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Abstract  
This thesis investigates whether traditional asset pricing factors: market risk (MKT), size 

(SMB), and momentum (WML), account for cryptocurrency returns and whether these 

relationships remain stable across distinct market regimes. The analysis utilises daily returns 

for up to 121 cryptocurrencies from January 2020 to December 2025, covering five structurally 

distinct periods: the COVID-19 period (2020), the bull I market (2021), the bear market (2022), 

the bull II market (2023), and the recovery phase following Bitcoin ETF approval (2024–2025). 

The empirical framework integrates time-series factor regressions, the Gibbons–Ross–Shanken 

(GRS) test, Fama–MacBeth cross-sectional regressions, regime-specific sub-period analysis, 

dummy-variable regressions, and multiple robustness checks. The findings demonstrate a clear 

distinction between time-series factor exposure and cross-sectional factor pricing. Market betas 

remain positive and statistically significant across all regimes, indicating strong co-movement 

with the aggregate cryptocurrency market. The size factor yields a substantial positive premium 

during the 2021 bull market and turns negative during 2024–2025, which is consistent with a 

shift of capital toward larger assets. The momentum factor generates exceptionally strong 

returns during the COVID recovery but turns negative during the 2022 crash, consistent with 

momentum-crash dynamics observed in equity markets. 

Despite strong time-series loadings, none of the three factors has statistically significant cross-

sectional risk premia in Fama–MacBeth regressions, and the GRS test rejects the null 

hypothesis of jointly zero pricing errors. Momentum premia also vary significantly across 

regimes, reflecting structural instability in factor performance. 

In summary, the findings indicate that while traditional factors capture common variation in 

cryptocurrency returns, they do not constitute priced sources of cross-sectional risk. Factor 

relationships are highly regime-dependent and unstable over time, suggesting that equity-based 

factor strategies are not directly transferable to cryptocurrency markets. Future research should 

incorporate cryptocurrency-specific risk factors and examine conditional or regime-switching 

pricing models. 
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1. Introduction 
Cryptocurrencies have evolved from a niche technological experiment to a global asset class 

over the past decade. In 2025, the total cryptocurrency market capitalisation was $3.0 trillion, 

its first marked annual decline since 2022, even though it had exceeded $4.4 trillion at its peak 

earlier that year (CoinGecko, 2026). This rapid growth, along with high market volatility, has 

attracted millions of retail investors and institutional investors and increased regulatory 

attention worldwide. This expansion has broader economic effects, as cryptocurrency has 

become a pathway for cross-border capital flows, raising financial stability concerns for 

regulators. It has also changed the way households manage their savings, introducing new 

speculative dynamics in the digital era. The ambiguity of the return-generating mechanism has 

direct implications for investor protection, systemic risk assessment, and the design of the 

regulatory framework. Furthermore, the limited understanding of cryptocurrency return drivers 

raises a fundamental question: whether traditional asset pricing factors, such as market risk, 

size, and momentum, established in equity markets, are also applicable to cryptocurrencies.  

This question is important for several reasons. For investors, it can help improve their portfolio 

construction and risk management by understanding whether systematic factors such as overall 

market movements, coin size, or past price performance influence future returns. From a 

theoretical perspective, it raises two related yet distinct questions. First, whether 

cryptocurrency markets exhibit systematic return movement consistent with a factor structure, 

and secondly, whether investors are compensated for bearing those systematic risks in the 

cross-section. These two questions are addressed in the study through complementary research 

methods: time-series factor regressions to evaluate factor exposure, the GRS joint test to assess 

model adequacy, and Fama-MacBeth cross-sectional regressions to test whether those factor 

exposures lead to significant risk premiums. Likewise, from an academic perspective, 

cryptocurrency markets provide a valuable setting for testing whether traditional asset pricing 

theories can also be applied beyond regular stock markets. 

The main framework used to explain differences in stock returns is the Fama & French (1993) 

three-factor model, which states that expected returns are influenced by three systematic 

factors: market risk, firm size, and value. Carhart (1997) later expanded this model by adding 

a momentum factor based on past return performance. These models together form the 

foundation for modern cross-sectional asset pricing research. This thesis examines whether a 
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similar factor structure can explain variation in returns in cryptocurrency markets. It also 

analyses whether these factors are reflected in cross-sectional returns on cryptocurrencies. 

However, unlike stocks, cryptocurrencies generally lack book values, earnings, or cash flows, 

making it difficult to derive meaningful value factors. In traditional equity markets, book value 

and earnings serve as important benchmarks for valuation, helping investors determine intrinsic 

value and the value premium. On the contrary, cryptocurrencies lack these benchmarks 

entirely; there is no balance sheet, no earnings stream, and no discounted cash flow model to 

set a fundamental value. Thus, constructing a value factor in this context would be theoretically 

meaningless rather than a mere technical limitation. 

The most relevant prior study is by Liu et al. (2022), who constructed a set of cryptocurrency-

specific market, size, and momentum factors and found that these factors also account for 

cross-sectional expected cryptocurrency returns. Their results demonstrated that their three-

factor model produced statistically significant excess returns for 10 cryptocurrency-based 

trading strategies, based on both size and historical performance. Furthermore, their findings 

demonstrated that the cryptocurrency market exhibits a factor structure similar to that of 

traditional equity markets. Although their study provided evidence for a similar factor structure, 

their empirical analysis did not assess whether the factor return patterns and cross-sectional 

price relationships are stable across all market conditions or regimes. Given that numerous 

researchers have previously documented that the relationship between risk factors and asset 

returns is generally not stable over time, and that factor performance can be significantly 

influenced by the underlying economic regime (Bouri et al., 2020). This represents an 

important gap in the literature. In other words, estimates of risk premium and factor 

relationships derived from a sample that reflects a relatively tranquil, less institutionalised 

period would likely not hold if the economic regime changed. Structural shifts can expose 

vulnerabilities in factor relationships that go unnoticed during stable periods, and pricing 

relationships may weaken or reverse entirely under different market conditions. Therefore, a 

critical issue remains whether such findings are valid in a more contemporary, economically 

tumultuous time frame. The current study demonstrates that they are not, particularly with 

respect to cross-sectional factor pricing. 

This thesis extends prior research on the pricing of cryptocurrency-related factors by studying 

factor prices over a time frame that was both economically tumultuous and relatively recent. 

Daily return data for all cryptocurrencies listed on Yahoo Finance were used to construct a 

targeted set of 150 coins, of which 149 were usable. This provides the ability to examine up to 
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121 unique cryptocurrencies from January 2020 until December 2025. The previously 

developed and empirically tested three-factor model for cryptocurrencies; MKT, SMB, and 

WML Liu et al. (2022) was used. 

The analysis includes five distinct market regimes based on main structural events: the COVID-

19 market crash and recovery in the 2020 phase; the 2021 bull I phase, the 2022 bear market 

resulting from the collapse of Terra (LUNA) and FTX bankruptcy, the 2023 bull II phase, and 

the institutional phase beginning with the formal approval of spot Bitcoin ETFs in January 

2024, and running through December 2025. Each event was chosen as a regime boundary 

because it represented a significant qualitative shift in market structure, investor types, or 

market conditions, rather than merely a high-volatility period. The liquidity risk was extreme 

during the COVID-19 crash; institutional capital entered at scale during the 2021 bull market; 

systemic vulnerabilities were revealed by contagion from leveraged protocol exposures during 

the 2022 bear market; and regulatory normalisation, characterised by ETF approvals, 

characterised 2023–2025. These regimes together offer a distinct setting to test the stability and 

durability of factor relationships. The study tests whether there is a difference in the way factors 

relate to one another in each regime with dummy variable regressions, which include a factor 

premium regression and an interaction regression. Three further robustness tests were run to 

ensure the principal findings do not depend on any specific modelling assumptions. 

The empirical results highlight a clear difference between time-series factor exposure and 

cross-sectional factor pricing, a distinction central to understanding this thesis's contribution. 

Regarding the time series, the market factor is the most robust result. All cryptocurrencies 

exhibit positive and statistically significant market betas, while market exposure remains 

positive across all market regimes, indicating strong market-wide co-movement. The size 

factor also exhibited the strongest positive premia during the 2021 bull market but reversed 

during the 2024-2025 recovery phase, which is consistent with increasing concentration of 

institutional capital in larger cryptocurrencies. The momentum factor produced small and 

statistically insignificant positive average returns over the full sample period; however, 

approximately 89% of the individual cryptocurrencies exhibited negative momentum loadings, 

which indicates a pattern of return reversals consistent with the momentum crash dynamics 

documented by Daniel & Moskowitz (2016). The Gibbons, Ross, and Shanken (1989) joint test 

rejected the null hypothesis of zero pricing errors at the 1% significance level, indicating the 

existence of additional cryptocurrency-specific risk factors beyond those captured by the three-

factor model. As for the cross-sectional results, the Fama-MacBeth second-stage estimates 
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showed that each estimated risk premium associated with the three factors was statistically 

insignificant, indicating that there is no evidence that these factors are priced in the cross-

section of cryptocurrency returns. The contrast between time-series factor exposure and cross-

sectional factor pricing is critical to understanding the implications of this thesis's results.  

Overall, the empirical findings present a more complex picture than has been suggested by 

previous studies. While the factors explained considerable common return variation in the time 

series, they failed to produce statistically significant risk premia in the cross-section, and their 

factor relationships proved to be significantly less stable across market regimes than previously 

assumed. This increased complexity highlights the need for a more dynamic and context-

dependent approach to the asset pricing of cryptocurrencies. It suggests that investors should 

take great caution when transferring factor-based strategies from traditional equity markets to 

cryptocurrency portfolios without first accounting for regime-dependent variations in factor 

performance. 

1.1 Problem Formulation 

The purpose of this thesis is to investigate whether the well-established traditional asset pricing 

factors commonly used in stock markets provide an adequate representation of return 

variability for cryptocurrency markets, and further, whether these traditional asset pricing 

factors are reflected in the cross-section of returns of cryptocurrency investments. There is no 

assurance that a factor that explains common return variation in the time series will provide a 

significant risk premium measure in the cross-section. Moreover, there is no guarantee that the 

two are consistent. 

More particularly, this research investigates whether overall market trends, the size of 

individual cryptocurrencies, and prior performance will be able to account for differences in 

returns generated by specific cryptocurrencies; i.e., as demonstrated by the ability to measure 

factor loads using time-series regression analysis and the measurement of risk premiums 

utilising Fama-MacBeth's cross-sectional regression methodology. Additionally, this study 

explores whether these relationships remain stable across all market conditions. Without 

sufficient knowledge of the underlying drivers of cryptocurrency return variance, investors are 

likely to construct portfolios based on spurious exposures to individual factors. This directly 

impacts both the risk management functions and price efficiencies associated with investing in 

a market that accounts for an increasingly large share of total global financial assets.  
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This study is motivated by the increasing demand for investment in cryptocurrency markets 

and the resulting increase in participation from both retail and institutional investors. Although 

traditional financial markets have been studied extensively using factor models such as the 

Fama–French and Carhart frameworks, it remains unclear whether these models are equally 

relevant to cryptocurrency markets, which differ fundamentally from equity markets in market 

structure, investor behaviour, and volatility. The structural characteristics of cryptocurrency 

markets, including their trading mechanisms, investor behaviour, and volatility levels, pose 

substantial challenges to the application of static asset pricing methodologies. In particular, the 

existence of relatively short-duration boom-and-bust cycles and continuously changing 

conditions in cryptocurrency markets creates substantial difficulty in developing useful models 

for capturing regime-specific variation in how relevant each factor is for explaining return 

variance in each regime. Thus, examining the degree of stability of individual factors across 

structurally distinct regimes provides far greater utility than simply serving as a methodological 

test of robustness. 

1.2 Research Question 

The thesis is structured around three main research questions that address distinct dimensions 

of cryptocurrency asset pricing: 

Research Question 1: Do traditional asset pricing factors, specifically market risk, size, and 

momentum, capture co-movement in cryptocurrency returns, as evidenced by time-series factor 

regressions? 

Research Question 2: Is there statistical evidence that these factors are priced in the cross-

section of cryptocurrency returns, as tested by Fama–MacBeth cross-sectional regressions? 

Research Question 3: Do the relationships between traditional asset pricing factors and 

cryptocurrency returns remain stable across different market regimes, or do they vary with 

prevailing market conditions? 

These research questions assess three important dimensions of cryptocurrency asset pricing. 

The first question examines how effectively traditional factor-based models explain return co-

movements among cryptocurrencies at different times. Second, it examines whether investors 

have been compensated for bearing various risks associated with each factor in terms of 

cryptocurrency returns at any point in time. Third, it determines whether the relationship of 

price factors to returns has remained stable during changes in the marketplace environment that 
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are bull markets, stock crashes, bear phase, or if the relationship of price factors to returns is 

unstable by nature within cryptocurrency markets. The distinction is analytically critical. A 

factor that explains time-series return variation is not necessarily a priced source of cross-

sectional risk; a given factor's significance can also fluctuate or even reverse direction under 

different market conditions. Together, these three questions provide a comprehensive analysis 

of both the applicability and limitations of traditional asset pricing theories in cryptocurrency 

markets. They contribute to a growing body of research that has yet to establish a unified 

understanding of whether classical financial frameworks apply meaningfully to this emerging 

asset class. 

1.3 Scope and Delimitation 

The thesis study covers the time between January 2020 and December 2025.  The price and 

market capitalisation data were sourced from Yahoo Finance, as it has broad historical 

coverage and widespread use in academic cryptocurrency research. The underlying dataset 

contains 149 coins with sufficient historical data at the time of collection and represents the 

largest coins by market capitalisation as of late 2025. Although the targeted dataset included 

150 cryptocurrencies, one coin (MIOTA) was excluded because its historical price data was 

not available using the legacy ticker as provided by Yahoo Finance. The asset had undergone 

a rebranding of its network and launched again in September 2023 under a new ticker, IOTA. 

The study applies an annually rebalanced design with coins ranked at the beginning of each 

calendar year based on their market capitalisation on January 1 of that year. After applying 

filters for data quality and continuity, the total sample comprises 121 unique cryptocurrencies 

over the entire sample period. Annual rebalancing allows for inclusion of new cryptocurrencies 

that were economically relevant in years after 2020, such as, Solana, Avalanche, and 

decentralized finance tokens. So, the coins are included in the sample upon reaching sufficient 

market size. 

There are two aspects of sample bias in the study that require an explicit acknowledgement and 

should not be conflated. The first is the look-ahead bias in the sample construction. Using 

rankings at the beginning of the year instead of the end of the year eliminates look-ahead bias 

since no future market information will be considered when creating the sample.  

It is important to perceive that although annual rebalancing removes look-ahead bias from the 

construction of the sample, it does not remove survivorship bias. The survivorship bias arises 

because the 149-coin dataset reflects only coins that were available on Yahoo Finance in late 
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2025. The cryptocurrencies that were economically significant between the sample time period 

but were later delisted, collapsed or became unavailable, for instance, Terra/LUNA collapsed 

in May 2022, are not included in the final dataset. This is because annual rebalancing cannot 

recover coins that lack historical price records. The implications of this bias are further 

discussed in detail in Section 4.2.4. In brief, the estimated factor premia and average returns 

should be interpreted as potentially upward-biased relative to a fully survivorship-adjusted 

sample, while the severity of the 2022 bear market may also be undermined. 

The thesis focused on the factors constructed directly from cryptocurrency returns. These are 

MKT - the market factor; SMB - the size factor; WML - the momentum factor, based on Liu 

et al. (2022). A traditional value factor is not included as most cryptocurrencies do not issue 

earnings statements, book values, or cash flow statements. Therefore, standard valuation ratios 

cannot be applied in a theoretically valid manner. Stablecoins, wrapped tokens, tokenized 

assets, and exchange-issued derivatives are also removed from the sample. Their prices are 

determined by mechanisms that are different from normal market risk and return dynamics. 

Stablecoin returns are mechanically tied to a fiat currency peg and would artificially reduce 

cross-sectional return variation. 

The empirical analysis uses four complementary methods. Time series factor regression 

assesses how well individual coins' exposures to each factor correlate with their returns, and 

tests whether each factor can explain variations in cryptocurrency returns. The joint test 

proposed by Gibbons, Ross and Shanken (1989) assesses whether the overall factor model is 

adequate. Fama-MacBeth cross-sectional regression tests whether risk compensation exists in 

relation to each factor in the cross-section. Lastly, dummy variable regression enables 

researchers to compare relationships between factors and market regimes statistically. Together, 

they provide a consistent and comprehensive assessment of how well each factor performs 

across various dimensions. Robustness assessments are carried out on all findings related to 

important modelling decisions using three sensitivity tests: changing the threshold for splitting 

portfolios, changing the window length for forming momentum, and changing the lag length 

for calculating Newey-West corrections. 

The sample period is divided into five regimes to examine whether factor premia vary across 

different market conditions. Each of these regime categories is expected to impact the 

relationship between factors differently than others.  For example, size and momentum premia 

may increase during speculative bull markets but decrease or reverse during deleveraging and 
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contagion. Thus, there exists a variety of ways to assess factor conditional stability regarding 

market regimes. 

The thesis specifically examines traditional style factor models and does not include 

blockchain-specific variables like investor sentiment, social media attention, or on-chain 

metrics. They were excluded for a clearer examination of how applicable traditional asset 

pricing frameworks are, and to maintain a high level of consistency with existing factor model 

literature (Liu et al., 2022). Including such variables would shift the thesis towards a different 

study, for instance, whether native blockchain signals add additional explanatory power beyond 

what can be explained by traditional factors. It is an interesting field of study, but it is beyond 

the scope of this thesis and presents an opportunity for future research. 

  

1.4 Thesis Structure 

The thesis is divided into six chapters. 

Chapter 1 introduces the area of research being conducted, defines the problems that need to 

be solved, outlines the research questions, explains what aspects of the study are within its 

boundaries (scope) and delimitations, and specifies how the thesis will contribute to knowledge.  

Chapter 2 discusses the institutional setting of cryptocurrency markets and the structural 

features that distinguish them from other types of financial assets -- namely, market structure, 

investor characteristics, price volatility, and lack of fundamental value anchors. This is 

important because it sets the stage for an appreciation of the constraints on using traditional 

factor models in this space.  

Chapter 3 provides a critical review of all theoretical and empirical literature directly or 

indirectly relevant to the current study. It includes traditional asset pricing theories; previous 

studies regarding cryptocurrency-based factor models; and the literature examining conditional 

factor performance as well as market regimes.  

