − EMA26(Pt)

St = EMA9(MACDt)
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Figure 8.7 Moving Average Convergence Divergence of TXN’s price overtime (Annex 5) 

8.1.3.5. Price Rate of Change & P-Value Rate of Change 

The Price Rate of Change (ROC) is used to measure the percentage change in the price of an 
asset over a specific period of time. It helps identify the speed and magnitude of price movements, 
indicating whether an asset is gaining or losing momentum. The ROC is calculated by comparing 
the current price to the price at a certain time in the past and expressing the change as a 
percentage. 

       (eq. 8.7) 

When the ROC value is above zero, it suggests positive momentum or price appreciation. 
Conversely, when the ROC value is below zero, it indicates negative momentum or price 
depreciation. Additionally, it can help identify overbought and oversold conditions when high 
positive values and very negative values are recorded, suggesting a potential price reversal. For 
the purpose of this research, the "p-value rate of change" is also calculated and seeks to assess 
the speed and magnitude of p-value movements throughout the trading period. 

ROCt = (Pt − Pt−9

Pt−9 ) ⋅ 100
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Figure 8.8 Price Rate of Change of TXN’s price overtime (Annex 5) 

8.1.3.6. On Balance Volume 

The On-Balance Volume (OBV) combines price and volume data to assess the flow of buying and 
selling pressure in the markets. It is calculated by adding the volume of a trading period to the 
previous period's OBV if the closing price of the current period is higher than the previous period's 
closing price. If the current period's closing price is lower than the previous period's closing price, 
the volume is subtracted from the previous OBV. If the closing prices are the same, the OBV 
remains unchanged. 

          

       (eq. 8.8) 

          

The OBV line is plotted on a chart, reflecting the cumulative volume flow. A rising OBV line 
suggests that buying pressure is dominating, indicating a potential uptrend in the price. Conversely, 
a falling OBV line suggests that selling pressure is prevailing, indicating a potential downtrend. 

Bullish divergence occurs when the price makes a lower low while the OBV line makes a higher 
low, suggesting a potential bullish reversal. Bearish divergence occurs when the price makes a 
higher high while the OBV line makes a lower high, indicating a potential bearish reversal. 

The OBV is a valuable tool for assessing the volume-based buying and selling pressure in the 
market and differences on pair assets’ OBV could be related to cointegration breakdown. 

OBVt−1 + Vt if Pt > Pt−1

OBVt = OBVt−1 − Vt if Pt < Pt−1

OBVt−1 if Pt = Pt−1
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Figure 8.9 On Balance Volume of TXN’s price overtime (Annex 5) 

8.1.4. Input Arrangement 

After all the features are defined and calculated, they must be grouped in a feature matrix (X). The 
matrix consists of a table where each row represents an individual sample, and each column 
represents a feature or variable. 

The second input needed is the ground truth vector (y), which allows the supervised learning 
algorithm to adjust the weights in the training phase depending on whether the prediction was 
gotten right or not. As the model is fed with historical financial data, a boolean categorical column 
that determines whether the price spread between the pairs increased or decreased two weeks 
after can be easily obtain and be used as ground truth. 

Table 8.1 shows the structure of the resulting feature matrix of this project, where each row 
represents the one day’s data of a cointegrated pair, with a total of 364 days per pair and 318 
cointegrated pairs. Note that many existing features do not fit in Table 8.1 and that “x” refers to one 
asset of the pair, “y” refers to the other asset and “p” refers to the p-value. 

coint        z_score      volat_x        volat_y       volat_p     …   ROC_x      ROC_y      ROC_p          OBV_x       OBV_y 

0.03068    0.47883      0.07296       0.06055       0.08409    …   0.09321      0.04829     -0.181889     0.05927      0.045325 

0.02477   -0.24793      0.07607       0.06056       0.08811    …   0.07658      0.06065     -0.354557     -0.04861     0.038378 

0.02644    -1.37447     0.08264       0.05953       0.09119    …   0.03799      0.08041     -0.477877     -0.05632     0.040199 

Table 8.1 Feature matrix (Annex 5) 
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The last step on input data preparation is to split the feature matrix and the grount truth vector into 
training and testing sets. The ratio used in the project selects 70% of the total of 318 pairs for 
training and 30% for evaluating. The resulting length of the training set is of 81,026 rows. 

