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Abstract

Ten years have passed since the emergence of Bitcoin and with it cryptocur-

rencies as a new class of assets. Now, cryptocurrencies are not uncommon

tool of investment and subject of academic research. This thesis focuses on

investigating possible presence of weekly and monthly seasonal patterns in

cryptocurrencies, namely Bitcoin, Litecoin, Ripple, Monero, Dash, Stellar

and partly Ethereum, which are selected as representative sample. Insuffi-

cient evidence is found for the day-of-the-week effect, the January effect is

however revealed as significant by different methods in the whole sample,

with cryptocurrencies generally exhibiting higher returns towards the end

of the year and lowest from January to March. Examining probable causes

of revealed seasonality, it is found that these are not likely to be caused by

peculiar price development in 2017 and 2018, as well as the Chinese New

Year or brought to the market by proposed price drivers of Bitcoin. How-

ever, significant evidence for correlation of patterns followed by Bitcoin and

other examined cryptocurrencies is found.
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Abstrakt

Od vzniku Bitcoinu a s ńım i kryptoměn jako nového typu aktiva uplynulo již

deset let. Nyńı jsou kryptoměny nezř́ıdka využ́ıvány jako investičńı nástroj,

nebo se stávaj́ı předmětem akademického výzkumu. Tato práce se zaměřuje

na zkoumáńı možné př́ıtomnosti týdenńıch a měśıčńıch sezónnost́ı v kryp-

toměnách, konkrétně měnách Bitcoin, Litecoin, Ripple, Monero, Dash, Stel-

lar a částečně Ethereum, které jsou zvoleny jako reprezentativńı vzorek.

Pro př́ıtomnost efektu dne v týdnu nejsou nalezeny dostatečné d̊ukazy, nao-

pak lednový efekt je shledán významným za použit́ı r̊uzných metod v celém

vzorku, přičemž kryptoměny obecně vykazuj́ı vyšš́ı výnosy ke konci roku

a nejnižš́ı výnosy od ledna do března. Při zkoumáńı pravděpodobných

př́ıčin nalezených sezónnost́ı je zjǐstěno, že tyto nejsṕı̌s nejsou zp̊usobeny

specifickým vývojem cen v letech 2017 a 2018, ani Č́ınským Novým rokem

nebo předpokládanými komponenty ceny Bitcoinu. Zároveň je nalezena

významná korelace mezi vzory ve vývoji ceny Bitcoinu a daľśıch zkoumaných

kryptoměn.

Kĺıčová slova

Kryptoměny, Bitcoin, Sezónnost, Efekt dne v týdnu, Lednový

efekt, Efekt Č́ınského Nového roku
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Preliminary Description of Content

Research question and motivation

The purpose of the thesis is to test the hypothesis that seasonalities such as

the January effect or the day-of-the-week effect exist in the cryptocurrency

markets. The thesis shall focus primarily on Bitcoin as the oldest crypto-

currency with the highest market capitalization. Apart from a paragraph

in Martin Haferkorn’s and Josué Diaz’s article, that focuses mostly on sim-

ilarities of Bitcoin and other cryptocurrencies, no academic paper on this

topic has been published so far, making this question an interesting subject

of research.

Contribution

Even though the seasonality in cryptocurrency markets is often a topic of

discussions, no academic paper addressing it is available. The main con-

tribution of this thesis is therefore to verify or to refute the claims that

seasonality appears in the markets for cryptocurrencies, and thus to con-

tribute to investment strategies of cryptocurrency investors.

Methodology

The thesis shall work with data provided by Coinmarketcap, and using re-

gression analysis it shall test the hypothesis whether seasonalities exist in

the cryptocurrency markets.
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1 Introduction

The Bitcoin’s white paper was released in 2008 (Nakamoto, 2008) and the

Bitcoin network was launched on January 3, 2009. During the decade of its

existence, it has been rapidly gaining attention and it has often been topic

of media, business and academic discussion, yet the field of decentralized

digital cryptocurrencies is still relatively new and unexplored.

As a consequence, many market analyses that are routinely being conduc-

ted for stock market indices, tradable commodities or currency exchanges

have not been performed for the cryptocurrency markets. Among these

analyses is the analysis of market anomalies, namely presence of seasonal

patterns in the cryptocurrency markets.

The purpose of this thesis is to conduct such analysis in detail for Bitcoin

and several other cryptocurrencies (Litecoin, Ripple, Monero, Dash, Stellar

and partly Ethereum), referred to as altcoins, and eventually also inquire

into causes of revealed patterns. There are several reasons for undertaking

said analysis.

Firstly, with cryptocurrencies, and especially Bitcoin, as the cryptocur-

rency with the highest market capitalization and the most popular crypto-

currency with investors, not only as part of every portfolio containing crypto-

currency on its own merits, but also as gateway to purchasing altcoins on

certain cryptocurrency exchanges (DeVries, 2016), becoming increasingly

accepted as investment tools, a detailed analysis of repeating patterns in

development of their prices is justified in order to test whether the crypto-

currency market is efficient in terms of the efficient market hypothesis (Fama,

1965). If certain seasonal patterns are found, this would mean that we might

be to some extent able to predict future development of the market based on

revealed patterns, contrary to the efficient market hypothesis. If this is the

case, it would allow for improved investment strategies based on revealed

seasonality.

Secondly, such an analysis is desirable in order to verify or refute the

popular beliefs of the wider cryptocurrency community, which is typically
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convinced of presence of seasonal development in the price of Bitcoin and

altcoins to such extent, that it even coined phrases such as Saturday pump

or Monday dump, as well as January lows (usually assigned to the upcom-

ing Chinese New Year celebrations) and summer highs or December rally

(Bourgi, 2018).

Finally, the discussion about presence of seasonal patterns in the crypto-

currency markets is important with regard to the viability of their function

as money. In order for a cryptocurrency to fulfill the traditional functions

of sound money, it should not only serve as a means of exchange (a function

that Bitcoin and several others seem to be gradually acquiring), but also

as a unit of account and store of value. While researchers have conducted

several analyses of cryptocurrencies’ fulfillment of these functions (Ammous,

2016), both from the perspective of the cryptocurrencies’ technical proper-

ties (Lánský, 2018) and the market’s behaviour, with special focus on the

volatility in Bitcoin (Gronwald, 2014), an analysis focusing on market an-

omalies in the development of prices is markedly missing. Presenting such

analysis not only in part specifies particular patterns in the volatility of the

cryptocurrencies’ value, but also contributes to answering the question of

whether cryptocurrencies might perform the role of store of value and unit

of account.

The analysis itself is organized as follows. In the following section 2 Lit-

erature Review, subsection 2.1 Cryptocurrencies, the choice of our examined

cryptocurrency sample is justified and basic information on each cryptocur-

rency is given. Subsection 2.2 Seasonality defines important terms of our

analysis and justifies our focus on day-of-the-week and January effect and

then goes on to summarize existing literature on which this thesis builds.

Section 3 Data Description is dedicated to the description of the dataset

used in later analysis, while utilized methods of the analysis are outlined in

section 4 Methodology, and the results obtained by indicated methods on

said data are reported chronologically in section 5 Results. Finally, section

6 Conclusion sums up the results and reflects on them in connection to our

2



goals outlined in this section. Additional figures and tables supporting the

conclusions are presented in the Appendix.
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2 Literature Review

This section outlines the existing literature and research on the topic of

cryptocurrencies (in section 2.1), on seasonal patterns that shall later be

examined (in section 2.2), and briefly also on economic theory related to the

content of the thesis (in section 2.3).

2.1 Cryptocurrencies

Cryptocurrencies are a class of digital assets widely employing cryptography

in order to secure transactions. Lánský (Lánský, 2018) formally defines a

cryptocurrency as a system that does not require any central authority, keeps

account of its units and ownership of these units, defines how new units

are created, the ownership of units can be proved only cryptographically,

transactions of units are allowed, and so-called double-spending (attempt to

use a unit for more different simultaneous transactions) is prevented. As we

shall see, these properties are not strictly fulfilled for all assets for which the

term cryptocurrency is used, as some of the aspects of the definition, most

often the decentralization assumption, are to some extent violated. More

technical description and definition is given for instance by Gatteschi et al.

(Gatteschi et al., 2018).

Cryptocurrency Sample

Individual cryptocurrencies vary greatly in their properties, such as the de-

gree of anonymity or the method and frequency of creating new units. We

will examine the following sample of seven cryptocurrencies deemed repres-

entative of the total of more than 2000 cryptocurrencies (2022 by March

12, 2019, as reported by Coinlore at https://www.coinlore.com/all coins)

because of their particular properties.

• Bitcoin (BTC)

Bitcoin is the oldest currently existing cryptocurrency with the highest

market capitalization of all cryptocurrencies (as reported by CoinMar-
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ketCap at https://coinmarketcap.com), with which also vast majority

of academic research is concerned. It is compliant with all aspects

of Lánský’s definition of a cryptocurrency, as it is decentralized, with

transactions being verified by a network of nodes by means of proof-of-

work algorithm and approximately every 10 minutes recorded in form

of a new block on public blockchain shared by the nodes (Nakamoto,

2008). Upon completing the proof-of-work and thus creating a new

block, a member of the Bitcoin network is rewarded with newly issued

units of Bitcoin, the amount of which halves approximately every 4

years, with the total supply of Bitcoin being limited to 21 000 000.

With all transactions recorded with addresses concerned on public block-

chain, Bitcoin has been called pseudonymous (Bonneau et al., 2015),

as the addresses’ owners are not explicitly identified.

Bitcoin has also gone through over a hundred hard forks, splitting

the Bitcoin network (Gasanov and Ereshko, 2018). When Bitcoin is

referred to, it means the original Bitcoin Core (BTC) network (ht-

tps://bitcoin.org) for the purpose of this thesis.

• Litecoin (LTC)

Litecoin is one of the earliest altcoins, launched in 2011, with func-

tionality and technical parameters very similar to those of Bitcoin (as

described at https://litecoin.org). Among the differences is faster gen-

eration of new blocks on Litecoin (approximately every 2.5 minutes),

higher total supply limit (81 000 000 units) and different hashing func-

tion.

Litecoin is chosen to the sample due to its long-term leading position in

total market capitalization (consistently in highest 5 in market capital-

ization, according to CoinMarketCap.com (https://coinmarketcap.com)),

and because it is a typical representative of an altcoin fulfilling Lánský’s

definition, building on Bitcoin while trying to improve one of its func-

tions, in Litecoin’s case the speed of transaction verification.
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• Ripple (XRP)

Ripple is the third largest cryptocurrency by market capitalization (As

reported by CoinMarketCap.com by March 16, 2019), created by Ripple

Labs Inc. in 2012. Ripple is a payment network able of settling trans-

actions in fiat currencies, cryptocurrencies, commodities or financial

instruments, aiming to reduce transaction fees and processing time of

transactions (as described at https://ripple.com).

Ripple network is also based on open-source blockchain, unlike Bitcoin,

however, there is no given issuance schedule of new tokens. Instead,

all Ripple tokens have been issued upon its creation, a total of 100 bil-

lion, and with Ripple tokens being consumed by being used to pay for

a transaction, the total supply is actually decreasing. As new Ripple

tokens are not created by process of mining through proof-of-work sys-

tem, and since a majority of Ripple tokens are still owned by Ripple

Labs (Cheng, 2018), Ripple is not decentralized and thus not in fact a

cryptocurrency as defined by Lánský.

Ripple represents in the selected sample tokens radically different from

Bitcoin, as it in fact does not aspire to be a currency, since it is not

designed to fulfill the characteristic functions of money, but merely as

a token used for processing transactions on the Ripple network.

• Monero (XMR)

Monero was launched in 2014 with white paper released in 2013 (van

Saberhagen, 2013), and is selected to the sample to represent the class of

fully anonymous cryptocurrencies, among which Monero has the highest

market capitalization (as reported by CoinMarketCap.com by March

16, 2019). Monero is also not using a derivative of Bitcoin’s block-

chain like Litecoin, but operates a unique CryptoNight proof-of-work

protocol.

Through combination of so-called ring signatures, a type of digital sig-

nature grouping transactions in order to make it computationally more
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complicated to reveal the identity of the sender, dual-key stealth ad-

dresses, requiring the user to create a single-use address for reception

of payments, thus concealing the identity of the receiver, and Ring

Confidential Transactions in order to hide the amount transferred (van

Saberhagen, 2013), Monero effectively achieves anonymity.

Monero also differs from Bitcoin in that while new units of Monero are

also being created in intervals of about two minutes, there is no fixed

supply of total units (van Saberhagen, 2013).

• Dash (DASH)

Presence of Dash in the sample can be viewed as a link between Lite-

coin and Monero. Originally a fork of Bitcoin, launched in 2014 as

XCoin, Dash promises increased speed of transactions and possibility

of anonymity (as described at https://www.dash.org).

Anonymity is secured by a network of masternodes - nodes containing

at least 1000 Dash units, as well as fulfilling several other requirements.

Masternodes then anonymize transactions by mixing units sent by func-

tion PrivateSend with other units on the masternode, thus obfuscating

the identity of the sender. The masternodes also vote on altering the

Dash blockchain. Alternatively through InstantSend, it is possible to

send non-anonymized faster transactions (Duffield and Diaz, 2018).

New blocks on Dash are created approximately every 2.5 minutes and

total supply of Dash is set to be 18 000 000 units.

• Stellar (XLM)

Just as Ripple, Stellar is not a cryptocurrency in its own right as de-

scribed by Lánský (Lánský, 2018), but a payment network. The net-

work, launched in 2014, uses the token Lumen (XLM) and tokens rep-

resenting other financial instruments and currencies (as described at

https://www.stellar.org).

Just as with Ripple, 100 billion units of stellar were released upon the

network’s launch, and new units are not being created by the process
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of mining. New tokens are however also being created by predefined

schedule. Mining as such is replaced by Stellar Consensus Protocol in

order to verify transactions, where validators create new blocks upon

reaching consensus - without consensus, no blocks are created.

As Ripple, Stellar is not decentralized due to its premined tokens and

general features of the network, and the XLM token serves only to

settle transactions on the network. Stellar also allows creation of smart

contracts and ICOs, not possible on Ripple.

• Ethereum (ETH)

Ethereum is considered only in certain parts of our analysis due to

shorter range of available data (launched in 2015), yet due to its prom-

inence among cryptocurrencies (second in market capitalization as of

March 16, 2019, as reported by CoinMarketCap.com), it cannot be

omitted from a truly representative sample.

First conceived in 2013, the purpose of the Ethereum network is to ac-

commodate creation of smart contracts, for which the Ether tokens are

used. Transactions in Ether are also pseudonymous, and average time

for adding a new block to Ethereum blockchain is about 15 seconds,

making transactions in Ether faster than in Bitcoin. There is no limit

on the total supply of Ether, with 72 000 000 tokens premined and

new tokens being created by mining at constant rate (as described at

https://www.ethereum.org).

Even if it fulfills Lánský’s definition of a cryptocurrency, the import-

ance of Ethereum is primarily that of a pioneer in the sphere of smart

contracts.

This sample is therefore chosen to represent digital currencies of different

characteristics with high market capitalization and longest time in existence

to enable us to operate with cryptocurrencies that can be considered as more

stable and consequently look for possible patterns.
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Cryptocurrency General Review

The thesis also builds on existing research in the sphere of cryptocurrencies,

which is mostly focused on Bitcoin. Regarding price and market character-

istics of cryptocurrencies, their high volatility has been often investigated.

Gronwald (Gronwald, 2014) argues that Bitcoin exhibits extreme price move-

ments, characteristic for immature market, while Ammous (Ammous, 2016)

evaluates five cryptocurrencies (from our sample Bitcoin, Litecoin, Ripple

and Ethereum) and finds that their value is expected to stabilize, especially

for Bitcoin, which according to Ammous is the only cryptocurrency able

to eventually function as store of value. Bhosale and Mavale (Bhosale and

Mavale, 2018) on the other hand see more potential regarding increasing

stability in Litecoin. Sontakke and Ghaisas (Sontakke and Ghaisas, 2017)

further support the hypothesis of cryptocurrencies becoming gradually less

volatile as the market matures.

Others researched the question of whether Bitcoin is money or a spec-

ulative asset with different results, notably Yermack (Yermack, 2013), who

concludes that Bitcoin fails to satisfy the criteria of money, its price devel-

opment shows no correlation with fiat currencies or gold, and is therefore

a speculative investment rather than a currency. Lo and Wang (Lo and

Wang, 2014) are also sceptical to Bitcoin’s becoming a competition to fiat

currencies, as it is prone to centralisation and thus loss of its distinctive

characteristics. Hanley (Hanley, 2013) even goes on to suggest that Bitcoin,

as it has no intrinsic value, is a “throwback to pre-medieval finance”.

Glaser et al. (Glaser et al., 2014) find evidence that especially new users

approach cryptocurrencies as alternative to traditional investments and not

as potential payment systems. Luther and White (Luther and White, 2014)

focus on price drivers of Bitcoin, finding that its attractiveness to investors

affects it more strongly than market forces and macro-financial development,

rendering it unlikely to be perceived as money.

Burniske and White (Burniske and White, 2017) also argue that Bit-

coin’s value is mostly driven by speculative investors, and proceed to sug-
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gest cryptocurrencies as new type of asset altogether. They however also

conclude that Bitcoin exhibits little correlation with S&P 500, gold prices,

and other conventional investment assets examined.

Contrary to that, Kaplanov (Kaplanov, 2012) finds Bitcoin to function

well as community money, as well as possibility for global commerce. Fur-

thermore, Kristoufek (Kristoufek, 2015) concludes that Bitcoin in fact does

react to several market drivers in the long-run, and Bolt and van Oort (Bolt

and van Oordt, 2016) find three important market components of the price

of Bitcoin, namely the current usage of the cryptocurrency for transactions,

decision of investors to buy into the cryptocurrency, and willingness of the

market in general to adopt it. Kristoufek (Kristoufek, 2013) also find con-

nection between the price of Bitcoin and search queries on Wikipedia and

Google.

