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This thesis studies and compares short timeframe momentum and mean reversion trading 

strategies on Bitcoin market and finds the most optimal parameters for those. The studied 

trading strategies are moving average cross over pairs and Bollinger band mean reversion 

method. Optimized parameters are exponential moving average period lengths for the 

moving average cross over pairs and standard deviation multiplier and simple moving 

average for the Bollinger band method. Optimal parameters are found by simulating 

multiple different parameter combinations and choosing the once with smallest difference 

between validation and training set. The tuned parameter values are then tested out of 

training sample and the performance is compared to buy and hold strategy.  

 

To simulate real life trading conditions as well as possible, fees are included in the 

calculations. The results show that beating a buy and hold strategy is difficult, but it is 

possible with momentum strategies even with fees included. 
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Tämän tutkimuksen tarkoituksena on verrata keskenään momentum -treidausstrategiaa 

sekä keskiarvoon palavaa treidausstrategiaa Bitcoin markkinoilla lyhyellä aikavälillä sekä 

optimoida parametrejä niille. Tarkasteltavat treidausstrategiat käsittävät liukuvien 

keskiarvojen kombinaatioiden risteämisen sekä Bollinger nauha menetelmän. Optimoitavia 

parametrejä tutkimuksessa ovat eksponentiaalisten liukuvien keskiarvojen periodin 

pituudet sekä Bollinger band menetelmän liukuvan keskiarvon sekä keskihajonnan 

määrittäminen.  

 

Optimointi tehdään simuloimalla kaupankäyntiä monella eri parametriyhdistelmällä ja 

valitsemalla strategiat, joiden suorituskykymittarit tuotavat pienimmän treenaus ja 

validointi datasetin välisen eron. Reaalimaailman treidausolosuhteiden simuloinnin 

vahvistamiseksi tutkimuksen laskuissa huomioidaan myös transaktiokustannukset. 

Optimoidut parametrit testataan treenidatan ulkopuolisella datalla ja tuloksia verrataan 

osta-ja-pidä sijoitusstrategiaan. Tutkimuksen tuloksista käy ilmi, että osta- ja pidä- 

strategian päihittäminen on haastavaan, mutta kuitenkin mahdollista momentum-pohjaisilla 

treidaustrategioilla, kaupankäyntikulut huomioon ottaen.  
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1. Introduction 

Economic theory teaches that markets should be efficient: all new information should be 

available to all market participants and the information should be immediately reflected in 

the asset prices (Fama 1965, 1970). This tends not to be the case and markets are proven to 

at least temporary drift away from the efficiency (Jegadeesh & Titman 1993, De Bondt & 

Thaler, 1985). These market inefficiencies are called anomalies, they offer a way for 

traders to generate profits in the asset markets. In case anomalies exists and the market 

efficiency hypothesis is accepted as the base scenario, then a traded could make bets in the 

asset markets towards market efficiency. If anomaly exist in an asset, then could be 

assumed that the asset is going to eventually return to the market efficiency as rational 

investors realise that the anomaly exists. 

 

Anomalies can be found in many stock markets (Chan et al 1999, Rouwenhorst 1998), but 

also in cryptocurrencies (Yang 2019). Volatile market conditions offer a great opportunity 

for traders to profit from inefficiencies in the markets. Phenomena like mispricing anomaly 

can become profitable event in volatile market conditions; imagine a scenario where 

market participants overreact to a news event and cause the underlying asset price to 

increase hundreds of percentages in a couple of hours, even in the case the news were fake 

or misinformation.  

 

The first cryptocurrency was introduced to the market only in 2008 in an article written by 

pseudonym Satoshi Nakamoto. Bitcoin was the first decentralized digital currency created 

specifically for peer-to-peer transactions encrypted on the blockchain. Blockchain means a 

public ledger which contains all cryptographic transactions ever recorder, publicly 

available, for anyone to see. Since the beginning, this asset class has steadily gained 

market share and public interest. Cryptocurrencies are known as highly speculative asset 

class with unregulated market environment. They are difficult to value properly because of 

the lack of financial information for example cash flows. Short timeframe trading 

opportunities found in Bitcoin market might be interesting because of the possible volatile 
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market conditions. There have not been many studies done considering this asset class 

because of the young trading history of cryptocurrencies. Therefore, further research is 

needed. (Nakamoto 2008, Yang 2019) 

 

Main idea behind this thesis is to study momentum and mean reversion strategies 

performance on short time frame Bitcoin trading. The goal is to find the most optimal 

parameter values for moving average cross overs and Bollinger band trading strategies. 

After that, this study compares these strategies and their performance against each other 

and buy-and-hold strategy.  

 

1.1. Research questions 

This paper studies and compares two types of trading strategies based on momentum and 

mean reversion anomalies on Bitcoin market. The trading strategies tested are Bollinger 

band method which is a type of mean reversion strategy and moving average crossover 

method which could be categorized in momentum trading category. The goal is to find the 

most optimal parameters for them and analyze how they perform against each other and 

buy-and-hold strategy. The performance of the trading models is measured by the annual 

returns obtained with them and by the risk taken to obtain those profits. The research 

questions are the following: 

1. What are the most optimal parameters for moving average cross overs and Bollinger 

band strategy on short timeframe Bitcoin trading? 

2. Are there differences in the performance of momentum trading strategy compared to 

mean reversion trading strategy? 

3. Does buy-and-hold strategy outperform the above strategies in performance based on 

annual return, Sharpe ratio and maximum draw down? 
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These questions aim to answer whether optimized momentum and mean reversion trading 

strategies used in short timeframe Bitcoin trading should be used instead of simply holding 

the asset. 

 

1.2. Limitations 

This study has some limitations. Firstly, data contains only Bitcoin trading history. 

Number of other cryptocurrencies exists, but this study contains only analysis on Bitcoin 

trading. Bitcoin started trading in 2009, but the data is gathered from years 2016 to 2021, 

which means this study doesn’t include the full trading history of Bitcoin. The data for this 

study is gathered only from crypto exchange, Gemini exchange. According to 

CoinRanking (2022), Gemini has a market share of 0.17 percent and is ranked at 25th 

crypto exchange based on its volume. This might affect the data compared to more liquid 

exchanges. 

 

Every single possible parameter combination will not be tested in this study. Because of 

limited computational power, the tested parameters will be limited. This means that the 

most profitable strategies found in this study might not be the most profitable ones overall 

if every single possible parameter would be tested. 

 

1.3. Structure of the thesis 

The thesis is structured as follows. In the second chapter, the theoretical background of 

market efficiency and anomalies are introduced. Theory also includes trading strategies 

used in this study and metrics used to evaluate the performance of those strategies. Chapter 

3 discusses data; how the data was gathered and how it was manipulated. Chapter 4 

contains the methodology part where information about calculations and formulas used in 

the study are introduced. In chapter 5 the results are presented, and further discussed. The 

last section, conclusion is made and possible further research on the topic is discussed. 
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2. Theoretical Background 

This chapter takes a look at efficient market hypothesis, mean reversion and momentum 

anomalies in more depth. Technical analysis and the trading indicators used in the 

empirical part of the study are also introduced. The main focus is to give the reader a 

clearer understanding on the main topics, theories and the overall framework used in this 

study. 

 

Both contrarian and momentum trading are widely researched topics (Balvers and Wu 

2005, DeBondt and Thaler 1985, Chopra et al. 1992, Jegadeesh and Titman 1993, 

Rouwenhorst (1998), Patro and Wu 2004). Cryptocurrencies are relatively new asset class 

and therefor the amount of research focusing on them is also lacking. There were few 

studies on that research momentum or mean reversion types of trading strategies, that focus 

solely on cryptocurrency markets (Gerritsen, Bouri, Ramezanifar, Roubaud 2020, Caporale 

and Plastun 2020, Corbet and Katsiampa 2020). There is one study from Resta Pagnottoni 

and Giuli (2020) which compared mean reversion and trend trading to buy and hold 

strategy on intraday trading. Their study contains time series data from 1st of January 2012 

to 20th of August 2019 and the result showed superiority of buy and hold strategy on 

intraday trading compared to both mean reversion and trend trading strategies. Resta et. al 

used moving averages combined with price level for the trend strategy and Bollinger bands 

with relative strength indicator (RSI) for the mean reversion strategy. Same trading 

strategies are also used in this study, but in this study dual moving average cross overs are 

used to capture short timeframe trend. 

