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Abstract 

 

The purpose of this paper is firstly, to compare the dynamics of the cryptocurrency 

(CC) universe to those of the stock market indices, and secondly, to analyse the 

implications of these differences and similarities on the index methodology in both 

sectors. Using the CRIX developed by Härdle and Trimborn (2015) and a Total 

Market Index for the CC sector, our findings reveal the highly negatively skewed 

and asymmetric distribution of the crypto index returns, as well as the presence of 

volatility clustering. The equity indices under review, DAX, CDAX, S&P 500 and 

the Wilshire 5000 Total Market Index show similar properties, yet to a weaker 

degree. While the CC indices over the period from January 2018 to May 2021 largely 

outperform the equity indices in terms of cumulative returns, they are also more 

volatile, both in prices and in their market structure.  

The connections of the previous findings to the index methodology are 

analysed in the second part. Contrary to DAX and S&P 500, CRIX has a dynamic 

structure, where the number of constituents is not fixed, but determined by AIC. 

Further, it is rebalanced more frequently than the indices that represent the largest 

companies in Germany and in the U.S. This way, the benchmark for the CC sector 

can better capture the volatility of the market. Similarities between the indices are 

observed too: all use a modification of the Laspeyres Index for their calculation and 

weight their components by market capitalisation. 
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I. Introduction 
 

 

A fascinating phenomenon of the Internet age has occurred in recent years, as a wide 

range of digital currencies such as Bitcoin, Ethereum, Litecoin, Chainlink or Polkadot 

have emerged on financial markets. Necessarily, cryptocurrency indices tracking the 

dynamics of the sector have been created. These CC indices have similarities and 

differences to traditional ones, which will be examined in the coming work. 

In classical stock markets, market capitalisation-weighted indices (S&P 500, Nasdaq 

Composite Index, FTSE 100), and more rarely price-weighted indices (Nikkei 225, Dow 

Jones Industrial Average), of the largest publicly-traded companies are used to track the 

performance of an economy. However, stock market indices are not only a list of the 

biggest companies since other criteria apply, such as limitations on firms with multiple-

class shares (see S&P Global, 2021a). 

When building a cryptocurrency index, there are methodological differences due to the 

specificities of the market, such as its top heaviness, the high variability in the number 

and market share of cryptos, as well as the low liquidity of certain CCs. New ones emerge 

every day while others vanish from the market when they are not actively traded anymore 

or become subject to allegations of trading manipulation. According to Häusler and Xia 

(2021), 20 cryptocurrencies appeared in the top 10 coins by market capitalisation from 

January 2018 to June 2021, and only Bitcoin, Bitcoin Cash, Ethereum and Ripple 

remained present over this period. Moreover, in August 2021 Bitcoin and Ethereum 

jointly represented over 60% of the total market capitalisation, when there were 8,948 

actively traded cryptocurrencies listed on Coingecko.com. Yet, the dominance of Bitcoin 

is decreasing, with the increasing performance of lower-capped coins during this “altcoin 

season”.  

 

Building a representative crypto index in such a fast-growing market poses great 

challenges. All the same, a reliable index allows to have a benchmark, which is necessary 

to be able to compare assets and determine which under- or outperform the market. By 

analysing the properties of the CC market and the German and American stock market, 

we will ask the following question: 

https://www.coingecko.com/en
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What differences exist between the cryptocurrency and the traditional indices in terms of 

statistical properties and index methodology? 

The main goal of this paper is to answer economic and financial questions, such as which 

market is more performant or more volatile, how do they behave at the extremes or what 

are the possibilities to hedge against tail risk, and to analyse how the classical index 

methodology is adapted to the cryptocurrency sector.  

 

Our main empirical findings over the period January 2018 to May 2021 can be 

summarized as follows. As in the literature on the major CCs (Osterrieder et al., 2017), 

our results exhibit the non-normal nature of the crypto indices, particularly heavy tails of 

the return distribution. In contrast to existing studies (Zhang et al., 2018) that report a 

positive skewness for Ethereum, Ripple, Litecoin, Stellar, Dash, Monero, NEM, we find 

that the CC indices are more negatively skewed than the traditional indices, which means 

that high losses are more likely than high gains of the same size. Additionally, we detect 

that the returns display volatility clustering, i.e. extended periods where prices show wide 

swings followed by calm periods. Hence, the CC indices support the stylised facts of 

financial time series (Tsay, 2002), still often to a degree stronger than their traditional 

counterparts. Furthermore, all series are significantly correlated over the period of 

analysis. The CC indices stand out for their performance: the returns are much higher 

than those of stock market indices, while being accompanied with higher annualised 

volatilities.  

The second part of the paper discloses how the CRIX methodology adjusts to this 

variability, by using a flexible number of constituents instead of a fixed, and by reviewing 

the allocated weights monthly instead of quarterly, allowing it to adapt itself to frequent 

and large changes in the value and number of cryptocurrencies. There are also differences 

in the eligibility criteria, while the Laspeyres formula used for the index calculation and 

the weighting approach are similar. 

 

Existing literature on this topic has mainly studied the statistical properties of the 

largest cryptocurrencies in order to model the CC market and its volatility (Osterrieder et 

al., 2017; Baur and Dimpfl, 2018; Chen et al., 2018), for option pricing and forecasting 
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(Hou et al., 2019) or index construction (Härdle and Trimborn, 2015; Schwartzkopff et 

al., 2017; Elendner, 2018; Rivin and Scevola, 2018).  

