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Abstract:

This paper empirically investigates the performance of a factor-based “risk momen-
tum” strategy within the cryptocurrency market, utilizing a K-Means clustering
approach to identify homogeneous risk groups. We apply a multi-stage methodology
to hourly cryptocurrency data, encompassing variable extraction, cross-sectional
regressions to derive risk components, and K-Means clustering to group assets
based on their historical risk profiles. Market-capitalization-weighted long-short
portfolios are constructed by aggregating cryptocurrencies from the lowest and
highest risk deciles across all identified clusters. Empirical analysis reveals that the
overall clustered risk momentum strategy yielded statistically significant negative
returns during the study period. This suggests a “risk reversal” phenomenon in
the aggregated portfolio rather than positive risk momentum. Furthermore, we
provide a theoretical explanation for this phenomenon using a stochastic Ornstein-
Uhlenbeck mean-reversion model, mathematically demonstrating how the speed of
price correction outweighs momentum persistence in high-frequency cryptocurrency
data.
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1 Introduction

The global financial landscape has been significantly reshaped by the emergence of
the cryptocurrency market. Its distinct characteristics, including 24/7 trading, de-
centralization, and high volatility, present both novel opportunities and considerable
challenges for conventional asset pricing theories [2, 3]. While market anomalies
such as momentum are well-documented in traditional equity markets [8], their
applicability in the digital asset space requires dedicated empirical validation [22].
The growing complexity of this market necessitates the use of more sophisticated
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analytical tools to uncover underlying patterns [19].

A recent and promising advancement in this domain is the concept of “risk
momentum,” which posits that the component of asset returns attributable to
common risk factors exhibits strong persistence [10]. This framework suggests that
sorting assets based on their past risk profiles, rather than raw returns, can yield
robust and profitable strategies. However, given the distinct high-volatility nature of
digital assets, we explicitly investigate the competing hypothesis that mean-reversion
dynamics may dominate momentum effects at high-frequency intervals, potentially
leading to risk reversal rather than continuation.

While the body of literature on cryptocurrency portfolio management is growing
[13, 18, 25], the intersection of risk momentum and the market’s inherent structural
heterogeneity remains largely unexplored. The cryptocurrency market is not a
monolith; it comprises thousands of assets with diverse risk-return characteristics.
A critical challenge lies in structuring this complexity. This paper addresses this
challenge by adopting a data-driven clustering approach. We employ the K-Means
algorithm to group cryptocurrencies into homogeneous clusters based on their
historical risk profiles, thereby identifying natural, data-informed market segments.

Despite the growing interest in risk-based strategies, a significant gap remains
in understanding how high-frequency dynamics interact with cross-sectional risk
factors within the highly segmented cryptocurrency market. This study is primarily
motivated by the need to bridge this gap; we explicitly investigate whether the
risk momentum anomaly persists or if it succumbs to the rapid mean-reversion
characteristics inherent in digital assets. Therefore, the primary objective of this
research is to evaluate the performance of an aggregated risk momentum strategy
constructed from dynamically identified clusters. Specifically, we form a market-
capitalization-weighted long-short portfolio by taking a long position in the lowest-
risk assets and a short position in the highest-risk assets, aggregated across all
clusters. This allows us to test the overall efficacy of the risk momentum anomaly
when applied to a market structured by its own internal risk dynamics. Ultimately,
our work contributes by providing a novel, data-driven perspective on risk-based
strategy performance and offers valuable insights into the complex structure of the
cryptocurrency market.

2 Literature Review

The theoretical foundation of this study lies at the confluence of three key areas:
market anomalies, the emerging field of cryptocurrency asset pricing, and data-driven
market segmentation. The Efficient Market Hypothesis (EMH), which suggests
that prices reflect all available information [6], has been consistently challenged by
the discovery of market anomalies. The momentum effect, where past performance
predicts future returns, remains one of the most robust of these anomalies [8], and
its presence has also been documented in cryptocurrency markets [1], though it is
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not without its limitations, such as periodic crashes [5].

To address these limitations, [10] introduced the “risk momentum” framework.
Their research demonstrates that the persistence in returns is primarily driven by
the “risk component”™—the portion of returns explained by common factors. Sorting
on this component yields more stable and pervasive profits. Our study directly
applies this theoretical lens to the high-frequency environment of the cryptocurrency
market.

The cryptocurrency market itself presents a unique laboratory for testing asset
pricing theories. Its 24/7 nature and high volatility distinguish it from traditional
markets [4, 9]. While some studies find evidence of inefficiencies [22], others work to
identify common risk factors similar to those in equity markets [12]. Other research
identifies unique factors influencing cryptocurrency prices, such as market sentiment
and network-related metrics [21]. This highlights the need for robust methodologies
that can account for the market’s unique structure.

