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Pairs trading is a quantitative trading strategy which is based on historical co-movement with 

2 separate assets and trades were executed when relatively mispricing occurs. The purpose 

of this bachelor’s thesis is comparing pairs trading strategies in short term frequencies; 3-

minutes, 5-minutes and 15-minutes in cryptocurrency markets using distance and 

cointegration approach measuring the performance of the strategy.  

The theoretical framework of the study is based on the definition of pairs trading key 

concepts, relevant formulas and summarizing previous studies where reader grasps major 

concepts and approaches interpreting empirical section results. The empirical section of the 

study employs a quantitative methodology, utilizing historical price data of cryptocurrencies 

and simulating trades of chosen strategies. Results of the empirical section has separated 

based on frequency and method and summarized in overall comparison of robustness of each 

strategy and frequency. 

The study demonstrates that both approaches can generate positive returns in every 

frequency with both methods, however Cointegration method overperforming distance 

method measured by every metrics  

  

  



 

 

TIIVISTELMÄ 

Lappeenrannan–Lahden teknillinen yliopisto LUT 

LUT-kauppakorkeakoulu 

Kauppatieteet 

 

Micke Metsälä 

 

Parikaupankäynti kryptovaluuttamarkkinoilla 

 

Kauppatieteiden kandidaatin tutkielma 

2025 

43 sivua, 5 kuvaa, 10 taulukkoa ja 3 kaavaa 

Tarkastaja: Tutkijatohtori Timo Leivo 

Avainsanat: parikaupankäynti, tilastollinen arbitraasi, kryptovaluutat, kvantitatiivinen 

rahoitus, algoritminen kaupankäynti, kointegraatio 

 

Parikaupankäynti on kvantitatiivinen kaupankäyntistrategia, jonka logiikka perustuu 

kahteen historiallisesti samansuuntaisesti liikkuvien omaisuuserien hintaerojen 

hyödyntämiseen. Tämän tutkielman tarkoituksena on vertailla kahden yleisen 

parikaupankäyntistrategian välimatka- ja kointegraatiomentelmän tuottavuutta 

kryptovaluuttamarkkinoilla käyttäen 3, 5 ja 15 minuutin aikaikkunaa.  

Teoreettinen viitekehys perustuu yleisien määrittelyyn, keskeisten kaavojen läpikäyntiin 

sekä yhteenvetoon relevanteista tutkimuksista aiheesta antaen lukijalle ymmärryksen tulkita 

tutkielman empiirisen osion tuloksia.  Empiirinen osio on toteutettu kvantitatiivisena 

tutkimuksena hyödyntäen historiallista hintadataa, jota käytetään simuloidessa kauppoja. 

Empiirisen tutkimuksen tulokset ovat eritelty menetelmä ja aikaikkunakohtaisesti luoden 

yhteenvedon kunkin menetelmän ja aikaikkunan tuloksista.  

Tutkimus osoittaa, että molemmat menetelmät tuottivat positiiviset tulokset kaikilla 

annetuilla aikajaksoilla, missä Kointegraatiomenetelmä tuotti huomattavasti paremmat 

tulokset kaikilla mittareilla tarkasteltuna. 
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1  Introduction 

In recent years, the cryptocurrency market has emerged as one of the most phenomenal and 

trending financial markets. Since most popular cryptocurrency, Bitcoin has launched in 

2009, the market has expanded to include thousands of digital assets, traded across numerous 

exchanges worldwide. Relatively short existence of crypto markets with the rapid growth of 

digital assets the market has attracted both retail and institutional investors, achieving a total 

market capitalization of over $2 trillion. (Coinmarketcap, 2024) Due to high volatility of the 

crypto assets co-movements can make limitations for the portfolio diversification hence it’s 

important for investor understand covariances and correlations between crypto assets 

(Katsiampa, 2019). Cryptocurrencies cannot be valued using traditional stock valuation 

methods because they lack the financial indicators that stocks rely on, such as earnings, cash 

flows, and profits (Fee, 2020). Since cryptocurrencies are high volatile and typically 

correlated assets interest to develop quantitative market-neutral approach is desirable.  

Pairs trading is a sophisticated quantitative trading strategy designed to exploit pricing 

inefficiencies across related financial instruments. The approach is grounded in the principle 

of mean reversion, which posit that if the history will repeat itself the price spread between 

instruments will reverts during the time. Creating mathematical models and applying 

statistical techniques, traders can identify these mispricing’s between correlated or 

cointegrated assets. buying one asset while simultaneously shorting another. Buying one 

asset while simultaneously shorting another create a market neutral position where one will 

profit if prices spread converges back to equilibrium level. (Elliot, Van Der Hoek & 

Malcolm, 2005; Gatev, Goetzmann and Rouwenhorst, 2006) 

Since pairs trading become mainstream there are several studies created pairs trading and 

different pairs trading variations. Most cited study of pairs trading created by Gatev et al. 

(2006) evaluation profitability of pairs trading U.S. markets. Notable examples of traditional 

equity markets also include works of Perlin (2009), Do and Faff (2012) and Chen H, Chen 

S, Chen Z, and Li (2019). Studies of pairs trading in cryptocurrency markets includes works 

of Fischer, Krauss and Deinert (2019), Leung and Nguyen (2019), Fil and Kristoufek (2020), 

Nair (2021), Lesa and Hochreiter (2023) and Ko, Lin, Do, Kuo, Mai, and Huang (2024). 



 

 

Research of pairs trading in cryptocurrencies markets highlighting robustness of 

cointegration method where other approaches also has generated notable results.  

Most of existing research focus mostly of pair trading in traditional equity markets and 

relatively minor studies focusing on crypto markets it’s desirable to aim this study for crypto 

markets. Typical existing study focus analyzing pairs trading in daily or longer intervals 

which leaves space for scope this study in more frequent intervals. Cryptocurrency markets 

are reachable around the clock and most of crypto exchanges provides application 

programming interface (API) where trading can make full-automated.  

1.1  Research objective and questions 

The primary objective of this thesis is comparing two common pairs trading approaches, 

distance and cointegration. Study focus evaluate mentioned approaches in an intraday period 

using price data from 3, 5 and 15-minutes. Due the nature of pairs trading strategy which 

can make fully automated, preferring higher frequencies can generate quicker compounded 

returns in case where strategy shows profitability compared to longer timeframes example 

daily or weekly prices. Trading signals of the study is generated by following Gatev et al. 

(2006) methods but adapting rules regarding entry and exit trades. Comparison of 

approaches focusing on profitability, open position time and typical risk metrics such as 

maximum drawdown, volatility and Sharpe Ratio. Getting more comprehensive scenarios 

transactions cost has accounted in empirical section trading simulation. Main object of the 

study is figure out how does the chosen pairs trading strategies performing in cryptocurrency 

markets and compare overall results. 

Research Question: How selected pairs trading strategies perform in short term frequency 

in cryptocurrency markets? 

Evaluating performance of selected strategies gives answer only question how strategies 

performance in overall level. Pairs trading such as all other trading can be executed in 

different time frequency.  