Chapter 4 describes the methodological framework used in the study, which outlines the 

process by which the data were collected and compiled into samples. The method for 

constructing factors is also described in detail. Finally, details are provided with respect to the 

various statistical methodologies employed in the analysis, specifically time series regression 

analyses, GRS joint testing procedures, Fama-MacBeth cross-sectional regression analyses, 

dummy variable regression analyses, and robustness check procedures.  
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In Chapter 5, empirical results are presented. It includes information on the characteristics of 

returns generated by each of the constructed factors as well as their intercorrelations. The 

empirical evidence is also presented for each research question. These topics include time-

series regression results, GRS model adequacy, Fama-MacBeth cross-sectional pricing tests, 

sub-period regime-specific analyses, robustness Check results, and dummy variable analyses 

comparing factor relationships across regimes.  

Finally, Chapter 6 summarizes the major empirical findings reported in the thesis, discusses 

the implications of these findings for potential investors and future researchers, acknowledges 

some of the limitations associated with conducting this type of study, and identifies possible 

areas for additional investigation. 

1.5 Declaration on the Use of AI 

In compliance with Aalborg University's Academic Integrity Policy and the transparent use of 

artificial intelligence, we declare that AI tools were used to assist in the preparation of the thesis. 

Specifically, AI tools such as Microsoft Copilot, OpenAI (ChatGPT), and Claude AI were used 

to draft and revise specific writing portions of the thesis. We also used tools for developing, 

refining, and debugging R scripts for the empirical part of the study, and used the Grammarly 

tool for grammatical refinement. 

All outputs from these tools, including writing suggestions and code-completion prompts, were 

reviewed independently and adjusted before inclusion in the thesis. Code produced with AI 

assistance was tested and validated before use in the final empirical analysis. We take full 

responsibility for the methodological decisions, theoretical reasoning, empirical interpretations, 

and conclusions presented in this thesis. 
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2. Institutional Background on Cryptocurrency Markets 
It is essential to understand the institutional structure of cryptocurrency markets before 

discussing the empirical literature and methodology. The structural characteristics that 

differentiate cryptocurrency markets from traditional equity markets are not only descriptive; 

they will also have a direct impact on how returns are generated, how risks are priced, and how 

factor models should be developed and interpreted. This chapter addresses four key structural 

elements of cryptocurrency markets that are particularly relevant to the empirical analysis: the 

nature of the market structure, investor composition, risk and volatility, and the absence of 

fundamental valuation anchors. Together, these aspects form the institutional framework of the 

thesis's factor pricing tests and can help explain why the factor premia in cryptocurrency 

markets may differ from those found in traditional financial markets. 

2.1. Nature of the Market Structure: Continuous Trading and Fragmentation 

The first difference between cryptocurrency and equity markets lies in their respective trading 

structures. In addition to being regulated, stock exchanges operate on a scheduled schedule, 

closing on weekends and public holidays. Cryptocurrency markets, however, operate 

continuously 24 hours a day, seven days a week, allowing trading from anywhere in the world. 

Daily cryptocurrency returns capture all market activity, whereas equity markets have limited 

trading hours. Additionally, because cryptocurrency exchanges exist globally and operate 

independently of one another, there are numerous options for buying and selling the same 

cryptocurrency. Therefore, the price of the same cryptocurrency will fluctuate across 

exchanges. For instance, study done by (Makarov & Schoar, 2020) provides evidence of 

significant and lasting price disparities between exchanges. Furthermore, some of these 

disparities arise from regulatory differences between jurisdictions. Moreover, since there does 

not exist a centralized clearinghouse in cryptocurrency markets, arbitrage opportunities exist 

between exchanges, creating disparate prices among exchanges. Consequently, the lack of a 

unified reference price poses challenges for researchers seeking to use aggregated data from 

sources such as Yahoo Finance. 

The fact that anyone with access to the Internet and a digital wallet can participate in 

cryptocurrency markets introduces additional complexities when compared to equity markets. 

This increased heterogeneity in the participant base can lead to varied regulatory and 

informational conditions among participants. Classical pricing models assume homogeneous 

investor expectations, an assumption that is more plausible in institutional equity markets but 
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breaks down in the heterogeneous cryptocurrency investor base. Furthermore, the various 

regulatory structures surrounding cryptocurrency markets create added uncertainties for 

researchers. To illustrate, El Salvador adopted Bitcoin as legal tender in 2021, while China 

imposed restrictions on its citizens' ability to buy/sell cryptocurrency at the same time. Such 

divergence in regulatory environments can affect liquidity and capital flows to varying degrees 

across a globally integrated asset class. As a result of these differences, researchers studying 

cryptocurrency markets face an institutional environment that is inherently less stable than that 

of traditional equity markets. This instability introduces regime-specific uncertainty that cannot 

be replicated in empirical research using equity factor pricing. 

2.2. Characteristics of Investors in Cryptocurrency Markets 

Another structural characteristic that differentiates cryptocurrency markets from traditional 

equity markets is the composition of the participant base. Traditionally, institutions such as 

pension funds, mutual funds, and insurance companies have dominated trading activity and 

price determination in equity markets. Conversely, a majority of participants in cryptocurrency 

markets are retail traders who engage in speculation. Both the high number of retail participants 

and speculative behaviour contribute to behavioural biases in pricing reactions to new 

information and factor relationships. Specifically, retail-dominant markets are prone to 

overreaction, momentum-chasing, and herding behaviour, which refers to the tendency for 

investors to follow the actions of other market participants rather than relying on independent 

analyses. Empirical studies such as (Vidal-Tomás et al., 2019) and (Ballis & Drakos, 2020) 

show that herding behaviour in cryptocurrency markets intensifies during periods of elevated 

uncertainty and market stress, whereas (Bouri et al., 2019) focus on co-explosivity and tail-risk 

transmission rather than herding specifically. Moreover, online social networks such as Reddit, 

Twitter, and Telegram have been identified as mechanisms for amplifying these effects. 

According to Ante (2023) and Kraaijeveld & De Smedt (2020), Twitter sentiment has 

predictive power for cryptocurrency price movements, with positive sentiment associated with 

upward returns, negative sentiment with downward returns, and heightened sentiment intensity 

linked to increased short-term volatility. Meme-coins like Dogecoin (DOGE-USD) and Shiba 

Inu (SHIB-USD) represent perhaps the clearest examples of how market valuations have been 

influenced almost exclusively by online discussion, celebrity endorsements, and speculative 

buying pressure rather than by any objective measures of intrinsic worth. 
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Since 2020, the participant base of cryptocurrency markets has evolved towards greater 

institutionalisation. Companies such as MicroStrategy Inc. and Tesla Inc. have invested 

resources into acquiring and holding positions of Bitcoin. However, speculative behaviour 

continues to dominate sentiment-driven trading across the cryptocurrency marketplace. 

Concerns about market integrity persist, as Griffin & Shams (2020) provide peer-reviewed 

empirical evidence that large Tether issuances were systematically followed by increases in 

Bitcoin prices during earlier market cycles, a pattern consistent with supply-driven price 

support rather than organic demand. While these findings remain contested, they suggest that 

pricing processes in cryptocurrency markets may be structurally weaker and less efficient than 

in traditional financial markets, with direct implications for the reliability of factor-based return 

signals. 

2.3. Risk and Volatility: Extreme Price Movements 

Risk and volatility in cryptocurrency markets exceed those in traditional financial markets. 

Long-run historical data show that broad equity indices, such as the S&P 500, exhibit 

annualised return volatility of 15–20% under normal market conditions, with substantially 

higher levels during crisis periods. Conversely, Bitcoin has averaged annualised return 

volatilities exceeding 60%, whereas smaller cryptocurrencies have demonstrated even higher 

volatilities. Such extreme volatility not only makes the data noisier but also makes it harder to 

detect whether systematic risk factors are driving returns. The presence of large and frequent 

price movements means that much of the return variability in cryptocurrency markets is driven 

by idiosyncratic rather than systematic sources. This reduces the statistical power of regression-

based tests and increases the likelihood that estimated factor loadings will be unstable across 

subperiods.  

In addition to high average volatility, cryptocurrency return distributions pose an obstacle to 

applying factor models. Specifically, as noted previously, return distributions for 

cryptocurrencies exhibit fat-tailed behaviour, indicating that extreme outcomes occur much 

more frequently than would be expected under a normal distribution. Applying systematic 

empirical methods, Borri (2019) demonstrated that major cryptocurrencies exhibit significant 

conditional tail risk generated within the cryptocurrency market itself, with statistically 

significant and persistent downside co-movements across multiple assets. Following this work, 

subsequent studies have demonstrated that tail-risk connectedness is exacerbated during crisis 

periods, thereby reducing the diversification benefits available within the cryptocurrency asset 
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class when systemic risk is greatest. Furthermore, Scaillet et al. (2018) presented empirical 

evidence illustrating clusters of frequent price jumps in Bitcoin due to speculative order-flow 

imbalances, which can alter or bias beta estimates loadings, especially for smaller/lower-

liquidity cryptocurrencies. Lastly, these distributional properties produce severe boom-and-

bust cycles at the macro level, with two severe crashes occurring in 2018 and 2022, and the 

latter cycle accelerated by cascading failures within the Terra/LUNA ecosystem and the FTX 

exchange, resulting in massive losses worldwide. Rather than representing singular tail-events, 

these crashes represent recurring structural properties of cryptocurrency markets, providing a 

primary motivation for this thesis's regime analysis: whether factor relationships/risk premia 

persist across structurally distinct market states/environments or whether they vary 

significantly depending upon existing state conditions 

2.4 Lack of Basic Value Anchors 

There is a significant theoretical difference between cryptocurrencies and other traditional 

financial assets due to the lack of basic value anchoring. There are several ways in which asset 

prices are theoretically anchored in the equity markets. For example, through claims to future 

cash flows: using dividend discount models, earnings-based multiples, or book-to-market ratios, 

investors can estimate the intrinsic value of the company and thus create a "gravitational" force 

that should tend to pull asset prices toward their intrinsic value over time. Most 

cryptocurrencies cannot be used to anchor price levels by any of these methods, including 

bitcoin, which generates no income, pays no dividends, and carries no contractually required 

cash flow obligations. Therefore, the price of Bitcoin is largely driven by investor expectations 

about how much it is likely to increase, as well as by perceptions of scarcity, adoption dynamics, 

and potential positive network effects. Cheah & Fry (2015) argued that speculative pressures 

play a primary role in determining cryptocurrency prices, and that because there is no stable 

fundamental value reference point, distinguishing between reasonable pricing and excessive 

speculation is more complicated and has no equivalent in traditional equity markets. 

 In addition to preventing researchers from developing traditional accounting information-

based measures for use in factor model development, this lack of basic accounting information 

imposes both direct and restrictive limitations on the development of factor models that include 

additional equity-style-specific variables. For instance, the Fama-French value factor relies on 

book-to-market ratios as a proxy for mispricing differences. Developing a similar ratio for 

cryptocurrencies requires either a book value or an earnings stream that does not exist. 
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Therefore, if a researcher wants to develop a value factor specifically for cryptocurrencies, they 

will need to find an alternative method to determine each cryptocurrency's fundamental value. 

However, without a balance sheet or DCF framework from which to calculate fundamental 

value for a given cryptocurrency, there would be little economic basis for the inclusion of the 

value factor in any developed cryptocurrency-specific factor model. Hence, its omission is a 

theoretical necessity rather than a technical limitation. Although some researchers have 

attempted to establish new value signals via blockchain-related proxies (e.g., network activity 

metrics or on-chain transaction volume), these metrics remain relatively underdeveloped 

compared to traditional equity-style valuation ratios and have not yet been validated 

empirically at anywhere near the level of established equity-style valuation ratios. Therefore, 

consistent with Liu et al. (2022), this study restricts the factor model to three cryptocurrency-

specific factors (market, size, and momentum) that can be directly mapped from their equity-

market counterparts, without requiring valuation anchors that are absent due to structural 

constraints. 

The lack of valuation anchors also affects the temporal stability of factor premiums across 

different regimes. In equity markets, the correction of deviations from fundamentals through 

mean reversion provides a natural constraint on the length of mispricing periods and on the 

long-term behaviour of return premia. In contrast, there is no reliable corrective force for 

cryptocurrency prices that operate similarly in terms of sentiment-driven expectations, 

speculative flows, etc. Therefore, factor premia may be significantly more susceptible to 

changes in investor sentiment and market conditions than their equity counterparts. 

Relationships that appear stable in one regime may weaken, disappear, or even reverse 

direction in another. This thesis's analytical structure is founded upon the following idea. There 

exists some relationship between systematic risk factors and cryptocurrency return variance, as 

demonstrated by (Liu & Tsyvinski, 2021). This relationship is weaker and less stable than that 

observed in equity markets, a fact that distinguishes these two types of markets. 

These four elements: fragmented round-the-clock trading, an investor population comprised of 

both retail investors and those driven by market sentiment, extremely high levels of price 

movement (volatility), and a lack of a fundamental anchor to price, result in cryptocurrency 

markets being fundamentally dissimilar from equity markets, which have been developed using 

traditional factor models. The structural differences will affect how factor relationships 

perform, how consistently these relationships remain stable over time, and the level of scrutiny 

required when interpreting results. 
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It is possible to employ factor-based analysis in cryptocurrency markets; however, these 

structural features indicate that the relationships among factors in cryptocurrency markets will 

be more tenuous, more dependent upon regime, and generally more difficult to identify than 

their corresponding relationships in traditional financial markets. An understanding of these 

structural features is important for providing context for the results presented throughout the 

subsequent chapters, as well as for determining the extent to which traditional asset pricing 

frameworks can be applied to emerging asset classes such as cryptocurrency. 
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3. Literature Review 
This chapter reviews the theoretical and empirical literature that is relevant to cryptocurrency 

asset pricing. In addition to establishing the theoretical foundation of this thesis, the chapters 

review relevant prior literature, examine findings of that literature on cryptocurrency factor 

models, and identify the specific research gap addressed in this study. 

The chapter is divided into three sections. The first part reviews key asset pricing models of 

traditional finance, including the Capital Asset Pricing Model (CAPM), Fama-French factor 

models, and the Carhart Momentum model. The second part reviews empirical studies on 

cryptocurrency factor pricing, highlighting both similarities with the traditional equity market 

and differences that set the cryptocurrency market apart as a distinct asset class. Finally, the 

third part of the chapter discusses the literature on market regimes and conditional factor 

performance that provides a conceptual foundation for assessing whether cryptocurrency price 

factor premia remain constant across all market conditions. 

3.1 Theoretical Foundations of Asset Pricing 

The asset pricing theory addresses why investors receive higher expected rates of return on 

certain types of investments. Traditional finance holds that investors receive compensation in 

the form of higher returns for bearing non-diversifiable systemic risk. Therefore, the models 

identified below serve as a theoretical framework for the empirical work described within this 

thesis. 

3.1.1 Capital Asset Pricing Model 

The Capital Asset Pricing Model (CAPM) was developed by Sharpe (1964) and Lintner (1965). 

The CAPM states that an asset’s expected return depends on its systematic market risk, as 

measured by its beta. It assumes that investors are compensated only for taking systematic 

market risk, as firm-specific risk can be diversified away.  

The main benefit of using CAPM is in its simplicity. Furthermore, it serves as a standard against 

which all other asset pricing models are evaluated. However, subsequent studies demonstrated 

that CAPM's single-factor specification was insufficient to explain the cross-section of stock 

returns. For example, Fama & French (1992) indicated that using firm-specific characteristics, 

such as size and book-to-market ratio, provided better explanations of stock returns than using 

only the market beta. Those findings suggested that there existed additional dimensions of 

systematic risk beyond just the single factor advocated by CAPM.  
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Using CAPM to evaluate cryptocurrency markets presents two limitations. The first is that 

cryptocurrency returns are more volatile than equity returns, and the second is that, due to 

differences in investor demographics, market structures, and trading behaviours, 

cryptocurrency markets deviate from traditional markets. Although it provides little insight into 

the specific properties of cryptocurrency markets, CAPM serves as a useful starting point for 

establishing a baseline for future evaluation of more complex cryptocurrency factor models. 

3.1.2 Fama–French Three-Factor Model 

The three-factor model was introduced by Fama& French (1993) to address the limitations of 

the CAPM. It includes size and value factors, as well as market factors. The size factor is 

represented by SMB (small minus big) and captures the tendency for small firms to generate 

higher average returns than large firms. Likewise, the value factor is represented by HML 

(high-minus-low) and captures the tendency for firms with high book-to-market ratios to 

outperform firms with low book-to-market ratios, that is, growth firms.  

The three-factor model significantly increased the ability of asset pricing models to explain 

variability in equity returns relative to the CAPM and quickly emerged as one of the most 

dominant paradigms in empirical finance. However, applying the traditional three-factor model 

to cryptocurrency markets presents fundamental problems. Because cryptocurrencies do not 

produce earnings, balance sheets, or financial statements, it is not possible to construct a 

meaningful value factor based on accounting ratios such as book-to-market, which are central 

to the Fama–French framework. Although market capitalisation can serve as a proxy for firm 

size, it does not provide sufficient information to construct a theoretically defensible version 

of HML. Therefore, the existing literature uses a modified version of traditional factor models 

rather than applying them directly. For instance, Liu et al. (2022) focus on market, size, and 

momentum factors and exclude value factors due to the unavailability of accounting-based 

measures in cryptocurrency markets. 

3.1.3 Fama-French Five-Factor Model 

Fama & French (2015) later expanded their original three-factor model framework by 

incorporating a profitability factor and an investment factor in addition to their size and value 

factors. Their profitability factor (RMW, robust minus weak) captures the tendency for highly 

profitable firms to earn higher returns. In contrast, the investment factor (CMA, conservative 

minus aggressive) captures differences between firms with conservative and aggressive 

investment policies.  
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Like the three-factor model, Fama and French’s five-factor model improves explanatory power 

in equity markets. But it is even less applicable to cryptocurrencies because most 

cryptocurrencies do not provide profitability measures, dividends, book values, or investment 

data, making the construction of value, profitability, and investment factors theoretically 

impossible. 

While these factors cannot be applied directly to cryptocurrency markets, they make an 

important conceptual contribution by illustrating that multiple dimensions of systematic risk 

may be needed to explain asset returns, thereby supporting the use of multi-factor models over 

single-factor models when analysing cryptocurrency returns.  

3.1.4 Carhart Momentum Factor 

Carhart (1997) extended the Fama-French three-factor model by incorporating a Momentum 

factor called WML (winners-minus-losers). Momentum refers to the tendency for assets that 

have performed well recently to continue performing well over short- to medium-term time 

horizons.  

Momentum is one of the best-documented anomalies in financial markets. Jegadeesh & Titman 

(1993), in their study, they documented momentum effects in U.S. equity markets, and 

subsequent studies found similar momentum effects across various countries and asset classes. 

