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1 Introduction

Cryptocurrencies, such as Bitcoin and Ethereum, have rapidly transformed the financial landscape,
captivating investors worldwide. These digital assets, decentralised and immune to traditional
banking systems, offer unprecedented opportunities and challenges. In this context, our research
aims to explore the intersection of mathematics, finance, and technology, specifically focusing on
quantitative approaches for cryptocurrency investment.

The rise of cryptocurrencies has been meteoric. Bitcoin, the pioneer, emerged in 2009, followed
by a proliferation of altcoins. Their appeal lies in their potential for high returns, diversifica-
tion, and hedging against traditional market volatility. However, this nascent market lacks the
well-established frameworks that govern traditional investments. As a result, investors face uncer-
tainty, regulatory ambiguity, and a dearth of proven investment strategies and risk management
frameworks.

Our study will encompass developing mathematical frameworks for risk factor assessment in
cryptocurrencies, and applying these models to historical data, evaluating their efficacy. We start
by defining a set of distinct style factors for digital assets, and leverage this to construct the
first institutional grade factor model for digital assets. In summary, our research is designed to
revolutionise how modern investors perceive and engage with cryptocurrencies. By combining
mathematical rigour, technological insights, and financial acumen, we aim to pave the way for a
more informed, secure, and inclusive digital asset investment landscape.

This investigation holds substantial value for several reasons. While stocks and bonds benefit
from decades of research and empirical evidence, cryptocurrencies remain relatively uncharted
territory. By bridging this gap, our work can empower investors with reliable tools to navi-
gate digital asset markets. Furthermore, cryptocurrencies exhibit extreme volatility, making risk
management crucial. Quantitative models can help identify risk factors, optimise portfolios, and
enhance decision-making. Our research contributes directly to optimising portfolios and managing
investment risks specific to digital assets.
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2 Literature Review

2.1 Traditional assets

The rigorous systematic quantitative investment approach in traditional assets like equities can
be traced back to the 1950s. The initial breakthrough came through Markowitz’s seminal work
on Portfolio Selection in [12], This pioneering study introduced the concept of portfolio theory
and modern investment analysis. Building upon the groundwork laid by Markowitz, Sharpe, 1964
[14] introduced the Capital Asset Pricing Model (CAPM). This groundbreaking model laid the
foundation for understanding the risk-return trade-off in the financial market. Since then, there
has been a wealth of progression in the field of financial economics, exploring the underpinnings of
CAPM. A notable follow-up was the introduction of the Arbitrage Pricing Theory (APT) by Ross
[13]. The APT extended CAPM by acknowledging multiple sources of market risk and eliminating
the assumption of normally distributed returns. It suggested that the return of a financial asset
could be modelled as a linear function of various macroeconomic factors.

Expanding beyond CAPM, Banz (1981) [1] investigated the relationship between return and
market value of common stocks, bringing forth the idea that smaller companies tend to have
higher risk premiums. His work further opened the discussion on risk factors, adding another
layer to the dimensions of equity risk models. From the 1990s, two important studies by Fama
and French [7], and Jegadeesh and Titman [9] extended the scope of understanding about equity
markets. Fama and French [7] proposed their revolutionary Three-Factor Model, a statistical
model that uses Market Risk, Size and Value factors to predict stock returns. Fama and French
further extended their three-factor model by adding two more factors - profitability and investment
- to predict the cost of equity (Fama and French, 2015) [6] while Jegadeesh and Titman (1993)
[9] introduced a strategy based on short-term momentum in stock returns, implicating that the
stock market was not as efficient as previously thought. These models have since been refined
and adapted to meet investors’ changing needs and market fluctuations, but continue to serve
the same basic purpose: to give investors the tools needed to make informed decisions based on
factor approaches.
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2.2 Cryptocurrency assets

The cryptocurrency market has been analysed through multiple studies, each dissecting vari-
ous elements to tap into understanding which factors significantly contribute to formulating a
cryptocurrency’s value and returns. Liu, Tsyvinski and Wu (2021, 2022) [10] [11] extensively
studied the role of information disclosure and common risk factors in the cryptocurrency market.
Their research underscores the relevance of blockchain information disclosure for market values
with new address information explaining a material amount of the variation in cryptocurrency
returns. Nevertheless, there is an absence of drift around this disclosure, a finding that high-
lights the unique information environment within this market (Liu et al., 2021) [10]. In another
work, they identify three dominant factors, namely, cryptocurrency market, size, and momen-
tum, which encapsulate cross-sectional expected cryptocurrency returns. Further delving into the
risk factors, downside risk, a critical component in traditional multi-factor asset-pricing models,
has also been examined by Dobrynskaya [5]. His results reveal a significant heterogeneity in
the exposure of approximately 2000 cryptocurrencies to downside market risk, linking a higher
exposure to higher average returns. There has also been research aimed at understanding the
implications of blockchain characteristics on cryptocurrency returns. Bhambhwani et al [2] deftly
demonstrate that market dynamics such as network size and computing power significantly in-
fluence cryptocurrency prices and returns. Drawing parallels with theoretical models, they show
that cryptocurrency prices, in fact, comove with these blockchain features. In addition to these,
Bianchi and Babiak [3] reaffirm that liquidity, size, reversal, and market and downside risks re-
main key drivers of expected returns. However, their IPCA model shows that these factors play
more significant roles than once believed. Cong et al’s (2022) interesting study [4] puts forward
novel factors derived from the observed cryptocurrency return anomalies. They add value pre-
mium and network adoption to the traditional factors of market, size, and momentum, hence
proposing a new model (C-5) that demonstrates significant efficiency over existing models in
pricing the cross-section. Moreover, they emphasise the value of considering token categories for
investment strategies and regulatory policymaking. This assortment of literature accentuates the
multifaceted elements that determine the pricing and the returns of cryptocurrencies. It becomes
evident that while the market, size and momentum factors remain significant to cryptocurrency
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pricing, the inclusion of variables such as blockchain characteristics, downside risk and value pre-
mium further enhances the predictive power of the models used in digital asset pricing. It also
brings to light the significance of network adoption, network size, and disclosure of new address
information in shaping the market authenticity associated with cryptocurrencies.

We note from the above review that the use of fundamental on-chain data, like total fees, isn’t
firmly grounded in solid research yet. In our paper, we will discuss this area in detail to fill up the
gaps in understanding and help make future models more explainable.

3 Data

In our thesis, we leverage a broad scope of CF Benchmarks sourced data and resources to ensure
a comprehensive examination of data quality. Primarily, we utilize exchange public Application
Programming Interfaces (APIs), which offer order book and transactional data of different cryp-
tocurrencies. Furthermore, open-source smart contract parsers and blockchain nodes also serve
as a crucial data source to extract and analyse on-chain data such as protocol fees, TVL (total
value locked), active users, code commits, active developers and token supply data, giving us a
deeper understanding of blockchain transactions and fee metrics. We leverage Token Terminal
[15] to validate our own on-chain sourced data. The data spans the period from January 1, 2015,
to November 10, 2024, based on the best available information and is downloaded on daily fre-
quency at 00:00:00 hours. Collectively, these diverse data sources have supported us in building
a robust base for our study.

3.1 Universe Estimation

Our analysis centres on a curated selection of cryptocurrencies, primarily focusing on larger, more
established ones such as Bitcoin and Ethereum. This focus is justified by the fact that the
top 50 cryptocurrencies, ranked by market capitalization, account for nearly 99% of the total
market capitalization. Smaller cryptocurrencies, characterized by lower market cap and liquidity,
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often experience price volatility and market manipulation. Additionally, the fundamentals of these
smaller assets can be unstable and change rapidly, potentially compromising any models based
on their data. To ensure the reliability and practicality of our study, we opt to exclude these less
liquid digital assets. This will ensure that the factor risk premia resulting from our investigation
are replicable by market participants.