Sub Question: Which frequency generated most profitable performance? 

Evaluating the performance in different frequencies gives valuable information the 

robustness of the strategy when consider most of studies focusing on longer timeframes, 



 

 

executing this study in 3,5 and 15-minute timeframes gives more comprehensive 

understanding of the pairs trading in cryptocurrency markets. 

1.2  Delimitations 

Due to high amount of crypto assets, this study focus on 25 pairs with lowest SSD value 

using distance method and 25 pairs with lowest ADF statistic test value using cointegration 

method. Pairs trading involves several approaches where distance and cointegration method 

has showed best fitting for analyzing pairs trading in crypto perspective, so therefore study 

will be delimited only those approaches. Pair trading strategy can be executed also using 

derivatives such as futures or options for getting leverage for the positions, but the scope in 

this study focuses traditional long-short perspective without leverage. The historical data of 

this study has collected from one exchange, Binance. Market data can reach several different 

intervals where the data in this study is limited 3 different frequencies, 3-minutes, 5-minutes, 

and 15-minutes. The lookback period of data is from 2023/07/07 to 2024/11/18.   

 

1.3  Structure of the Thesis 

Thesis will include four chapters in addition of introduction including theoretical 

background, data & methodology, empirical study, and conclusion. Theoretical background 

covering fundamentals pairs trading and introducing using strategies. Theoretical 

background also covering theory of cryptocurrencies as perspective of asset and invest asset. 

Theoretical background ensures reader understanding empirical results of the study. Data 

and methodology chapter will cover the necessary data introduction, research method, pairs 

formation process, description of trading strategy and arguments why this study use non-

typical thresholds in empirical section. Empirical results will conclude the empirical study 

based on the theoretical background and literature review part reporting results of each 

executed trading method summarizing results in comprehensive analysis of overall 

performance of each strategy and frequency. Last chapter summarized key elements of the 

thesis answering to the research questions and comparing necessary results. 



 

 

2  Theoretical framework 

This section of thesis will cover theoretical background of the cryptocurrencies and pairs 

trading. Section introduces cryptocurrencies in common level and investment perspective. 

Section also covering theory of pairs trading summarizing related research in traditional 

equity markets and cryptocurrency markets in literature review. After reading this section 

reader grasp different pairs trading approaches and get versatile overview of cryptocurrency 

markets. Reading this section gives necessary understanding for interpreting empirical 

results of the study.  

2.1  Cryptocurrencies 

2.1.1  Overview of the cryptocurrencies 

Cryptocurrency is a form of digital or virtual currency that relies on cryptography for 

security, making it difficult to counterfeit or double-spend. Unlike traditional currencies 

issued and regulated by governments, cryptocurrencies operate on decentralized networks 

typically based on blockchain technology distributed ledger that records transactions across 

many computers. (Casey & Vigna, 2015) 

In 2008 the first cryptocurrency Bitcoin whitepaper got released laid the foundation for the 

decentralized digital currency "Bitcoin: A Peer-to-Peer Electronic Cash System". Purpose 

of the system where online payments be sent directly between users without third 

participants such as governmental entities or financial institutions. Due to the absence of a 

centralized entity and market guarantor, the valuation of cryptocurrencies is based on 

demand and supply. (Nakamoto, 2008; Dwyer, 2015) 

Cryptocurrencies operating with blockchain technology and key factor which distinguish 

cryptocurrencies from another virtual currencies. Per Di Pierro (2017) a blockchain is a 

secure, distributed ledger to enable tamper resistant records of transactions across 

decentralized networks. Each transaction block includes a timestamp, transaction data, and 

a hash linking it to the previous block, creating a chain which ensures data integrity without 



 

 

a central authority, relying on cryptographic hashing and network consensus (Tredinnick, 

2019; Rodeck & Curry, 2022).  

Trust in blockchain is created because online accountants, typically known as miners have a 

financial incentive to act in accordance with the network’s adjustments and get financially 

rewarded by the virtual currency which the network use. Blockchain technology enables 

secure accounting in cryptocurrency transactions and preventing users duplicate their assets 

and use them multiple times. (Bollen, 2013; Dwyer, 2015) 

 

 

Figure 1. Bitcoin price data  

After Bitcoin release it remained relatively unknown from mainstream and mostly gained 

attention by enthusiasts and niche users (Zohar, 2015). During 2010s blockchain 

technology starter gain extensive attention and has led to the emergence of many 

alternative virtual currencies (altcoins) such as Ethereum, Litecoin, Ripple (Ciaian & 

Rajcaniova, 2018).  

Generally, second popular cryptocurrency, Ethereum was introduced in Vitalik Buterin’s 

paper in 2014. Based on Buterin (2014) the purpose of releasing Ethereum was made a 

decentralized platform capable of supporting a wide range of different applications, most 

important attribute is using smart contracts. Smart contracts are executable codes that run 

top of the blockchain to facilitate, execute and enforce agreement between anonymous 



 

 

parties without involvement of trusted third parties (Khan, Loukil, Ghedira-Guegan, 

Benkhelifa & Bani-Hani, 2021).  

Most popular cryptocurrency, Bitcoin dominates cryptocurrency markets in market 

capitalization such as media attention, however, there exist over 9000 cryptocurrencies 

with total market capitalization of $2.3 trillion (Coinmarketcap, 2024).  

2.1.2  Cryptocurrencies as in investment perspective 

Cryptocurrencies are relatively new assets that can be loosely classify as high volatile and 

uncorrelated asset with traditional assets (Baur & Dimpfl, 2018). Uncorrelation with 

traditional assets such as stocks and bonds make them useful for diversifying portfolio or 

reducing overall risk. However, cryptocurrencies are very volatile assets offering significant 

returns and risks. Due to high volatility, 24-hour availability, long form-nature, extreme 

volatility and strong influence of sentiment has made cryptocurrencies trading rapidly grown 

in recent years form niche asset to mainstream investment instruments attracting individuals, 

institutions and governmental (Delfabbro, King & Williams, 2021; Edwards, 2024). Due to 

speculative nature of cryptocurrencies, typically they are not classified as financial assets in 

academic and investing perspective.   

Relatively short existence of the cryptocurrencies market make limitations for long time 

academic research and fresh academic information will append frequently. Popular subject 

related to cryptocurrency markets are markets efficiency. Traditional efficient markets 

hypothesis, according to Fama (1970) financial markets are efficient in processing 

information where efficiency of markets can categorize in three forms. Weak form where 

stock prices reflect all past trading information. Semi-strong form where prices incorporate 

all publicly available information and strong form where all information, including insider 

knowledge, is reflected in prices. Fama argued that, in efficient markets, it is impossible for 

investors to consistently achieve higher returns than average by using available information, 

as prices get adjusted quickly new information’s. It’s notable Fama’s hypothesis are related 

to traditional stock markets where prices form different way than in cryptocurrencies 

markets.  



