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ABSTRACT  

Title of thesis: Application of the Fama French 3-Factor model to the cryptocurrency and 

token markets 

Author: Diana Mara Costa Coelho 

This study investigates the ability of the Fama French 3-Factor model in predicting the 

returns of the cryptocurrency and token markets. The dataset is comprised of 30 

cryptocurrencies and 30 tokens with a timeframe starting at 13th of November 2018 and 

finishing on the 15 of May 2020. In accordance to the methodology stablished in the original 

study, this analysis creates 6 portfolios based on the market capitalization and network to 

value transaction ratio in order to create the size and profitability factors, being followed by 

the creation of the 25 portfolios based on the same characteristics to analyse the behaviour of 

the model across different scenarios. The results for the cryptocurrency market show low 

prediction power, with all of the model’s factors not being significant in the cross-sectional 

regression. Moreover, the results in the token market show a high correlation across the size 

and profitability factors which made the analysis on this segment to follow an adapted 

version of what was performed for the cryptocurrency market. The size and profitability 

factors were analysed separately, and the results show an even lower prediction power 

compared to cryptocurrencies.  

Keywords: cryptocurrency, token, Fama French 3-factor model 
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RESUMO 

Título: Aplicação do modelo Fama French de 3 fatores no mercado de criptomoedas e tokens 

Autor: Diana Mara Costa Coelho 

Este estudo investiga a capacidade do modelo Fama French de 3 fatores em prever os 

retornos dos mercados de criptomoedas e tokens. O conjunto de dados é composto por 30 

criptomoedas e 30 tokens com prazo de 13 de novembro de 2018 a 15 de maio de 2020. De 

acordo com a metodologia estabelecida no estudo original, essa análise cria 6 portfólios com 

base na capitalização de mercado e relação de valor da transação da rede para criar fatores de 

tamanho e rentabilidade, seguida pela criação de 25 portfólios com base nas mesmas 

características para analisar o comportamento do modelo em diferentes cenários. Os 

resultados para o mercado de criptomoedas mostram baixo poder de previsão, com todos os 

fatores do modelo não sendo significativos na regressão transversal. Além disso, os 

resultados no mercado de tokens mostram uma alta correlação entre os fatores de tamanho e 

rentabilidade que fizeram a análise desse segmento seguir uma versão adaptada do que foi 

realizado para o mercado de criptomoedas. Os fatores de tamanho e rentabilidade foram 

analisados separadamente e os resultados mostram um poder de previsão ainda menor em 

comparação às criptomoedas. 

Palavras chave: criptomoeada, token, modelo Fama French de 3 fatores  
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1 INTRODUCTION 

Despite its brief history, the cryptocurrency market has caused a huge turmoil in the 

financial world as it represents a revolutionary approach for a safe and dynamic financial 

system without any form of regulatory control from governments. The use of the disruptive 

blockchain technology allows cryptocurrencies to function without a regulatory central 

agency while transactions are safely performed due to the proof of work mechanism. 

Moreover, smart contracts created in the blockchain environment offer companies a new 

alternative in raising funds that has shown incredible potential.  

The technology immediately attracted virtual currency enthusiasts due to its 

transparency and immutability which protected transactions against tampering and allowing a 

decentralised financial system. However, despite being revolutionary, Bitcoin did not have an 

immediate impact on the global landscape as the financial system was still dealing with the 

aftermath of the 2008 crisis. When markets started showing signs of improvement, investors 

had lost confidence on the mainstream financial institutions and wanted to protect their 

investments against the next downfall. In this scenario, Bitcoin was seen as a promising 

investment. Its innovative technology had potential applications beyond the financial system 

and its value was not subject to the fluctuations in the traditional market. 

Soon after Bitcoin started gaining momentum, new crypto coins were created using 

the same technology and the market for cryptocurrencies developed massively with around 

2400 altcoins1 available by January 20202. However, differently from Bitcoin, some of the 

new altcoins also had its own blockchain platform, which allowed for the easy development 

and execution of smart contracts. This enabled companies to raise funds through initial coin 

offerings (ICO), which works almost in the same way as an IPO. In an ICO, the company 

gives tokens in exchange for investment. Albeit being considered cryptocurrencies, the 

tokens do not hold value outside its platform and its utility depends on what the owner of the 

ICO decides. 

Differently from the IPO, an ICO is considerably easier to perform. There is no 

regulatory oversight and checks on the company’s record and credibility, as long the 

company provides a white paper3 to back up its project it is deemed valid to perform an ICO. 

This makes it an extremely risky investment, as no guarantee are given besides the word of 

 
1 Altcoin is an umbrella term to all other cryptocurrencies except Bitcoin. 
2 According to the data available on https://coinmarketcap.com/. Accessed on 15/05/2020 
3 A white paper is a document that outlines what problem is the business trying to solve and how does it plan in 
achieving its goals 

https://coinmarketcap.com/
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the company performing it. Nonetheless, ICOs attracted a lot of attention from investors 

raising around $11.4 billion in 2018 alone (Pozzi, 2019). As an example, the BAT (Basic 

Attention Token) ICO was able to raise $35 million selling all its available tokens in less than 

30 seconds and the Filecoin ICO, considered to be the biggest one so far, raised $257 

millions in only a month of activity.  

However, the growth for cryptocurrencies and tokens was also marked by incredibly 

high volatility that led to extremely bearish scenarios such as the Bitcoin crash in 2013, when 

the price went from $1150 in November to less than half of it in December and only four 

years later would Bitcoin’s price surpass $1000 again. The crypto market suffered another 

strong crash in 2019 in which the market capitalization of the sector went from $830 billions 

in January to only $280 billions in February of the same year (Wu, Wheatley, & Sornette, 

2018).  

 Alongside the extreme crashes, the market has also experienced a series of hacks that 

put the trust of investors in jeopardy. In 2011, Mt. Gox, one of the main Bitcoin exchanges at 

the time, suffered a massive attack in which the hackers artificially dropped the price of 

Bitcoin in the exchange from $17 to $0,01. The hacker bought around 2600BTC at the 

artificial price and leaked the usernames and hashed passwords of the investors on the 

internet. The token market was also affected by similar events, in June 2016 around $70 

million were stolen from the DAO, which was supposed to work as a venture capital fund 

using smart contracts. Even though it was possible to retrieve the money to investors, the 

hack caused people to lose its confidence in the project which led to its failure. 

These events raised concerns on the speculative nature of cryptocurrencies as it is not 

yet understood what the main drivers of their prices are and how does the pricing of this new 

type of financial asset behave under different conditions. Moreover, there are not many 

studies on the pricing of cryptocurrencies and even less attention is dedicated to analysing 

tokens besides the returns of the ICOs. Having that in mind and inspired by the research of 

Fama and French (1993), this work aims to analyse the suitability of Fam and French three-

factor model (1993) in predicting the returns of both cryptocurrencies and tokens. 

Furthermore, this work also aims to analyse the differences on the fitting of the model 

between them.  

Due to the different nature of cryptocurrencies and tokens, the original model was 

adapted and instead of determining the high minus low (HML) factor using the book-to-

market ratio this work applies an network to value transaction ratio which takes into account 

the size of the coins according to their market capitalization and its network value to 
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transactions which, similarly to the book-to-market ratio, it is a way to gauge the under or 

overvaluation of the assets considered in this work. 

2 LITERATURE REVIEW 

2.1 Blockchain 
The concept of cryptocurrency is still very recent, its first appearance was only in 

2008 with Bitcoin. The creator Satoshi Nakamoto (whose real identity is unknown up to this 

day) was trying to develop a decentralized digital cash system after many previous failed 

attempts by others in creating digital cash without a centralized body. At the end of 2008, 

Nakamoto announced the success of his work using the innovative and disruptive blockchain 

technology and Bitcoin was launched in January 2009.  

The blockchain technology in which the cryptocurrencies are based in is essentially a 

tamper-resistant database of transactions across a large number of nodes (Beck, 2018). The 

technology works by storing data into cryptographic blocks using a hash function which 

allows any size of information to be converted into a string of the same size. Bitcoin uses a 

SHA256 algorithm4 for hashing its transactions, however other altcoins use different 

algorithms. These blocks can be connected and hashed together, forming a structured called 

Merkle Tree and as long as the hash at the root is known, it is possible to identify whether the 

data has been tampered or not.  

The system security is based on a proof of work mechanism in which the nodes5 of 

the network verify the validity of the transaction by checking if the hash of the data of the 

transaction performed is smaller than a set number. Only when consensus is achieved by the 

majority of the nodes the transaction is deemed valid and it is stored as a new block of data 

into the original hash that is then transmitted through the network. This check performed by 

the nodes makes the possibility of tampering any part of the original string of data almost 

impossible to conduct as any change would require a re-checking of the following blocks of 

transactions and that would all need to be concluded before the next block of data is added to 

the hash.  

The nodes that do the checks are called miners and after performing this procedure 

they are rewarded with units of the cryptocurrency of the network which incentives more 

people to join it and also increases the difficulty of the checks performed inside it. The 

 
4 SHA256 is a one-way cryptographic hashing algorithm that converts any data into a 256 bits string  
5 A node refers to any device that stores blocks of data of the blockchain network 
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calculations performed on the constant checking requires a huge amount of machine power 

and are actually fairly costly which further prohibits people from trying to tamper any 

transaction. Currently, if someone were to perform a 51% attack, which means taking control 

of the majority of the hashing in the network and therefore being able to exclude or modify 

the transactions at will, it would cost $16 billion in hardware cost alone plus the 219 million 

Kwh per day the attack would consume 6.  

2.2 Cryptocurrency 
Cryptocurrencies are an internet based medium of exchange based on the blockchain 

technology and work in the same way as fiat currencies7 without the centralized body. 

Investors can even create digital wallets8 in which they can store their coins and are able to 

perform any financial transaction with it. Some altcoins also have some special 

characteristics such as Ether that can also be used to fuel the transactions that happen inside 

Ethereum and NEO, in which owners earns dividends on the amount they have stored in their 

wallets and the transactions made inside the network are paid with those dividends.  

Not many studies have been conducted regarding the behaviour of cryptocurrency 

returns so far, however Urquhart (2016) was the first to suggest that the market is inefficient 

being later supported by Nadarajah and Chu (2017) and Tiwari et al. (2018). This implies that 

the market does not follow a random walk and therefore it is possible to analyse which 

factors have predictive powers. Nonetheless, considering that the crypto market is still very 

recent it can be considered to be still in development so it is possible that this observed 

inefficiency may change in the next years as the crypto market matures. 