We determine our estimation universe at the start of each quarter, specifically on the first business
day, which we refer to as the ’universe snapping date’. At each of these dates, we identify ’liquidity
snapping dates’, comprising the 30 days following the previous universe snapping date, to ensure
that all assets considered have at least one month of trading history. We then select assets with
a median daily trading volume of no less than 0.05% the median trading volume of the largest
cryptocurrency during the same period to ensure sufficient liquidity.

Subsequently, we rank the remaining assets by circulating market cap, excluding tokens that are
not yet minted or released. From this ranking, we select the top 50 assets, excluding a list of
exceptions whose price movement information is either not relevant to the cryptocurrency context
in our research or highly correlated with existing assets in the universe. These categories include:

• Fiat-pegged: Examples include stablecoins such as USDT.

• Crypto-pegged: Examples include derivatives such as wrapped Bitcoin.

• Crypto-derived: Examples include assets like staked Ethereum.

• Commodity-pegged: Examples include tokens like Tether Gold.
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Figure 1: Top 50 Universe

Figure 1 shows the number of assets that satisfy our estimation universe selection criteria on each
universe snapping date. In the early years, such as 2016 and 2017, we could not find enough
assets with sufficient liquidity. However, as digital assets have evolved over time, liquidity has
become less of an issue, allowing us to find all 50 assets satisfying our criteria in recent years.

4 Methodology

In this section, we outline the approach to deriving a robust set of factors and a factor model
capable of explaining a significant portion of digital asset return variation. First we evaluate factor
descriptors via long-short portfolio analysis to isolate the existence of robust risk premia, and then
combine relevant descriptors into style factors to construct return factor portfolios and assess the
associated historical performance. Finally, we construct factor models through time-series and
cross-sectional regressions, leveraging the isolated set of factors to assess model significance.
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4.1 Descriptors

First, we examine the nature and distribution of our descriptors to ensure robustness and accuracy;
however, for the sake of conciseness, these results are not shown here. We then leverage this raw
descriptor data such as market cap based observations and on-chain metrics to compute cross-
sectional pairwise Pearson correlations. Our goal is to identify meaningful relationships among
metrics such as low or highly correlated ones which will be relevant during the factor building
exercise, and thereby help us isolate unique potential return drivers for digital assets. Analyzing
the pairwise correlations output in Figure 7 in Appendix A, we observe a clearly steep correlation
between market cap metrics and token trading volume. This is also the case for the pairwise
correlation of Fees and TVL, which is only natural given the dynamics and value generation
mechanism of cryptocurrency protocols. On the other hand we observe significant de-correlation
between token turnover metrics and the remaining variables.

As a next step, we leverage the above correlation analysis to calculate historical long-short portfolio
returns, commonly referred to as factor portfolio returns in the Fama-French [7] model context.
Long-short portfolios are constructed by establishing a long exposure in the top 50% of assets
with higher descriptor rankings (e.g. higher price returns, higher daily active users growth etc),
and at the same time implementing a short position in the bottom 50% of assets exhibiting
lower descriptor rankings. Each portfolio distributes weights equally among its constituents. For
each relevant descriptor, we compute long only, short only and an equally weighted long-short
portfolio performance across different rebalancing periods, investible universes (such as top 30 in
addition to the top 50) and different manipulations of underlying descriptors to ensure robustness
in our results. We calculate return metrics both in-sample and out-of-sample, with the in-sample
period ending on November 30th, 2023. The objective of this analysis is to isolate descriptors
showcasing consistent performance over time with acceptable volatility and statistically well-
behaved time series. As we can see in Figure Figure 3, in the case of 7 day protocol fee growth
descriptor, the weekly rebalanced long-short portfolio based on the Top 50 universe, exhibits a
desired performance profile, making it eligible for further analysis during the factor construction
process and a strong candidate for contributing to a growth-like factor.

Page 10 of 44 | © CF Benchmarks Ltd. All rights reserved.



Figure 2: 7-day Fee Growth, Long vs. Short Portfolio Returns (Weekly Rebalance)

Figure 3: 7-day Fee Growth, Long-Short Portfolio Returns (Weekly Rebalance)

Having analysed factor portfolio returns across all descriptors, associated performance metrics
such as sharpe ratios, portfolio turnover and time-series normality tests are aggregated and anal-
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ysed for clusters of robustness and consistency across different variants, such as differing investible
universes, rebalancing periods and experimenting with descriptor variations, including different
look-back windows, incorporating risk adjustments in momentum calculations among other. We
furthermore test the time-consistency and stability of eligible descriptors across different histori-
cal regimes as shown in Figure 4. To ensure clarity and conciseness, we focus on presenting key
results for the Top 50 universe and weekly rebalanced factor portfolios (i.e weekly returns) to
facilitate replicability, and highlight only the descriptors that were ultimately selected to construct
the risk factors.

Figure 4: 7 Days Fee Growth Descriptor Analysis Across Macroeconomic Cycles

Figure 4 shows the long-short portfolio performance (weekly rebalanced) relevant for the 7 days
fee growth descriptor, mapped against historical monetary policy regimes, where Easy Policy
is defined as EFFR (Effective Federal Funds Rate) ≤ 2%, Tight as EFFR ≥ 4% and Neutral
elsewhere. We note in this example that the 7 days fee growth performance does not appear to
exhibit significant adverse dependency on the monetary policy cycle, especially during tightening
periods.
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4.2 Factors

Based on fundamental analysis of the raw descriptor data, the factor portfolio returns and the
perceived associated narratives for digital asset markets corresponding to traditional factor models,
the isolated factors deemed to be exhibiting significant risk premia are Market, Size, Value,
Momentum, Growth, Downside Beta and Liquidity.

4.2.1 Market

The market factor is an essential component of a digital asset factor model as it captures the
broad, systematic risk that affects all assets in the cryptocurrency market. Given the high correla-
tion among cryptocurrencies, especially during significant market-wide events, the market factor
provides a foundation for understanding risk premiums and distinguishing systemic from asset-
specific effects. It accounts for the extreme volatility inherent in digital asset markets and reflects
overarching dynamics like macroeconomic trends, investor sentiment, and speculative behavior.
To that end we construct the market factor as a market cap weighted portfolio of (BTC) and
Ethereum (ETH) and that is rebalanced on a monthly basis. We present this in figure 8, Ap-
pendix A, which yields an annualized return of 80.99% and a Sharpe ratio of 1.15, highlighting
its significance and relevance within the cryptocurrency asset class.

4.2.2 Size

In the context of equities, the size factor is vital in a factor model due to its link with risk and
return. Small-cap companies often offer higher returns to compensate for increased operational
and financial risks, while reacting differently to economic changes compared to large-cap firms.
Including the size factor diversifies portfolio risk and exploits market inefficiencies - for example
small companies are often undervalued due to limited analyst coverage. Similarly, in the digital
asset space, the size factor exhibits comparable patterns, and therefore has the potential to
enhance the explanatory power of our model, leading to more accurate return estimates. With
this in mind, our size factor is determined by the inverse of the fully diluted market cap of each
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asset in our universe, with the hypothesis that small-cap assets outperform larger-cap ones. Figure
9 in Appendix A, displays the time-series performance for this factor. We find a significant risk
premium in the form of 9.56% annualized return and Sharpe ratio of 0.5. Circulating market cap
was also investigated as a potential descriptor for this factor, however no significant risk premium
was identified, hence for this reason we define the size factor as the fully diluted market cap
on a stand alone basis. This factor portfolio, like all the subsequent factors, is constructed by
allocating 50% of the capital to an equally weighted long position in assets with the top 50%
highest size score (in this case the smallest assets) and the remaining 50% to an equally weighted
short position in assets with the bottom 50% lowest scores (largest assets), as detailed in the
methodology section.