 

 

Wei (2018) tested cryptocurrencies market efficiency in a wide cross-selection. Study shows 

efficiency is stronger and volatility lower in liquid markets. Established assets are improving 

of market efficiency and altcoins with less liquidity shows inefficiencies. Time period of the 

study 2017-2019 shows market becoming more efficient during the time. Tran and Leirvik 

(2020) investigated inefficiency of prices the prices of five different cryptocurrencies in 

rolling windows finding significant inefficiencies. Study shows efficiency of all tested 

cryptocurrencies are improving. They argued markets are improving in significantly pace in 

increasing volume and decreasing volatility.  

Dong, Jiang, Liu and Zhu (2022) study show that many anomaly effects that have been 

extensively documented in a traditional stock market also exists in the cryptocurrency 

markets, though some follow a reverse pattern. Empirical evidence of the study shows that 

cryptocurrencies with lower liquidity tend to have higher anomalous returns, suggesting 

liquidity acting crucial role of cryptocurrency market anomalies.   

Due to nature of cryptocurrencies traditional valuation methods such as fundamental analysis 

and free cash flows can’t apply for cryptocurrencies future prices predictions. Kristoufek 

(2015) research find fundamental factors in Bitcoin’s price formation, usage in trade, money 

supply and price level acting crucial role in Bitcoin price in long term.  

2.2  Pairs Trading 

2.2.1  History and overview of pairs trading 

The logic behind pairs trading is disarmingly simple to understand. Per Gatev et al. (2006) 

investor should find two assets which have moved historically together. When spread 

between historically co-moved assets widens investor short the overvalued and 

simultaneously buys the undervalued asset. If the history will repeat itself the spread will 

been converge and the investor will profit. Pairs trading is market-neutral strategy which 

means strategy’s performance doesn’t depend on prevalent market conditions. This means 

the returns of market-neutral strategy aren’t correlated with market returns which allows 

trader execute strategy in increasing and decreasing market conditions. (Vidyamurthy 2004, 

5)  



 

 

Roots of the pair trading are in the mid-1980s. Group of Wall Street quants, sought to 

revolutionize trading by leveraging advanced statistical methods to identify arbitrage 

opportunities in the equities markets. (Gatev et al., 2006) In 1990 the hedge fund boom gave 

pairs trading and market-neutral strategies a distinct platform, allowing their successes and 

failures to be clearly demonstrated. With hedge funds, these strategies could be analysed 

independently, enabling fundamental analysts, technicians, and statisticians to assess their 

validity using the scientific method. This standardization led to wider adoption and a 

growing interest in these strategies across the market. (Ehrman 2006, 20-21) 

Pairs trading relies on statistical arbitrage between pairs which has historically moved in 

same direction. Statistical arbitrage refers quantitative trading strategies of often used by 

hedge funds and trading desks, statistical arbitrage encompassing following features trading 

signals are systematic, as opposed to driven by fundamentals, constructed portfolio is 

market-neutral, and the mechanism for generating excess returns are statistical. (Krauss, Do, 

& Huck, 2017; Avellaneda & Lee 2010) 

Deviation from assets historical equilibrium means theoretical mispricing between assets 

which increases to changes gain profits (Vidyamurthy 2004, 8). Price difference between 

two assets is called spread, which is measure of magnitude between assets price movements. 

The spread between assets acting crucial roles hence trading signals are generated around 

the spread. If the spread exceeding (undercutting) certain threshold one should open the 

position and exit when the spread converges.  

 

Figure 2. Normalized prices and normalized spread 



 

 

2.2.2  Distance approach 

Gatev et al. (2006) is the most cited paper in pairs trading using the distance approach U.S. 

equity markets. Distance approach can consider the simplest approach for the pairs trading 

when considering the difficulty of spread modelling. Selecting pairs based on minimizing 

the sum of squared differences in normalized prices. 

 𝑆𝑆𝐷𝑖,𝑗 = ∑(𝑃𝑡
𝑖 − 

𝑇

𝑡=1

𝑃𝑡
𝑗
)2 

Equation 1. Sum of squared differences (SSD) 

Where 𝑃𝑡
𝑖 and 𝑃𝑡

𝑗
 are normalized prices of assets i and j, t is time and T are number of the 

trading days in the formation period. When the difference of the normalized prices reaches 

predefined threshold trading signals are generated and positions should open. Defining the 

threshold can be arbitrary but according to existing studies typically threshold is measured 

of the ±2 multiplication of historical standard deviation of assets closing prices.  

Based on the interval of observing price chart position should open in next period when 

signal has created. In other words, one gets signal in daily interval, the position should open 

in next possible trading day, hourly charts in next hour et cetera. However, Gatev et al. 

(2006) argued when working with daily closing prices one should wait additional day from 

the signal. Based on Papadakis and Wysocki (2007) closing prices should biased bid ask 

bounces where higher priced asset trading in an ask quote and lower priced asset trading a 

bid quote where trigger of position can distort.  

Closing positions based on price convergence of assets or predefined conditions regardless 

of the position outcome. One close the position when prices spread decreasing predefined 

threshold of historical standard deviation level, or the spread widens of certain threshold.  

2.2.3  Cointegration approach  

Logic behind cointegration approach based on temporary deviation of assets long time 

equilibrium level which will mean reverting during the time (Huck & Afabuwo, 2015). 

Cointegration states that linear combination of two non-stationary time series is in actual 

stationary and corresponding means and variances doesn’t change over time (Miao, 2014). 



 

 

The most familiar cointegration test has created by Engle and Granger (1987) which can 

split two-step process. First step creates residuals based on regression results and second 

step testing presence of unit-roots with statistical test for confirmation for the stationarity.  

First step requires fitting regression Pi against Pj where μ denotes constant term, β is 

coefficient of the cointegration and εt is integrated of order 1. Typically, regression 

parameters β and εt are estimated using Ordinary Least Squares (OLS) method (Huck & 

Afabuwo 2015). 

 

𝑃𝑡
𝑖 −  𝛽𝑃𝑡

𝑗
 

=  𝜇 +  𝜀𝑡  

Equation 2. ADF 

Augmented Dickey-Fuller (1987), also known as ADF, test is typically the most used in 

testing of the cointegration. ADF test modelling unit root in residuals εt where 𝑎 is a constant, 

𝛽 is the coefficient over time, 𝑝 is lag order of the autoregressive process and 𝑢𝑡 is the error 

term. If 𝑎 = 0 and 𝛽 = 0, equation models random walk and if they are not zero, equation 

models a random walk with a drift. 