 

Most of the studies done on cryptocurrency markets are focusing on the period from 2010 

to 2019 where Bitcoin saw its largest increase in market valuation and became a publicly 

known asset class. Between 2010 and 2019, the price rose from below $1 to temporarily 

over $20000. Bitcoins’ market capitalization, liquidity and overall market efficiency has 

been rising consistently since that time (Sensoy 2019). The amount of institutional market 

participants has increased significantly in the resent years, with the largest holder being 
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Greyscale Bitcoin trust which holds roughly 30 billion dollars worth of Bitcoin. Also, 

transaction sizes above $10M have been starting to dominate Bitcoin’s network according 

to Glassnode (2021) market report. The report states that this indicates increased 

institutional interest in and market maturation of Bitcoin. According to Coingecko (2021), 

there are now 27 companies holding Bitcoin in their balance sheet, with largest being 

MicroStrategy which holds 7 billion dollars worth of Bitcoin. The change in the market 

maturation itself is a good reason to study the effectiveness of different types of trading 

strategies on the market. 

 

2.1. Efficient market hypothesis 

The efficient market hypothesis (EMH) has kept its stand as the dominant theory in 

financial economics. Nobel winning economist Eugene Fama is considered to be the 

creator of this financial theory. Fama (1965) argued that financial markets are efficient and 

reflect all the available information. In an article published in 1970 he introduced three 

forms of market efficiency, which are weak form, semi-strong form and strong form. The 

weak market efficiency simply means that all past prices of an asset are reflected in the 

current price of the asset. If markets are semi-strong, then all the public information should 

be reflected in the asset price. In the semi-strong market efficiency, the concern is the 

speed of which asset price adjustments to other publicly available information.  In the 

strong form asset prices should reflect all the possible information available, whether 

public or private.  

 

Andrew Urquhart (2016) was the first to test the weak form efficiency on Bitcoin market 

data. He used five different tests and concluded that Bitcoin returns are not weakly 

efficient. However, Urquhart study has some evidence of Bitcoin becoming more efficient 

during second data subsample between 2013 to 2016. A year later Nadarajah and Chu 

(2017) followed up this study by testing the efficient market hypothesis; not on the Bitcoin 

returns but an odd integer power of the returns. In their results Bitcoin returns showed 

weak form of efficiency over the full data sample. Also, Sensoy (2019) did a study on 

weak form efficiency in Bitcoin, and his results show that the weak form market efficiency 
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in Bitcoin has been clearly rising since 2016. He also found that the efficiency tends to be 

higher when lower frequency data is used, and it decreases with higher frequency data. 

Thirdly, the study showed that liquidity has a significant positive effect on the efficiency 

on the returns whereas higher volatility decreases the market efficiency. The effects of 

rising liquidity explain why the market efficiency has been rising through out Bitcoin’s 

trading history. 

 

There are evidence of Bitcoin market experiencing weak form of efficiency but also, for 

Bitcoin market not to show evidence of any market efficiency at all. All studies showed at 

least some evidence of rising weak form of efficiency in the more recent years of Bitcoin’s 

trading history. 

 

2.2. Anomalies 

Efficient market theory (Fama 1965) teaches that financial markets should be efficient. 

Often markets tend to not respect this theory and instead moves in a way which is 

considered to be un-efficient. These types of un-efficient moves are called anomalies 

(Hayes 2021). Traders and investors are interested to find anomalies because trading them 

correctly can reward them with profits. In this chapter momentum anomaly and mean 

reversion anomaly are introduced in more depth. 

 

2.2.1. Momentum anomaly 

Momentum anomaly is one of the most central anomalies in finance (Vayanos & Woolley 

2013). According to Galariotis (2014) momentum anomaly is based on underreaction 

hypothesis. This means that investors react to new information less than they should, 

which then causes asset prices to not adjust accordingly to their efficient form.   
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There are other explanations for momentum anomalies found in asset prices. Bange (2000) 

showed in his study that traders and investors tend to base their investment and trading 

decisions on the historical prices of assets: if they see rising prices, they tend to buy and 

with decreasing prices they tend to sell which causes momentum in asset prices. According 

to Grinblatt and Keloharju (2000), momentum strategies are most often used by 

institutional investors and less sophisticated investors seem to pursue mean reversion 

strategies which is introduced in the next chapter. Although, Dorn, Huberman and 

Sengmueller (2008) had opposing findings stating that retail speculators tend to be 

momentum traders, but they argued that the opposite finding to the Grinblatt et al. study 

could be caused by not separating market and limit orders. Avramov et al. (2007) 

researched momentum and credit rating relationship and in their study on developed 

European stock market between 1992 and 2007, momentum was existent only in low 

quality stocks. Momentum profitability was statistically significant and economically 

larger among low credit-rated firms and non-existent among high-graded firms. 

 

Jegadeesh and Titman studied momentum trading in 1993. In their study buying those 

NYSE and AMEX listed stocks with best historical performance and selling stocks with 

the worst past performance did realize significantly abnormal returns on 6 month holding 

periods based on past 6 -month stock performance between the 1965 to 1989 period. This 

strategy realized excess 12 % return annually on average compared to buy and hold 

strategy. Chan et al. (1999) also found similar results in which momentum strategies based 

on buying past 6-month winners and selling past 6-month losers on NYSE, AMEX and 

Nasdaq between 1973 and 1998 yielded significant profits over the next 6 to 12 months. 

Rouwenhorst (1998) studied monthly return continuation on 12 European countries 

between 1980 and 1995. In the study, portfolio that consisted only of past winners 

outperformed about 1 percent a month a portfolio which consisted only of past losers. Levy 

(1967) has also found similar results. His study shows that a trading strategy of buying 

stocks with substantially higher current prices than their average prices over the past 27 

weeks can realize significant abnormal returns. 
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Patro & Wu did variance ratio tests to investigate the predictability of daily and weekly 

equity returns of 18 developed countries between 1979 and 1998. They found out that for 

majority of countries efficient market hypothesis could be rejected on daily and weekly 

timeframe. That study also showed significant return continuation on short timeframe and 

excess returns from buying past winners and short selling past losers were always positive.  

 

Resta, Pagnottoni and De Giuli (2020) studied trend and mean reversion profitability 

specifically on Bitcoin intraday and daily timeframe trading - and compared them to 

simple buy and hold strategy. Considering intraday, the most profitable strategy was buy-

and-hold strategy. With daily timeframe, more profitable outcome was achieved by 

applying trend-following strategies instead of passive holding. Corbet and Katsiampa 

(2020) also evidenced positive serial correlation on Bitcoin returns between 2010 to 2018 

and decreased correlation with prior negative price returns.  

 

All in all, there are a lot of evidence proving that momentum anomaly exists. Creating 

trading strategies based on it can turn out to be profitable and even beat buy and hold 

strategy in returns. Considering specifically Bitcoin market, there are not that much 

evidence of trading strategies build on momentum anomaly being able to provide more 

profits compared to buy and hold strategy, because of the research on that area is lacking. 

Still, the existing research on the subject provide enough positive results of momentum 

trading strategies being able to beat buy and hold strategy. Therefore, these strategies 

should be included in this study. 