4.2.3 Value

Transaction fees are a crucial metric for digital assets, as they provide insight into the economic
utility and demand for blockchain protocols. In the case of Bitcoin, fees reward miners for
securing the network and are influenced by transaction volume and network congestion, reflecting
the intensity of network usage. Ethereum’s gas fees support activities like DeFi, NFTs, and token
swaps, with a portion burned to reduce supply and the rest compensating validators, showcasing
Ethereum’s utility as a programmable asset. Lastly, protocols such as Uniswap and Aave link fees
directly to demand for services like swaps and lending, offering a clear gauge of user valuation.
It is for these reasons that transaction fees are key as a metric to quantify intrinsic value and
therefore vital in factor model analysis.

Similarily, daily active users (DAUs) serve as a fundamental metric for assessing blockchain net-
work adoption and user engagement. This measure reflects the number of unique participants
interacting with the network within a given day, offering insights into the level of activity and
interest in the platform. Higher DAUs generally indicate greater utility, user reliance, and network
vibrancy, serving as a proxy for the platform’s overall health and value proposition. In the context
of our research, DAUs are a critical variable for quantifying user-driven demand and correlating
network activity with the intrinsic value of digital assets.
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Total Value Locked in the context of DeFi and decentralized protocols represents the total amount
of assets locked in a protocol, indicating its scale and trustworthiness. A higher TVL often sig-
nifies robust economic activity - for example, in the case of decentralized exchanges it highlights
liquidity and the ability to facilitate large trades with minimal slippage. Substantial TVL not
only underscores a protocol’s efficiency but also attracts developers and fosters innovation, en-
hancing the overall value of its ecosystem. Notably, we exclude staking from TVL calculations
to provide a sharper focus on metrics that reflect economic utility, liquidity, and adoption. This
approach ensures a clearer and more accurate depiction of a digital asset’s role in the ecosystem,
emphasizing productive capital rather than collateralized security.

With this in mind, we define the value factor as the z-score average of Fees/TVL and DAU/MCap.1

This combined metric aims to capture protocol efficiency and user engagement, largely aligning
with the principles of traditional financial productivity metrics. By incorporating both Fees/TVL
and DAU/MCap, it evaluates how effectively a protocol generates economic value relative to
its capital while also reflecting user-driven activity. A higher combined score indicates not only
efficient resource utilization but also strong user engagement, providing a comprehensive indicator
of a protocol’s operational and economic performance. In Figure 10, Appendix A, we display the
performance of this factor. It showcases a significant risk premium that sits at a comfortable
13.21% annualized return and Sharpe ratio of 0.84, therefore endorsing its potential as a relevant
factor for our purposes. While, Fees/TVL exhibits slightly better annualized performance on a
standalone basis, the combination of the two descriptors increases factor robustness and yields a
better Sharpe ratio.

4.2.4 Momentum

The literature review has highlighted the importance of momentum in financial analysis, and our
descriptor analysis confirms this is the case for digital assets. In our study, we define momentum
based on historical returns to predict future market trends. This approach, validated by numerous

1For the purposes of this paper, the value score for non-programmable assets, such as BTC or LTC, is computed
solely using the DAU/MCap metric. Similarly, for any asset where only one of the two ratios is available, the
value score is determined based exclusively on the available ratio.
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academic studies, enables us to produce a comprehensive and precise analysis of the cryptocur-
rency market. In our context, we define momentum as the average of the 2 weeks cumulative
performance z-score and the risk-adjusted 2 weeks cumulative performance z-score, as depicted in
Figure 11, Appendix A. We observe a positive and significant risk premium of 13.41% annualized
return and a Sharpe Ratio of 0.78. The reason for choosing a short lookback window is that
digital assets exhibit high volatility, which directly translate to rapidly shifting price regimes. As
noted above, analysis for different lookback windows was conducted; however, only the most
relevant results are presented here for brevity.

4.2.5 Growth

The growth factor, central to traditional asset pricing models, is equally relevant in cryptocurrency
markets, offering insights into high-growth assets. In equities, it reflects companies with strong
revenue or earnings growth, while for cryptocurrencies, it captures metrics like network effects,
adoption rates, and platform activity. These metrics, such as user engagement, fees or transaction
volume highlight the value derived from a digital asset’s ecosystem. Including the growth factor
in cryptocurrency risk models helps identify assets with robust adoption trends or innovative use
cases, signaling potential for long-term success. Following this we define it as the average of the
30 days fee growth z-score and the 30 days daily active users growth z-score, as depicted in Figure
12, Appendix A. Once again we can see a positive and significant risk premium as showcased
by the 25.5% annualized return and the 1.48 Sharpe Ratio. While the stand alone 30 days fee
growth descriptor yields slightly better results than the actual factor, we opted for the latter as
it proved more robust across different investible universes and rebalancing periods.

4.2.6 Downside Beta

Downside beta captures an asset’s sensitivity to market downturns, offering insights into perfor-
mance during periods of stress — a critical aspect for cryptocurrency markets known for volatility
and sharp drawdowns. Moreover, it is essential for understanding an asset’s performance asym-
metry, as investors are generally more concerned with losses than gains. Unlike traditional beta,
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which measures overall market correlation, downside beta focuses on negative market movements,
aiding in tailored risk assessment. This metric helps identify assets less reactive to adverse condi-
tions, making it invaluable for building resilient portfolios in a market often driven by sentiment
shifts, regulatory changes, and macroeconomic pressures. Consequently we estimate downside
beta by regressing 4 weeks worth of returns of the underlying asset against the market index
returns when these are negative. The factor portfolio is estimated in the same way as all the
above factors, with the exception that we invert its score sign as the working hypothesis is that
assets with lower exposure to downside events fare better in the longer term than their coun-
terparts. Figure 13, Appendix A, shows that while this factor experiences a heavy crash in late
2017, it exhibits a consistent and robust upward trend ever since. During the entire span of our
data, it outputs a negative annualized trend of -5.01% as a result of the initial crash, however,
in removing this outlying event, we can see that it exhibits a relatively healthy annualized risk
premium of 4.78% and Sharpe ratio of 0.36. For this reason we retain this factor as it suggest
potential in explaining cryptocurrency returns.

4.2.7 Liquidity

The liquidity factor is particularly relevant in cryptocurrency markets due to their dynamic and
fragmented trading environments. It measures how easily an asset can be traded without major
price impact, using metrics such token turnover or trading volume. Highly liquid assets are less
volatile and more attractive to investors, while illiquid ones may offer higher return premiums but
at the cost of greater price volatility and trading friction. Including the liquidity factor in our
model enables the capture of risk premiums tied to liquidity constraints, and therefore has the
potential to enhance its ability to explain variations in asset returns. Taking this into consideration
we estimate this factor by means of the token’s turnover as a % of its circulating supply. We once
again invert the score’s sign so as to gain long exposure to illiquid assets and short exposure to
their counterparts. Figure 14, Appendinx A, displays an annualized risk premium of 3.26% and
Sharpe ratio of 0.18. Note that while the risk premium is comparatively lower, the factor can still
hold explanatory power in our context.
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Having calculated the above risk factors, we also present in Figure 15, Appendix A, factor perfor-
mance across the different monetary policies as described in section 4.1. While the performance
of cryptocurrency risk factors aligns with monetary policy regimes in some cases, in others, it
deviates from expectations, highlighting unique dynamics. During easy monetary policy periods
(green), factors like Growth, Momentum, and Size show strong upward trends, consistent with
favorable liquidity conditions. However, Downside Beta remains negative throughout the 2018
easing period, indicating persistent sensitivity to downside beta’s risk even in a supportive macro
environment. During the tight monetary policy periods (red), some factors, decline or remain sub-
dued due to reduced liquidity (Liquidity and Size or Momentum and Downside Beta). However,
the likes of Market, Value and Growth continue to rise sharply, reflecting resilience in broader
cryptocurrency adoption or speculative behavior independent of macro pressures. In the neutral
regime (gray), factors like Size and Value display contrasting behaviors, with Value strengthening
while Size delivers negative performance. These deviations emphasize the complexity of digital
asset markets, where risk factors are influenced not only by monetary regimes but also by intrinsic
market characteristics, investor behavior and possibly other macroeconomic regimes.