If critical value of ADF test is more statistic value, null hypothesis will reject thus no unit 

root. In other words that means the regression residuals can deduce stationary and the 

cointegration between pair assets confirm. Typical pairs selection based on the results of the 

cointegration test and an inclusion of confidence level. Pairs with acceptable test statistic 

value based on confidence level can accept. (Miao, 2014) 

2.2.4  Other approaches 

Copula approach, the objective of the pairs trading technique using copula approach is to 

apply the optimal copula between two stock returns and identify the relative positions 

between stock pairs (Liew & Wu 2013). A copula is a function which defined as joint 

multivariate distribution function with uniform multivariate marginal distributions. Copula 

links marginal distribution functions to assets joint distribution function and captures the 

dependence structure between the marginal distributions. (Rad, Low & Faff, 2016)  



 

 

In copula approach conditional probability functions are used to determine over and under 

valuation of tradeable assets. The conditional probability functions 𝑃(𝑈 ≤ 𝑢|𝑉 = 𝑣) and 𝑃(𝑉 

≤ 𝑣|𝑈 = 𝑢) and conditional probabilities for assets 𝑢 and 𝑣 are calculated by taking partial 

derivatives of the copula function. Trading assets can identify as relatively undervalued 

when the conditional probability is less than 0.5 and overvalued when it is greater than 0.5, 

when V less than 0.5 then U is relatively undervalued to V and when V greater than 0.5 U is 

relatively undervalued to V (Ferreira, 2008). Positions in copula approach should be opened 

when conditional probabilities are near one. More comprehensive research copula-based 

approach has Liew and Wu (2013), Rad et al., (2016) and Xie, Liew, Wu, and Zou, X. (2015). 

Time series approach, typically known as dynamic time warping (DTW) based on the idea 

that two intervals of different lengths can have higher similarity than two intervals of the 

same length (Kim & Heo, 2017). In view of finance perspective, it might be necessary to 

measure the similarity between two series which lengths differs (Tsinaslanidis, Alexandridis, 

Zapranis, & Livanis, 2014). Example in finance is measuring asset returns similarity between 

two different months in different years.  

DTW working significantly efficient as measuring the time-series similarity (or distance) by 

minimizing the shifting and distortion in time of two sequences. DTW allows elastic 

transformation of time series to detect similar shapes with different periods. Given two time 

series Given two time series X ≡ {x1,x2,...,x𝑛,...,x𝑁} and 𝑌 ≡ {𝑦1,𝑦2,...,𝑦𝑚,...,𝑦𝑀}, where 

lengths N and M may not be equal. (Senin, 2008; Tsinaslanidis et al., 2014) According to 

Krauss (2017) the spread has described with a mean-reverting Gaussian Markov chain and 

observed with Gaussian Noise. Gaussian process is a stochastic process where finite linear 

combination of random variables is normally distributed and therefore definitions of 

Ornstein-Uhlenbeck process has fulfilled.  

Stochastic control approach used to model the log-relationship between a pair of assets log-

prices as an Ornstein-Uhlenbeck process and to formulate a portfolio optimization based 

stochastic control problem. Stochastic control theory is used to determine value and optimal 

policy functions for portfolio problem. (Krauss, 2017; Mudchanatongsuk, Primbs, & Wong, 

2008) In other words, stochastic problem determines optimal entry and exit points in pairs 

trading positions and core of the approach is to maximize expected returns and minimizing 

associated risks.  



 

 

Stochastic approach assumes the spread of trading pairs to mean reverting and follows the 

Ornstein-Uhlenbeck process. Applying stochastic control theory for problem Hamilton-

Jacobi-Bellman (HJB) equation can derive and subsequently find closed-form solution for 

value and policy functions (Krauss, 2017).  

Machine learning approach is relatively new approach for applying in pairs trading. 

Machine learning techniques leverages statistical and computational techniques to 

identifying potential pairs and generating trading signals (Krauss et al., 2017). Fundamentals 

of pairs trading using ML stays same, the purpose of usage is find spread and profiting 

betting on converging spread.  

Chang, Man, Xu & Hsu (2021) study ML was adapted for initially stock selection, 

identifying potential pairs, and predicting adjusted close prices. Positions were opened when 

spread diverged ±1.5 standard deviation. Huck’s (2009) ML approach methodology 

involves three steps: forecasting, outranking, and trading. He used a multicriteria decision 

method (MCDM) for ranking potential pairs collecting differences in in an antisymmetric n 

x n matrix based on their anticipated returns ranking undervalued stocks are at the top and 

the overvalued stocks are at the bottom.  

Sarmento and Horta (2020) used OPTICS algorithm followed by a robust pair’s selection 

criteria. Their strategy achieved better risk-adjusted returns compared to traditional pairs 

trading approaches. Krauss et al., (2017) demonstrated pairs trading strategy using machine 

learning S&P 500 constituents yielding significant returns. Their findings indicates that 

machine learning models can capture momentum such as short-term patterns, however 

facing decreasing returns after 2001 due to increased competition and computing power. 

Machine learning approaches can implement several different ways which give space for 

creativity in model selection such as data snooping.  

2.3  Literature review  

This section introduces the reader to former academic studies and their findings related to 

pairs trading distance and cointegration methods and pairs trading in cryptocurrency 

markets.  



 

 

2.3.1  Studies about pairs trading in traditional markets 

Most cited research paper of pairs trading are made by Gatev et al. (2006) where trading 

portfolio was created by stocks which are close substitutes with minimum distance criterion. 

Their study is performed on all liquid U.S. CRSP stocks from 1962 to 2002 creating a 

cumulative return index is constructed for each normalized stock price of a 12-month 

formation period. Criterion of pairs choose based on minimizing the sum of the squared 

deviations between two normalized price series of n(n-1)/2 possible combinations.  

The top 20 pairs with minimum historic SSD are accepted for 6-month trading period. 

Positions were opened when the spread of assets diverges by more than two historical 

standard deviations and closed upon mean-reversion end of the trading period or last trading 

day. Returns of the trading period was categorized with two panels based on, where panel A 

representing positions opening and closing the end of the triggering day and panel B, 

respectively, following day of the triggered day.  

Panel A earned excess return 5.98 percent with the five best pairs while portfolio of all 1870 

pairs yielded 4.10 percent where corresponding panel B generated 3.68 percent excess 

returns compared to portfolio of all pairs with 2.88 precent returns. Profits of trading 

portfolio wasn’t correlated with S&P500 returns; however, they faced sensitivity of spreads 

between small and large stocks and between value and growth stocks.  Finding of the study 

are consistent with the hypothesis of positive cross-autocorrelation in daily level security 

returns.  

Do and Faff (2012) investigated after robustness of account transactions costs. Study focused 

replicate Gatev et al. (2006) methodology with same stocks extended to 2009. They found 

profitability of strategy is decreasing mainly due to expanded share of nonconverging trading 

pairs and stating accounting transaction costs and systematic risks makes strategy largely 

unprofitable. The strategy remains profitable only in a limited set of refined versions, 

offering modest risk-adjusted returns of about 30 basis points per month. Top three deciles 

of implemented stocks in terms of market capitalization generated an alpha of 24 basis points 

per months. While pairs trading offers lower risk compared to other contrarian strategies, its 

returns have diminished, making it a small, low-risk opportunity for institutional investors 

who can execute trades quickly and at low costs in liquid U.S. equities.  



 

 

Chen et al. (2019) extended Gatev et al. (2006) by showing that pairs trading strategy can 

generate significant excess returns largely explained by short-term reversal effects and a 

modified version of industry momentum accounting 1.4 percent monthly excess returns for 

a value-weighted portfolio and 3.59 percent for equal weighted portfolio. Analyzing returns 

from stocks which moving closely with their counter pairs, authors show pairs trading 

profitability even after accounting market factors such as liquidity, intermediary leverage, 

and investment risks. Specifically, the short-term reversal effect shows profitability in stocks 

with limited available information and low liquidity indicating overreaction to firm-specific 

news, while pairs momentum likely reflects delayed industry news adjustment. 