 

2.2.2. Mean reversion anomaly 

Besides momentum anomaly, mean reversion anomaly belongs to the most central 

anomalies in found finance (Vayanos and Woolley 2013). According to Galariotis (2014) 

mean reversion strategy is founded on an overreaction hypothesis. Regarding the 

hypothesis, investors react to new information more than is necessary which then escalates 

asset price movements. The over reactions are later corrected, which causes the asset price 
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to return to equilibrium. (Galariotis 2014) Mean reversion on stock prices has been studied 

by many researchers and it seems that the overreaction is either a longer timeframe 

phenomenon (De Bondt and Thaler 1985, Fama and French 1988) developing through 

multiple months to years or a shorter timeframe phenomenon (LaBarbera and Portnoy 

2020, Lehmann 1990, Brown and Harlow 1988) happening on daily or weekly timeframe.  

 

De Bondt and Thaler (1985) tested overreaction theory on New York Stock Exchange 

monthly returns between the years 1926 and 1982. They created two portfolios: one of 

stocks that had demonstrated better than average positive returns and one of stocks that had 

demonstrated worse than average negative returns. Their results showed that stock prices 

tend to overreact to new information, suggesting that contrarian strategies of buying stocks 

with the best past performance and selling those with the worst past performance helps 

with achieving returns with better than average profitability. Systematic risk of contrarian 

portfolios and the size effect has been used as a critic towards that study (Chan 1988, Ball 

and Kothari 1989 and Zarowin 1990). Fama and French (1988) had similar findings on U.S 

stock market. They researched long timeframe mean reversion happening over several 

years. The results showed that U.S stock prices are mean reverting, which they describe as 

the stocks containing slowly decaying component.  

 

Lehmann (1990) provides evidence of short timeframe New York Stock and American 

Stock Exchange return reversals on weekly timeframe. In the study contrarian strategies 

selecting stocks by previous week performance seemed to create positive returns. The 

assets which had negative returns in one week, then had positive results the next week 

(0.86 to 1.24) and the assets which had positive results one week, had negative results the 

next week (-0.35 to – 0.55). Brown & Harlow (1988) studied weekly timeframe mean 

reversion on New York Stock Exchange. They found evidence on the short-term large 

price movements to be followed by corrective move to the opposite direction. Especially 

negative stimulus led to a much stronger and more predictable overreaction.  
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LaBarbera and Portnoy (2020) tested short timeframe mean reversion by using a strategy 

of buying the top S&P500 losers and holding them for five days over the time horizon of 

2009 to 2019. Low volume stocks were excluded from the study to remove lack of 

liquidity effects from the results. They tested the returns on top 5 and top 2 losers, and they 

were able to yield a profitable outcome on both of those strategies with superior returns 

coming from the top 5 list. Bremer, Hiraki, and Sweeney (1997) had similar results. They 

studied short timeframe overreactions on Nikkei 300 stocks in 1981 – 1991 on daily 

returns and they had evidence that especially negative news had large overreactions. On 

the other hand, positive news didn’t have significant signs of overreaction. 

 

Corbet and Katsiampa (2020) tested mean reversion specifically on Bitcoin markets. They 

studied minutely, hourly, daily, and weekly returns between 2010 and 2018 with ANAR 

models and found signs of asymmetric mean-reversion in crypto markets under all 

examined timeframes. The study found evidence of mean reversion on negative returns 

which outperformed by speed and magnitude mean reversion on positive returns.  

 

2.3. Technical analysis 

Technical analysis means the prediction of future asset price movements based on 

historical data. The use of technical analysis goes against the weak form of efficient market 

hypothesis that was introduced in 1970 by Eugene Fama. No trading strategy should aid 

investors with profit making, since share prices should reflect all data of past prices based 

on weak form of efficiency. Fama (1965) published an article discussing the effects of 

historical asset prices on the future prices. His hypothesis was that stock prices follow 

random walk and he argued that chart reading is nothing but an interesting pastime, which 

offers no real value to market participants. He did find buy-and-hold strategy to be superior 

to any technical analysis method in his research. 

 

The weak form of efficient market hypothesis and the random walk theory clearly suggest 

that there should be no profits to be gained with using any technical analysis methods. 
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Still, there are many studies done on the topic, which suggest that technical analysis does 

hold some value, because financial markets experience anomalies. Technical analysis aims 

to find these financial market anomalies, which are non-efficient asset price movements. 

Finding anomalies in financial markets can provide excess profits compared to buy-and-

hold strategy. The work of DeBondt and Thaler (1985, 1987), LaBarbera and Portnoy 

(2020) and Brown and Harlow (1988) show that a contrarian strategy of holding firms with 

the worst prior performance and shorting those with the best prior performance can 

generate positive excess returns. Also, the work of Jegadeesh and Titman (1993), Chan, 

Jegadeesh and Lakonishok (1999), Rouwenhorst (1998), Patro and Wu (2004) and Levy 

(1967) reveals that momentum strategy of holding firms with the best prior performance 

and shorting those with the worst prior performance can too, generate excess profits. 

 

There are many ways in which traders can use technical analysis. The focus of this study is 

on mean reversion and momentum anomalies since there are a lot of evidence of trading 

strategies based on those anomalies being able to generate profits on multiple markets and 

on multiple timeframes. Strategies chosen as the technical analysis methods for this study 

are introduced next. They were chosen because of their popularity in research. This way, 

the results of this study are easier to compare to other similar type of studies to further 

analyse the results.  

 

2.3.1. Moving averages 

Moving averages are frequently used tool in technical analysis (Nazário 2017). According 

to Brock et al. (1992 pp. 1733), trading rules based on them are one of the simplest and 

most popular applied in practice. Multiple studies done on traditional stock market trading 

research use moving averages in some way in their analysis (Nazário 2017). Same can be 

seen in cryptocurrency trading research. For example, Resta et al. and Gerritsen et al. used 

them as one of the tools when analysing the profitability of different trading strategies on 

Bitcoin markets. Simple moving average (MA) equation can be written in the following 

format: 
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𝑀𝐴=
𝐴1+𝐴2+⋯+𝐴𝑛

𝑛
 

 

In the equation 𝐴 is the closing price for period 𝑛 and 𝑛 is the number of periods used to 

calculate the moving average (Resta et al. 2019, Fernando 2021).  

 

Exponential moving average (EMA) is widely used form of MA. The difference to the 

simple form is that EMA assigns higher weights to the more recent price quotations, 

assuming that they are more relevant than the older ones. EMA formula for the time 𝑡 is as 

follows: 

 

𝐸𝑀𝐴𝑡 = 𝑝𝑡 × k + EMA(t−1) × (1 − k)   (1) 

 

where 𝑃𝑡 is the price for the moment t, k is the weighted multiplier which is defined as 

2

(𝑛+1)
 and the value of 𝐸𝑀𝐴0 is set to 𝑃0. The first step when calculating EMA is to 

calculate the simple moving average, which will then be used as a starting point when 

calculating EMA the first time. After the first EMA is calculated, weighted average is 

needed to give emphasis for the most recent price quotes. Finally, the formula (1) can be 

used to calculate the current EMA. (Pring 1991, pp. 225-228) 

 

Since EMAs give more weight to recent price action, it allows them to be more responsive 

to price changes when compared to simple MA. Another reason to choose EMA instead 

simple MA is that studies done on short timeframe Bitcoin trading have found it to be the 

best performing indicator besides buy and hold (Resta et al. 2019). In the previously 

mentioned study, EMA cross overs were not used, rather one EMA with price level cross 

overs. With optimization it might be possible to find cross over combinations, which 

would be able to outperform buy and hold strategy. 
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In this study, two exponential moving averages are used as a cross over pair to trade short 

timeframe momentum. Cross over means a combination of long (LMA) and short (SMA) 

exponential moving average where a trading signal happens every time these moving 

averages cross each other. This is interpreted, for example, in format of MA50-20, where 

moving averages of period 20 and period 50 are used as the cross over pair. 