Last but not least, we again leverage correlation heatmap analysis to determine the level of
historical interdependence between factors. Figure 5 shows that factors have exhibited low cor-
relations during the observed time period, suggesting they are suitable for inclusion in a factor
model. Notably, the value and growth factors show a near-zero correlation. While growth assets
were initially viewed as the short portfolio of the value factor and not a factor per se - resulting
therefore into a strong negative correlation with value - it quickly evolved into a factor of its own
and with a definition that is clearly distinct from that of value, as we showed in section 4.2.5. It
is for this reason why we do not expect nor do observe a meaningful correlation between the two.

Lastly, some factors exhibit slightly higher correlations, namely Liquidity and Downside Beta
(0.42). This relationship may stem from the behavior of high-liquidity and high-downside-beta
assets, which often attract short-term traders and speculators during periods of heightened volatil-
ity. As such, these assets tend to underperform concurrently during market downturns, reinforcing
the observed correlation. However, a correlation of 0.42 is generally regarded as weak to mod-
erate and unlikely to pose any issues for our purposes i.e. in the context of regressions for
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example. Specifically, it falls well below the commonly accepted threshold of 0.6 for regression
multicollinearity concerns.

Figure 5: Factor Correlation Heatmap

4.3 Factor Model

In this section, we construct a factor model using the aforementioned factors and evaluate its
significance and effectiveness in explaining return variations in digital assets. There are two
primary approaches to building factor models, each with its own advantages and limitations:
the Fama-French approach [7] and the Fama-MacBeth approach [8]. We will begin with the
Fama-French time-series approach.

4.3.1 Time-Series Regression Model

The Fama and French approach provides a framework for understanding how different factors
contribute to the variation in returns of a given asset or portfolio. Their general methodology is
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the following.

1. Identify factors: The first step in constructing a factor model involves identifying and quan-
tifying different factors that could relate to the variability of a portfolio’s return. Some
generic examples in equities could include company size, market risk, book-to-market ratio,
momentum, etc. In general, the goal is to capture as many dimensions of risk as possible.

2. Create factor portfolios: To capture these identified factors, we construct portfolios that
represent each one. For example, to capture the size factor, we can create two portfolios:
one consisting of small-cap stocks, and the other of large-cap stocks. The return on the
small-cap portfolio minus the return on large-cap portfolio becomes the size or SMB (Small
Minus Big) factor.

3. Calculate factor returns: For each period in our sample, calculate the return for each of the
factor portfolios. These calculations yield time series returns for each factor.

4. Run Regression Analysis: The final step involves running a time-series regression analysis.
Here, the returns of a particular asset or portfolio are regressed on the returns of the factor
portfolios.

The factor model regression for a given asset or portfolio i is given by:

Ri,t = αi + βi,1F1,t + βi,2F2,t + · · ·+ βi,kFk,t + εi,t (1)

where:

• Ri,t represents the returns of the asset or portfolio i at time t

• αi is the intercept for asset or portfolio i.

• βi,k are the factor loadings (coefficients) of asset or portfolio i for factor k.

• Fk,t is the factor portfolio k at time t.

• εi,t represents an error term for asset or portfolio i at time t.
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On this basis we perform liner regressions with respect to the asset returns. Table 4, Appendix
B, provides a comprehensive distribution summary of the absolute T-Statistic values, R-squared
and F-Statistics. The last column highlights how frequently each factor produces statistically
significant T-Statistics (greater than 1.96 or less than -1.96) across 126 regressions. The risk
factor model reveals that the Market factor is the most significant driver of returns, with 97.62%
of regressions showing statistically significant T-Statistics, highlighting its dominant role in ex-
plaining asset performance. Downside Beta (38.10%) and Growth (37.30%) emerge as critical
contributors, with Downside Beta capturing performance during market downturns and Growth
emphasizing the influence of network expansion and adoption. Size (28.57%) and Liquidity
(23.02%) also demonstrate significance, underscoring their relevance in explaining return varia-
tions linked to asset market capitalization scale and trading activity. Similarly, Value (19.05%)
and Momentum (15.08%) provide meaningful contributions, reflecting valuation dynamics and
price trends, respectively. Finally, the constant term shows low significance frequency (5.56%),
reinforcing the model’s ability to capture key risk factors over baseline returns. The overall strong
R-squared values (median: 0.45) in the context of a factor model, validate the model’s explanatory
power across most regressions, while the significant F-Statistics (median p-value: 0.00) further
confirm the robustness of the included factors in explaining asset performance.

To ensure robustness in our results, we investigate the variation in the Median Absolute Constant
Term (MAC) across various factor models applied to all 126 regressions, as shown in Table
5, Appendix B. A lower MAC indicates that the included factors more effectively capture the
systematic drivers of asset returns, leaving less unexplained variation in the constant term. The
analysis reveals that virtually all models with multiple factors exhibit lower MAC values compared
to single-factor models, demonstrating improved explanatory power. For instance, the Market
model has an MAC of 0.0070, while the multi-factor model combining Market, Downside Beta,
Value, and Size achieves one of the lowest MAC of 0.0051 with a minimal set of independent
variables, indicating that this combination captures systematic drivers of returns very effectively.
This finding is consistent with the results in Table 4, Appendix B, where these factors exhibit
relatively high T-Statistic significance frequencies (e.g., Downside Beta: 38.10%, Size: 28.57%,
and Value: 19.05%).
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As for the addition of the remaining factors, this provides diminishing returns in reducing MAC.
The addition of Momentum appears to only marginally improve the aforementioned model, while
the inclusion of Liquidity does not provide any further enhancement. Conversely, the addition of
Growth appears to slightly worsen the model, resulting in slightly higher MAC values. For example,
the fully extended model with all factors, including Momentum, Growth, and Liquidity, results
in a MAC of 0.0064 compared to 0.0051 for the more streamlined model. While these factors
may appear less impactful in reducing the MAC, they are likely to still contribute valuable depth
and nuances to the model, enhancing its robustness and balance, as indicated in the T-Statistic
analysis (Momentum: 15.08%, Liquidity: 23.02%, Growth: 37.30%).

We also show in Table 1 the variation in R-squared across the different models and draw largely the
same conclusions as above. Namely the Market, Downside Beta, Value, Size & Momentum model
improves R-squared from 38.11% to 42.76%, emphasizing their relevance. Extending the model
with the Growth and Liquidity factors further improves the R-squared to 45.25%, reinforcing the
importance of incorporating additional factors to capture the complexities of asset returns.

Next and for illustration purposes, we present the regression summary for the top 50 assets
ranked by market cap in our universe as of November 2024, shown in Table 2. The coefficients
represent the sensitivities of asset returns to each risk factor, quantifying how changes in these
factors influence performance. Significance levels are indicated by stars: one star (∗) denotes
significance at the 10% level, two stars (∗∗) at the 5% level, and three stars (∗ ∗ ∗) at the 1%
level.

• The constant term (intercept) generally represents the baseline return of an asset that
cannot be explained by the included factors. Significant constants (denoted by the number
of ***) are observed for a few assets, such as DOGE and KAS, suggesting the model has
not fully explained the average return of these assets. This could point to omitted variables
not included in the model or unique features of such assets driving consistent returns. For
most assets, however, the constant is not significant, implying that the factors included
explain a good part of the return variation.