Both Do and Faff (2012) and Chen et al. (2019) also observe a notable decline in the 

profitability of pairs trading strategies over time. This trend is attributed to changing market 

dynamics, increased competition among market participants, and the challenge posed by 

nonconverging trading pairs. Do and Faff (2012) find that profitability persists in a limited 

set of refined strategies, particularly those focusing on the top deciles of market-

capitalization stocks. Similarly, Chen et al. (2019) demonstrate that the strategy’s returns are 

enhanced when linked to short-term reversal effects and industry momentum. They show 

that pairs trading remains effective in stocks with limited information and low liquidity, 

where overreactions to firm-specific news are prevalent. 

Perlin (2009) investigated pairs trading profitability and risks for Brazilian stock markets 

with daily, weekly, and monthly intervals. Authors generated trading signals different 

threshold levels range 1.5 to 3 and the risk of the trading signals was obtained with analyzing 

the beta of strategies. Authors show good performance in Brazilian financial markets, 

especially for the daily frequency where the interval of signals were between 1.5 and 2 

deviations. All intervals were able to beat randomly created benchmark portfolio but didn’t 

generate statistically significant alpha in 10 percent confidence level.  

2.3.2  Studies about pairs trading in cryptocurrency markets 

Fischer, Krauss and Deinert (2019) applied machine-learning based approach from U.S. 

equity markets to cryptocurrency markets in 1-minute binned timeframe. Authors trained 

random forest model on lagged returns of 40 cryptocurrencies with the objective to predict 

whether asset outperforms the cross-sectional median of all 40 assets in over the subsequent 



 

 

two hours. Model generated statistically and economically significant returns of 7.1 basis 

points per day, after transaction costs 3.8 basis points. Study shows that machine learning 

based approach outperformed traditional buy and hold strategy highlighting inefficiencies in 

cryptocurrency markets. Study shows that short-term return patterns acting major role of 

predicting future performance. Even study shows promising results challenges like timely 

execution, short-selling constraints, and market liquidity limit its real-world implementation. 

Leung and Nguyen (2019) demonstrated presence of price cointegration among Bitcoin, 

Ethereum, Litecoin and Bitcoin Cash using Johansen’s and Engle-Granger procedure. 

Authors generated three different strategies: trading the spread, trading the spread with stop-

loss, and trading the spread with trailing stop-loss. Generating trading signals authors used 

±0.5, ±0.75, ±1, ±1.25, and ±1.5 standard deviations as thresholds. Authors reached best 

results using trading the spread strategy outperforming other strategies terms of annual 

Sharpe, terminal values, and gross profits. Strategies with stop-loss attributes generated less 

profits, but volatility of returns were moderate. Study shows that Johansen test implies a 

stationary portfolio but not preferrable approach due the very few to no trade opportunities. 

The Engle-Granger method provided a mean-reverting and tradeable portfolio with spread 

crossing entry and exit levels frequently.  

Fil and Kristoufek (2020) conducted a study utilizing distance and cointegration approaches 

to 26 highly liquid cryptocurrencies with five-minute, one-hour, and daily frequencies. The 

study showed well performed pairs trading strategy in crypto markets in higher-frequency 

trading delivering 11.61 percent monthly returns in five-minute interval compared to daily 

interval -0.07 percent monthly returns using distance method. Respectively cointegration 

method delivering better results in daily basis accounting 1.36 percent monthly profits and 

yielding 4.16 percent in five-minute basis. Study shows that profitability of the pairs trading 

is highly sensitive to parameter settings and external factors such as transaction cost. In 

overall level cointegration method generated stable returns while the distance method is less 

robust and scales better for higher frequency.   

Nair (2021) demonstrated profitability of the pairs trading in cryptocurrency markets during 

January 2018 to end December 2019 in daily frequency. Authors used Bitcoin, Ethereum, 

Neo and Litecoin in empirical test due to different size of market capitalization. Empirical 

results were divided for four panels describing different market conditions and compared to 

buy-hold portfolio. Empirical results show all currency pairs can perform better than 



 

 

benchmark portfolio and illustrates that the long-short approach of pairs trading consistently 

outperforms buy-hold strategy. Study shows large-cap pairs performing better compared to 

smaller-cap pairs. Cryptocurrency pairs with stronger price correlation tend to yield lower 

return differentials.  

Lesa and Hochreiter (2023) compared distance and cointegration approach hourly versus 

daily interval resulting usually overperforming cointegration method compared to distance 

method. Both of strategies overperformed buy-hold strategy but achieved less returns than 

CIX100 and Bitcoin. Authors state high-frequency trading does not generate the highest 

returns and risk-adjusted metrics. Fixed threshold perspective cointegration method 

outperformed in hourly basis generating 136.26 percent annual returns in trading period 

where distance method achieved 79.19 percent performance. Intraday period distance 

method outperformed daily period but showed decreasing profitability when stop-loss 

approach has involved where cointegration method outperformed daily period only in 

intraday fixed threshold class. 

Ko et al., (2024) investigated profitability in cryptocurrency markets in one minute, five 

minute and one-hour timeframes with six different approaches: Cointegration, Correlation, 

Distance, Fluctuation Behaviour, Hurst Exponent and Stochastic Differential Residual. 

Results show Distance method outperformed consistently other methods in all intervals 

generating 208.12, 236.31 and 210.36 percent returns in investigated periods. Cointegration 

approach also generated well in one minute and five-minute interval generating 197.89 

percent and 234.34 percent returns. Study shows worst performance was Correlation and 

Stochastic Differential Residuals either of approach can’t generate positive outcomes. 

Findings of the study highlighting the robustness of pairs trading as market-neutral strategy 

and potential alternative to traditional buy-hold strategies.  

3  Data and research methodology  

3.1  Research method 

 This thesis employs quantitative research methods to analyses and evaluate pairs trading 

strategies in the cryptocurrency markets. The focus is on leveraging statistical and 



 

 

mathematical tools to develop, test, and optimize pairs trading models based on historical 

data. The methodology is systematic, data-driven, and aimed at generating reproducible 

insights into the profitability and risk dynamics of pairs trading. 

3.2  Historical price data 

Initial data for this study is from Binance which is leading cryptocurrency exchange at the 

time of writing. Historical price data is collected from Binance’s database via API and stored 

in local database. All the price data series are in quoted by Tether (USD stable coin). 

Criterion of acceptable instrument is margin trading availability when considering executing 

strategy requires short selling. There are 378 short selling criterions filling instruments in 

population of acceptable currencies. Frequencies of collected data is 3, 5 and 15 minutes. 

The time span of data is 2023/07/07 to 2024/11/18.  

Typical pairs trading study using daily closing prices data such as Gatev et al. (2006), Nair 

(2021) and Rad et al. (2016) where observation has generated in long time span such as 10 

years including 2514 data points (trading days). In absolute terms time span of the study is 

relatively short but when consider the frequencies of this study data points has generated 240 

001 observations in 3-minutes, 144 000 in 5-minutes and 48 000 in 15-minutes which 

generating robust sample of data for this study.   

