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Abstract

Purpose : This study focused on evaluating the efficiency of the global cryptocurrency market under the efficient market 
hypothesis.

Methodology : The study explored the presence of calendar effects in the form of the day-of-the-week and the weekend effect in 
the top 25 global cryptocurrencies and a constructed index using autocorrelation corrected ARCH family models on the                
log-returns of prices. Non-normality is tackled through the use of a non-parametric bootstrapped approach in addition to 
parametric estimation. Additionally, rolling window regression is employed as a dynamic framework.

Findings : The findings of this study showed the presence of calendar effects in terms of higher returns for certain days over 
others, thereby concluding that the global cryptocurrency market as a whole was not efficient.

Practical Implications : As a result of its informational inadequacies, it was implied that cryptocurrency markets were not even 
efficient in the weak form. This had practical implications for investors, whose aggressive search and trading tactics appear 
warranted in the context of market anomalies, as well as other market players, like regulators attempting to comprehend the 
structure of the cryptocurrency market from an efficiency standpoint and researchers attempting to investigate the efficiency-
related behavior and psychology of crypto markets.

Originality : This study is exceptional in that it uses a sample of cryptocurrencies that objectively covers the larger global 
cryptocurrency markets over the most extended amount of time possible, making it unique both for the participants in the crypto 
markets and for its contribution to the literature on market efficiency. The study employed an evolutionary methodology, taking 
into account the time-varying behavior of financial assets. As far as we can tell, this is one of the first studies to use this 
methodology and model formulation. 
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he efficient market hypothesis (EMH) (Fama, 1965) states that stock markets behave randomly, Tcontending that in an efficient market, since information is rapidly spread among the market participants, 
excess returns based on such information cannot be continually earned. Malkiel and Fama (1970) put three 

conditions necessary for efficient markets, which are no transaction costs, costless and easily accessible 
information, and consensus on the effect of information on the present and future distributions of assets' prices.

Despite the assertion that financial markets are efficient, subsequent research has consistently shown that 
markets do not behave randomly as anomalies distort the notion of efficient markets, which create significant 
opportunities to generate excess returns using various patterns or information-based systems. Therefore, while, in 
theory, financial markets are considered efficient, there exists overwhelming evidence to prove otherwise. Three 
categories of market efficiency exist: weak, semi-strong, and powerful. A market is informationally inefficient 
overall if it is neither weak-form efficient nor semi-strong or strong-form efficient. The weak form of efficiency is 
evaluated through the presence of two calendar effects, namely, the day-of-the-week effect and the weekend 
effect. The day-of-the-week effect relates to significant differences in the mean returns of days for a given period. 
In the presence of a significant relation between asset returns and the day of the week, the weak form EMH is 
broken because it suggests that excess returns can be achieved by exploiting historical data (Cross, 1973). 

Should the Cryptocurrency Market Be Considered Efficient? 

1 2
As distributed assets, the intrinsic information of cryptocurrencies is publically  and costlessly accessible . 
Cryptocurrencies are community-managed rather than corporate boards whose actions may influence the prices 
and have near-costless transactions. Unlike equity markets, where intrinsic information such as profitability or 
solvency follows a funneled path from the management to the markets, cryptocurrencies do not have intrinsic 
surprise elements in their informational content. External information, such as legislation or government actions 
on cryptocurrencies, is often available in advance and through public broadcast, unlike financial markets, where 
external information may emanate without prior intimation. Additionally, given the integration of social media, 
mainly dedicated online communities, there is a considerable spread of information and a somewhat familiar 
assessment of the risk and return perception of the underlying currency. Therefore, cryptocurrencies seem to 
fulfill the conditions for efficient markets as laid down by Malkiel and Fama (1970).

Should the Cryptocurrency Market Be Considered Inefficient? The Alternate 

Case for Inefficiency

While the preceding section puts arguments for considering crypto markets as efficient, arguments can be made 
for their inefficiency. Quiggin (2013) stated that the existence of cryptocurrencies itself is a refutation of the EMH. 
Unlike other financial instruments representing claims to potential income or assets, cryptocurrencies do not 
represent a claim. Changes to these incomes or institutions, as conveyed in informational and event contents, 
affect the prices of these assets. Yet, cryptocurrencies are traded as financial assets without any real value. The 
existence of meme cryptocurrencies such as Dogecoin, among the most actively traded cryptocurrencies, is a 
consideration of the market being inefficient. 

Furthermore, a distinction can be made between the accessibility of information and its interpretability. While 
information on cryptocurrencies is publically and freely available, its interpretation requires an understanding of 
advanced mathematics and computer sciences. Therefore, despite informational availability, market participants 

1
 Available on market exchanges such as Binance.com or aggregators such as CoinMarketCap.com

2
 Available in the white paper of the cryptocurrencies. 
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may not have a homogeneous understanding. Also, the technological characteristics of these electronic 
cryptocurrencies put hackers at an informational advantage over other market participants. Events such as the 
failure of crypto exchanges, crypto frauds, or hacking highlight gaps in the informational content of the market 

3and the informational advantage a set of market participants have over others. Furthermore, non-material events  
4 5such as tweets  of Elon Musk  have seen substantial price movements in cryptocurrencies. Given this background, 

the present research is focused on studying efficiency in global crypto markets.