Because momentum relies solely on historical return data and does not depend on accounting 

data, it is especially relevant to cryptocurrency markets, given their speculative nature and 

retail-driven investor participation, which can amplify momentum effects through herding and 

return extrapolation.  

However, momentum performance varies significantly across market conditions. Daniel & 

Moskowitz (2016) indicate that Momentum strategies tend to suffer massive losses after 

downturns in markets, followed by recoveries in markets when previously poorly performing 

assets suddenly regain strength and Momentum turns negative. Given that the sample period 

included both a long bull run in 2021 and a severe decline in cryptocurrency prices in 2022, 

this finding is particularly relevant to this thesis. 

 

3.1.5 Macro-Finance and Liquidity Factors 

Another area of asset pricing research examines how macroeconomic and liquidity-related 

factors contribute to systematic risk. Chen et al. (1986) demonstrate that macroeconomic 

factors such as inflation, industrial production, and interest rate changes affect equity returns 
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in similar ways. Pástor & Stambaugh (2003) also establish that market liquidity affects equity 

returns and is itself a priced risk factor. 

Liquidity conditions play a crucial role in cryptocurrency markets because they are fragmented 

across many exchanges and can fluctuate greatly during times of crisis or extreme market 

volatility. Brunnermeier & Pedersen (2009) describe how tightening funding conditions can 

lead to liquidity spirals, while declining prices and forced selling reinforce each other. 

Empirical evidence shows that cryptocurrency markets are driven far more by investor 

attention and sentiment than by traditional macroeconomic indicators. Liu & Tsyvinski (2021) 

demonstrate that cryptocurrency returns are unrelated to standard macroeconomic variables but 

are strongly influenced by investor attention and momentum-type dynamics. 

Therefore, this literature is important to this thesis because it indicates that factor premia may 

be unstable across different market conditions rather than stable over time. It forms the 

theoretical basis for this thesis's examination of whether cryptocurrency factor premia remain 

consistent across different market conditions. 

Overall, the reviewed models form the theoretical foundation for this thesis's empirical analysis. 

Specifically, CAPM establishes a basic framework regarding market risk, while Fama-French 

and Carhart provide evidence for the importance of multiple dimensions of systematic risk. At 

the same time, the inherent limits of traditional frameworks highlight the need to develop new 

approaches tailored to the unique structural features of cryptocurrency markets. 

3.2 Empirical Evidence on Cryptocurrency Asset Pricing 

There has been substantial growth in empirical research regarding cryptocurrency price 

formation. Early studies primarily examined Bitcoin; however, recent studies has examined 

systematic factor behaviour across broader cross-sectional samples of cryptocurrencies. 

This section discusses three categories of literature: first, empirical research supporting 

traditional factor pricing in cryptocurrency markets. Secondly, empirical research challenges 

the stability and generalizability of those models, and lastly, empirical research concerning risk 

factors related exclusively to cryptocurrencies. 

3.2.1 Evidence Supporting Traditional Factor Pricing 

The strongest evidence suggesting that traditional price factors can be applied to 

cryptocurrency markets comes from research conducted by Liu et al. (2022). In their study, 
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they constructed cryptocurrency-specific market, size, and momentum factors; however, they 

found that these factors explain a substantial share of the variation in cryptocurrency returns.  

They argue that cryptocurrency markets exhibit price factor relationships very similar to those 

in traditional equity markets; however, price factors must be constructed differently due to the 

absence of the traditional accounting metrics available for cryptocurrencies.              

They also report significant evidence supporting that the market factor plays a critical role. Liu 

& Tsyvinski (2021) demonstrate that coins tend to move as a separate asset class and that coin-

level returns are significantly correlated with aggregate cryptocurrency-level returns. 

As such, they argue that Momentum appears particularly pronounced in cryptocurrency 

markets. Liu et al. (2022) report that strong performing coins tend to perform stronger than 

weak performing coins at least in short- and intermediate-term horizons. Similar findings were 

reported by Fieberg et al. (2023).  

There is enough empirical evidence regarding size effects in cryptocurrency markets. 

Specifically, smaller coins tend to achieve higher average returns than larger coins, likely due 

to differences in liquidity risk, informational uncertainty, or speculative risk. Brauneis & 

Mestel (2018) and Bianchi & Babiak (2022) report evidence demonstrating that liquidity and 

frictional costs associated with trading are significant contributors to cryptocurrency return 

generation. 

3.2.2 Evidence Against Traditional Factor Models 

Although initial evidence suggests certain similarities between the cryptocurrency factor and 

the traditional equity factor, subsequent studies have challenged the claim that these models 

can fully explain cryptocurrency returns, highlighting important structural differences between 

the two asset classes. 

Evidence from Liu & Tsyvinski (2021) research states that conventional equity market factors, 

including the Fama–French factors and standard macroeconomic variables, have very limited 

explanatory power for cryptocurrency returns. This suggests that cryptocurrencies behave 

differently from traditional financial assets and cannot simply be treated as highly volatile 

versions of equities. Other studies also document instability in cryptocurrency factor premia. 

Bianchi & Babiak (2022) study state that factor relationships vary substantially across different 

market regimes, while Platanakis & Urquhart (2019) found that momentum and reversal effects 

are highly sensitive to the sample window and prevailing market environment in 
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cryptocurrency markets. Cryptocurrency factor model instability is a major concern based on 

these results. In fact, a factor that performs well in a particular market cycle can lose 

significance or completely reverse itself at other times. 

Cryptocurrencies' high idiosyncratic risk adds another level of complexity. Smaller coins often 

respond to individualized events surrounding those specific coins (as well as speculative stories 

and social media) leading to greater return volatilities. This limits the use of widely used 

methods for estimating factors and their corresponding premia due to a lack of reliable 

estimates.  

The impact of macroeconomic stressors also varies by asset class. For example, in 2022, when 

inflation was surging, Bitcoin's price fell, even though it is commonly described as an 

alternative investment to protect against rising inflation. Geopolitical events such as the 

Russian invasion of Ukraine had differing effects across segments of the cryptocurrency 

market; the nature of the event, along with the timing and the lag before pricing adjusted, 

influenced the overall effect.  

Furthermore, cryptocurrency markets have shown extreme sensitivity to illiquidity shocks. The 

liquidation of Terra/LUNA in 2022 and the subsequent failure of FTX were two significant 

events that caused large-scale liquidity disruptions, negatively impacting every segment of the 

cryptocurrency market. As a result, the evidence suggests that the premium associated with 

cryptocurrency factor models may vary greatly from period to period rather than remaining 

consistently stable over time. 

3.2.3 Cryptocurrency-Specific Risk Factors 

Because traditional factor models cannot fully account for cryptocurrency return behaviour, a 

rapidly growing literature is examining new risk factors unique to cryptocurrencies. One 

increasingly prominent area concerns measures of investor attention. Retail investors dominate 

trading activity in cryptocurrency markets, and shifts in public interest/attention can influence 

demand and, in turn, prices. Liu & Tsyvinski (2021) show that investor attention, proxied by 

measures such as Google search intensity, has strong predictive power for short-term 

cryptocurrency returns, with increases in attention associated with positive subsequent price 

movements. Similar results were reported by Philippas et al. (2019).  

Another increasingly prominent area includes network activity measures. Unlike stocks, 

blockchain networks are transparent by design, generating publicly available transaction data 

on all network activity. Bhambhwani et al. (2019) show that network fundamentals, such as 
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mining activity, hash rate, and transaction volume, contain predictive power for future 

cryptocurrency returns, reflecting changes in network usage and adoption. These metrics may 

represent growth rates in the number of users using the network and in usage. 

Sentiment-based factors also represent an essential component of cryptocurrency markets. 

Kraaijeveld & De Smedt (2020) demonstrated that positive price movements on 

cryptocurrencies can be predicted by the direction of positive or negative sentiment expressed 

by Twitter users. (Ante, 2023) further demonstrated that positive price reactions occur 

immediately after a large-scale social media event occurs. The previously mentioned 

cryptocurrency-specific factors differ from traditional asset-pricing factors because they are 

more closely tied to investor behaviour, shifts in demand, and network adoption and usage rates 

rather than to compensation for systematic economic risk. Although this study primarily 

concentrates on traditional style-factor models as outlined in (Liu et al., 2022), the emerging 

literature focused on cryptocurrency-specific risk factors is crucial to understanding the 

constraints imposed by traditional-style factor models on explaining cryptocurrency return 

patterns. 

3.3 Market Regimes and Conditional Factor Performance 

Traditional asset pricing models usually assume that factor premia do not change over time. 

On the other hand, existing literature has clearly demonstrated that financial markets go 

through different regimes. Thus, depending on the market regime, return behaviour, volatility, 

and factor performance can change drastically. 

This section examines the literature on market regimes and discusses why the relationships 

among factors can vary greatly across regimes. 

3.3.1 Market Regimes and Factor Stability 

Market regimes describe structurally distinct states of financial markets, characterised by 

different levels of volatility, correlation, and return behaviour.  Examples include bull markets, 

bear markets, high-volatility periods, and recovery phases. (Hamilton, 1989) developed 

regime-switching models to show that economic and financial variables can exhibit different 

behaviours under different states. Ang & Timmermann (2012) showed that distribution shapes, 

correlation coefficients, and volatility levels of financial returns varied significantly across the 

respective regimes. Bollerslev (1986)’s GARCH model illustrated that volatility clusters; that 

is, high volatility is frequently followed by additional high volatility.  
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These results imply that factor model performance is significantly influenced by the prevailing 

market regime. When factor premia are calculated from a single sample period that 

encompasses all market conditions, they may not be representative of factor behaviour under 

individual market regimes. Therefore, assessing the stability of regimes is especially important 

for studying cryptocurrency markets, which are characterised by large boom-and-bust cycles 

and rapidly changing investor sentiment. 

 

3.3.2 Momentum Crashes and Regime Dependence 

The momentum factor is an example of dependency upon regimes. Jegadeesh & Titman (1993) 

found that the momentum strategy generates positive returns in stock markets. On the contrary, 

Daniel & Moskowitz (2016) demonstrated that the momentum strategy experiences severe 

crashes after major declines in market values.  

Crashes occur when formerly underperforming stocks/coins increase sharply during market 

recoveries, thereby generating negative returns for momentum strategies that had placed short 

positions on those assets.  

Because the 2020-2025 data set contains both extreme bull markets and extreme crashes in 

value, the magnitude and sign of cryptocurrency-momentum premia may differ substantially 

across market regimes. 

3.3.3 Liquidity Crises and Factor Instability 

Another source of variability in regimes is liquidity conditions. Pástor & Stambaugh (2003) 

established that liquidity risk represents a priced factor in equity markets. Furthermore, 

Brunnermeier & Pedersen (2009) explained how liquidity spirals may arise if declining asset 

prices trigger funding problems, forced sales, and thus greater decreases in liquidity.  

Aspects of these mechanisms are particularly applicable to cryptocurrency markets, where 

trading is split across multiple exchanges and largely depends on financing through margin 

lending and speculation.  

An example of these differences is provided by the circumstances of 2022. The collapse of 

LUNA/Terra caused substantial losses across the cryptocurrency market, while FTX's 

bankruptcy created serious liquidity difficulties and severely damaged investor trust. These 

situations resulted in entirely new market conditions relative to the earlier bull market phase; 
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therefore, we cannot rule out the possibility that factor relationships would differ markedly 

across market conditions. 

3.3.4 Regime Dynamics in Cryptocurrency Markets 

Regime dynamics in cryptocurrency markets may be larger than in traditional financial markets, 

since cryptocurrency price movements are highly sensitive to investor attention and speculative 

activity. Liu & Tsyvinski (2021) demonstrated that cryptocurrency returns were affected more 

than other macro-economic indicators by market-specific factors such as momentum and 

investor attention. The dominance of Bitcoin, which measures the percentage of overall market 

capitalisation held by Bitcoin, serves as another major indicator of the market regime. High 

dominance of Bitcoin usually signals a risk-off condition, prompting investors to shift funds 

away from smaller speculative cryptocurrencies towards Bitcoin. Low dominance, usually 

referred to as "altcoin season", generally points toward increased speculative activities and 

increased participation rates throughout the markets.  

It is essential to distinguish between Bitcoin and smaller altcoins, as their factor relationships 

may differ. Momentum and size effects may be stronger in the context of speculatively driven 

market expansions but weaker during crises.  

In summary, the literature on market regimes suggests that cryptocurrency factor premia are 

likely to be unstable across market conditions. 

3.4 Research Gap 

This chapter examined both theoretical and empirical literature on cryptocurrency asset pricing. 

Theoretical literature indicated that traditional asset pricing theories: CAPM, Fama-French 

model, and the Carhart momentum model, are crucial for understanding systematic risk as well 

as expected returns. However, due to a lack of fundamental information and existence in 

extremely volatile speculative markets, cryptocurrencies deviate significantly from traditional 

financial assets. 

Empirical literature indicates that cryptocurrency-specific versions of market, size, and 

momentum factors appear capable of explaining parts of the cross-sectional variation in 

cryptocurrency returns. Especially strong evidence for the existence of a cryptocurrency three-

factor model was provided by Liu et al. (2022).  
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However, some studies suggest that factor premia for cryptocurrencies may be unstable and 

highly dependent on the current market state. Studies indicate that momentum, liquidity, and 

reversal effects may vary significantly across different market regimes.  

Therefore, the research gap primarily follows from these findings. Most previous studies, 

including Liu et al. (2022), do not fully capture the extreme market conditions observed during 

the 2021 cryptocurrency bull market, the 2022 market collapse, and the subsequent recovery 

period.  

Hence, it remains unclear whether factor premia for cryptocurrencies remain stable across 

different market regimes or whether factor relationships disappear, reverse, or change direction 

during periods of market distress. 

This thesis addresses the research gap by analysing cryptocurrency factor pricing between 2020 

and 2025 using 149 cryptocurrencies, yielding 121 unique coins across all cohorts. Following 

Liu et al. (2022), this thesis develops a cryptocurrency-specific market, size, as well as 

momentum factors to analyse their performance across different market regimes 
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4. Methodology 
This chapter describes how the study is designed, how the data are assembled, and how the 

empirical tests are conducted. The aim is to be precise enough that the analysis could be 

replicated by another researcher using the same sources and procedures. We begin with a brief 

statement of the research philosophy that underpins the empirical approach, then turn to data 

collection and cleaning, factor construction, regression specifications, and the sub-period 

design used to assess regime stability. 

4.1 Research Philosophy and Design 

This study follows a positivist research philosophy and assumes an objective view of financial 

markets. In other words, it assumes that return patterns and risk factors exist independently of 

the researcher and can be observed and measured using market data. The purpose of the study 

is therefore not to create a new theory, but to test whether existing asset pricing models can 

explain cryptocurrency returns. 

The study uses a deductive approach. This means that the analysis starts with established 

financial theories, such as the Capital Asset Pricing Model (CAPM), the Fama–French factor 

model, and the cryptocurrency factor model developed by Liu et al. (2022). Based on these 

theories, hypotheses are formed about how market exposure, size, and momentum should affect 

cryptocurrency returns. These hypotheses are then tested using real market data. 

The methodology is fully quantitative. The analysis is based on daily return data, market 

capitalisation, factor portfolio returns, and regression estimates. Time-series regressions and 

cross-sectional regressions are used to examine whether the selected factors explain differences 

in returns across cryptocurrencies and whether these relationships remain stable across 

different market conditions. 

This approach is consistent with most empirical research in asset pricing, including the studies 

by Fama & French (1993) and Liu et al. (2022), which form the main foundation of this thesis. 

A positivist approach is suitable because financial market outcomes can be measured clearly, 

and the models being tested provide specific predictions that can be evaluated statistically. 

One limitation of this approach is that it does not directly explain investors' personal 

motivations, beliefs, or behaviour. For example, it cannot fully capture why investors may 

behave irrationally during periods of market panic or speculation. However, since the focus of 

this thesis is on observable return patterns rather than investor psychology, this limitation is 

not considered critical. 
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The overall research design is a cross-sectional time-series. This means the study uses both 

differences across individual cryptocurrencies and changes over time during the sample period 

from 2020 to 2025. This allows the thesis to examine both how factor portfolios perform over 

time and whether the factors are priced across the cryptocurrency market as a whole. 

4.2 Data and Sample Construction 

4.2.1 Data Sources 

Price and market capitalisation data are collected from Yahoo Finance, which provides a public 

API with historical daily data for a broad range of cryptocurrencies. Yahoo Finance is chosen 

as the main data source because it aggregates price and volume data from multiple 

cryptocurrency exchanges and reports a weighted-average market value, which reduces, but 

does not fully eliminate, the risk that temporary disruptions on a single exchange create 

misleading price observations. Its coverage of the largest cryptocurrencies is comprehensive 

for the period studied. 

The price dataset used in this study contains 149 unique cryptocurrencies drawn from Yahoo 

Finance's market capitalisation ranking in late 2025. These coins represent the most liquid and 

economically significant digital assets for which sufficient price and market capitalisation 

history were available at the time of data collection. Among the 149 cryptocurrencies sampled, 

only 121 coins satisfied the data-quality, continuity and cohort eligibility criteria, and therefore 

form the final analysis sample used in the thesis. The full list of included coins and a summary 

of excluded coins are provided in Appendix A. This two-step approach follows Liu et al. (2022), 

who also collected all available cryptocurrencies and then applied eligibility filters based on 

data availability, liquidity, return continuity, and the exclusion of stablecoins and non-tradable 

tokens. 

As a secondary source, the Binance public API is used to validate observations when missing 

values, unusual price movements, or apparent inconsistencies are found in the Yahoo Finance 

dataset. 

It is important to acknowledge one limitation of this data collection approach. Because the 149-

coin dataset reflects the universe of coins available on Yahoo Finance in late 2025, 

cryptocurrencies that were among the largest by market capitalisation at some point between 

2020 and 2025 but subsequently collapsed, delisted, or became unavailable, including 

Terra/LUNA, which was a top-ten coin before its May 2022 collapse, are not represented in 
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the dataset. This introduces a degree of survivorship bias that cannot be fully eliminated. The 

nature of this bias, its likely direction, its consequences for the empirical results, and the steps 

taken to mitigate it are examined in detail in Section 4.2.4. 

4.2.2 Sample Selection Criteria 

Rather than fixing the investment universe at the start of the sample, this study employs an 

annual rebalancing design that mirrors how a practitioner would construct a diversified 

cryptocurrency portfolio. At the start of each calendar year covering the cohorts 2020, 2021, 

2022, 2023, 2024, and 2025, all coins in the 149-coin dataset that have market capitalisation 

data available on 1 January of that year are ranked by their market capitalisation on that date. 