In order to assess the influencing factors on the behaviour of the cryptocurrency 

market it is important to understand whether it behaves as a currency or commodity. In a 

study conducted by (Dyhrberg, 2016) Bitcoin was compared against gold and the US dollar 

using GARCH9 models and the conclusion shows that most of its aspects react similarly to 

gold. Furthermore, the crypto also possess hedging capabilities, react symmetrically to 

positive and negative news and the mining process supposedly mimics the production costs 

seem in precious metals. Baek and Elbeck (2014) go even further suggesting that crypto 

should be treated as a speculative commodity rather than a currency. Although, given it still 

 
6 Data available at https://gobitcoin.io/tools/cost-51-attack/. Accessed on 05/02/20 
7 Fiat currencies refers to a govern issued currency – or groups of governments- ex: EURO 
8 Digital software that stores private and public keys and interact with a multitude of blockchain to enable its 
users to perform financial transactions and monitor their account balance. 
9 GARCH is a statistical model to analyse financial time series data 

https://gobitcoin.io/tools/cost-51-attack/
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have some fiat currency characteristics as well, Selgin (2014) suggests cryptocurrencies are a 

special new category called synthetic commodity money. 

The current existing literature shows that volatility, volume and the returns for the previous 

two days are considerable drivers of the attention on the cryptocurrencies which translates as 

an effect on the price (Urquhart, 2018). Moreover, the number of tweets also seems to have 

an impact on the market (Shen et al., 2019) alongside uncertainties in the economic policy 

(Demir et al., 2018). The crypto market does not seen to be influenced by economic factors at 

all (Baek & Elbeck, 2014) and prices seen to react mostly to market sentiments (Dwyer, 

2014; Shiller, 2005; Weber, 2014) which explains the instability experienced since its 

conception.  

In the traditional financial market, the momentum strategy has been shown to have 

strong power in predicting returns, however this effect does not seem to hold for the digital 

market as according to Grobys and Sapkota (2019) it has no persistent momentum effect. 

Moreover, empirical testing shows that coins with smaller market capitalization have better 

profits than the ones with bigger capitalization (Zainuddin, 2020), which implies the presence 

of a size effect such as the one described in Banz’s (1981) work. 

This opens the possibility of testing an adapted version of the Fama and French three-

factor model (1993) in which the high minus low factor is substituted for an equivalent 

assessing metric that works for cryptocurrencies, the network to value transaction ratio (NVT 

ratio). The purpose of this work is then to test the applicability of a modified version of the 

Fama and French 3-factor model (1993) in predicting the returns of cryptocurrencies.  

2.3 Tokens 
Besides the use of blockchain for digital currencies, the technology also allowed the 

creation of smart contracts. The concept was first introduced by Nick Szabo in 1994, when he 

realized that any decentralised ledger could be used as a self-executable contract (Pratap, 

2018). In these contracts, one can completely bypass the middleman as this type of contracts 

can automatically execute whatever is agreed on as long as the requested criteria are met, also 

its proper execution is enforced by the consensus mechanism. Albeit its conception a few 

decades ago, only now with the rise of cryptocurrencies and specially with the creation of the 

Ethereum platform that smart contracts are starting to grow in many different sectors.  

In 2015 Vitalin Buterik created Ethereum, the first platform for blockchain, that 

similarly to Bitcoin had its cash system called Ether but it went beyond by allowing the 

creation and execution of any application in blockchain by using a Turing complete 
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language10. This was a breakthrough as it provided an environment for developers to 

experiment with the potential applications of blockchain technology (Egbertsen, Hardeman, 

Hoven, Kolk, & Rijsewijk, 2016). Following Ethereum, many other platforms were created, 

such as Ripple and EOS, however until today the most utilized protocol for the development 

of tokens is still Ethereum’s ERC-20 (Saini, 2018). 

Taking advantage of the potential uses of blockchain, businesses started using smart 

contracts to raise capital to fund their projects through initial coin offerings (ICOs) (Adhami, 

Giudici, & Martinazzi, 2018). The first ICO ever performed was for a digital currency and 

communications protocol platform called Mastercoin which raised $3.15 million in 2013. 

Since then, ICOs have become an increasingly popular crowdfunding method being able to 

raise around $800 million in less than thirty-five ICOs in January 2018 alone (Preston, 2018). 

However, the crypto winter at the end of 2018 caused countless tokens to become 

almost worthless. Moreover, a study published by the Satis Group stating that more than two-

thirds of the ICOs were scams - although the vast majority of the money invested went to real 

projects - raised serious concerns about the credibility of this market. This had a severe 

impact on the ICO market, which at November of 2018 had raised only $0.36 billion out of 

the $11.8 billions raised during the year, being the worst result since May 2017 (Pozzi, 2019). 

The market has been stagnant since this period, however the 6th ICO report published by PwC 

and Crypto Valley Association, suggests that it is actually experiencing a maturing phase in 

which there is a progressive institutionalization of ICOs as a crowdfunding instrument with 

an increase in quality projects.   

This maturing process is followed by an increase on the number of security token 

offerings (STO) and initial exchange offerings (IEO) whilst ICO figures steadily decrease. In 

an STO, the token is legally considered as an actual security and the checks performed in the 

IPO are also applied in this process. The IEO, on the other hand, has the exchange house 

taking the major role of picking the most promising and viable projects to launch in its 

platform, it also allows other types of token to be used. Those new modalities were developed 

as a way to protect the investors against the many fraudulent projects. 

In an ICO (or STO, or IEO), a company sells tokens of the application at a pre-

specified price to investors that can either pay with fiat or cryptocurrencies. A token refers to 

a representation of a particular asset or utility inside a system and its concept is constantly 

utilized in everyday life; a store’s loyalty card, casino chips are all examples of a token. In 

 
10 A Turing complete language refers to a programming language in which any kind of program can be written 
to solve any computational problem 
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the context of the cryptocurrency market, a token represents a unit of value that a company 

creates to enable users to interact with its products while it facilitates the distribution of 

rewards and benefits amongst all stakeholders (Mougayar, 2017). 

Those tokens can have different properties depending on what the developer chooses, 

according to the Swiss Financial Market Supervisory Authority (FINMA) there are currently 

four main types: security tokens, considered in legal terms in the same way as traditional 

securities; Equity tokens that work in the same way as a normal stock, although due to the 

lack of regulation, it is hard to define what is legal and what is not; Utility tokens that provide 

access to the either a product or a service, also not a very common type as investors are 

expecting to make gains on the investment and payment tokens that are used only to pay for 

goods and services within the application. Tokens can also have the characteristics of more 

than one type and are called hybrid tokens in those cases. 

A clear parallel can be drawn between traditional stocks and tokens, as both are used 

as a way to raise funds for a specific project, their value is tied to the company that has issued 

them and investors are enticed to invest on them according to the prospects of their returns. 

Furthermore, security and equity tokens are also subjected to regulatory oversight. Even 

many utility tokens are actually securities in disguise as they meet all the criteria on the 

Howey test11 and are actually labelled as utility to avoid the regulation ("What Are Utility 

Tokens, And How Will They Be Regulated? – SFOX Edge", 2018). In a recent case, SEC 

filed a complaint against Telegram alleging that its token is an unlicensed security as 

Telegram classified it as a utility token in its ICO. It is clearly a blurry line, however for 

investment purposes, most tokens behave as actual securities. Even traditional financial assets 

are being tokenized to take advantage of the flexibility the digital environment provides as 

seen on the news of Apple, Facebook and Tesla stocks being available as ERC-2012 tokens in 

the Ethereum platform in January 2019. 

Currently the only research conducted in the field of pricing of crypto tokens was 

regarding the underpricing tokens experience during ICOs, similar to what happens in IPOs 

in the traditional financial market. However, given the many similarities between traditional 

shares and tokens this study aims to analyse the suitability of applying the Fama and French 

(1993) 3-factor model to predict the returns on tokens. In the analysis performed in this work, 

 
11 The Howey test was created in 1946 to determine whether a transaction is classified as an investment. In case 
of crypto, SEC stablishes the use of this test to assess whether a token is a security or not 
12 ERC-20 refers to the technical standards and rules all smart contracts within the Ethereum platform must 
follow 
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stablecoins13 such as tether are not taken into consideration as they are a virtual 

representation of a traditional financial asset and therefore its returns are not the focus of this 

analysis. 

2.4 Portfolio Theory 

 The idea of portfolio diversification is not particularly new, in 1660 Torriano already 

mentioned the existence of the idiom of “not keeping all the eggs in one basket” in his work 

called Piazza universal de proverbi italiani. Centuries later, Markowitz (1952) and Tobin 

(1958) laid what is considered today the fundamental concepts of asset pricing theory by 

creating the mean-variance model and the concept of diversification in which investors can 

decrease their exposure to specific risk through the diversification of their portfolios. Adding 

to their work, Sharpe (1964), Lintner (1965) and Black (1972) developed the capital asset 

pricing model (CAPM) by demonstrating that the market portfolio of all risky assets must be 

mean-variance efficient therefore allowing for a testable relationship between expected return 

and risk, this relationship is expressed by the CAPM formula in equation 1.  

 

 𝐸(𝑅𝑖) − 𝑅𝑓 =  𝛽𝑖,𝑚(𝐸(𝑅𝑚) − 𝑅𝑓) (1) 

 

 In which 𝐸(𝑅𝑖) − 𝑅𝑓 is the excess return on a portfolio i, 𝐸(𝑅𝑚) − 𝑅𝑓 is the excess 

return of the market portfolio and 𝑅𝑓 is the risk-free rate. By analysing the equation for 

CAPM it can be noticed that the returns on a given portfolio relies on the risk-free rate and 

the beta coefficient, which is a measure of the volatility of the portfolio compared to the 

market (Fama and French, 1992). However, this model has been strongly criticized 

throughout the years as it assumes investors only care about mean and variance of the returns 

and that they only plan one period ahead which suggests either a quadratic utility function 

with the property of increasing absolute risk aversion or that individual risk assets are 

multivariate normal (Levy, 2006), which are both violated in practice (Harvey et al (2000)). 

CAPM’s relevance was summarized by Fama and French (2000) and despite many authors 

trying to improve on this model’s predictions, its empirical record remains very poor (Friend 

and Blume,1970) (Fama and French,1992). It is not very clear if the model's empirical failure 

is due to its controversial assumptions (Levy and Solomon 2000) or to its implementation 

(Fama and French, 2004), nonetheless researchers have identified misspecifications in the 

CAPM and many have found additional factors to be significant in explaining expected stock 
 

13 Stablecoins are a type of cryptocurrency whose value is pegged into another asset. 
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returns (Banz, 1981) (Chan et al 1991). 

 Straying from attempts to loosen the CAPM's assumptions as in (Black, 1972), Ross, 

based on the lack of arbitrage opportunities and the law of one price, created a new model 

known as the Arbitrage Pricing Theory (APT) in 1976. The APT model is a multi-factor 

model that links the returns linearly to the factor loadings and therefore allows for multiple 

sources of systematic risk to be factored into the model, and its strength resides in allowing 

the addition of any number of factors that explain returns within a particular sample 

differently to the CAPM  (Groenewold and Fraser, 1997).  However, Ross (1976) highlights 

the importance of choosing economically meaningful factors. The APT theory can be 

expressed through equation 2. 