 

3.3  Research environment 

In this thesis, the research environment is built around Jupyter Notebook framework and 

executed using programming language Python.  

Jupyter Notebook provide an interactive and efficient framework for developing, testing, 

and analysing pairs trading strategies in the cryptocurrency markets (Jupyter, 2024). The 

setup supports data-driven research and experimentation, combining powerful 

computational capabilities with robust visualization tools. 



 

 

Python is chosen for its flexibility, extensive libraries, and compatibility with Jupyter 

Notebook. Key libraries employed in this research environment include Pandas, NumPy, 

Matplotlib, Seaborn and Statsmodels and Binance API libraries.  

3.4  Data pre-processing 

Data pre-processing including calculating logarithmic prices and normalized logarithmic 

prices to quote data. Pre-processing also includes cutting data for 200 days formation period 

and 200 day’s trading period.  

3.5  Pairs formation  

Sample of data consist of 378 different assets which can generate 71253 different pairs 

combinations in each frequency.  

𝑃𝑎𝑖𝑟𝑁 = (
𝑁

2
) =  

𝑁!

2! (𝑁 − 2)!
  

Both approaches following 200 days formation period and 200 day’s trading period. Based 

on Liew and Wu (2013), there is no standards of lengths of formation and trading period. 

For more comprehensive results pairs formation process can include tradeable asset only one 

time 

Acceptable pairs using distance method has chosen by following Gatev et al. (2006) method 

minimizing the Sum of Squared Deviations (SSD) between the two normalized price series. 

Based on Gatev et al. (2006) purpose of using this method generating best approximation of 

the description how traders will choose pairs. 25 pairs with smallest SSD in formation period 

each frequency is accepted to trading period using distance method.  

Pairs selection using cointegration method is two-step process applying Engle and Granger 

(1987) method. First step includes testing the existence of the cointegration applying 

cointegration regression using Ordinary Least Squares (OLS) method for adding residuals 

in the data series. Second step contains ADF test for modelling unit root in residuals of data 

series. Due to high number of probable pairs risk-level of ADF test has set 1%. Pairs which 

test statistic rejecting the ADF test null hypothesis are acceptable in pairs formation pool. 



 

 

Per Vidyamurthy (2004, 80) its preferable using logarithmic prices because the logarithm of 

asset price is required to be a nonstationary series where assumption of logarithm of asset 

prices is following a random walk. 25 of pairs that have the most stationary spread, and 

lowest ADF test statistic are selected to trading period in each frequency using cointegration 

method.  

 

Table 1. Distance method pairs 

 

Above table illustrates chosen pairs in distance approach every frequency. 25 pairs with 

smallest SSD applied to trading pool in each frequency.  



 

 

 

Table 2. Cointegration method pairs 

 

Above table illustrates chosen pairs in cointegration approach every frequency. 25 with 

smallest ADF-test statistic applied to trading pool in each frequency.   

 

3.6  Trading strategies 

Traditionally thresholds have been determined using ±2 historical standard deviation of the 

spread. Positions were closed when the spread has converged in certain level or mean 

reverted where existing studies using typically 0 crossings for closing signal. In this study 

thresholds for entries and exits have defined based respective pairs distribution of spread. 

Spread values which is over 0.5 % and values which is under 0.5 % of respective spread is 



 

 

used by thresholds. Positions were closed when spread converges over (under) average the 

spread. In section 3.7 has clearly explained why this study will use this alternative method.  

 

Figure 3. Illustration of position opening 

 

Above picture illustrates positions opening. When spread (equilibrium) is negative and 

crossing triggering value, Symbol X is sold short and Symbol Y bought long, and when spread 

(equilibrium) is positive versa vice. 

Each opened position was simulated using 1000-unit capital which splitting equally between 

trading assets using formula below.  

𝑏 = 𝑦 / 𝑥 

𝑞𝑡𝑦𝑦 =  
𝑐

𝑥𝑏 + 𝑦
 

𝑞𝑡𝑦𝑥 =  
(𝑐 − (𝑞𝑡𝑦𝑦𝑦))

𝑥
 

Equation 3. Position sizing formula 

 

Where b is respective hedge ratio, y is corresponding price of asset y, x is corresponding 

price of asset x and c is corresponding capital per trade. 



 

 

Trades were executed without using any stop-loss level. All trades in Transaction costs per 

trade is 0.1 % and included in trading positions. Binance’s typical trading fee is 0.1 % using 

quote currency, therefore including those cost can simulate more comprehensive real life 

trading scenarios.  

 

3.7  Arguments using untypical entry and exit thresholds. 

Using ±2 historical standard deviation of the spread determining entry points doesn’t 

account the shape of the distribution. According to Brys, Hubert and Struyf (2004) 

asymmetry and shape of a distribution can measured skewness where symmetric distribution 

has zero skewness, asymmetric distribution with largest tail to right has skewness value over 

zero and distribution with largest tail to left has skewness value under zero. If the data is 

skewed or exhibits heavy tails, standard deviation-based thresholds may generate narrow 

opportunities of trades.  

Defining entry thresholds in this study is measured by top 1 % of extreme values of the 

spread, in other words 0.5 % of highest spread values and 0.5 % of lowest spread values are 

accepted thresholds in each pair. Using percentile-based methods are robust to outliers 

because they are rank-based and accounting always relatively same amount of data points. 

Thresholds of exits have measured using the average of the spread crossings instead of zero 

crossings due different shapes of pairs spread. Positions were closed when spread converges 

over (under) the average of the spread.  



 

 

 

Figure 4. Bitcoin - Wrapped Bitcoin spread 

Above pictures illustrate logic behind setting thresholds using top 1 % of spread. Every pair 

have individual spread and using rank-based approach for generating trading signals are 

more efficient and flexible way execute this study.  

 

Figure 5. Ethereum - Wrapped Beacon ETH spread 

 

Above picture illustrates situation where spread didn’t even reach +2 standard deviation 

level and therefore setting maximum threshold level for +2 standard deviation doesn’t bring 

any trading opportunities.  

 

 



 

 

 

4  Empirical results 

This section of study focus analyzing all results of executed trades with both distance and 

cointegration methods, respectively. Starting with method- and frequency specific analysis 

and summarizing all results in comprehensive results comparison.  

4.1  Distance method 

Analyzing empirical results of trades which were executed using distance method. 

4.1.1  3-minute results 

 

Table 3 Distance method 3-minute results 



 

 

 

Above table illustrates empirical results of distance method in 3m frequency. The results 

show that the average number of trades per pair is approximately 908, with a total net 

performance averaging 106.13 units (10.6 %). Among the pairs, a few stand out as top 

performers. For instance, REZUSDT-PHAUSDT, OMNIUSDT-DCRUSDT, and 

REZUSDT-ICXUSDT demonstrate the highest net performances, with values of 219.36 

units, 200.41 units, and 198.9 units, respectively.  