During the training phase, the random forest algorithm uses the feature matrix (X) to learn the 
relationships and patterns in the data and the ground truth column (y) is provided as a separate 
input to the algorithm to determine whether the predictions were correct and adjust itself. 

After training the random forest model, the testing set is used to make predictions on new, unseen 
data by providing only the training set’s feature matrix. The model utilizes the learned patterns to 
generate predictions or estimates without needing the ground truth column. The success of the 
model will be given by the percentage of estimates gotten right in the testing phase. 

8.1.5. Hyperparameter Tuning 

Once the training data is prepared, the next step is to feed the data to the model. Building a 
random forest from scratch is out of scope in this project, therefore it has been decided to use 
Scikit-learn  library’s model. Their “RandomForestClassifier” function provides the logic of the 29

model and the user can determine its architecture by setting and tuning the hyperparameters. The 
hyperparameters define the behavior of the random forest and can significantly impact the 
accuracy and generalization ability of the model. They include the number of trees in the forest, the 
maximum depth of each tree, the number of features to consider when making a split, and other 
settings that influence the model's performance. 

To determine the optimal architecture, techniques such as cross-validation and grid search can be 
employed, where different combinations of hyperparameters are tested and evaluated based on 
performance metrics such as accuracy or mean squared error. The goal is to strike a balance 
between model complexity and generalization capability, achieving a random forest architecture 
that provides robust and accurate predictions on new data. 

1. Number of Trees (n_estimators): Determines the number of decision trees that will be included 
in the random forest. Increasing the number of trees can improve the model's performance, but 
it also increases computational cost. 

2. Maximum Depth (max_depth): Defines the maximum length of the longest path from the root 
node to a leaf node in a decision tree in a random forest. Deeper trees can capture more 
complex relationships in the data but may also lead to overfitting if set too high. On the other 
hand, a shallow tree may result in underfitting, so it’s important to strike a balance. 

3. Number of Features (max_features): Determines the number of features randomly selected at 
each split in a decision tree. A lower value can reduce the correlation between trees and 
enhance diversity, while a higher value can increase the correlation and make the trees more 
similar. 

 Scikit-learn is a well known open-source machine learning library in Python that provides a range of tools and algorithms for data 29

preprocessing, modeling, and evaluation.
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4. Minimum Samples Split (min_samples_split): It sets the minimum number of samples required 
to split an internal node. If the number of samples at a node is below this threshold, the node 
will not be split further. A higher value can prevent overfitting by avoiding splitting nodes with 
insufficient data, while a lower value can make the model more sensitive to noise. 

5. Minimum Samples Leaf (min_samples_leaf): It sets the minimum number of samples required 
to be at a leaf node. If the number of samples at a leaf node is below this threshold, it will not 
be further split. Similar to min_samples_split, a higher value can prevent overfitting and 
produce simpler trees. 

6. Bootstrap Sampling (bootstrap): It determines whether to enable bootstrap sampling. When set 
to True, each tree is trained on a random subset of the training data with replacement. This 
introduces randomness and helps create diversity among the trees. 

The optimal selection of the hyperparameters will be found using grid search, which involves 
defining a grid of possible values for each hyperparameter and exhaustively evaluating the model's 
performance using these combinations. It systematically tests all possible combinations of 
hyperparameters to determine the optimal set that yields the best performance according to the 
accuracy score. The grid developed and used in the project is the following: 

 n_estimators = list(range(200, 2000, 200)) 

 max_depth = ['auto', 'sqrt', None, 'log2'] 

 max_features = list(range(10, 110, 10)) 

 min_samples_split = [2, 5, 10, 20, 30, 40] 

 min_samples_leaf = [1, 2, 7, 12, 14, 16 ,20] 

 bootstrap = [True, False] 

After the computationally expensive run through all the possible combinations, the one that yields 
the best performance is: 

 n_estimators=1800 

 max_depth='auto' 

 max_features=10 

 min_samples_split=30 

 min_samples_leaf=12 
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8.2. Results 
The results achieved using the developed algorithm with the optimal set of hyperparameters (see 
Annex 5 for the development process) demonstrate promising outcomes. The model accurately 
predicted the persistence of cointegration in pairs 14 days ahead with an accuracy rate of 87.09%. 
It is important to acknowledge that the predictions were made throughout the entire timeframe of 
the input data, which includes instances where the cointegration p-value was either significantly 
low or substantially above 0.05. This context implies that certain predictions may have been 
relatively straightforward in such cases. Nevertheless, if the results are visualized graphically it can 
be confirmed that the model is extremely successful in forecasting cointegration breakdowns. 