Analysis has also been conducted by Haferkorn and Diaz (Hafernkorn

and Diaz, 2015) for interconnectivity among Bitcoin, Litecoin and Name-

coin, and day-of-the-week , monthly and yearly seasonal effect in number

of transactions, regressing first difference of number of transactions of a

cryptocurrency in given period on first difference of number of transactions

in other cryptocurrencies and seasonal dummy variables. They find a pres-

ence of day-of-the-week effect, while they fail to find similarity in patterns

among the cryptocurrencies and predict that they continue to diverge.

2.2 Seasonality

By seasonal patterns or seasonality, we mean a characteristics of time-series

data measured in regular intervals (in our case daily), where a predictable

pattern recurs in regular intervals, such as when expected value of a vari-

able is significantly different among defined periods (like days of the week)

(Wooldridge, 2012). Only day-of-the-week and monthly seasonality is ex-

amined in the thesis. This is due to the peculiar nature of cryptocurrencies

outlined in section 2.1 Cryptocurrencies - as cryptocurrencies are operated

without closing hours worldwide, investigating within-day seasonality would
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likely not provide meaningful results, as the results would likely mirror the

course of the day in different time zones. It is also worth noting that day-

of-the-week effect, while examined, may (if found) for similar reason be

incomparable with that of other classes of assets that are not traded during

the weekend, since cryptocurrencies are again being traded all seven days of

the week.

Existing research can be classified by the type of seasonal pattern that

was subject to investigation, as well as by the market on which it was invest-

igated. We choose the former approach, with special focus on the January

effect (or monthly seasonality) and day-of-the-week effect (or Monday effect),

as these are mostly of interest.

• January effect

Among the first to observe the monthly seasonal effect was Wachtel

(Wachtel, 1942), who observed abnormal returns to American stocks

(using Dow Jones industrial average) in January between 1927 and

1942, possibly coining the phrase January effect, meaning significantly

higher returns in January. Significantly higher than average mean re-

turns are also discovered by Rozeff and Kinney (Rozeff and Kinney,

1976) for the New York Stock Exchange on long-range data from 1904

to 1974 - curiously with the exception of the period from 1929 to 1940,

where the difference was not found to be statistically significant.

This effect was observed on the stock markets worldwide, as Agrawal

and Tandon (Agrawal and Tandon, 1994) have found, using ordinary

least squares with seasonal dummy variables on data from 18 countries

to test presence of January effect (as well as Friday the 13th effect,

turn-of-the-month effect and weekend effect). They found significant

monthly seasonality in stock markets in 10 of the countries, with above

average returns in January. They also find significant turn-of-the-month

effect in most of the examined countries.

The presence of the month-of-the-year effect on stock markets has

been repeatedly confirmed, with Gutelkin and Gutelkin (Gutelkin and
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Gutelkin, 1983) examining its presence in 17 major industrialized coun-

tries, finding “disproportionately large January returns in most coun-

tries”. They further hypothesize about the effect’s coinciding with the

tax year. Alagidede (Alagidede, 2012) confirms the presence of month-

of-the-year effect in African stock market, using both OLS regression

with seasonal dummy variables and logarithmic dependent variable

model and model accounting for conditional volatility in monthly data,

and finding “that January returns are positive and significant for Egypt,

Nigeria and Zimbabwe. February returns are higher for Kenya, Morocco

and South Africa. Tunisia has no monthly seasonality”. Alagidede also

rules out the hypothesis of turn of the tax year as reason for the January

effect.

Barone (Barone, 1990) conducts similar study for Italian stock mar-

ket using data from 1975 to 1989, finding that “results obtained are in

line with those found for the U.S. market, with evidence of anomalous

changes, though not all are stable over time”. Brown et al. (Brown et

al., 1983) investigate the presence of January effect in Australia over the

period 1958-1979 with focus on the tax-selling hypothesis (the January

effect being caused by the turn of the tax year), and discover sea-

sonal December-January and July-August effect, speculating that the

coincidence of the seasonal patterns and the tax year “may be more

correlation than causation”. They also find these effects to be more

significant for small firms.

This finding is supported by Keim (Keim, 1983), who focused on the

monthly-seasonality in NYSE and AMEX stock market with respect to

firm size over the period 1963-1979, and found that besides the returns

in January being abnormally high, there also seems to be a significant

relationship between seasonality of returns and firm size, as “relation

between abnormal returns and size is always negative and more pro-

nounced in January than in any other month - even in years when, on

average, large firms earn larger risk-adjusted returns than small firms”.
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This occurrence of small-firm effect within the month-of-the-year ef-

fect is further examined and confirmed by Fama (Fama, 1991), who,

analyzing the S&P 500 market index between 1941 and 1981, finds

that especially small firms realize abnormally higher returns in Janu-

ary, compared to the rest of the market. Blume and Stambaugh (Blume

and Stambaugh, 1983) also agree about the significant effect the inter-

action of January effect and the firm size at NYSE and AMEX, as does

Reinganum (Reinganum, 1981).

From more contemporary studies, Mylonakis and Tserkezos (Mylona-

kis and Tserkezos, 2008) examined the January effect in Athens Stock

Exchange over the period of 1985-2001, and confirm the presence of

significantly higher than average returns in January. Moller and Zilca

(Moller and Zilca, 2008) conduct a comprehensive study of the Janu-

ary effect in NYSE, AMEX and NASDAQ from 1927 to 2004, and

find significantly higher returns in the first part of January, with con-

sequent decrease in the second part of the month. Norvaisiene et al.

(Norvaisiene et al., 2015) analyze seasonality in NASDAQ OMX in

Tallinn, Riga and Vilnius from 2003 to 2014, confirming the hypothesis

of significantly higher returns in January for the Baltic stock exchange.

Logarithmic returns are used as dependent variable for their regression

analysis consisting of dummy variable OLS estimation.

On the other hand, Bohl et al. (Bohl et al., 2005), using the same meth-

odology as Norvaisiene et al. (Norvaisiene et al., 2015) on the Warsaw

stock exchange from 1994 to 2004 discoveres gradual disappearance of

the January effect. This is supported by Giovanis (Giovanis, 2009),

who, conducting a study of 55 stock markets with the same method-

ology as Norvaisiene et al. (Norvaisiene et al., 2015) and Bohl et al.

(Bohl et al., 2005) as well as GARCH models over various time peri-

ods, finds little evidence of January effect (only in 7 out of 55 examined

markets). Instead, 20 of the markets are found to exhibit significantly

higher than average returns in December, and 9 of the markets exhib-
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iting higher returns in February.

Interesting for our later analysis are also seasonal effects in the gold mar-

ket. Tschoegl (Tschoegl, 1987) investigates seasonality of gold prices

over 1975-1984 on monthly data, finding prices to be significantly higher

than average in November and significantly lower in March. More re-

cently, Qi and Wang (Qi and Wang, 2013) found significantly higher

returns in Chinese gold markets in February, April, August, November

and December. Hoang et al. (Hoang et al., 2018) build on Qi and Wang

(Qi and Wang, 2013) in their examination of Shanghai Gold Exchange

over the 2002-2016 period, with further distinguishing “between risk-

averse and risk-seeking investors regarding their investment strategies”.

They find evidence for positive January effect “suitable to risk-averse

investors in bearish periods only”.

• Day-of-the-week effect

Osborne (Osborne, 1962) discovers certain evidence of “weekday peri-

odicity” in American stock markets. Consequently, the day-of-the-week

effect in American stock market was analyzed by Gibbons and Hess

(Gibbons and Hess, 1981), who found that mean returns on Mondays

are significantly lower than average. While higher variance of returns

on Mondays was predictable, as the returns on Monday are in fact also

returns for Saturday and Sunday (as the last preceding trading day is

Friday), Gibbons and Hess find no explanation for the Monday effect

of lower returns.

Plausible explanation is offered by Lakonishok and Levi (Lakonishok

and Levi, 1982), who argue that returns on Mondays should be lower

and returns on Friday should be higher than average “based on the

delay between trading and settlements in stocks and in clearing checks”.

Rogalski (Rogalski, 1984) supports this hypothesis, confirming higher

than average returns on Friday and lower on Monday, while showing

that the difference is indeed caused by the weekend period between

Friday close and Monday close.
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Further evidence for this effect is discovered by French (French, 1980)

on the S&P index between 1953 and 1977, discovering not only lower,

but significant negative returns for Mondays, in general lower for the

other weekdays, and significantly higher for Fridays. Contributing to

this explanation are Keef et al. (Keef et al., 2009), who in their sample

of 50 countries do indeed find negative Monday effect (even if declining

over time) and explain it by the effect of previous day.

Lakonishok and Maberly (Lakonishok and Maberly, 1990) explain the

Monday effect by increased trading activity of individual investors on

Monday, further suggesting that there is a “tendency for individuals to

increase the number of sell transactions relative to buy transactions,

which might explain at least part of the weekend effect”. Wang et al.

(Wang et al., 1997) inspect the Monday effect on long-range data from

1962 to 1993, and conclude that the Monday effect is particularly signi-

ficant in the last two Mondays of a calendar month, with the effect for

Mondays at the beginning of the month not being statistically different

from zero.

More recently, the day-of-the-week effect was examined in the S&P 500

index in the period of 1988-2002 by Kiymaz and Berument (Kiymaz and

Berument, 2003). They find that “the day of the week effect is present

in both return and volatility equations. The highest volatility occurs

on Mondays for Germany and Japan, on Fridays for Canada and the

United States, and on Thursdays for the United Kingdom. For most

of the markets, the days with the highest volatility also coincide with

that market’s lowest trading volume”. Regarding the average returns,

they find these to be highest on Wednesdays and lowest on Mondays,

thus confirming the findings of previous researchers.

Further evidence for this effect are found by Chinko and Avci (Chinko

and Avci, 2009) in Istanbul stock exchange (ISE) during the period of

1995-2008. Their paper concludes that “ISE traded stocks and mar-

ket capitalization based portfolios had significant negative Monday and
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significant positive Thursday and Friday returns”.

Contrary to this, Paudyal and Draper (Draper and Paudyal, 2002),

after applying more rigorous methodology “to examine the effects of

various possible influences simultaneously”, find that “the average Monday

return becomes positive and does not differ significantly from the aver-

age returns of most other days of the week”.

Day-of-the-week seasonality has been investigated in the market for

gold as well, with Ball et al. (Ball et al., 1982) finding significant

higher-that-average returns on Wednesdays. Later researchers however

conclude that the Wednesday effect does not persist in 1980s and later,

with Lucey and Tully (Lucey and Tully, 2006) concluding, after ana-

lyzing gold prices from 1982 to 2002, that just as in the stock market,

“there appears to be a negative Monday effect in both gold and sil-

ver, across cash and futures markets”. One of the latest analysis has

been performed by Borowski et al. (Borowski and Lukasik, 2015), who

discover evidence of the weekend effect in the London Metal Exchange

between 1995 and 2015.

Literature also exists for day-of-the-week effects in other commodity

markets. Keef and Zhu (Keef and Zhu, 2009) for instance examine

Monday effect in American cotton prices from 1987 to 2003, finding

pattern similar to described for the stock market, with negative returns

on Mondays, and furthermore that the “bad Monday effect does not

appear to weaken in close-to-close prices and during the weekend over

the period examined”.

• Holiday effects

Holiday effects in general are one of the often examined seasonal pat-

terns. Holiday effect has been specified as a predictable pattern in re-

turns on days preceding public holidays. This very fact also imply that

particular holidays effect differ between countries with different public

holidays. In their study of seasonalities in Dow Jones Industrial Aver-

age over 90 years time span, Lakonishok and Smidt (Lakonishok and
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Smidt, 1988) find that “pre-holiday returns are 23 times higher than

returns on normal days”. Several other studies confirm the existence

of such effect, for instance Pettengill (Pettengill, 1989), who concludes

in more detail that “returns for trading days immediately before holi-

day closings (pre-holiday trading days) are unusually high regardless of

weekday, year, or holiday closing. Returns for trading days following

holiday closings (post-holiday trading days) are high only if they occur

at the end of the week”.

Holiday effects have been also investigated for regional markets, such

as New Zealand, where Cao et al. (Cao et al., 2009) find significant

evidence for holiday effect, and furthermore that “contrary to interna-

tional evidence, the effect appears to have increased over time”. An-

other such local effect was examined by Meneu and Pardo (Meneu and

Pardo, 2004) in Spanish Stock Exchange. Their “results show high ab-

normal returns on the trading day prior to holidays that are not related

to any calendar anomaly”. They also suggest an explanation for the

persistence of this effect, namely that it is caused by “the reluctance of

small investors to buy on pre-holidays”.

Particularly interesting regarding cryptocurrencies is the research on

the seasonal effects of Chinese Lunar New Year holiday. The Chinese

New Year is the first day of the first month of the Chinese calendar,

which falls between January 21 and February 20. Yuan and Gupta

(Yuan and Gupta, 2014) discover “significantly positive pre-CLNY [Chi-

nese Lunar New Year] holiday effect” in all seven of the examined Asian

stock markets over the period of 1999-2012. Chia et al. (Chia et al.,

2015) confirm these findings in their analysis of Hong Kong stock mar-

ket between 1988 and 2012. They state that “results obtained indicate

the significant two days pre-CNY [Chinese New Year] and one day post-

CNY holiday effects. Results also showed that post-CNY is found to

be more volatile than the pre-CNY”.

Wu (Wu, 2013) conducted an analysis of the Chinese-New-Year effect
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in “unique dataset of Chinese stocks traded in the United States, in the

form of American Depositary Receipts (ADRs)” from 1993 to 2011, to

find “positive holiday effect during the CNY festival”, which however

“becomes statistically insignificant after we control or adjust for the

U.S. market returns”. On the other hand, “the Chinese ADRs have

significantly higher average returns in the week prior to the festival,

but lower average returns in the post-festival week than the rest of the

year”.

The Chinese-New-Year effect has also been studied in the prices of gold.

Rösch et al. (Rösch et al., 2013) find similarities between the stock

market and the international gold market, showing that “significant

impact could be observed shortly after the beginning of the Year of

the Dragon on February 5th, 2000, for the first time, and has persisted

since then in the sense that conditional return expectation increases

with the festival and stays at an elevated level for some days after the

festival”. Qi and Wang (Qi and Wang, 2013) also agree with the effect

of Chinese New Year in the Chinese gold market, also finding evidence

for higher returns preceding other important holidays in China, such as

the Labour Day in May or National Day in October.

• Other seasonal effects

Among other often researched seasonal effects are the turn-of-the-month

effect, Halloween effect, Friday-the-13th effect or relatively newly dis-

covered FIFA-World-Cup effect, which was examined by Ehrmann and

Jansen (Ehrmann and Jansen, 2012)

By the turn-of-the-month effect is generally meant an anomaly consist-

ing of significantly different (typically higher) returns at the end of a

calendar month and the first days of the following month. Ariel (Ariel,

1987) was the first to describe this effect, finding in his study of Amer-

ican equity market between 1963 and 1981 that the returns in first half

of the month (for convenience including the last day of the preceding

month, thus capturing the turn-of-the-month-effect) differ significantly
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for the entire period from the returns in the second half of the month.

Kunkel et al. (Kunkel et al., 2003) agrees with Ariel, conducting more

recent and more detailed study of turn-of-the-month effect consisting of

the last day of a month and the first three days of the following month

in 19 countries, concluding that “the 4-day TOM [turn-of-the-month]

period accounts for 87% of the monthly return” in 15 of the countries.

Even more recently, McConnell and Xu (McConnell and Xu, 2008) con-

firm the presence of this effect in 31 out of 35 examined countries.

The Halloween effect has also repeatedly been subject of study. Typic-

ally, Halloween effect means better performance of the stocks between

the end of October and beginning of May. The persistence of the effect

even lead to conception of the phrase “sell in May and go away”. Bou-

man and Jacobsen (Bouman and Jacobsen 2002) conducted rigorous

analysis of this effect on data from 37 countries between 1970 and 1998

and consider the hypothesis of returns from October to May to being

higher than from May to October “to be true in 36 of the 37 developed

and emerging markets studied in our sample. The Sell-in-May effect

tends to be particularly strong in European countries and is robust

over time”. Dichtl and Drobetz (Dichtl and Drobetz, 2014) follow up

on Bouman and Jacobsen, and even though they find some evidence of

the Halloween effect in the stock markets, they “reject the hypothesis

that a trading strategy based on the Halloween effect significantly out-

performs”.

2.3 Economic Theory

This section is dedicated to the description of sources used to comment on

results obtained from our analysis and brief summary of their content.

• Efficient market hypothesis

Seasonal patterns in prices and returns, and market anomalies in gen-

eral have been most commonly examined in relation to the efficient

market hypothesis. Efficient market hypothesis as theory states that
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the market reflects all available information. It should not be possible

to find an anomaly or pattern in values of assets and use them to beat

the market, as these should be instantaneously absorbed by the price.

Among the first to write about efficient markets was Fama (Fama,

1965), stating that “stock prices at any point in time will represent

good estimates of intrinsic or fundamental values”. In later work, he

also specified three types of the hypothesis (Fama, 1970), namely weak,

semi-strong and strong. In weak form, future prices cannot be predicted

using prices from the past. Semi-strong form is when prices reflect all

publicly available information. The strong form then claims that mar-

kets fully reflect all publicly or privately known information, and there

is no way of systematically beating the market.

Prevalent seasonal patterns can therefore be understood as evidence

against the efficient market hypothesis.