Literature Review

While there is considerable research on the efficiency of traditional financial assets, comparatively less literature 
exists for evaluating the efficiency of crypto markets due to their relative modernity. Early research in this area 
was done by Bartos (2015), who suggested the efficiency of the Bitcoin market even in semi-strong form. By 
contrast, Urquhart (2016) found the bitcoin market is weak-form inefficient. This is confirmed by Kurihara and 
Fukushima (2017) and Wei (2018). Yet, Caporale and Plastun (2019) used parametric and non-parametric tests on 
the daily log returns of four cryptocurrencies and found them to be efficient. Using the same tests on odd-power 
converted Bitcoin returns, Nadarajah and Chu (2017) reexamined Urquhart's (2016) work and discovered that it 
was only marginally efficient. Using the event research technique, Vidal-Tomás and  (2018) further argued Ibañez
that Bitcoin may be efficient even in the semi-strong form. Similar results were obtained by Sensoy (2019). Yet, 
Al-Yahyaee et al. (2018) and Bundi and Wildi (2019) strongly contended that Bitcoins are not even efficient in the 

6weak form. In recent times, Tran and Leirvik (2020) used adjusted market inefficiency magnitude  to evaluate 
weak form efficiency in five significant cryptocurrencies and found them to be inefficient. However, this study 
found that the efficiency of these markets is improving. Using the log-returns of the top six cryptocurrencies, 
López-Martín et al. (2021) applied Urquhart's (2016) technique. They discovered that while previous 
cryptocurrencies are efficient over time, the study's findings about their overall efficiency are still pending. 
Similarly, Apopo and Phiri (2021) found conflicting results, validating the daily returns of the cryptocurrency 
markets but not the weekly returns.

The examined literature thus far may be categorized into two distinct groups: the first group, which is usually 
made up of older studies (pre-2017–2018), supports the idea that cryptocurrency markets are inefficient, while the 
second group, which consists of more recent studies (post-2018), concludes that the cryptocurrency markets are 
efficient. The following are the conclusions drawn from the studied literature:

Ä There is no consensus as to whether the crypto markets are efficient. 

Ä The efficiency of crypto markets is generally increasing over time.

The first gap emerges from the lack of detailed reasoning in many studies on why cryptocurrencies should even 
be considered efficient or not. Several studies have applied the EMH without considering the unique aspects of the 
crypto markets. As financial assets, cryptocurrencies possess entirely different attributes. Many early studies              
(pre-2017–2018) were done at a time when the crypto market was relatively nascent with few market participants, 
few crypto exchanges, and, accordingly, less volume and low market participation, therefore, not fulfilling the 

3 https://www.livemint.com/market/cryptocurrency/elon-musk-s-tweet-of-shiba-inu-sends-this-cryptocurrency-price-to-
rally-nearly-1000-11631614701698.html 
4 https://www.analyticsinsight.net/elon-musks-grape-fuels-grapecoin-speculation-2/ 
5 Elon Musk is neither a founder nor a major holder of the cryptocurrencies in question. 
6 See Tran and Leirvik (2019).
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necessary conditions for market efficiency. Table 1 demonstrates that most cryptocurrencies were created after 
this time. The rise of the international cryptocurrency market raises the question of market efficiency—or lack 
thereof.

Regarding sample selection, most studies reviewed, among others, have either focused on the efficiency of  
only Bitcoin or a few cryptocurrencies as a proxy for the crypto market without considering the broader global 
market. The rationale for such a choice is also not presented. In terms of data, the efficiency in most studies is 

7
evaluated using returns computed from only the closing price , a choice rarely explained and debatable. 

Some studies have chosen periods as small as one year to study market efficiency without explanation for such 
selection. In such studies, the results suggesting efficiency or inefficiency in the market of the sample 
cryptocurrencies may emanate due to their selection of the periods. There are also methodological considerations. 
While several studies use multiple methods for evaluating the market efficiency of their sample, these methods are 
employed on a priori belief of their application without considering the underlying properties of such tests or the 
assets' returns. Several studies apply models like ordinary least squares (OLS) or their “robust” variants without 
considering the unique properties of financial time series; therefore, the conclusion so drawn could be due to 
model misspecification. There is also a lack of diagnostic testing on the outcome of such models. 

Rationale for the Present Study

Given the exponential growth of cryptocurrency as an alternative investment, the efficiency of the cryptocurrency 
market is an essential consideration for traders, investors, policymakers, and the general public. An inefficient 
financial market presents opportunities for both pattern-driven trades as well as scope for market manipulation. It 
validates active investment strategy and market timings to earn an excess rate of return over the market rate of 
return. The need and rationale for the present study are necessitated by the research gaps in the extant literature 
reviewed regarding the efficiency of cryptocurrencies.

Contribution of the Present Study

This study is unique in the following ways in its contribution to the literature on market efficiency and for the 
participants in crypto markets. First, in terms of the reasoning of research, this study provides clear arguments for 
this consideration. Secondly, data-wise, the present study employs a sample of cryptocurrencies objectively 
covering the broader global cryptocurrency markets. Furthermore, the data has been obtained for the maximum 
available period for each cryptocurrency in the sample. In terms of methodology, the study incorporates the time-
varying behavior of financial assets using appropriate ARCH models. The use of ARCH family models is not 
based on a priori assumption but instead on an evolutionary approach. The study also evaluates the fit of these 
models through diagnostic testing. To the best of our belief, this is among the first studies to employ such an 
approach and model specification. The study also tackles non-normality through the use of a non-parametric 
bootstrapped approach in addition to the usual parametric estimation.