Häusler (2021) examines the methodology and statistical properties of five CC indices: 

Bloomberg Galaxy Crypto Index (BGCI), Bitwise 10, the CRIX, CCi30 and F5 crypto 

index, and evaluates their accuracy in representing the market dynamics. Interestingly, 

the results suggest that a crypto index with a larger number of constituents is not 

necessarily better in representing the market. The differences result mainly from the 

weighting scheme, where purely market capitalisation-weighted indices such as the CRIX 

and Bitwise 10 are found to be more accurate indices in terms of correlation to the total 

market index (TMI), than adjusted market capitalisation indices (BGCI, CCi30 and 

HODL5). Finally, the Probabilistic Sharpe Ratio introduced by Bailey and Lopez de 

Prado (2012), which accounts for the non-normal returns of CCs, is used to compare the 

performance of the indices. CRIX gives the highest PSR, followed by F5 crypto index. 

The success of CRIX lies in its composition. Proposed by Härdle and Trimborn (2015) at 

Humboldt University Berlin and further developed by Trimborn and Härdle (2018), this 

dynamic index relies on the AIC information criterion to determine the optimal number 

of constituents. Thereby, only CCs that give valuable information to the index are added. 

Trimborn and Härdle (2018) test the CRIX methodology on the German and Mexican 

stock markets, where it shows to mirror the respective stock markets even better than 

DAX and IPC35 in terms of mean directional accuracy. 

 

 

This paper is structured as follows. Section II presents the data. In Section III, the CC 

and traditional indices are quantitatively analysed. Section IV qualitatively compares the 

method of the dynamic index CRIX to the methodology of the equity indices. The 

conclusion is presented in Section V. All codes are available via  Quantlet.de. 

  

https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
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II. Data 
 

 

This study employs data on CC indices and traditional indices.  

 

CRIX The latest 90 days of the CRIX values are publicly available on Thecrix.de. The 

remaining daily data is thankfully available via Blockchain-research-center.de. The index 

has a starting value of 1000 as of July 31, 2014, which makes it one of the first indices on 

cryptoassets.  

 

TMI is computed by summing up the market capitalisations of all eligible 

cryptocurrencies for each date. Data on the CC Total Market Index was kindly provided 

by Konstantin Häusler. As described in Häusler and Xia (2021), the data on all CCs is 

obtained from Coingecko.com through their freely accessible API. 

 

The daily historical closing prices of the following stock market indices were sourced 

from Finance.yahoo.com, apart CDAX data that was retrieved via Boerse-frankfurt.de. 

 

DAX is a leading German stock market index that tracks the largest companies listed on 

the Frankfurt Stock Exchange. DAX stands for Deutscher Aktien Index and was 

established with a base value of 1000 on December 30, 1987. Since its inception it has 

had 30 components, but from September 2021 it comprises 40 stocks. The DAX is a total 

return index because it incorporates gains earned from cash dividends paid by companies 

to their shareholders, which are included in the net share price, whereas a pure price index 

neglects any cash distributions.  

 

CDAX, calculated by Deutsche Börse, is a composite index of all German shares in the 

General Standard and Prime Standard traded on the Frankfurt Stock Exchange. It can be 

considered as an indicator of the economic development as it covers the entire German 

stock market. CDAX started with a base value of 100 points on December 30, 1987 

(STOXX Ltd., 2019). 

 

https://www.thecrix.de/
http://www.blockchain-research-center.de/
http://www.coingecko.com/
http://www.finance.yahoo.com/
https://www.boerse-frankfurt.de/indices/cdax-performance/price-history/historical-prices-and-volumes
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S&P 500, maintained by S&P Dow Jones Indices, is a price index based on 500 large-

cap companies listed on stock exchanges in the United States and offers itself as an 

indicator of the performance of the U.S. economy. It was officially launched on March 4, 

1957 by Standard & Poor’s and has a base period of 1941-1943 with a base value of 10 

(S&P Global, 2021a). The S&P 500 comprises 505 stocks, since it includes five 

companies with multiple-share classes (currently Alphabet Inc., Fox Corp., Discovery 

Inc., News Corp. and Under Armour). 

 

Wilshire 5000 Total Market Index offers a benchmark for the entire U.S. market. It 

contains 3,500 stocks as of March 2021 and is one of the broadest indices of publicly 

traded American companies. It fills the gap of smaller market proxies that miss out as 

basis for risk measurement and diversification. Named after the nearly 5,000 stocks it 

held when it was first introduced in 1974, the Wilshire 5000 had a record of 7,562 stocks 

in July 1998. The Wilshire 5000 Total Market Index base is its December 31, 1970 value 

of 1. As a total market index, it includes reinvested dividends. 