 
𝐸(𝑅𝑖) =  𝑅𝑓 + ∑ 𝛽𝑖𝑗𝜆𝑗

𝑁

𝑗=𝑖

 (2) 

 In which 𝜆𝑗is the risk premium investors demand for the risk they are taking and 𝛽𝑖𝑗 is 

the sensitivity of asset i to the market. 

In the 1980's, researchers started to realize that other factors could help explain 

expected stock returns besides the market portfolio used in the CAPM. For example, 

Lakonishok (1991) suggests that BE/ME ratios have a strong significance in explaining the 

cross-section of average returns on the Japanese stock market and Basu (1983) finds that the 

E/P ratio has a significant power in explaining the cross section of average returns on the 

U.S. market. Furthermore, Berk (1995) further reinforces the importance of a firm's size, 

which is determined by its market capitalization, in explaining cross-sectional stock returns. 

Following the idea that other factors could also explain returns, Fama and French 

(1993) proposed a three-factor model in which they show that both the market value of a firm 

(size) and the book-to-market ratio have a high predictive power in the stock returns that are 

not captured by the market premium in the CAPM. Thus, the Fama-French model can be 

considered as an extension of the CAPM, in which two additional factors that should be 

priced according to the APT (1976), are added. Fama and French also mention that their 

model captures evidence for a "distress premium", although without providing an explanation 

on why such a premium should be priced in the first place. Some authors suggest that the 

result obtained by Fama and French is a product of survivor bias (Kothari et al.1995) and data 

snooping (Black,1993). However, regardless of the controversies, many other studies 

confirmed the results presented by Fama and French, not just on the U.S. stocks, but also in 

other international markets such in the Italian Stock Exchange (Aleati et al.,2000), Indian 
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stock market (Connor et al.,2001), Australian stock market (Faff,2001). Moreover, Cochrane 

(2005) states that near arbitrage opportunities would arise if the Fama and French model did 

not hold. 

In 1981 Banz noticed the existence of a size effect on stock returns as companies with 

small capitalisation usually outperformed the ones with big capitalisation on the American 

market. He assumed that this effect was due to the asymmetrical information between small 

and big firms and therefore, the higher returns obtained by small firms’ stocks were cause by 

information deficit. Moreover, the size factor is considered as a measure of profitability as 

smaller stocks yield higher expected return after controlling to book-to-market ratio, and the 

latter is associated with financial distress problems which is signalled when the BE/ME ratio 

is high. Fama and French (2004) also point out that momentum could be linked with stock 

returns which was explored by Carhart in 1997. 

The Fama and French (1993) model passes both stages of the Friedman (1953) tests 

which clarifies the controversy regarding the choice of factors based on previous knowledge 

of their data, and the fact that the factors have some economic intuition behind them further 

reinforces their model. The model implies a linear relationship between returns and the 

factors which can be expressed as it is shown in equation 3. 

 

 𝐸(𝑅𝑖) − 𝑅𝑓 =  𝛽(𝐸(𝑅𝑚) − 𝑅𝑓) + 𝑆𝑖𝐸(𝑆𝑀𝐵) + 𝐻𝑖𝐸(𝐻𝑀𝐿) (3) 

   

In which SMB is the difference between the return on a portfolio of small stocks and 

a portfolio of large stocks (Small Minus Big), HML is the difference between the return on a 

portfolio of high book-to-market ratio and a portfolio of low book-to market stocks (High 

Minus Low) and the factor loadings are 𝛽, 𝑆𝑖 and 𝐻𝑖 while the rest of the terms are identical 

to those of the CAPM. 

In the work of Fama and French (1993), 6 portfolios are created according to the 

market capitalization and book to market ratio. However, in the case of coins and tokens, 

there is no way of calculating the book to market ratio as this new type of asset has no 

income such as traditional companies nor is it backed by a central bank or government such 

as fiat currencies. Given that the book to market ratio is used in the original model to assess 

whether a stock is over or undervalued, it can be substituted for an equivalent metric that can 

actually be estimated for cryptocurrencies such as the Network Value to Transaction 

(Vlastelica, 2017|).  
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The NVT ratio was conceptualized by Woo and Chris Burniske who were based on 

the idea that in traditional companies its utility is given its earnings and therefore for 

cryptocurrencies its utility would be given by its ability to move money. Considering this 

idea, the metric aims to measure the efficiency of cryptocurrencies as a medium of exchange 

and the ratio is calculated by dividing the market capitalization of the coin or token by the 

transaction volume on a given day following the same logic as the PE ratio (Vlastelica, 

2017).  

A high NVT ratio indicates that the currency is expensive in relation to its actual transaction 

value which can indicate market optimism or overvaluation and similarly, a low ratio 

indicates either a pessimistic view from the market or undervaluation. Due to its similar 

interpretation to the PE ratio, the NVT metric is often considered a PE for the crypto market 

and is commonly used by analysts in the sector (Vlastelica, 2017). However, the metric is not 

a perfect measure as the transaction volume is actually hard to properly quantify ("On the 

difficulty of estimating on-chain transaction volume", 2018) and the market capitalization is a 

flawed indicator of the size ("Market Cap: A Flawed Ranking System for Valuing Crypto | 

Op-Ed Bitcoin News", 2019). Despite its flaws it is still a straight forward way to analyse the 

price of different coins and tokens that is heavily adopted by the market (De Pace & Rao, 

2020). 

3 RESEARCH HYPOTHESIS 

Currently the literature on asset pricing models for cryptocurrencies is extremely scarce, 

with the vast majority of an already small group of studies dedicating their attention to 

Bitcoin and sometimes Ethereum and Ripple. However, the entire crypto market has reached 

by May 2020 a market capitalization of $243 billions with altcoins alone being responsible 

for $80 billions of this value14. Considering its growing popularity, the size of the crypto 

market is expected to keep increasing and therefore it is utmost necessary to analyse whether 

the existing pricing models are useful in predicting the returns in this new sector or its 

incredible volatile nature and fast paced dynamic required a new approach that better account 

for those factors than the traditional models.  

Furthermore, the cryptocurrency market does not consist of only altcoins and Bitcoin. 

Tokens have also gained immense popularity in the recent years, becoming a common source 

 
14 According to TradingView, “Cryptocurrency Market”, 

https://uk.tradingview.com/markets/cryptocurrencies/global-charts/. Accessed on 05/05/20. 

https://uk.tradingview.com/markets/cryptocurrencies/global-charts/
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of funding for companies nowadays and raising impressive amounts in a very short time 

spam through ICOs. As the token market increases and matures, tokens are getting 

increasingly more similar to traditional stocks and even its regulations converge towards the 

same path, hence the shift from ICOs to STOs and IEOs. However, despite its increasing 

popularity, no research was ever conducted regarding its pricing after the ICO stage and 

neither was the differences in their prices compared to the altcoins such as Bitcoin and 

Ethereum.  

With those considerations in mind, this work can be summarized into three main 

hypotheses  

H1 – There is a size effect and profitability premia represented, respectively, by the SMB 

and HML factors in the cryptocurrency and token markets, as described in the Fama and 

French model (1993) 

H2 – The 3-factor Fama and French model (1993) outperforms the CAPM model in 

predicting the returns of cryptocurrency and token market 

H3 – The average mean R2 of the 3-factor Fama and French model (1993) in the 

cryptocurrency and token markets is similar to what is obtained in the original study 

4 DATA AND METHODOLOGY 

The data used in this work was all obtained from CoinGecko.com, which is currently one of 

the largest crypto data providers ("Best Crypto APIs for Developers", 2019) that still provide 

free access to its API, it also offers data on volume, price and market capitalization on both 

cryptocurrencies and tokens. The list with all the cryptocurrencies and tokens used in this 

study is available in Appendix 1. The risk free used on this project was the T-bill yield 

obtained in the U.S Department of Treasury website which is also used in Fama and French’s 

(1993) work. In total, 30 coins and 30 tokens are being used in this analysis, with a timeframe 

from 13th November 2018 to 15th May 2020. The timeframe selected is short due to the fact 

that both the token and cryptocurrency markets are very recent and therefore very few tokens 

and cryptocurrencies are old enough therefore a bigger timeframe would imply in a much 

smaller sample size. Each asset group was calculated separately in order to analyse the fit of 

the Fama and French model in each case.   
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4.1 Factors Construction 

4.1.1 Market Factor  
The market factor is proxied by the CRIX index, which was created by Humbolt 

University in Berlin with the purpose of representing the cryptocurrency market movements 

as accurately as possible. It follows an adapted version of the Laspeyres construction in 

which the market capitalization is utilized instead of the price and amount. Each component 

of the index is weighted according to its market capitalization. Furthermore, the index uses a 

AIC15 and BIC16 criteria to determine the number of constituents in the basket which is 

reviewed on a monthly basis to account for the fast pace changes in this sector (Trimborn & 

Härdle, 2018).  

4.1.2 Small minus Big (SMB) and High minus Low portfolios (HML) 
The SMB and HML factors available on French’s website are estimated using a 

sample of common stocks in which the effects of companies with smaller market 

capitalization outperforming the one with bigger capitalization and firms with high book to 

market ratio performing better than the ones with low book to market are already proven and 

well known and well known in the market. These effects are not yet studied for the 

cryptocurrency market and therefore applying those factors could lead to wrong results about 

the fit of the model. Therefore, in order to properly analyse the model and the significance of 

its explanatory variables in predicting the returns for this type of assets, it was decided to 

calculate manually the factors following the guidelines provided in Fama and French’s 

(1993) work and using data from the crypto market. 

Following the framework stablish by Fama and French (1993), the coins and tokens in 

which the market capitalization is above the 90th percentile are considered to have large 

capitalization while the bottom 10th percentile is classified as small capitalization. 

Afterwards, each group is further divided into 3 quantiles based on the NVT ratio, the bottom 

30th quantile is classified as low (called value in their work), the ones between 30th and 70th 

quantiles are considered neutral and the rest above the 70th quantile is considered high (called 

growth in their paper). The six portfolios are then created through the intersection of for those 

factors which generates the following combinations: S/L, S/M, S/H, B/L, B/M and B/H. 

The SMB factor is then determined by calculating the average return of the three small 

portfolios (S/L, S/M, S/H) minus the average return of the three big portfolios (B/L, B/M, 

 
15 Akaike Information Criterion (AIC) compares the quality of a set of statistical models to each other 
16 Bayesian Information Criterion (BIC) is a criterion for model selection among a finite set of models 



 14 

B/H). The HML factor follows the same fashion, the average return of the two high portfolios 

(S/H, B/H) minus the average return of the two low portfolios (S/L, B/L). The returns for 

SMB and HML factors are given by formula 4 and 5. 

According to Fama and French (1993), the portfolios are constructed in July of t year 

and its returns are calculated until June of t+1 year, afterwards they are reconstructed to adapt 

to changes in the markets. However, given the fact the analysed period is considerably short 

and the cryptocurrency market changes at a very fast pace, the portfolios were updated on a 

daily basis and daily value weight returns were utilized instead of monthly returns.  