Structuring this market is a critical challenge. One approach is manual cate-
gorization based on function [24]. An alternative, which this paper adopts, is a
data-driven approach using clustering algorithms. K-Means clustering has been
successfully applied in finance to group assets based on behavioral similarities, aiding
in portfolio construction and risk management [14]. By applying K-Means to the
risk profiles of cryptocurrencies, we aim to uncover natural market segments and
test the risk momentum hypothesis within this data-driven structure.

3 Theoretical Framework: Stochastic Modeling of Price
Dynamics

To provide a rigorous mathematical foundation for our empirical analysis, particularly
for the observed risk reversal phenomenon, we model the cryptocurrency market
dynamics using a complete probability space (Q, F, P), where {2 represents the sample
space of price paths, F' is the sigma-algebra of events, and P is the probability
measure. The information flow is captured by the filtration {F;}>o.

3.1 Jump-Diffusion Price Process

Given the distinct characteristics of cryptocurrencies, such as extreme volatility
and discontinuous price jumps, a standard Geometric Brownian Motion (GBM)
is insufficient. Following [16], we model the price dynamics of asset i, denoted as
P;(t), using a Jump-Diffusion process. The Stochastic Differential Equation (SDE)
governing the price is defined as:

: N(t)
dé’z(%) = pi(B)dt + o ()AWi() + d( 3 Vi) )

Where:
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(i) p4(t) represents the instantaneous expected return (drift).

ii) oy i(t) is the continuous diffusion component, where W;(t) is a standar
ii t)dW;(t) is th ti diffusi t, where W;(t) i tandard
Brownian motion modeling normal volatility.

(iii) N(t) is a Poisson process with intensity A, capturing the frequency of sudden
market shocks (jumps).

(iv) Vi, is a non-negative random variable representing the absolute price change
induced by the j-th jump.

Applying It6’s Lemma for jump-diffusion processes, the logarithmic return dy-
namics can be derived. This framework allows us to separate the continuous “risk
component” from idiosyncratic jumps, which justifies our factor-based extraction
method in the empirical section.

3.2 Mean Reversion in Returns (Ornstein-Uhlenbeck Process)

While prices may exhibit jumps, the profitability of a momentum or reversal strategy
depends on the time-series behavior of returns. To theoretically analyze the “Risk
Reversal” hypothesis, we assume that the instantaneous logarithmic returns, rt,
follow an Ornstein-Uhlenbeck (OU) process [23]. This process explicitly models
the tendency of returns to revert to a long-term mean, a key characteristic in
high-volatility markets:

d’l"t = H(e — ’I“t)dt + O'th (2)
Where:

(i) & > 0 is the mean-reversion speed, indicating how quickly returns correct
towards the mean.

(ii) 6 is the long-term equilibrium mean of the returns.

(iii) o is the volatility of the return process.

The explicit solution to this SDE for a time step At , derived using It6’s formula on

the function f(r,t) = re™ | is:

t+At
Feoar = ree A4 O(1 — eTRAY) 4 a/ e RUFAL=S) gy, (3)
t

This stochastic formulation provides the necessary mathematical structure to
test whether the market is driven by momentum (persistence) or reversal (mean
reversion).
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4 Methodology

Our methodology is a multi-stage process designed to empirically test the factor-
based risk momentum hypothesis within a market structured by K-Means clustering.

4.1 Data and Variable Extraction

Hourly OHLCV data were collected from the Binance exchange, spanning from
January 1, 2022, to May 31, 2025. To ensure robustness, we constructed a dynamic
universe of the top liquid cryptocurrencies, averaging 115 assets per hour, filtered
based on market capitalization and trading volume at each rebalancing point. From
this raw data, a set of 14 daily financial and statistical factors were extracted for
each asset. These factors include core metrics such as realized volatility, skewness,
kurtosis, trading volume, and past returns across multiple time horizons, designed
to capture diverse dimensions of asset risk and behavior.

4.2 Return Calculation

To ensure robust statistical properties—specifically the time-additivity and distribu-
tional symmetry essential for analyzing high-volatility assets—all empirical analyses
employ continuously compounded (logarithmic) returns [11]. For each asset, the
return at time t is defined as:

o= tn(5 ) @

where P, and P;_; denote the closing prices at times ¢t and t — 1, respectively.