• Market Factor: highly significant across all assets, with positive coefficients ranging from
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Model Median R-squared
Market 0.3811
Market, Size 0.3883
Market, Value 0.3850
Market, Downside Beta 0.3975
Market, Momentum 0.3867
Market, Liquidity 0.3892
Market, Growth 0.3919
Market, Size, Value 0.3929
Market, Downside Beta, Value 0.4036
Market, Downside Beta, Size 0.4099
Market, Downside Beta, Value, Size 0.4137
Market, Downside Beta, Value, Momentum 0.4131
Market, Downside Beta, Value, Size, Momentum 0.4276
Market, Downside Beta, Value, Size, Growth 0.4405
Market, Downside Beta, Value, Size, Liquidity 0.4207
Market, Downside Beta, Value, Size, Liquidity, Growth 0.4473
Market, Downside Beta, Value, Size, Liquidity, Momentum 0.4361
Market, Downside Beta, Value, Size, Momentum, Growth 0.4459
Market, Downside Beta, Value, Size, Momentum, Growth, Liquidity 0.4525

Table 1: Median R-squared Across Different Factor Models

moderate (ADA: 0.83***) to high (LDO: 1.76***, FLOKI: 1.93***). These coefficients rep-
resent the sensitivity of asset returns to overall market movements, indicating that market-
wide trends are the dominant driver of returns. This aligns with the notion that systematic
market risk plays a central role in asset pricing.

• Downside Beta exhibits significant negative coefficients for several assets, such as DOGE
(-4.90***) and FLOKI (-4.82***), emphasizing their susceptibility to adverse market move-
ments. However, some assets like LDO (1.81*, significant) show negligible or insignificant
downside risk exposure, reflecting their relative stability compared to smaller or more spec-
ulative assets.

• The significance and magnitude of the Value factor vary across assets, reflecting differ-
ing sensitivities to this factor. Assets such as BNB (0.92***), TRX (0.97***), and OP
(1.91***) show positive exposure, indicating higher valuation metrics and potential to cap-
ture risk premium associated with the Value factor, albeit with greater exposure to its
inherent risks. In contrast, assets like AR (-1.41***) and FET (-1.72***) exhibit signifi-
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cant negative exposure, suggesting they may be perceived as overvalued or tied to lower
valuation metrics. These sensitivities can guide investment strategies: positively exposed
assets might perform well in stable or growth-oriented markets, while negatively exposed
assets could offer opportunities for contrarian strategies or in specific market regimes.

• The Momentum factor exhibits varied significance across assets. For example, BCH (-
1.16**) displays significant negative exposure, indicating that this asset fails to gather any
momentum risk premium and in fact tends to perform poorly when the momentum factor
performs well and viceversa. This also suggests that assets like BCH exhibit low momentum,
characterized by weak or negative past performance. In contrast, JASMY (1.55) displays
positive but insignificant momentum, hinting at weak trend-following behavior, where past
positive performance might lead to continued gains.

• Size factor exposure shows notable variation. For instance, FET (2.33***) demonstrates
significant positive exposure, likely linked to its speculative nature and smaller capitalization
while DOGE (-5.25***) highlights negative exposure.

• Growth: generally significant, with assets like NEAR (2.54***) and FET (1.27**) showing
strong positive returns tied to growth metrics. This indicates that such growth-oriented
assets will naturally tend to perform nicely when growth premium is substantial, albeit in
exchange for taking on the inherent risks associated with the growth factor

• Liquidity sensitivity is mixed. AR (1.25**) demonstrates positive exposure, likely due to its
low liquidity nature, while the likes of BCH (-0.90**) exhibit negative exposure, indicating
characteristics more aligned with liquid assets.

Overall, all factors demonstrate significant and relevant influence across assets, highlighting their
importance in capturing the diverse risk-return characteristics within the digital assets market.

The model also demonstrates strong R-squared values for most assets, validating its ability to
explain return variability effectively. However, for a few assets like TON (R-squared: 0.09), the
model performs poorly, indicating potential influences from unaccounted factors. F-statistics are
significant for the majority of assets (p-value: 0.00***), further supporting the validity of the
included factors.
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Asset Constant Market Downside Beta Value Momentum Size Growth Liquidity R-squared Adjusted R-squared F-statistic
ADA -0.01 0.83*** -1.06*** -0.44 -0.48 -0.46 0.90*** -0.07 0.45 0.43 0.00***
APT -0.01 1.11*** -1.37 -0.86 -0.80 0.28 3.58*** -1.75* 0.56 0.53 0.00***
AR 0.01 1.18*** -2.74*** -1.41*** 0.49 0.31 2.01*** 1.25** 0.41 0.39 0.00***
ATOM -0.01 0.92*** -1.20*** -0.41 -0.25 -0.24 1.37*** -0.59 0.49 0.47 0.00***
AVAX -0.00 1.27*** -1.79*** -1.63*** 0.53 -0.73 2.80*** 0.60 0.50 0.48 0.00***
BCH 0.00 1.11*** -0.62 -0.24 -1.16** -1.40*** -0.27 -0.90** 0.51 0.50 0.00***
BNB 0.00 0.86*** -0.43 0.92*** 0.54* 0.16 0.05 0.47* 0.57 0.56 0.00***
BTC 0.00 0.95*** -0.08 0.00 0.07 0.06 -0.04 0.08 0.96 0.96 0.00***
DOGE 0.03** 0.98*** -4.90*** 0.87 -0.57 -5.25*** -4.25*** -1.52* 0.54 0.53 0.00***
DOT -0.01** 1.05*** -1.08*** -0.34 0.23 -0.00 0.62** 0.36 0.65 0.64 0.00***
ETC 0.01 1.31*** 0.59 1.29** -0.62 -1.06 -0.02 -2.14*** 0.40 0.38 0.00***
ETH 0.00 1.14*** 0.26 0.04 -0.18 -0.17 0.11 -0.32* 0.82 0.81 0.00***
FET 0.02* 1.32*** -1.90*** -1.72*** -0.32 2.33*** 1.27** -0.98* 0.55 0.53 0.00***
FIL -0.01 1.07*** -0.82 -0.13 0.00 0.47 0.79* -0.82* 0.45 0.43 0.00***
FLOKI 0.03 1.93*** -4.82*** 3.15** -5.55*** -3.93*** -2.88* -1.27 0.50 0.47 0.00***
FTM 0.01 1.47*** -2.05** -1.90*** 0.10 0.95 2.65*** -1.68** 0.47 0.45 0.00***
GRT -0.01 1.13*** -1.06** -0.88*** 0.17 1.27*** 0.65* -0.73** 0.62 0.60 0.00***
HBAR -0.00 0.82*** -0.69 -0.53 0.27 1.29*** 0.51 -0.60 0.44 0.42 0.00***
ICP -0.01 1.04*** -0.60 -0.14 -1.34** 2.13*** 0.89* -0.16 0.41 0.38 0.00***
IMX -0.00 1.24*** -0.11 -0.53 -0.15 1.80*** 2.10*** -1.24* 0.50 0.47 0.00***
INJ 0.01 1.23*** -0.87 -0.67 -0.20 0.78 0.86* -0.14 0.42 0.39 0.00***
JASMY 0.01 1.25*** -0.98 -0.86 1.55 2.49** -0.17 1.47 0.21 0.17 0.00***
KAS 0.05* 0.60 1.63 -0.47 -1.47 -0.63 4.32** -0.59 0.08 0.02 0.22
LDO 0.01 1.76*** 1.81* -0.15 -0.99 0.63 2.37*** -1.77** 0.34 0.32 0.00***
LINK -0.00 1.00*** -0.19 -0.32 -0.67* -0.25 0.06 -1.10*** 0.58 0.56 0.00***
LTC -0.01 0.92*** -0.58* 0.14 -0.84*** -0.50* 0.24 -0.65** 0.62 0.60 0.00***
MATIC 0.01 1.09*** -1.59** -0.15 -1.33** 1.23* 0.82 -0.14 0.38 0.35 0.00***
MKR 0.00 0.69*** -0.58 -0.08 -0.31 0.27 -0.51 -0.14 0.30 0.28 0.00***
NEAR 0.00 1.29*** -2.38*** -0.62 0.21 1.31** 2.54*** 0.16 0.53 0.51 0.00***
OP -0.00 1.49*** -1.13 1.91* -0.36 0.82 1.16 -0.70 0.48 0.45 0.00***
RENDER 0.03 1.04*** -1.78 -1.40 0.49 1.31 3.48*** -1.64 0.21 0.18 0.00***
SHIB 0.03** 1.02*** -6.82*** 0.30 1.37 0.36 -3.69*** 1.88** 0.41 0.39 0.00***
SOL 0.01 1.22*** -1.19** -0.95** 0.23 -1.15** 2.76*** 0.06 0.47 0.45 0.00***
STX 0.01 1.12*** -0.29 -0.09 0.71 1.85*** -0.43 -0.36 0.39 0.37 0.00***
THETA -0.00 1.13*** -1.37*** -0.01 -0.18 0.30 0.29 -0.54 0.54 0.53 0.00***
TON 0.01 0.27 -0.27 0.49 -0.61 -0.78 1.37* -0.06 0.09 0.02 0.23
TRX 0.01 0.63*** 0.34 0.97*** 0.16 0.03 -0.29 -0.51* 0.39 0.37 0.00***
UNI -0.00 1.08*** -1.06** 0.38 -0.16 0.09 -0.20 -0.09 0.54 0.52 0.00***
VET 0.00 1.07*** -0.98** 0.41 0.54 0.32 -0.89** -0.39 0.55 0.53 0.00***
XLM -0.01 0.74*** -0.34 0.05 -0.08 0.03 0.11 -0.33 0.47 0.44 0.00***
XMR -0.00 0.74*** -0.22 0.87*** -0.34 -0.33 -0.11 0.14 0.49 0.47 0.00***
XRP 0.00 0.81*** -0.02 0.36 0.77 0.20 -0.11 -0.84 0.26 0.23 0.00***