Figures 8.10, 8.11, 8.12 and 8.13 present evidence of the model's performance. These graphs 
depict the z-score of a cointegrated pair alongside their corresponding cointegration p-value. The 
red marks on the z-score graph indicate the model's predictions of whether the p-value will exceed 
the threshold of 0.05, made two weeks in advance. The first red mark in a sequence acts as the 
warning signal of cointegration breakdown, informing that it is probable that a pair that is currently 
cointegrated will surpass the 0.05 cointegration p-value in two-weeks time. The figures 
demonstrate the model's consistent ability to accurately forecast the cointegration dynamics ahead 
of time. 

However, as observed in Figure 8.12 during the period of September 2021, the model can 
occasionally produce inaccurate warning signals that turn out to be false. This can result in missed 
profitable trades and highlights the need to exercise caution and not solely rely on the model's 
output. While it is highly improbable to develop a flawless forecaster, further improvement could be 
achieved by training the model on a larger dataset and encompassing different timeframes and 
assets, allowing it to better grasp the dynamics of cointegration. 

 
Figure 8.10 Model’s ability to forecast cointegration in the pair PCAR-ABT 
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Figure 8.11 Model’s ability to forecast cointegration in the pair NTFX-ABT 

 
Figure 8.12 Model’s ability to forecast cointegration in the pair BKNG-MU 
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Figure 8.13 Model’s ability to forecast cointegration in the pair NFLX-VZ 

To comprehensively evaluate the performance and functionality of the model, additional 
assessment methods such as a confusion matrix, ROC curve, and feature importance analysis 
have been employed. These techniques provide valuable insights into the model's predictive 
accuracy, its ability to distinguish between classes, and the significance of different features in 
driving its predictions. 

8.2.1. Confusion Matrix 

Figure 8.14 illustrates the confusion matrix, which provides a comprehensive evaluation of the 
predictive performance of the model. It presents the percentage value of true positives (TP - top 
left), true negatives (TN - bottom right), false positives (FP - bottom left), and false negatives (FN - 
top right). The TP, in this case, refers to the correctly predicted cointegrated instances in pairs, 
while TN represents the number of correctly predicted uncointegrated instances. FP indicates the 
number of cointegrated instances falsely predicted, and FN represents the uncointegrated 
instances falsely predicted. These metrics offer insights into the model's ability to correctly classify 
positive and negative instances. 

Page  of 60 76



Miquel Trafí Ruiz Enhancing Hedging Strategies with Computational Methods

 
Figure 8.14 Resulting confusion matrix of the model 

Some further evaluation metrics can be derived from the confusion matrix. These are the precision, 
the recall, the F1 score and the support. 

1. Precision: Measures the proportion of correctly predicted positive instances out of the total 
instances predicted as positive. It quantifies the model's ability to avoid false positives. 

       (eq. 8.9) 

2. Recall: Also known as sensitivity or true positive rate, measures the proportion of correctly 
predicted positive instances out of the actual positive instances. It quantifies the model's ability 
to avoid false negatives. 

       (eq. 8.10) 

3. F1 Score: Harmonic mean of precision and recall. It provides a single metric that balances both 
precision and recall. The F1 score ranges from 0 to 1, where 1 indicates perfect precision and 
recall. 

       (eq. 8.11) 

4. Support: Number of actual occurrences of each class in the dataset. It indicates the number of 
instances in each class used for evaluation. 