On the other hand, certain pairs such as WBTCUSDT-BTCUSDT and WBETHUSDT-

ETHUSDT exhibit negligible returns, suggesting limited opportunities for gains in these 

cases. When examining maximum and minimum performance, the data reveals that the pair 

REZUSDT-PHAUSDT achieves the highest maximum performance at 219.36 units. 

However, significant losses are observed in pairs like REZUSDT-GMTUSDT, which shows 

a minimum performance of -87.16 units, as well as REZUSDT-OGNUSDT and REZUSDT-

NKNUSDT, which report minimums of -63.46 units and -59.81 units, respectively.  

The analysis of percentage metrics reveals an average net percentage return of 10.60%, with 

an average maximum return percentage of 11.48% and a minimum return percentage of -

2.70%. However, some pairs, such as REZUSDT-GMTUSDT and REZUSDT-NKNUSDT, 

exhibit extremely high negative percentages, reflecting large downside risks. Standard 

deviation, a measure of variability in performance, averages 2.85 % across the dataset, 

indicating moderate variability. However, certain pairs, including REZUSDT-ICXUSDT 

and RDNTUSDT-REZUSDT, show higher standard deviations above 5 %, suggesting 

relatively greater risks in trading these pairs.  



 

 

4.1.2  5-minute results 

 

Table 4 Distance method 5-minute results 

 

Above table illustrates empirical results of distance method in 5m frequency. The first 

observation from the results is the performance of the top trading pairs. The pair REZUSDT-

PHAUSDT stands out as the most profitable, with a net profit of 220.8 and a net percentage 

return of 22.06%. It demonstrated consistent performance, as indicated by a maximum profit 

value equal to the net profit and a low drawdown. Another strong performer is REZUSDT-

WRXUSDT, which recorded a net profit of 219.84 and a net percentage return of 21.96%. 

However, this pair exhibited higher risk, as reflected in its maximum loss of -17.09 units. 

The pair DCRUSDT-OMNIUSDT also performed well, with a net profit of 186.5 units and 

relatively low risk, as evidenced by its maximum loss of only -7.39 units.  

On the other hand, certain trading pairs underperformed significantly, indicating potential 

risks in the strategy. For example, the pair REZUSDT-NKNUSDT recorded a substantial 

net loss of -66.05 units, with a corresponding net percentage loss of -6.6%. This pair also 



 

 

displayed high volatility in context of results, with a standard deviation of 2.33 %, and 

incurred a significant drawdown as shown by its minimum profit value. Similarly, the pair 

OAXUSDT-REZUSDT suffered a large maximum loss of -34.44, demonstrating relatively 

poor profitability to compared other pairs and heightened risk.  

Pairs such as GMTUSDT-REZUSDT and REZUSDT-NKNUSDT demonstrated high 

standard deviation values, indicating elevated risk levels. In contrast, pairs like ETHUSDT-

WBETHUSDT and BTCUSDT-WBTCUSDT had very low standard deviation values. 

4.1.3  15-minute results 

 

Table 5 Distance method 15-minute results 

 

Above table illustrates empirical results of distance method in 15m frequency. Number of 

trades for each pair averages around 194, with some pairs exhibiting slightly higher or lower 

activity. The net profitability of the trades varies significantly across pairs, with an average 

net return of 110.07 units. The minimum average net returns dip as low as -22.96 units, 



 

 

underscoring the inherent risks associated with this frequency. On average, the net 

percentage return across all pairs is 10.99%, offering relatively moderate returns. 

Standard deviation, which averages at 2.78%. This suggests moderate volatility in trade 

outcomes and can interpret relatively low. For instance, pairs such as DYMUSDT-

SAGAUSDT demonstrate high maximum percentage changes of 22.59%, while others, like 

REZUSDT-LTOUSDT, have more subdued figures, reflecting variability in market 

conditions. 

 

 

4.2  Cointegration method 

Analyzing empirical results of trades which were executed using cointegration method. 



 

 

4.2.1  3-minute results 

 

Table 6 Cointegration method 3-minute results 

 

Above table illustrates empirical results of cointegration method in 3m frequency. The 

average net return across all pairs is approximately 99.56 units. Pairs RVNUSDT-

KMDUSDT and CRVUSDT-STRKUSDT outperformed significantly of generating profits, 

profiting 23.27% and 20.84%, respectively. RVNUSDT-KMDUSDT generated most robust 

overall performance where maximum drawdown reached –1.28% with 1.94% volatility level 

and open time approximately 12 days.  

The analysis also provides insight into the volatility of the trades, with an average standard 

deviation of 1.98% which can interpret as relatively low. This suggests that the method 

operates with a moderate level of risk, as certain pairs exhibit more significant fluctuations 

in returns, such as CRVUSDT-STRKUSDT, with a standard deviation of 5.41%, compared 

to less volatile pairs like WBTCUSDT-BTCUSDT, which has a standard deviation of 0.04 

%. ACAUSDT-UFTUSDT generated largest maximum drawdown with -6.19% and 



 

 

generated average 6.71% profits. In terms of trade duration, the open time for most trades’ 

averages around 12.26 days, where longest pair IDXUSTD-PIVXUSDT was open 

approximately one month (30.49 days) and efficient pair WBTCUSDT-BTCUSDT near 2 

days.   

4.2.2  5-minute results 

 

Table 7 Cointegration method 5-minute results 

Above table illustrates empirical results of cointegration method in 5m frequency. When 

evaluating the percentage net return, which averages around 13.19% generating relatively 

robust overall performance of chosen frequency. RVNUSDT-KMDUSDT overperformed 

generating largest average returns 27.12% with relatively low volatility 2.32% and open 

window 12 days. Some pairs, like RDNTUSDT-OMNIUSDT and FUNUSDT-

OMNIUSDT, generated relatively consistent positive returns, with net percentages of 

21.09% and 18.42%, respectively.  



 

 

Meanwhile, others, like UTKUSDT-PIVXUSDT and WBTCUSDT-BTCUSDT, profiting 

4.44% and 0.23%, respectively. The average volatility of the results of 2.58% can interpret 

relatively stable. RONINUSDT-OMNIUSDT have largest volatility 4.56% but also 

generating robust profits accounting 17.04% average returns. The trade duration, averaging 

around 15 days, where longest trade was open near 33 days with pair NKNUSDT – 

OMNIUSDT and shortest approximately 3 days with WBTCUSDT – BTCUSDT.  

 

 

4.2.3  15-minute results 

 

Table 8 Cointegration method 15-minute results 

Above table illustrates empirical results of cointegration method in 15m frequency. The 

highest-performing pair, DYMUSDT and OMNIUSDT, yielded an average net return of 

26.53% with a corresponding maximum of the same value. Pair’s performance was marked 

by relatively high profitability percentages but also generated largest standard deviation of 



 

 

5.17%. Another notable pair is KMDUSDT and RVNUSDT, which achieved average return 

of 23.33%. While the overall returns are robust, the pair exhibited a slightly lower standard 

deviation of 3.34 %, indicative of more stable performance compared to others in the dataset.  