4.2 Model 

The returns of a portfolio can be estimated using an adapted version of the CAPM 

model showed in equation 3 in the literature review. In this study, the model is applied to the 

intersection of 5x5 portfolios created based on the quintiles of the market capitalization and 

NVT ratio, following the approach described on Fama and French’s (1993) work. Each 

analysis is performed separately for tokens and cryptocurrencies. 

 

𝐸(𝑅𝑠) − 𝑅𝑓 = 𝛽𝑀𝐾𝑇 ∗ (𝐸(𝑅𝑀𝑘𝑡) − 𝑅𝑓) + 𝛽𝑆𝑀𝐵 ∗ 𝐸(𝑅𝑆𝑀𝐵) + 𝛽𝐻𝑀𝐿 ∗ 𝐸(𝑅𝐻𝑀𝐿) + 𝜀 (4) 

 

In which: 

𝐸(𝑅𝑀𝐾𝑇) − 𝑅𝑓 – Market risk premium 

𝑅𝑓 – Risk free  

𝛽𝑀𝐾𝑇 – Market beta 

𝛽𝑆𝑀𝐵 – Beta for small minus big portfolio 

𝛽𝐻𝑀𝐿 – Beta for high minus low portfolio 

𝐸(𝑅𝑀𝐾𝑇) – Expected return of the market portfolio 

𝐸(𝑅𝑆𝑀𝐵) – Expected return of small minus big portfolio 

𝐸(𝑅𝐻𝑀𝐿) – Expected return of high minus low portfolio 

𝜀 – Error term 

 The R2 diagnosis obtained in the regression analysis indicates the quality of the fit of 

the model. The close it is to 1, the best if the model the reflect the reality of the returns 

studied. The ANOVA test also further helps to understand how much in model is actually 

explained by the variables present. The significance level is measured by the p-value and the 

level is set to be 5% as it is used in the vast majority of the studies. Another element 

considered in this analysis is the Gibbons Ross Shanken (GRS) F test, which, alongside the p-
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value, is used to test the if the model’s intercept values for all the regressions done are jointly 

equal to zero which indicates the efficiency of the model.  

 Furthermore, the results obtained for the variables included (SMB and HML) will also 

be checked with the same methodology as the one was performed for the entire model to 

observe whether small sized assets perform better than big sized assets in the same it happens 

in the stock markets and whether coins and tokens with high NVT ratio outperform  the ones 

with low ratio as it also observed in the market. 

5 RESULTS – PRESENTATION AND ANALYSIS 

This chapter will discuss the characteristics of the elements in the different samples 

analysed, using their respective descriptive statistics in order to better understand the data 

being used to test the Fama and French model (1993). Moreover, the results of the regression 

analysis are also discussed and compared against each type of asset and in order to better 

assess the model fit, a comparison with the CAPM model is also made. 

5.1 Cryptocurrency  

5.1.1 Factor Analysis 
 The first analysis is performed on the Fama and French (1993) factors to understand 

their nature and whether it is in accordance with what is stated on the original work. The 

summary statistics listed on Table 1 show that the mean return for the SMB factor was 

positive but not significantly different from zero at the 5% level, according to a two-tailed t-

test. Moreover, the mean return for the HML factor is negative and the mean is also not 

significantly different from zero at the 5% level. At a first look, these results do not indicate 

the existence of both a size effect and a profitability premium as described in Fama French’s 

work. 

Moreover, both SMB and HML factors show medium skew (between 0.5 and 1) with 

very high kurtosis (>3) which is very close to what is also observed on the factors provided 

by the Fama and French website for the same time period. This indicates the distribution of 

the factors calculated for the crypto market follows a close pattern to what is observed on the 

traditional stock market. However, the factors for the cryptocurrencies have a higher standard 

deviation which implies that the crypto market has a higher volatility than the traditional 

market.  
Table 1 - Fama-French Factors Summary Statistics 

  Mean Stdev Skewness Kurtosis t value p-value 
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Mkt-Rf 0.18% 0.049 -0.620 9.692 0.741 0.459 
SMB  0.05% 0.027 0.685 5.996 0.374 0.785 
HML -0.45% 0.036 0.587 9.000 -2.535 0.011 

 

 Furthermore, another important element of the analysis is to check the correlation 

between the variables as it can severely impact the results obtained in the regression. A high 

correlation amongst any of the factors could lead to a high R2 which would be misleading as 

it is not a faithful representation of the sample analysed. According to the correlation table 

listed in Table 2, none of the factors have a high degree of correlation, with the highest value 

being between HML and Mkt-Rf factors at 0.076 which is low and also similar to the results 

obtained from the factors available at the Fama and French website. This means that the 

results obtained in the regression are actually representative of the relationship studied. 
Table 2 - Correlation Between Fama-French Factors 

 
Mkt-Rf SMB HML 

Mkt-Rf 1 
  

SMB -0.011 1 
 

HML 0.076 -0.063 1 

 

 Figure 1 shows the mean returns of the 6 portfolios created to calculate the SMB and 

HML factors. It can be clearly seen that there is no clear relationship between the returns of 

small portfolios and big portfolios which further reinforces what was already shown in the 

first analysis conducted in the crypto market factors, mentioned earlier in this work. 

Similarly, the relationship between the NVT ratio portfolios does not seem to follow any 

structure in both big and small portfolios, which also goes against what is described in the 

work of Fama and French (1993).  
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Figure 1 – Small vs big cap portfolios mean returns 

  

5.1.2 Cryptocurrencies Analysis 
 The descriptive statistics for all 25 crypto portfolios are available on Appendix 2 of 

this study. The vast majority of the portfolios have medium skew and high kurtosis, 

following what was observed on the SMB and HML factors in the previous section and 

therefore also have heavy tails which are toward the right side of the distribution graph. The 

maximum and minimum values are fairly extremes in each portfolio, which shows high 

volatility, which was also observed in the factors analysed before. 

 Figure 2 displays the relationship between volatility and mean returns of the 25 

portfolios analysed. As it can be seen, the portfolios with higher volatilities do not necessarily 

yield higher returns than the ones with lower volatility which is not in accordance to the 

expectation that the extra risk taken would result in higher returns. The minimum volatility 

observed in the sample is 4.35% which is considerably higher than the volatility of the 

S&P500 (1.78%) for the same period and it further shows how much more volatile the crypto 

market is compared to the traditional financial market. 

-0.6%

-0.4%

-0.2%

0.0%

0.2%

0.4%

0.6%

Small NVT Medium NVT Big NVT

Big

Small



 18 

Figure 2– Risk vs Returns 

  
 

After conducting the initial analysis on the descriptive statistics of the sample 

analysed, the time series regression was performed in order to check the fit of the Fama and 

French model (1993) in predicting the returns of the crypto market. According to the results 

available in Appendix 4, the average R2 of all the portfolios is 0.230 which is considered low 

as it implies that the model can explain, on average, only 23% of the results observed. 

Comparatively, the minimum R2 obtained in all regressions in Fama French’s (1993) work is 

0.82. Moreover, the result is higher than the average R2 obtained with the CAPM model 

which is 0.113 (available in Appendix 7). The mean alpha for the Fama-French model is -

0.001 and is worse than the result obtained with the CAPM model, which yields a mean alpha 

of -0.000001. The mean standard error is 0.058 for the Fama-French and 0.062 for the CAPM 

model. 

Table 3 shows the individual alphas for each portfolio, in which it can be observed 

that only portfolios P14, P15, P21, P22 and P32 have alphas that are significantly different 

from zero at the 5% level. A statistically significant alpha implies that those portfolios 

consistently have excess returns not captured in what is predicted by the model and it is not 

due to coincidence, therefore the results obtained show that the model has is not able to 

explain all the returns in some portfolios. Furthermore, both the Fama-French and CAPM 

models pass the GRS (1989) F-test at the 5% level, indicating that the sum of all intercepts is 

jointly equal to zero and therefore suggesting the model is able to capture the expected 

returns in all portfolios together. 
Table 3 - Individual alphas 
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Smallest 0.008* -0.007*** 0.001 0.000 -0.004 

2 -0.004 0.010** -0.008*** -0.001 0.001 

3 -0.001 0.000 -0.005* 0.002 -0.003 

4 -0.011*** -0.001 -0.004 0.001 0.000 

Biggest -0.006*** 0.001 -0.003 -0.001 0.001 
 Note: ***, **, * – significance at 1, 5 and 10% level. 
 

 Despite the lack of evidence of the size effect in the previous analysis, the results 

displayed in Appendix 4 show that the SMB factor is significantly different than zero at the 

5% level in 20 of the portfolios analysed which indicates that the factor has some significant 

explanatory power. The HML factor is significant at the 5% level in 16 portfolios, so even 

though the HML factor does not display a clear relationship with returns in the initial 

analysis, it also has a close predictive power to the SMB factor. The Mkt-Rf factor is also 

significant in 19 portfolios. It can be noticed that all factors in the model are statistically 

significant in the majority of the portfolios analysed. 

After the time series regression, the next stage of the analysis is running the Fama-

Mcbeth (1973) cross-sectional regression of the results obtained in the first part. In this part, 

the estimates are expressed in daily percentages for the model analysed. According to the 

results displayed in Table 4, none of the factors is statistically significant at any level. This 

implies that there is no significant premium associated with the factors analysed and therefore 

they fail to be able to predict returns across different portfolios. Furthermore, the Fama-

French model fails the F-test, suggesting that the factors are not a very fit into the model in 

the cross-sectional regression and suggesting that there are pricing errors embedded into it. 

The CAPM model also has no statistically significant factor and fails the F-test (Appendix 

9). 

 
Table 4 - Cross-sectional results for cryptocurrencies 

     
Variable Coefficient Std. Error t-Statistic Prob. 
     