 

 

Figure 1 EMA cross over strategy trade signals 

 

MA cross overs have been proven to be able to outperform buy and hold strategy on daily 

timeframe in research done on stock market (Pätäri and Vilska 2014). Buy and sell signals 

are generated at the cross over points. In figure 2 is visualized how trading signals are 

generated. When short EMA crosses long EMA from below, that creates a buy signal and 

when the short EMA crosses the long from above, that creates a sell signal (Brock et al. 

1992). This strategy assumes that a trader is always in a position. This means that as a buy 

(sell) signal is generated, trader closes all open short (long) positions, if there is any open 

at that moment, and then opens a long (short) in the direction of the signal. 
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2.3.2. Bollinger Band 

Bollinger ban (BB) is a technical analysis tool first developed by John Bollinger in 1980. 

This method plots two lines which are called upper and lower Bollinger band, n standard 

deviations away from a moving average, which is called a middle band. At time t the 

Bollinger band can be defined as: 

 

𝑈𝑝𝑝𝑒𝑟 𝑏𝑎𝑛𝑑𝑡=𝑀𝐴𝑡+𝑚∗𝜎 

𝐿𝑜𝑤𝑒𝑟 𝑏𝑎𝑛𝑑𝑡=𝑀𝐴𝑡−𝑚∗𝜎  (2) 

 

where MA means the simple moving average of period 𝑡, 𝑚 is the number of standard 

deviations and 𝜎 is the standard deviation of the last 𝑡 days. The standard parameters, 

proposed by Bollinger (2002), are moving average length of 20 and a standard deviation, 

which represents volatility, multiplied by 2. His justification for the use of these 

parameters is that they tend to work best on average over all markets (Bollinger 2002). 

 

Bollinger bands give traders information about assets volatility: BB depend on the 

volatility of the asset and widen during volatile periods and squeeze as volatility decreases. 

Also, as the bands measure assets deviation from the mean, it gives signals of overbought 

and oversold market conditions. When price trades closer to the upper band, this can signal 

overbought conditions and when price is trading near the lower band, it can signal oversold 

conditions. Both cases can result in a mean reversion scenario, where price changes 

direction and reverts to the mean, which is represented with the moving average. (Babayev, 

Lotun, Mumvenge, Bhattacharyya 2020, Kabasinskas & Macys 2010) 
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Figure 2 Bollinger band strategy trade signals 

 

Around 90% of the time asset trades between the upper and lower BB (Hayes 2021). This 

means any time price breaks above or below the band it could be considered as a special 

event. In figure 3 is visualized how BB trade signals are used in this study. Trading signals 

happen when asset price crosses the upper or lower band. If the asset trades above the 

upper band, then sell signal is taken as the asset crosses the upper band to the downside. 

Long signal happens when the asset crosses the lower band to the upside. Trade is closed at 

the middle band or if price gets back above the upper band in short trades or back below 

the lower band in long trades. 

 

2.4. Performance metrics 

Trading strategies performance is linked to their ability to generate returns. The simplest 

way is to calculate pure annual returns generated with the strategy, but this should be 

combined with other performance metrics to get better understanding how the returns were 

generated. Most traders are in the financial markets to generate returns out of the market. 

Even though returns generated with trading strategy is one of the most important measures 

of performance, the risk to acquire those profits needs to be considered. In finance, you 

must take risks to make returns above risk free rate, but the risk taken needs to be 
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reasonable when compared to those returns. To get better understanding of how different 

trading strategies in this study generate returns, other indicators need to be considered 

besides pure annual returns. 

 

2.4.1.  Annual return 

Annual return means the return investment generates during a year. The formula is as 

follows: 

 

𝐴𝑛𝑛𝑢𝑎𝑙 𝑟𝑒𝑡𝑢𝑟𝑛=((
𝐸𝑛𝑑𝑖𝑛𝑔 𝑣𝑎𝑙𝑢𝑒

𝐵𝑒𝑔𝑖𝑛𝑛𝑖𝑛𝑔 𝑣𝑎𝑙𝑢𝑒
)̂(

1

𝑁
))−1  (3) 

 

To calculate annual return, information about the ending value of stock price at the point 

where the trade was closed is needed. Also, the value at the beginning of the trade is 

needed to calculate the simple percentage of return made with the trade. When the simple 

return percentage is calculated, it is annualized by taking the power of holding period N in 

years. (Chen 2020, Beattie 2022) 

 

2.4.2. Sharpe ratio 

Sharpe ratio is one of the most used tools to profitability by measuring rewards against 

risks. In the 1966 study Sharpe concludes that this ration can be used as a useful tool to 

evaluate mutual funds performance against Dow Jones Industrial Average Index while 

considering both risks and rewards (Sharpe 1966, pp. 122). Sharpe ratio takes excess 

returns, which means returns above risk free rate, and divides that with standard deviation 

of the asset. This ratio is defined as follows: 

𝑆ℎ𝑎𝑟𝑝𝑒 𝑅𝑎𝑡𝑖𝑜𝑝= 
𝑟𝑝− 𝑟𝑓

𝜎𝑝
   (4) 
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In the equation 𝑟𝑝 is the return of the portfolio, 𝑟𝑓 is the risk-free rate and 𝜎𝑝 is the 

standard deviation of the portfolios excess returns to risk-free rate. The risk-free rate means 

the theoretical return of an investment with zero risk (Hayes 2021). Typically, U.S 3-

month T-bills are used as the risk free-rate of return because they are backed by U.S 

government and the market considers there to be no chance for the U.S government to 

defaulting on its obligations (Hayes 2021). In this study, the risk-free rate is assumed to be 

zero, which leaves the Sharpe ratio equation to be just portfolio return divided with the 

standard deviation. Usually, Sharpe ratio above 1.0 is considered as a good measure 

(Maverick 2022). 

 

2.4.3. Maximum drawdown 

There are multiple tools to measure risk. One widely used metric is the maximum draw 

down indicator (MDD), which measures the maximum downside risk during the holding 

period. It simply means how much your portfolio could go down percentagewise during a 

chosen time period when using a particular trading strategy. This is useful information 

since two trading strategies can have similar returns and similar Sharpe ratios but differ in 

MDD (Hayes 2021). This indicator is particularly useful information, if the portfolio is 

used as a collateral to trade derivatives and thus has a liquidation point. The equation is as 

follows: 

 

𝑀𝐷𝐷= 
𝑇ℎ𝑟𝑜𝑢𝑔ℎ 𝑣𝑎𝑙𝑢𝑒−𝑃𝑒𝑎𝑘 𝑣𝑎𝑙𝑢𝑒

𝑃𝑒𝑎𝑘 𝑣𝑎𝑙𝑢𝑒
      (5) 

  

      

where through value means the lowest point after the highest point in the chosen time 

period. This means that the highest value MDD can be is 100 percent in case the whole 

investment is lost. The smallest value would then be zero in the case there would be no 

negative returns at all. Typically, investors want this indicator to be half the annual 

portfolio return or less. (Chen 2020, Hayes 2020) 
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This method considers only the size of the largest loss, but not the frequency of larger 

losses. Also, it doesn’t consider how long it took to recover from the loss or if it recovered 

at all. (Hayes 2020)  

 

2.4.4. Average profitability per trade 

Average profitability ratio (APPT) is the average percentage value that can 

probabilistically be expected to win or lose per trade. APPT is calculated as follows: 

 

𝐴𝑃𝑃𝑇 =(𝑃𝑊∗𝐴𝑊)−(𝑃𝐿∗𝐴𝐿)   (6) 

 

APPT counts the average return gained from a winning trade (AW) and multiplies that 

with the probability to win a trade (PW) and then reduces the average loss from a losing 

trade (AL) multiplied by the probability to lose a trade (PL) from it. The higher the value, 

the less risky the strategy becomes in the long term. (Cheng, 2022) 
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3. Data gathering and engineering  

This chapter focuses on further describing the data this study is based on. It also gives 

descriptive statistics on Bitcoin and discusses how the data-snooping bias was handled. 