Additionally, the study does not limit itself to studying efficiency in a static context. The study contributes to 
the existing literature in terms of adding a dynamic framework to the study of cryptocurrency market efficiency. 
Finally, the study also considers the implications of the results for traders and other market participants.

7 Except Sensoy (2019).
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Research Objectives

Considering the propositions put forward in preceding sections and the gaps emerging from the literature 
reviewed, the objective of this study is to evaluate the weak form efficiency of the global cryptocurrency markets 
using static and dynamic frameworks. 

Methodology

Model Specification

An evolutionary model technique is used in the study to investigate day-of-the-week effects. Using OLS as a 
starting point, this model may be described as:

where,  represents the time returns (daily, weekly, or monthly) of the financial asset, represents dummy r D  t it

variables of value 1 if the corresponding return for time  is the corresponding day (or week/month) and 0 t
otherwise. In this model, there is a dummy omitted for one day of the week or one month of the year. The term  β1

here captures the mean returns of the omitted day, with the other coefficients  capturing the mean excess daily βi

returns for the rest of the days over the mean returns of the omitted day.
This model provides the best specification in the case where an  belief exists that one specific day of the a priori

week or month of the year may have a significantly different average return over others (Kumar & Dawar, 2017). 
Another model used by Borges (2009) estimated separate equations for each day of the week as given in               
Equation 2: 

r  = α + β  D  + εt i it

Equation 2: Model 2

In model 2, the α captures the mean daily returns for other days, whereas β  captures the excess returns of the i

specific day as compared to the remaining days. While the model does capture the effects of a particular day, as 
pointed out by Greene (2012), the use of a single independent variable where other variables exist may overstate  
the marginal impact of the said variable.

Given the shortcomings of the Model 2 specifications, where no such a priori expectations exist and to avoid 
8

the overstatement of any particular day, an alternate model specification is employed :  

The above specification considers a dummy for each unit of frequency in the time while also avoiding the dummy 
variable trap. 

In the absence of the day-of-the-week effect, the mean daily returns of each day should not be significantly 
different from each other. Hence, using β  to β  to denote the mean daily returns of the seven days of the week, the 1 7 

null and the alternate hypothesis are framed as:

r  = β  + ∑ β  D  + εt 1 i it
i=2

n

Equation 1: Model 1

r  = ∑ β  D  + εt i it
i=1

n

Equation 3: Model 3

8
 See Kumar and Dawar (2017).
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Hypothesis 1

H :  β  = β  = β  = β  = β  = β  = β01 1 2 3 4 5 6 7

H :  At least one β  is different.a1 i

To test for the weekend effect, the hypothesis is framed as follows:

Hypothesis 2

H :  β  = 002 1

H :  β  ≠ 0a2  1

Estimation Procedures

Once the initial OLS model is fitted, a diagnostic analysis of residuals is done to evaluate the model fit. Here, as 
reported in the literature (Connolly, 1989, 1991), the characteristics of financial time series, such as                        
non-normality, heteroskedasticity, autocorrelation, and non-constant variance of residuals are expected. As such, 
the ARCH test and Breusch–Godfrey serial correlation LM test are employed to check for homoskedasticity and 
autocorrelation in residuals, respectively, as done in contemporary financial literature (Parthasarathy, 2019; Ryaly 
et al., 2017). To correct for autocorrelation, if present, appropriate ARMA terms are added to the right side of the 
regression equation of Model 3. To handle non-normality, in addition to the parametric estimation, a                       
non-parametric bootstrap approach (Borges, 2009; Khuntia & Pattanayak, 2017; Sullivan et al., 2001) is adopted  
with 1,000 replications for each regression output and then reapplied using the standard errors and confidence 
intervals from the resulting distribution from the bootstrapped estimation. Likewise, an ARCH family model is 
selected from the glossary of ARCH to account for heteroskedasticity (Bollerslev, 2008). For the selection of the 
appropriate ARCH family model, the Hannan and Quinn information criterion is employed (Hannan &                 
Quinn, 1979).

As claimed in the literature reviewed, there may be time-varying efficiency in the crypto market, which could 
be efficient or inefficient for different periods. In addition to the aforementioned static estimation process, a 
dynamic framework that incorporates rolling window regressions on the results of the ARCH family estimations 
is used to evaluate the same. In each scenario, a window length of 1,000 days and a step size of 100 observations 
are used. This will allow the inquiry to determine whether the calendar effects found are only the result of sample 
selection, i.e., whether the day-of-the-week effects found are consistent throughout the study or not.  

Data

To study efficiency in the global cryptocurrency market, first, a representative set of cryptocurrencies needs to be 
selected. As of December 2021, Coinmarketcap.com, considered to be the most referenced cryptocurrency price 

9 10
tracking website in the world,  reports about 8,554  cryptocurrencies in trade, with an average of three 
cryptocurrencies being added daily. These cryptocurrencies differ from each other in terms of factors such as their 
mineability, underlying technology, and use, among several others. The study of such a large number of 
cryptocurrencies would be a time-intensive and data-computationally challenging effort. A sample set of 

9
 https://coinmarketcap.com/about/ Accessed on  December 15, 2021, at 5:30 PM.