Table 2: Regression Output for Top 50 Assets (by MCap) as of Nov 10th, 2024

Overall, applying the Fama-French approach to analyze cryptocurrency returns yields robust
results. All factors demonstrate significance, capturing the diverse nuances of cryptocurrency be-
havior, with each asset exhibiting varying levels of exposure across factors—highlighting distinct
return drivers for different assets. The model achieves good R-squared values, indicating a rea-
sonable ability to explain return variability across assets. While the insights provided by the model
are valuable, the inherent volatility of cryptocurrencies underscores the need for caution and due
diligence in investment decisions. Conclusively, the Fama-French approach proves instrumental
in cryptocurrency asset pricing and risk management strategies.
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4.3.2 Cross-Sectional Regression Model

Unlike the Fama-French Time-Series approach, the Fama-MacBeth procedure is a two-stage
process that uses cross-sectional regressions and involves no factor time-series at the estimation
stage. The first step estimates asset betas using individual asset time-series regressions, while the
second step runs a cross-sectional regression each period to estimate the factor risk premiums.
This is designed to estimate whether risk factors are capable of explaining asset returns in the
cross-section and in understanding whether the estimated risk premiums are significant and if so,
how they evolve over time

Below we provide the methodology we follow to implement the Fama-MacBeth two-stage proce-
dure:

First Stage: Run time-series regressions for each asset i (i = 1, . . . , N) to estimate the factor
loadings (betas):

Ri,t = αi + βi,F1F1,t + βi,F2F2,t + · · ·+ βi,FmFm,t + ϵi,t (2)

where Rit represents the return for asset or portfolio i at time t, Fjt denotes the factor j at time
t, and βi,Fm the factor exposures of the asset or portfolio returns.

Second Stage: For each period t (t = 1, . . . , T ), run cross-sectional regressions to estimate risk
premia λ:

Rit = γt + βiλt + uit (3)

In this equation, Rit represents the cross-section of assets, namely asset’s i return at time t, βi

is the vector of factor loadings estimated from the first stage, and λt reflects the risk premium
for each factor. The time average of the λt estimates provides the Fama-MacBeth estimate of
the risk premium associated with each factor.

To conduct our analysis using the Fama-MacBeth approach, we employ the same set of factors as
in the Fama-French model: market, size, value, momentum, growth, downside beta and liquidity.
The time-series regression is performed on a rolling basis with a 30-week lookback window. In
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the second step, the estimated factor loadings from the rolling regressions are used to perform
cross-sectional regressions for each week in the sample, yielding weekly estimated risk premiums
for each factor.

First, we present the Fama-MacBeth regression output for the week ending on November 10th,
2024, in Table 3. This table reflects the risk premiums generated by each factor during this
period. The Market factor (0.1843∗∗∗) provided a substantial premium for systematic risk ex-
posure, while Value (−0.0232∗∗) and Downside Beta (−0.0302∗∗∗) showed negative premiums,
penalizing undervalued assets and those with lower downside risk. Growth (0.0175∗∗) delivered
a modest positive premium, rewarding assets linked with high network or fee expansion, whereas
Liquidity (−0.0328∗∗∗) indicated a penalty for assets with low token turnover. Size (0.0099) and
Momentum (0.0047) were insignificant, suggesting that neither the scale of an asset nor its prior
price trends were significant drivers of returns in this specific period. These results underscore
the diverse economic and risk drivers influencing cryptocurrency returns for the given week. The
model demonstrates solid explanatory power, comparable to what is typically observed in tradi-
tional financial markets. With an R-squared of 0.4413, the included factors collectively explain
approximately 44% of the return variability. Moreover, the F-statistic (p − value = 0.0000)
confirms the model’s overall significance, underscoring the relevance of the selected factors in
capturing the key drivers of cryptocurrency returns.

Variable Market Value Downside Beta Growth Size Liquidity Momentum Const
Coefficient 0.1843*** -0.0232** -0.0302*** 0.0175** 0.0099 -0.0328*** 0.0047 -0.0306
T-Statistic (7.96) (-3.29) (-5.60) (2.80) (1.48) (-5.45) (0.52) (-1.27)
R-squared Adjusted R-squared F-statistic P-Value
0.4413 0.4103 0.0000

Table 3: Regression Results as of November 10th, 2024

Table 6, Appendix B, highlights the significance of the included factors in explaining cryptocur-
rency returns, with absolute T-Statistic values greater than 1.96 indicating strong statistical rel-
evance. The Market factor stands out with a mean T-Statistic of 3.22, confirming its dominant
role across regressions. Downside Beta (2.88), Growth (2.33), and Liquidity (2.63) demonstrate
substantial significance, capturing critical dimensions such as downside risk exposure, network
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expansion, and trading activity. Similarly, Size (2.77), Momentum (2.57), and Value (2.07) also
exhibit strong contributions, reflecting their relevance in explaining asset scale, price trends, and
valuation dynamics, respectively.

In contrast, the constant term, with a mean T-Statistic of 1.60, consistently falls short of signifi-
cance, reinforcing the robustness of the model in capturing systematic drivers of return variability.
The model’s overall performance is further validated by a mean R-squared of 0.32, indicating
the factors collectively explain a meaningful portion of return variability, and consistently low
F-statistic p-values (0.04), once again confirming the statistical significance of the model.

We next present in Figure 6 the Fama-MacBeth weekly R-squared values, alongside its 8-week
moving average to better visualize the underlying trend. As shown, the model demonstrates strong
reliability during this period, capturing between 20% and 70% of the variation in cross-sectional
cryptocurrency returns. Peaks in R-squared, such as those observed in mid-2022 and early 2024,
highlight periods where the factors collectively provided substantial explanatory power, while
troughs, such as those in early 2023, reflect times of reduced explanatory power, potentially due
to heightened idiosyncratic risk or unaccounted factors. The smoothed trend further emphasizes
the model’s consistent ability to capture key drivers of cryptocurrency returns over time.