Coins that pass the quality filters described below are included in the working universe for that 

cohort year. Because the 149-coin dataset includes coins launched at different times, the 

number of coins with data available on 1 January varies across cohort years. Specifically, the 

number of coins with market capitalisation data available on 1 January rises from 65 in the 

2020 cohort to 90 in 2021, 104 in 2022, 107 in 2023, 114 in 2024, and 119 in 2025, reflecting 

the steady entry of newer cryptocurrencies into the large capitalisation universe. The realised 

cross-section is therefore always smaller than the full 149-coin universe because not all coins 

satisfy the data-availability and quality-filter requirements at each rebalancing date. 

A minimum market capitalisation of USD 1 million on the ranking date is required for inclusion, 

following Liu et al. (2022). Stablecoin assets whose returns are mechanically anchored to a fiat 

currency peg, such as USD Coin (USDC), Tether (USDT), and DAI Coin, operate 

independently. The 60-day filter governs cohort inclusion, while the 180-day burn-in governs 

entry into the Fama–MacBeth cross-sections. Zero or negative prices are treated as missing 

before any returns are computed. These filters result in the following final cohort sizes: 65 

coins in 2020, 90 in 2021, 104 in 2022, 105 in 2023, 113 in 2024, and 118 in 2025 

Each annual cohort contributes daily return observations from the start of that cohort year to 

the end of its window. All six cohorts (2020 through 2025) each span a full calendar year. 

Aggregating across all six cohorts yields a combined universe of 121 unique cryptocurrencies, 

with approximately 2,191 daily trading observations across the full sample period. Ranking is 

always based on market capitalisation at the beginning of each cohort year, rather than on a 

contemporaneous or end-of-period rank, thereby preventing look-ahead bias. This lagged 

ranking approach is standard in empirical asset pricing, following Fama and French (1993), 

and is applied consistently across all cohorts. The cohort design is summarised in Table 1. 
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Year Coins available Coins selected Cohort window 

2020 65 65 Jan–Dec 2020 

2021 90 90 Jan–Dec 2021 

2022 104 104 Jan–Dec 2022 

2023 107 105 Jan–Dec 2023 

2024 114 113 Jan–Dec 2024 

2025 119 118 Jan–Dec 2025 

Total - 121 Jan 2020- Dec 2025 
Table 1: Annual Rebalancing Cohort Design 

 

It is important to be precise about what the figure of 121 cryptocurrencies represents. The 

number 121 is not a target chosen in advance; it is the outcome of the annual rebalancing and 

quality-filtering procedure described above. Each annual cohort is a separate cross-section of 

the coins that satisfied the inclusion criteria on 1 January of the relevant year, and most coins 

appear in several consecutive cohorts. The figure of 121 is obtained by pooling all six cohorts 

and counting each distinct coin once, irrespective of how many cohorts it belongs to. It 

therefore measures the total number of unique cryptocurrencies that entered the analysis at any 

point between 2020 and 2025. By construction, it lies between the largest single cohort size 

(118 coins in 2025) and the sum of the six cohort sizes. The gap between the full 149-coin 

dataset and the realised figure of 121 reflects two facts: the underlying Yahoo Finance dataset 

contains 149 cryptocurrencies with usable price history, and a number of those coins did not 

satisfy the market-capitalisation and data-quality filters in any cohort year and therefore never 

entered a working universe. 

The size of the universe was not fixed arbitrarily but follows from three design objectives. First, 

the cross-section must be large enough for the factor methodology to be informative: the 30th 

and 70th percentile sorts used to build the SMB and WML portfolios, the decile test portfolios 

used in the GRS test, and the daily Fama–MacBeth cross-sectional regressions all require a 

reasonable number of coins on each date. Second, restricting the universe to the largest coins 

by market capitalisation keeps the sample within the segment of the market for which Yahoo 

Finance provides reliable, continuous price and market capitalisation data, thereby limiting the 

influence of thinly traded coins whose returns are dominated by microstructure noise. Third, 

the annually rebalanced design deliberately allows the universe to expand over time, so that 

cryptocurrencies that became economically significant only after 2020, such as Solana, 

Avalanche, and several decentralized-finance tokens, enter the sample once they genuinely 
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reach large-capitalisation status, rather than being excluded for the whole period or included 

before they were material. The figure of 121 unique cryptocurrencies is thus best understood 

as the natural product of applying a consistent, economically motivated inclusion rule to the 

available data, rather than as an independent sampling decision. 

4.2.3 Data Cleaning and Return Computation 

Raw price series downloaded from Yahoo Finance are inspected for missing values and 

anomalous observations before any analysis is performed. The data cleaning protocol follows 

three ordered steps. 

First, any coin for which more than 20 % of daily observations are missing over its active 

cohort window is dropped from the working universe. The 20 % threshold represents a 

reasonable balance: looser thresholds admit coins with long stretches of missing data that 

would have to be interpolated or forward filled, both of which introduce autocorrelation and 

bias factor estimates; tighter thresholds would unnecessarily exclude coins with only short 

outage periods that introduce minimal distortion. In addition, any coin with fewer than 60 

consecutive trading days within its cohort window is excluded to ensure sufficient observations 

for the rolling 180-day beta estimate described in Section 4.4.2. Zero or negative prices are 

treated as missing and replaced with not available (NA) before any returns are computed. 

Second, daily returns are calculated using log returns rather than simple percentage returns. 

The daily log return for coin i on day t is defined as: 

𝑟!,# = ln%
𝑃!,#
𝑃!,#$%

' = ln(𝑃!,#) − ln(𝑃!,#$%) . . . . . . . . . . . . . . . . . . . . . . (1) 

 

where represents the closing price of cryptocurrency i on day t. Log returns are preferred 

because they are additive over time, which simplifies portfolio construction and regression 

analysis. They are also more stable during very large price changes. This is especially important 

in cryptocurrency markets, where daily price movements of 20 to 50 % are not uncommon. 

Third, daily returns are winsorized at the 1st and 99th percentiles of the cross-sectional return 

distribution for each day. This means that extremely high or low return observations are capped 

at these threshold values rather than removed entirely. Winsorization is applied across coins on 

each day rather than over time for each coin, so the threshold adjusts to changing market 

conditions. This step reduces the influence of extreme observations that may result from data 

errors, exchange outages, flash crashes, listing events, or very thin trading activity. Winsorizing, 
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rather than trimming, preserves the full number of data points while limiting the effect of 

outliers on regression estimates and factor premia. 

4.2.4 Survivorship Bias 

Survivorship bias arises when an empirical sample systematically over-represents assets that 

survived to the end of the observation period while under-representing those that failed, were 

delisted, or otherwise ceased to be tracked. In this study, the bias enters through the 

construction of the underlying coin universe. As described in Section 4.2.1, the 149-coin price 

dataset is drawn from Yahoo Finance's market-capitalisation ranking as observed in late 2025, 

meaning that membership of the universe is conditional on a coin still being listed and tracked 

at the end of the sample period. 

It is important to distinguish this problem from look-ahead bias in the ranking procedure. The 

annual rebalancing design described in Section 4.2.2 eliminates look-ahead bias by using 

market capitalisations observed on 1 January of each cohort year to rank and select coins, so 

no future price information influences which coins enter the working universe for a given year. 

However, annual rebalancing cannot reintroduce coins for which Yahoo Finance has no 

historical price record. A coin that was large in early 2022 but subsequently collapsed and was 

delisted cannot be assigned to the 2022 cohort, regardless of the rebalancing procedure, because 

historical return data are not available in the source dataset. Survivorship bias and look-ahead 

bias are therefore separate problems requiring separate acknowledgment. 

The most consequential missing observation is the Terra ecosystem. Before its collapse in May 

2022, LUNA was a top-ten cryptocurrency with a market capitalisation in the tens of billions 

of US dollars. It would unambiguously have satisfied the inclusion criteria for the 2021 and 

2022 cohorts. Its near-total loss of value within a single week is precisely the type of extreme 

negative observation that a survivorship-free sample would contain. Comparable reasoning 

applies to the FTX-issued exchange token FTT, which became effectively worthless following 

the FTX bankruptcy in November 2022, and to a number of smaller coins delisted during the 

2022 bear market. The observations omitted by this limitation are not randomly distributed: 

they are concentrated in the left tail of the return distribution and, in calendar terms, in the 2022 

bear-market regime. 

The direction and magnitude of the resulting bias can be predicted for each component of the 

empirical analysis: 
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• Average returns and factor premia are upwardly biased. Excluding failed coins — 

which by definition earned large negative returns — mechanically raises the measured 

average return across all factor portfolios. This affects all three factors (MKT, SMB, 

and WML) and is most pronounced in the 2022 Bear regime. 

• The size premium (SMB) is particularly susceptible. Failed coins were typically small- 

or mid-capitalisation assets. Their omission removes part of the small-cap left tail, 

potentially overstating the return advantage of small coins relative to large coins. The 

estimated SMB premium should therefore be read as an upper bound. 

• The severity of the 2022 Bear regime is understated. Because the omitted coins are 

disproportionately concentrated in 2022, the bear-regime market return and the 

corresponding dummy-variable coefficients are less negative than they would be in a 

survivorship-free sample. This means the degree of regime instability documented in 

Chapter 5 is, if anything, conservative: the true contrast between bear-market and other 

regimes is likely larger. 

• Market beta and momentum ordering results are expected to be more robust to the bias. 

The market beta depends on the direction of co-movement with the aggregate market, 

not on the level of returns, and momentum rankings depend on the relative ordering of 

coins rather than on their absolute return levels. Both are less sensitive to the systematic 

exclusion of the left tail. 

This limitation is shared to varying degrees with most existing cryptocurrency asset-pricing 

studies, including Liu et al. (2022), whose universe is similarly assembled from coins available 

at the time of data collection. Acknowledging the bias explicitly is therefore important for 

correctly interpreting the magnitude of the estimated factor premia. Readers should treat the 

return-level estimates reported in Chapter 5, and in particular the 2022 bear-regime figures, as 

conservative lower bounds on downside risk rather than as precise estimates of the true 

population parameters. The robustness tests in Section 4.7 vary the modeling assumptions. Still, 

they cannot substitute for a survivorship-corrected dataset, which would require reconstructing 

the exact point-in-time composition of the cryptocurrency market from a delisting-inclusive 

historical data source. This approach was not feasible with the data available for this study. 
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4.3 Factor Construction 

Three factors are constructed largely following Liu et al. (2022) throughout this section, with 

one modification: the momentum formation window is set to 30 trading days rather than the 

longer window used in Liu et al., reflecting the shorter horizon return dynamics typical of 

cryptocurrency markets. Let i = 1, ..., N denote the coins in the working universe on day t, let 

r_{i,t} denote the daily log return of coin i on day t, and let MC_{i,t} denote its market 

capitalisation at the end of day t. All portfolio sorts are performed using information available 

before the return measurement period, ensuring no look-ahead bias enters the factor 

construction. Table 2 summarises the notation used throughout. 

Symbol Definition 

i = 1, ..., N_t Coins in the working universe on day t (N_t ≤ 149) 

t = 1, ..., T Trading days in the sample: T ≈ 2,191 (Jan 2020 – Dec 2025) 

r_{i,t} Daily log return: r_{i,t} = ln(P_{i,t} / P_{i,t−1}) 

MC_{i,t} Market capitalisation of coin i at the end of day t (USD) 

p_k(·) k-th percentile of the cross-sectional distribution on day t 

S_t, B_t Small-cap and large-cap portfolio sets on day t (bottom/top 30% 

by MC) 

W_t, L_t Winner and loser portfolio sets on day t (top/bottom 30% by 

prior-30d return) 

mom_{i,t} Momentum signal: cumulative log return over [t−31, t−2] (skip-

day) 

Table 2: Variable Notation 

4.3.1 Market Factor (MKT) 

The market factor (MKT) represents the overall return of the cryptocurrency market. It is 

constructed as the value-weighted average return of all cryptocurrencies in the sample on each 

trading day. This factor captures the general market movement and serves as the 

cryptocurrency equivalent of the market portfolio in the Capital Asset Pricing Model (CAPM). 

The weights are based on lagged market capitalisation, meaning the market value observed at 

the end of day t − 1 is used to calculate the return on day t. This prevents a mechanical 
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relationship between a coin’s same-day return and its portfolio weight, helping avoid look-

ahead bias. 

The market factor is calculated as: 

𝑀𝐾𝑇# =2𝑤!,#$%
!

⋅ 𝑟!,#		. . . . . . . . . . . . . . . . . . . . . . (2) 

 

where the portfolio weight for each coin is defined as: 

𝑤!,#$% =
𝑀𝐶!,#$%
∑ 𝑀𝐶&,#$%&

, 	 2𝑤!,#$%
!

= 1. . . . . . . . . . . . . . . . . . . . . . (3) 

Here, represents the market capitalisation of coin i at the end of day t − 1, and the 

denominator sums the market capitalisation of all coins in the sample. The condition that all 

weights sum to one ensures that the market factor represents a fully invested long-only portfolio. 

In practical terms, MKTₜ reflects the return an investor would earn by holding the entire 

cryptocurrency market in proportion to the economic size of each coin. 

 

4.3.2 Size Factor (SMB – Small Minus Big) 

The size factor (SMB) measures whether smaller cryptocurrencies earn higher average returns 

than larger ones. It follows the same idea as the traditional Fama–French size factor, but uses 

cryptocurrency market capitalisation rather than firm size. 

On each day t, all cryptocurrencies are ranked by their lagged market capitalisation . 

The bottom 30 % from the small-cap portfolio ( ), and the top 30 % from the large-cap 

portfolio ( ). The middle 40 % are excluded to create a clearer separation between small and 

large coins and reduce overlap between the groups. 

The portfolio groups are defined as: 

𝑆# = {𝑖:𝑀𝐶!,#$% ≤ 𝑝'((𝑀𝐶#$%)}. . . . . . . . . . . . . . . . . . . . . . (4) 

𝐵# = {𝑖:𝑀𝐶!,#$% ≥ 𝑝)((𝑀𝐶#$%)}. . . . . . . . . . . . . . . . . . . . . . (5) 

where and represent the 30th and 70th percentiles of the cross-sectional market 

capitalisation distribution. 

Both portfolios are equally weighted rather than value weighted. This prevents the small-cap 

portfolio from being dominated by the few larger coins near the bottom of the bottom group 

and allows the factor to capture the true small-cap effect better. 

The SMB factor return is calculated as: 
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𝑆𝑀𝐵# =
1
|𝑆#|

2𝑟!,#
!∈+!

−
1
|𝐵#|

2 𝑟!,#
!∈,!

	 . . . . . . . . . . . . . . . . . .		(6)	 

A positive SMBₜ means that small-cap cryptocurrencies outperformed large-cap 

cryptocurrencies on that day. 

4.3.3 Momentum Factor (WML – Winners Minus Losers) 

The momentum factor (WML) measures whether cryptocurrencies with strong recent past 

performance continue to outperform those with weak past performance. Since momentum is 

based entirely on past returns, it is the most directly transferable traditional factor to 

cryptocurrency markets. 

For each coin, the momentum signal is calculated as the cumulative log return over the previous 

30 trading days, excluding the most recent day. This one-day gap is called the “skip day” and 

is used to reduce the short-term reversal effect documented by Jegadeesh (1990), where assets 

that perform strongly in the very short run often reverse immediately afterward. 

The momentum signal is defined as: 

𝑚𝑜,𝑚 − 𝑖, 𝑡. =, 𝑘 = 2 − 31−, 𝑟 − 𝑖, 𝑡 − 𝑘	. . . . . . . . . . . . . . . . . . . . (7) 

This means the signal includes returns from day t − 31 through day t − 2 but excludes day t − 

1. Momentum is calculated only when at least two-thirds of the required past-return 

observations are available, and to avoid unnecessarily excluding assets with short data 

interruptions, missing values within the window are treated as zero solely for the purpose of 

constructing the signal. 

Cryptocurrencies are then ranked daily based on this momentum signal. The top 30 % form the 

winner portfolio ( ), and the bottom 30 % form the loser portfolio ( ). The middle 40 % are 

excluded. 

The momentum factor return is calculated as: 

𝑊𝑀𝐿# =
1
|𝑊#|

2 𝑟!,#
!∈-!

−
1
|𝐿#|

2 𝑟!,#
!∈.!

	 . . . . . . . . . . . . . . . . .		(8) 
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A positive WMLₜ indicates that past winners outperformed past losers, which supports the 

presence of short-term return continuation. In cryptocurrency markets, this effect is often 

strengthened by retail investor behaviour, herding, and attention-driven trading. 

Factor Long Portfolio Short Portfolio Ranking Variable Weighting 

MKT 
All coins (long 

only) 
— N/A 

Value-weighted 

(lagged market cap) 

SMB 
Bottom 30% by 

market cap 

Top 30% by market 

cap 

Lagged market 

capitalisation 
Equal-weighted 

WML 
Top 30% by prior 

30-day return 

Bottom 30% by prior 

30-day return 

Cumulative return 

[t−31, t−2] 
Equal-weighted 

Table 3: Summary of Factor Construction 
 

4.4 Empirical Framework 

This section explains how the factor model is tested empirically. The analysis uses two 

complementary methods: time-series factor regressions and Fama–MacBeth cross-sectional 

regressions. The time-series regressions examine whether individual cryptocurrencies are 

exposed to the three constructed factors, while the cross-sectional regressions test whether 

investors are rewarded for taking that factor exposure. Together, these methods allow the study 

to evaluate both factor relevance and factor pricing. 

4.4.1 Time-Series Factor Regressions 

The first step is to estimate the strength of each cryptocurrency's relationship with the three 

factors: market (MKT), size (SMB), and momentum (WML). This is done using a standard 

time-series regression where each coin’s excess return is regressed on the three factors 

simultaneously. 

The regression model for cryptocurrency i is: 

𝑟!,#/ = α! + β!MKT𝑀𝐾𝑇#/ + β!SMB𝑆𝑀𝐵# + β!WML𝑊𝑀𝐿# + ε!,#	. . . . . . . (9) 

where is the daily risk-free rate (overnight US Federal Funds rate divided by 365), αᵢ is 

Jensen's alpha and measures the average return that the three factors cannot explain.  βᵢᴷ is the 

loading of coin i on factor K ∈ {MKT, SMB, WML}, and εᵢ,ₜ is a zero-mean error term. The 

model is estimated separately for each cryptocurrency 𝑖using ordinary least squares (OLS).  