 

3.1. Data used in the study 

Data consists of Bitcoin 1-minute price intervals from 1st of January 2016 to 31st of 

December 2021. It is directly downloaded from Cryptodatadownload (2021). The data 

contains the opening and closing prices, as well as the highs and lows of each 1-minute 

candle with information about the volume traded during each candle. The source exchange 

is US based Gemini exchange which, according to CoinRanking, now (21.5.2022) has 24-

hour trade volume of 44.76 million, market share of 0.07 percent and ranked as 32nd 

crypto exchange. 

 

There is combined 2 945 167 observations in the 1-minute data. There should be 3 049 920 

data points in the timeframe, which means 104 753 of the observations are missing. The 

missing data points are found in the years of 2018 and 2019, where the largest observation 

gaps lasted for multiple days. These gaps are from 23.8.2018 to 25.8.2018 and from 

15.11.2018 to 7.12.2018. In 2019 there were missing datapoints from 8.7.2019 to 

16.7.2019 and from 5.9.2019 to 7.9.2019. Besides, there were few smaller gaps in 2019 on 

the hourly timeframe that lasted for multiple hours. In 26.4.2019 there was a 14-hour gap 

in the data and 2.2.2019 there was a 9-hour gap. All these missing value points are filled 

with available 1-hour data by filling the missing 1-minute value with available 1 hour 

value from the same time interval. After filling the missing values, the data is transformed 

into 15-minute time frame by taking the opening and closing prices from the 1-minute data 

in 15-minute intervals. Empirical part of this study uses only opening and closing prices; 

thus, the candle wicks are not needed to do the testing.  
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3.2. Describing the data 

The data is visualized in figure 2. Notable is the cyclic behaviour of Bitcoin. Between year 

2016 to 2021 it has experienced two bull markets that have both started around the time of 

Bitcoin block halving. First bull market during this study’s timeframe started in 2016 after 

the block halving in July and ended in late 2017. This was followed by a three-year bear 

market and sideway period from early 2018 to early 2020. The second bull market started 

also near the block halving in May 2020. 

 

 

Figure 3 Chart of Bitcoin 2016-2021 including the point of data split 

 

Special feature in the Bitcoin chart is that there are no weekend gaps in its price action. 

Contrary to traditional financial asset, the crypto markets can be traded 24 hours a day 

around the year with no day offs. There are also no trading halts during periods of 

abnormal volatility as is possible in stock market for example.  



21 

 

 
 

 

Table 1. Descriptive statistics of Bitcoin closing prices 2016-2021 

 

 

Table 1 contains few statistical metrics about the bitcoin dataset. The data tracks volume 

and price action in Gemini exchange, thus it can be affected with exchange specific 

reasons. Notably the volume has decreased from 2017 and even with the rising in recent 

years, it has not reached the 2017 peak. Standard deviation of the Bitcoin prices in relation 

to annual averages has been high through all the observed years. Annual returns have been 

positive during each observed year except 2018.  

 

3.3. Avoiding the data-snooping bias 

Data-snooping bias means finding falsely significant patterns in a dataset. With enough 

time, attempts and imagination, significant patterns can be found in any dataset. Falsely 

significant patterns are most likely to arise when large datasets are used. The use of the 

same dataset by many analysts can become problematic and create biases. Other reasons 

can be absence of theory and experience, or the lack of reason why certain model works. 

(Lo 1994, 59) 

Studies done about Bitcoin typically include a large dataset that many other analysts have 

used in their research. This means there might be increased chance of data-snooping bias. 

Year Volume in millions ($) Min price Max price Mean Std ($) Annual return (%)

2016 327 353 985 567 138 127

2017 13 822 752 19999 3967 3979 55

2018 13 025 3126 17236 7738 2334 -73

2019 4909 3321 13858 7222 2600 94

2020 8 004 3901 29316 11128 4303 305

2021 8 386 27632 69000 47031 9618 29
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Many Bitcoin -focused studies use holdout cross-validation in their analysis. This means 

that the data is split in two parts based on specific ratio, usually 70/30 percent. The model 

is first built by using training set and then later tested with test set, which should reduce 

data-snooping bias. This study uses similar data split; the training set contains closing 

prices from years 2016 to 2019, and testing set contains closing prices from years 2020 and 

2021. This makes the split ratio approximately 70/30. Training set is used to train the 

model and testing is used to see, if the trained model would work on data that it has never 

been encountered before. Based on the model’s performance on testing set, it can be 

determined whether the model is underfitting, overfitting, or well-generalized. To further 

avoid finding false patterns from the dataset, this study uses 5-fold cross validation, which 

splits the data into 5 training and validation sets and then builds the model by minimizing 

the difference between training and validation sets. (Rawat 2021, Elgeldawi, Sayed, Galal 

and Zaki 2021 pp. 4, Arlot & Celisse 2010 pp. 52) 
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4. Methodology 

This section gives information about the calculations done in the empirical part of this 

research. The goal is to give insight on how the parameter tuning was practically executed.  

 

4.1. Technical indicators 

Technical indicators used in this study are moving average crossover as a momentum 

following strategy and Bollinger bands as a mean reversion strategy. The trading signal 

calculations are introduced next. Also, parameter ranges used in the trading strategies can 

be found below. 

 

4.1.1. Moving average crossover trade signals 

Main calculations consist of getting values for the long and short moving averages and 

then using them as crossover pairs to gather buy and sell signals: buy signal is generated 

when the SMA crosses the LMA from below, and sell signal is generated when the SMA 

crosses the LMA from above. In the calculation, algorithm simply goes through the EMA 

values and stores a buy and sell signal when the following condition is met with t 

representing the current time. 

𝐵𝑈𝑌𝑡= (𝑆𝑀𝐴𝑡−1 ≤ 𝐿𝑀𝐴𝑡−1) AND (𝑆𝑀𝐴𝑡  >  𝐿𝑀𝐴𝑡) 

𝑆𝐸𝐿𝐿𝑡= (𝑆𝑀𝐴𝑡−1 ≥ 𝐿𝑀𝐴𝑡−1) AND (𝑆𝑀𝐴𝑡 <  𝐿𝑀𝐴𝑡) 

The tested SMA period length ranges between 10 to 100 with step 10, whereas LMA 

period length ranges between 200 to 1200 with step 100. The step between tested period 

lengths was chosen to be 10 because optimizing the parameters very narrowly i.e., with 

step size of 1, might result in overfitting.  
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Table 2 Moving average period lengths tested in the study 

 

 

The SMA lengths below 10 were left out of the analysis, because they were reasoned to 

cause too many noisy signals. Naturally, the issue with using very short EMAs is, that they 

may generate signals very often and thus, cause overtrading which would be costly with 

fees included. Where too short EMA lengths can create too many trading signals, using 

very long EMA length can on the other hand drastically reduce the number of trading 

signals. Also, the use of very long EMA period might create biased results if the data is 

heavily trending during the analysis period, which it occasionally is according to chart 

image of the dataset in figure 4. Therefore, the LMA maximum test length was chosen to 

be 1200. 

 

4.1.2. Bollinger band trade signals 

Calculations behind Bollinger band strategy are based on the N period moving average 

called middle band, of the time series and two bands wrapped around the middle band.  

This study utilizes Bollinger bands as a mean reversion strategy, so the idea is to always 

SMA LMA

10 200

20 300

30 400

40 500

50 600

60 700

70 800

80 900

90 1000

100 1100

1200
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trade towards the mean of the data. This means for the short trades that every time the price 

of the asset trades above or at the upper Bollinger band, a short signal is generated as soon 

as the price closes next time below the upper band. The trade is closed in the case price 

manages to close back above the upper band, which would automatically result in a loss. 