4.3 Factor Normalization and Risk Component

The extracted daily factors were first normalized using a cross-sectional ranking ap-
proach. Subsequently, for each hour, a cross-sectional OLS regression was performed
to estimate the relationship between hourly log returns and the normalized factors.
The fitted portion of this regression for each asset constitutes its “risk component”
(RISKj 4:), which served as the primary sorting variable.

For each hour i of day d, the hourly log return of cryptocurrency s at time
d,i (RETs,q;) was regressed against its normalized factor values at time d — 1, j
(Coa-1,):

p
RET, 45 = aq,i + Z Cs.a—1,j0d,5 + €s.a,i (5)

Jj=1

The “risk component” for each cryptocurrency at each hour was calculated as
the dot product of its normalized factor values and the corresponding hourly theta
vector derived from the cross-sectional regressions:
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P
RISK 4, = Z Cs,d-1,j04.4,5 (6)

j=1

4.4 K-Means Clustering

A key innovation of this study is the application of the K-Means clustering algorithm
to group cryptocurrencies based on the similarity of their historical risk profiles.

Justification for K — Means: The choice of K-Means was driven by both its
established effectiveness and its computational efficiency. Given the high-frequency
nature and large volume of our data, more complex hierarchical or density-based
clustering algorithms proved to be computationally prohibitive and impractical for
implementation. K-Means offers a robust and scalable solution for partitioning
the dataset into a predefined number of clusters (k=10 in this study), making it
a pragmatic choice for large-scale financial analysis [15]. This parameter k=10
was selected based on preliminary stability tests to ensure sufficient granularity
for capturing distinct risk profiles while maintaining interpretability and adequate
cluster sizes. The algorithm aims to minimize the within-cluster sum of squares
(WCSS), which is the objective function:

k
wess =33 |z — pwl|” (7)
i=1 ze€C;

Where k is the number of clusters (10 in this study), C; is the i-th cluster, x is a
data point (an asset’s historical risk profile) in cluster C;, and u; is the centroid
(mean) of cluster C; [7]. Before clustering, the time-series of risk data for each asset
was scaled to ensure that all assets contribute equally to the distance calculations.
The algorithm then partitioned the assets into 10 distinct clusters, where each
cluster contains cryptocurrencies with the most similar historical risk dynamics.

4.5 Decile Ranking and Portfolio Construction

Following the clustering, for each hour, assets were sorted based on their current
risk component within each of the 10 clusters. They were then assigned to deciles
(1 to 10). The central strategy of this paper, the “Overall Clustered Risk” portfolio,
was then constructed. This is a market-capitalization-weighted long-short portfolio
formed by aggregating assets from the extreme deciles across all clusters.The weight
(w;) of each asset i in the long and short legs of the portfolio was determined by
its market capitalization (M Cap;) relative to the total market capitalization of its
respective leg (Long or Short):

MCap;
ZjELeg Mcapj

The portfolio aggregated these positions:

(8)

w; =
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(i) Long Position : Market-cap-weighted portfolio of assets in Decile 1 (lowest
risk) from all 10 clusters.

(ii) Short Position : Market-cap-weighted portfolio of assets in Decile 10 (highest
risk) from all 10 clusters.

The final long-short portfolio return (R,) at time ¢ is the difference between the
returns of the long (Ry) and short (Rg) legs:

Ryt = Rp¢— Rsy 9)

4.6 Performance Evaluation

The portfolio’s performance was evaluated using standard financial metrics, including
the Annualized Sharpe Ratio [20] and t-statistics. The Annualized Sharpe Ratio

was calculated as:
Sharpe Ratio = 7E[Rp07 Ry] x VN (10)

P

Where E[R, — Ry] is the expected excess return of the portfolio over the risk-free
rate (assumed to be zero), o, is the standard deviation of the portfolios excess
returns, and N is the number of periods per year (e.g., 365 x 24 for hourly data).
All reported t-statistics were computed using Newey-West heteroskedasticity and
autocorrelation consistent (HAC) standard errors [17] to ensure robust statistical

inference. The t-statistic for the mean return (R) was calculated as:

SEnac(R)

Where SEpac(R) is the Newey-West standard error of the mean return.

4.7 Numerical Implementation Details

All numerical implementations, including data preprocessing, K-Means clustering,
and portfolio backtesting, were executed using Python (version 3.10) with standard
scientific computing libraries (e.g., pandas, numpy, and scikit-learn). The K-Means
algorithm was initialized using the ‘k-means++’" method with a maximum of 300
iterations and a tolerance of le — 4 to ensure strict convergence. For the heatmap
visualizations (Figures 2 and 3), the signal formation periods (M) and holding
periods (N) were parameterized across a comprehensive grid ranging from 1 to 120
hours. This grid was specifically designed to robustly capture both ultra-short-term
microstructure effects and multi-day market dynamics.