10
 Accessed on December 27, 2021, at 3:17 AM.
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cryptocurrencies having a vast and diverse representation of the global cryptocurrency market would, therefore, 
11

be better suited for the study. The study employs market capitalization, defined as the circulating supply, which is 
the number of coins of a cryptocurrency that are freely circulating in the market and public hands, as the criterion 
used for the selection of this representative sample since it is common and applicable to all cryptocurrencies in the 
market. 

There are two reasons for the choice of market capitalization as a selection criterion. First, market 
capitalization is an indicator of the size of a particular cryptocurrency's market, which is understood as a proxy for 
its acceptability and traceability. Second, market capitalization allows objective ranking of cryptocurrencies 
having different attributes on an everyday basis. The selected sample is shown in Table 1.

While there are over 8,500 cryptocurrencies, this sample of these top 25 cryptocurrencies accounts for 90% of 
the total market capitalization of the global cryptocurrency market. Therefore, this selected sample provides a 

Table 1. Top 25 Cryptocurrencies in the Global Cryptocurrency Market 

Cryptocurrency Symbol Launch  Data Availability from Market Capitalization ($)

Bitcoin BTC Jan-09 28-04-2013 915,736,776,207

Ethereum ETH Jul-15 07-08-2015 459,313,078,215

Binance Coin BNB Jul-17 25-07-2017 88,359,367,807

Tether USDT Oct-14 06-03-2015 76,421,446,531

Solana SOL Mar-20 10-04-2020 51,382,423,080

Cardano ADA Sep-17 01-10-2017 42,157,420,756

USD Coin USDC Sep-18 08-10-2018 41,722,201,252

Ripple XRP Jun-12 04-08-2013 38,067,205,512

Polkadot DOT May-20 20-08-2020 25,891,058,197

Dogecoin DOGE Dec-13 15-12-2013 23,995,866,558

Avalanche AVAX May-18 22-09-2020 22,236,760,412

Terra LUNA Apr-19 26-07-2019 22,072,825,314

Shiba Inu SHIB Aug-20 30-01-2021 18,635,766,094

Polygon MATIC Oct-17 28-04-2019 14,122,530,108

Binance USD BUSD Sep-19 20-09-2019 13,808,592,297

Crypto.com Coin CRO Nov-18 14-12-2018 13,730,722,020

Wrapped Bitcoin WBTC Jan-19 30-01-2019 12,529,011,521

Litecoin LTC Oct-11 28-04-2013 10,443,106,220

Uniswap UNI Nov-18 17-09-2020 9,425,862,588

Dai DAI Dec-17 22-11-2019 9,115,559,623

Chainlink LINK Sep-17 20-09-2017 9,241,941,822

TerraUSD UST Sep-20 25-11-2020 8,952,438,875

Algorand ALGO Jun-19 21-06-2019 8,815,725,859

Bitcoin Cash BCH Jul-17 23-07-2017  8,266,027,826

Tron TRX Sep-17 13-09-2017 8,228,858,052

11
 Market Capitalization of a cryptocurrency = Current Market Price of a cryptocurrency × circulating supply.
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comprehensive representation of the overall cryptocurrency market and also allows the study of efficiency in both 
comparatively larger and smaller cryptocurrencies. Additionally, the sample is a mix of both older and newer 
cryptocurrencies.

After the sample selection, daily data about the price of each cryptocurrency in the sample from the earliest 
date of availability is obtained from CoinMarketCap.com. A total (T) of 35,356 daily data points organized from  
Monday to Sunday and used to investigate the equality of mean returns of the days are obtained up to the research 
period of December 2021. Since the global crypto market is an online market open 24 hours a day, there are no true 
opening or closing prices for cryptocurrencies. For analysis, the study employs the methodology used by 

12
Coinmarketcap.com,  where the opening price is defined as the price based on the earliest data in the range of the 
Coordinated Universal Time or UTC and the closing price is defined as the price based on the latest data in the 
range of the Coordinated Universal Time or UTC. Additionally, data can be collected for all seven days of the  
week. The market price is acquired in US Dollars ($) in order to guarantee that the impact of exchange rate 
translation in cryptocurrencies is eliminated.

A significant consideration in studies of market efficiency of financial assets pertains to the choice of the price 
itself. Prices in the financial markets are volatile, with frequent changes within the trading hours. A framework 
consisting of Open (O), High (H), Low (L), and Close (C) is utilized to get around this. While the majority of the 
literature uses close prices to approximate the daily prices, other works make use of indexes like C/O, O/H, or H/L. 
In spite of these estimates, it is asserted that:

Ä The close price is a single data point that happens to be the price at the time of closing of the market.

Ä Indices such as H/L or O/C are price relatives and not approximations. 