Long trade is generated every time price trades below or at the lower Bollinger band. Trade 

is closed if the price closes back below the lower Bollinger band, which would also result 

in a loss. The buy and sell signals are defined as follows, where p symbols the price and t 

the current time:  

 

𝐵𝑈𝑌𝑡= (𝑝𝑡−1 ≤ 𝐵𝐵𝑙𝑜𝑤𝑒𝑟,𝑡−1) AND (𝑝𝑡  >  𝐵𝐵𝑙𝑜𝑤𝑒𝑟,𝑡) 

𝑆𝐸𝐿𝐿𝑡=(𝑝𝑡−1 ≥ 𝐵𝐵𝑢𝑝𝑝𝑒𝑟,𝑡−1) AND  𝑝𝑡<  (𝐵𝐵𝑢𝑝𝑝𝑒𝑟,𝑡) 

 

The trades are also closed when price trades 0.5 percent away from the middle band in case 

there is a trade open. The case of short trade can be seen in TPS formula and the case of 

long trade in TPL formula: 

 

𝑇𝑃𝑆𝑡= (𝑝𝑡−1 >(1+0.005) ∗ 𝐵𝐵𝑚𝑖𝑑𝑑𝑙𝑒,𝑡−1) AND  (𝑝𝑡<=  (1+0.005) ∗𝐵𝐵𝑚𝑖𝑑𝑑𝑙𝑒,𝑡 ) 

𝑇𝑃𝐿𝑡=(𝑝𝑡−1 <(1−0.005) ∗ 𝐵𝐵𝑚𝑖𝑑𝑑𝑙𝑒,𝑡−1) AND ( 𝑝𝑡>=  (1−0.005) ∗𝐵𝐵𝑚𝑖𝑑𝑑𝑙𝑒,𝑡 ) 

 

The tested parameter values for standard deviation multiplier range between 1.5 to 3 with 

step of 0.1. This range is based on the standard Bollinger band parameter values defined by 

Bollinger (2002). With the standard value being 2, going too far away from this value 

might cause the bands not to work properly as a trading indicator since the price needs to 

trade 95 % of the time within the bands according to Bollinger (2002) to truly capture price 

extremes. Bollinger (2002) suggested parameter combinations of (10, 1.9), (20, 2.0) and 

(50, 2.1) to be the most optimal for the MA and standard deviation multiplier values. In 
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this study the tested values for the simple MA are between 10 to 70 with step size of 10. 

The tested range was chosen to be near the Bollinger’s (2002) suggestion of optimal values 

to test a larger number of different parameter combinations which were 10, 20 and 50. 

Therefore testing a range of MA values between 10 to 70 could be reasoned to be workable 

to find suitable parameter values. 

 

4.2. Transaction costs 

To simulate real world trading, transaction costs are included in the calculations. With 

short timeframe trading, profits might get considerably reduced by fees caused by trading. 

Every time a trader enters a trade or closes a trade, they must pay a transaction fee to the 

exchange. Estimating fees is not simple, because most crypto exchanges have multiple fee 

tiers. By trading larger size or holding exchange tokens, the fees can be reduced. This 

study assumes that the trader performs a market order every time a trading signal is 

generated and thus, must pay a taker-fees which happens every time a trade is executed 

immediately at the market price. The fee for the calculations was chosen to be FTX VIP1 

tier 0.03%, which mean that the trader is assumed to trade at least 0.5 percent of the 

exchange volume in 30 days. At the moment (11.9.2022) this would be a monthly trading 

volume of $52M in 30 days. 

 

4.3. K-fold cross validation 

As discussed earlier, data needs to be split to avoid data snooping bias. To avoid making 

inaccurate estimations for the most suitable trading strategy parameters, this study uses k-

fold cross validation method. Each fold holds 80 % training data and 20 % validation data. 

Training set results are compared with validation set results to find the best performing 

parameter combinations. 
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Figure 4 Illustration of 5-fold Cross Validation 

 

As illustrated in figure 5, k-fold cross validation splits the training set into 5 equal sized 

subsets and then the algorithm is trained 5 times using k-1 subsets for the actual training 

and the one remaining subset for validating the model. This study uses k=5 as the number 

of different folds. Performance of the iterations consists of all the performance metrics 

used in this study and they are calculated for each iteration and validation set. These 

iterations are then averaged into one final version for both training and validation set and 

then compared to each other. One parameter combination with the highest validation 

accuracy is then chosen from each performance metric. This results in best suitable trading 

strategy parameter combination for APPT, MDD, annual return and Sharpe ratio, those 

parameter values are then moved to the testing set to get the final results.  

 

  

training performance testing

 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Iteration 1 Validation Train Train Train Train -> Performance 1

Iteration 2 Train Validation Train Train Train -> Performance 2

Iteration 3 Train Train Validation Train Train -> Performance 3

Iteration 4 Train Train Train Validation Train -> Performance 4

Iteration 5 Train Train Train Train Validation -> Performance 5

Take the average 
performance for 
testing
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5. Results 

Optimal parameter values from training set were chosen based on their difference with 

validation set. Because the model parameters combinations gathered from training set 

should give similar results with different subsets of the data are used, the accuracy needs to 

be measured with validation set to see how the parameter combinations would work with 

different datapoints. The optimal parameters for testing were chosen based on which 

parameter combinations gathered from the training set generate the smallest difference 

with validation set. 

 

5.1. Moving average training results 

Cumulative return development of all trained moving average parameter combinations can 

be observed in figure 5. Based on pure cumulative returns, EMA400-50 performed the best 

clearly beating buy-and-hold strategy and other moving average combinations. All in all, 

there were 93 moving average crossover strategies out of 110 in training set which 

outperformed buy-and-hold strategy based on cumulative returns. Notable is that buy-and-

hold strategy outperformed all moving average strategies during the 2016 to 2017 bull 

market, but most moving average strategies started to outperform after the 2017 market 

peak. Most strategies made most of their profits after the market peak during 2018-2019 

bear market in training set. 
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Figure 5 Cumulative portfolio development of different moving average combinations during 70 percent training split. 

Initial investment $1000 

 

Heatmaps in figures 6 and 7 contain the EMA combinations average performance metrics 

from 5-fold cross validation. Figure 6 shows the training set results in which can be 

observed that APPT, Sharpe ratio and the amount of trading signals are higher with longer 

EMA combinations. MDD seems to give higher values with combining short LMA and 

long SMA period lengths. Lowest MDD values are generated with combination of short 

LMA and short SMA values. Annual returns do not have any observable patterns, although 

it can be said that EMA combinations including SMA10 seem to have a worse overall 

performance. 
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Figure 6 Average training set results from 5-fold cross validation 

 

In figure 7 are the validation set’s average performance metric values from the 5-fold cross 

validation. APPT, Sharpe ratio and number of trades have similar results compared to the 

training set results. MDD are highest with combinations including shorter SMA lenghts. 

Combinations with SMA10 generate lower annual returns also in validation set. 
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Figure 7 Average validation set results from 5-fold cross validation 

 

Parameter values chosen as the most optimal are the ones with the lowest difference 

between training and validation set from each performance metric group. These parameter 

tuning results gathered from training set can be seen in table 3.  

 

Table 3 Parameter tuning results 

 

 

 Value LMA SMA Difference

Annual Return 177.6% 1100 80 0.1%

APPT 1.0% 500 30 0.5%

MDD 21.5% 200 70 0.4%

Sharpe Ratio 20.0 600 40 7.0%
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Figure 8 visualizes the tuned moving average cumulative return performance in the 

training set in comparison to buy-and-hold strategy. B&H strategy clearly outperformed 

during the 2016 to 2017 bull market, but after the peak all strategies started to generate 

more returns, some of them outperforming B&H strategy profit wise around the time of 

peak market bottom in 2018. EMA1100-80 and EMA 600-40 were the only strategies that 

outperformed B&H strategy during the training set period. Those were also the two EMA 

combinations with longest LMA period length out of the 4 most optimal EMA’s. The 

outperformance could be explained by reduced trading signals. As mentioned earlier, 

longer EMA period length combinations generate trading signals less frequently, which 

mean reduced fee costs.   