• Quantity theory of money

As one of the purposes of the thesis is to examine causes of revealed

seasonal patterns by inquiring into components of the price of Bit-

coin, as analyzed by Kristoufek (Kristoufek, 2015), it is appropriate

to acknowledge the quantity theory of money through which the price

drivers of Bitcoin may be viewed, particularly by researches inclined to

view Bitcoin as an emerging form of money, as described in section 2.1

Cryptocurrencies.

However, we shall not operate with the quantity theory extensively,

and therefore brief summary of its simplest form, as given by Mankiw

(Mankiw, 2010) is sufficient for our purposes.
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3 Data Description

This section describes the data used in various part of the thesis and their

sources in the following categories; cryptocurrency price and volume data,

obtained from market exchanges, technical data on Bitcoin blockchain, as

well as gold price and stock market data.

• Cryptocurrency price and volume data

We shall operate with data from several sources, predominantly data

on the seven examined cryptocurrencies from CoinMarketCap.com (ob-

tainable freely at https://coinmarketcap.com), from which we obtain

time-series data on daily prices of the cryptocurrencies in USD. As in-

dicated in section 4 Methodology, for each day we shall need closing

price, and further low price and high price, from which we calculate the

day’s approximate mean price as arithmetic mean of the two.

CoinMarketCap.com calculates price data as averages of prices of the

given cryptocurrencies from major cryptocurrency exchanges weighted

by market volume. These calculations are performed in five minutes in-

tervals. The reason for using weighted averages, according to CoinMar-

ketCap.com (https://coinmarketcap.com/methodology), is that mar-

kets with higher volume tend to be less volatile and therefore more

representative. On occasions, CoinMarketCap.com manually excludes

price data from some exchanges from its data computations if they

are found not to be representative of the market prices. Some of the

reasons listed as basis for exclusion from the weighted average aggreg-

ation are restrictions of deposits and withdrawal by the exchange (ht-

tps://coinmarketcap.com/methodology).

The closing price is then the latest observation in the given range (in

our case, of the given day - meaning price by midnight of UTC time),

while the low price is the lowest price in the 24 hour period (UTC time)

and high price is the highest price observed in this range.

Also obtained from CoinMarketCap.com are data on market volumes
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for the cryptocurrencies (in USD) for every day. Market volume in-

dicates trading volume from all listed exchanges during given 24-hour

period. From market volume and data on prices, we calculate approxim-

ate number of transactions on exchanges, as market volume divided by

price. Closing price is not deemed to be representative, as it represents

price at one time of the 24-hour period only. Mean price is therefore

used instead to yield more precise indicator of number of transactions

on exchanges.

• Bitcoin blockchain - technical data

More detailed information on Bitcoin is obtained from Blockchain.com

(https://www.blockchain.com/explorer). Namely, this is number of

confirmed on-chain transactions, total number of Bitcoins that had

already been mined at given date (Bitcoin supply), and hash rate - the

estimated number of tera hashes (trillions of hashes) per second that

the Bitcoin network was on average performing on the given day. Hash

rate expresses the computing power behind the network - the speed

at which mathematical operations which Bitcoin mining (and therefore

transaction processing) consists of are completed.

Also available is data on difficulty (of mining Bitcoin), which is omit-

ted, since because the difficulty of mining adjusts every 2016 blocks

(approximately every two weeks, as a block is mined every 10 minutes)

according to the network’s computing power, there is a risk of strong

collinearity with hash rate. Hash rate is chosen as more representative

variable of the two, since it changes continuously and not only in two

weeks intervals. It is therefore more appropriate variable for determin-

ing seasonality.

As our purpose is to find possible seasonal patterns in the prices, for every

observation (meaning for every day), we also have data on the month and

day of the week of the observation.

The length of the series differs according to the question that is being ex-

amined. In sections focused on finding seasonal patterns in different crypto-
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currencies separately, we use the maximum available length of the series (in

full years) for the cryptocurrency in question.

This means the following series length for the individual cryptocurrencies:

• Bitcoin (BTC): 1.1. 2014 - 31.12. 2018, in total 1826 observations

• Litecoin (LTC): 1.1. 2014 - 31.12. 2018, in total 1826 observations

• Ripple (XRP): 1.1. 2014 - 31.12. 2018, in total 1826 observations

• Monero (XMR): 1.1. 2015 - 31.12. 2018, in total 1461 observations

• Dash (DASH): 1.1. 2015 - 31.12. 2018, in total 1461 observations

• Stellar (XLM): 1.1. 2015 - 31.12. 2018, in total 1461 observations

• Ethereum (ETH): 1.1. 2016 - 31.12. 2018, in total 1096 observations.

In sections devoted to comparing the results of the models for different

cryptocurrencies, we use the minimal available length of the series, which

is from 1.1. 2015 to 31.12. 2018 (in total 1461 individual observations).

In these sections, we omit Ethereum (ETH) from the analyses, and operate

only with the remaining six cryptocurrencies.

For the purposes of hypotheses testing in the comparable data range from

1.1. 2015 to 31.12. 2018, we have at least 113 observations for every month

and at least 208 observations for every day of the week.

• Gold price

Data on daily prices of troy ounce of gold in USD is obtained from

Goldhub (available at https://www.gold.org/research). Goldhub’s price

data use LBMA Gold Price, based on IBA’s London electronic auctions

of gold bullion.

• Stock market index

S&P Global 1200 index is used to represent the performance of the

world stock markets because of its comprehensiveness. S&P Global

1200 index captures approximately 70 % of global market capitalization,

and is constructed as weighted average of seven regional market indices:
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S&P 500 (United States), S&P/TSX 60 (Canada), S&P Latin America

40 (Mexico, Brazil, Columbia, Chile, Peru), S&P/TOPIX 150 (Japan),

S&P Asia 50 (Hong Kong, Singapore, Korea, Taiwan), S&P/ASX 50

(Australia) and S&P Europe 350, and cointains companies in all ten

Standard & Poor’s Global Industry Classification Standard’s industries.

The index data are obtained directly from S&P Dow Jones indices

(available at https://eu.spindices.com/indices/equity/sp-global-1200),

and gross total returns (TR) are used in our analyses. Gross total

returns, according to S&P Dow Jones Indices’ Equity Indices Policies

& Practices Methodology, account for reinvestment of regular cash di-

vidends at the close on the ex-date without consideration for withhold-

ing taxes.

Both gold price and the S&P Global 1200 index data are obtained on

daily basis for the period from 1.1. 2014 to 31.12. 2018. Data is unavailable

for weekends and New Years, making the total number of observations for

both 1300.
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4 Methodology

As indicated in 1 Introduction, our purpose is to test whether the prices and

returns on the seven cryptocurrencies do in fact exhibit seasonal patterns,

namely the day-of-the-week effect and January effect.

In all parts of the analysis, we will conduct the same analysis on mean

and closing price. As indicated in section 3 Data Description, the data

used consist of opening prices, closing prices, low and high prices of given

cryptocurrencies. Closing price is used for our analysis as it in effect is a price

at the same arbitrarily selected moment during the observed period (a day).

As indicated in section 1 Introduction, cryptocurrency markets are specific

in that there is no closing time and no weekends, the price development on

the market is continuous, and the markets are mostly accessible worldwide.

Closing price, therefore, being an arbitrary point in time with no special

significance, might not be representative of the development during the day.

For this reason, mean price, calculated as arithmetic average of high price

and low price, is used along the closing price, and the results are compared.

If significant differences between results for closing price and mean price are

found, the reason might be large volatility of prices within particular days,

which may cause the closing price to not be representative of the overall

price development.

Several methods will be used to test the presence of the day-of-the-week

and January effects. Firstly, a preliminary statistical analysis will be used

(section 4.1), followed by econometric analyses (section 4.2). Finally, in

section 4.3 Analysis of Causes of Seasonality, we try to find probable causes

of the seasonal patterns or lack of thereof.

All the analyses are first conducted on the maximum data range for each

cryptocurrency for maximum precision of results, and then for years 2015

to 2018 for all cryptocurrencies for purpose of comparison. Ethereum is

excluded from the latter due to its shorter data range.
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4.1 Statistical Analysis of Seasonality

In this section, we establish initial premises on the presence of seasonal

patterns in closing and mean prices and returns on the different cryptocur-

rencies, returns being defined as

returnt = pricet − pricet−1,

where pricet is price (mean or closing) in period t. Arithmetic means and

standard deviations of closing and mean prices and returns for every day of

the week and every month are separately computed.

Further, t-statistics are computed for prices and returns for every day

and month as

t =
X̄i − µ

σi

√
Ni,

where X̄i is the mean price or return for given day or month i, µ is the

overall mean price or return on the cryptocurrency and σi is the standard

deviation of the day or month i. Ni is then the number of observations for

the given day or month. The purpose of the t-statistics is to test the null

hypothesis that the average price or return for given day or month is the

same as the overall price average as opposed to alternative hypothesis of the

price or return being different. The results are reported for 1 %, 5 % and

10 % significance levels.

4.2 Econometric Analysis of Seasonality

In this section, a more rigorous econometric analysis by means of the or-

dinary least square estimation (OLS) is used to increase precision of the

findings. OLS is a method of estimating linear regression models by means

of minimizing the sums of squares of the errors from the model (Wooldridge,

2012). The model is well compatible with dummy variables and easily in-

terpretable, even with modifications that we introduce in this section.

However, in order for our estimate to be consistent and our inference

valid, there are certain assumptions for OLS on time series that need to be

met, which are:
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• 1. Linearity in parameters

Linearity is given by the formulation of the model. Given by our spe-

cification of the estimated model below, the linearity assumption holds.

• 2. No perfect collinearity

The assumption of presence of no perfect collinearity states that in the

sample, no independent variable is constant or a perfect linear com-

bination of the others. This is easily observable and implied by the

nature of the data, as described in section 3. Regarding the seasonal

dummy variables, we avoid the problem of perfect collinearity by always

omitting one seasonal variable, as explained below.

• 3. Strict exogeneity

Strict exogeneity dictates that the error term in any given period t is

uncorrelated with explanatory variable in all time periods.

• 4. Homoskedasticity

Homoskedasticity is present when the error term from the regression

has the same variance σ2
t for all periods t.

• 5. No serial correlation in errors

Random errors are uncorrelated when Corr(ut, uh) = 0 for all integers

t ̸= h (where ut, uh are random errors of a process).

From Figure 1, it can be suspected that a time trend is present in the data

on prices (a general systematic component that changes over time and does

not repeat (Wooldridge, 2012)), and further, that the trend is non-linear. If a

trend is indeed present, this would likely cause the data to be non-stationary

(a process {xt : t = 1, 2, ...} is stationary if for every collection of time indices

1 ≤ t1 < t2 < ... < tm, the joint probability distribution of (xt1 , xt2 , ..., xtm)

is the same as the joint probability distribution of (xt1+h
, xt2+h

, ..., xtm+h
) for

all integers h ≥ 1 (Wooldridge, 2012)). The condition of stationarity is

important in cases where strict exogeneity cannot be assumed (Wooldridge,

2012).
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The closing and mean price data are regressed on several functional forms

of the trend variable and the best expression of the trend is established.

Consequently, the Dickey-Fuller test of stationarity for the data on prices

is conducted for both the closing price and mean price data (Dickey and

Fuller, 1979). Specifically, autocorrelation of price data of first order is

tested by testing hypothesis that in

yt = ρyt−1 + ut,

where yt represents the price (first closing and then mean), in previously

established functional form, in period t, while yt is the same price in the

previous period and ut is the error term, the coefficient ρ equals 1. If we

cannot reject this hypothesis at 5 % significance level, we conclude that

non-stationarity in prices is present.

If this is the case, we are justified in using returns instead of prices of the

cryptocurrencies to accommodate for the unit-root problem, with returns

defined as

rt = pricet − pricet−1,

where again by pricet is meant first closing and then mean price in period t

in previously established functional form.

The Dickey-Fuller test (Dickey and Fuller, 1979) is then used again to

test for possible non-stationarity in returns, in order to establish that the

problem of non-stationarity has indeed been solved. At this point, upon

establishing stationarity, we also assume weak dependence in our process

(Wooldridge, 2012). It is worth noting that by using returns instead of

prices, one observation (and thus one degree of freedom in further tests)

would be lost. In order to obtain maximally comparable results, imputation

is used to establish returns from period 0 to period 1. Namely, data on prices

from December 31 of the preceding year is used to obtain value of returns

for January 1.

The analysis of presence of seasonal patterns itself is then conducted by

estimating the following two models for both closing and mean prices or

returns.
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• Day-of-the-week effect

yt = α0 + α1t+
6∑

i=1

βiDit + vt,

where yt is the price or returns of given cryptocurrency in established

functional form, t is the trend variable in established functional form,

Dit are dummy variables for individual days from Tuesday to Sunday

and vt is the error term.

An alternative model could also be estimated, namely:

yt = α1t+
7∑

i=1

βiDit + vt,

including all days from Monday to Sunday and omitting the constant

term α0. This model is used by Haferkorn and Diaz (Haferkorn and

Diaz, 2015). However, because of interpretation problems (Wooldridge,

2012), the first model is preferred. The hypothesis that will be tested

is then to be specified as whether the dummy variables are jointly sig-

nificant, and if so, how do prices or returns on given cryptocurrency on

individual days differ from those on Mondays.

• January effect

yt = γ0 + γ1t+
11∑
i=1

δiMit + ϵt,

where yt is the price or returns of given cryptocurrency in established

functional form, t is the trend variable in established functional form,

Mit are dummy variables for individual months from February to Decem-

ber and ϵt is the error term.

Before the hypotheses themselves are tested and conclusions are made

on the presence of seasonal patterns, we must first test for the presence of

heteroskedasticity and serial correlation in errors in both models. Presence

of either would require compensation before inference can be made.
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• Heteroskedasticity

Heteroskedasticity is present when the error term from the regression

has different variance σ2
t for different periods t. Heteroskedasticity

causes OLS to be inefficient (Wooldridge, 2012) and inference drawn

from obtained results to be biased, since the standard errors obtained

as square roots of the variations from the OLS estimation are not cor-

rectly estimated (Wooldridge, 2012).

As we suspect presence of seasonal patterns in our data, it is also reas-

onable to suspect presence of heteroskedasticity, namely variance in

prices and returns varying differently in different month and different

days.

Breusch-Pagan test (Breusch and Pagan, 1979) is used to test the null

hypothesis that the errors are homoskedastic (variance σ2
t is the same

for all t) by regressing square residuals obtained from our model on our

independent variables and testing for their significance, i.e. whether

variance is dependent on our independent variables, in which case we

would have heteroskedasticity.

Possible heteroskedasticity does not cause the estimated coefficients to

be biased or inconsistent. If found, heteroskedasticity is therefore com-

pensated for by computing heteroskedasticity-robust White standard

errors (Wooldridge, 2010), in order to validate our conclusions about

significance of the coefficients.

• Serial Correlation

If the assumption of no serial correlation in errors does not hold, serial

correlation is present. As with heteroskedasticity, serial correlation in

errors does not cause the estimated coefficients to be biased or inconsist-

ent, but can lead to invalid standard errors, thus invalidating inference

drawn from the results (Wooldridge, 2012).

The autocorrelation in errors is tested by the Breusch-Godfrey test (As-

teriou and Hall, 2011). Autocorrelation of up to second order is tested,
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meaning that residual from our model at time t is regressed on inde-

pendent variables and two lags of residuals. If the residuals in this

model are found to be jointly significant at sufficiently low significance

level, then we have evidence to reject the hypothesis of no autocorrel-

ation. If serial correlation in errors is found, it is again compensated

by serial-correlation-robust standard errors (Wooldridge, 2012) for our

inference conclusions to be valid.

In case that evidence for both heteroskedasticity and serial correla-

tion is found, more complex solution is necessary. Namely, these are

heteroskedasticity- and autocorrelation-consistent (or HAC) estimators

of the variance-covariance matrix, or Newey-West HAC standard errors

(Newey and West, 1987).

After indicated corrections are made for possible presence of heteroske-

dasticity and serial correlation in errors, overall and individual significance of

the dummy variables is tested and conclusions on presence of serial patterns

in prices and returns are drawn.

4.3 Analysis of Causes of Seasonality

Several hypotheses of likely causes of revealed seasonal patterns are tested,

with special focus on Bitcoin. The tested hypotheses are:

• Bitcoin as the ultimate cause of seasonality

As mentioned in section 2.1, Bitcoin represents more than a half of the

total cryptocurrency market capitalization, and at many exchanges,

other cryptocurrencies can be purchased only for Bitcoin, thus render-

ing Bitcoin a gateway cryptocurrency.

It is therefore reasonable to think that if similar seasonal patterns are

found in Bitcoin and other cryptocurrencies, these are in fact contained

in Bitcoin, and only indirectly through it appear in other cryptocurren-

cies.

Ordinary least squares (Wooldridge, 2012) are again used to test this
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hypothesis. A model is estimated for each cryptocurrency, regressing

price (or returns, based on the results of Dickey-Fuller test in economet-

ric analysis in section 5.2) in established functional form, as explained in

previous section, on the price (or returns) of Bitcoin and a set of dummy

variables indicating the examined seasonal pattern (day-of-the-week or

January effect, as described in previous section). The trend variable is

not included in this analysis, as the overall trend in all cryptocurrencies

is expected to be similar (based on Figures 4, 3, 5, and 11). Including

a trend variable might be unnecessary overspecifying of the model.

As in econometric analysis in section 5.2, the presence of heteroske-

dasticity and serial correlation in random errors is tested by Breusch-

Pagan (Breusch and Pagan, 1979) and Breusch-Godfrey (Asteriou and

Hall, 2011) tests and corrected for by robust errors. F-test for joint

significance of the set of dummy variables is then conducted, and it

is observed whether it changed from models involving cryptocurrencies

only separately. If joint significance of the dummy variables is found to

be significantly lower in the new model, it may be concluded that the

pattern is in fact created to some extent by Bitcoin.