* As such, a closer approximation to daily price can be made by constructing a price composite. p computed as t

the simple average of the OHLC as:

         ( )Open + High + Low + Close
*

pit  = 
                             4
        Equation 4: Price Composite

On computing the daily price composite, the daily return is then computed in Equation 5:
*

              p  it
r  = ln   it *           p it–1

Equation 5: Computation of  daily logarithmic-return

th
where, r  is the natural log return of the i  cryptocurrency and is the price composite for the corresponding date t.  it

*
p  it

Analysis and Results

Before formal testing, it would be helpful to explore the descriptive statistics of cryptocurrency returns, as shown 
in Table 2. Most cryptocurrencies (68%) in the sample have a positive mean daily return. The skewness and 
kurtosis of most of the cryptocurrencies deviate from the theoretical normal distribution parameters of 0 and 3, 
respectively, indicating non-normality of data with leptokurtic tails, which is confirmed through the Jarque–Bera 
normality test. 

12
 Ibid.



16    Indian Journal of Finance • November  2023

The day-wise average returns and associated standard deviations are shown in Table 3. The percentage figures 
indicate the average daily returns for that specific day, while the bold digits show the average daily return's 
standard deviation. 

Table 2. Descriptive Statistics

Particulars Count   Mean Max. Min. St. Dev. Skewness Kurtosis

BTC 3,157   0.19% 24.70% –22.38% 0.03 –0.35 6.78

ETH 2,326   0.31% 32.92% –88.36% 0.05 –2.56 49.52

BNB 1,608   0.53% 52.35% –36.53% 0.06   1.44 16.38

USDT 2,480   0.00% 3.83% –3.83% 0.00 –0.14 22.71

SOL 618   0.85% 26.63% –27.53% 0.06   0.17 1.44

ADA 1,540   0.26% 65.96% –23.35% 0.05   2.01 20.11

USDC 1,168   0.00% 29.11% –24.93% 0.01   4.87 504.04

XRP 3,059   0.16% 71.65% –39.83% 0.06   1.88 20.89

DOT 486   0.45% 28.01% –23.80% 0.05   0.20 3.29

DOGE 2,926   0.20% 104.71% –54.68% 0.07   4.23 60.43

AVAX 453   0.63% 37.70% –31.96% 0.07   0.45 4.45

LUNA 877   0.43% 46.17% –31.07% 0.06   0.73 7.44

SHIB 323   2.72% 179.18% –48.01% 0.20   4.43 31.59

MATIC 966   0.64% 43.90% –42.98% 0.07   0.44 8.24

BUSD 821   0.00% 2.74% –2.54% 0.00   0.01 24.12

CRO 1,101   0.30% 62.38% –23.44% 0.05   2.27 23.04

WBTC 1,054   0.25% 52.06% –58.59% 0.04 –1.26 75.47

LTC 3,157   0.11% 58.97% –35.89% 0.05   1.43 19.49

UNI 458   0.41% 85.13% –22.03% 0.07   4.15 51.35

DAI 758   0.00% 50.86% –39.31% 0.02   6.43 347.25

LINK 1,551   0.30% 33.14% –29.46% 0.06   0.24 4.08

UST 389   0.00% 7.94% –7.28% 0.01   1.01 97.29

ALGO 912 –0.09% 27.74% –37.22% 0.05 –0.30 6.02

BCH 1,610 –0.01% 44.81% –33.33% 0.06   0.90 10.76

TRX 1,558   0.24% 130.66% –109.79% 0.08   2.30 84.11

Table 3. Day-Wise Average Returns and Standard Deviations of the Sample

Particulars Mon Tue Wed Thu Fri Sat Sun

BTC    0.39%    0.33%    0.13%    0.05%    0.01%    0.28%    0.08%

 0.03 0.03 0.03 0.04 0.03 0.03 0.02

ETH    0.24%    0.52%    0.50%    0.08%    0.35%    0.08%   0.40%

 0.05 0.05 0.05 0.05 0.05 0.05 0.05

BNB    0.45%    0.51%    0.35%    0.40%    0.54%    1.16%   0.27%

 0.06 0.06 0.05 0.05 0.05 0.06 0.05

USDT   –0.06%    0.01%    0.00%  0.00%    0.01%    0.04%   0.00%

   0.004   0.003   0.004 0.004   0.004   0.004  0.004
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SOL    1.58%    0.39%    0.59%    0.91%    0.41%    1.13%    0.93%