The aforementioned metrics have been calculated by segmenting the predictions for cointegrated 
and non-cointegrated days, offering insights into the model's performance on each category. The 
results presented in Table XX indicate that the model exhibits slightly better performance in 

Precision =
TP

TP + FP

Recall =
TP

TP + FN

F1 = 2 ⋅
Precision ⋅ Recall

Precision + Recall
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predicting non-cointegrated days. This may be attributed to the additional occurrences of not 
cointegrated days and the relatively easier nature of predictions when dealing with very high p-
values. 

   Precision Recall  F1-score Support 

 Coint day  0.811530 0.891665 0.849712 8446.00   . 

Not coint day  0.928348 0.871435 0.898991 13604.00 

Accuracy  0.879184 0.879184 0.879184 0.879184 

Macro avg  0.869939 0.881550 0.874352 22050.00 

Weighted avg  0.883602 0.879184 0.880116 22050.00 

Table 8.2 Evaluation metrics of the random forest 

8.2.2. ROC Curve 

The Receiver Operating Characteristic (ROC) curve is a valuable tool for evaluating the 
performance of a random forest. It provides a graphical representation of the model's ability to 
differentiate between positive and negative instances. By plotting the true positive rate against the 
false positive rate at various decision thresholds, the ROC curve offers insights into the model's 
trade-off between correctly identifying positive cases (true positives) and mistakenly classifying 
negative cases as positive (false positives). The area under the ROC curve, the AUC, serves as a 
widely used metric to assess the overall performance of the model. A higher AUC value indicates 
superior classification accuracy. 

In the context of this study, the ROC analysis (Figure 8.15) reveals compelling evidence of 
success, as the curve significantly deviates from the 50/50 chance line and achieves an impressive 
AUC of 0.95. Nevertheless, it is important to acknowledge that a substantial portion of the 
classifications were based on "easy guesses," primarily driven by extremely low or substantially 
high p-values. 
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Figure 8.15 Receiver Operating Characteristic curve of the model 

8.2.3. Feature Importance 

Table 8.3 shows the importance of each feature in predicting the correct results, ranging from 0 to 
1. These feature importance values quantify the degree to which each feature influenced the 
model's predictions. By considering these feature importance scores, one can prioritize and focus 
on the most influential features, potentially improving the model's performance by leveraging the 
most informative variables. 

 Feature   Importance Description 

 cointegrations  0.291217  cointegration p-value at any given instant 

 volatility_p  0.132883  20-day volatility of the p-value 

 MACD_p  0.075292  MACD of the p-value 

 pvalue_ROC  0.044362  9-day Rate of Change of the p-value 

 RSI_p   0.037813  Relative Strength Index of the p-value 

 z_score   0.035546  Pair’s z-score with fixed historical mean and std 

 MACD_x  0.032458  MACD of stock1’s price 

 MACD_signal_p  0.028808  MACD signal of the p-value 

 volatility_x  0.026384  20-day volatility of the price of stock1 

 MACD_y  0.021978  MACD of stock2’s price 

 volatility_y  0.021673  20-day volatility of stock2’s price 

 MACD_signal_x  0.018914  MACD signal of stock1’s price 
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 Price_ROC_x  0.017141  9-day Rate of Change of stock1’s price 

 zscore_30_5  0.016642  5-day avg z-score with 30-day moving mean and std 

 OBV_x   0.016169  On Balance Volume of stock1 

 zscore_30  0.015652  Pair’s z-score with 30-day moving mean and std 

 MACD_signal_y  0.015070  MACD signal of stock2’s price 

 RSI_x   0.014769  Relative Strength Index of stock1’s price 

 Price_ROC_y  0.013115  9-day Rate of Change of stock2’s price 

 OBV_y   0.012935  On Balance Volume of stock2 

 RSI_y   0.012566  Relative Strength Index of stock2’s price 

 r_percent_x  0.012558  William’s %R of stock1’s price 

 k_percent_x  0.012166  Stochastic Oscillator %K of stock1’s price 

 stoch_signal_x  0.011358  Stochastic Oscillator %D of stock1’s price 

 returns_x  0.011170  % daily returns of stock1 

 r_percent_y  0.010812  William’s %R of stock2’s price 

 k_percent_y  0.010797  Stochastic Oscillator %K of stock2’s price 

 price_ratio_change 0.009972  Daily change of the P1/P2 ratio 

 stoch_signal_y  0.009970  Stochastic Oscillator %D of stock2’s price 

 returns_y  0.009810  % daily returns of stock2 

Table 8.3 Relative importance of every feature 
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9. PROJECT PLANNING 

The efficient planning of the project has been essential to its development and results. Over the 
course of five and a half months, thorough research and practical exploration of finance, statistics 
and programming has been conducted in order to yield valuable insights into algorithmic trading 
and statistical arbitrage. While the project is equivalent to 12 ECTS in Universitat Politècnica de 
Catalunya, translating to approximately 300 hours, the author voluntarily invested significant 
additional time to ensure comprehensive analysis and self-learning. 