 

 

 

Figure 8 Portfolio development with most optimal EMA strategies compared to B&H strategy in training set. Initial 
investment starts at $1000 
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Tuned EMA combinations and B&H strategies performance metrics are gathered in table 

4. Annual returns are very similar with all strategies, largest difference comes down to the 

other metrics. Strategies that outperformed B&H based on annual returns (EMA600-40 and 

EMA1100-80) have similar annual returns but how they got there differs a lot. EMA600-

40 strategy executed 417 trades while EMA1100-80 only did 247. EMA1100-80 had a 

little higher annual return, Sharpe ratio and APPT values but had a smaller MDD. Based 

on these training set results EMA1100-80 would be considered the most optimal trading 

strategy. 

 

Table 4 Tuned Moving average cross over combination metrics performance in training set 

 

 

EMA1100-80 outperforms B&H strategy by 26 % in annual returns. It is not a lot 

considering that the strategy took 247 trades during the time while B&H only opened and 

closed one trade. On the other hand, with B&H strategy, the traded had to sit through much 

larger draw downs since EMA1100-80 only had MDD of 24.1 %, whereas B&H had MDD 

of 84.3 %. 

 

5.2. Moving average testing results 

The 4 most optimal moving average strategies gathered from training, are now moved to 

testing set, to see how the performance changes when different subset of the dataset is 

used. Portfolio performances in the test set can be seen below in figure 9.  

 

Strategy Annual return(%) Sharpe APPT(%) MDD(%) Trade Count

EMA200-70 97 17.2 0.6 12.0 671

EMA500-30 89 17.3 0.7 19.5 559

EMA600-40 121 20.1 1.1 37.6 417

EMA1100-80 127 26.8 2.0 24.1 247

B&H 101 1.2 101 84.3 2
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Figure 9 Portfolio development with optimized EMA strategies compared to B&H strategy in testing set. Initial 
investment is $1000. 

 

As can be observed from figure 9, none of the strategies were able to outperform B&H 

strategy in testing set except for a short period during the market crash in 2020. EMA500-

30 and EMA600-40 performed the best. The worst performing strategy was EMA1100-80, 

which was the best performer in the training set. Interestingly, all the strategies performed 

well and were able to outperform B&H strategy during 2020 market crash caused by 

COVID-19. During the 2020-2021 extreme bull market conditions, all the strategies except 

EMA1100-80 were able to generate notable profits during the market rise but were not able 

to beat B&H strategy. EMA1100-80 was not able to generate any return during the strong 

market rise but instead generated negative return. 
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Performance metrics in test set can be seen in table 5. Notably highest annual return can be 

achieved with B&H strategy, EMA strategies are not able to generate as high returns and 

with EMA1100-80 the return is even negative. EMA1100-80 seems not to be able to react 

fast enough to capture the larger upside movements considering the returns stay flat while 

shorter EMA strategies are able to generate profits. EMA500-30 and EMA600-40 were the 

best performing strategies in the testing set based on annual returns Sharpe ratios, APPT 

values and MDD values. EMA600-40 was the second best performing moving average 

strategy in the testing set, as it also was in the training set. 

 

Table 5 Test set results with tuned parameters 

 

 

Table 6 contains the performance metrics percentual difference between testing and 

training sets and the average absolute difference. Overall performance metric values differ 

a lot between training set and testing set.  In the test set MDD values are higher and APPT 

values lower in every moving average strategy compared to training set. Also, Sharpe 

ratios are lower and annual returns smaller. EMA strategies performed worse in the testing 

set than in the training set. On the other hand, B&H strategy performed better in the test set 

compared to training set. Judged by average difference, EMA600-40 had smallest 

difference between training and testing set alongside with B&H.  

 

Strategy Annual return(%) Sharpe APPT(%) MDD(%) Trade Count

EMA200-70 35 10.9 0.4 51.9 312

EMA500-30 77 15.4 0.6 46.2 296

EMA600-40 63 15.2 0.8 40.6 222

EMA1100-80 -19 2.68 0.2 64.8 146

B&H 139 1.5 139 33.5 2
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Table 6 Difference between training and testing set performance metrics and average absolute difference 

 

 

Buy-and-hold strategy seems to be very hard to win with momentum-based trading 

strategies. Based on training, testing and the difference between these results, it could be 

concluded that EMA600-40 is the most optimal EMA strategy out of the tested strategies.  

 

5.3. Bollinger band training results 

Combined number of 112 Bollinger band strategies were used in training set. In figure 10 

can be seen the strategies performance during training compared to B&H. The best 

performing Bollinger band combination was MA30-STD1.8 (meaning simple moving 

average period length of 30 and standard deviation multiplier of 1.8) which was able to 

quadruple the initial investment. Notably none of them were able to outperform B&H 

strategy except for a short period in 2016.  The strategies seem to perform best during 

times of sideways market. During the large rise in Bitcoin’s market capitalization during 

2017, the strategies were not able to generate return. After the 2017 peak most strategies 

start to generate larger return than before the peak but never reaching returns generated 

with B&H.  

 

 

Strategy Annual return Sharpe APPT MDD Average Difference

EMA200-70 -64 % -40 % -33 % 326 % 116 %

EMA500-30 -13 % -12 % -14 % 141 % 45 %

EMA600-40 -48 % -25 % -87 % 8 % 42 %

EMA1100-80 -115 % -88 % -98 % 167 % 117 %

B&H 38 % 5 % 38 % -61 % 35 %
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Figure 10 Portfolio development of Bollinger Band strategies compared to B&H in training set. Initial investment starts 
at $1000. 

 

Figure 11 contains heatmaps of performance metrics during training set. Annual returns are 

negative almost with every strategy. MA30-STD2.0 generates the largest annual return. 

The worst strategies are the ones with MA20 and standard deviation multiplier below 1.9. 

Strategies that combine very short MA and standard deviation multiplier generate high 

number of trades. Naturally, strategies with combination of long MA and high standard 

deviation multiplier generate trades much less frequently. Poor returns might be caused, at 

least partly, by the high number of trades most of the BB strategies take. Sharpe ratios and 

APPT values are the best with moving average between 20 and 50 with standard deviation 

below 2.5. MDD values are the best with moving averages 20, 30, 40 with standard 

deviation multiplier between 1.8 and 2.5. Also, MA10 combined with STD between 2.6 

and 3 seems to generate smaller MDD, but this probably could be explained by the smaller 

number of trades these strategies take compared to the other strategies. 
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Figure 11 BB training average 5-fold performance metrics in training set 

 

With validation set (figure 12), annual results get little better compared to training set. The 

best annual return, APPT and Sharpe ratio values are genereated with standard deviation 

multiplier below 2.3 combined with MA between 20 and 50. The worst values are 

generated with long MA combined with high standard deviation multiplier. Smallest MDD 

values are with MA10 and standard deviation above 2.5. Again, this could be explained by 

the smaller trade amount with these strategies compared to the others. 
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Figure 12 BB training average 5-fold performance metrics in validation set 

 

The most optimal parameter values for Bollinger bands were chosen as the once with the 

lowest difference between training and validation set from each performance metric group. 

The results can be seen in table 7.  

 

Table 7 BB parameter tuning results 

 

 

 Value MA STD* Difference

Annual Return 24.1% 30 2.3 8.5%

APPT 0.03% 30 1.7 2.1%

MDD 33.1% 30 2.2 25.8%

Sharpe Ratio 2.1 20 2.0 7.4%
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Figure 13 visualizes the cumulative returns of the most optimal Bollinger band strategies in 

the training set in comparison to buy-and-hold strategy. None of them came even close to 

the returns generated with B&H strategy. Judged by cumulative return, the most profitable 

strategy was MA30-STD2.2 and the least profitable was MA30-STD1.7.  

  

 

 

Figure 13 Portfolio development with tuned Bollinger band parameters in training period. Initial investment $1000. 