 

 

As CCs have evolved rapidly and the driving forces of their prices changed during 

their existence, a recent time of analysis is chosen in this study. This period captures the 

situation previous to the Covid pandemic from January 2, 2018 until its evolution in May 

28, 2021. The daily adjusted closing prices are considered, giving a total of 1243 

observations for CRIX and the TMI. As traditional stock markets are closed on weekends 

and holidays, we have 858 observations for the DAX, CDAX, S&P 500 and Wilshire 

5000. The log-returns are calculated using the formula 𝑅 = 𝑙𝑛 [
𝑉𝑖𝑡

𝑉𝑖𝑡−1
] where 𝑅 represents 

the log-return of the CC and equity indices, 𝑉𝑖𝑡 is the current index value, 𝑉𝑖𝑡−1 is the 

previous value, and 𝑙𝑛 represents the natural logarithm.  
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III. The dynamics of the cryptocurrency and stock market 
 

 

A. Prices 

 

Figure 1: CRIX, DAX, CDAX, S&P 500 and Wilshire 5000 from Jan 2018 to May 2021. 

 indices_ccVStrad 

 

Figure 1 describes the evolution of the index prices. We do not notice any irregularities 

in the prices found across platforms. CRIX seems to behave exponentially by moments, 

which indicates that it has potentially extremely high and low returns. While the 

traditional indices follow a slow and steady growth, the variability in the CRIX is much 

higher. Its price shows two major peaks in January 2018 and April 2021 mainly driven 

by the rise in Bitcoin price, which do not correspond to peaks in the traditional index 

values. A common through is observed in March 2020, which can be attributed to the 

declaration of the COVID-19 as a pandemic by the WHO and to the announcement of a 

travel ban for all Europeans passengers by the former U.S. President Donald Trump on 

March 11, 2020. 

 

On the following plot, the variables have been normalised for better comparison. 

https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
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Figure 2: Normalised CRIX, TMI, DAX, CDAX, S&P 500 and Wilshire 500. 

 indices_ccVStrad 

 

Note that the three paired indices follow similar movements. In the American market, the 

growth has been steady apart from the crash in March 2020. This shock is large enough 

to draw a noticeable dent on the normalised prices series. The German stock indices show 

more variability, a deeper plunge in 2020 and a slower recovery than the American stock 

indices, while the COVID-19 related crash is the less visible on the CC index series. 

 

B. Returns 

 

The decrease in prices in March 2020 can be clearly seen in the following graph of the 

index log-returns. 

https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
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Figure 3: CRIX, TMI, DAX, CDAX, S&P 500 and Wilshire 500 returns.  

 indices_ccVStrad 

 

 

On Friday, March 13, 2021, the CRIX log-return was -44.66%. The index value plunged 

from 18331.68 to 11728.09 in one day. This was the deepest decline over the considered 

period. On that day, the TMI return was -45.82%. Interestingly, this is one day after the 

“Black Thursday” on March 12, 2020, when the S&P 500 index fell by 9.9%, the Wilshire 

500 by 10.25% and the DAX and CDAX by 13.05% and 13.13% respectively, which 

corresponds to the COVID-19 declaration as a pandemic by the WHO and the U.S. travel 

ban imposed on European passengers. The first “Black Monday” occurred on March 9, 

2020, where in one day the CRIX fell by 11.12%, the S&P 500 by 7.9% and the DAX by 

8.27%. It was caused mostly due to the growing fear of the Coronavirus but also due to 

the Saudi Arabia-Russia oil price war. A second “Black Monday” occurred on March 16, 

2020, where the DAX fell by 5.45% and the S&P 500 by 12.76%, despite de FED’s 

announcement to lower the interest rate to 0 and the 700 billion dollars as quantitative 

easing measures. These drastic measures and the uncertainty around closing businesses 

caused the indices to remain volatile. The rebound was on March 23, 2020, after the S&P 

500 fell by 33.9%. 

 

The larger indices showed a stronger reaction to the negative shocks than their 

smaller counterparts. This may be explained by the fact that the smaller indices contain 

only the biggest companies or CCs, which presumably show a slightly more contained 

https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
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reaction to negative shocks. The large impact on all the indices has been persistent, with 

a high variability in the returns after this shock. While the stock market indices appear to 

have a similar volatility, with comparable magnitude at the same periods, the CC index 

returns seem at times to be decoupled from the traditional indices and show wider price 

movements. 

 

 crix tmi dax cdax sp500 wilshire5000 

min -0.446643    -0.458279 -0.1305 -0.1313 -0.1277   -0.1306 

1st 

quartile 
-0.015443 -0.016162 -0.0051 -0.0047 -0.0040 -0.0040 

median 0.0017763    0.002711   0.0008 0.0008 0.0011 0.0012 

mean 0.0006075    0.000769 0.0002 0.0002 0.0005 0.0005 

3rd 

quartile 
0.0191733    0.020975 0.0070 0.0068 0.0070 0.0072 

max 0.1704964   0.152270 0.1041 0.0972 0.0897 0.0884 

NA’s 0 0 385 385 385 385 

sd 0.0422898 0.0423332 0.0137995 0.0131498 0.0142382 0.0143873 

Table 1: Summary statistics of the log-returns 

 

The table above presents the summary statistics for the index returns. Note first that there 

are missing values for the traditional indices due to the stock markets being closed on 

week-ends. The large differences between the observed minima and maxima for the 

crypto returns testify the significant price fluctuations. The CRIX return has a high of 

17.04% and a low of -44.66% over the observed period. On the contrary, S&P 500 returns 

range from -12.77% to 8.97%. For all indices, the minimal returns in absolute value are 

larger than the maximal returns. 

There are also large differences in the values for the quartiles between the indices. While 

for all indices the 1st quartile has a negative value and the 3rd quartile a positive, the 

values for the CC indices are more extreme. For CRIX, 25% of the data has a return below 

-1.54% against -0.51% for DAX. Conversely, 25% of the returns are higher than 1.91% 

for CRIX and 0.70% for DAX. Thus, there is a much stronger disparity in returns for 

crypto indices than traditional indices. Further, the absolute values of the 1st quartile are 
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smaller than those of the 3rd quartile, suggesting an asymmetrical variation around the 

median. 