The main null hypothesis is that all alphas are equal to zero: 
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𝐻(: α! = 0	 for	all	𝑖 

The GRS Test was developed by Gibbons, Ross, and Shanken in 1989 as a joint hypothesis 

test. The GRS test assesses whether a given asset pricing model has sufficient explanatory 

power for expected returns across various assets. In this research, the GRS test will examine 

whether Jensen's alphas from the time-series regression for each coin are jointly zero. If the 

null hypothesis is rejected, then there is a systematic pricing error that the three-factor model 

leaves unexplained. However, because performing the GRS test on all 121 cryptocurrencies 

may introduce instability due to high dimensionality and cross-correlation among the portfolios, 

the test will be applied to 10 characteristics-sorted portfolios, consisting of five size-sorted 

quintiles and five momentum-sorted quintiles. 

The GRS statistic is defined as: 

𝐺𝑅𝑆 =
𝑇 − 𝑁 − 𝐾

𝑁 (1 + µ89̀ Ω8$%̀µ8b)
$%
α9cΣ$%̀αe. . . . . . . . . . . . . . . . . .		(10) 

where is the number of time periods, is the number of test portfolios,   is the number 

of factors, is the vector of sample factor means, is the covariance matrix of factor returns, 

is the vector of estimated intercepts, and is the covariance matrix of regression residuals. 

Under the null hypothesis, the statistic follows a distribution. 

A statistically significant GRS indicates that the model fails to fully explain expected returns, 

whereas a failure to reject the null supports the adequacy of the three-factor specification. 

Standard errors for all individual coefficient estimates are computed using the Newey & West 

(1987) heteroskedasticity and autocorrelation consistent (HAC) covariance estimator with L = 

5 lags: 

𝑉̂H ᴬᶜ		 = 		 (𝑋′𝑋)⁻¹	 · 	Ŝ	 · 	 (𝑋′𝑋)⁻¹  . . . . . . . . . . . . . . . . . . . . . . . . ..(11) 

where Ŝ = Γ̂₀ + Σₗ₌. . .. l/(L+1)) · (Γ̂ₗ + Γ̂ₗ′), and Γ̂ₗ = (1/T) Σₜ x̂ₜ x̂ₜ₋ₗ′ is the l-th sample 

autocovariance of the score vector. This correction is necessary because cryptocurrency daily 

returns exhibit pronounced volatility clustering (ARCH effects) and serial dependence, which 

would cause conventional OLS standard errors to understate coefficient uncertainty. 

4.4.2 Fama–MacBeth Cross-Sectional Regressions 

Time-series regressions show whether cryptocurrencies are exposed to the factors, but they do 

not show whether investors are compensated for holding those risks. To test whether the factors 

are actually priced in the market, the study uses the two-pass regression procedure developed 

by Fama & MacBeth (1973). 
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This method answers a different question: do cryptocurrencies with higher exposure to market, 

size, or momentum risk earn higher average returns? 

Pass 1: Beta Estimation 

In the first step, factor betas are estimated for each cryptocurrency using rolling time-series 

regressions over the previous 180 trading days. This allows factor exposure to change over 

time rather than assuming it is constant for the full sample. 

The beta estimation is written as: 

, , 𝛽 − 𝑖, 𝑡. . =, , , 𝑋 − 𝑖, 𝑡 −′. , 𝑋 − 𝑖, 𝑡. . − − 1. , 𝑋 − 𝑖, 𝑡 −′. , 𝑅 − 𝑖, 𝑡. . . . . . . . . . . . . . . . . . (12) 

where contains the factor returns over the previous 180 days and contains the 

corresponding excess returns for cryptocurrency i. This produces a time-varying beta estimate 

for each factor and each coin. Using rolling betas is important because cryptocurrency markets 

change rapidly, and factor exposures can vary significantly between bull and bear markets. 

Pass 2: Cross-Sectional Pricing 

In the second step, the estimated betas are used in a daily cross-sectional regression across all 

cryptocurrencies: 

𝑟!,# = γ(,# + γ%,#β:,#MKTs +γ;,#β:,#SMBs+γ',#β:,#WMLs +𝑢!,#	. . . . . . . . . . . . . . . . . . (13) 

Here, is the intercept, while , , and represent the daily price of risk for each factor. 

These coefficients show whether higher exposure to a factor is associated with higher expected 

returns. 

Risk Premia Estimation 

The final factor risk premium is calculated as the average of the daily cross-sectional 

coefficients over the full sample: 

γ<uuu =
1
𝑇2γ<,#b 		

=

#>%

. . . . . . . . . . . . . . . . . . . . . .		(14) 

A t-test of H₀ : γ̄ₖ = 0 uses the Shanken (1992) corrected standard error that accounts for the 

errors-in-variables (EIV) problem arising from using estimated betas in the second pass: 

𝑉𝑎𝑟_𝑆ℎ𝑎𝑛𝑘𝑒𝑛	(𝛾̄k ) 	= 	 (1/𝑇²) 	 · 	𝛴ₜ	(𝛾̂k , ₜ	 − 	𝛾̄ₖ)²	 · 	 (1	 + 	𝛾̄ᶠ′	𝛺̂ᶠ⁻¹	𝛾̄ᶠ). . . . . . . . . . . . . . . .  (15) 

 

where γ̄ᶠ = (γ̄₁, γ̄₂, γ̄₃)′ is the vector of estimated factor premia and Ω̂f  is the sample covariance 

matrix of factor returns. The correction factor (1 + γ̄ᶠ′ Ω̂f ⁻¹ γ̄ᶠ) inflates the standard errors relative 

to the naive Fama-MacBeth standard errors and is larger when the signal-to-noise ratio of the 
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factor premia is higher. A positive and significant γ̄ₖ is interpreted as evidence that investors 

require compensation for exposure to factor k, i.e., that the factor is priced in the cross-section. 

For robustness, we complement the Fama-MacBeth regressions with decile portfolio sorts. 

Coins are sorted into 10 groups based on their estimated factor loadings, and we report the 

value-weighted return spread between deciles 10 and 1. Portfolio sorts reduce the influence of 

estimation error in individual betas and provide a model-free, non-parametric check on the 

parametric Fama-MacBeth results. 

4.5 Market Regime Analysis 

This research differs from prior studies by explicitly examining regime dependence in 

cryptocurrency factor pricing. While most existing studies assume that factor premia remain 

stable throughout the sample period, this thesis investigates whether factor relationships change 

across structurally distinct market conditions. Specifically, we tested whether the estimated 

relationships remained valid across five sub-periods, each corresponding to distinct market 

conditions. Each sub-period was identified based on identifiable structural events rather than 

statistical breakpoint detection. We chose specific sub-periods around structural events that 

were ex ante identifiable. In contrast, statistical breakpoint analysis may have led to an 

overfitting of the return data. 

We used three well-documented structural events in establishing our sub-periods. Overall, our 

sample period can be broken down into five regimes. Our COVID regime includes the entirety 

of calendar year 2020. This included both the March 2020 crash and the subsequent recovery 

(Caferra & Vidal-Tomás, 2021). Our Bull I regime consists of the calendar year 2021, which 

is noted as the first major bull run in the sample period. Bitcoin reached consecutive record 

high prices in 2021. As such, 2021 also saw the emergence of decentralized finance (DeFi) and 

non-fungible tokens (NFTs) as two new submarkets (Nadini et al., 2021; Schär, 2021). 

Our Bear regime covers the calendar year 2022. We define our Bear regime around the collapse 

of Terra/LUNA in late May 2022 and the FTX bankruptcy in late November 2022. These two 

events are well-documented in academic literature as being responsible for driving the 2022 

"crypto-winter" (Briola et al., 2023; Vidal-Tomás et al., 2023). Our Bull II regime is defined 

as the calendar year 2023. Our Bull II regime defines a second, distinct bull run in which prices 

rose dramatically and recovered much of the losses incurred during the bear market. Despite 

renewed stress from failures of several U.S.-based crypto-sensitive banks in early March 2023, 



 

- 40 - 
  

the price appreciation in 2023 was substantial enough to offset the renewed investor stress. 

Separating 2023 as a regime unto itself allows us to distinguish between the post-crisis rebound 

of 2023 -- in which previously distressed assets experience dramatic rebounds, and when 

momentum strategies are particularly susceptible to reversals (Daniel & Moskowitz, 2016) , 

and the institutionally driven phase that ensues. Finally, we define our Recovery regime as 

spanning January 2024 to December 2025, beginning with the approval of spot Bitcoin 

exchange-traded funds (ETFs) by the United States Securities and Exchange Commission on 

January 10th, 2024, the most significant single regulatory development in the 

institutionalization of cryptocurrency markets during our sample period (U.S. Securities and 

Exchange Commission, 2024). During this period, the cryptocurrency space regained its former 

highs after a prolonged decline. It continued to rise, supported by inflows of institutional capital 

via regulated investment vehicles and a broadening of market microstructure. 
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Within each regime, we re-estimate equations (9) and (13) using only time series observations 

falling within that sub-sample. Furthermore, we calculate annualized factor premia for each 

regime by multiplying the average daily factor returns by 365. Similarly, we compute t-

statistics as ratios of mean daily returns to their Newey-West standard errors. Thus, we present 

a description of factor performance across regimes that is on the same scale as annualized 

equity factor premia reported in other studies. 

Regime Period Key Events Characterization 

I – COVID Jan 2020 – Dec 

2020 

COVID-19 crash (Mar 2020), 

monetary stimulus 

Extreme volatility, 

rapid recovery 

II – Bull I Jan 2021 – Dec 

2021 

All-time highs, DeFi/NFT 

boom, institutional inflows 

First bull market, 

rising correlation 

with TradFi 

III – Bear Jan 2022 – Dec 

2022 

Terra/LUNA collapse (May 

2022), FTX collapse (Nov 

2022) 

Severe contraction, 

contagion, liquidity 

stress 

IV – Bull II Jan 2023 – Dec 

2023 

Strong 2023 rally, US 

banking-sector stress (Mar 

2023) 

Second bull market, 

strong price 

appreciation 

V – Recovery Jan 2024 – Dec 

2025 

Spot Bitcoin ETF approval 

(Jan 2024), new all-time highs 

Recovery past prior 

highs, 

institutionalising, 

and maturation 

Table 4: Market Regime Definitions 

4.6 Dummy Variable Regressions 

To examine whether factor returns and factor relationships differ significantly across market 

regimes, we will estimate two dummy-variable regression models. These regressions address 

the regime-stability question through a formal quantitative test rather than descriptive sub-

period comparisons. Dummy variables provide a means of testing regime instability through a 

statistical process that can be compared to the descriptive sub-period comparison presented 
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previously. Additionally, the use of dummy variables represents a methodological innovation 

compared with previous studies (Liu et al., 2022) that did not include formal tests of regime 

differences. 

We have designated the COVID regime (January–December 2020) as our base reference 

category since it was the most extreme and distinct market regime within the data set. We 

created four additional dummy variables representing each of the other four non-base regimes:  

• D_(Bull I) = 1 for all observations from January–December 2021 and 0 otherwise 

• D_Bear = 1 for all observations from January–December 2022 and 0 otherwise 

• D_(Bull II) = 1 for all observations from January–December 2023 and 0 otherwise 

• D_Recovery = 1 for all observations from January 2024–December 2025 and 0 

otherwise 

Since the COVID regime will remain the omitted base category, each dummy variable 

coefficient will represent the difference in the respective quantity relative to the COVID 

reference point. 

Type 1: Factor Premium Regression.  

The first model tests whether the daily return of each factor differs statistically from the COVID 

baseline across the four subsequent regimes: 

𝐹<,# = α< + β<,%𝐷,?@@A,# + β<,;𝐷,/BC,# + β<,'𝐷,?@@AA,# + β<,D𝐷E/FGH/CI,# + ε<,#	….. (16) 

 

Where, 𝛼< represents the average daily factor return during the COVID regime. 

𝛽!,#, 𝛽!,$ , 𝛽!,% and 𝛽!,& capture the change in average daily factor returns during the Bull 

I, Bear, Bull II, and Recovery regimes, respectively, relative to the COVID baseline. 

 

A statistically significant βⱼ indicates that the factor premium in regime j is significantly 

different from the COVID baseline. This regression is estimated separately for each of the three 

factors, MKT, SMB, and WML, using Newey-West standard errors with a lag length of five 

days. 

 

Type 2: Interaction Regression. 
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The second model tests whether the relationship between each factor and individual 

cryptocurrency excess returns changes across regimes. For each coin i, the full interaction 

model is: 

𝑟!,#/ = α! + β!,%𝑀𝐾𝑇# + β!,;𝑆𝑀𝐵# + β!,'𝑊𝑀𝐿# + β!,D(𝑀𝐾𝑇# ⋅ 𝐷,?@@A) + β!,J(𝑆𝑀𝐵# ⋅ 𝐷,?@@A)

+ β!,K(𝑊𝑀𝐿# ⋅ 𝐷,?@@A) + β!,)(𝑀𝐾𝑇# ⋅ 𝐷,/BC) + β!,L(𝑆𝑀𝐵# ⋅ 𝐷,/BC)

+ β!,M(𝑊𝑀𝐿# ⋅ 𝐷,/BC) + β!,%((𝑀𝐾𝑇# ⋅ 𝐷,?@@AA) + β!,%%(𝑆𝑀𝐵# ⋅ 𝐷,?@@AA)

+ β!,%;(𝑊𝑀𝐿# ⋅ 𝐷,?@@AA) + β!,%'(𝑀𝐾𝑇# ⋅ 𝐷E/FGH/CI)

+ β!,%D(𝑆𝑀𝐵# ⋅ 𝐷E/FGH/CI) + β!,%J(𝑊𝑀𝐿# ⋅ 𝐷E/FGH/CI) + ε!,#	. . . . . . . . . (17) 

 

Where 𝑟!,#/ denotes the excess return of cryptocurrency 𝑖on day 𝑡, calculated as the raw return 

minus the daily risk-free rate. The coefficients 𝛽!,%, 𝛽!,;, and 𝛽!,'represent the baseline factor 

loadings on the MKT, SMB, and WML factors for the first regime in which the cryptocurrency 

is observed. For coins present during the COVID period, this corresponds to the COVID regime 

and for other coins entering the sample in later years, the baseline corresponds to the first 

regime in which the asset satisfies the sample-selection criteria. The interaction terms capture 

how these factor sensitivities change in the Bull I, Bear, Bull II, and Recovery regimes relative 

to the COVID baseline. Each interaction term is constructed as the product of a factor (MKT, 

SMB, or WML) and a regime dummy. For example, the coefficient 𝛽!,D measures the 

incremental change in the MKT loading during the Bull I regime, while 𝛽!,)and 𝛽!,%(measure 

the corresponding changes during the Bear and Bull II regimes. Similarly, 𝛽!,%Jcaptures the 

change in the WML loading during the Recovery regime. A statistically significant interaction 

coefficient indicates that the relationship between the factor and cryptocurrency excess returns 

differs significantly from the COVID benchmark regime. 

4.7 Robustness and Limitations 

Three sets of sensitivity tests are conducted to assess whether the overall conclusions depend 

on any specific model assumptions. Each test changes just one assumption while keeping all 

others fixed. Consistent conclusions in all tests will provide evidence that the results are not 

artifacts of the original design. 

Alternative portfolio construction. In the base case, SMB and WML factor portfolios are 

created using the 30th and 70th percentiles. Specifically, the bottom 30% of coins are assigned 

to the small or loser portfolio, and the top 30% are assigned to the large or winner portfolio. 
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An alternative set of percentiles (20th and 80th) is used to create the portfolios. By creating a 

greater distance between the long and short sides of the factors, we test whether our results 

depend on the selected breakpoints. 

Alternative momentum formation windows. The base-case momentum signal is formed from 

the cumulative log returns of a cryptocurrency over the prior 30 trading days (excluding the 

skip day). The two alternative time frames tested were a 14-trading-day window and a 60-

trading-day window. Cryptocurrency momentum was found by Liu et al. (2022) to operate over 

a shorter horizon than equity momentum; however, the optimal horizon remains unclear. 

Testing three different windows allows us to determine whether the patterns of continuation or 

reversal observed in the base case reflect actual return dynamics or are artifacts of the selected 

horizon. 

Alternative Newey-Wests lag lengths. The base-case standard-error calculation uses the 

Newey-West estimator with a lag truncation parameter L = 5. Since this estimate follows the 

Newey-West (1994) "rule-of-thumb" for a sample size around 2000, we also tested L = 3 and 

L = 10. Only the standard error calculations change when varying lag lengths, since the 

estimated coefficients do not. Thus, this test is designed to ensure that the statistical inference 

regarding factor premia is not dependent upon the level of autocorrelation adjustment. 

There are some constraints regarding how far we have gone in this study that need to be 

recognized. Survivorship bias is discussed in detail in Section 4.2.4. Briefly, since our sample 

consists of cryptocurrencies that were available on Yahoo Finance at the conclusion of the 

sample period (i.e., December 2025), those cryptocurrencies that went bankrupt, lost their 

listing, or otherwise became unavailable during 2020 – 2025 (most particularly, Terra/LUNA) 

will be missing from our sample. We believe this would lead to higher-than-average returns 

measured for our sample, as well as a reduction in the upside/downside volatility we measure; 

we also believe this would result in our understating how severe the crypto bear market was in 

2022. The annual/look-back design of our universe rankings minimizes look-ahead bias in 

forming them, but it cannot replace historical records that have been lost due to a lack of 

history. Therefore, we want readers to keep in mind that our estimates of downside risk reported 

in Chapter 5 should be viewed as conservative. 

In addition, liquidity is another constraint. Within our largest group of 149 coins, many have 

much lower trading volume than Bitcoin or Ethereum. When we construct our factor portfolios, 

they inherently assume that you can buy into and sell out of your position at the same closing 
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prices, which is not always possible for smaller coins without affecting the price. Our reported 

factor returns are thus best interpreted as statistical signals rather than potential investment 

opportunities. 

We acknowledge a final constraint related to our reliance on Yahoo Finance as our principal 

data source. While our use of Yahoo Finance helps reduce dependence on a single-source 

aggregation methodology, it does introduce a degree of uncertainty about how Yahoo Finance 

aggregates prices. For example, Yahoo Finance averages prices across exchanges, but we don’t 

know exactly how it weighs them; methodological differences across sources could produce 

minor discrepancies in calculated returns. However, using the Binance Public API as an 

independent verification source reduces this problem but does not eliminate it. 