Figure 6: R-squared Time-series

Figure 16 displays the 12 weeks smoothed risk premiums. Notably, the weekly market risk
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premium, while fluctuating around zero, exhibits a consistent trend above the 0% mark, albeit a
time varying one which also turns negative at times (representing a bearish market). This further
underscores the significance of the market’s risk premium in the digital asset context, as it displays
substantial variance and power in explaining cryptocurrency returns. The constant term portrays
a similar picture as the market factor, except that it is consistently below 0%, suggesting that
although our model does a good job at capturing cryptocurrency return variation, there are still
components not explained by the included factors. Moving on, we can observe that the Downside
Beta and Liquidity factors generally exhibit more negative risk premiums over the analyzed period,
penalizing assets with low downside risk and low liquidity. However, they also display intermittent
positive trends, suggesting that their effects can vary depending on specific market conditions.
Value and Growth follow a similar pattern but rather on the upside, with prolonged periods of
positive returns followed by occasional downturns, and hence rewarding undervalued and high
growth assets during our timeframe. As is common across asset classes, Momentum exhibits
extremely high returns during positive phases, but also pronounced downturns during negative
ones (often referred to as a momentum crash) and hence highlighting the risk premium that can
be gathered based on past price trends. Last but not least, the size risk premium also displays
clustered and time-varying returns similar to the other factors, with smaller assets outperforming
larger ones in selected periods, and therefore highlighting their potential for higher returns in
specific market conditions and increased sensitivity to risk. These observations underline the
inherent complexities within the digital assets market and the differential impact of various factors
on different cryptocurrencies. Consequently, understanding such dynamics can empower us to
make more informed investment decisions in this continually evolving digital currency landscape.

5 Conclusion

Cryptocurrencies have become a focal point in the financial world due to their rapid growth and
increasing prominence. This study seeks to better understand the factors that influence their value
and returns. To achieve this, we employ two well-established financial models: the Fama-French
and the Fama-MacBeth model. Our analysis investigates seven distinct risk factors: market, size,
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value, momentum, growth, downside beta, and liquidity.

The Fama-French model provides valuable insights into how these factors influence cryptocur-
rency asset or portfolio returns. However, the effects of these factors are not always the same
as they vary across time, reflecting the complexity and dynamism of the cryptocurrency market.
This variability is part of what makes the digital assets market so intriguing and challenging to
analyze.The Fama-MacBeth model, on the other hand, offers a dynamic perspective by cap-
turing how cryptocurrency cross-section risk premiums evolve over time, mirroring the market’s
unpredictable and ever-changing nature.

Our analysis reveals that the seven factors exhibit significant risk premiums and explanatory power
for digital asset returns, albeit to differing degrees. Specifically, we find that value, momentum,
and growth factors display the highest risk premiums in the Fama-French framework (aside from
the market factor), while the remaining factors—size, liquidity, and downside beta—demonstrate
positive but comparatively smaller returns. Consistent with findings in traditional finance, the
market factor accounts for the largest share of the explanatory power in the Fama-French model.
However, we also establish that the value, growth, downside beta, and size factors contribute
significantly to capturing additional variance in asset returns not explained by the market. The
remaining factors (momentum and liquidity) contribute to a lesser extent, yet still offer com-
plementary insights by capturing unique nuances of the digital assets ecosystem. From the
Fama-MacBeth perspective, our findings are consistent with the above observations. All seven
risk premiums exhibit strong statistical significance, underscoring their relevance in explaining
cross-sectional asset returns. Additionally, we observe notable time variability in these premi-
ums, reflecting the dynamic nature of risk pricing over the observed period. This reinforces the
importance of incorporating time-varying factors into asset pricing models for a more nuanced
understanding of return drivers.

While these seven factors demonstrate significant capability in capturing risk premiums and ex-
plaining digital asset returns, our research also highlights a substantial portion of variance in
returns that remains unexplained. This underscores the need for further exploration of addi-
tional factors that could better capture this unexplained variance. The unique transparency of
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blockchain technology, with its real-time recording and streaming of financial and activity-related
data, offers an unparalleled opportunity to explore new descriptors. Future research could investi-
gate factors such as supply inflation, staking activity, on-chain sentiment, and other crypto-native
metrics to expand our understanding.

Moreover, while we present a (monetary) regime analysis framework in this study, it merely
scratches the surface. A more comprehensive approach incorporating advanced traditional finan-
cial regime classifications, alongside crypto-specific regimes, is likely to yield deeper insights into
the behavior of these factors under different macroeconomic and crypto-specific conditions.

In conclusion, this research lays the groundwork for further studies into cryptocurrency risk factors,
highlighting the importance of both traditional finance principles and crypto-specific innovations.
The dynamic and evolving nature of the cryptocurrency market presents an exciting journey to
fully understand the digital assets world and its place in modern finance.

Page 31 of 44 | © CF Benchmarks Ltd. All rights reserved.



References

[1] R. Banz. “The relationship between return and market value of common stocks”. In: Journal
of Financial Economics 9.1 (1981), pp. 3–18.

[2] Saurabh M. Bhambhwani, Stavros Delikouras, and George M. Korniotis. “Blockchain charac-
teristics and cryptocurrency returns”. In: Journal of International Financial Markets, Insti-
tutions and Money 86 (2023).

[3] Daniele Bianchi and Mateusz Babiak. “A factor model for cryptocurrency returns”. In:
(2022).

[4] Lin Cong et al. “Value premium, network adoption, and factor pricing of crypto assets”. In:
(2022).

[5] Victoria Dobrynskaya. “Is downside risk priced in cryptocurrency market?” In: International
Review of Financial Analysis 91 (2024).

[6] E. Fama and K. French. “A five-factor asset pricing model”. In: Journal of Financial Eco-
nomics 116 (2015), pp. 1–22.

[7] E. Fama and K. French. “The cross-section of expected stock returns”. In: Journal of
Finance 47.2 (1992), pp. 427–465.

[8] Eugene F. Fama and James D. MacBeth. “Risk, return, and equilibrium: Empirical tests”.
In: Journal of Political Economy 81.3 (1973), pp. 607–636.

[9] N. Jegadeesh and S. Titman. “Returns to buying winners and selling losers: Implications
for stock market efficiency”. In: Journal of Finance 48.1 (1993), pp. 65–91.

[10] Yukun Liu, Aleh Tsyvinski, and Xi Wu. “Accounting for cryptocurrency value”. In: (2021.
Working Paper).

[11] Yukun Liu, Aleh Tsyvinski, and Xi Wu. “Common risk factors in cryptocurrency”. In: Journal
of Finance 77.2 (2022), pp. 809–1431.

[12] H. Markowitz. “Portfolio selection”. In: Journal of Finance 7.1 (1952), pp. 77–91.

[13] S. A. Ross. “The arbitrage theory of capital asset pricing”. In: Journal of Economic Theory
13.3 (1976), pp. 341–360.

Page 32 of 44 | © CF Benchmarks Ltd. All rights reserved.



[14] W. Sharpe. “Capital asset prices: A theory of market equilibrium under conditions of risk”.
In: Journal of Finance 19 (1964), pp. 425–442.

[15] Token Terminal. Token Terminal: Financial and Alternative On-Chain Data. Accessed:
2024-11-10. 2024. url: https://www.tokenterminal.com/.

Page 33 of 44 | © CF Benchmarks Ltd. All rights reserved.