All indices have a slightly positive median value, implying more frequent increases in 

returns than decreases. While DAX and CDAX have the same mean and median return, 

as do the S&P 500 and Wilshire 5000, this is not true for CRIX and the TMI, even though 

they cover the same market. Indeed, CRIX has a lower mean and median return than the 

TMI, probably caused by the higher returns of the rapidly growing altcoins vastly 

contained in the TMI. In general, the means are very small, close to 0%, but this is not 

surprising because these are log-returns. For all the indices, the mean is lower than the 

median, being a hint for negative skewness. 

There are also large standard deviations, for example 4.23% for CRIX and the TMI, 

synonymous with high volatility in the CC market. The standard deviations for the 

traditional indices are smaller, surrounding 1.4%. 

 

The following graph plots the value of 1€ invested on January 2, 2018 until May 28, 2021 

in the indices. The total return over the period is obtained by taking the cumulative 

product of the gross returns. 

 

Figure 4: Evolution of the price of 1€ invested in CRIX, TMI, DAX, CDAX, S&P 500 and 

Wilshire 500.  indices_ccVStrad 

 

1€ invested in CRIX would have been worth 2.12€ on May 28, 2021. While a loss is 

recorded from January 16, 2018 to December 1, 2020, this hypothetical investment gives 

a percentage return of 112% over the considered period. A cash-out on April 14, 2021 

would have generated the maximum of 3.35€. Over the same period, the value of a 1€ 

https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
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investment in DAX fluctuates between 0.65€ and 1.20€. With a price of 1.20€ on May 

28, 2021, the percentage return is 20%. The price of the hypothetical investment in the 

S&P 500 ranges between 0.83€ and 1.57€.  

 

There is a large difference in percentage returns between CRIX and the traditional 

indices, even though the hypothetical investment was made at a moment where the CRIX 

price was at its peak. Indeed, the CC sector seems to be compensated with higher returns 

for its risk. Considering the percentage return, investing in the CC market would have 

been the best choice, followed by the Wilshire 5000 and S&P 500, with a return of 57% 

and 55% respectively, and lastly DAX and CDAX (both 20%).  

While the maximum percentage returns are considerably higher for the cryptocurrency 

indices, their maximum losses are also higher than those of the traditional indices, going 

down to -85.34% for CRIX and -84.89% for the TMI, instead of -34.41% for DAX and  

-17% for the S&P 500.  

 

According to the IMF (2021), when adjusting for the volatility, the major crypto 

Bitcoin has a similar performance than broader technology equities or the S&P 500, while 

experiencing larger peak-to-trough declines. The risk-adjusted returns of CCs are 

reported to be only relatively more attractive when compared to local currency bonds and 

equities in developing economies with weak fundamentals that also expose investors to 

large drawdowns. 

 

C. Distributions 

 

Let us look at the distribution of the daily closing prices of CRIX, TMI, DAX, CDAX, 

S&P 500 and Wilshire 5000 on the following whisker boxes and density plots. 
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Figures 5 and 6: Boxplot and density function of the logarithm of the CRIX, TMI, DAX, 

CDAX, S&P 500 and Wilshire 500.  indices_ccVStrad 

 

It can be seen on Figure 5 that CRIX in logarithm has a strong negative skew. In fact, the 

data below the median are more spread out.  

The density plots show that the traditional indices are much more condensed than data on 

the crypto indices. The latter’s dispersion potentially explains the high returns of CCs. 

 

The following Cullen and Frey graphs display the higher moments of the CRIX 

and S&P 500 return distributions, as well as values for common distributions. Values of 

skewness and kurtosis are plotted from 1000 bootstrap samples of data in order to take 

into account the uncertainty of the estimated values. 

 

 Figures 7 and 8: Skewness-kurtosis plot for CRIX (left) and S&P 500 (right) return distributions. 

  indices_ccVStrad 

https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
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The graphs confirm our intuition that the distributions of the CRIX and S&P 500 returns 

are non-Gaussian. They have a very high kurtosis and a skewness different from 0. This 

implies that the occasional extreme returns are more extreme than the normal distribution 

would suggest. Many financial variables have this property, known as excess kurtosis. 

As can be seen on the values for the squared skewness and kurtosis, the S&P 500 return 

distribution is less asymmetric but has a higher kurtosis than the CRIX return distribution. 

However, this does not necessarily mean that the S&P 500 experiences more extreme 

returns than the CRIX, as kurtosis describes the shape of the tails in relation to the 

distribution’s overall shape.  

While strong deviations from the Gaussian distribution are generally suggested for asset 

returns (Tsay, 2002), the observations are also far from the uniform, exponential, logistic, 

beta, lognormal or gamma distributions. 

 

Table 2 presents the higher moments of the index returns. Since skewness and 

kurtosis are related to the extremes of the data, instead of the averages, these indicators 

are particularly interesting for short- to medium-term investors, which do not want to hold 

a position long enough to reach the mean returns.  