• The 2017/2018 effect

As Figures 4, 3, 5, and 11 show, and as is repeatedly stated in results

of statistical and econometric analysis, there is a suspicion that the

evidence for seasonal patterns in cryptocurrencies may in fact be caused

to some extent by peculiar development of the market in late 2017 and

early 2018.

This concerns primarily January effect. Since this period (from October

2017 to approximately March 2018) contains every month only once,

and prices during this period increased and then decreased unpreced-

ently rapidly, as the figures show, it may have influenced the reported

results for monthly seasonality overall.

The hypothesis is tested simply by estimating the same model as out-

lined in the previous section on shorter data range, not involving the
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problematic period. It is then observed whether the results differ sig-

nificantly from results involving this period.

As the analysis is conducted in full years (in order to operate with

approximately the same number of observations for each month), years

2017 and 2018 are both excluded. Therefore, the analysis is conducted

only for Bitcoin, Litecoin and Ripple because of their longer data range

from 1.1. 2014 to 31.12. 2016, rendering 1096 daily observations for

each.

Examining other cryptocurrencies would leave us with too short time

series for reliable hypotheses testing, especially for Ethereum. Moreover,

if previous analysis reveals strong similarities between Bitcoin and other

cryptocurrencies, conclusions valid for these three cryptocurrencies can

likely be extrapolated also for the rest.

• Chinese-New-Year effect

Another mentioned explanation of peculiar patterns at the beginning of

the year, especially February, is the effect of Chinese lunar New Year. In

order to test this notion on the case of Bitcoin on maximum range data

from 1.1. 2014 to 31.12. 2018, similar model as in previous parts of this

section is estimated, namely a linear regression model regressing price

(or returns, based on the results of Dickey-Fuller test in econometric

analysis in section 5.2) in established functional form, as explained in

previous section, on time trend in established functional form and three

additional dummy variables: preCNY , with value 1 for days within

week prior to the Chinese New Year and 0 otherwise, CNY , with value

1 for days during the Chinese New Year and 0 otherwise and poCNY ,

with value 1 for days within week after the Chinese New Year and 0

otherwise. This follows the methods employed by Yuan and Gupta

(Yuan and Gupta, 2014) and Wu (Wu, 2013), only with addition of the

CNY variable, as the cryptocurrency exchanges, unlike Chinese stock

market, are not closed during the week of the festival.

Again, heteroskedasticity and serial correlation in errors is tested and
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compensated for (as outlined in section 4.2), if found. Thus, we estimate

the Chinese-New-Year effect.

Consequently, the same model is estimated with the addition of monthly

dummy variables, and their joint significance is tested. If joint sig-

nificance of the monthly dummies decreases compared to the model

from section 5.2 without the Chinese-New-Year variables, or their coef-

ficients change significantly, particularly for January or February, and

the Chinese-New-Year variables themselves are jointly significant, we

may have reason to conclude that part of the monthly seasonality is

brought into the cryptocurrency market by the specific effect of Chinese

New Year.

• Technical and market causes of seasonal patterns in Bitcoin

This final part tests the hypothesis whether revealed seasonal patterns

are inherent to Bitcoin, or whether they are in fact caused by some of the

drivers of the price of Bitcoin, as described by Kristoufek (Kristoufek,

2015), outlined in section 2 Literature Review. The focus of this part is

on Bitcoin, as Kristoufek’s paper examines only price drivers of Bitcoin,

and no literature is available on price drivers of other cryptocurrencies.

Furthermore, if a relationship of seasonal patterns in Bitcoin and alt-

coins is found in previous analysis, conclusions valid for Bitcoin may

apply.

Price or returns of Bitcoin in established functional form from section

5.2 Econometric Analysis are regressed on established expression of

trend variable, several of the likely drivers of price of Bitcoin, namely

Bitcoin supply, hash rate, number of transactions in Bitcoin, number

of transactions on Bitcoin exchanges, price of gold and value of S&P

Global 1200 index (described in section 3 Data Description), and set of

monthly dummy variables.

As mentioned in Data Description, data is unavailable on gold prices

and the market index during weekends and New Years. Weekend obser-

vations are therefore excluded from this analysis, rendering day-of-the-
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week analysis incomparable with our previous results and not repres-

entative overall for cryptocurrencies that are, unlike commodities and

stock, being transacted continuously. For this reason, only origin of

January effect is examined.

First, a model involving all the independent variables is estimated using

ordinary least squares (Wooldridge, 2012). Again, heteroskedasticity

and serial correlation in errors are tested and corrected for using robust-

errors if necessary before conclusions are made.

If no significant difference in coefficients and significance of the sea-

sonal variables is found, it is concluded that possible January effect is

not caused by one or more of the drivers of Bitcoin’s price. If such a

difference is found, the model is broken down into several regressions

involving combinations of the outlined independent variables, until it

is established which of the drivers of Bitcoin’s price bring the seasonal

patterns into the model. These are those variables, with which joint

significance of seasonal dummies in the model is significantly lower (and

coefficients of individual dummies significantly different) than without

these variables in the model.
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5 Results

Before conducting the analyses as outlined in section 4 Methodology, it may

be worthwhile to make certain preliminary assumptions based on the raw

data and their graphical representation.

Figure 1: Bitcoin closing and mean price (USD) from 1.1.2014 to 31.12. 2018

As can be seen in Figure 1, there seems to be no significant difference

between the closing and mean price of Bitcoin, which suggests that there

may not be significant in-day variation that would cause the closing price to

significantly misrepresent the market information, and conclusions regarding

presence of seasonal patterns can thus be expected to be similar for closing

and mean prices. The situation is very similar for other cryptocurrencies

as seen in Figure 6 for Litecoin, Figure 7 for Ripple, Figure 8 for Monero,

Figure 9 for Dash, Figure 10 for Stellar, and Figure 11 for Ethereum in the

Appendix.

As Figure 2 shows, this is slightly different for Bitcoin returns, where

returns based on mean and closing prices seem to differ significantly in their

values, even though their variance seems to change rather similarly over

time. Again, other cryptocurrencies seem to follow pattern very similar to

those of Bitcoin, as shown in Figure 12 for Litecoin, Figure 13 for Ripple,

Figure 14 for Monero, Figure 15 for Dash, Figure 16 for Stellar and Figure

17 for Ethereum in the Appendix.
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Figure 2: Bitcoin closing and mean returns (USD) from 1.1. 2014 to 31.12. 2018

In general, we can observe the prices and with them also the variation in

returns to exhibit definite trend, and therefore also non-stationarity. It can

be said that price and variation of returns of all cryptocurrencies has been

growing from the beginning of observed periods until January 2018, since

when it began to decrease.

Figure 3: Bitcoin, Litecoin and Monero price (USD) from 1.1. 2015 to 31.12. 2018

We can also observe how other cryptocurrencies copy the pattern of Bit-

coin if depicted over the same range from 1.1. 2015 to 31.12. 2018, shown

in Figure 3 for Monero and Litecoin, Figure 4 for Ripple and Stellar, and

Figure 5 for Dash. In all these figures, only closing prices are shown, due to
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their apparent similarity to mean prices, with price of Bitcoin always on the

left vertical axis and prices of other cryptocurrencies on the right vertical

axis.

Figure 4: Bitcoin, Ripple and Stellar price (USD) from 1.1. 2015 to 31.12. 2018

Figure 5: Bitcoin and Dash price (USD) from 1.1. 2015 to 31.12. 2018

This may be caused by the fact that Bitcoin, the market capitalization of

which is over 50 % of the total market capitalization of all cryptocurrencies,

as was said in section 2.1 Cryptocurrencies, often serves as a gateway to the

market - the cryptocurrency for which other cryptocurrencies are purchased,

and thus may drive the price of other cryptocurrencies, or merely by very
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similar trends in the market overall. Further discussion on the causes of

these similarities is provided in section 5.3. All figures on which previous

discussion was based, unlike later analyses, depict raw data on prices and

returns (computed as difference between prices of two consecutive periods).

5.1 Results of Statistical Analysis

Following the procedure outlined in section 4.1, we obtain results shown in

Table 1 for analysis of January effect in price of Bitcoin over maximum range

of its data.

Period Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Closing price

Mean 3101 2353 2290 2074 2306 2185 2245 2390 2392 2624 2932 4121
SD 5086 3593 3437 3029 3152 2468 2595 2553 2548 2737 3173 5821

t test 1.25 -0.78 -1.08 -2.08b -1.11 -2.00b -1.65 -0.97 -0.94 0.16 1.33 3.28a

Mean price

Mean 3092 2344 2294 2066 2307 2183 2239 2384 2392 2616 2930 4089
SD 5062 3578 3441 3014 3155 2470 2584 2552 2548 2731 3166 5756

t test 1.26 -0.79 -1.04 -2.10b -1.09 -1.98b -1.65 -0.96 -0.91 0.16 1.35 3.26a

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 1: Statistical analysis of January effect in Bitcoin mean and closing prices (USD),

1.1. 2014 - 31.12. 2018

We observe that based on this preliminary statistical analysis, the price

of Bitcoin does indeed seem to show seasonal patterns. Namely, price of

Bitcoin seems to be significantly higher in December, and significantly lower

than average especially in April and June. In general, we observe higher

price of Bitcoin from November to January, and lower price from March to

July.

Furthermore, the results confirm our assertion that the pattern of closing

and mean prices is not significantly different.

Table 2 captures results for possible January effect in closing and mean

returns on Bitcoin.
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Period Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Returns (closing)

Mean -26.20 1.51 -23.59 17.05 -3.06 -4.70 10.91 5.63 -5.52 12.53 10.75 24.91
SD 298 237 125 159 79 64 135 88 103 100 159 580

t test -1.16 -0.01 -2.51b -1.19 -0.82 -1.21 0.86 0.57 -0.85 1.37 0.70 0.50

Returns (mean)

Mean -23.25 5.18 -25.58 17.13 -4.44 -4.63 11.91 4.39 -5.57 12.22 10.98 22.13
SD 258 187 106 112 57 55 98 76 71 89 159 448

t test -1.20 0.22 -3.21a 1.69c -1.34 -1.40 1.30 0.45 -1.25 1.48 0.72 0.57

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 2: Statistical analysis of January effect in Bitcoin mean and closing returns (USD),

1.1. 2014 - 31.12. 2018

Most noticeable about the results is the difference of mean and closing

returns, where mean returns seem to be in general more significant, even

if their t-statistics continue to copy the same pattern as those of closing

returns.

This seems to be caused by different variations of mean and closing re-

turns, as the average value of returns in all months seems to be almost

identical, while standard deviation of mean returns tend to be smaller. This

may lead to the conclusion we previously rejected for prices, that mean

values can be more representative than closing in representing the price de-

velopment during given day.

Regarding particular values of the coefficients, we observe strong signi-

ficance of lower than average returns in March, and less significant decrease

in April. This corresponds to our findings about prices, with March and

April being the months with lowest price averages. We also observe higher

returns at the end of the year, and lower returns in January, which again

corresponds with the information about prices above. These are however not

reported to be significantly different from others at 10 % significance level

due to extremely large variances. This may be caused by the peculiar devel-

opment of cryptocurrency markets from November 2017 to January 2018, a

hypothesis tested in section 5.3.
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In Table 3, the results on day-of-the-week effect in Bitcoin’s prices and

returns are reported.

Period Mon Tue Wed Thu Fri Sat Sun

Closing price

Mean 2596 2590 2574 2582 2584 2600 2592
SD 3551 3549 3517 3536 3548 3585 3553

t test 0.03 0.01 -0.06 -0.03 -0.02 0.05 0.02

Mean price

Mean 2591 2585 2575 2578 2569 2589 2586
SD 3540 3540 3518 3520 3506 3559 3543

t test 0.04 0.02 -0.03 -0.02 -0.06 0.03 0.02

Returns (closing)

Mean 3.90 -1.26 -8.83 7.16 2.16 15.93 -7.66
SD 188 245 242 336 208 216 144

t test 0.20 -0.19 -0.70 0.27 0.04 1.07 -1.04

Returns (mean)

Mean 5.02 -0.55 -3.29 2.44 -8.41 20.21 -3.82
SD 182 170 194 287 155 183 144

t test 0.30 -0.21 -0.41 0.04 -1.05 1.64 -0.78

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 3: Statistical analysis of day-of-the-week effect in Bitcoin mean and closing prices

and returns (USD), 1.1. 2014 - 31.12. 2018

From the statistical analysis it seems that prices and returns on any day

are not significantly different from others at 10 % significance level, and

therefore that no day-of-the-week effect is observed in Bitcoin at this level.

We will test this conclusion in more detail in the following section.

In prices, we again observe almost identical development from closing

and mean data, with all coefficient having very low t-statistics. In returns,

we observe the pattern to be similar between mean and closing data, where

most interesting are higher returns on Saturday (for mean returns almost

significant at 10 % significance level). Together with negative returns on

Sunday, this would seem to confirm the widespread notion on impact of

weekends on Bitcoin, outlined in Introduction. Overall significance of the

day-of-the-week effect is tested in the following section.
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In Table 4, the results from analysis over comparable period from 1.1.

2015 to 31.12. 2018 are reported. It can be seen that the results for monthly

patterns in closing prices of all cryptocurrencies are almost identical to those

of mean prices, shown in Table 15 in the Appendix. The conclusions made

about closing prices therefore apply also for mean prices.

Period Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Closing price of Bitcoin

Mean 3665 2772 2714 2478 2761 2578 2652 2853 2879 3188 3573 5066
SD 5544 3901 3723 3264 3373 2616 2755 2660 2633 2788 3245 6156

t test 1.13 -0.90 -1.16 -2.10b -1.13 -2.20b -1.82c -1.05 -0.93 0.34 1.59 3.55a

Closing price of Litecoin

Mean 56.30 48.13 44.58 37.60 42.98 36.13 34.13 29.73 31.13 29.41 29.75 66.49
SD 94 81 73 57 57 40 33 27 28 26 29 104

t test 1.86c 1.00 0.61 -0.57 0.47 -1.20 -2.18b -4.48a -3.63a -4.76a -4.12a 2.78a

Closing price of Ripple

Mean 0.48 0.25 0.19 0.18 0.24 0.22 0.17 0.14 0.15 0.18 0.17 0.29
SD 0.88 0.42 0.32 0.30 0.30 0.23 0.19 0.14 0.17 0.19 0.19 0.45

t test 3.24a 0.70 -1.06 -1.40 0.64 -0.28 -3.06a -6.46a -4.67a -2.62a -2.79a 1.78c

Closing price of Monero

Mean 93.87 69.47 67.30 59.32 58.63 46.65 44.32 44.37 57.91 51.15 55.99 94.67
SD 157 115 110 93 84 56 54 47 53 48 58 136

t test 2.27b 0.69 0.54 -0.32 -0.44 -3.00a -3.62a -4.14a -0.84 -2.51b -1.14 2.67a

Closing price of Dash

Mean 242 161 136 118 128 112 108 110 135 118 148 272
SD 418 267 194 164 165 114 105 114 137 121 196 435

t test 2.47b 0.47 -0.75 -2.10b -1.42 -3.54a -4.34a -3.79a -1.17 -2.85a -0.04 3.13a

Closing price of Stellar

Mean 0.15 0.10 0.07 0.08 0.10 0.07 0.07 0.06 0.06 0.07 0.07 0.08
SD 0.26 0.17 0.12 0.14 0.15 0.10 0.11 0.10 0.10 0.10 0.09 0.09

t test 2.97a 1.22 -1.11 -0.32 1.17 -1.03 -1.24 -2.08b -2.26b -1.62 -1.79c 0.05

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 4: Comparison of results of statistical analysis of January effect in closing price

(USD) of BTC, LTC, XRP, XMR, DASH and XLM, 1.1. 2015 - 31.12. 2018
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It can further be seen that the results for Bitcoin have not changed sig-

nificantly from the analysis over longer period shown in Table 1. Average

prices for every month are higher, which is logical since price of Bitcoin was

overall higher in years 2015 - 2018 than in 2014, as shown in Figure 1. This

is also a reason for more thorough econometric analysis involving a trend

variable in the following section. Interesting is that average price in Decem-

ber is significantly higher without 2014. This would seem to support the

notion that some part of the seemingly seasonal pattern could be caused by

the development of prices in 2017.

Table 16 in the Appendix shows the statistical evidence of January effect

in Litecoin and Ripple from 1.1. 2014 to 31.12. 2018, and Table 17 in the

Appendix shows results for Ethereum from 1.1. 2016 to 31.12. 2018. We

observe that over longer data range, Litecoin again exhibits significantly

larger than average prices in December and January, again likely because

of December 2017 and January 2018. Otherwise, the pattern in Litecoin is

very similar to that of shorter data range, as is that of Ripple.

In general, we observe very similar patterns among the cryptocurrencies,

with higher prices in December and January, and lower than average from

March to October. In altcoins, the decrease of prices in summer months

tends to be more significant, as are the larger prices in January, compared

to Bitcoin. Possible explanation can be that prices of altcoins are driven by

price of Bitcoin, and therefore were slower to decrease in January 2018. The

graphical depiction of prices seems to bear out this hypothesis. Alternatively,

the cause can be higher volatility of altcoins compared to Bitcoin, as can be

seen from reported standard deviations. This hypothesis is also supported

by Ammous (Ammous, 2016). Both hypotheses are tested in section 5.3.

Ethereum (Table 17 in the Appendix) showns the same monthly pattern.