α 0.003 0.005 0.588 0.563 
βMkt-Rf -0.003 0.005 -0.739 0.468 
βSMB 0.003 0.004 0.809 0.427 
βHML -0.001 0.003 -0.414 0.683 

     
R2 0.095     Mean dependent var 0.000 
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Adjusted R2 -0.035     S.D. dependent var 0.005 
S.E. of regression 0.005     Akaike info criterion -7.765 
Sum squared 
residual 0.000     Schwarz criterion -7.570 
Log likelihood 101.063     Hannan-Quinn criteri -7.711 
F-statistic 0.733     Durbin-Watson stat 2.625 
Prob(F-statistic) 0.544    

 

 

5.2 Tokens 

5.2.1 Factor Analysis 
 Same as is was done with the cryptocurrencies data, the Fama and French factors are 

the first analysis conduct to understand their behaviour and how that might impact the results 

obtained. Also, similarly to the cryptocurrency model, Table 5 shows that the SMB factor 

has a positive mean and, according to the T-test, it is significantly different from zero at the 

5% level which can indicate the existence of a size effect. The HML factor has a negative 

mean and it is also significantly different from zero at the 5% level as well, suggesting the 

lack of a profitability premia. HML shows the highest volatility across all of the factors. Both 

SMB and HML have high skew (>1) with HML showing a negative value, which means that 

the tail is situated on the left side of the distribution, both values are also similar to ones 

obtained with the Fama and French factors available at the website. However, the factors 

have lower kurtosis and much higher volatility than what is observed on the factors provided 

in the Fama and French’s website.  
Table 5 – Fama French Factors Summary Statistics 

 Mean Stdev Skewness Kurtosis t value p-value 
Mkt-Rf 0.18% 0.049 -0.620 9.692 0.741 0.459 
SMB  6.67% 0.160 1.265 1.555 8.277 <0.001 
HML -12.36% 0.222 -1.130 1.056 5.965 <0.001 

 

 

 It is also important to analyse the relationship across the different factors, to avoid a 

spurious relationship. Table 6 shows that SMB and HML factors have a significantly high 

correlation of -0.88, which can severely affect the time series regression results. In order to 

further assess the multicollinearity between the SMB and HML factors and their suitability to 

be used in the model analysed, it was necessary to calculate the variance inflation factor 

(VIF). The results yielded a VIF of 4.463 for HML, 4.527 for SMB and 1.032 for Mkt-Rf 
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which indicates a moderate (borderline high) multicollinearity between the SMB and HML 

factors. Due to this, the approach for tokens needed to be adapted as following the same 

methodology performed on cryptocurrencies will lead to serious mistakes and decrease the 

credibility of the results.   
Table 6 - Correlation Between Fama-French Factors 

  Mkt-Rf SMB HML 

Mkt-Rf 1 
  

SMB -0.163 1 
 

HML 0.112 -0.880 1 

 

 In Figure 3, it is possible to notice that similarly to what was observed on the 

cryptocurrencies analysis, there is no clear pattern that indicates the presence of a size effect 

or a profitability premia. The small market cap with small NVT portfolio has a much higher 

mean return than all the other portfolios but is not related to a size effect as it is not sustained 

on the other small portfolios. Both factors go against what is described in Fama and French’s 

(1993) work.   
Figure 3 - Small vs big cap portfolios mean returns 

  

5.2.2 Token Analysis 
The descriptive statistics for all 25 tokens portfolios are available in Appendix 3 of 

this study. The majority of portfolios have high skew and extremely high kurtosis which 

further suggests that the token market is marked by extreme scenarios both negative and 

positive. The minimum and maximum values for returns in the portfolios are also very 

extreme which indicates that the token market is incredibly volatile, considerably more than 

what is observed in the crypto market.   
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In Figure 4 is possible to analyse the relationship between the risk and returns on the 

25 portfolios considered in this analysis. The data shows that the majority of the portfolios 

are clustered in the same area, however some of the portfolios with higher volatility yield 

considerably higher returns which goes in accordance to the risk return trade off. Moreover, 

the minimum volatility observed is 5.20% and the highest is 108.77%, both much higher than 

what was obtained for the crypto market implying that the token market is considerably more 

volatile. 
Figure 4 – Risk vs Returns 

  
 The next step of the analysis is to perform the time series regression of the Fama and 

French model. However, given the high correlation detected between SMB and HML in the 

previous section of this work, the time series regression was performed separately for both 

factors in order to properly assess its results. Both regressions included the market factor as 

its correlation with either factor is low, and it does not affect the results obtained for the other 

factors. The regression with Mkt-Rf and SMB factor is referred as regression 1 and the one 

with Mkt-Rf and HML factor, as regression 2. 

According the results available at the Appendix 5 of this work, the mean R2 for 

regression 1 is equal to 0.070 and for regression 2 is 0.071, which are extremely low 

compared to the values obtained in Fama and French’s (1993) work and indicates that both 

models have almost no predictive power. The mean alpha is 0.014 and 0.004, respectively 

and the mean standard error is 0.262 and 0.261, also respectively. 

 Albeit the extremely low R2, the models analysed still performs better than the CAPM 

model which yields a R2 of only 0.003, a mean alpha of 0.045 and a slightly higher mean 

standard error at 0.278. Moreover, both models pass the GRS (1989) F-test alongside the 

CAPM model, which assumes that all intercepts (alphas) obtained in the regression are 
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jointly equal to zero, at the 5% level and therefore implies that there are no embedded errors 

in all models. 

 Table 7 shows that the alphas for regression 1 and Table 8 for regression 2. In the 

first regression, alpha is significantly different from zero at 5% level in 3 portfolios, 

indicating that the model is not able to completely explain the returns in the model in those 

portfolios. Similarly, the second regression shows that alpha is significantly different than 

zero in 4 portfolios. 
Table 7 - Individual Alphas Regression 1 

 Lowest 2 3 4 Highest 
Smallest -0.002 0.004 0.194*** 0.251*** -0.020 

2 0.003 0.009 0.016 0.077* -0.053 
3 0.002 0.000 0.005 -0.083*** -0.002 
4 -0.005 -0.001 -0.002 -0.011 -0.006 

Biggest -0.002 -0.003 -0.005 -0.006** 0.000 
 Note: ***, **, * – significance at 1, 5 and 10% level. 
 

Table 8 - Individual Alphas Regression 2 

 Lowest 2 3 4 Highest 
Smallest -0.002 0.002 0.182*** 0.198*** -0.088 

2 0.004 0.011* 0.018 0.041 -0.139*** 
3 -0.002 0.001 0.005 -0.098*** -0.005 
4 -0.006 -0.001 0.000 -0.010 -0.007 

Biggest -0.003 -0.003 -0.002 -0.004 -0.001 
Note: ***, **, * – significance at 1, 5 and 10% level. 

 

 The results also show that the SMB factor is significant at the 5% level only in 9 

portfolios in regression 1, which suggests that the size effect has very little predictive power 

in the model considered, as it is not a significant predictor is most portfolios. Following the 

same pattern, the HML factor is significant at the 5% level in only 7 portfolios in regression 2 

implying that, alongside the SMB factor, its predictive power is considerably weak. The 

market factor is significant at the 5% level only in 4 portfolios in both regressions. It can be 

noticed that all factors are not statically significant in most of the portfolios which is opposite 

to what was obtained in the cryptocurrency analysis. 

After running the time series regression, the next stage of the analysis is running the 

Fama-Macbeth (1973) cross-sectional regression of the results obtained in the first part in 

which the estimates are expressed in daily percentages for the model analysed. According to 

the results displayed in Table 9 for regression 1, both alpha and the market factor are not 
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significant at any level. The SMB factor is however significant to the 1% level, indicating 

that despite its weak results in the time series analysis, it has a risk premium and therefore is 

able to explain some of the difference in returns across the different portfolios. 

The results in Table 10 shows the results for regression 2, the HML factor is 

significantly different from zero at the 1% level, however all the market factor and alpha are 

not significant. This suggests that the HML factor has a risk premium and similar to the 

results in regression, is able to explain returns across the different portfolios. Moreover, the 

Fama-French model passes the F-test, suggesting that the independent variables are good fit 

in the model while the CAPM model fails. 
Table 9 - Cross-sectional results regression 1 

     
Variable Coefficient Std. Error t-Statistic Prob.   
     
α 0.015 0.017 0.837 0.412 
βMkt-Rf -0.014 0.035 -0.406 0.689 
βSMB 0.079 0.024 3.300 0.003 

     
R2 0.571     Mean dependent var 0.045 
Adjusted R2 0.532     S.D. dependent var 0.102 
S.E. of regression 0.070     Akaike info criterion -2.372 
Sum squared 
residual 0.107     Schwarz criterion -2.226 
Log likelihood 32.648     Hannan-Quinn criter. -2.331 
F-statistic 14.618     Durbin-Watson stat 1.466 
Prob(F-statistic) 0.000    

 

Table 10 - Cross-sectional results regression 2 

     
Variable Coefficient Std. Error t-Statistic Prob.   
     
α 0.013 0.017 0.752 0.460 
βMkt-Rf -0.010 0.036 -0.278 0.784 
βHML -0.106 0.027 -3.863 0.001 

     
R2 0.577     Mean dependent var 0.045 
Adjusted R2 0.539     S.D. dependent var 0.102 
S.E. of regression 0.069     Akaike info criterion -2.387 
Sum squared 
residuals 0.106     Schwarz criterion -2.241 
Log likelihood 32.844     Hannan-Quinn criter. -2.347 
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F-statistic 15.021     Durbin-Watson stat 1.436 
Prob(F-statistic) 0.000    

 

 

5.3 Limitations and further research 
One of the main limitations of this study was the sample size. The sample size was 

short due to the difficulty in extracting data through Coingecko’s API, however it is possible 

to develop a code that can extract all the data available on the website and that would allow 

to utilize a considerably bigger sample size. This would result in a much better representation 

of the crypto and token markets. 

The short timeframe is also considered a main limitation. Both the crypto and token 

markets are also very recent and therefore very few of its components are available for a 

longer period of time. Ideally, an analysis of this nature would require around 3-5 years of 

data returns in order to properly assess its behaviour during both bearish and bullish 

scenarios. Moreover, the period considered in this work is encompasses the crypto winter in 

2019 so the results are reflecting almost exclusively a bearish market and therefore results 

can be considerably different when considering different market conditions. 

Moreover, the Fama French model is adapted using the NVT ratio instead on the PE 

ratio as in the original work due to the nature of cryptocurrencies and tokens. However, the 

NVT ratio is a metric used for the crypto market and therefore its suitability for the token 

market is questionable. This is further highlighted by the high correlation observed between 

the SMB and HML factors in the token analysis. This correlation is not observed neither in 

the crypto market nor in the original Fam and French (1993) work.  

Given the shortcomings of this study, further research on this topic should focus on 

utilizing a longer timeframe with a bigger sample in order to have a better representation of 

the market. Different metrics to calculate the HML factor should be considered as well. 

Furthermore, the analysis the fit of the Carhart 4-factor model and Fama and French 5-factor 

model in the cryptocurrency and token markets is also highly suggested. It would also be 

interesting to analyse the performance of the Fama-French model against different types of 

tokens. 
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6 CONCLUSION 

In the cryptocurrency market analysis, there was no evidence suggesting the existence 

of a size effect as the positive mean return of the size factor is insignificant at the 5% level. 

Moreover, the comparison across the 6 portfolios created on size and NVT demonstrates that 

the big portfolios outperforms the small ones in several instances. This result goes against the 

expectations as the size effect was empirically tested, however it does seem to hold across 

different portfolios. There is also no suggestion of the existence of a profitability premium as 

the mean return is negative and statistically significant, the high NVT portfolio is also 

outperformed by the low portfolio.   

After performing all the necessary steps in assessing the suitability of the Fama-

French model in the cryptocurrency market, it is possible to conclude that albeit performing 

marginally better than the CAPM model used in the comparison, the Fama-French 3-factor 

model still does not have a high explanatory power and therefore it is not considered a good 

fit for future applications. The mean R2 is considerably low although the model passes the 

GRS test which implies the lack of pricing errors in the time series regression. Moreover, 

none of the variables was significant in the cross-sectional regression indicating that there is 

no significant premium associated with any of the factors and the model fails the F test in the 

cross-sectional regression, meaning that the model has low predictive power across different 

portfolios. 