 

 crix tmi dax cdax sp500 wilshire5000 

skewness -1.297935 -1.457363 -0.9812243 -1.278623  -1.031035 -1.197467 

kurtosis 15.74643 16.33711 18.72647 20.46463 19.64888 19.85682 

Table 2: Higher moments of the daily log-returns 

 

All distributions are negatively skewed, which means that they have longer or fatter tails 

on the left side of the distribution. While Zhang et al. (2018) find that altcoins are 

positively skewed and Bitcoin negatively, the negative skewness of the CC indices might 

be explained by the higher weighting of Bitcoin in the indices. At the time of writing, 

Bitcoin represents 62.75% of CRIX and dominates the CC sector, accounting for 44.04% 

of the total market capitalisation (Coinmarketcap.com). The difference in skewness may 

be due to the altcoins being growing and still in an early phase of development. Negative 

skewness is generally not good as it highlights the risk of black swan events. While Scott 

and Horvath (1980) prove under some weak assumptions that rational investors should 

prefer positive skewness, this result is rejected in Taleb (2004). Parameswaran (2010) 

https://coinmarketcap.com/charts/
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and Kahneman and Tversky (2017) offer a way to reconcile these viewpoints, as they 

argue that the probability of unlikely events occurring, such as black swans, are often 

underestimated.  

 

The traditional indices have a higher kurtosis than the CC indices for the 

considered period, indicating the presence of fatter tails. For our three paired indices, the 

ones with the fewer constituents (CRIX, DAX and S&P 500) are less asymmetric and 

have a lower kurtosis than their associated total market indices. 

 

The densities on the following graph are calculated by a non-parametric method fitting 

an Epanechnikov kernel distribution, smoothing the histogram to the returns. 

 

Figure 9: Density function of CRIX, TMI, DAX, CDAX, S&P 500 and Wilshire 500 returns. 

 indices_ccVStrad 

 

The return distributions have very fat tails, especially for the CC returns. This indicates 

that there is a probability, which may be small, that the returns move three standard 

deviations beyond their mean, depicting situations in which extreme outcomes occur 

more often than expected. This is typical for leptokurtic distributions. These findings 

correspond to the literature on this topic (see Osterrieder et al., 2017). The S&P 500 return 

distribution is the most peaked, which may explain its high kurtosis. Indeed, kurtosis 

measures the weight of a distribution’s tails relatively to the centre of the distribution. 

https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
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The departure from normality mainly comes from the kurtosis, not from the asymmetry, 

because the series are more or less symmetric around 0. 

 

D. Correlations 

 

Figure 10 shows the Spearman’s correlations coefficients for the indices.  

 

Figure 10: Spearman’s correlation coefficients for the indices.  indices_ccVStrad 

 

The Spearman correlation is used as it is a rank-based correlation coefficient. The more 

common Pearson correlation method cannot be used because it is a parametric correlation 

test for which the data should be from normal distribution, otherwise conclusions based 

on significance testing may be flawed (Kowalski, 1972; Bishara and Hittner, 2015). 

Firstly, the three paired indices have a nearly perfect linear dependence. The smaller 

indices are a good indicator for their market. Even though they contain less constituents, 

they are able to capture the movements and perfectly correlate with their corresponding 

market.  

Secondly, all indices have a significant and positive relationship. Hence, over the 

considered period, it is not possible to hedge against tail risk of CCs by purchasing 

exchange-traded funds that track the DAX, CDAX, S&P 500 or Wilshire 5000. Klein et 

al. (2018) also find that CRIX doesn’t offer diversification benefits as gold would. This 

contradicts studies that find that CCs are decoupled from stock market indices (Gil-Alana, 

Abakah and Rojo, 2020). 

https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
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Finally, the CC indices are more correlated to the German indices than to the American.  

However, caution should be taken when considering the coefficients because correlations 

of financial data are generally time-varying. Further, the COVID-19 recession may have 

increased the positivity of the dependence, as correlations between different markets are 

generally higher during recessions and lower during expansions (D’Ecclesia and Kondi, 

2018). To study the evolution of the coefficients, the correlations could be plotted as time 

series, or different time periods could be compared.  

 

E. Volatilities 

 

In the following, the volatility of the indices is analysed using the squared returns as a 

proxy. Squared returns are just an approximation and are considered when there are no 

information about the market during the day, which is the case for the CRIX and TMI. 

 

Figure 11: Squared returns of CRIX.  indices_ccVStrad 

 

The CRIX squared returns have an outlier following the COVID-19 Black Thursday. This 

is problematic because the variance may be absorbed by it. Besides the high degree of 

variability, the plot also shows that many observations are clustered together: there are a 

lot of periods with low squared returns followed by large spikes. This indicates the 

presence of heteroscedasticity as the returns at different time periods appear to be 

correlated, which suggests that they are not completely random but depend on past values. 

While randomness and a normal distribution may be preferred in financial markets, 

investment strategies that use options can take advantage of volatility clustering. 

https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
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Figure 12: Squared returns of DAX.  indices_ccVStrad 

 

DAX encountered a peak in volatility in March 2020 that was very persistent. There are 

pockets of volatility in January and August 2019 and between March and July 2020, 

where large changes in prices tend to be followed by large changes. Volatility clustering, 

firstly observed by Mandelbrot (1963), is common for financial data (Gujarati and Porter, 

2009) and provides a motivation for the ARCH class of models (Engle, 1982; Bollerslev, 

1986). In the GARCH model for example, the conditional variance is influenced by past 

squared innovations, which encounters for the fact that when volatility spikes, it is more 

likely to be sustained.  

 

This feature is also clearly visible in Figure 13, which plots the daily squared 

returns of the S&P 500 for the January 2, 2018 to May 28, 2021 period. 