 0.06 0.06 0.06 0.06 0.07 0.06 0.06

ADA  –0.02%    0.11%    0.13%    0.04%  –0.26%    1.37%    0.42%

 0.05 0.07 0.05 0.06 0.05 0.05 0.05

USDC  0.01%    0.19%  –0.17%  0.01%  0.01% –0.04% –0.01%

 0.003 0.02 0.01 0.005 0.003  0.003  0.003

XRP    0.07%    0.04%    0.12%    0.29%    0.26%    0.41%  –0.06%

 0.05 0.06 0.05 0.06 0.06 0.05 0.05

DOT    0.18%    0.11%    0.76%    1.14%    0.03%    0.96%  –0.05%

 0.05 0.06 0.06 0.06 0.05 0.06 0.05

DOGE   –0.25%  –0.05%    0.38%    0.55%    0.17%    0.48%    0.10%

 0.05 0.07 0.06 0.09 0.07 0.06 0.05

AVAX    0.14%  –0.11%    0.83%    0.88%    0.90%   1.76%  –0.01%

 0.06 0.06 0.09 0.06 0.06 0.07 0.06

LUNA    0.86%    0.80%    0.55%    0.28%    0.63%  –0.40%    0.35%

 0.06 0.07 0.06 0.05 0.06 0.05 0.05

SHIB    5.22%    0.40%  –0.36%  –0.02%    0.81%    5.37%    7.59%

 0.17 0.14 0.15 0.10 0.16 0.28 0.29

MATIC     0.52%    1.07%    0.91%    0.67%    0.23%    1.20%  –0.12%

 0.08 0.09 0.07 0.06 0.06 0.05 0.05

BUSD –0.07%   0.01%  –0.01%    0.05% –0.02% –0.02%   0.06%

  0.003  0.003  0.002   0.003  0.004  0.002  0.003

CRO    0.09%    0.45%    0.57%    0.61%    0.75%    0.26%  –0.63%

 0.05 0.07 0.06 0.05 0.06 0.04 0.04

WBTC    0.20%    0.52%    0.42%  –0.06%    0.05%    0.61%    0.00%

 0.03 0.04 0.06 0.06 0.03 0.02 0.02

LTC    0.16%    0.13%    0.17%   –0.16%   –0.14%    0.44%    0.18%

 0.04 0.05 0.05 0.05 0.05 0.05 0.05

UNI    0.38%  –0.57%    0.02%    0.70%    1.17%    0.74%    0.41%

 0.06 0.06 0.06 0.05 0.12 0.06 0.05

DAI    0.02%    0.50%  –0.41%  –0.03%    0.05% –0.07% –0.05%

 0.02 0.05 0.04 0.01 0.01  0.004 0.004

LINK  –0.06%    0.24%    0.42%    0.33%   –0.09%   1.09%    0.18%

 0.05 0.06 0.06 0.06 0.06 0.06 0.05

UST   0.03% –0.05%  –0.17%   0.04%  0.15%  0.02% –0.02%

  0.003 0.005 0.01  0.004  0.011 0.002  0.004

ALGO   –0.45%   –0.94%   –0.22%    0.32%    0.35%    0.67%   –0.36%

 0.05 0.05 0.05 0.06 0.06 0.05 0.04

BCH   –0.22%   –0.19%    0.10%  –0.51%  –0.36%    0.97%    0.17%

 0.05 0.06 0.06 0.06 0.07 0.05 0.04

TRX    0.12%    0.23%    0.14%    0.48%  –0.44%     1.39%  –0.28%

 0.05 0.09 0.01 0.07 0.06 0.1 0.07
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Looking at Table 3, two things become clear:

Ä While there is considerable variation in the day-wise average returns between cryptocurrencies, there seems to 
be a general pattern where the average return on Saturday is higher than the average returns of the rest of the days, 
and the average return on Friday is lower than the average returns of the rest of the days.

Ä The standard deviation of average return across all days in the week seems to be constant. 

Table 4 provides a descriptive summary of the day-wise average returns, highlighting the higher price ranges 
on Monday, Saturday, and Sunday in comparison to the other four days.

A market-cap weighted index denoted by I is constructed using the sample cryptocurrencies as I = w  p  , where i i i

the individual weight of cryptocurrency (w ) is given as marketcap  / ΣTotal Marketcap. The day-wise average i i

returns of this index are presented in Figure 1. As can be observed, Saturday's average return on the index is 
significantly larger than the average return on other days. In the same vein, Monday and Sunday appear to have 
slightly greater average returns than the other days. Tuesday and Friday have relatively lower average returns as 
well. Significant fluctuations and outliers in the boxplots represent every day of the week.

The descriptive statistics provide a basis for further inferential analysis to confirm whether the observed 
differences in the average returns on different days of the week are actually calendar day-of-week anomalies or are 
merely due to chance or sample and data selection. 

Before estimating the coefficients of Model 3, stationarity using the ADF test is checked, and returns of every 
individual cryptocurrency and the constructed index are found to be stationary at the level of intercept and trend. 

Table 4. Range in the Day-Wise Cryptocurrency Returns

 Mon Tue Wed Thu Fri Sat Sun

Max.   5.22%   1.07%   0.91%  1.14%   1.17%   5.37%   7.59%

Min. –0.45% –0.94% –0.41% –0.51%  –0.44% –0.40% –0.63%

Range   5.67%   2.01%   1.32%  1.65%   1.61%   5.77%   8.23%

Figure 1. Barplot and Boxplot of Day-Wise Average Returns of the Index 
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After that, our Model 3 is subjected to OLS regression, the findings of which are displayed in Table 5. OLS 
regression results indicate that for 12 cryptocurrencies, some days are noteworthy, although this could be the 
product of random fluctuations rather than any underlying cause. Also, the conditions of OLS are violated in the 
presence of autocorrelation and the ARCH effect, substantiated by the Breusch–Godfrey autocorrelation (BGA) 
LM test and the ARCH LM (ALM) test.

The presence of time-conditional heteroskedasticity necessitates the employment of ARCH family models. 
The choice of an appropriate ARCH model is done through HQIC. To control for autocorrelation, an 
autoregressive AR (1) term is included. Given the non-normality of data, the bootstrapping approach is applied to 
the ARCH family regressions with 1,000 replications. In this approach, regressions are executed 1,000 times, 

bootstrapping the b coefficient by resampling observations from the data with replacement. Since this is a                 
non-parametric approach, the non-normality of the data is accounted for. A total of 182 (26×7) regressions are run. 