Although these constraints limit us somewhat, we believe that the combination of a six-year-

long daily dataset containing the 121 unique cryptocurrencies, a systematic procedure for 

constructing factors based on established practices, and a structured approach to analysing data 

across regimes provides a strong empirical foundation for answering the research questions 

posed in Chapter 1. 
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5. Empirical Findings 

5.1 Overview of Empirical Strategy 

This chapter presents the empirical results of the cryptocurrency factor pricing analysis 

described in Chapter 4.  All daily factor returns, factor regression results, GRS test statistics, 

Fama-MacBeth premia, and dummy regression coefficients reported below are computed using 

the R implementation and applied to the working data panel of 121 cryptocurrencies and 

217,029 coin-day observations. A data-quality guard described in Section 5.2.1 is applied to 

neutralize three artefactual same-day price collapses that originate from token-contract 

redenomination rather than market events. All inference uses Newey & West 

(1987)heteroskedasticity- and autocorrelation-consistent standard errors with a Bartlett kernel 

and a lag truncation of five days, as specified in Chapter 4. 

5.2 Factor Construction and Descriptive Statistics 

5.2.1 Factor summary statistics 
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Table 5 reports descriptive statistics for the three constructed factors. The mean daily factor 

return is annualised by multiplying by 365, reflecting the continuous trading calendar of 

cryptocurrency markets. The Sharpe ratio is computed as the ratio of annualised mean to 

annualised standard deviation. Skewness is reported in standardized form, and excess kurtosis 

is reported relative to a normal benchmark of three. The reported t-statistic is the simple ratio 

of the mean to its standard error and serves as a preliminary indicator; formal inference using 

Newey-West standard errors is presented in the regression results below. 

Factor MKT^e SMB WML 

Observations 2191 2191 2191 

Mean (daily) 0.00064 0.000654 0.000468 

Mean (annualised %) 23.361318 23.881825 17.073603 

Std dev (daily) 0.04 0.015704 0.019361 

Std dev (annualised) 0.764198 0.300026 0.369887 

Sharpe (annual) 0.305697 0.795991 0.46159 

Skewness -1.318153 0.203831 0.171145 

Excess kurtosis 19.494471 3.576132 3.067547 

Min (daily) -0.50688 -0.098909 -0.095415 

Max (daily) 0.286214 0.089365 0.108707 

t-stat (mean/SE) 0.748973 1.950217 1.130919 
Table 5: Summary statistics of the constructed daily factor return series 

Three important observations can be made based on the data presented in Table 5. First, there 

appears to be a positive size effect, or "small-cap" effect, as the size factor (SMB) has generated 

an annual premium of about 23.9%, with a Sharpe ratio of just under 0.8 and a t-statistic of 

1.95. These results are somewhat consistent with the findings of Liu et al. (2022), who reported 

similar evidence of this effect in prior crypto samples. This indicates that smaller 

cryptocurrencies generally outperformed larger ones over the sample period. Second, there was 

a positive but relatively weak premium associated with the market factor (MKT) of about 

23.4% annually, with a low Sharpe ratio (0.31) and very low t-statistic (0.75). This low 

statistical significance is likely due to the high degree of volatility of the cryptocurrency 

markets (an annualised  SD of 76.4%), coupled with the severe declines experienced in the 

early stages of the COVID-19 pandemic of March 2020 and in the bear market of 2022. As 

such, while the mean was economically positive for MKT, it was not significantly different 

from zero when considering the entire sample. Lastly, although the momentum factor (WML) 

earned a small positive average premium of roughly 17.1% annually, its t-statistic indicated no 
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difference from zero. The interpretation of the momentum factor was also complicated by the 

cross-sectional variation observed in the factor loadings. A detailed examination of these 

patterns is provided in Section 5.3. 

In terms of distributional characteristics, each factor exhibited non-normality (i.e., lack of 

normality) in the cryptocurrency returns. In particular, the market factor displayed strong 

negative skewness (-1.32) and extreme excess kurtosis (19.5). These characteristics indicate 

that cryptocurrency returns are asymmetrical and exhibit fat tails. Both of these extreme values 

were driven by two large negative observation periods: the COVID-19 crash date of 12 Mar. 

2020 (MKT^e = -0.51) and the 19 May 2021 China crypto-mining ban (MKT^e = -0.28). Each 

of these events represents systemic crises documented by contemporary media outlets at the 

time. While neither SMB nor WML exhibited similar extreme levels of excess kurtosis, as both 

approximated a value of about 3, they did display some modest positive skewness relative to 

the other factors. Therefore, these long-short factors appear less susceptible to crash-related 

risk at the aggregate level. 

 

Figure 1: Cumulative log returns of the three constructed factors over the sample period 

Figure 1 plots the cumulative log returns of each factor over the sample period, with the five 

regime boundaries marked. The SMB factor is the most consistent performer, accumulating 

positive returns through the COVID and Bull I regimes before peaking in late 2024 and giving 

back some gains in 2025. The momentum factor accumulates strongly during the COVID 

period before turning sharply negative during the 2022 Bear regime, the central regime-
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dependent pattern that motivates the formal regime analysis in Section 5.5. The market factor 

exhibits a roller-coaster pattern, peaking in early 2021, collapsing through 2022, and partially 

recovering thereafter. 

5.2.2 Factor correlations 

The Pairwise Pearson correlations among the three daily factor return series are low in absolute 

value, confirming that each factor captures a distinct dimension of cryptocurrency return 

variation. The correlation between MKT^e and SMB is approximately -0.029, between MKT^e 

and WML is approximately -0.057, and between SMB and WML is approximately -0.099. All 

three correlations are below 0.10 in absolute value, indicating that the three factors are nearly 

orthogonal in this sample and that any explanatory power they share with respect to individual 

coin returns must come from genuinely distinct economic risks rather than statistical overlap. 

This near-orthogonality also implies that multicollinearity will not distort the time-series factor 

regressions reported in Section 5.3 or the cross-sectional regressions in Section 5.4. 

5.3 Time-Series Factor Regressions 

The time-series regression in equation (9) is estimated separately for each of the 121 

cryptocurrencies in the working sample. Each regression yields an estimated alpha, three factor 

loadings, and four sets of Newey & West (1987) t-statistics. Table 6 reports the cross-sectional 

summary of these 121 coin-level regressions, distilling the distribution of each coefficient into 

three statistics: the mean, the percentage of coins with positive estimates, and the percentage 

of coins with significant estimates at the 5% level. 

Coefficient Mean % positive % significant (5%) N 
Alpha (daily) -0.00123 17.4% 28.1% 121 

Beta on MKT^e 1.0488 100.0% 100.0% 121 
Beta on SMB 0.4199 81.0% 72.7% 121 
Beta on WML -0.1522 10.7% 35.5% 121 

R-squared (mean / median) 0.437 / 0.439 - - 121 
Table 6: Cross-sectional summary of coin-level time-series regressions  

5.3.1 Market beta: universal positive and significant exposure 

The most striking result in Table 6 is the market factor loading. Each of the 121 

cryptocurrencies in our study had a positive statistical relationship with the overall 

cryptocurrency market (MKT^e) and was statistically different from zero at the .05 alpha level. 

Therefore, we know that there are no cryptocurrencies in our sample that do not respond 



 

- 50 - 
  

positively to general market movements. The mean and standard deviation of MKT^e are 1.049 

and 0.27, respectively. These numbers indicate that the average cryptocurrency has a daily 

movement rate of 1:1 with respect to the value weighted cryptocurrency market. Furthermore, 

the data suggest that there is very little variability in these daily movement rates (i.e., the 

majority of cryptocurrencies have a daily movement rate within ±.27 of the mean of 1.049). 

These results indicate that all cryptocurrencies exhibit strong and statistically significant co-

movement with the aggregate market, confirming the presence of a dominant systematic risk 

factor. In addition, unlike stock markets, where individual stocks tend to have significantly 

different levels of sensitivity to broad market movements (i.e., some defensive sectors may 

have beta values less than one; while high-growth sectors may have beta values greater than 

1.5); in our study, almost all of the cryptocurrencies move in unison, resulting in the fact that 

broad market movements explain a large amount of the variance in an individual coin’s daily 

returns. Our regression results also support this conclusion. As reported previously, the average 

R-squared for our time series models is 0.44. That is, nearly half of the variance in any given 

day's return of a specific coin is attributable to broad market movements. 

5.3.2 Size beta: positive but heterogeneous 

The pattern for the mean betas of size was also positive; however, it was less uniform. On 

average, the beta on SMB was 0.42, and 81.0% of the coins had a positive beta, and 72.7% 

were statistically significant at the 5% level. If you find that a coin has a positive beta on SMB, 

it indicates the coin tends to move similarly to, or comove with, the small-cap portfolio (i.e., 

when small caps do well, the coin will too). Since most coins in our data set are not among the 

largest by market value, we should expect most coins to exhibit dynamics similar to those of 

the smallest-cap stocks. That said, some coins have negative betas on SMB; primarily Bitcoin 

and Ethereum, as they are the largest of the two groups. 

5.3.3 Momentum beta: a near-universal negative loading 

The momentum factor loading is the most distinctive finding in the time-series regressions. 

The mean beta for the momentum factor (WML) was -0.152, indicating that only 10.7% of the 

coins in our sample loaded positively on WML, and only 35.5% of all coins loaded on WML 

significantly enough to be considered different from 0. Therefore, approximately 89% of the 

121 coins in our work sample loaded negatively on WML, with many of these loads being 
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sufficiently strong to be distinguished from 0. Thus, approximately 89% of the coins in our 

sample exhibited return reversals. Specifically, if an individual coin has outperformed other 

coins over a past period (i.e., is included in the "long" leg of WML), it is likely to perform 

relatively poorly compared to other coins in subsequent periods. Similarly, if an individual coin 

has performed relatively poorly compared to other coins over a previous period (i.e., is included 

in the "short" leg of WML), it is likely to perform relatively better than other coins in 

subsequent periods. 

Two distinct patterns are empirically evident. The first is that the WML factor itself (i.e., WML 

= portfolio returns to the top 30% of firms with the highest past returns minus portfolio returns 

to the bottom 30%) is defined as earning a small positive aggregate total return (that is, 

statistically indistinguishable from zero). This means that recent winners (on average) just 

slightly beat recent losers on a forward-looking basis. The second is that even though there is 

a small positive WML total return (in aggregate), each coin's return is negatively correlated 

with WML at the panel level. For example, if WML rises by 1 % on any single day, the average 

coin in our sample would fall by about 0.15 % relative to what we would otherwise predict 

based on its other factors. The WML total return is constructed using a long-short strategy, 

such that wins (i.e., positive returns on recent winner coins) contribute to the total return, 

whereas losses (i.e., negative returns on recent loser coins) reduce it. However, the individual 

coin return is much more likely to resemble the short leg or loser stocks rather than the long 

leg or winner stocks, thus illustrating the cross-sectional component of the momentum crash 

phenomenon identified by Daniel and Moskowitz (2016) within U.S. equity markets, wherein 

momentum strategies produce sharp reversals during stressful times. 

5.3.4 Alphas: pricing errors and the GRS test 

Approximately 28.1% of the 121 individual coin regressions yield statistically significant alpha 

estimates at the 5% level. The average daily alpha is −0.123%, but because the regression is 

estimated using daily excess returns, this value represents a daily pricing error rather than an 

economically meaningful abnormal return. The daily alpha reflects a small day-to-day pricing 

error in the regression, and not a real return. Hence, it does not provide meaningful information 

about long-run performance and is neither annualised nor interpreted economically. 

To evaluate whether these individual pricing errors are jointly zero, the Gibbons, Ross, and 

Shanken (1989) test is conducted. A joint test of whether the regression intercepts (alphas) are 
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jointly equal to zero is conducted on ten characteristics-sorted portfolios. Five of these 

portfolios are based on size-sorted quintiles, while the other five are based on momentum-

sorted quintiles. These portfolios are constructed by first calculating both the size and 

momentum characteristics for all N=121 cryptocurrency assets. Each of the N=121 

cryptocurrencies are then assigned to one of the two portfolio sets based on its size and 

momentum rankings. Once the portfolios have been defined, the Gibbons et al. (1989) test is 

applied to them using equation (10). 

The GRS statistics are calculated as F (10, 2178) = 2.345, with a p-value of 0.0095. Since we 

reject the null hypothesis of jointly zero alphas across the ten test portfolios at the 1% 

significance level, we conclude that the three-factor model leaves statistically significant 

pricing error unexplained, indicating the existence of additional risk dimensions beyond those 

captured by MKT, SMB, and WML. 

5.4 Fama-MacBeth Cross-Sectional Risk Premia 

The two-pass Fama-MacBeth procedure is executed using rolling 180-day first-pass beta 

windows. Out of 2,191 trading days in the sample, the first 180 days form the burn-in period 

during which betas accumulate, leaving 2,011 cross-sectional regressions available for second-

pass estimation. The cross-sectional regression on each post-burn-in date estimates an intercept 

and three slope coefficients on the estimated betas, yielding daily time series of risk premium 

estimates. The reported risk premium is the time-series average of the daily cross-sectional 

slopes, with standard errors computed both using the standard Fama-MacBeth formula and 

using the (Shanken, 1992) correction for errors-in-variables. 
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Table 7 reports the estimated risk premium. The Shanken correction factor (the multiplicative 

inflation of the FM standard error) is approximately 1.003 in this sample, reflecting the small 

magnitude of the squared standardised factor risk premia. Consequently, the Shanken-corrected 

t-statistics are very close to the uncorrected Fama-MacBeth t-statistics: the correction makes 

essentially no qualitative difference to inference in this application. 

Factor Mean daily 
premium 

Annualised 
(%) 

t 
(FM) 

t 
(Shanken

) 

T (cross-
sections) 

Shanken 
c 

Interce
pt 

0.00141 51.45 1.86 1.86 2011 1.003 

MKT -0.00136 -49.59 -1.44 -1.44 2011 1.003 
SMB 0.00022 8.04 0.63 0.63 2011 1.003 
WML 0.00101 36.87 1.73 1.72 2011 1.003 

Table 7: Fama-MacBeth cross-sectional risk premia  

 

The Fama-MacBeth cross-sectional results stand in sharp contrast to the time-series findings. 

Time series regression indicated each of the three factors was both economically and 

statistically important for explaining variation in cryptocurrency returns: all three had 

uniformly positive and statistically significant relationships with cryptocurrency return 

performance; the size factor consistently had a positive relationship with cryptocurrency 

returns in 81% of coins, while it was statistically significant in 73%; the momentum factor had 

a negative relationship with cryptocurrency returns in 89% of coins, while it was statistically 

significant in 36%. Conversely, none of the three factor premia were found to be statistically 

significant at the five percent level when testing them in cross-section: the market factor 

premium was negative and did not have statistical significance (t = -1.44); the size factor 

premium was very small and could not be distinguished from zero using statistical methods (t 

= 0.63); the momentum factor premium was positive, but only marginally so (only at a 10 

percent confidence interval) t = 1.73). 

In conjunction with these two sets of findings, the absence of cross-sectional evidence that their 

risk premia explain the differences in average returns among those same cryptocurrencies is 

one of the main empirical findings of this thesis. There is strong evidence that the three factors 

effectively capture how cryptocurrencies move together over time, and the high time-series R-

squared indicates that they must be capturing real patterns. However, there is also almost no 

evidence that these factors explain differences in average returns across individual 

cryptocurrencies. This mismatch between strong time-series fit and weak cross-sectional 
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pricing is similar to the result found in the U.S. stock markets, where the security market line 

is unusually flat (Frazzini & Pedersen, 2014). Therefore, this research provides evidence that 

the three factors describe how cryptocurrency returns move together but does not provide 

evidence that they represent priced risk factors. 

 

Figure 2: Cumulative average Fama-MacBeth risk premia over the sample period 

5.5 Regime-Specific Factor Premia 

The five regime sub-periods are now used to examine whether the descriptive factor returns 

reported in Section 5.2 are stable across market environments. For every factor and regime, 

Table 8 reports the annualised premium and a Newey-West t-statistic (five lags) testing the null 

hypothesis that the within-regime premium equals zero. Annualised premia are obtained by 

multiplying the mean daily factor return by 365, consistent with the continuous trading calendar 

of cryptocurrency markets. 

Regime Days MKT^e ann % t( NW) 
SMB 

ann % 
t(NW) 

WML 
ann % 

t(NW) 

COVID 366 65.71 0.81 45.83 1.09 126.67 3.19*** 

Bull I 365 103.55 0.85 104.75 2.19** 17.69 0.3 

Bear 365 -129.38 -1.83* 25.12 1.18 -18.72 -0.67 

Bull II 365 76.75 1.73* 23.64 1.1 -35.59 -1.63 

Recovery 730 11.71 0.33 -28.05 -1.68* 6.05 0.28 

Table 8: Regime-specific annualised factor premia across the five market regimes 
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Notes: Annualised factor premia are reported together with Newey–West (5-lag) t-statistics. ***, **, and * 

denote significance at the 1%, 5%, and 10% levels, respectively. 

The regime analysis reveals three key findings. First, the market factor exhibits substantial 

variation across regimes. Positive annualised market premia are observed in the COVID, Bull 

I, and Bull II, ranging approximately from +66% +104 %. In contrast, the bear regime of 2022 

records a large negative premium of -129%, which is marginally significant at 10% level (t = -

1.83). The Bull II period also has a marginally significant positive premium (+77, t=1.73). The 

remaining market premia are not statistically different from zero. Taken together, these results 

suggest that the market factor behaves very differently across market conditions. The positive 

returns earned during bull markets are largely offset by the severe losses experienced during 

the bear market, helping to explain why the full-sample market premium is not statistically 

significant. 

Second, the size factor (SMB) performs strongest during the Bull I regime. During this period, 

SMB earns an annualised premium of approximately +105% and is statistically significant at 

the 5% level (t = 2.19). In all other regimes, the SMB premium is statistically insignificant. 

Although the factor remains positive during the COVID, Bear, and Bull II periods, it becomes 

negative during the Recovery regime (−28%, t = −1.68). This reversal is consistent with the 

increasing concentration of institutional capital in larger cryptocurrencies during 2024–2025. 

The Recovery period begins shortly after the approval of spot Bitcoin exchange-traded funds 

(ETFs) in January 2024, an event that strengthened institutional access to the largest 

cryptocurrencies. Previous research suggests that as institutional participation increases, 

traditional small-cap return premia often weaken Chordia et al. (2014), which is consistent with 

the pattern observed here. 

Third, the momentum factor (WML) exhibits the strongest regime dependence of all three 

factors. During the COVID period, WML generates a highly significant annualised premium 

of approximately +127% (t = 3.19, p = 0.002). However, this strong performance does not 

continue in later regimes. The premium is small and statistically insignificant during Bull I 

(+18%) and Recovery (+6%), while turning negative during Bear (−19%) and Bull II (−36%). 

The COVID regime was characterised by extreme volatility, including a sharp market decline 

followed by a rapid recovery. Such environments have historically been favourable for 

momentum strategies in equity markets (Daniel & Moskowitz, 2016). The decline in the 

momentum premium from over +127 % annualised during COVID to negative territory in Bear 
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and Bull II is among the most economically significant regime shifts in the empirical results. 