Appendix A

Figure 7: Descriptor Correlation Heatmap

Figure 8: Market Factor
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Figure 9: Size Factor

Figure 10: Value Factor
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Figure 11: Momentum Factor

Figure 12: Growth Factor
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Figure 13: Downside Beta Factor

Figure 14: Liquidity Factor
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Figure 15: Factor Analysis Across Macroeconomic Cycles
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Figure 16: Fama-MacBeth Daily Risk Premiums
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Appendix B

Variable Count Mean Std Min 25% 50% 75% Max % of Significant T-Stats
Constant 126 0.78 0.58 0.01 0.32 0.71 1.04 2.31 5.56
Momentum 126 1.13 0.81 0.00 0.53 1.00 1.51 4.29 15.08
Value 126 1.17 1.06 0.00 0.36 0.87 1.51 4.79 19.05
Liquidity 126 1.26 0.93 0.01 0.48 1.09 1.86 4.17 23.02
Size 126 1.44 1.05 0.01 0.63 1.24 2.06 6.06 28.57
Growth 126 1.70 1.22 0.03 0.77 1.45 2.37 5.79 37.30
Downside Beta 126 1.75 1.20 0.04 0.86 1.50 2.44 6.54 38.10
Market 126 9.62 6.00 1.12 7.08 8.93 11.35 63.96 97.62
R-squared 126 0.43 0.14 0.05 0.35 0.45 0.54 0.96 –
F-Statistic P-Value 126 0.01 0.04 0.00 0.00 0.00 0.00 0.26 –

Table 4: Summary for Absolute T-Statistic Values, Regression Metrics, and Frequency of Signif-
icant T-Statistics across 126 Fama-French Regressions

Model Median Absolute Constant Term
Market 0.0070
Market, Size 0.0068
Market, Value 0.0066
Market, Downside Beta 0.0061
Market, Momentum 0.0066
Market, Liquidity 0.0069
Market, Growth 0.0073
Market, Size, Value 0.0057
Market, Downside Beta, Value 0.0060
Market, Downside Beta, Size 0.0061
Market, Downside Beta, Value, Size 0.0051
Market, Downside Beta, Value, Momentum 0.0057
Market, Downside Beta, Value, Size, Momentum 0.0051
Market, Downside Beta, Value, Size, Growth 0.0059
Market, Downside Beta, Value, Size, Liquidity 0.0051
Market, Downside Beta, Value, Size, Liquidity, Growth 0.0062
Market, Downside Beta, Value, Size, Liquidity, Momentum 0.0051
Market, Downside Beta, Value, Size, Momentum, Growth 0.0060
Market, Downside Beta, Value, Size, Momentum, Growth, Liquidity 0.0064

Table 5: Summary of Median Absolute Constant Term Across Different Fama-French Factor
Models

Page 40 of 44 | © CF Benchmarks Ltd. All rights reserved.



Variable Count Mean Std Min 25% 50% 75% Max
Downside Beta 163 2.88 4.10 0.001 0.73 1.78 3.74 43.28
Growth 163 2.33 2.50 0.042 0.90 1.64 3.06 16.96
Liquidity 163 2.63 2.62 0.005 0.95 1.92 3.58 19.34
Market 163 3.22 3.60 0.013 1.00 2.67 3.94 31.26
Momentum 163 2.57 3.71 0.035 0.76 1.50 2.71 29.64
Size 163 2.77 3.45 0.005 0.79 1.84 3.72 30.36
Value 163 2.07 2.59 0.012 0.61 1.22 2.66 18.34
Constant 163 1.60 1.45 0.008 0.59 1.27 2.02 8.29
R-squared 163 0.32 0.22 0.04 0.15 0.27 0.41 0.99
F-statistic p-Value 163 0.04 0.14 0.00 0.00 0.00 0.01 0.73

Table 6: Summary Fama-MacBeth Absolute T-Statistics Values and Regression Metrics
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Disclaimer & Disclosures

• This information is provided by CF Benchmarks Ltd.

• CF Benchmarks Ltd (‘CF Benchmarks”) is a limited company registered in England and
Wales under registered number 11654816 with its registered office at 6th Floor One London
Wall, London, United Kingdom, EC2Y 5EB.

• CF Benchmarks is authorised and regulated by the Financial Conduct Authority (FCA) as a
Registered Benchmark Administrator (FRN 847100) under the UK Benchmarks Regulation.

• CF Benchmarks is authorised to undertake the following regulated activity ‘Administering
a Benchmark.” Administering a Benchmark” is a regulated activity under article 63S of the
Financial Services and Markets Act 2000 (Regulated Activities Order) 2001 (SI 2001/544)
(RAO), which, in summary, means acting as the administrator of a benchmark as defined
in article 3.1(3) of the benchmark regulation.

• CF Benchmarks is NOT a registered investment advisor and does NOT provide investment,
tax, legal, or accounting advice in any geographical locations. You should consult your
own financial, tax, legal, and accounting advisors or professionals before engaging in any
transaction or making an investment decision.

• All information contained within, including recordings, is for educational and informational
purposes ONLY. None of the Information constitutes an offer to sell (or a solicitation of
an offer to buy) any cryptoassets, security, financial product, or other investment vehicle or
any trading strategy. No member of CF Benchmarks nor their respective directors, officers,
employees, partners, or licensors provide investment advice, and nothing contained herein or
accessible through CF Benchmarks products, including statistical data and industry reports,
should be taken as constituting financial or investment advice or a financial promotion.

• Information containing any historical information, data, or analysis should not be taken as
an indication or guarantee of any future performance, analysis, forecast, or prediction. Past



performance does not guarantee future results. The Information should not be relied on
and is not a substitute for the skill, judgment, and experience of the user, its management,
employees, advisors, and/or clients when making investment and other business decisions.
All Information is impersonal and not tailored to the needs of any person, entity, or group
of persons.

• Charts and graphs are provided for illustrative purposes only. Index returns shown may not
represent the results of the actual trading of investable assets/securities.

• The Information may contain back-tested data. Back-tested performance is not actual per-
formance but is hypothetical. There are frequently material differences between back-tested
performance results and actual results subsequently achieved by any investment strategy.
The back-test calculations are based on the same methodology that was in effect when the
index was officially launched. However, back-tested data may reflect the application of the
index methodology with the benefit of hindsight, and the historic calculations of an index
may change based on revisions to the underlying economic data used in the calculation of
the index.

• All information and data contained in this publication is obtained by CF Benchmarks from
sources believed by it to be accurate and reliable. Because of the possibility of human and
mechanical error as well as other factors, however, such information and data is provided
‘as is” without warranty of any kind.

• No member of CF Benchmarks nor their respective directors, officers, employees, partners,
or licensors make any claim, prediction, warranty, or representation whatsoever, expressly
or impliedly, either as to the accuracy, timeliness, completeness, merchantability of any
information or of results to be obtained from the use of any CF Benchmarks products.

• No responsibility or liability can be accepted by any member of CF Benchmarks nor their
respective directors, officers, employees, partners, or licensors for

1. any loss or damage in whole or in part caused by, resulting from, or relating to any
error (negligent or otherwise) or other circumstance involved in procuring, collecting,



compiling, interpreting, analyzing, editing, transcribing, transmitting, communicating,
or delivering any such information or data or from use of this document or links to
this document; or

2. any direct, indirect, special, consequential, or incidental damages whatsoever, even
if any member of CF Benchmarks is advised in advance of the possibility of such
damages, resulting from the use of, or inability to use, such information.

• The user of the Information assumes the entire risk of any use it may make or permit to be
made of the Information. CF BENCHMARKS DOES NOT MAKE ANY EXPRESS
OR IMPLIED WARRANTIES OR REPRESENTATIONS WITH RESPECT TO
THE INFORMATION (OR THE RESULTS TO BE OBTAINED BY THE USE
THEREOF), AND TO THE MAXIMUM EXTENT PERMITTED BY APPLI-
CABLE LAW, IT EXPRESSLY DISCLAIMS ALL IMPLIED WARRANTIES (IN-
CLUDING, WITHOUT LIMITATION, ANY IMPLIED WARRANTIES OF ORIG-
INALITY, ACCURACY, TIMELINESS, NON-INFRINGEMENT, COMPLETE-
NESS, MERCHANTABILITY, AND FITNESS FOR A PARTICULAR PURPOSE)
WITH RESPECT TO ANY OF THE INFORMATION.

• No part of this information may be reproduced, stored in a retrieval system, or transmitted in
any form or by any means—electronic, mechanical, photocopying, recording, or otherwise—
without prior written permission of CF Benchmarks Ltd. Any use of or access to products,
services, or information of CF Benchmarks Ltd requires a licence from CF Benchmarks Ltd
or its authorized licensing agents.

• CF Benchmarks is a member of the Crypto Research group of companies, which is in turn
a member of the Payward group of companies. Payward, Inc. is the owner and operator of
Staked, a provider of block production and validation nodes for decentralized PoS protocols
on behalf of institutional investors. Staked.us is a source of input data for the CF Staking
Series.
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