In the token market analysis similar results to the cryptocurrency market were 

observed. There was no clear evidence of the existence of a size effect or profitability 

premium, as the model yielded a neglectable mean R2 value and no pattern was found across 

the 6 portfolios sorted on size and profitability. There was also a strong correlation across the 

2 factors, suggesting that the NVT ratio was not an appropriate choice to proxy the PE ratio 

used in the Fama French (1993) model. 

Due to the high correlation observed, the model was adapted and each SMB and HML 

factors were analysed separately alongside the market factor. Both models performed even 

worse than what was observed in the crypto market with a much lower R2 albeit passing the 

GRS test in the time series regression. In the cross-sectional regression, the model also has 

significant HML and SMB at the 1% level, indicating that those variables have an associated 

premium in the returns across the portfolios, although its predictive power is extremely weak 

in the time series regression. Meanwhile alpha is not significant in the regressions which 

means that there are no significant unexplained excess returns. Both models also perform 
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slightly better than the CAPM model in both stages of the analysis. These results suggest that 

the variables in the model have some predictive power, however it is extremely low to be 

practically used in further analysis on the topic. 

The Fama and French 3-factor model performed poorly in both the cryptocurrency 

and token markets yielding considerably low mean R2 in all cases analysed. Furthermore, the 

factors were not significant in the cross-sectional regression in the cryptocurrency market   

and no size effect or profitability premium were observed throughout the study. However, the 

Fama French 3-factor model performs better slightly than the CAPM model in both markets 

analysed. With these considerations in mind, further research is highly recommended in order 

to assess other factors influencing returns in the crypto and token markets. 
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APPENDIX 

Appendix 1 

 
List of cryptocurrencies and tokens. 
Cryptocurrencies   Tokens 
Aion  0x 
Ark  Aave 
Bitcoin  Aelf 
Bitcoin-cash  Aeternity 
Cardano  Augur 
Dash  Aurora 
Decred  Basic Attention Token 
Digibyte  Chainlink 
Dogecoin  Decentraland 
EOS  Enjincoin 
Ethereum  Funfair 
Ethereum classic  Golem 
Icon  Holo 
Iota  Huobi Token 
Lisk  Kucoin Shares 
Litecoin  Kyberk Network 
Monero  Loopring 
Nano  Maidsafecoin 
Nem  Maker 
Neo  Maximine 
Ontology  Nexo 
Qtum  OmiseGO 
Ravencoin  Populous 
Ripple  Pundi X 
Steem  Republic Protocol 
Stellar  Seele 
Tezos  Status 
Tron  Synthetix Network Token 
Zcash  Tierion 
Zilliqa   You Chain 

 
This table presents all the cryptocurrencies and tokens used in the analysis in alphabetical order. 
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Appendix 2 

 
Descriptive statistics for the 25 cryptocurrency portfolios sorted on size and NVT ratio 
  P11   P12   P13   P14   P15 
Mean 0.954%  -0.603%  -0.159%  -1.127%  -0.551% 
Median 0.032%  -0.565%  0.149%  -0.870%  -0.303% 
Maximum 55.899%  39.859%  29.776%  39.198%  15.632% 
Minimum -44.584%  -53.980%  -50.791%  -51.395%  -21.910% 
Std 0.100  0.079  0.081  0.075  0.044 
Skewness 1.165  -0.354  -0.599  -1.151  -0.312 
Kurtosis 6.540   9.223   5.515   10.964   3.010 

          
  P21   P22   P23   P24   P25 
Mean -0.308%  1.067%  0.232%  -0.016%  0.076% 
Median -0.278%  0.393%  -0.163%  -0.300%  -0.044% 
Maximum 41.637%  40.983%  70.593%  25.872%  21.600% 
Minimum -45.244%  -40.490%  -50.182%  -45.450%  -26.598% 
Std 0.068  0.086  0.076  0.069  0.050 
Skewness -0.271  0.494  1.565  -0.339  -0.318 
Kurtosis 9.747   5.566   23.862   5.977   5.531 

          
  P31   P32   P33   P34   P35 
Mean 0.418%  -0.474%  -0.171%  -0.208%  -0.078% 
Median -0.114%  -0.380%  -0.114%  -0.123%  -0.238% 
Maximum 43.344%  16.818%  42.905%  24.342%  32.050% 
Minimum -19.848%  -39.626%  -45.562%  -40.081%  -22.871% 
Std 0.066  0.060  0.064  0.060  0.051 
Skewness 1.304  -1.199  -0.021  -0.705  0.724 
Kurtosis 6.972   7.972   11.962   6.725   6.225 

          
  P41   P42   P43   P44   P45 
Mean 0.238%  0.166%  0.226%  0.180%  0.063% 
Median 0.030%  -0.233%  -0.024%  0.012%  -0.069% 
Maximum 64.258%  49.601%  34.452%  21.831%  20.269% 
Minimum -41.364%  -39.317%  -19.612%  -35.566%  -24.864% 
Std 0.075  0.068  0.058  0.064  0.045 
Skewness 1.517  1.071  0.973  -0.313  -0.281 
Kurtosis 17.127   11.658   5.730   3.429   4.832 
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  P51   P52   P53   P54   P55 
Mean 0.144%  0.368%  0.016%  -0.014%  -0.122% 
Median 0.315%  -0.160%  -0.080%  -0.084%  -0.016% 
Maximum 39.943%  47.671%  44.412%  22.479%  17.019% 
Minimum -44.014%  -29.242%  -43.063%  -20.512%  -34.767% 
Std 0.085  0.065  0.064  0.052  0.049 
Skewness -0.065  1.606  0.216  0.077  -1.427 
Kurtosis 5.988   10.482   11.335   3.873   11.796 

 
This table presents the descriptive statistics for the 25 cryptocurrency portfolios sorted on size and NVT ratio. 
The first number in the portfolio name indicates the size percentile and the second number, the NVT ratio 
percentile. As an example, P31 refers to the portfolio in the 40th to 60th percentile in size and 20th percentile in 
NVT ratio. 
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Appendix 3 

 
Descriptive statistics for the 25 token portfolios sorted on size and NVT ratio 
  P11   P12   P13   P14   P15 
Mean 0.240%  0.307%  0.321%  -0.075%  -0.140% 
Median -0.285%  -0.326%  0.331%  0.228%  -0.224% 
Maximum 76.960%  56.978%  71.024%  31.640%  29.776% 
Minimum -60.210%  -53.969%  -47.160%  -51.374%  -20.993% 
Std 0.110  0.094  0.084  0.084  0.064 
Skewness 1.269  1.613  1.477  -0.949  0.434 
Kurtosis 12.119   12.084   18.193   7.422   3.172 

          
  P21   P22   P23   P24   P25 
Mean 0.475%  0.827%  -0.021%  -0.522%  -0.077% 
Median 0.043%  0.151%  -0.206%  -0.486%  -0.147% 
Maximum 69.681%  83.838%  44.204%  33.972%  24.332% 
Minimum -48.354%  -48.621%  -26.700%  -51.217%  -46.416% 
Std 0.105  0.099  0.070  0.087  0.060 
Skewness 0.983  2.957  0.603  -0.905  -0.850 
Kurtosis 8.618   24.312   4.831   7.531   10.723 

          
  P31   P32   P33   P34   P35 
Mean 21.125%  2.323%  0.258%  -0.324%  -0.392% 
Median 0.180%  0.509%  0.093%  0.013%  -0.361% 
Maximum 289.412%  253.404%  34.362%  34.603%  28.158% 
Minimum -44.733%  -32.018%  -44.425%  -71.235%  -33.322% 
Std 0.665  0.194  0.075  0.081  0.058 
Skewness 2.817  10.747  -0.325  -1.822  -0.656 
Kurtosis 6.275   135.014   5.847   18.248   6.031 

          
  P41   P42   P43   P44   P45 
Mean 40.069%  14.328%  -2.975%  0.730%  -0.354% 
Median 1.361%  -0.280%  -0.756%  -0.244%  -0.534% 
Maximum 616.835%  359.340%  547.771%  540.820%  18.062% 
Minimum -85.935%  -86.006%  -84.463%  -84.467%  -38.359% 
Std 1.087  0.736  0.509  0.315  0.057 
Skewness 2.133  2.754  5.281  13.109  -1.551 
Kurtosis 5.185   7.693   45.517   223.095   11.381 

          
 
  P51   P52   P53   P54   P55 
Mean 22.617%  14.872%  -0.491%  -0.585%  -0.173% 
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Median 0.104%  0.426%  -0.100%  -0.286%  -0.107% 
Maximum 604.583%  622.131%  26.597%  25.993%  18.175% 
Minimum -76.554%  -86.500%  -72.151%  -71.412%  -29.511% 
Std 1.084  1.007  0.102  0.078  0.052 
Skewness 3.639  5.154  -3.333  -3.606  -0.498 
Kurtosis 14.003   26.246   21.312   32.097   3.990 

          
This table presents the descriptive statistics for the 25 token portfolios sorted on size and NVT ratio. The first 
number in the portfolio name indicates the size percentile and the second number, the NVT ratio percentile. As 
an example, P31 refers to the portfolio in the 40th to 60th percentile in size and 20th percentile in NVT ratio. 
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Appendix 4 

 
Regression results for cryptocurrency portfolios 
 
 
  Lowest 2 3 4 Highest 

 α     
Smallest 0.008* -0.007*** 0.001 0.000 -0.004 
2 -0.004 0.010** -0.008*** -0.001 0.001 
3 -0.001 0.000 -0.005* 0.002 -0.003 
4 -0.011*** -0.001 -0.004 0.001 0.000 
Biggest -0.006*** 0.001 -0.003 -0.001 0.001 
             

βMkt-Rf     
Smallest 0.370*** 1.069*** 0.541*** 1.160*** -0.055 
2 0.108 0.209** 0.635*** 0.562*** 0.100 
3 0.344*** 0.286*** 0.506*** 0.061 0.271*** 
4 0.526*** 0.513*** 0.109* 0.600*** 0.197*** 
Biggest 0.222*** 0.396*** 0.047 0.337*** 0.237*** 
            

 βSMB     
Smallest -0.163 0.052 -0.395*** 0.096 -0.355** 
2 -0.963*** -0.476*** -0.187** -0.227* -0.440*** 
3 -0.783*** -0.543*** -0.133 -0.725*** -0.898*** 
4 -0.558*** -0.623*** -0.624*** -0.627*** -0.988*** 
Biggest -0.527*** -0.544*** -0.268*** -0.188** -1.338*** 
            

 βHML     
Smallest -0.139 -0.387*** -0.627*** -0.148** -1.182*** 
2 0.407*** -0.082 -0.539*** -0.298*** -0.508*** 
3 0.078 -0.520*** -0.618*** -0.178** -0.633*** 
4 0.295*** -0.132 -0.429*** 0.012 0.042 
Biggest -0.077 0.222*** -0.428*** -0.341*** 0.364*** 

 
Note: ***, **, * – significance at 1, 5 and 10% level. 
This table shows the regression results obtained for the all the 25 portfolios sorted on size and NVT ratio. 
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  Lowest 2 3 4 Highest 

 R2     
Smallest 0.028 0.630 0.272 0.577 0.243 
2 0.142 0.027 0.354 0.179 0.099 
3 0.098 0.112 0.259 0.109 0.273 
4 0.164 0.176 0.130 0.254 0.278 
Biggest 0.149 0.240 0.097 0.199 0.661 

      
This table shows the R2 obtained on the regression of all the 25 portfolios sorted on size and NVT ratio. 
 