CVCUSDT and VIBUSDT had average net return of 16.58%, but pair net percentage a sharp 

minimum percentage of -2.94%. This highlights substantial downside risks despite moderate 

returns.  The average net percentage of 14.38 and the maximum percentage of 14.88 suggest 

that while there are profitable opportunities, the data also reveals consistent exposure to 

downside risks, as reflected by the average minimum percentage of -1.04% which can 

consider relatively low. The standard deviation of 2.97% for the dataset indicates an average 

level of variation across the trades, though pairs like CVCUSDT and VIBUSDT and 

ALPHAUSDT and OMNIUSDT significantly exceeded this level of risk, with standard 

deviations well above the average. 

4.3  Comparison of results  

 

  

Table 9 Results by frequency 

 

For the cointegration method, the performance improves noticeably as the frequency 

increases. At the 3-minute frequency, average net profit is 9.94%, at the 5-minute 13.19% 

and 15-minute frequency 14.38%. 3-minute frequency execute trades most efficient 

frequency where average trade was open nearly 12 days where 5-minute and 15-minute 

interval open time reaches 15 and 17 days, respectively. The data indicates that higher 



 

 

timeframes for the cointegration method result in reduced volatility, as reflected in a gradual 

increase in standard deviation, from 1.98% at 3 minutes to 2.97% at 15 minutes which is line 

in increasing net profits. Maximum drawdown using cointegration method isn’t interval 

related and maximum drawdown in every frequency was relatively low where largest 

drawdown was accounted in 3-minute frequency with -1.45% average. Cointegration 

method is more robust and reliable when applied to longer intervals, as both skewness and 

kurtosis remain near zero, indicating a relatively normally distributed shape of the 

equilibrium. 15-minute frequency accounted highest net returns, but 5-minute returns 

generated highest Sharpe returns 3.31, 3.35, respectively.  

Distance method reveals a different performance trajectory. At the 3-minute interval, the net 

return is 10.6%, where average percentages in returns using 5-minute and 15-minute 

frequencies is 11.29% and 10.99%, respectively. Unlike cointegration, volatility doesn’t 

increase in higher frequencies such as profits either. Distance method volatility is relatively 

stable in every frequency, with 2.85% at 3-minutes, 2.82% at 5-minutes and 2.78% at 15-

minutes. At the 3-minute frequency distance method have largest maximum drawdown -

2.7% of all observed values. Open trade time increases as the frequency lengthens. The 3-

minute interval has an average open time of 13 days, the 5-minute interval averages 14 days, 

and the 15-minute interval has the longest open time at 15 days. Unlikely cointegration 

method, profits do not increase when time in open position increases.  

 

 



 

 

 

Table 10 Results by method 

 

When comparing the two methods, cointegration consistently outperforms distance in terms 

of net returns and percentage metrics. Cointegration method generated average 12.5% net 

profits compared to distance method with corresponding value 10.96%. Maximum 

drawdown using cointegration method relies on -1.16% where corresponding value using 

distance method is -2.36%. Cointegration method also shows a more stable performance, 

with lower standard deviation with volatility of 2.51 % compared to distance’s 2.82%. In 

summary results underscores the advantage of using the cointegration method, particularly 

at higher frequencies. Cointegration demonstrates higher returns, lower volatility, and 

drawdowns. These findings suggest that cointegration method, especially at the 15-minute 

frequency, is a superior strategy in context of this study.  

Similarly, Fil and Kristoufek (2020) demonstrated that the cointegration method 

outperformed the distance method in their study, particularly in high-frequency trading 

scenarios. Nair (2021) further corroborated this by showing that cointegration-based pairs 

trading consistently achieved robust results compared to simpler methods. Additionally, the 

use of cointegration in this study is well-supported by its focus on capturing mean-reversion 

in price spreads, a feature particularly relevant in the volatile cryptocurrency market. The 

findings are aligned with Leung and Nguyen's (2019) research, which also emphasized the 

value of the cointegration approach in generating statistically significant profits with 

manageable risks. 



 

 

5  Conclusion  

This study was conducted to test distance and cointegration approaches different frequencies 

in cryptocurrencies markets. Based on the previous literature, distance and cointegration 

methods were used in most cited studies in traditional equity markets generating also robust 

performance of the strategy. Since research of pairs trading mainly focus on traditional 

equity markets and therefore studies about pairs trading performance in cryptocurrency 

markets are relatively low. Based on the previous literature about pairs trading in 

cryptocurrency markets distance and cointegration methods were shown most efficient 

empirical results.  

Study analyzed Gatev (2006) distance method and Vidyuamurthy (2004) cointegration 

method’s performance in 3 different frequencies, 3, 5 and 15-minutes. Both approaches and 

all frequencies have 25 pairs. Sample data was split 200 days formation period where pairs 

will be formatted based on their corresponding metrics and 200 day’s trading period where 

both strategies performance was evaluated. Pairs were formatted minimizing the Sum of 

Squared Deviation in each frequency using distance method and lowest ADF test statistic in 

each frequency using cointegration method.  

Empirical section was executed using maximum and minimum values as triggering 

thresholds entering the trading positions based on each pairs corresponding shape of spread, 

unlike traditional studies where triggering limit is typically fixed ±2 historical standard 

deviation of the spread. Findings of the study show each pairs have different shape of the 

spread and using non-predefined fixed thresholds give more flexible way to execute pairs 

trading strategy. 

Both approaches generated positive net results where distance method accounted 10.96% 

average returns and cointegration method respectively 12.5% average returns. Findings of 

the study underlines the performance of cointegration method. Cointegration method 

generated better average profits with smaller maximum drawdown –1.16% (-2.36%) and 

moderate volatility 2.51% (2.82%) compared to distance method. Findings of the study show 

average profits increases when frequency increases using cointegration method. Research 

question How selected pairs trading strategies perform in short term frequency in 

cryptocurrency markets? can be answered based on above results interpretation.  



 

 

Results of the study is in line with previous literature underlining robustness of cointegration 

method in cryptocurrency markets Fil and Kristoufek (2020) such as Nair (2021) resulted 

cointegration method efficient performance in cryptocurrency markets generating robust 

approach for pairs trading.  

Regarding sub question Which frequency generated most profitable performance? distance 

method generated most robust performance in at 5-minute frequency accounting 11.29% 

average returns with -2.09% drawdown and 2.82% volatility averaging open position 14 

days. Respective results using cointegration method was generated using 15-minute 

frequency accounting 14.38% average net returns with -1.04% drawdown and 2.97% 

volatility averaging duration of trade approximately 17 days.  

Pairs trading relies on statistical arbitrage which key advantage is market neutrality. 

Cryptocurrency markets are known its significant price movements which can lead 

significant profits such as loses. Many cryptocurrencies are correlated between each other 

and exploiting that pairs trading strategy can be efficient alternative way to participate to the 

markets.  

In the era of Machine Learning and AI future research regarding pairs trading should aim 

investigate profitability of ML based approaches. Related literature of pairs trading using 

ML is so far scarce which gives significant amount of space investigate different ML 

approaches.  
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