 

Figure 13: Squared returns of S&P 500.  indices_ccVStrad 

https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
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We can see many pockets of volatility in the graphs corresponding to the American stock 

market. In the periods following the peaks, the levels of volatility tend to be positively 

correlated with their levels during the immediately preceding periods. 

 

While the time series for the squared returns of the traditional indices show 

matching dynamics, the volatility of CRIX seems again to depend on other factors, such 

as the current bullish/bearish sentiment in the crypto market. As a means of comparison, 

the annualised volatilities of the indices are plotted in Figure 14. 

 

Figure 14: Annualised volatilities of CRIX, TMI, DAX, CDAX, S&P 500 and Wilshire 500 (in 

percent, 30-day moving average).  indices_ccVStrad 

 

The CC indices are always more volatile than the traditional indices, with an annualised 

volatility that exceeds 50% for most of the period of analysis, compared to below 50% 

for the stock market indices. CRIX and the TMI have a mean annualised volatility of 

71%, while the mean value for the German and U.S. equity indices is 18-19%. Thus, there 

is a trade-off between high returns and high variability.  

 

Iwamura et al. (2014) give a simple and intuitive reason for the high volatility in 

CCs. They take as an example Bitcoin, the main constituent of the crypto indices. As the 

speed of new issuance of Bitcoin is set and halved in every 210 thousand block extensions 

(which corresponds to roughly every four years), and the total supply is fixed at 21 million 

Bitcoins, its supply curve would be vertical. All demand shocks must then be absorbed in 

price adjustments, whereas for traditional currencies and firms, they can be absorbed in 

https://github.com/QuantLet/indices_ccVStrad
https://github.com/QuantLet/indices_ccVStrad
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both prices and quantities. As a consequence, Bitcoin would be more volatile than 

traditional assets due its supply inelasticity. 

 

 

The cryptocurrency market is unique in its kind, characterised by high returns and 

volatilities and a new and unstable market structure, with regular changes among the top 

coins in terms of market capitalisation. Hence, there are differences between the 

methodology of the CC and equity indices, which will be reviewed in the next section. 
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IV. The methodology of the indices 

 

A. Number of constituents 

 

The CC Total Market Index (TMI) weights all cryptos with available prices by their 

market capitalisation. This definition is close to the Wilshire 5000 Total Market Index 

that includes all U.S. stocks for which prices are available (FT Wilshire, 2021a), and to 

the all share-index CDAX, which comprises all German companies in the Prime Standard 

and General Standard segments (STOXX Ltd., 2019). The selection indices however, are 

usually constructed with a fixed amount of constituents, which is the case for DAX and 

S&P 500. In the less mature CC sector, the constant change in the market value and 

number of CCs calls for a flexible index. The major feature of CRIX, which separates it 

from the considered stock market indices, lies in its dynamic structure: Adjustments in 

the number of index constituents allows CRIX to adapt to the ever-changing CC sector. 

Instead of having the index provider deciding a priori on a boundary for the number of 

components, CRIX relies on the Akaike Information Criterion (AIC). This means for 

model selection allows to have the most representative CCs of the market, while avoiding 

a too heavy index, as it penalises the index for the number of constituents. The TMI is 

used as a basis for the evaluation: to determine the optimal number of constituents, the 

squared difference between the log-returns of the TMI and a selection of candidate indices 

is compared. Cryptoassets are included in the index as long as their price movements can 

sufficiently explain this difference, starting with CCs that have the highest market 

capitalisation since they are expected to improve the AIC relatively more. CCs are then 

added by groups of five. Hence, the number of assets in CRIX is always a multiple of 

five, which is common for stock market indices (S&P Global, 2021a; STOXX Ltd., 

2019). The higher the number, the more diverse the market is, as more CCs are required 

to represent it appropriately. Currently, there are five cryptos included in CRIX: Bitcoin, 

Ethereum, Binance Coin, Tether and Solana. This is a small number to represent the 

universe of cryptocurrencies, of which there exist several thousands, and gives evidence 

for the top-heaviness of the sector. The equity indices on the contrary are broader: DAX 

and S&P 500 consist of 40 and 500 stocks respectively, CDAX of 404 assets and Wilshire 

5000 counts 3,641 components (STOXX Ltd., 2019; S&P Global, 2021b and FT 

Wilshire, 2021b). 
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B. Formula 

 

All indices under review use a modification of the Laspeyres Index to measure their price 

changes as compared to the base year. Their value is calculated by summing the market 

capitalisations (which are float-adjusted in the case of the equity indices) of each coin or 

firm in the index, and dividing the result by an index-specific divisor. In order to ensure 

that changes in the index result solely from changes in price, and not in coin/share supply 

or the inclusion of new CCs/companies into the index, the divisor is adjusted whenever 

there is a change in the number of constituents. 

The standard Laspeyres Index is given by 

𝐼𝑛𝑑𝑒𝑥 =
∑ 𝑃𝑖1 ∙ 𝑄𝑖0𝑖

∑ 𝑃𝑖0 ∙ 𝑄𝑖0𝑖
. 

The indices use a derivation of this formula, by replacing the quantity 𝑄𝑖0 in the numerator 

by 𝑄𝑖1, which gives a measure of the current value, and replacing the denominator by a 

divisor which is specific to each index. The denominator defines the initial market value 

and establishes the base value of the indices (S&P Global, 2021c). In equity indices, the 

divisor additionally ensures the continuity of the index level after non-market driven 

events, such as dividend markdowns, spin-offs, capital increases or any changes to the 

free float factor of a company. 