  Lowest 2 3 4 Highest 

 S.E     
Smallest 0.098 0.041 0.057 0.049 0.074 
2 0.073 0.084 0.049 0.062 0.062 
3 0.077 0.071 0.055 0.055 0.054 
4 0.069 0.062 0.056 0.055 0.044 
Biggest 0.040 0.044 0.049 0.041 0.028 

      
This table shows the standard error obtained on the regression of all the 25 portfolios sorted on size and NVT 
ratio. 
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Appendix 5 

 
Regression results for token portfolios 
 
Regression 1:  𝐸(𝑅𝑠) − 𝑅𝑓 = 𝛽𝑀𝐾𝑇 ∗ (𝐸(𝑅𝑀𝑘𝑡) − 𝑅𝑓) + 𝛽𝑆𝑀𝐵 ∗ 𝐸(𝑅𝑆𝑀𝐵) 

  Lowest 2 3 4 Highest 

 α     
Smallest -0.002 0.004 0.194*** 0.251*** -0.020 
2 0.003 0.009 0.016 0.077* -0.053 
3 0.002 0.000 0.005 -0.083*** -0.002 
4 -0.005 -0.001 -0.002 -0.011 -0.006 
Biggest -0.002 -0.003 -0.005 -0.006** 0.000 
            

 ΒMKT     
Smallest 0.287** 0.114 0.910 -0.648 3.134*** 
2 0.346*** 0.286*** 0.515** 0.608 -0.542 
3 0.458*** 0.224*** 0.405** 0.072 0.142 
4 0.711*** 0.430*** -0.072 0.105 0.135 
Biggest 0.205*** 0.549*** 0.335*** 0.127** 0.493*** 
            

 βSMB     
Smallest 0.051 0.013 0.240 2.263*** 3.605*** 
2 -0.005 -0.016 0.088 0.982*** 3.043*** 
3 0.008 -0.008 -0.041* 0.802*** -0.051 
4 0.043* -0.078*** -0.013 0.269*** -0.008 
Biggest 0.011 0.020 0.008 0.038** -0.035 
            

 
Note: ***, **, * – significance at 1, 5 and 10% level. 
This table shows the regression results obtained for the all the 25 portfolios sorted on size and NVT ratio. 
 
  Lowest 2 3 4 Highest 

 R2     
Smallest 0.014 -0.002 0.001 0.111 0.275 
2 0.028 0.017 0.014 0.040 0.235 
3 0.064 0.021 0.080 0.058 0.008 
4 0.164 0.085 -0.003 0.013 0.003 
Biggest 0.019 0.190 0.073 0.015 0.236 

 
This table shows the R2 obtained on the regression of all the 25 portfolios sorted on size and NVT ratio. 
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  Lowest 2 3 4 Highest 
 S.E     

Smallest 0.110 0.106 0.665 1.025 0.924 
2 0.093 0.099 0.193 0.721 0.881 
3 0.081 0.069 0.072 0.494 0.101 
4 0.076 0.083 0.081 0.313 0.078 
Biggest 0.063 0.054 0.056 0.056 0.045 

      
This table shows the standard error obtained on the regression of all the 25 portfolios sorted on size and NVT 
ratio. 
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Regression 2:  𝐸(𝑅𝑠) − 𝑅𝑓 = 𝛽𝑀𝐾𝑇 ∗ (𝐸(𝑅𝑀𝑘𝑡) − 𝑅𝑓) + 𝛽𝐻𝑀𝐿 ∗ 𝐸(𝑅𝐻𝑀𝐿) 

      
  Lowest 2 3 4 Highest 

 α     
Smallest -0.002 0.002 0.182*** 0.198*** -0.088 
2 0.004 0.011* 0.018 0.041 -0.139*** 
3 -0.002 0.001 0.005 -0.098*** -0.005 
4 -0.006 -0.001 0.000 -0.010 -0.007 
Biggest -0.003 -0.003 -0.002 -0.004 -0.001 
            

 βMKT     
Smallest 0.277** 0.118 0.895 -1.013 2.485** 
2 0.342*** 0.283*** 0.488** 0.502 -0.973 
3 0.472*** 0.220*** 0.414*** -0.073 0.167 
4 0.706*** 0.449*** -0.077 0.034 0.144* 
Biggest 0.203*** 0.541*** 0.322*** 0.107* 0.503*** 
            

 βHML     
Smallest -0.035 -0.021 -0.222 -1.658*** -2.507*** 
2 0.014 0.023 -0.038 -0.820*** -2.346*** 
3 -0.034* 0.016 0.025 -0.556*** 0.005 
4 -0.034* 0.043** 0.024 -0.142** -0.008 
Biggest -0.007 -0.007 0.018 0.000 0.017 
            

      
Note: ***, **, * – significance at 1, 5 and 10% level. 
This table shows the regression results obtained for the all the 25 portfolios sorted on size and NVT ratio. 
 
  Lowest 2 3 4 Highest 

 R2     
Smallest 0.013 -0.001 0.004 0.116 0.259 
2 0.029 0.018 0.011 0.056 0.271 
3 0.072 0.023 0.077 0.054 0.002 
4 0.165 0.077 0.001 0.005 0.003 
Biggest 0.019 0.188 0.077 0.003 0.230 

      
This table shows the R2 obtained on the regression of all the 25 portfolios sorted on size and NVT ratio. 
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  Lowest 2 3 4 Highest 
 S.E     

Smallest 0.110 0.105 0.664 1.022 0.933 
2 0.093 0.098 0.193 0.715 0.860 
3 0.081 0.069 0.072 0.495 0.102 
4 0.076 0.084 0.081 0.314 0.078 
Biggest 0.063 0.054 0.056 0.057 0.046 

      
This table shows the standard error obtained on the regression of all the 25 portfolios sorted on size and NVT 
ratio. 
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Appendix 6 

 
ANOVA tables 
 
ANOVA table for cryptocurrency    

  df SS MS F 
Significance 

F 
P11      
Regression 3 0.139 0.046 4.816 0.003 
Residual 390 3.753 0.010   
Total 393 3.893          
P12      
Regression 3 0.362 0.121 22.661 0.000 
Residual 390 2.076 0.005   
Total 393 2.438          
P13      
Regression 3 0.269 0.090 15.185 0.000 
Residual 390 2.303 0.006   
Total 393 2.572          
P14      
Regression 3 0.379 0.126 26.777 0.000 
Residual 390 1.838 0.005   
Total 393 2.216          
P15      
Regression 3 0.116 0.039 23.991 0.000 
Residual 390 0.628 0.002   
Total 393 0.744          
P21      
Regression 3 1.141 0.380 224.409 0.000 
Residual 390 0.661 0.002   
Total 393 1.802          
P22      
Regression 3 0.098 0.033 4.602 0.004 
Residual 390 2.775 0.007   
Total 393 2.873          
P23      
Regression 3 0.267 0.089 17.530 0.000 
Residual 390 1.981 0.005   
Total 393 2.248          
P24      
Regression 3 0.337 0.112 28.971 0.000 
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Residual 390 1.510 0.004   
Total 393 1.847          
P25      
Regression 3 0.245 0.082 42.445 0.000 
Residual 390 0.751 0.002   
Total 393 0.997          
P31      
Regression 3 0.481 0.160 49.901 0.000 
Residual 390 1.254 0.003   
Total 393 1.736          
P32      
Regression 3 0.514 0.171 72.786 0.000 
Residual 390 0.918 0.002   
Total 393 1.432          
P33      
Regression 3 0.421 0.140 46.731 0.000 
Residual 390 1.170 0.003   
Total 393 1.591          
P34      
Regression 3 0.192 0.064 20.619 0.000 
Residual 390 1.213 0.003   
Total 393 1.405          
P35      
Regression 3 0.106 0.035 14.995 0.000 
Residual 390 0.923 0.002   
Total 393 1.029          
P41      
Regression 3 1.274 0.425 179.611 0.000 
Residual 390 0.922 0.002   
Total 393 2.197          
P42      
Regression 3 0.339 0.113 29.480 0.000 
Residual 390 1.497 0.004   
Total 393 1.836          
P43      
Regression 3 0.155 0.052 17.024 0.000 
Residual 390 1.186 0.003   
Total 393 1.342          
P44      
Regression 3 0.421 0.140 45.590 0.000 
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Residual 390 1.199 0.003   
Total 393 1.620          
P45      
Regression 3 0.165 0.055 33.464 0.000 
Residual 390 0.641 0.002   
Total 393 0.806          
P51      
Regression 3 0.713 0.238 42.942 0.000 
Residual 390 2.159 0.006   
Total 393 2.872          
P52      
Regression 3 0.177 0.059 15.330 0.000 
Residual 390 1.500 0.004   
Total 393 1.677          
P53      
Regression 3 0.446 0.149 50.236 0.000 
Residual 390 1.154 0.003   
Total 393 1.600          
P54      
Regression 3 0.297 0.099 51.441 0.000 
Residual 390 0.749 0.002   
Total 393 1.046          
P55      
Regression 3 0.617 0.206 256.719 0.000 
Residual 390 0.312 0.001   
Total 393 0.929       
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ANOVA table for token – Regression 1       