Moving on to January effect in returns (shown in Table 5), the results are

very similar; the results for Bitcoin on shorter data range remains the same

as with 2014. Furthermore, for all cryptocurrencies examined, there seem

to be little difference between closing and mean returns (Table 18 in the
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Appendix). In all cryptocurrencies, we observe lower than average returns

from January to June, and larger than average returns in December (which

also dominates in terms of size of variances in returns, likely because of year

2017), with returns from March to May usually being the most significantly

lower than others. The development of returns and their significance is

logically tied to the development of prices, which, as we observed, also seem

to fall during the spring months. The findings abour returns are therefore

consistent with the results for prices.

Period Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Returns (closing) of Bitcoin

Mean -33.23 4.39 -28.74 21.39 -5.94 -6.01 14.06 7.91 -6.14 16.06 13.11 31.61
SD 331 251 132 173 87 69 143 92 110 108 172 634

t test -1.20 0.09 -2.62a 1.20 -1.07 -1.33 0.91 0.67 -0.84 1.42 0.68 0.52

Returns (closing) of Litecoin

Mean -0.58 0.39 -0.70 0.37 -0.17 -0.17 0.01 0.07 -0.15 -0.08 0.13 1.18
SD 8.01 9.20 2.51 3.49 2.47 2.07 2.03 1.90 2.94 1.43 2.O9 17.54

t test -0.83 0.43 -3.18a 1.10 -0.85 -0.99 -0.04 0.29 -0.64 -0.81 0.58 0.74

Returns (closing) of Ripple

Mean -0.009 -0.002 -0.003 0.003 0.000 -0.001 -0.001 0.000 0.002 -0.001 0.000 0.016
SD 0.11 0.03 0.02 0.03 0.02 0.01 0.01 0.01 0.02 0.01 0.01 0.12

t test -1.01 -0.76 -1.87c 1.15 -0.30 -1.10 -1.59 -0.27 0.62 -1.39 -0.56 1.45

Returns (closing) of Monero

Mean -0.63 0.11 -0.79 0.55 -0.56 -0.19 -0.10 0.83 -0.38 -0.19 0.42 1.31
SD 12.51 9.90 6.41 7.28 3.52 2.85 3.04 6.00 3.79 1.54 6.00 16.08

t test -0.59 0.09 -1.43 0.78 -1.86c -0.83 -0.48 1.47 -1.18 -1.61 0.71 0.88

Returns (closing) of Dash

Mean -2.96 -0.84 -1.87 1.53 -0.99 -0.20 -0.17 1.45 -0.50 -0.71 3.82 2.08
SD 28.52 21.00 8.71 13.22 6.59 6.79 7.04 14.73 8.70 3.66 32.86 53.38

t test -1.13 -0.40 -2.33b 1.32 -1.59 -0.23 -0.18 1.14 -0.57 -1.98b 1.29 0.44

Returns (closing) of Stellar

Mean 0.001 -0.002 -0.001 0.002 -0.001 -0.001 0.001 0.000 0.000 0.000 0.000 0.002
SD 0.051 0.011 0.007 0.012 0.008 0.004 0.009 0.005 0.007 0.004 0.005 0.016

t test 0.30 -1.80c -1.81c 1.59 -1.17 -3.11a 0.67 -1.11 0.27 -0.70 -0.54 1.33

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 5: Comparison of results of statistical analysis of January effect in returns (closing)

(USD) of BTC, LTC, XRP, XMR, DASH and XLM, 1.1. 2015 - 31.12. 2018
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Just as for prices, the results for January effect in Litecoin and Ripple

remain the same for both closing and mean results with addition of year 2014

to the analysis, as shown in Table 19 in the Appendix. Ethereum exhibits

the same monthly pattern as do other crpytocurrencies over its shorter data

range from 2014 to 2018, with significantly lower than average closing and

mean returns in March and April, and higher at the end of the year (Table

20 in the Appendix). Interesting is larger significance of individual months

overall, possibly also contributing to the hypthesis of January effect being

mostly created by the development in late 2017 and early 2018.

Regarding day-of-the-week effect, just as for Bitcoin, we observe no stat-

istically significant pattern in neither close prices (Table 6) nor mean prices

(Table 21 in the Appendix) at 10 % significance level. Particular results are

again almost identical for close and mean prices, and with no overbearing

pattern connecting the cryptocurrencies, except perhaps not significantly

and slightly higher prices on Saturdays.

Turning to weekly patterns in returns in Table 7 for closing returns and

Table 22 in the Appendix for mean returns, we observe again unchanged pat-

tern for Bitcoin over shorter data range, with no days significantly different

from the others, with insignificantly lower returns on Tuesday, Wednesday

and Sunday.

Interesting is however the divergence of other cryptocurrencies from Bit-

coin in weekly patterns in that their daily coefficients tend to be statistically

significant, even though the pattern seems similar. For most of the crypto-

currencies, returns are negative from Monday to Thursday (primarily at

the beginning of the week for Ripple and Dash, primarily towards the end

for Litecoin and Monero), with Saturdays exhibiting positive returns, signi-

ficantly larger than average for Dash at 10 % significance level for closing

returns.

Peculiar are differences between mean and closing returns. Saturdays

exhibit significantly larger than average returns for mean data and Fridays

significantly lower, while other coefficients seem to reflect closing returns.
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Period Mon Tue Wed Thu Fri Sat Sun

Closing price of Bitcoin

Mean 3111 3106 3095 3093 3096 3115 3106
SD 3796 3796 3766 3781 3795 3835 3799

t test 0.03 0.01 -0.03 -0.04 -0.03 0.05 0.01

Closing price of Litecoin

Mean 40.69 41.16 40.48 39.92 40.10 40.80 40.69
SD 62 63 61 60 60 62 62

t test 0.03 0.14 -0.02 -0.15 -0.11 0.06 0.03

Closing price of Ripple

Mean 0.22 0.22 0.22 0.22 0.22 0.22 0.23
SD 0.37 0.35 0.37 0.38 0.39 0.40 0.40

t test -0.07 -0.24 -0.13 0.01 0.12 0.12 0.14

Closing price of Monero

Mean 62.07 62.22 62.64 61.30 61.54 62.23 61.95
SD 93 93 95 92 92 94 93

t test 0.01 0.04 0.10 -0.11 -0.07 0.04 -0.01

Closing price of Dash

Mean 148 149 150 149 148 150 150
SD 231 234 241 239 232 239 236

t test -0.08 -0.03 0.05 0.00 -0.08 0.08 0.05

Closing price of Stellar

Mean 0.08 0.08 0.08 0.08 0.08 0.08 0.08
SD 0.13 0.13 0.14 0.14 0.14 0.14 0.14

t test 0.02 -0.09 0.05 -0.08 -0.03 0.06 0.06

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 6: Comparison of results of statistical analysis of day-of-the-week effect in closing

price (USD) of BTC, LTC, XRP, XMR, DASH and XLM, 1.1. 2015 - 31.12. 2018

The differences may be caused by overall insignificance of the day-of-the-

week effect in prices, which may then cause small differences in closing and

mean returns create larger disparities. Alternatively, if we find the day-of-

the-week effect significant in consequent regression analysis, this effect may

be caused by large within-day variance in prices, which might render closing

returns to be improper estimate of the daily development.

Table 23 in the Appendix shows the statistical evidence of day-of-the-

week effect in Litecoin and Ripple from 1.1. 2014 to 31.12. 2018, and Table
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Period Mon Tue Wed Thu Fri Sat Sun

Returns (close) of Bitcoin

Mean 5.05 -1.76 -10.91 11.40 2.98 19.41 -9.68
SD 200 272 262 362 226 236 158

t test 0.20 -0.22 -0.73 0.36 0.04 1.04 -1.10

Returns (close) of Litecoin

Mean 0.01 0.45 -0.71 -0.40 0.19 0.74 -0.12
SD 7.80 11.14 5.99 2.81 4.34 7.50 3.21

t test -0.02 0.55 -1.75c -2.15b 0.58 1.39 -0.63

Returns (close) of Ripple

Mean -0.0055 -0.0035 0.0024 0.0047 0.0029 0.0001 0.0004
SD 0.02 0.02 0.07 0.07 0.08 0.02 0.04

t test -4.02a -2.23b 0.47 0.95 0.48 -0.14 0.07

Returns (close) of Monero

Mean 0.128 0.072 0.418 -1.049 0.240 0.694 -0.287
SD 6.60 8.67 12.15 6.69 7.93 8.64 4.65

t test 0.21 0.07 0.46 -2.34b 0.38 1.11 -0.99

Returns (close) of Dash

Mean -2.16 0.54 1.25 -0.06 -1.41 2.79 -0.58
SD 13.44 24.93 40.03 17.74 8.79 23.26 23.61

t test -2.27b 0.34 0.47 0.00 -2.24b 1.76c -0.32

Returns (close) of Stellar

Mean -0.0004 -0.0009 0.0014 -0.0009 0.0005 0.0009 0.0000
SD 0.013 0.011 0.037 0.010 0.017 0.010 0.009

t test -0.55 -1.22 0.51 -1.48 0.34 1.18 -0.14

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 7: Comparison of results of statistical analysis of day-of-the-week effect in returns

(closing) (USD) of BTC, LTC, XRP, XMR, DASH and XLM, 1.1. 2015 - 31.12. 2018

24 in the Appendix shows results for Ethereum from 1.1. 2016 to 31.12.

2018. We observe that as for the monthly results, the prices are overall lower

for every day with 2014 included, yet all days remain similarly insignificant

in their differences from others at 10 % significance level. The results for

daily returns also remain unchanged with added data. Ethereum shows

no day-of-the-week effect in closing and mean prices. In returns, it seems

to be most similar to Monero, with the same discrepancy between closing

and mean returns, meaning lower than average returns on Wednesdays and
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higher on Saturdays in closing returns, and lower on Fridays and again higher

on Saturdays for mean returns. The same likely explanation applies.

More precise analysis of seasonality is given in the following section, and

inquiry into its causes, and especially the apparent strong significance of

higher prices in December is given in section 5.3.

5.2 Results of Econometric Analysis

As with statistical analysis, seasonal patterns are first examined in Bitcoin

over maximum data range from 1.1. 2014 to 31. 12. 2018.

As indicated in the previous section, non-linear time trend is likely present

in the price data. After establishing various functional models of Bitcoin

prices and time trends (not reported), logarithmic dependent variable is

selected for prices together with polynomial trend of second degree, as most

representative of the development of prices. This form of time trend seems

to well represent the approximate price development, as shows the reported

F-statistics and adjusted R-squared in Table 25 in the Appendix (where t is

the trend variable). The same model is thereafter selected for mean prices,

due to the strong similarity in their development, as shown in Figure 1.

Conducting the Dickey-Fuller test for this model, strong evidence for non-

stationarity is found. Consequently, returns are used. As it was previously

established to use prices in logarithmic form, returns are defined as

returnt = log(closing pricet)− log(closing pricet−1).

Dickey-Fuller is then used again on thus defined returns, and the hypo-

thesis of the presence of non-stationarity is rejected at 1 % significance level.

Consequent analysis therefore operates with basic model regressing returns

on polynomial time trend.

Models including separately the daily and monthly dummy variables are

estimated (not reported), and the Breusch-Pagan test is conducted. Strong

case for heteroskedasticity is found (homoskedasticity as null hypothesis is

rejected at 1 % significance level).
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Breusch-Godfrey test is also conducted for both models, and very high

p-value is obtained, meaning that no evidence of serial correlation in errors

is found and the null hypothesis cannot be rejected. The fact that returns

are used likely contributes to this result. It is therefore necessary to correct

for heteroskedasticity only, which is done by using heteroskedasticity-robust

White standard errors, as described in section 4.2.

The results accounting for heteroskedasticity for day-of-the-week effect in

returns are reported in Table 8.

Returns (closing) Returns (mean)

t2 -0.000∗∗∗ -0.000∗∗∗

(0.0000) (0.0000)

t 0.00002∗∗∗ 0.00002∗∗∗

(0.0000) (0.0000)

Tuesday -0.004 -0.001

(0.004) (0.003)

Wednesday -0.007∗ -0.004

(0.004) (0.003)

Thursday -0.004 -0.004

(0.004) (0.003)

Friday -0.004 -0.005∗

(0.003) (0.003)

Saturday -0.002 -0.001

(0.003) (0.003)

Sunday -0.005 -0.002

(0.003) (0.002)

Constant -0.003 -0.004

(0.004) (0.003)

F Statistic 1.656 2.186

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 8: Returns of Bitcoin (USD) and day-of-the-week effect with White standard errors,

1.1. 2014 - 31.12. 2018

Heteroskedasticity-robust F-test for joint significance (Chesher and Aus-

tin, 1991) of the daily dummies is performed, and the results show that we

49



cannot reject the null hypothesis of joint insignificance of daily dummies

at reasonably low significance level (p-value for dummies in closing returns

model is 0.61, and 0.60 for mean returns model, not reported). This, to-

gether with little significance of individual days, confirms the hypothesis

from statistical analysis, that there indeed seems to be no day-of-the-week

effect in Bitcoin.

Comparing coefficients of individual days, we find most of them to be very

similar for mean and closing prices, and much like in statistical analysis, we

find the returns to be likely lower during the week and higher on Saturday

and seemingly Mondays, which are chosen as base group.

Regression analysis of the January effect also seems to confirm many of

previous conclusions. Both models are overall significant, as show F Statist-

ics in Table 9, and dummy variables are jointly significant for mean returns

even at 5 % significance level.

Regarding individual coefficients, the results also seem consistent with the

previous statistical analysis. We have previously concluded that January and

March exhibit the lowest returns. Results reported in Table 2 confirm this,

as with January chosen as base month, and all coefficients except for March

positive, this indeed means that returns in March are the lowest during the

year, followed by January. Significantly higher returns are found in May

and October, as well as April, November and December for mean returns.

Again, this is very similar to results reported in Table 2.

This holds for both closing and mean returns, the results of which we

observe to be very similar, as in the statistical analysis for Bitcoin. Coeffi-

cients for mean returns are slightly more significant due to lower variances

in mean returns, something we also observed also in previous analysis.

In Table 10, comparison of results for day-of-the-week effect in all the

cryptocurrencies over comparable range from 1.1. 2015 to 31.12. 2018 are

reported. The same functional form and expression of the trend variable t

is used for all six cryptocurrencies in order to obtain comparable results.

However, evidence for non-stationarity is found in all the cryptocurrencies
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Returns (closing) Returns (mean)

t2 −0.000∗∗∗ -0.000∗∗∗

(0.0000) (0.0000)

t 0.00002∗∗∗ 0.00002∗∗∗

(0.0000) (0.0000)

February 0.006 0.006

(0.006) (0.005)

March −0.0003 −0.001

(0.006) (0.005)

April 0.008 0.007∗

(0.006) (0.004)

May 0.010∗ 0.009∗∗

(0.005) (0.004)

June 0.007 0.006

(0.006) (0.004)

July 0.006 0.006

(0.006) (0.004)

August 0.004 0.003

(0.006) (0.004)

September 0.003 0.002

(0.006) (0.004)

October 0.009∗ 0.008∗∗

(0.005) (0.004)

November 0.007 0.006∗

(0.006) (0.005)

December 0.008 0.007∗

(0.006) (0.005)

Constant −0.011∗∗ −0.011∗∗

(0.006) (0.004)

F Statistic 1.563∗ 2.299∗∗∗

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 9: Returns (closing) of Bitcoin (USD) and January effect with White standard

errors, 1.1. 2014 - 31.12. 2018

using the Dickey-Fuller test, therefore the use of returns is again justified.

As all the cryptocurrencies also exhibit various degrees of heteroskedasticity,
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White standard errors are again used (Wooldridge, 2010).

Focusing on closing returns for Bitcoin over shorter data range, it can

be seen that they have not significantly changed from results obtained from

analysis over maximum range in Table 8. Overall, in the results for day-

of-the-week effect in closing returns, the daily dummy variables are found

insignificant for all cryptocurrencies except Ripple at 10 % significance level.

BTC LTC XRP XMR DASH XLM

t2 -0.000∗∗∗ -0.000∗∗ -0.000∗∗∗ -0.000∗∗∗ -0.000∗∗ -0.000∗∗

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

t 0.00003∗∗∗ 0.00003∗∗ 0.00005∗∗∗ 0.00004∗∗∗ 0.00003∗∗ 0.00005∗∗

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

Tuesday -0.006 0.003 0.003 -0.002 0.002 -0.007

(0.004) (0.006) (0.007) (0.008) (0.006) (0.008)

Wednesday -0.008∗∗ -0.006 0.004 -0.008 0.009 -0.008

(0.004) (0.006) (0.007) (0.007) (0.006) (0.008)

Thursday -0.006 0.001 0.002∗ -0.003 0.009 -0.006

(0.004) (0.006) (0.008) (0.007) (0.006) (0.008)

Friday -0.004 0.002 0.002∗∗ 0.000 0.007 -0.004

(0.004) (0.006) (0.007) (0.007) (0.006) (0.008)

Saturday -0.002 0.004 0.000 0.008 0.009 -0.003

(0.004) (0.005) (0.006) (0.007) (0.006) (0.008)

Sunday -0.006 0.002 0.007 0.001 0.005 -0.005

(0.003) (0.005) (0.007) (0.007) (0.006) (0.008)

Constant -0.0009 -0.007 -0.02∗∗∗ -0.005 -0.009 -0.007

(0.004) (0.006) (0.006) (0.008) (0.006) (0.007)

F Statistic 2.001 1.246 2.280 1.745 1.612 0.867

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 10: Returns (closing) of BTC, LTC, XRP, XMR, DASH, XLM (USD) and day-of-

the-week effect with White standard errors, 1.1. 2015 - 31.12. 2018

Table 26 in the Appendix then shows results of the same analysis on

mean returns. Daily dummies are again found jointly insignificant at 10

% significance level for all cryptocurrencies. Individual coefficients tend to

differ without any revealed pattern. This is likely caused merely by their
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insignificance, causing them to be prone to changes with little changes in

the data.