Table 5. Results of OLS Regression 

Symbol    Beta                       BGA                    ALM

 Mon  Tue Wed  Thur Fri Sat Sun Obs. F P-Val. Obs. F P-Val.

BTC    0.004*     0.003*   0.001   0.001   0.000   0.003   0.001 450.3 0 448.3 0

ETH  0.004   0.002   0.005   0.005   0.001   0.004   0.001 404.7 0 265.5 0

BNB  0.005   0.005   0.004   0.004   0.005   0.012   0.003 316.5 0 443.5 0

USDT   –0.001*   0.000   0.000   0.000   0.000   0.000   0.000 9.3 0 487.2 0

SOL     0.016*   0.004   0.006   0.009   0.004   0.011   0.009 72.3 0 48.6 0

ADA   0.000   0.001   0.001   0.000 –0.003     0.014*   0.004 238.4 0 175.5 0

USDC   0.000     0.002* –0.002   0.000   0.000   0.000   0.000 179 0 359.2 0

XRP   0.001   0.000   0.001   0.003   0.003   0.004 –0.001 436.6 0 235.7 0

DOT   0.002   0.001   0.008   0.011   0.000   0.010 –0.001 65.6 0 34.1 0

DOGE –0.002 –0.001   0.004   0.005   0.002   0.005   0.001 468.7 0 381.4 0

AVAX   0.001 –0.001   0.008   0.009   0.009     0.018*   0.000 60.5 0 24.5 0

LUNA   0.009   0.008   0.005   0.003   0.006 –0.004   0.003 98.5 0 101.8 0

SHIB   0.052   0.004 –0.004   0.000   0.008   0.054     0.076* 13.6 0 9.4 0

MATIC   0.005   0.011   0.009   0.007   0.002     0.012* –0.001 154.8 0 246.9 0

BUSD    –0.001*   0.000   0.000     0.000   0.000   0.000     0.001* 79.4 0 129.9 0

CRO   0.001    0.004   0.006   0.006   0.007   0.003 –0.006 101 0 108.1 0

WBTC   0.002   0.005   0.004 –0.001   0.000   0.006   0.000 11.1 0 308.2 0

LTC   0.002   0.001   0.002 –0.002 –0.001     0.004*   0.002 487.3 0 792.9 0

UNI   0.004 –0.006   0.000   0.007   0.012   0.007   0.004 35.7 0 14.5 0

DAI   0.000    0.005* –0.004   0.000   0.000 –0.001 –0.001 95.3 0 203.5 0

LINK –0.001  0.002   0.004   0.003 –0.001     0.011*   0.002 174.2 0 120.1 0

UST   0.000 –0.001 –0.002   0.000   0.001   0.000   0.000 35.3 0 1 0

ALGO –0.005    –0.009* –0.002   0.003   0.003   0.007 –0.004 106.9 0 162 0

BCH –0.002 –0.002   0.001 –0.005 –0.004     0.010*   0.002 260.9 0 413.6 0

TRX   0.001   0.002   0.001   0.005 –0.004   0.014 –0.003 0.3 0 250.9 0

I   0.003   0.004   0.003 –0.001 –0.001   0.003   0.001 450 0 440.3 0

Note. (* significant at 5% level of significance).
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Avoiding cumbersome tabular representation of results, only days-of-the-week significant at a 5% level for 
different estimation procedures are shown in Table 6.

The results show that there exist day-of-the-week effects in all cryptocurrencies except for Uniswap and 
Algorand and the market index, allowing the rejection of the null hypothesis 1 (H01) in these cases; 13 out of 25 
cryptocurrencies (52%) exhibit a positive Saturday Effect, followed by a positive Monday and Tuesday Effect. 
Except for Dai, TerraUSD, Dogecoin, and Tether, the remaining cryptocurrencies and the market index do not 
exhibit a traditional weekend effect in terms of lower Monday returns, leading to a rejection of the null                
hypothesis 2 (H02) for these cryptocurrencies and market index. 

Table 6. Results of the ARCH Family Regression

Symbol       Higher Excess Returns than Other Weekdays              Lower Returns than Other Weekdays