 

Figure 3: Annualised factor premia by market regime, with Newey-West t-statistic 
 

5.5.1 Regime-specific time-series regressions 

The time-series factor regressions are re-estimated within each regime sub-period to examine 

how individual coin factor loadings shift across market environments. Table 9 summarizes 

the cross-sectional summary of these regime-conditional coin-level regressions. The number 

of coins in each regime reflects the rolling cohort universe: 65 coins in COVID, 90 in Bull I, 

104 in Bear, 105 in Bull II, and 119 in Recovery phase. The increasing sample size over the 

time reflect the entry of newer coins once they meet the cohort eligibility criteria 

Regime N coins Mean β MKT 

(% sig) 
Mean β 

SMB 
Mean β 

WML 
WML % 

neg 
WML % sig 

COVID 65 +0.974 (100%) +0.356 +0.14 23.1% 10.8% 

Bull I 90 +0.761 (100%) +0.257 +0.051 42.2% 15.6% 

Bear 104 +0.932 (100%) +0.311 -0.598 97.1% 73.1% 

Bull II 105 +1.186 (100%) +0.299 +0.087 33.3% 9.5% 

Recovery 119 +1.254 (100%) +0.641 -0.223 88.2% 47.9% 
Table 9: Cross-sectional summary of regime-conditional time-series factor regressions 
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Figure 4: Distribution of market beta by regime 

The most notable pattern in Table 9 is the behaviour of the momentum factor (WML). During 

the COVID, Bull I, and Bull II regimes, the average WML loading was slightly positive (+0.14, 

+0.05, and +0.09, respectively) while a small number of coins had a negative loading. In the 

bear regime, the mean WML loading falls to -0.60, while 97% of all coins were negatively 

loaded against the WML factor, and 73% were statistically significant at 5% level. This 

indicates a broad-based momentum reversal during the 2022 bear market, with the vast 

majority of cryptocurrencies moving in the opposite direction to the momentum factor. 

Although the effect weakens during the Recovery regime, it does not disappear. The average 

WML loading remains negative (–0.22), 88% of coins exhibit negative WML, and nearly half 

(48%) have statistically significant momentum loadings. These two findings suggest that 

momentum is highly sensitive to changing market conditions and is considerably less stable 

than the other factors examined in this study. 

On the contrary, the market beta remains remarkably stable throughout the regimes. Every 

cryptocurrency exhibits a positive and significant market beta in each regime, and the average 
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market betas range from 0.76 in Bull I to 1.25 in recovery. Figure 4 further illustrates that the 

distribution of market betas remains concentrated around positive values throughout the sample 

period, despite substantial changes in overall market conditions. 

The size factor (SMB) also exhibits greater stability than momentum. Average SMB loadings 

remain positive in every regime and gradually increase over time, rising from approximately 

+0.26 during Bull I to +0.64 during Recovery. While the economic importance of the size factor 

varies across regimes, its direction remains broadly consistent. 

Overall, the regime-specific regressions indicate that momentum is the factor most affected by 

changes in market conditions. Market and size exposures remain relatively stable across 

regimes, whereas momentum loadings shift sharply between positive and negative values. This 

finding reinforces the earlier evidence that momentum is the least robust of the three traditional 

factors when applied to cryptocurrency markets. 

5.6 Dummy Variable Tests of Regime Stability 

The descriptive regime patterns documented in Section 5.5 are formalized using the dummy-

variable regressions described in Section 4.6. The Type 1 factor premium regression tests 

whether each factor's mean daily return differs significantly across regimes relative to the 

COVID baseline. Table 10 reports the Type 1 regression coefficients with Newey-West (five-

lag) t-statistics. 

Factor Intercept 

(COVID) 
Δ Bull I Δ Bear Δ Bull II Δ Recovery 

MKT^e +0.00180 (0.81) +0.00104 (0.26) -0.00534 (-

1.81*) 
+0.00030 

(0.012) 
-0.00148 (-0.61) 

SMB +0.00126 (1.09) +0.00161 (0.93) -0.00057 (-0.44) -0.00061 (-0.47) -0.00202 (-1.64) 

WML +0.00347 

(3.19***) 
-0.00299  

(-1.55) 
-0.00398  

(-3.00***) 
-0.00445  

(-3.58***) 
-0.00330  

(-2.64***) 
Table 10: Type 1 dummy variable factor premium regressions  

Notes: The intercept is the COVID regime daily premium; each Δ column reports the difference between 

that regime and the COVID baseline. Each coefficient is shown with its Newey–West (5-lag) t-statistic in 

parentheses. ***, **, and * denote significance at the 1%, 5%, and 10% levels, respectively. 

The Type 1 regression results provide strong statistical support for the descriptive patterns 

reported in Section 5.5. Among the three factors, momentum (WML) exhibits the clearest 
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evidence of regime instability. During the COVID regime, the daily momentum premium is 

positive and highly significant at 0.347% (t = 3.19). Relative to this baseline, momentum 

performance declines substantially in all subsequent regimes. The Bear, Bull II, and Recovery 

coefficients are all negative and statistically significant at the 1% level, indicating that the 

momentum premium after COVID was significantly weaker than during the initial pandemic 

period. The Bull I coefficient is also negative and economically meaningful (−0.299% points 

per day), although it falls short of conventional significance levels (t = −1.54). Taken together, 

these results provide formal evidence that the unusually strong momentum premium observed 

during COVID did not persist in later market environments. 

The size factor (SMB) shows considerably greater stability across regimes. Although the 

Recovery coefficient is negative and economically meaningful (−0.202% points per day), it 

narrowly misses statistical significance at the 10% level (t = −1.64, p = 0.10). None of the 

remaining regime coefficients is statistically significant. These findings suggest that while the 

profitability of the size factor weakened during the later part of the sample period, there is 

limited statistical evidence of a structural shift in SMB returns across regimes. 

The market factor (MKT) also appears relatively stable. The Bear coefficient is economically 

large (−0.534% points per day) and has significance (t = −1.81), indicating that market returns 

were substantially weaker during the 2022 downturn than during the COVID period. However, 

the Bull I, Bull II, and Recovery coefficients are all statistically insignificant. Overall, the 

dummy-variable results indicate that momentum is the factor most affected by changing market 

conditions, whereas market and size premia remain comparatively stable across regimes. 

The Type 2 interaction regressions are estimated separately for each cryptocurrency using OLS 

with Newey–West standard errors. The full specification contains sixteen parameters per coin: 

one intercept, three baseline factor loadings, and twelve factor-by-regime interaction terms. 

The model can be estimated for 107 cryptocurrencies; the remaining assets either have 

insufficient observations or appear in too few regimes for all coefficients to be reliably 

identified. 

The results reinforce the conclusion that momentum is the factor most sensitive to changing 

market conditions. The most pronounced effect is the Bear-regime interaction for the WML 

factor, which has an average coefficient of approximately −0.73. Moreover, 72% of 

cryptocurrencies exhibit a statistically significant negative shift in their momentum loading 

during the Bear regime. This finding confirms that the momentum crash identified in Sections 
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5.5 and 5.6 was not limited to a small subset of assets but instead represents a broad cross-

sectional phenomenon affecting the majority of the cryptocurrency market. 

The market factor exhibits a different pattern. During Bull I, market exposure generally 

weakens, with an average interaction coefficient of −0.19. Only 11% of cryptocurrencies 

experience a positive shift in market beta, while approximately 46% show a statistically 

significant change. In contrast, market exposure strengthens during the later stages of the 

sample. The average Bull II and Recovery interaction coefficients are both close to +0.29, and 

roughly 57% of cryptocurrencies display statistically significant positive shifts in market beta. 

These results suggest that cryptocurrencies became increasingly sensitive to aggregate market 

movements as the market matured. 

The size factor also becomes more important during the Recovery regime. The average SMB-

by-Recovery interaction coefficient is approximately +0.29, and 76% of cryptocurrencies 

exhibit a positive shift in their size loading. By comparison, momentum exposure weakens 

further during Recovery, with an average WML-by-Recovery interaction coefficient of −0.25. 

Only 21% of cryptocurrencies experience a positive shift, while 44% display statistically 

significant changes. 

Overall, the Type 2 regressions provide additional evidence that momentum loadings are 

considerably less stable than market or size loadings. While market and size exposures 

generally strengthen during the later stages of the sample period, momentum exposure becomes 

substantially weaker after the COVID regime and remains negative for many cryptocurrencies. 

A complete cross-sectional summary of the interaction coefficients, including average 

estimates, the proportion of positive coefficients, and the percentage significant at the 5% level, 

is provided in Appendix B. 

5.7 Robustness Checks 

Three robustness checks were conducted to assess the stability of the empirical findings. These 

included alternative portfolio breakpoints (20/80 instead of the baseline 30/70 split), alternative 

momentum formation windows (14 and 60 days instead of the baseline 30-day window), and 

alternative Newey–West lag lengths (3 and 10 days instead of the baseline 5-day lag). Table 

11 reports the cross-sectional summary of the time-series regressions for the baseline 

specification and each alternative model. 
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Specification β MKT (% 

sig) 
β SMB SMB % sig β WML WML % 

sig 

Baseline (30/70, mom30) +1.049 (100%) +0.420 72.7% -0.152 35.5% 

20/80 split, mom30 +1.054 (100%) +0.379 80.2% -0.120 38% 

30/70, mom14 +1.053 (100%) +0.432 72.7% -0.151 38% 

30/70, mom60 +1.048 (100%) +0.400 72.7% -0.178 43.8% 
Table 11: Robustness across alternative specifications 

 

The results remain highly consistent across all robustness checks. First, the market beta remains 

positive and statistically significant for 100% of cryptocurrencies under every specification, 

regardless of the portfolio breakpoint, momentum window, or Newey–West lag length. This 

confirms the dominant and highly stable role of aggregate market exposure in explaining 

cryptocurrency returns. 

Second, the size factor continues to exhibit positive average loadings across all specifications. 

Although the magnitude of the SMB coefficient varies modestly across alternative portfolio 

constructions, the proportion of cryptocurrencies with statistically significant size loadings 

remains broadly stable, ranging from approximately 73% to 80%. These findings indicate that 

the size effect is not sensitive to reasonable changes in portfolio construction. 

Third, the momentum factor consistently exhibits a negative average loading across all 

specifications, supporting the baseline evidence of weak momentum continuation and frequent 

return reversals in cryptocurrency markets. The proportion of statistically significant WML 

loadings varies between 35.5% and 43.8% across the alternative momentum specifications and 

between 30.6% and 41.3% across the alternative Newey–West lag structures. While the exact 

level of statistical significance changes somewhat, the direction and overall interpretation of 

the momentum factor remain unchanged. 

Among the three factors, momentum displays the greatest sensitivity to specification choices. 

In particular, the proportion of statistically significant WML loadings increases from 38.0% 

under the 14-day momentum window to 43.8% under the 60-day momentum window. This 

pattern is consistent with the findings of Liu et al. (2022), who argue that momentum effects 

can vary depending on the formation horizon. Nevertheless, the negative average WML 

loading is preserved across all specifications, indicating that the main conclusions regarding 

momentum are not driven by the choice of formation window. 
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Overall, the robustness checks demonstrate that the principal findings of the thesis are not 

dependent on any single modelling assumption. The stability of the market and size effects, 

together with the broadly consistent behaviour of the momentum factor across alternative 

specifications, provides strong evidence that the results are structurally robust. These findings 

strengthen confidence in the baseline model and support the broader conclusions regarding 

factor behaviour in cryptocurrency markets. 

5.8 Summary of Empirical Findings 

The empirical evidence presented in this thesis supports four main conclusions regarding 

cryptocurrency asset pricing. 

First, cryptocurrency markets exhibit a very high degree of systematic co-movement. Every 

cryptocurrency included in the analysis displays a positive and statistically significant market 

beta in the full-sample regressions, while market exposure remains positive across all regimes. 

The average market beta is close to one, indicating that broad market movements represent the 

dominant source of systematic risk. This finding is consistent with the evidence reported by 

Liu et al. (2022) and supports the construction of a value-weighted cryptocurrency market 

factor as the primary risk factor in the cryptocurrency cross-section. 

Second, the size factor (SMB) generates a positive annualised premium of approximately 

23.9% over the full sample period. Although this premium is only marginally significant at the 

10% level, it is driven primarily by exceptionally strong performance during the Bull I regime 

in 2021, when SMB earns an annualised premium of approximately 105% (t = 2.19). By 

contrast, SMB becomes negative during the Recovery regime (2024–2025), generating an 

annualised premium of approximately −28% (t = −1.68). This pattern is consistent with 

increasing institutional participation and the concentration of capital in larger cryptocurrencies 

following the approval of spot Bitcoin ETFs. While the Fama–MacBeth risk premium for SMB 

is not statistically significant (t = 0.63), the factor appears to operate more as a return-

generating characteristic than as a priced source of cross-sectional risk. 

Third, the momentum factor (WML) earns a positive annualised premium of approximately 

17.1% over the full sample period, although this premium is not statistically different from 

zero. However, the full-sample average conceals substantial variation across market regimes. 

During the COVID period, WML generates an annualised premium exceeding 127% (t = 3.19, 

p = 0.002), while the factor produces negative returns during both the Bear and Bull II regimes 
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(−19% and −36%, respectively). The Type 1 dummy regressions confirm that the momentum 

premia observed during the Bear, Bull II, and Recovery regimes differ significantly from the 

COVID baseline at the 1% significance level. 

This instability is also evident at the individual cryptocurrency level. Approximately 89% of 

cryptocurrencies exhibit negative momentum loadings in the full-sample regressions, rising to 

97% during the 2022 Bear regime. This pattern resembles the momentum-crash dynamics 

documented in equity markets by (Daniel & Moskowitz, 2016), although the effect appears 

considerably more widespread across cryptocurrencies. 

Finally, the Gibbons-Ross-Shanken (GRS) test rejects the null hypothesis of jointly zero 

pricing errors at the 1% significance level (F(10,2178) = 2.345, p = 0.0095). This result 

indicates that systematic pricing errors remain even after accounting for market, size, and 

momentum factors. Importantly, this does not imply that the three-factor model lacks 

explanatory power. The time-series regressions produce an average R² of approximately 0.44, 

demonstrating that the factors capture a substantial proportion of common variation in 

cryptocurrency returns. Instead, the GRS result suggests that additional cryptocurrency-

specific risk factors may be required to fully explain expected returns. Potential candidates 

identified in the literature include liquidity, on-chain network activity, investor sentiment, and 

stablecoin-related market dynamics. 

Taken together, the findings present a nuanced view of cryptocurrency factor pricing. The 

three-factor framework captures important sources of common variation in returns, yet 

evidence for cross-sectional factor pricing remains weak and highly dependent on market 

conditions. In particular, the momentum factor exhibits strong regime dependence and 

behaviour consistent with momentum-crash dynamics. The dummy-variable regressions 

provide formal statistical evidence that these regime differences are not merely the result of 

sampling variation, while the robustness tests demonstrate that the main findings are stable 

across alternative specifications. Overall, the evidence suggests that cryptocurrency factor 

pricing is both economically informative and structurally unstable, providing a strong 

motivation for the regime-dependent discussion developed in Chapter 6. 
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6. Conclusion 

6.1 Summary of Findings 

This thesis addressed three research questions, including whether the traditional asset pricing 

factors previously established to capture co-movement in equity returns also capture co-

movement in cryptocurrency returns. Whether the traditional asset pricing factors previously 

established are priced in the cross-section of cryptocurrency returns, and whether the factor-

return relationship is constant across different market types. 

In response to the first research question, the answer is affirmative. Every cryptocurrency 

examined in the study exhibited positive and statistically significant market betas across every 

regime tested, with a full-sample cross-sectional mean of 1.049 and a mean R-squared of 0.44. 

Therefore, there is considerable empirical support that the value-weighted cryptocurrency 

market factor captures a substantial portion of the systematic risk inherent in cryptocurrency 

returns and represents the most consistent empirical regularity in the patterns of return 

dynamics for cryptocurrency. However, it was determined that size loaded positively for the 

majority of coins (81%), indicating greater cross-sectional variability among them. Momentum 

revealed a much more complex pattern: while the factor portfolio earned a small positive 

average return, approximately 89% of individual cryptocurrencies had a negative loading on 

WML over the entire sample period. Additionally, during the 2022 bear market, approximately 

97% of individual coins had negative loadings on WML, consistent with the momentum-crash 

dynamics identified by Daniel & Moskowitz (2016) in equity markets. However, unlike in 

equity markets, where momentum crashes occur relatively rarely and are generally short-lived, 

momentum crashes appear to be a virtually universal cross-sectional phenomenon in 

cryptocurrency markets. 

Regarding the second research question, the response is negative. There are no statistically 

significant factor premia for the market, size, or momentum factors when estimated using the 

Fama-MacBeth two-pass procedure. Specifically, the estimated market factor premium was 

negative (t = -1.44); the size factor premium was essentially zero (t = 0.63); and although the 

estimated momentum factor premium was positive, it only marginally exceeded the 10 % 

significance level (t = 1.73). In addition, the joint GRS test rejected the null hypothesis of zero 

pricing error at the 1 % level (F(10,2178) = 2.345, p = 0.0095), thereby providing additional 

evidence that the three-factor model fails to systematically price much of the systematic risk 

inherent in cryptocurrency returns. The stark contrast between strong time-series explanatory 
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power and the absence of cross-sectional pricing significance is the primary empirical 

contribution of this study. Thus, whereas the traditional asset pricing factors demonstrate how 

cryptocurrency returns co-move, they do not provide evidence regarding why investors are 

compensated differently for their investments in various coins. 

Concerning the third research question, the evidence clearly rejected the assumption of regime 

stability. Sub-period analyses reveal that both the market factor and the size premium switched 

signs between regimes. For example, during the 2021 bull market, the market factor returned 

approximately +100% per annum, while it returned -129% during the 2022 bear market. The 

size premium was statistically significant only during the 2021 bull run (+105%, t=2.19) and 

turned statistically significantly negative during the 2024-25 institutionalisation phase (-28%, 

t=-1.68). Conversely, while the momentum factor premium was highly significant and positive 

during the COVID regime (+127%, t=3.19), it was statistically indistinguishable from zero or 

negative during all other regimes. Furthermore, type I dummy-variable regressions confirmed 

that the momentum premium in both the bear and recovery regimes and the Bull II regime was 

significantly lower than its COVID regime baseline, at least at 1%. Likewise, type II interaction 

regressions demonstrated that these regime shocks did not occur solely at the portfolio level. 