In mean returns in Table 26, it is observed that variances of the daily

dummies are in general smaller than for closing returns in Table 11. This

again corresponds to what was found in earlier analysis of Bitcoin over max-

imal range as well as in previous statistical analysis.

Results for day-of-the-week effect in Ethereum from 1.1. 2016 to 31.12.

2018 are reported in Table 27 in the Appendix for both closing and mean

returns. Even if the suggested pattern of lower variances and higher overall

significance in mean returns compared to closing returns is still observable,

it is worth noting that in Ethereum, the joint significance of daily dummy

variables is the lowest of all examined cryptocurrencies, with p-value of the

heteroskedasticity-robust F-test for joint significance (not reported) being

0.996.

In Table 11, January effect is examined over comparable data range for

all cryptocurrencies. Focusing first on Bitcoin, the obtained results are again

almost identical to those over longer data range, with returns in December

becoming even more significantly higher, just as in autumn months. This

further contributes to hypothesis outlined in section 5.1 Statistical analysis

that higher prices in late 2017 play an important role in formation of monthly

patterns.

Comparing all cryptocurrencies, the revealed monthly pattern is very

simillar to each other and to conclusions of statistical analysis; highest re-

turns for all cryptocurrencies are found in December, usually significantly

higher (5 % significance level for Ripple and 10 % for Bitcoin, Litecoin and

Monero). In general, lowest returns to almost all cryptocurrencies seem to

be in January, with low returns also in March and summer months.

Table 28 in the Appendix shows results of the same analysis for mean re-

turns. Coefficients’ values are almost unchanged from coefficients from ana-

lysis of closing returns, yet significance of individual coefficients and overall

significance of the models (as shown by reported F Statistics) has increased,
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again because of lower variances of individual variables.

This further leads to difference in joint significance of monthly dummy

variables between the closing returns and mean returns models. While for

closing returns models, the p-values of heteroskedasticity-robust F-tests for

joint significance are in general around 0.20, we find that for mean returns,

the monthly dummies are in fact jointly significant, for Bitcoin, Ripple and

Monero even at 5 % significance level.

Results of January effect analysis in Ethereum from 1.1. 2016 to 31.12.

2018 are shown in Table 29 in the Appendix. The obtained results are

somewhat peculiar in comparison to other examined cryptocurrencies. While

we still observe lower variance in mean returns, as well as increase in joint

significance of monthly dummy variables in mean returns (significant at 10 %

significance level for mean returns), the coefficients’ values are very different

from patterns observed in other cryptocurrencies. From Table 29, it seems

that Ethereum exhibits significantly higher returns in January, with lowest

returns during the second half of the year from June to November. This is

again in perfect accordance with previous conclusion from statistical analysis

in Table 20, where the conclusion reached was very similar, and might be

again caused by development in early 2018, given that price of Ethereum

was slower to fall in January than prices of other cryptocurrencies.

Results from analysis for Litecoin and Ripple over maximum data range

again copy the results from Tables 10 and 26 for day-of-the-week effect and

Tables 11 and 28 for January effect, and are therefore not reported.

5.3 Results of the Analysis of Causes of Seasonal Patterns

As the conclusion from previous analyses is that only January effect is found

among the cryptocurrencies, this section inquires only in the likely causes of

the January effect.

• Bitcoin as the ultimate cause of seasonality

The same functional form is chosen to represent the prices (returns)

of cryptocurrencies as in section 5.2 Econometric analysis. This means
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BTC LTC XRP XMR DASH XLM

t2 -0.000∗∗∗ -0.000∗∗ -0.000∗∗∗ -0.000∗∗∗ -0.000∗∗ -0.000∗∗

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

t 0.00003∗∗∗ 0.00003∗∗ 0.00005∗∗∗ 0.00004∗∗ 0.00003∗∗ 0.00005∗∗

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

Feb 0.012∗ 0.009 0.007 0.015 0.010 -0.010

(0.007) (0.008) (0.008) (0.010) (0.010) (0.010)

Mar 0.002 0.006 0.010 0.016 0.007 -0.004

(0.006) (0.008) (0.010) (0.010) (0.010) (0.010)

Apr 0.011∗ 0.016∗∗ 0.020 0.001 0.002 0.009

(0.006) (0.008) (0.013) (0.009) (0.009) (0.010)

May 0.010∗ 0.012 0.017∗ 0.006 0.000 0.011

(0.006) (0.008) (0.010) (0.009) (0.008) (0.010)

Jun 0.009 0.015 0.010 0.010 -0.000 -0.005

(0.006) (0.009) (0.008) (0.009) (0.008) (0.010)

Jul 0.010 0.008 0.000 0.007 0.003 -0.007

(0.006) (0.010) (0.008) (0.008) (0.009) (0.010)

Aug 0.008 0.005 0.009 0.027∗∗ 0.004 -0.002

(0.006) (0.007) (0.008) (0.012) (0.009) (0.010)

Sep 0.007 0.006 0.011 0.002 -0.002 -0.004

(0.006) (0.008) (0.009) (0.009) (0.008) (0.010)

Oct 0.013∗∗ 0.008 0.004 0.001 -0.005 0.000

(0.006) (0.007) (0.008) (0.008) (0.008) (0.010)

Nov 0.010 0.007 0.006 0.013 0.005 -0.002

(0.007) (0.008) (0.008) (0.009) (0.009) (0.010)

Dec 0.013∗ 0.016∗ 0.029∗∗ 0.016∗ 0.008 0.011

(0.007) (0.009) (0.011) (0.009) (0.009) (0.010)

Constant -0.012∗ -0.014 -0.022∗∗∗ -0.015 -0.006 -0.010

(0.007) (0.009) (0.008) (0.009) (0.008) (0.009)

F Statistic 1.816 1.150 1.989 2.042 1.174 1.232

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 11: Returns (closing) of BTC, LTC, XRP, XMR, DASH, XLM (USD) and January

effect with White standard errors, 1.1. 2015 - 31.12. 2018

first difference of logarithms of prices of the cryptocurrencies. Returns

are used again to prevent issues with non-stationarity. All models
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regressing altcoins’ returns on returns of Bitcoin and set of monthly

variables exhibited strong evidence against homoskedasticity (Breusch-

Pagan test, not reported), and not enough evidence to reject the hy-

pothesis of no serial-correlation in errors (Breusch-Godfrey test, not

reported). Therefore, White standard errors are used in all subsequent

tests to compensate for revealed heteroskedasticity.

Table 30 in the Appendix contains results from regression of closing

returns of altcoins on closing returns of Bitcoin on comparable data

range from 1.1. 2015 to 31.12. 2018. Notable is very strong signific-

ance in returns of Bitcoin in all models, as well as much higher overall

significance of the models, represented by the reported F Statistics.

A heteroskedasticity-robust F test for joint significance of the monthly

dummy variables is conducted for all models, and in all cryptocurren-

cies with the exception of Monero, monthly variables are found to be

statistically insignificant at 10 % significance level. Separate analysis

is conducted for Ethereum, where dummy variables are found jointly

significant even at 5 % significance level. It is worth noting our previ-

ous conclusion especially about Ethereum in previous section based on

Table 29, where we observed that Ethereum follows somewhat behind

Bitcoin’s price pattern. An analysis involving lagged Bitcoin returns

might yield different results.

Overall, however, the tests seem to confirm the hypothesis outlined in

previous section, that the monthly seasonal pattern seems to be similar

in Bitcoin and other cryptocurrencies, even though it is not sufficient to

establish whether there is ceteris paribus a casual relationship between

the two. That would require further analysis.

Identical analysis is conducted for mean returns of each cryptocurrency

(not reported), and reports somewhat lower p-values of the F tests for

joint significance, which is again consistent with our previous findings,

that analysis of mean returns shows lower variances and thus in general

slightly higher significance of independent variables.
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• The 2017/2018 effect

BTC (close) BTC (mean) LTC (close) LTC (mean) XRP (close) XRP (mean)

t2 0.000 0.000 -0.000 -0.000 -0.000 -0.000∗

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

t 0.000 0.000 0.000 0.000 0.000 0.000∗

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Feb 0.004 0.003 0.001 0.001 0.005 0.005

(0.007) (0.006) (0.009) (0.007) (0.007) (0.006)

Mar 0.002 0.000 0.004 0.003 -0.003 -0.003

(0.007) (0.005) (0.010) (0.007) (0.007) (0.005)

Apr 0.005 0.003 0.003 0.003 0.002 0.000

(0.007) (0.006) (0.010) (0.008) (0.008) (0.006)

May 0.009 0.009∗ 0.009 0.010 0.003 0.004

(0.007) (0.005) (0.009) (0.007) (0.010) (0.008)

Jun 0.008 0.007 0.012 0.010 0.012∗ 0.0012∗∗

(0.007) (0.006) (0.010) (0.008) (0.007) (0.006)

Jul 0.002 0.003 0.004 0.003 0.006 0.006

(0.007) (0.005) (0.012) (0.009) (0.008) (0.006)

Aug -0.002 -0.003 -0.006 -0.006 0.006 0.006

(0.007) (0.005) (0.010) (0.009) (0.007) (0.005)

Sep 0.002 0.000 0.004 0.003 0.007 0.007

(0.007) (0.005) (0.009) (0.007) (0.008) (0.006)

Oct 0.006 0.006 0.005 0.005 0.006 0.005

(0.007) (0.005) (0.009) (0.007) (0.007) (0.005)

Nov 0.007 0.006 0.002 0.002 0.014∗ 0.015∗∗

(0.007) (0.006) (0.009) (0.007) (0.008) (0.007)

Dec 0.005 0.004 0.001 0.001 0.020∗∗ 0.018∗∗

(0.007) (0.005) (0.009) (0.007) (0.009) (0.008)

Constant -0.007 -0.006 -0.012 -0.013∗∗ -0.013∗∗∗ -0.009

(0.007) (0.005) (0.007) (0.007) (0.007) (0.005)

F Statistic 1.092 1.547 0.896 1.287 1.393 1.954

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 12: Returns (closing, mean) of BTC, LTC, XRP (USD) and the 2017/18 effect in

January effect with White standard errors, 1.1. 2014 - 31.12. 2018
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Table 12 shows results of both closing and mean returns on Bitcoin,

Litecoin and Ripple from 1.1. 2014 to 31.12. 2016. As in previous ana-

lysis, heteroskedasticity is found and corrected for using White stand-

ard errors. The revealed results seem to mirror results from previous

econometric analysis. It is still observed that mean returns exhibit in

general similar coefficients’ values and lower variances, rendering them

more significant. Returns still tend to be higher in the second part of

the year and lower at the beginning of the year.

However, previous analyses revealed higher variances especially for Decem-

ber, which is not observed in Table 12. It is therefore likely that at least

this part of the January effect is caused by the development of late 2017.

Conducting the heteroskedasticity-robust F-tests for joint significance

of the monthly dummy variables, the resulting p-values of the tests, even

if slightly higher than for tests of joint significance of monthly dummies

in models based on data from 1.1. 2015 to 31.12. 2018 (Tables 11 and

28), still show the monthly dummies to be significant, for mean returns

even at 5 % significance level for Bitcoin and Ripple.

We may therefore conclude that even though the years 2017 and 2018

do affect the particular parameters of the January effect, they are not

its ultimate cause.

• Chinese-New-Year effect

Following the procedure outlined in section 4.3, first differences of log-

arithms of prices of Bitcoin are used as returns (closing and mean), as

established in section 5.2. Table 13 shows the result of the model cap-

turing the Chinese-New-Year effect only. The model exhibits evidence

for heteroskedasticity and does not exhibit evidence for serial correla-

tion in errors (tests not reported); the table therefore depicts results

with White standard errors.

We observe seemingly positive effect prior to the Chinese-New-Year

festival as well as during the holiday, with close to no observable effect
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after the holiday. This result is in perfect agreement with results of

both Yuan and Gupta (Yuan and Gupta, 2014) and Wu (Wu, 2013).

For mean returns, the effect during the festival is even significant at

10 % significance level, while p-value for the post-Chinese-New-Year

effect is for both mean and closing returns higher than 0.80, rendering

it very insignificant. P-value of the heteroskedasticity-robust F test for

joint significance of all Chinese-New-Year dummy variables is for both

closing and mean returns somewhat above 0.20, rendering the effect

overall insignificant.

Bitcoin (close) Bitcoin (mean)

t2 -0.0000∗∗∗ -0.0000∗∗∗

(0.0000) (0.0000)

t 0.0000∗∗∗ 0.0000∗∗∗

(0.0000) (0.0000)

preCNY 0.009 0.006

(0.009) (0.005)

CNY 0.005 0.008∗

(0.005) (0.004)

poCNY -0.000 0.002

(0.007) (0.007)

Constant -0.007∗∗ -0.007∗∗∗

(0.003) (0.003)

F Statistic 2.268 3.236

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 13: Returns (closing and mean) of Bitcoin (USD) with Chinese-New-Year effect

using White standard errors, 1.1. 2014 - 31.12. 2018

Table 31 in the Appendix depicts the same model with the addition of

monthly dummy variables, again with White standard error in order to

compensate for revealed heteroskedasticity. The effect of the holiday,

especially prior to and during the festival, remains positive and mostly

unchanged, however, having been cleared from monthly seasonality by

the addition of the dummy variables, we observe that its significance
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has increased, with the preCNY and CNY variables significant for

mean returns, and nearly significant for closing returns (p-values of the

two variables being 0.11 and 0.13 for closing returns, respectively, not

reported).

Nonetheless, as the whole effect is jointly insignificant, our main con-

cern is its effect on the significance of monthly dummies, as com-

pared to the model estimated in Table 9. It can indeed be observed

that both values and significance of individual coefficients have re-

mained almost unchanged. Also, just as in the model from Table 9,

the heteroskedasticity-robust test for joint significance of the monthly

variable shows them to be jointly significant, for mean returns again

even at 5 % significance level.

In view of this, as well as the joint insignificance of the Chinese-New-

Year effect, it may be concluded that monthly seasonality, especially

lower returns in January and February, are not likely to be caused by

the effect of the Chinese New Year.

• Technical and market causes of seasonal patterns in Bitcoin

As outlined in section 4.3 Methodology, a model using all expected

price drivers of Bitcoin as independent variables, as well as monthly

dummies and the polynomial time trend, is estimated from 1.1. 2014 to

31.12. 2018. Evidence is again found for heteroskedasticity and is cor-

rected for using White standard errors, reported in Table 14. Variable

exchangetrans in the table represents number of on-exchange trans-

actions of Bitcoin, NEtrans represents non-exchange transactions in

Bitcoin, hrate current hash rate and BTCsupply total Bitcoin supply

at the time. More decimal spaces are allowed compared to previous

analyses to capture the effect of proposed price drivers of Bitcoin.

As in previous models, the coefficients for closing and mean returns

(again in established functional form) are almost identical, with model

with mean returns exhibiting lower variances, and thus yielding stronger

significance of individual coefficients.
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Bitcoin (close) Bitcoin (mean)

t2 -1.376e-07 -1.198e-07
(1.073e-07) (08.896e-08)

t 4.677e-04 4.565e-04∗

(2.926e-04) (2.429e-04)

exchangetrans -1.088e-08 -2.585e-08∗∗

(1.254e-08) (1.055e-08)

NEtrans 6.696e-08 8.694e-08∗∗

(4.513e-08) (3.715e-08)

hrate 4.704e-10 -5.626e-11
(0.009) (4.014e-10)

BTCsupply -6.926e-08∗ -7.106e-08∗∗

(4.080e-08) (3.405e-08)

S&P -1.094e-05 -7.962e-06
(8.464e-06) (6.739e-06)

Gold 1.327e-05 1.366e-05
(3.534e-05) (2.877e-05)

Feb 0.007 0.007
(0.008) (0.007)

Mar -0.000 -0.001
(0.008) (0.007)

Apr 0.012 0.011∗

(0.008) (0.007)

May 0.014∗ 0.014∗∗

(0.008) (0.007)

Jun 0.011 0.010
(0.008) (0.007)

Jul 0.013 0.012∗

(0.008) (0.007)

Aug 0.008 0.007
(0.008) (0.007)

Sep 0.005 0.003
(0.008) (0.007)

Oct 0.013∗ 0.010
(0.007) (0.006)

Nov 0.010 0.009
(0.008) (0.007)

Dec 0.012 0.012∗

(0.008) (0.007)

Constant 0.833∗ 0.851∗∗

(0.474) (0.397)

F Statistic 1.861 3.451

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 14: Returns (closing and mean) of Bitcoin (USD) with price drivers and January

effect with White standard errors, 1.1. 2014 - 31.12. 2018

Regarding the price drivers, in both models significantly negative effect

of total supply of Bitcoins is observed. This is in accordance with the
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quantity theory of money as outlined in section 2 Literature Review, as

it would be expected that expanding money supply would have infla-

tionary effect on Bitcoin, thus lowering returns measured in USD. The

coefficient of on-chain transaction is positive and significant for mean

returns, as is also understandable through the quantitative theory -

with higher number of real world transactions the demand for Bitcoin

increases and that ceteris paribus increases real value of Bitcoin. Pecu-

liar is however the coefficients of on-exchange transactions, which seems

to indicate that the more Bitcoin is transacted on exchanges, the lower

the returns to Bitcoin. The returns of Bitcoin do not seem to be signi-

ficantly influenced by the development of the price of gold or the S&P

index.