The project encompassed six main tasks, including preliminary theoretical research, data 
acquisition and processing, cointegration analysis, trading algorithm development, cointegration 
forecasting using machine learning, and project discussion and document formatting. Although 
initially planned as a linear progression, the methodology adopted resembled a circular 
development approach akin to agile project management. The research of concepts, the 
development of the algorithms, and the analysis of results were continuously iterated to achieve 
optimal outcomes. Nevertheless, throughout the entire process, the focus on specific tasks 
remained in line with the Gantt diagram presented in Figure 10.1. 

 
Figure 10.1 Gantt diagram of the project plan 
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10. IMPACT OF THE PROJECT 

This chapter explores the economic, environmental, and social impact of the project. It examines 
the costs of development, energy consumption, and human resources, while considering the value 
gained from the project's outcomes. Additionally, it discusses the environmental implications of 
data processing and computing infrastructure, as well as waste management practices. Lastly, the 
chapter addresses the social and gender implications, emphasizing accessibility, skills transfer, 
and gender diversity. Together, these insights provide a holistic view of the project's broader 
impact. 

10.1. Economic Impact 
The project costs primarily consist of energy consumption and human resources. External software 
resources utilized were free and open-source. 

Regarding energy consumption, a 2022 MacBook Pro with the M1 Pro chip and a Dell P2421D 
monitor were continuously used along the development of the thesis. The MacBook's power 
consumption during work was approximately 38 Watts, while the monitor consumed around 22 
Watts in active mode. Considering a combined device usage of approximately 480 hours, the total 
direct energy consumption can be calculated as follows: 

       (eq. 10.1) 

The cost of electricity in Spain is approximately 0.12 Euros per kilowatt-hour, resulting in an energy 
cost for the project of: 

       (eq. 10.2) 

In terms of human resources, the author dedicated over 460 hours actively involved in the project. 
Assuming an opportunity cost of 12 Euros per hour, the human cost can be estimated as: 

       (eq. 10.3) 

Therefore, the total cost of the project is estimated to be around 5,523.46€. However, the value 
gained from the author's acquired knowledge, contributions to the statistical arbitrage field, and the 
potential profitability of the developed model are considered to outweigh the development costs. 

10.2. Environmental Impact 
The environmental impact of any project is an important aspect to consider, as it provides insights 
into the potential effects on natural resources, ecosystems, and overall sustainability. This chapter 
aims to assess the environmental impact of this specific Bachelor’s Thesis and discuss measures 
that can be taken to mitigate any negative consequences. 

E =
(22 + 38) ⋅ 480

1000
= 28.8 kWh

CE = 28.8 ⋅ 0.12 = 3.46€

CH = 460 ⋅ 12 = 5,520€
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10.2.1. Data Collection and Processing 

The collection of financial markets data for the project may have indirectly had certain 
environmental implications.  

Data providers rely on sophisticated infrastructure and technologies to ensure the timely and 
accurate delivery of financial market data. This infrastructure, consisting of servers, data centers, 
and high-speed networks, requires substantial amounts of electricity to operate effectively. 
Additionally, the maintenance and cooling of these systems further contribute to energy 
consumption. 

Furthermore, the storage and processing of large volumes of financial data necessitate robust 
computing resources, which consume substantial amounts of power. The continuous operation of 
these computing systems and their associated infrastructure can result in a significant 
environmental footprint. 

It is crucial to be aware of the environmental impact associated with data collection and processing 
activities. Efforts should be made to adopt sustainable practices and optimize resource utilization 
wherever possible. This could include exploring more energy-efficient data retrieval methods, 
utilizing cloud-based solutions with high scalability, and implementing data compression techniques 
to reduce storage and processing requirements. 