 

Tuned Bollinger band strategies and B&H strategy performance metrics in training set are 

gathered in table 8. As can be seen, only two of the BB strategies were able to generate 

positive annual return. Those strategies are MA30-STD2.2 and MA30-STD2.3. These 

strategies are very similar: both include MA30, and the standard deviation multiplier is 

also very similar between them. APPT, MDD, annual return and Sharpe ratio values are a 

little bit better with MA30-STD2.2. Based on that, MA30-STD2.2 is the most optimal 

Bollinger band strategy judge by results in training set. Notable is that all the strategies 

have significantly higher number of trades compared to moving average strategies. 
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Table 8 BB tuned strategies performance metrics in training set 

 

 

Bollinger band strategies could not win B&H strategy in training set on annual returns, but 

Sharpe ratios and MDD values are better with BB strategies compared to B&H. All in all, 

with buying and holding the trader can generate larger profits compared to Bollinger band 

trading strategies, but the trader must sit through a much larger maximum draw down and 

portfolio volatility compared to BB strategies. 

 

5.4. Bollinger band testing results 

The performance of the four most optimal Bollinger band strategies in the testing set can 

be seen in figure 14. None of the tuned Bollinger band parameter combinations were able 

to generate positive annual return during the testing period and were significantly 

outperformed by B&H strategy. MA20-STD2.0 was the best performer out of the four 

strategies. This strategy also happens to be the one of the Bollinger’s suggestions for the  

optimal BB parameter set up. It was the only strategy that was able to momentarily 

outperform B&H strategy during the 2020 market crash. 

Strategy Annual return(%) Sharpe APPT(%) MDD(%) Trade Count

MA20-STD2.0 -14 2.1 0.03 48.4 1432

MA30-STD1.7 -17 2.0 0.03 57.5 1512

MA30-STD2.2 39 4.9 0.08 33.1 1091

MA30-STD2.3 24 3.7 0.07 35.1 998

B&H 101 1.2 101 84.3 2
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Figure 14 Portfolio development with tuned BB strategies in testing set. Initial investment $1000 

 

Bollinger bands and B&H strategy’s performance metrics in testing set are gathered in 

table 9. B&H strategy outperforms BB strategies in all performance metrics. Notable again 

is the high trade amount BB strategies generate. This is likely part of the reason why 

annual returns are negative. It could be that BB strategies would work better with higher 

timeframe trading than what was used in this study, but this needs to be studied further. 
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Table 9 BB test set results with tuned parameters 

 

 

In table 10 are the performance metrics differences between training and testing sets. As 

can be seen, results differ a lot between different data subsets. Overall, annual returns 

Sharpe ratios and APPT values are worse in testing set compared to training and MDD 

values are higher in testing than training. With B&H strategy the results are the opposite: 

annual return, Sharpe ratio and APPT are higher in testing and MDD value lower 

compered to training set. Smallest average difference in the Bollinger band trading 

strategies is in MA20-STD2.0.  

 

Table 10 Difference between BB training and testing set performance metrics and average absolute difference 

 

 

Based on the average differences, MA20-STD2.0 is the most optimal BB strategy, which is 

also in line with Bollinger’s (2002) suggestion for the optimal parameter combination set 

up. Similarly with moving average results, buy-and-hold strategy seems to be very hard to 

win with mean reversion trading strategies.  

Strategy Annual return(%) Sharpe APPT(%) MDD(%) Trade Count

MA20-STD2.0 -7 0.5 0.005 55.6 3817

MA30-STD1.7 -48 -5.2 -0.05 78.2 4432

MA30-STD2.2 -54 -10.4 -0.09 80.3 2620

MA30-STD2.3 -51 -10.6 -0.1 75.7 4435

B&H 139 1.5 139 33.5 2

Strategy Annual return Sharpe APPT MDD Average Difference

MA20-STD2.0 -50 % -76 % -83 % 15 % 56 %

MA30-STD1.7 182 % -360 % -267 % 37 % 211 %

MA30-STD2.2 -238 % -312 % -213 % 142 % 226 %

MA30-STD2.3 -313 % -386 % -243 % 115 % 264 %

B&H 38 % 25 % 38 % -61 % 40 %
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6. Conclusion 

The objective of this thesis was to research mean reversion and momentum trading 

strategies performance on short timeframe Bitcoin trading. The aim is to find out if there 

are any notable performance differences between these strategies. This study finds the 

most optimal parameter set ups for moving average cross overs and Bollinger band 

strategies and then compares them to a simple buy-and-hold strategy. The goal by doing 

this is to find out, if by holding Bitcoin trader would outperform mean reversion and 

momentum strategy based on annual returns, Sharpe ratios and maximum draw down.  

 

The main finding of this study is that buy-and-hold strategy is very challenging to win by 

using momentum or mean reversion strategies. Although difficult, it is not impossible to 

generate larger annual returns with short time frame trading. Some momentum strategies 

were able to generate larger annual returns than buy-and-hold strategy, but the results were 

not consistent when different data subset were used. None of the mean reversion strategies 

on the other hand were able to win buy-and hold strategy on short time frame trading based 

on annual returns. Sharpe ratio and maximum draw down values were better with both 

momentum and mean reversion strategies compared to buy-and-hold strategy on training 

set, but these results could not be repeated with different data subset, except for Sharpe 

ratios on momentum strategies.  

 

The most optimal parameter combination for moving average cross overs was combination 

of exponential moving average period length of 600 and 40 (EMA600-40), which was able 

to beat buy-and-hold strategy on training set. Additionally, it was able to generate positive 

annual return with different data subset. EMA600-40 did decently well on each 

performance metric on both data subsets. Bollinger band strategies did not perform well on 

short time frame Bitcoin trading. These strategies build on mean reversion theory 

generated relatively smaller annual returns compared to buy-and-hold strategy, some of 

them only generated negative annual return. Bollinger band strategies did win buy-and-

hold strategy on Sharpe ratios and significantly reduced maximum draw down in 
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comparison to buy-and-hold on training set, but the results could not be repeated with 

different data subset. Overall result was that Bollinger band parameter combination of 

moving average period length 20 and standard deviation multiplier 2.0 (MA20-STD2.0) 

was the most optimal Bollinger band strategy. This is also the standard parameter setup for 

Bollinger bands, so the results support that theory.  

 

Main difference with momentum and mean reversion strategy on short time frame Bitcoin 

trading comes down to the amount of trades strategies build on these theories take. 

Momentum strategies had significantly lower number of trades compared to mean 

reversion strategies. This means the fee payments are higher with mean reversion 

strategies, which could be at least part of the reason momentum strategies had better results 

on this study. This study was done on short time frame trading, so one theory could be that 

momentum strategies work better on short time frame trading. But it is possible that mean 

reversion strategies generate better results on longer time frame. This could be a topic for 

further studies to compare mean reversion and momentum strategies on different trading 

timeframes on Bitcoin market.  

 

In conclusion, momentum trading strategies should be used over mean reversion strategies 

when dealing with Bitcoin short time frame trading. With that said, the results generated 

with momentum trading are not significantly better – they are sometimes even worse, 

compared to pure holding. Thus, holding Bitcoin might be the best option at least on short 

timeframe since the transaction fee payments would be significantly lower. 
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Appendices 

Appendix 1 Moving average metrics on training set (iteration 1) 

 

 

Appendix 2 Moving average metrics on training set (iteration 2) 
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Appendix 3 Moving average metrics on training set (iteration 3) 

 

 

Appendix 4 Moving average metrics on training set (iteration 4) 
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Appendix 5 Moving average metrics on training set (iteration 5) 

 

Appendix 6 Bollinger Band metrics on training set (iteration 1) 
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Appendix 7 Bollinger Band metrics on training set (iteration 2) 

 

 

Appendix 8 Bollinger Band metrics on training set (iteration 3) 
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Appendix 9 Bollinger Band metrics on training set (iteration 4) 

 

Appendix 10 Bollinger Band metrics on training set (iteration 5) 
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