Most importantly, testing for joint significance of monthly dummy vari-

ables using the heteroskedasticity-robust F-test, it is found that the

monthly dummies remain significant, for mean returns again even at 5

% significance level. In fact, the p-value of the F-tests is only negligibly

larger than when testing for joint significance in models not involving

the price drivers.

Together with the particular coefficients reflecting the coefficients from

previous analyses, with higher returns at the end of the year and sum-

mer months, and lower at the beginning of the year, this allows us to

conclude that January effect in fact likely originates in the market of

Bitcoin itself, and is not brought in by some of the examined price

drivers. A break-down into more models, as outlined in section 4.3

Methodology is therefore not necessary.
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6 Conclusion

In the course of this thesis, we have, employing tools of both statistical (in

section 5.1) and econometric analysis (section 5.2), come to the conclusion

that cryptocurrencies overall do not seem to exhibit day-of-the-week season-

ality (except for Ripple, that shows evidence of day-of-the week seasonality

at 10 % significance level), and on the other hand seem to show certain

evidence for the presence of monthly seasonality. This finding is contrary to

that of Haferkorn and Diaz (Haferkorn and Diaz, 2015), even though it is

worth noting that their analyses focused on number of transactions instead

of prices and returns.

Regarding particular seasonal patterns, it has been found that for most

cryptocurrencies, lower than average (and often negative) returns are ob-

servable in the period from January to June, with most significantly lower

returns between February and May, and higher returns are observable es-

pecially in December. From the sample of seven cryptocurrencies, one that

seems to somewhat differ is Stellar, which exhibits lower returns in later

summer and autumn months as well as at the beginning of the year, while

retaining higher returns in December. Different pattern is also followed by

Ethereum, as might be expectable due to its short data range. It is hypo-

thesized in section 5.2 that the difference in effect of particular months in

Ethereum might be caused by the fact that it was slower to fall in price at

the beginning of 2018.

For cryptocurrencies for which different data length was used for the

purpose of comparison and separate analysis (Bitcoin, Litecoin, Ripple), the

results remain unchanged with the added year of data.

In all parts of the analysis, models conducted using mean prices and

returns exhibited lower variances and therefore slightly higher significance

of coefficients than models using closing prices and returns, even if general

revealed patterns were very similar for both types of models. This is un-

derstandable, as closing prices represent arbitrary point in time and can

therefore be extremely low or extremely high. Mean prices however, com-
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puted as averages of lowest and highest prices within 24 hour period, have

the property of eliminating these outliers.

The disadvantage of mean prices is that we have unequal time difference

between individual daily observations, which might be especially harmful for

estimation of Monday effect. Regarding the January effect however, their

property of smoothing the data by eliminating extreme value outweighs this

disadvantage, as when months are the primary concern, lower sensitivity for

day-to-day differences is less of an issue. As day-of-the-week effect was not

found sufficiently significant using either method, mean prices and returns

were considered preferable in later analyses.

While the revealed evidence for seasonal pattern may be considered as a

reason to reject weak form of efficiency for the cryptocurrency market, as

described in section 2.3, it is also worth noting that particular results for

all the cryptocurrencies differ from common findings for seasonality on the

stock market. As described in section 2.2, most of the researchers agree on

the persistence of the so-called “sell in May and go away”, or Halloween

effect, meaning higher returns at the beginning of the year, and especially

in January, almost the opposite of the results for cryptocurrencies.

Similarly, researchers usually agree on positive Monday effect being present

on the stock market, which was not found in the cryptocurrencies. As this is

often explained by the cumulative effect of the markets’ closure during the

weekend, the absence of the day-of-the-week effect in the cryptocurrency

market, which is not subject to any opening hours, is more easily explain-

able.

In our enquiry into the supposed causes of monthly seasonality in crypto-

currencies, we firstly confirmed the notion that the prices and returns of

individual cryptocurrencies are indeed to some degree correlated with those

of Bitcoin, to the extent that it also eliminates monthly seasonality in the

altcoins (except Monero at 10 % significance level). Further analysis would

be needed to establish whether seasonality in Bitcoin is indeed a cause of

seasonality in other currencies.
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Secondly, we found that sharp increase in the cryptocurrencies’ prices

in late 2017 and consequent decrease in early 2018, even if they bear some

influence on the monthly patterns, are not likely to be the cause of revealed

pattern. The same holds for the alleged effect of the Chinese New Year on the

cryptocurrency market, despite what the general cryptocurrency community

seems to believe.

Lastly, examining the price drivers of Bitcoin, we found no significant cor-

relation of the development of market with Bitcoin and the stock market,

as well as market for gold. This is not surprising, as we have already com-

mented on the fundamental differences of the markets. The coefficients of

the market and of technical price drivers are well understandable in view of

economic theory (section 2.3). However, none of the examined price drivers

was found to be the source of revealed monthly seasonality in Bitcoin.

Thus, we have tested on a representative sample of seven cryptocurren-

cies the most common types of seasonal patterns, as well as inquired in their

likely causes and commented on the results based on economic theory. Des-

pite the robustness of conducted analyses on various data ranges and with

employment of various approaches, there is still room for further research,

possibly with focus on seasonal patterns in variations, as well as deeper ex-

amination of the causes of seasonality and mutual influence of individual

cryptocurrencies.
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[69] Rösch, A., Schmidbauer, H., Donghui, J. 2013. Chinese New Year and

international gold markets. Working paper 5461. Available online at:

http://econpapers.repec.org/paper/ekd004912/5461.htm

72



[70] Ehrmann, M., Jansen, D.J. 2012. The pitch rather than

the pit: investors inattention during FIFA world matches.

European Central Bank. Working paper 1424. Available online at:

www.ecb.europa.eu/pub/pdf/scpwps/ecbwp1424.pdf.

[71] Ariel, R. 1987. The monthly effect in stock returns. Journal of Financial

Economics 18.2:161-174.

[72] Kunkel, R. A., Compton, W. S., Beyer, S. 2003. The turn-of-the- month

e ect still lives: the international evidence. International Review of Fin-

ancial Analysis 12.2:207-221.

[73] McConnell, J.J., Xu, W. 2008. Equity Returns at the Turn of the Month.

Financial Analysts Journal 64.2. https://doi.org/10.2469/faj.v64.n2.11.

[74] Bouman, S., Jacobsen, B. 2002. The Halloween indicator, ”Sell in

May and go away”: Another puzzle. The American Economic Review

92.5:1618-1635.

[75] Dichtl, H., Drobetz, W. 2014. Are stock markets really so ineffcient? the

case of the Halloween indicator. Finance Research Letters 11.2:112-121.

[76] Mankiw, G.N. 2010. Macroeconomics. Worth Publishers, New York

(Seventh edition). ISBN 978-1-4292-1887-0.

[77] Fama, E.F. 1965. Random walks in stock market prices. Financial Ana-

lysts Journal 21.5:55-59.

[78] Fama, E.F. 1970. Efficient Capital Markets: A Review of Theory and

Empirical Work. The Journal of Finance. 25.2:382-417.

[79] Dickey, D.A., Fuller, W.A. 1979. Distribution of the Estimators for

Autoregressive Time Series with a Unit Root. Journal of the American

Statistical Association 74.366:427-431.

https://doi.org/10.1080/01621459.1979.10482531.

[80] Breusch, T.S., Pagan, A.R. 1979. A Simple Test for Heteroskedasticity

and Random Coefficient Variation. Econometrica 47.5:1287-1294. DOI:

10.2307/1911963.

73



[81] Asteriou, D., Hall, S.G. 2011. The Breuschâ“Godfrey LM test for serial
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Period Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Mean price of Bitcoin

Mean 3655 2760 2719 2467 2762 2575 2644 2846 2879 3179 3571 5025
SD 5518 3886 3727 3248 3377 2619 2743 2660 2633 2781 3237 6085

t test 1.13 -0.92 -1.12 -2.12b -1.10 -2.17b -1.83c -1.04 -0.90 0.34 1.61 3.53a

Mean price of Litecoin

Mean 56.26 47.93 44.77 37.40 42.97 36.05 34.05 29.71 31.08 29.43 29.70 65.68
SD 94 81 73 56 58 41 33 27 28 26 29 103

t test 1.88c 0.99 0.66 -0.59 0.49 -1.18 -2.17b -4.44a -3.62a -4.71a -4.12a 2.73a

Mean price of Ripple

Mean 0.48 0.25 0.19 0.18 0.24 0.22 0.17 0.14 0.15 0.18 0.17 0.29
SD 0.88 0.42 0.32 0.30 0.30 0.23 0.19 0.15 0.17 0.19 0.19 0.43

t test 3.26a 0.71 -1.01 -1.45 0.64 -0.26 -3.03a -6.35a -4.65a -2.56b -2.77a 1.66c

Mean price of Monero

Mean 93.59 68.84 67.31 59.01 58.97 46.68 44.40 44.02 57.93 51.28 55.85 93.19
SD 156 114 110 92 85 56 54 47 53 48 58 133

t test 2.27b 0.66 0.56 -0.33 -0.37 -2.94a -3.55a -4.21a -0.79 -2.42b -1.13 2.62a

Mean price of Dash

Mean 242 160 136 117 128 112 108 110 134 118 147 269
SD 419 266 195 163 164 114 105 113 136 121 193 429

t test 2.49b 0.46 -0.71 -2.13b -1.36 -3.51a -4.27a -3.80a -1.16 -2.79a -0.09 3.11a

Mean price of Stellar

Mean 0.15 0.10 0.07 0.08 0.10 0.07 0.07 0.06 0.06 0.07 0.07 0.08
SD 0.25 0.17 0.12 0.13 0.15 0.10 0.11 0.10 0.10 0.10 0.09 0.09

t test 2.93a 1.25 -1.08 -0.37 1.21 -0.97 -1.26 -2.00b -2.25b -1.57 -1.74c -0.04

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 15: Comparison of results of statistical analysis of January effect in mean price

(USD) of BTC, LTC, XRP, XMR, DASH and XLM, 1.1. 2015 - 31.12. 2018
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Period Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Litecoin - Closing price

Mean 49.86 41.94 38.80 32.37 36.52 30.94 28.91 24.95 25.87 24.31 24.54 53.83
SD 85 73 66 52 53 38 31 26 28 25 28 97

t test 2.26b 1.22 0.82 -0.48 0.50 -1.13 -2.20b -4.55a -3.80a -4.95a -4.37a 2.51b

Litecoin - Mean price

Mean 49.86 41.79 38.97 32.22 36.52 30.89 28.85 24.95 25.83 24.33 24.50 53.18
SD 85 73 67 51 53 38 31 26 27 25 28 95

t test 2.27b 1.21 0.87 -0.50 0.51 -1.12 -2.20b -4.51a -3.79a -4.90a -4.37a 2.46b

Ripple - Closing price

Mean 0.39 0.20 0.16 0.15 0.19 0.17 0.14 0.11 0.12 0.14 0.14 0.24
SD 0.81 0.39 0.30 0.28 0.28 0.22 0.18 0.14 0.16 0.18 0.14 0.42

t test 3.20a 0.73 -1.00 -1.38 0.57 -0.32 -2.92a -6.06a -4.43a -2.50b -2.63a 1.77c

Ripple - Mean price

Mean 0.39 0.20 0.16 0.15 0.19 0.17 0.14 0.11 0.12 0.14 0.14 0.23
SD 0.81 0.39 0.30 0.27 0.28 0.22 0.18 0.14 0.16 0.18 0.18 0.40

t test 3.21a 0.74 -0.95 -1.43 0.57 -0.30 -2.89a -5.96a -4.41a -2.44b -2.61b 1.66

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 16: Statistical analysis of January effect in Litecoin and Ripple mean and closing

prices (USD) in maximum data range, 1.1. 2014 - 31.12. 2018

Period Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Ethereum - Closing price

Mean 372 293 224 193 272 283 233 212 178 176 179 252
SD 523 408 297 241 296 213 186 147 123 123 149 287

t test 2.45b 1.23 -0.49 -1.79c 1.08 1.96c -0.30 -1.79c -4.74a -4.92a -3.81a 0.45

Ethereum - Mean price

Mean 369 293 225 192 271 282 233 211 177 176 179 250
SD 519 408 299 239 296 213 186 147 122 123 148 285

t test 2.42b 1.23 -0.42 -1.84c 1.07 1.94c -0.24 -1.75c -4.70a -4.86a -3.78a 0.39

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 17: Statistical analysis of January effect in Ethereum mean and closing prices

(USD), 1.1. 2016 - 31.12. 2018
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Period Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Returns (mean) of Bitcoin

Mean -29.59 8.74 -31.16 21.57 -6.93 -5.85 15.27 6.18 -6.06 15.59 13.43 28.16
SD 288 198 113 121 62 59 103 80 74 95 171 478

t test -1.23 0.34 -3.30a 1.74c -1.68c -1.54 1.39 0.53 -1.25 1.55 0.71 0.60

Returns (mean) of Litecoin

Mean -0.54 0.47 -0.80 0.36 -0.19 -0.16 0.00 0.05 -0.12 -0.07 0.11 1.14
SD 6.79 7.63 2.36 2.26 2.16 1.65 1.38 1.39 2.25 1.08 1.48 14.62

t test -0.91 0.63 -3.85a 1.64 -1.09 -1.19 -0.17 0.21 -0.66 -0.96 0.68 0.85

Returns (mean) of Ripple

Mean -0.008 -0.002 -0.003 0.003 -0.001 -0.001 -0.001 0.000 0.002 -0.001 0.000 0.015
SD 0.12 0.04 0.01 0.02 0.02 0.01 0.01 0.01 0.03 0.01 0.01 0.11

t test -0.79 -0.48 -2.61b 1.52 -0.57 -0.99 -1.94c -0.49 0.59 -2.49b -0.61 1.56

Returns (mean) of Monero

Mean -0.55 0.18 -0.88 0.62 -0.60 -0.18 -0.06 0.69 -0.30 -0.17 0.38 1.28
SD 12.15 7.51 5.98 5.42 2.30 2.34 2.03 4.81 2.89 1.43 4.09 12.08

t test -0.54 0.21 -1.70c 1.20 -3.08a -1.00 -0.51 1.52 -1.26 -1.60 0.94 1.15

Returns (mean) of Dash

Mean -2.95 -0.52 -1.94 1.58 -1.14 -0.17 -0.13 1.32 -0.39 -0.66 3.42 2.31
SD 25.01 15.74 7.78 10.10 5.57 5.14 4.97 10.31 7.16 2.82 19.52 37.56

t test -1.29 -0.32 -2.70a 1.77c -2.16b -0.24 -0.16 1.49 -0.51 -2.39b 1.95c 0.70

Returns (mean) of Stellar

Mean 0.001 -0.001 -0.001 0.002 -0.001 -0.001 0.001 0.000 0.000 0.000 0.000 0.002
SD 0.037 0.011 0.008 0.010 0.007 0.003 0.008 0.003 0.006 0.003 0.004 0.014

t test 0.37 -1.34 -1.78c 2.16b -1.82c -3.71a 0.76 -1.72c 0.34 -0.82 -0.62 1.38

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 18: Comparison of results of statistical analysis of January effect in returns (mean)

(USD) of BTC, LTC, XRP, XMR, DASH and XLM, 1.1. 2015 - 31.12. 2018

83



Period Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Litecoin - Returns (close)

Mean -0.48 0.24 -0.56 0.28 -0.13 -0.15 0.00 0.04 -0.12 -0.07 0.10 0.94
SD 7.12 8.52 2.29 3.21 2.28 1.95 1.88 1.79 2.73 1.30 1.95 16.23

t test -0.84 0.32 -3.05a 1.05 -0.75 -0.95 -0.02 0.24 -0.56 -0.72 0.63 0.72

Litecoin - Returns (mean)

Mean -0.45 0.32 -0.64 0.27 -0.15 -0.14 -0.01 0.02 -0.10 -0.06 0.09 0.91
SD 6.09 7.14 2.12 2.08 2.00 1.53 1.30 1.29 2.11 0.99 1.38 13.57

t test -0.92 0.52 -3.78a 1.55 -0.96 -1.17 -0.15 0.17 -0.58 -0.83 0.74 0.83

Ripple - Returns (close)

Mean -0.008 -0.002 -0.003 0.002 -0.000 -0.001 -0.001 -0.000 0.001 -0.001 -0.000 0.013
SD 0.096 0.033 0.018 0.025 0.017 0.012 0.008 0.012 0.021 0.009 0.010 0.109

t test -1.01 -0.74 -1.82c 1.08 -0.29 -1.06 -1.58 -0.26 0.62 -1.38 -0.50 1.51

Ripple - Returns (mean)

Mean -0.007 -0.001 -0.003 0.002 -0.001 -0.001 -0.001 0.000 0.001 -0.001 0.000 0.012
SD 0.109 0.039 0.014 0.019 0.015 0.010 0.007 0.009 0.026 0.006 0.008 0.093

t test -0.79 -0.48 -2.54b 1.42 -0.56 -0.96 -1.91c -0.48 0.59 -2.47b -0.55 1.61

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 19: Statistical analysis of January effect in Litecoin and Ripple mean and closing

returns (USD) in maximum data range, 1.1. 2014 - 31.12. 2018

Period Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Ethereum - Returns (closing)

Mean 4.02 -3.02 -4.51 3.33 0.70 -0.66 -1.21 0.30 -1.46 -0.36 0.61 3.54
SD 43 24 7 17 17 14 12 8 10 6 12 26

t test 0.87 -1.22 -6.23a 1.78 0.32 -0.53 -1.09 0.21 -1.45 -0.76 0.39 1.28

Ethereum - Returns (mean)

Mean 3.81 -2.35 -4.60 3.32 0.52 -0.55 -1.15 0.21 -1.47 -0.29 0.46 3.46
SD 34 17 7 13 14 11 9 7 8 4 9 25

t test 1.03 -1.33 -6.34a 2.32b 0.28 -0.56 -1.31 0.12 -1.97c -0.92 0.34 1.27

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 20: Statistical analysis of January effect in Ethereum mean and closing returns