10.2.2. Computing Infrastructure 

The computational requirements involved in algorithm development and analysis for this project 
have potentially resulted in significant energy consumption and the generation of carbon 
emissions. The continuous usage of a personal computer, coupled with an additional screen, to 
develop the project has accumulated considerable energy consumption over the course of the 
project's duration. 

In particular, the analysis of cointegration on 6786 pairs, the execution of the trading algorithm on 
3000 pairs, and the training and testing of the random forest using various hyperparameters 
demanded intensive computational resources. As a result, it was necessary to leave the computer 
running for extended periods, including overnight and even for consecutive days, to complete 
these computationally heavy tasks. This continuous and prolonged operation of the computer 
system contributed to increased energy consumption and subsequent carbon emissions. 

As previously stated, the project utilized a 2022 MacBook Pro with the M1 Pro chip along with a 
Dell P2421D monitor. The MacBook's power consumption in working mode is estimated to be 
around 38 Watts, while the monitor consumes approximately 22 Watts in active mode. Considering 
that the project required about 480 hours of combined device usage, the total personal energy 
consumption can be estimated with equation 10.1, resulting in a total of 28.8kWh. 

In Spain, the current average emissions per kilowatt-hour are calculated to be approximately 192 
grams of CO2 equivalent (g CO2 eq). This means that the carbon footprint derived from the direct 
usage of electric energy in the project is: 
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       (eq. 10.4) 

To minimize energy consumption, it is essential to adopt practices that promote energy efficiency 
and minimize carbon emissions during the development and analysis phase. This could involve 
optimizing code and algorithms to reduce computational demands, utilizing power-saving settings 
on hardware devices, and considering cloud-based or distributed computing solutions that leverage 
shared resources. 

10.2.3. Waste Management 

Although the project has consumed a significant amount of electric power and made use of 
hardware that supports the mineral extraction business, it has to be proudly highlighted that there 
has been minimal physical waste generated throughout the development process. The entire 
project has been carried out digitally, from start to finish, ensuring efficient and sustainable 
practices. By leveraging technology and adopting a digital approach, the need for physical 
resources has been reduced. 

Furthermore, the digital nature of the project allowed for streamlined communication and 
collaboration, eliminating the need for excessive paper usage and transportation. This not only 
contributed to the project's efficiency but also aligned with a commitment to sustainability and 
responsible resource management. 

10.3. Social & Gender Studies 
Understanding the social and gender impact of any project is essential to ensure inclusivity, equity, 
and fairness. This section aims to analyze the social and gender implications of the project and 
discuss measures that can be taken to address any potential disparities. 

10.3.1. Accessibility and Skills Transfer 

The accessibility of the thesis report and the algorithm have been evaluated to ensure that they are 
not limited to a specific group of individuals or institutions. Efforts have been made to provide 
accessible documentation and detailed descriptions of concepts and methodologies, and the entire 
functional set of python functions and code has been provided in the annexes with the objective 
that everyone can understand and benefit from the advancements made in the project. 

Moreover, as the project provides an opportunity for knowledge and skills transfer within the field of 
pairs trading, its outcomes will be effectively communicated and disseminated to a broad audience, 
making sure no specific group is limited to the information. 

10.3.2. Gender Diversity and Representation 

The field of finance has historically been male-dominated, leading to gender disparities and 
underrepresentation of women. It is important to promote gender diversity and representation in 

Carbon Footprint = 28.8 ⋅ 192 = 5,529.6 g CO2eq
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the field, which would only benefit the advancement of research and optimization due to variety of 
thoughts. This can be achieved by actively seeking and encouraging the participation of women in 
the research, development, and implementation of algorithms. Additionally, creating a supportive 
and inclusive environment that fosters equal opportunities for women in finance can help address 
gender imbalances. 