 df SS MS F 
Significance 

F 
P11 2 0.089 0.044 3.698 0.026 
Regression 391 4.690 0.012   
Residual 393 4.778    
Total            
P12      
Regression 2 0.114 0.057 6.594 0.002 
Residual 391 3.383 0.009   
Total 393 3.498          
P13      
Regression 2 0.193 0.097 14.536 0.000 
Residual 391 2.596 0.007   
Total 393 2.789          
P14      
Regression 2 0.460 0.230 39.416 0.000 
Residual 391 2.283 0.006   
Total 393 2.744          
P15      
Regression 2 0.038 0.019 4.734 0.009 
Residual 391 1.576 0.004   
Total 393 1.614          
P21      
Regression 2 0.012 0.006 0.558 0.573 
Residual 391 4.356 0.011   
Total 393 4.369          
P22      
Regression 2 0.083 0.042 4.302 0.014 
Residual 391 3.794 0.010   
Total 393 3.878          
P23      
Regression 2 0.049 0.025 5.156 0.006 
Residual 391 1.871 0.005   
Total 393 1.920          
P24      
Regression 2 0.267 0.133 19.217 0.000 
Residual 391 2.712 0.007   
Total 393 2.978          
P25      
Regression 2 0.274 0.137 47.160 0.000 
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Residual 391 1.135 0.003   
Total 393 1.409          
P31      
Regression 2 1.135 0.568 1.285 0.278 
Residual 391 172.676 0.442   
Total 393 173.811          
P32      
Regression 2 0.281 0.140 3.764 0.024 
Residual 391 14.570 0.037   
Total 393 14.850          
P33      
Regression 2 0.187 0.093 17.997 0.000 
Residual 391 2.031 0.005   
Total 393 2.218          
P34      
Regression 2 0.006 0.003 0.420 0.657 
Residual 391 2.569 0.007   
Total 393 2.574          
P35      
Regression 2 0.103 0.052 16.473 0.000 
Residual 391 1.223 0.003   
Total 393 1.326          
P41      
Regression 2 53.389 26.695 25.423 0.000 
Residual 391 410.565 1.050   
Total 393 463.954          
P42      
Regression 2 9.447 4.723 9.085 0.000 
Residual 391 203.275 0.520   
Total 393 212.721          
P43      
Regression 2 6.418 3.209 13.137 0.000 
Residual 391 95.510 0.244   
Total 393 101.928          
P44      
Regression 2 0.711 0.355 3.625 0.028 
Residual 391 38.348 0.098   
Total 393 39.059          
P45      
Regression 2 0.025 0.013 3.945 0.020 
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Residual 391 1.240 0.003   
Total 393 1.265          
P51      
Regression 2 128.637 64.318 75.410 0.000 
Residual 391 333.490 0.853   
Total 393 462.127          
P52      
Regression 2 95.067 47.534 61.213 0.000 
Residual 391 303.621 0.777   
Total 393 398.688          
P53      
Regression 2 0.052 0.026 2.538 0.080 
Residual 391 4.008 0.010   
Total 393 4.060          
P54      
Regression 2 0.019 0.009 1.539 0.216 
Residual 391 2.397 0.006   
Total 393 2.416          
P55      
Regression 2 0.256 0.128 61.808 0.000 
Residual 391 0.808 0.002   
Total 393 1.064       
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ANOVA table for token – Regression 2       

  df SS MS F 
Significance 

F 
P11      
Regression 2 0.086 0.043 3.569 0.029 
Residual 391 4.693 0.012   
Total 393 4.778          
P12      
Regression 2 0.117 0.059 6.788 0.001 
Residual 391 3.380 0.009   
Total 393 3.498          
P13      
Regression 2 0.215 0.108 16.340 0.000 
Residual 391 2.574 0.007   
Total 393 2.789          
P14      
Regression 2 0.464 0.232 39.821 0.000 
Residual 391 2.279 0.006   
Total 393 2.744          
P15      
Regression 2 0.038 0.019 4.710 0.010 
Residual 391 1.576 0.004   
Total 393 1.614          
P21      
Regression 2 0.019 0.009 0.854 0.427 
Residual 391 4.350 0.011   
Total 393 4.369          
P22      
Regression 2 0.091 0.045 4.682 0.010 
Residual 391 3.787 0.010   
Total 393 3.878          
P23      
Regression 2 0.054 0.027 5.650 0.004 
Residual 391 1.866 0.005   
Total 393 1.920          
P24      
Regression 2 0.243 0.122 17.405 0.000 
Residual 391 2.735 0.007   
Total 393 2.978          
P25      
Regression 2 0.271 0.135 46.500 0.000 
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Residual 391 1.138 0.003   
Total 393 1.409          
P31      
Regression 2 1.512 0.756 1.715 0.181 
Residual 391 172.299 0.441   
Total 393 173.811          
P32      
Regression 2 0.232 0.116 3.102 0.046 
Residual 391 14.618 0.037   
Total 393 14.850          
P33      
Regression 2 0.182 0.091 17.456 0.000 
Residual 391 2.036 0.005   
Total 393 2.218          
P34      
Regression 2 0.015 0.008 1.173 0.310 
Residual 391 2.559 0.007   
Total 393 2.574          
P35      
Regression 2 0.109 0.054 17.486 0.000 
Residual 391 1.217 0.003   
Total 393 1.326          
P41      
Regression 2 55.781 27.890 26.717 0.000 
Residual 391 408.174 1.044   
Total 393 463.954          
P42      
Regression 2 12.876 6.438 12.596 0.000 
Residual 391 199.845 0.511   
Total 393 212.721          
P43      
Regression 2 6.024 3.012 12.280 0.000 
Residual 391 95.904 0.245   
Total 393 101.928          
P44      
Regression 2 0.386 0.193 1.949 0.144 
Residual 391 38.674 0.099   
Total 393 39.059          
P45      
Regression 2 0.011 0.005 1.660 0.192 
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Residual 391 1.254 0.003   
Total 393 1.265          
P51      
Regression 2 121.621 60.811 69.829 0.000 
Residual 391 340.505 0.871   
Total 393 462.127          
P52      
Regression 2 109.696 54.848 74.209 0.000 
Residual 391 288.992 0.739   
Total 393 398.688          
P53      
Regression 2 0.027 0.014 1.315 0.270 
Residual 391 4.033 0.010   
Total 393 4.060          
P54      
Regression 2 0.020 0.010 1.598 0.204 
Residual 391 2.396 0.006   
Total 393 2.416          
P55      
Regression 2 0.249 0.125 59.845 0.000 
Residual 391 0.815 0.002   
Total 393 1.064       
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Appendix 7 

 
Regression results CAPM model for cryptocurrency market 
      
  Lowest 2 3 4 Highest 

 α     
Smallest 0.009* -0.005** 0.004 0.001 0.002 
2 -0.006 0.011** -0.005** 0.001 0.004 
3 -0.002 0.002 -0.002 0.003 0.000 
4 -0.012*** -0.001 -0.002 0.001 0.000 
Biggest -0.005** 0.001 0.000 0.001 -0.001 
            

 βMkt-Rf           
Smallest 0.364*** 1.069*** 0.523*** 1.162*** -0.075 
2 0.078 0.192** 0.626*** 0.552*** 0.082 
3 0.318*** 0.264*** 0.497*** 0.035 0.236*** 
4 0.509*** 0.491*** 0.085 0.578*** 0.163*** 
Biggest 0.203*** 0.379*** 0.035 0.328*** 0.193*** 

 
Note: ***, **, * – significance at 1, 5 and 10% level. 
 
 
  Lowest 2 3 4 Highest 

 R2     
Smallest 0.032 0.591 0.147 0.574 0.002 
2 0.002 0.012 0.255 0.155 0.004 
3 0.037 0.029 0.145 0.001 0.032 
4 0.109 0.122 0.005 0.193 0.024 
Biggest 0.052 0.134 0.001 0.125 0.037 

 
This table shows the R2 obtained on the regression of all the 25 portfolios sorted on size and NVT ratio. 
 
 
  Lowest 2 3 4 Highest 
 S.E     
Smallest 0.098 0.043 0.061 0.049 0.086 
2 0.079 0.085 0.052 0.063 0.065 
3 0.080 0.075 0.059 0.058 0.063 
4 0.071 0.064 0.060 0.058 0.051 
Biggest 0.042 0.047 0.051 0.042 0.048 

      
This table shows the standard error obtained on the regression of all the 25 portfolios sorted on size and NVT 
ratio. 
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Regression results CAPM model for token market 
 
      
  Lowest 2 3 4 Highest 

 α     
Smallest 0.003 0.005 0.211*** 0.401*** 0.226*** 
2 0.003 0.008 0.023** 0.143*** 0.148*** 
3 0.003 0.000 0.003 -0.030 -0.005 
4 -0.001 -0.005 -0.003 0.007 -0.006 
Biggest -0.001 -0.001 -0.004 -0.004 -0.002 
             

βMkt-Rf     
Smallest -0.069 -0.092 0.309 -0.100 1.060 
2 0.223** -0.225** -0.152 -0.344 -1.432 
3 -0.129 0.126 0.118 -0.296 -0.126 
4 0.020 0.098 -0.109 -0.022 0.092 
Biggest 0.002 0.006 0.115* 0.107* -0.009 

      
Note: ***, **, * – significance at 1, 5 and 10% level. 
 
 
  Lowest 2 3 4 Highest 

 R2     
Smallest 0.001 0.002 0.000 0.000 0.002 
2 0.011 0.010 0.001 0.000 0.004 
3 0.005 0.007 0.005 0.001 0.003 
4 0.000 0.003 0.004 0.000 0.003 
Biggest 0.000 0.000 0.008 0.007 0.000 

      
This table shows the R2 obtained on the regression of all the 25 portfolios sorted on size and NVT ratio. 
 
  Lowest 2 3 4 Highest 

 S.E     
Smallest 0.110 0.105 0.666 1.088 1.085 
2 0.094 0.099 0.195 0.736 1.006 
3 0.084 0.070 0.075 0.510 0.102 
4 0.084 0.087 0.081 0.316 0.078 
Biggest 0.064 0.060 0.058 0.057 0.052 

      
This table shows the standard error obtained on the regression of all the 25 portfolios sorted on size and NVT 
ratio. 
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Appendix 8 

 
GRS test 
 
    GRS value P-value 

Cryptocurrency 
Fama French 
Model 2.696 0.060 

 CAPM 2.371 0.079 
        

    
 Regression 1 5.025 0.007 
Token Regression 2 3.141 0.044 
  CAPM 8.388 0.002 
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Appendix 9 

 
Cross-sectional regression results for the CAPM model for cryptocurrencies 
 
     
Variable Coefficient Std. Error t-Statistic Prob.   
     
α 0.001 0.001 0.538 0.596 
βMkt-Rf -0.001 0.002 -0.576 0.570 
     
R-squared 0.007 Mean dependent var 0.000 
Adjusted R2 -0.036 S.D. dependent var 0.005 
S.E. of regression 0.005 Akaike info criterion -7.833 
Sum squared 
resid 0.000 Schwarz criterion -7.735 
Log likelihood 99.907 Hannan-Quinn criter. -7.806 
F-statistic 0.164 Durbin-Watson stat 2.456 
Prob(F-statistic) 0.690       

     
 
Cross-sectional regression results for the CAPM model for token 
 
     
Variable Coefficient Std. Error t-Statistic Prob.   
     
α 0.053 0.027 1.939 0.065 
βMkt-Rf -0.061 0.025 -2.406 0.025 
     
R-squared 0.181 Mean dependent var 0.045 
Adjusted R2 0.145 S.D. dependent var 0.102 
S.E. of regression 0.094 Akaike info criterion -1.806 
Sum squared 
resid 0.205 Schwarz criterion -1.708 
Log likelihood 24.571 Hannan-Quinn criter. -1.779 
F-statistic 5.069 Durbin-Watson stat 0.876 
Prob(F-statistic) 0.034       
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