(USD), 1.1. 2016 - 31.12. 2018
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Period Mon Tue Wed Thu Fri Sat Sun

Mean price of Bitcoin

Mean 3104 3100 3096 3087 3078 3103 3098
SD 3784 3786 3767 3764 3748 3806 3789

t test 0.03 0.02 0.00 -0.03 -0.07 0.03 0.01

Mean price of Litecoin

Mean 40.64 40.87 40.72 40.04 39.57 40.61 40.64
SD 61 63 62 60 59 62 62

t test 0.05 0.10 0.06 -0.10 -0.21 0.04 0.05

Mean price of Ripple

Mean 0.22 0.22 0.22 0.22 0.22 0.23 0.22
SD 0.37 0.35 0.36 0.39 0.39 0.40 0.40

t test -0.01 -0.21 -0.20 0.00 0.06 0.20 0.11

Mean price of Monero

Mean 61.85 61.96 62.23 61.78 60.70 62.07 61.86
SD 92 92 93 93 90 94 93

t test 0.01 0.03 0.07 0.00 -0.17 0.05 0.01

Mean price of Dash

Mean 148 148 149 149 147 150 150
SD 232 232 237 239 230 236 238

t test -0.02 -0.05 0.03 0.01 -0.11 0.05 0.08

Mean price of Stellar

Mean 0.08 0.08 0.08 0.08 0.08 0.08 0.08
SD 0.14 0.13 0.13 0.14 0.13 0.14 0.14

t test 0.09 -0.08 -0.05 0.00 -0.10 0.07 0.06

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 21: Comparison of results of statistical analysis of day-of-the-week effect in mean

price (USD) of BTC, LTC, XRP, XMR, DASH and XLM, 1.1. 2015 - 31.12. 2018
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Period Mon Tue Wed Thu Fri Sat Sun

Returns (mean) of Bitcoin

Mean 6.49 -0.85 -4.29 4.50 -8.85 24.89 -5.25
SD 196 186 211 308 164 197 123

t test 0.30 -0.25 -0.46 0.10 -0.99 1.65 -0.89

Returns (mean) of Litecoin

Mean 0.01 0.19 -0.16 -0.51 -0.48 1.07 0.03
SD 4.81 9.53 5.22 4.48 2.63 6.69 2.57

t test -0.04 0.26 -0.49 -1.72c -2.77a 2.27b 0.06

Returns (mean) of Ripple

Mean -0.003 -0.004 0.000 0.006 0.001 0.004 -0.003
SD 0.02 0.02 0.05 0.08 0.05 0.06 0.02

t test -2.42b -3.02a -0.01 1.02 0.32 0.87 -1.79c

Returns (mean) of Monero

Mean -0.017 0.039 0.271 -0.152 -1.083 1.373 -0.207
SD 4.16 7.42 8.13 6.21 4.74 8.42 6.12

t test -0.17 0.01 0.42 -0.43 -3.40a 2.30b -0.56

Returns (mean) of Dash

Mean -1.57 -0.89 1.38 0.39 -1.96 2.59 0.43
SD 8.54 18.89 24.70 16.24 7.10 16.87 21.24

t test -2.56b -0.64 0.84 0.39 -3.87a 2.26b 0.33

Returns (mean) of Stellar

Mean -0.0002 -0.0014 0.0002 0.0008 -0.0010 0.0017 -0.0001
SD 0.012 0.011 0.024 0.015 0.013 0.011 0.009

t test 0.20 -1.97c 0.10 0.69 -1.12 2.13b -0.26

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 22: Comparison of results of statistical analysis of day-of-the-week effect in returns

(mean) (USD) of BTC, LTC, XRP, XMR, DASH and XLM, 1.1. 2015 - 31.12. 2018
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Period Mon Tue Wed Thu Fri Sat Sun

Closing price of Litecoin

Mean 34.53 34.89 34.29 33.93 34.06 34.63 34.54
SD 57 58 56 55 55 57 56

t test 0.03 0.13 -0.03 -0.14 -0.10 0.06 0.04

Mean price of Litecoin

Mean 34.51 34.66 34.49 34.05 33.63 34.47 34.51
SD 56 57 57 55 54 56 56

t test 0.05 0.09 0.05 -0.08 -0.21 0.04 0.05

Returns (close) of Litecoin

Mean -0.01 0.36 -0.58 -0.38 0.13 0.61 -0.10
SD 7.18 9.85 5.36 2.64 4.03 6.92 2.89

t test -0.03 0.58 -1.75c -2.33b 0.51 1.41 -0.55

Returns (mean) of Litecoin

Mean 0.00 0.15 -0.13 -0.45 -0.43 0.86 0.04
SD 4.33 8.60 4.73 4.16 2.46 6.15 2.35

t test -0.01 0.27 -0.46 -1.78c -2.87a 2.25b 0.22

Closing price of Ripple

Mean 0.18 0.17 0.18 0.18 0.18 0.18 0.18
SD 0.34 0.33 0.34 0.35 0.36 0.36 0.37

t test -0.06 -0.23 -0.15 0.02 0.12 0.13 0.14

Mean price of Ripple

Mean 0.18 0.17 0.17 0.18 0.18 0.18 0.18
SD 0.35 0.33 0.33 0.36 0.36 0.37 0.36

t test 0.00 -0.20 -0.22 0.01 0.06 0.20 0.11

Returns (close) of Ripple

Mean -0.0044 -0.0028 0.0020 0.0037 0.0024 0.0001 0.0003
SD 0.02 0.02 0.06 0.06 0.07 0.01 0.04

t test -3.98a -2.19b 0.48 0.94 0.48 -0.13 0.06

Returns (mean) of Ripple

Mean -0.0025 -0.0034 0.0002 0.0047 0.0011 0.0032 -0.0021
SD 0.02 0.02 0.05 0.07 0.05 0.06 0.02

t test -2.39b -3.04a 0.00 1.02 0.31 0.87 -1.76c

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 23: Statistical analysis of day-of-the-week effect in Litecoin and Ripple mean and

closing prices and returns (USD) in maximum data range, 1.1. 2014 - 31.12. 2018
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Period Mon Tue Wed Thu Fri Sat Sun

Closing price of Ethereum

Mean 239 240 238 238 237 240 240
SD 282 281 279 277 277 286 285

t test 0.01 0.07 -0.03 -0.05 -0.10 0.04 0.05

Mean price of Ethereum

Mean 239 239 238 238 235 239 239
SD 283 279 278 279 274 282 283

t test 0.05 0.03 0.01 0.01 -0.14 0.02 0.02

Returns (close) of Ethereum

Mean -0.93 0.67 -2.34 -0.45 0.57 3.10 0.17
SD 17.59 28.86 17.78 16.56 19.01 21.06 21.62

t test -0.75 0.24 -1.73c -0.43 0.29 1.77c 0.03

Returns (mean) of Ethereum

Mean 0.72 -1.25 -0.37 0.12 -1.98 3.61 0.01
SD 13.00 21.54 20.31 17.40 11.91 19.08 14.68

t test 0.58 -0.79 -0.30 0.00 -2.22b 2.29b -0.10

a - null hypothesis can be rejected at 1 % significance level

b - null hypothesis can be rejected at 5 % significance level

c - null hypothesis can be rejected at 10 % significance level

Table 24: Statistical analysis of day-of-the-week effect in Ethereum mean and closing

prices and returns (USD) in maximum data range, 1.1. 2016 - 31.12. 2018

Logarithmic closing price

t2 0.00000∗∗∗

(0.00000)

t −0.001∗∗∗

(0.0001)

Constant 6.179∗∗∗

(0.037)

Observations 1,826

R2 0.833

Adjusted R2 0.833

F Statistic 4,548.431∗∗∗ (df = 2; 1823)

Note ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 25: Closing price of Bitcoin (USD) in logarithmic form regressed on polynomial

time trend, 1.1. 2014 - 31.12. 2018
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BTC LTC XRP XMR DASH XLM

t2 -0.000∗∗∗ -0.000∗∗ -0.000∗∗∗ -0.000∗∗∗ -0.000∗∗∗ -0.000∗∗∗

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

t 0.00003∗∗∗ 0.00003∗∗ 0.00005∗∗∗ 0.00004∗∗∗ 0.00003∗∗ 0.00005∗∗∗

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

Tuesday -0.002 -0.001 -0.005 -0.007 -0.004 -0.015∗∗

(0.003) (0.005) (0.005) (0.006) (0.005) (0.007)

Wednesday -0.005∗∗ -0.001 0.002 -0.008 0.010∗ -0.009

(0.003) (0.005) (0.005) (0.006) (0.006) (0.006)

Thursday -0.002 -0.005 0.006 -0.006 0.006 -0.010

(0.003) (0.005) (0.006) (0.006) (0.007) (0.006)

Friday -0.003 -0.002 0.008 -0.009 -0.000 -0.010

(0.003) (0.005) (0.006) (0.006) (0.007) (0.007)

Saturday -0.003 -0.004 0.004 0.005 0.008 -0.006

(0.003) (0.005) (0.005) (0.006) (0.005) (0.007)

Sunday -0.003 -0.001 -0.002 -0.003 0.001 -0.010

(0.003) (0.004) (0.006) (0.006) (0.005) (0.007)

Constant -0.002 -0.005 -0.01∗∗∗ -0.001 -0.006 -0.003

(0.003) (0.005) (0.005) (0.006) (0.006) (0.006)

F Statistic 2.099 1.574 2.237 2.857 1.812 1.598

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 26: Returns (mean) of BTC, LTC, XRP, XMR, DASH, XLM (USD) and day-of-

the-week effect with White standard errors, 1.1. 2015 - 31.12. 2018
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ETH (close) ETH (mean)

t2 -0.000 -0.000

(0.0000) (0.0000)

t -0.00000 -0.00000

(0.0000) (0.0000)

Tuesday 0.003 -0.009

(0.008) (0.007)

Wednesday 0.001 -0.000

(0.007) (0.006)

Thursday 0.002 -0.003

(0.008) (0.006)

Friday -0.000 -0.010

(0.008) (0.006)

Saturday 0.002 -0.004

(0.007) (0.006)

Sunday 0.004 -0.005

(0.007) (0.006)

Constant 0.018 0.017∗∗

(0.009) (0.007)

F Statistic 1.241 2.165

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 27: Returns of Ethereum (USD) and day-of-the-week effect with White standard

errors, 1.1. 2016 - 31.12. 2018
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BTC LTC XRP XMR DASH XLM

t2 -0.000∗∗∗ -0.000∗∗∗ -0.000∗∗∗ -0.000∗∗∗ -0.000∗∗∗ -0.000∗∗∗

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

t 0.00003∗∗∗ 0.00003∗∗ 0.00005∗∗∗ 0.00004∗∗ 0.00003∗∗ 0.00005∗∗∗

(0.0000) (0.0000) (0.0000) (0.0000) (0.0000) (0.0000)

Feb 0.011∗∗ 0.009 0.007 0.012 0.010 -0.012

(0.005) (0.007) (0.008) (0.008) (0.009) (0.009)

Mar 0.001 0.005 0.008 0.015∗ 0.009 -0.006

(0.005) (0.006) (0.008) (0.008) (0.009) (0.009)

Apr 0.011∗∗ 0.016∗∗ 0.021∗∗ -0.000 0.002 0.007

(0.005) (0.006) (0.010) (0.007) (0.007) (0.009)

May 0.010∗∗ 0.012 0.016∗ 0.005 0.000 0.008

(0.005) (0.007) (0.009) (0.007) (0.007) (0.013)

Jun 0.008 0.014∗ 0.011 0.008 -0.000 -0.006

(0.005) (0.007) (0.007) (0.007) (0.007) (0.009)

Jul 0.009∗ 0.008 -0.000 0.006 0.004 -0.009

(0.005) (0.008) (0.007) (0.007) (0.007) (0.009)

Aug 0.007 0.004 0.008 0.024∗∗ 0.004 -0.005

(0.005) (0.006) (0.007) (0.010) (0.007) (0.008)

Sep 0.006 0.006 0.011 0.001 -0.001 -0.005

(0.005) (0.007) (0.008) (0.008) (0.015) (0.009)

Oct 0.013∗∗∗ 0.008 0.006 0.000 -0.000 -0.010

(0.005) (0.006) (0.007) (0.007) (0.006) (0.0010)

Nov 0.009 0.007 0.005 0.010 0.001 -0.004

(0.006) (0.006) (0.007) (0.008) (0.007) (0.009)

Dec 0.012∗∗ 0.015∗ 0.028∗∗∗ 0.015∗ 0.008 0.008

(0.006) (0.008) (0.010) (0.008) (0.008) (0.010)

Constant -0.015∗∗ -0.014∗ -0.021∗∗∗ -0.013∗ -0.007 -0.009

(0.005) (0.007) (0.007) (0.007) (0.007) (0.008)

F Statistic 2.662 1.648 2.840 2.777 0.962 1.496

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 28: Returns (mean) of BTC, LTC, XRP, XMR, DASH, XLM (USD) and January

effect with White standard errors, 1.1. 2015 - 31.12. 2018
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ETH (close) ETH (mean)

t2 -0.0000 -0.0000

(0.0000) (0.0000)

t 0.0000 0.0000

(0.0000) (0.0000)

Feb -0.004 -0.003

(0.011) (0.009)

Mar -0.006 -0.006

(0.012) (0.010)

Apr -0.008 -0.010

(0.009) (0.008)

May -0.008 -0.000

(0.010) (0.009)

Jun -0.017 -0.016∗

(0.011) (0.009)

Jul -0.020∗∗ -0.020∗∗

(0.010) (0.008)

Aug -0.012 -0.013∗

(0.009) (0.007)

Sep -0.017∗ -0.017∗∗

(0.009) (0.008)

Oct -0.017∗∗ -0.017∗∗

(0.008) (0.007)

Nov -0.018∗∗ -0.018∗∗

(0.009) (0.007)

Dec -0.006 -0.005

(0.010) (0.009)

Constant 0.020∗∗ 0.020∗∗∗

(0.009) (0.007)

F Statistic 1.630 2.285

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 29: Returns of Ethereum (USD) and January effect with White standard errors,

1.1. 2016 - 31.12. 2018
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LTC XRP XMR DASH XLM

BTC 0.894∗∗∗ 0.563∗∗∗ 0.912∗∗∗ 0.743∗∗∗ 0.735∗∗∗

(0.053) (0.054) (0.048) (0.053) (0.064)

Feb -0.000 0.001 0.004 0.002 -0.018∗∗

(0.005) (0.007) (0.007) (0.006) (0.009)

Mar 0.004 0.010 0.015∗ 0.006 -0.005

(0.006) (0.009) (0.008) (0.008) (0.009)

Apr 0.006 0.014 -0.009 -0.006 0.001

(0.006) (0.012) (0.007) (0.007) (0.010)

May 0.003 0.012 -0.003 -0.008 0.004

(0.006) (0.009) (0.007) (0.006) (0.013)

Jun 0.007 0.006 0.002 -0.008 -0.011

(0.006) (0.007) (0.006) (0.006) (0.009)

Jul -0.000 -0.003 0.002 -0.004 -0.013

(0.008) (0.006) (0.006) (0.006) (0.009)

Aug -0.002 0.006 0.020∗∗ -0.002 -0.007

(0.005) (0.007) (0.010) (0.006) (0.009)

Sep -0.000 0.009 -0.004 -0.007 -0.007

(0.005) (0.008) (0.007) (0.007) (0.009)

Oct -0.004 -0.002 -0.011∗ -0.015∗∗ -0.008

(0.005) (0.007) (0.006) (0.006) (0.011)

Nov -0.001 0.002 0.004 -0.003 -0.007

(0.005) (0.006) (0.008) (0.006) (0.009)

Dec -0.005 0.023∗∗ 0.004 -0.003 0.004

(0.008) (0.011) (0.007) (0.008) (0.011)

Constant -0.001 -0.006 0.000 0.005 0.006

(0.004) (0.005) (0.005) (0.008) (0.007)

F Statistic 64.85 14.66 45.39 37.60 19.76

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 30: Returns (closing) of altcoins (USD) regressed on returns (closing) of BTC

(USD) and monthly dummy variables over comparable range, 1.1. 2015 - 31.12. 2018
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Bitcoin (close) Bitcoin (mean)

t2 -0.0000∗∗∗ -0.0000∗∗∗

(0.0000) (0.0000)

t 0.0000∗∗∗ 0.0000∗∗∗

(0.0000) (0.0000)

preCNY 0.015 0.011∗

(0.009) (0.006)

CNY 0.010 0.012∗∗

(0.007) (0.006)

poCNY 0.004 0.006

(0.008) (0.008)

Feb 0.003 0.002

(0.007) (0.006)

Mar 0.002 0.000

(0.006) (0.005)

Apr 0.010∗ 0.009∗

(0.006) (0.005)

May 0.012∗∗ 0.011∗∗

(0.006) (0.005)

Jun 0.008 0.008

(0.006) (0.005)

Jul 0.008 0.008∗

(0.006) (0.005)

Aug 0.006 0.005

(0.006) (0.005)

Sep 0.005 0.003

(0.006) (0.005)

Oct 0.010∗ 0.010∗∗

(0.005) (0.004)

Nov 0.009 0.008

(0.006) (0.005)

Dec 0.009 0.008

(0.006) (0.005)

Constant -0.013∗∗ -0.012∗∗∗

(0.006) (0.005)

F Statistic 1.576 2.252

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 31: Returns (closing and mean) of Bitcoin (USD) with Chinese-New-Year effect

and monthly dummy variables using White standard errors, 1.1. 2014 - 31.12. 2018
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