 

The CRIX formula with k constituents is  

𝐶𝑅𝐼𝑋𝑡(𝑘, 𝛽) =
∑ 𝛽𝑖𝑡𝑙

∙ 𝑃𝑖𝑡 ∙ 𝑄𝑖𝑡𝑙

𝑘
𝑖=1

𝐷𝑖𝑣𝑖𝑠𝑜𝑟(𝑘)𝑡𝑙

, 

with 𝑃𝑖0 the price and 𝑄𝑖0 the amount of coin i at the base date, 𝑃𝑖𝑡 the price of coin i at 

time t, 𝑄𝑖𝑡𝑙
 the quantity and 𝛽𝑖𝑡𝑙

 the adjustment factor of crypto i at time 𝑡𝑙 and 𝑡𝑙 the last 

time point when 𝑄𝑖𝑡𝑙
, 𝐷𝑖𝑣𝑖𝑠𝑜𝑟(𝑘)𝑡𝑙

 and 𝛽𝑖𝑡𝑙
 were reviewed. The divisor is defined as 

𝐷𝑖𝑣𝑖𝑠𝑜𝑟(𝑘, 𝛽)0 =
∑ 𝛽𝑖0 ∙ 𝑃𝑖0 ∙ 𝑄𝑖0

𝑘
𝑖=1

𝐵𝑎𝑠𝑒 𝑣𝑎𝑙𝑢𝑒
, 

and is adjusted whenever there is a change in k. 
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The DAX family indices are calculated using the following formula:  

𝐷𝐴𝑋𝑡 =
∑ 𝑃𝑖𝑡 ∙ 𝑓𝑓𝑖𝑇 ∙ 𝑄𝑖𝑇 ∙ 𝐶𝑖𝑡

𝐷𝑖𝑣𝑖𝑠𝑜𝑟𝑡
 

and 

𝐷𝑖𝑣𝑖𝑠𝑜𝑟𝑡 =
∑ 𝑃𝑖0 ∙ 𝑄𝑖0

𝐾𝑇 ∙ 𝐵𝑎𝑠𝑒 𝑣𝑎𝑙𝑢𝑒
, 

where 𝐶𝑖𝑡 is the adjustment factor of firm i at time t, 𝑃𝑖𝑡 is the price of share i at time t, 𝑃𝑖0 

is the price and 𝑄𝑖0 the number of shares of company i on the day before the first 

incorporation in the index, 𝑓𝑓𝑖𝑇 is the free float factor and 𝑄𝑖𝑇 the number of shares of 

company i at time T, 𝐾𝑇 is the weighting factor at time T (see below) and T is the date of 

the last weighting scheme review. The multiplication of the market capitalisation by the 

free float factor results in the free float market capitalisation. 

 On the reallocation date, an interim value of the indices is firstly calculated 

according to the new weighting scheme (current number of shares 𝑄𝑖𝑇+1 and free float 

factor 𝑓𝑓𝑖𝑇+1), and the adjustment factor 𝐶𝑖𝑡 is set to one, hence: 

𝐼𝑛𝑡𝑒𝑟𝑖𝑚 𝑣𝑎𝑙𝑢𝑒 =
∑ 𝑃𝑖𝑡 ∙ 𝑓𝑓𝑖𝑇+1 ∙ 𝑄𝑖𝑇+1

∑ 𝑃𝑖0 ∙ 𝑄𝑖0
. 

The weighting factor 𝐾𝑇+1 becomes 

𝐾𝑇+1 =
𝐼𝑛𝑑𝑒𝑥𝑡

𝐼𝑛𝑡𝑒𝑟𝑖𝑚 𝑣𝑎𝑙𝑢𝑒
, 

where 𝐼𝑛𝑑𝑒𝑥𝑡 represents the index value on the reallocation date based on the old 

weighting scheme: 

𝐼𝑛𝑑𝑒𝑥𝑡 = 𝐾𝑇 ∙
∑ 𝑃𝑖𝑡 ∙ 𝑓𝑓𝑖𝑇 ∙ 𝑄𝑖𝑇 ∙ 𝐶𝑖𝑡

∑ 𝑃𝑖0 ∙ 𝑄𝑖0
∙ 𝐵𝑎𝑠𝑒 𝑣𝑎𝑙𝑢𝑒 

 

Concerning the S&P 500, the formula is given by 

𝑆&𝑃 500𝑡 =  
∑ 𝑃𝑖𝑡 ∙ 𝑄𝑖𝑡

𝑘
𝑖=1

𝐷𝑖𝑣𝑖𝑠𝑜𝑟𝑡
, 

with 𝑃𝑖𝑡 and 𝑄𝑖𝑡 defined as previously. 
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The S&P 500 divisor is not released to the public, yet it is corrected according to 

𝐷𝑖𝑣𝑖𝑠𝑜𝑟𝑁𝑒𝑤 = 𝐷𝑖𝑣𝑖𝑠𝑜𝑟𝑂𝑙𝑑 +
𝐶𝑀𝑉

𝐼𝑛𝑑𝑒𝑥 𝐿𝑒𝑣𝑒𝑙
, 

whereby CMV is the Change in Market Value after a stock has been added to or deleted 

from the index. 