 OLS Bootstrapped ARCH  Bootstrapped OLS Bootstrapped ARCH Bootstrapped

  OLS Family Model ARCH Family  OLS Family Model ARCH Family

    Regression    Regression

BTC Mon, Tue Mon, Tue Mon, Tue, Sat Mon, Tue, Sat – – – –    

ETH – – Sat Sat – – – –

BNB – – – Sat – – – –

USDT – Tue Tue Tue Mon Mon Mon, Thu, Sun Mon, Thu, Sun

SOL Mon – Sat Sat – – – –

ADA Sat Sat Sat Sat – – – –

USDC Tue Tue – – – – Sat Sat

XRP – – – – – Wed Wed Wed

DOT – – – – – – – –

DOGE – – – – – – Mon, Tue, Sun Mon, Tue, Sun

AVAX Sat Sat Sat Sat – – – –

LUNA – – Sat Sat – – – –

SHIB Sun – Mon, Sun Mon, Sun – – – –

MATIC – Sat Sat Sat – – – –

BUSD Sun – Mon, Wed Mon, Wed Mon – Tue, Thu, Fri, Sun Tue, Thu, Fri, Sun

CRO – – Thu, Fri, Sat Thu, Fri, Sat – – – –

WBTC – – Mon, Tue, Wed Mon, Tue, Wed – – – –

LTC Sat Sat Sat Sat – – – –

UNI – – – – – – – –

DAI Tue – Tue, Fri Tue, Fri Tue – Mon, Sun Mon, Sun

LINK Sat Sat Sat Sat – – – –

UST – – – – – – Mon, Fri Mon, Fri

ALGO Tue – – – – – – –

BCH Sat Sat Sat Sat – – – –

TRX – Sat Sat Sat – – – –

I – Mon, Tue, Sat Mon, Tue, Wed Mon, Tue, Wed – – – –

Note. (* significant at the 5% level of significance). 



These results confirm that calendar anomalies exist in most of the cryptocurrencies, thereby challenging the 
notion of efficiency in global crypto markets. The existence of such day effects provides a basis for trading 
strategies, with some days providing higher or lower-than-average returns. Furthermore, it also highlights 
behavioral and informational gaps/lags in the market participants.

In a static situation, the findings above are usually accurate. A rolling regression is used on the returns of the 
constructed index with a window length of 1,000 days and a step size of 100 observations in each case. This means 
that the first regression uses observations from 1 to 1,000, the second regression uses observations from 101 to 
1,100, and so on, to support the time stability of the coefficients and assess the efficiency in a dynamic context. 
Figure 2 shows the results of rolling-window regression. It can be seen that the coefficients for days fluctuate   
significantly. The significant days for the index, i.e., Monday, Tuesday, and Wednesday, follow a slightly different 
path as compared to other days. For Mondays, the coefficients have been positive before a significant drop in 
2019, following which they became positive again. Similarly, for Tuesday and Wednesday, the coefficients are 
majorly positive, except for a window between 2018 and 2019. This shows that there is comparable stability in the 
day-of-the-week effects throughout the study period, implying that the market commenced and continues to be 
inefficient, which contradicts the idea posited by previous studies of market efficiency evolving.

Figure 2. Coefficient Graph in Rolling-Window Regressions
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Discussion and Implications

The findings of this study show the presence of calendar effects in terms of higher returns for certain days over 
others. The implication is that cryptocurrency markets are not even efficient in the weak form, highlighting their 
informational inefficiencies. Generally, an absence of weak form efficiency facilitates technical analysis-based 
trade strategies where past information about prices and events is relevant. To compare the profits from passive 
buy-and-hold cryptocurrency investing with active methods like buying on Sunday and selling on Monday or 
buying on Monday and selling on Tuesday, a trading strategy modeled after Sarma's (2004) approach is created. 
Table 7 shows the returns generated by these strategies and shows that active strategies would have earned a rate of 
return over the passive buy and hold. Even taking into account the trading costs (often nominal), these strategies 
would still have outperformed the markets during the period of study. While these results have emerged due to 
simplifications of actual trading with the benefit of hindsight, the abnormal returns over the buy-and-hold strategy 
warrant the attention of active investors. 

Conclusion

The literature on the efficiency of crypto markets, often limited in its reasoning, methodology, and data, is 
inconclusive as to whether these markets are efficient in the context of EMH. The present study explores the 
efficiency of the global cryptocurrency markets by examining the existence of day-of-the-week effects on the 
returns of the top 25 cryptocurrencies. Starting with building arguments on why cryptocurrencies would be 
efficient, the study employs statistically robust methodologies, both parametric and bootstrapped, on multi-year 
daily returns data of both individual currencies and a composite market index to evaluate the conceptual 
framework. Accounting for financial time-series characteristics such as serial correlation and heteroskedasticity, 
significant day-of-the-week effects in both individual currencies and market index are found in both a static and 
dynamic context, leading to the conclusion that the global cryptocurrency market is not efficient, and it does not 
seem to evolve in terms of efficiency as is claimed in earlier literature. 

Limitations of the Study and Scope for Future Research

While a simple inferential approach is adopted for the conceptual framework and methodology, advanced 
estimation procedures necessitating intensive data mining are employed in this study, which may often lead to all 
kinds of results (Sullivan et al., 2001). The study also limits itself to only the day-of-the-week and the weekend   
effect. Other calendar effects, such as the month-of-the-year effects and specific month effects, such as January 
effects, are not examined, presenting scope for future examination. The study also does not seek to explain these 
anomalies, limiting to what-is rather than why-it-is. Despite these considerations, the findings of the present study 

Table 7. A Comparison of Annualized Returns Generated by 
Different Trading Strategies

Strategy Annualized Returns Generated

Buy Monday-Sell Tuesday 118.8%

Buy Tuesday-Sell Wednesday 117.3%

Buy Wednesday-Sell Thursday 99.5%

Buy Monday-Hold Tuesday-Sell Wednesday 60%

Buy-Hold 27%
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are of practical significance to investors, whose active search and trading strategies seem justified in the light of 
market anomalies, and other market participants, such as regulators seeking to understand the crypto market 
structure from an efficiency perspective and researchers seeking to explore the behavior and psychology of crypto 
markets in terms of efficiency.
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