10.3.3. Education and Awareness 

To address social and gender disparities, it is important to promote education and awareness 
about hedge fund strategies and its potential benefits. This will involve sharing the thesis outcomes 
to a broad and diverse audience, mainly through LinkedIn and specialized websites, and 
collaborating with organizations that focus on financial literacy and empowerment. By increasing 
awareness and knowledge, individuals from different social and gender backgrounds can have 
equal opportunities to participate in the financial space. 
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11. CONCLUSIONS & FURTHER IMPROVEMENTS 

This thesis presents a comprehensive exploration of pairs trading, encompassing the identification 
of suitable trading pairs, trade execution, and active monitoring of cointegration to detect potential 
breakdown risks. Through rigorous analysis, it has been established that pairs trading strategies 
exhibit their highest effectiveness when applied to cointegrated pairs, while non-cointegrated pairs 
yield unfavorable results. Notably, pairs that were known to be cointegrated during the trading 
period demonstrated impressive performance, with an average annual yield of 57.68% during 2020 
when the optimal hedging coefficient was known, surpassing by far market benchmarks. 

Nevertheless, the findings underscore the crucial importance of accurately forecasting the 
evolution of cointegration between trading pairs. It was observed that certain pairs gradually lost 
their correlation over time, leading to financial losses. This highlights the indispensability of 
continuous monitoring and forecasting to ensure the maintenance of cointegration within the traded 
pairs. 

With the aim of achieving this objective, a random forest model was developed to identify pairs 
losing cointegration two weeks ahead of time. The model exhibited remarkable performance, 
boasting an impressive accuracy rate of 87.09%. Through the process, optimal hyperparameters 
for the model were determined, and the quantification of each feature's influence on the model's 
predictions was achieved. The current cointegration p-value, its 20-day volatility, its MACD 
indicator, its 9-day Rate of Change and its Relative Strength Index composed more than 60% of 
the features’ importance, out of 50 features used. 

The outcomes obtained through this machine learning approach offer valuable insights that can aid 
in proactively adjusting trading strategies or making timely decisions to exit positions, thereby 
mitigating potential losses. By leveraging the predictive power of the random forest model, traders 
and investors can take proactive measures to optimize their activities and navigate the ever-
changing dynamics of cointegrated pairs effectively. 

While this thesis provides valuable insights into pairs trading and presents a robust algorithm, there 
are several avenues for further improvements and future research: 

1. Extended Dataset: Expanding the dataset to include more recent market data can provide a 
better understanding of the algorithm's performance in different market conditions. 
Incorporating data from diverse economic environments can help validate the algorithm's 
robustness. 

2. Refinement of Pair Selection: Exploring alternative methods for pairs selection and 
cointegration testing could enhance the accuracy of identifying suitable trading pairs. 
Additionally, incorporating more sophisticated economic models and network analysis 
techniques may provide additional insights into the underlying relationships between assets. 

3. Enhanced Risk Management: While the random forest model showed promising results in 
detecting potential breakdowns in cointegration, further research could explore other 
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machine learning algorithms or ensemble models to improve the accuracy of risk detection. 
Additionally, developing dynamic risk management techniques, such as adaptive position 
sizing or connecting the results with stop-loss mechanisms, can better help protect against 
market movements. 

4. Real-time Implementation: The algorithm developed in this thesis focuses on historical data 
analysis. Further work can involve the implementation of real-time data feeds and real-time 
trading execution, allowing the algorithm to adapt to changing market conditions and capture 
immediate trading opportunities. 

5. Integration of Transaction Costs: Incorporating transaction costs, such as brokerage fees and 
slippage, into the algorithm can provide a more realistic evaluation of its performance. 
Accounting for these costs can help assess the algorithm's profitability in practical trading 
scenarios. 

6. Market Diversification: Expanding the algorithm to include multiple financial markets, such as 
commodities, foreign exchange, or cryptocurrencies, can provide additional opportunities for 
diversification and potentially increase the profitability of the pairs trading strategy. 

By addressing these areas of improvement, future research can build upon the findings of this 
thesis and contribute to the development of more robust and effective pairs trading algorithms. 

In conclusion, this thesis has shed light on the fundamental principles of pairs trading, developed 
an algorithm that effectively identifies trading pairs and executes trades, and integrated advanced 
machine learning techniques for enhanced risk management. The findings highlight the 
significance of actively managing cointegration and provide a foundation for further improvements 
and future research in the field of pairs trading and similar strategies. 
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