 

The Wilshire 5000 Index uses a similar Laspeyres derivation: 

𝑊𝑖𝑙𝑠ℎ𝑖𝑟𝑒 5000𝑡 =
∑ 𝑃𝑖𝑡 ∙ 𝑄𝑖𝑡

𝑘
𝑖=1

𝐷𝑖𝑣𝑖𝑠𝑜𝑟𝑡
, 

whereby 

𝐷𝑖𝑣𝑖𝑠𝑜𝑟𝑡 =
𝐶𝑡 ∙ ∑ 𝑃𝑖0 ∙ 𝑄𝑖0

𝑘
𝑖=1

𝐵𝑎𝑠𝑒 𝑣𝑎𝑙𝑢𝑒
. 

 

𝑃𝑖𝑡 is the price and 𝑄𝑖𝑡 the number of shares of company i at time t, 𝑃𝑖0 is the price and 

𝑄𝑖0 the number of shares of firm i at the base date, k is the number of stocks in the index 

and 𝐶𝑡 is the adjustment factor for the base date market capitalisation. Divisor adjustments 

occur whenever there is a change in share number or corporate action. 

 

C. Eligibility Criteria 

 

While all CCs with available prices are eligible, only cryptocurrencies with a trading 

volume higher than the 1st quartile of the market are eligible for CRIX. This ensures that 

the index constituents are easily tradeable, thus that the tracking portfolio is manageable. 

In equity markets, liquidity requirements take the form of minimum order book volumes 

or turnover rates (STOXX Ltd., 2019).  

Furthermore, firms included in DAX are subject to certain quality and profitability 

requirements, such as a timely publication of financial statements. New entrants must 

demonstrate a positive EBITDA for the two most recent years. S&P 500 rules require 

companies’ market value and free float to be above a certain threshold (S&P Global, 

2021a). The Wilshire 5000 on the contrary accepts publicly traded U.S. firms, as long as 
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they have a non-zero free float. Index constituents with at least 20 non-trading days during 

a quarter or 10 consecutive non-trading days are deleted from the Wilshire 5000 at the 

end of the quarter. 

 

D. Weighting Method 

 

CRIX uses a market capitalisation-weighting method, where each crypto’s weight in the 

index is proportional to its market value. For the considered equity indices, the float-

adjusted market capitalisation of a company is used, which is the product of the stock 

price and the number of freely tradeable shares. Shares referred to as non-free float or 

fixed holdings include shareholdings that are held by the owner of the company, his 

family or by a third party in the interest of the owner, as soon as these represent 5% or 

more of the company’s total number of outstanding shares. 

 In order to avoid that a company dominates the index, DAX incorporates a cap 

limit of 10% for each component, by reducing the number of shares of the company that 

exceeds this threshold until its weighting is below the limit. If the capped weighting of a 

company exceeds 10% or falls below 10% between the reallocation dates, it is readjusted 

at the next review date. On the contrary, index components in CRIX, CDAX, S&P 500 

and Wilshire 5000 are not confined to a maximum weight. CC indices such as Crypto 20 

(C20) and HODL 20 impose a 10% restriction per coin, while in the Bloomberg Galaxy 

Crypto Index, each holding is capped to 30% and no constituent can contribute below 

1%. However, Häusler and Xia (2021) show that introducing a cap/floor to the 

constituents affects the Sharpe ratios of the indices negatively as it distorts the 

representation of the CC market’s dynamics.  

 

E. Reallocation 

 

Weights allocated to the CCs in CRIX are rebalanced monthly, with a quarterly 

recalculation of the number of constituents. This period is short compared to the selection 

indices and allows to adapt faster to the changing CC market structure. The composition 

of DAX is reviewed quarterly (Fast Exit/Entry rules) or annually (Regular Exit/Entry 
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rules), depending on the significance of changes in the rankings of the index constituents 

and candidates. The S&P 500 is rebalanced quarterly.  

In the case of the all share indices, the reallocation period of the Wilshire 5000 

Index is one month. For CDAX, a company will be added to the index one day after it is 

first included in the Prime Standard, General Standard or Scale segments of Xetra, while 

deletion is performed after market closure on the day the firm was last listed.  
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V. Conclusion 

 

The results of this paper can be divided in two parts. Firstly, the statistical properties of 

the cryptocurrency sector support the stylised facts of the traditional asset returns: heavy 

and long tails, negative skewness and volatility clustering. The correlation between the 

indices over the period from January 2018 to May 2021 is significantly positive. 

Comparing the performance of the two sectors shows that the CC sector largely dominates 

the stock markets in terms of cumulative returns of their respective indices. The CC 

indices CRIX and TMI are also far more volatile than the equity indices under review 

(DAX, CDAX, S&P 500 and Wilshire 5000), with a mean annualised volatility of 71%, 

compared to 18-19% for the German and U.S. equity indices. This is true although the 

CC indices contain stablecoins that are pegged to other assets and whose price hardly 

varies around one.  

The second part of the study links the previous findings to the index methodology: 

in order to palliate to the frequently changing CC sector, there are technical differences 

between the equity and CC indices. The main one lies in the dynamic structure of CRIX, 

which has a variable number of constituents that is determined by AIC. Further, it is a 

monthly rebalanced index, with a quarterly review of the number of components. This 

allows to react with more flexibility and more rapidly to changes in the CC market 

structure. Similarities can also be found, as all indices use a market capitalisation-

weighting method and a revised Laspeyres formula for their calculation. 
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