Instead, it occurred almost universally at the level of individual coins, especially during the 

2022 bear market, for momentum loading. Finally, from the three robustness tests: changing 

portfolio splits at different points along the breakpoint continuum, altering momentum 

formation windows, and using Newey-West lag-lengths, we found that qualitative conclusions 

obtained above remained unchanged through various modelling specifications. 

6.2 Implications 

The findings carry significant practical implications for investors and portfolio managers 

applying factor-based strategies to cryptocurrency portfolios. First, because there is a high 

degree of uniformity in positive market betas (i.e., beta > 0) across all cryptocurrencies studied, 

diversifying across multiple cryptocurrencies does little to protect against declines in overall 

market performance. Hence, investors employing a broadly diversified portfolio of 

cryptocurrencies will remain exposed to general market risks, regardless of how their portfolio 

is allocated based on size or momentum signals. 

Secondly, due to regime dependence in factor premia, static factor tilts derived from estimates 

produced over several years may be unreliable. For instance, if an investor employed a 

momentum tilt during the COVID period that proved successful, they would have lost money 
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by employing the same strategy during the 2022 bear market. Similar to this example, an 

investor employing a size tilt that was profitable during the 2021 bull market has subsequently 

incurred losses due to structural changes, including increased institutional ownership and 

concentration in larger-cap assets following the approval of a Bitcoin ETF. Consequently, 

investors require regime-aware or dynamic factor allocation methods rather than fixed 

allocations. Lastly, because none of the three-factor risk premiums were found to be 

statistically significant at standard confidence levels, there currently does not appear to be a 

mechanism by which investors may harvest premiums associated with differential 

compensation across coins via factor signals. Until factor-pricing relationships stabilize in 

cryptocurrency markets or new mechanisms are discovered to compensate investors for 

assuming risk exposure through cryptocurrency holdings, investors should exercise extreme 

caution when applying factor-based investing strategies directly from equity markets.  

For academics and future research: first, as part of an increasingly voluminous literature 

addressing the limitations of applying traditional asset pricing theories to non-traditional asset 

classes, the results reported herein represent an important theoretical contribution. 

Secondly, as a theoretical contribution warranting further exploration, there is a theoretically 

interesting gap between time-series explanatory power and cross-sectional pricing significance 

that remains largely unexplored in the academic literature. As such, one direction for future 

research is to identify and validate specific risk factors native to cryptocurrency markets that 

can supplement or potentially replace traditional risk factors used to measure equity style 

exposures. 

Several potential candidates for risk factors native to cryptocurrency markets have been 

previously discussed in the literature, including: liquidity risk factors constructed from intraday 

spreads or depths; on-chain network activity factors such as transaction volumes or active 

addresses; investor sentiment factors constructed from social media attention or options market 

data; and stablecoin flow measures as proxies for systemic funding pressures. 

Thirdly, another direction for future research is to develop regime-conditional or regime-

switching pricing models that explicitly account for structural breaks identified in this thesis. 

Models similar to Hidden Markov regime-switching factor models, as presented in the equity 

literature by Hamilton (1989) and Ang & Timmermann (2012), offer alternative possibilities 

for estimating cryptocurrency asset prices that are both more flexible and empirically 

appropriate than the static models employed herein. 

Finally, another area for future research is to extend the sample to a survivorship-corrected 

universe. By incorporating failed coins (e.g., Terra/Luna and FTX’s exchange token) into the 
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sample, we improve our ability to generalize findings on downside risk, particularly regarding 

the 2022 bear market regime. 

6.3 Limitations 

There are several limitations in interpreting the study's results; therefore, they need to be clearly 

identified. First, as mentioned earlier in section 4.2.4, there was a survivorship bias in the 

sample because the coin universe was constructed from all coins listed on Yahoo Finance in 

the last quarter of 2025. Therefore, the missing coins were those that had failed and were no 

longer in existence (most notably Terra/LUNA and FTX), resulting in an inflated estimate of 

average returns and, conversely, an underestimation of the severity of the 2022 bear market. 

Additionally, the estimated factor premiums should be viewed as being greater than or equal 

to the true population parameters. Finally, the degree of regime instability illustrated 

throughout Chapter 5 is a conservative estimate. 

Second, since Yahoo Finance was the sole data provider, there was some uncertainty about 

how the daily closing price was aggregated across multiple exchanges. Although independently 

verifying against the Binance Public API will reduce, but not eliminate, this ambiguity, 

researchers who attempt to replicate these results using different data providers could expect 

small variations when estimating factor returns for smaller, lower-liquidity coins. 

Third, the factor model employed in this study only includes market, size, and momentum 

factors. This is consistent with the method employed by Liu et al. (2022) and can be 

theoretically justified based on the lack of accounting data necessary to create value, 

profitability, and investment factors. As a result, the model intentionally omitted certain factors. 

The significant GRS rejection also indicates that this model does not capture other priced 

factors in the cryptocurrency cross-section. As stated above, the authors of this study cannot 

determine which factors those are; thus, the estimated alpha values and pricing errors should 

be evaluated accordingly. 

Fourth, the annual rebalancing process eliminated potential look-ahead bias in portfolio 

construction; however, it introduced boundary issues when transitioning between market 

regimes. Specifically, if a coin became economically important during a specific calendar year, 

then it was not added to the sample until after that year’s cohort. There is a slight timing 

discrepancy between the economic importance of a coin and when it is entered into the sample. 

Lastly, instead of using statistical breakpoint methodologies to define market regimes, this 

study employed structurally identifiable ex-ante events. Using this approach reduced the 
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likelihood of fitting too closely to the return data; however, defining market regimes based on 

researcher judgment, that is, identifying structural events that represent qualitative shifts in 

markets introduces a degree of subjectivity that is absent when using breakpoint methodologies. 

Using alternative definitions of market regimes such as Hidden Markov Models or GARCH-

based regime identification would increase the robustness of conclusions regarding regime 

stability. 

6.4 Conclusion 

The purpose of this study was to assess whether the same factor structure that has provided an 

empirical basis for asset pricing in equity markets exists in cryptocurrency markets. In addition 

to examining whether cryptocurrency markets exhibit similar levels of co-movement as equity 

markets across various dimensions, this study examined whether co-movement translates into 

meaningful pricing across assets. Overall, the evidence gathered across 121 unique 

cryptocurrencies, six annual cohorts, and five qualitatively different regimes illustrates a 

nuanced response. While there appears to be support for the time series architecture of a three-

factor model, specifically market, size, and momentum across the entire sample, there is little 

support for the cross-sectional pricing implications of that factor structure. None of the three 

factors generates a consistently positive and statistically significant risk premium within each 

sub-sample. Furthermore, there appears to be sufficient variability across regimes that factor 

relationship estimates from any single sub-period are unlikely to be representative of the larger 

sample. 

In general terms, cryptocurrency markets operate within a fundamentally different pricing 

environment than their equity counterparts. Specifically, while equity markets are characterised 

by a nearly universal presence of fundamental value anchors for virtually every security traded 

within them; cryptocurrency markets possess few fundamental value anchors, are comprised 

primarily of retail investors operating within a highly fragmented 24-hour global marketplace, 

experience periodic episodes of extreme liquidity shocks and are highly susceptible to 

systemic-wide liquidity crises. Such characteristics produce a pricing environment that exhibits 

higher levels of co-movement at the systematic level than equity markets but significantly 

lower anchor points at the cross-sectional level. 

While factor-based methods provide a valuable tool for explaining the commonality among 

cryptocurrency returns and for better understanding those returns, they currently do not 

constitute a viable normative framework for assessing the price risk associated with investing 
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in individual cryptocurrencies or for constructing systematic investment strategies around those 

risks. 

Therefore, moving forward likely requires developing new generations of factor models 

specifically for use within the institutional and informational environments characteristic of 

cryptocurrency markets. Moreover, future factor models need to be capable of dynamically 

adapting to changes in the structural environment and be resilient to ongoing quality concerns 

regarding survival and data collection practices common in this asset class. This thesis 

represents an empirical starting point for researching these types of models by illustrating both 

where traditional factor models perform well and, importantly, where they fail. 
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Appendix A: Sample Dataset Overview 
The initial dataset included 150 cryptocurrencies obtained from Yahoo Finance, selected 

according to market capitalisation rankings in late 2025. After applying data quality, continuity, 

and cohort eligibility filters, the final analysis sample comprises 121 unique cryptocurrencies.  

The 29 excluded coins are summarised below by exclusion category, and thereafter, a complete 

list of 121 included coins is provided. 

1. Delisted or data unavailable (14): MAID, MATIC, EOS, HOT, MKR, APE, ARB, 

STX, APT, TON, JUP, AGIX, OCEAN, AERO. These coins had a market 

capitalisation of zero at end of sample, indicating they were delisted, rebranded, or their 

Yahoo Finance data feeds became inactive prior to December 2025. 

2. Too few observations for regime coverage (8): NANO, GRT, IMX, SUI, PEPE, 

GMX, ZK, IO. These coins had fewer than 365 days of price data or insufficient 

presence across the five market regimes to permit identification of the full factor model. 

3. Failed data quality or continuity filter (3): UNI, COMP, MASK. These coins had 

discontinuous or unreliable price series, or market capitalisation values inconsistent 

with their reported trading history, suggesting data integrity issues. 

4. Insufficient observations (3): BRETT (33 days), POPCAT (37 days), MEW (22 days). 

These coins had fewer than 60 days of price data, falling well below the minimum 

threshold for cohort inclusion. 

5. Legacy ticker unavailable (1): MIOTA. Historical price data were not available under 

the legacy MIOTA ticker on Yahoo Finance. The asset was rebranded and relaunched 

in September 2023 under the ticker IOTA, which is included in the final sample. 

Included coins (121) : Final analysis sample — 121 cryptocurrencies with observation periods 
Ticker First date Last date Obs. Ticker First date Last date Obs. 
BTC 01 Jan 2015 30 Dec 2025 4017 CHZ 01 Jul 2019 30 Dec 2025 2375 
ETH 09 Nov 2017 30 Dec 2025 2974 KAVA 25 Oct 2019 30 Dec 2025 2259 
XRP 09 Nov 2017 30 Dec 2025 2974 AR 27 May 2020 30 Dec 2025 2044 
LTC 01 Jan 2015 30 Dec 2025 4017 RUNE 23 Jul 2019 30 Dec 2025 2353 
DOGE 09 Nov 2017 30 Dec 2025 2974 SUSHI 28 Aug 2020 30 Dec 2025 1951 
XLM 09 Nov 2017 30 Dec 2025 2974 YFI 20 Jul 2020 30 Dec 2025 1990 
XMR 09 Nov 2017 30 Dec 2025 2974 KSM 12 Dec 2019 30 Dec 2025 2211 
DASH 09 Nov 2017 30 Dec 2025 2974 NEAR 14 Oct 2020 30 Dec 2025 1904 
ETC 09 Nov 2017 30 Dec 2025 2974 FLOW 27 Jan 2021 30 Dec 2025 1799 
ZEC 09 Nov 2017 30 Dec 2025 2974 ICP 10 May 2021 30 Dec 2025 1696 
XEM 09 Nov 2017 30 Dec 2025 2974 GALA 18 Sep 2020 30 Dec 2025 1881 
WAVES 09 Nov 2017 30 Dec 2025 2974 LDO 05 Jan 2021 30 Dec 2025 1821 
DCR 09 Nov 2017 30 Dec 2025 2974 OP 14 Mar 2022 30 Dec 2025 1388 
LSK 09 Nov 2017 30 Dec 2025 2974 SEI 15 Aug 2023 30 Dec 2025 866 
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STEEM 09 Nov 2017 30 Dec 2025 2974 TIA 28 Feb 2022 30 Dec 2025 1402 
REP 09 Nov 2017 30 Dec 2025 2974 INJ 21 Oct 2020 30 Dec 2025 1897 
FCT 09 Nov 2017 14 May 2023 2013 FET 02 Mar 2019 30 Dec 2025 2496 
SC 09 Nov 2017 30 Dec 2025 2974 RNDR 11 Jun 2020 21 Jul 2024 1502 
DGB 09 Nov 2017 30 Dec 2025 2974 ROSE 19 Nov 2020 30 Dec 2025 1868 
ADA 09 Nov 2017 30 Dec 2025 2974 MINA 01 Jun 2021 30 Dec 2025 1674 
BNB 09 Nov 2017 30 Dec 2025 2974 CFX 11 Nov 2020 30 Dec 2025 1876 
SOL 10 Apr 2020 30 Dec 2025 2091 WIF 19 Dec 2023 30 Dec 2025 743 
DOT 20 Aug 2020 30 Dec 2025 1959 BONK 30 Dec 2022 30 Dec 2025 1097 
AVAX 13 Jul 2020 30 Dec 2025 1928 FLOKI 10 Jul 2021 30 Dec 2025 1629 
LINK 09 Nov 2017 30 Dec 2025 2974 SHIB 01 Aug 2020 30 Dec 2025 1937 
ATOM 14 Mar 2019 30 Dec 2025 2484 BCH 09 Nov 2017 30 Dec 2025 2974 
FIL 13 Dec 2017 30 Dec 2025 2940 BSV 09 Nov 2018 30 Dec 2025 2609 
TRX 09 Nov 2017 30 Dec 2025 2974 CAKE 29 Sep 2020 30 Dec 2025 1919 
NEO 09 Nov 2017 30 Dec 2025 2974 1INCH 25 Dec 2020 30 Dec 2025 1832 
IOTA 30 Sep 2023 30 Dec 2025 823 DYDX 08 Sep 2021 30 Dec 2025 1533 
VET 03 Aug 2018 30 Dec 2025 2707 ENS 09 Nov 2021 30 Dec 2025 1513 
THETA 17 Jan 2018 30 Dec 2025 2905 PENDLE 29 Apr 2021 30 Dec 2025 1707 
ICX 09 Nov 2017 30 Dec 2025 2974 WLD 03 Mar 2022 30 Dec 2025 1385 
ZIL 25 Jan 2018 30 Dec 2025 2897 W 05 Mar 2024 30 Dec 2025 666 
ONT 08 Mar 2018 30 Dec 2025 2855 STRK 01 Apr 2021 30 Dec 2025 1735 
QTUM 09 Nov 2017 30 Dec 2025 2974 PYTH 20 Nov 2023 30 Dec 2025 772 
BAT 09 Nov 2017 30 Dec 2025 2974 JTO 07 Dec 2023 30 Dec 2025 755 
ZRX 09 Nov 2017 30 Dec 2025 2974 ORDI 08 May 2023 30 Dec 2025 965 
OMG 09 Nov 2017 30 Dec 2025 2974 BLUR 14 Feb 2023 30 Dec 2025 1051 
IOST 16 Jan 2018 30 Dec 2025 2906 JASMY 11 Feb 2021 30 Dec 2025 1784 
RVN 10 Mar 2018 30 Dec 2025 2853 RLC 09 Nov 2017 30 Dec 2025 2974 
BTT 31 Jan 2019 30 Dec 2025 2526 GLM 09 Nov 2017 30 Dec 2025 2974 
ENJ 09 Nov 2017 30 Dec 2025 2974 NMR 09 Nov 2017 30 Dec 2025 2974 
MANA 09 Nov 2017 30 Dec 2025 2974 BAND 18 Sep 2019 30 Dec 2025 2296 
CRO 14 Dec 2018 30 Dec 2025 2574 SKL 02 Dec 2020 30 Dec 2025 1855 
ALGO 21 Jun 2019 30 Dec 2025 2385 COTI 04 Jun 2019 30 Dec 2025 2402 
KCS 09 Nov 2017 30 Dec 2025 2974 MTL 09 Nov 2017 30 Dec 2025 2974 
HBAR 17 Sep 2019 30 Dec 2025 2297 OGN 09 Jan 2020 30 Dec 2025 2183 
EGLD 04 Sep 2020 30 Dec 2025 1944 RAD 28 Feb 2021 30 Dec 2025 1767 
XTZ 09 Nov 2017 30 Dec 2025 2974 API3 02 Dec 2020 30 Dec 2025 1855 
AAVE 02 Oct 2020 30 Dec 2025 1916 SSV 22 Oct 2021 30 Dec 2025 1531 
SNX 14 Mar 2018 30 Dec 2025 2849 RPL 18 Jul 2018 30 Dec 2025 2677 
SAND 14 Aug 2020 30 Dec 2025 1965 DEXE 07 Oct 2020 30 Dec 2025 1911 
AXS 04 Nov 2020 30 Dec 2025 1883 OSMO 05 Oct 2021 30 Dec 2025 1548 
FTM 30 Oct 2018 13 Jan 2025 2268 AKT 20 Oct 2020 30 Dec 2025 1898 
ONE 31 Dec 2017 30 Dec 2025 2489 ONDO 18 Jan 2024 30 Dec 2025 713 
CRV 14 Aug 2020 30 Dec 2025 1965 ENA 02 Apr 2024 30 Dec 2025 638 
LRC 09 Nov 2017 30 Dec 2025 2974 NOT 16 May 2024 30 Dec 2025 594 
STORJ 09 Nov 2017 30 Dec 2025 2974 EIGEN 01 Oct 2024 30 Dec 2025 456 
ANKR 06 Mar 2019 30 Dec 2025 2492 NEIRO 29 Jul 2024 04 Nov 2025 464 
CELO 22 May 2020 30 Dec 2025 2049     
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Appendix B: Type 2 Interaction Regression Summary 
The table reports the cross-sectional summary of Type 2 interaction regressions estimated 

separately for 107 cryptocurrencies using OLS with Newey-West standard errors. For each of 

the sixteen terms, it lists the average coefficient, the percentage of positive estimates, and the 

percentage that are significant at the 5% level, all compared to the COVID base regime. 

Term n_coins mean_coef pct_positive pct_sig_5 
(Intercept) 107 -0.001033 19.626168 27.102804 
MKT_e 107 0.90358 100 100 
SMB 107 0.365599 73.831776 57.943925 
WML 107 0.04755 68.224299 21.495327 
MKT_BullI 65 -0.191963 10.769231 46.153846 
MKT_Bear 90 0.033397 50 35.555556 
MKT_BullII 102 0.29309 87.254902 56.862745 
MKT_Recovery 105 0.293986 88.571429 57.142857 
SMB_BullI 65 -0.099976 40 13.846154 
SMB_Bear 90 -0.05437 53.333333 24.444444 
SMB_BullII 102 -0.070273 48.039216 30.392157 
SMB_Recovery 105 0.287777 76.190476 42.857143 
WML_BullI 65 -0.135903 27.692308 16.923077 
WML_Bear 90 -0.732231 2.222222 72.222222 
WML_BullII 102 0.036028 44.117647 15.686275 
WML_Recovery 105 -0.254559 20.952381 43.809524 

 

 

 

 