For the core baseline strategy presented in the main empirical results (Tables
1 -2, Figures 1,4), the specific numerical parameters applied are uniformly set to:
k = 10 clusters, signal formation period M = 1 hour, and holding period N =1
hour. Portfolios are constructed using the extreme risk deciles (Long Decile 1,
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Short Decile 10) drawn from a dynamic universe of approximately 115 liquid assets.
The strategy enforces dynamic hourly rebalancing utilizing market-capitalization
weights, and all reported values represent gross logarithmic returns to isolate the
core anomaly prior to transaction costs.

5 Empirical Results

This section presents the empirical performance of the “Overall Clustered Risk
(KMeans)” long-short portfolio, utilizing log returns.

5.1 Portfolio Performance

The empirical performance of the “Overall Clustered Risk” long-short portfolio
reveals significant and pervasive patterns within the high-frequency cryptocurrency
market. Table 1 displays the hourly mean returns and robust t-statistics for the
strategy. As observed, the portfolio exhibits consistently negative mean returns
across all hours of the day. The average return across all hours is -0.92%, which is
highly statistically significant with a t-statistic of -115.65.

Table 1: Hourly Performance of the Overall Clustered Risk Portfolio.

Hour 00:00  01:00  02:00  03:00 0400 0500  06:00  07:00  08:00  09:00  10:00  11:00
Return (%)  -1.15  -1.03  -0.93  -0.82  -0.92  -0.88  -0.90  -0.92  -0.91 -0.81 082  -0.80
T.stat (-25.06) (-28.50) (-25.26) (-28.19) (-22.28) (-25.96) (-30.14) (-25.18) (-28.56) (-28.04) (-26.30) (-28.23)
Hour 1200 13:00  14:00 1500  16:00  17:00 1800  19:00  20:00  21:00 2200  23:00 All
Return (%) -097  -0.98  -103  -1.08  -1.02  -093  -0.84  -085  -085  -0.82  -08)  -0.82 -0.92
T.stat (-25.59) (-28.26) (-26.42) (-25.15) (-27.32) (-27.67) (-27.53) (-26.92) (-22.66) (-24.73) (-16.85) (-21.71) (-115.65)

In Table 1, the hourly performance breakdown explicitly demonstrates the imme-
diate intraday effect of the baseline parameters (k = 10 clusters, M = 1,N = 1). For
instance, the highly significant overall average hourly return of —0.92% (¢t — stat =
—115.65) mathematically validates that taking a market-capitalization-weighted
long position in the lowest risk decile (Decile 1) and a short position in the highest
risk decile (Decile 10) yields pervasive underperformance consistently across all 24
individual hours.

This initial robust finding strongly indicates the presence of a “risk reversal”
phenomenon, where low-risk assets systematically underperformed high-risk assets
on an hourly basis. The economic magnitude of this reversal suggests a powerful
market dynamic rather than a mere statistical anomaly. Furthermore, this negative
performance persists across various intraday holding periods. Table 2 presents the
intraday annualized returns, which remain overwhelmingly negative and statistically
significant. The annualized returns (Rgyy,) are calculated from mean hourly returns
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(Rhourty) using the total number of hours in a year (N = 8760):

Ronn = Rhourly x N (12)

Table 2: Intraday Annualized Returns of the Overall Clustered Risk Portfolio.

How 0050 0150 0250 0350 0450 0559 0650 0TS0 0559 0050 1059 LS9 1250 1350

703 208085

7.9 21777
09) (s

(4010

275043 308632 338260 -B6SLO0 307212 432010 168022

(43.18)  (44.00) (4430) (4461)  (-45.53)

%

0000 2011 79520 -1ISLIS 143200
3 (47.21)

(25.061) (8268 (34
0100 37518
(-28.50)

0200

(-45.00) ) (-46.80)
~1315.10
) (4451)

(ovot
15:00 -1412.60 —‘
100
20

2300

In Table 2, the annualized figures explicitly translate the intraday gross loga-
rithmic returns into yearly equivalents by scaling them by an assumption of 8,760
trading hours. As a quantitative demonstration of this compounding effect, the core
strategy (k = 10 clusters, M = 1) initiated at hour 00:00 registers an immediate an-
nualized deficit of —421.11% (¢t — stat = —25.06) after just a one-hour holding period.
This underperformance deteriorates monotonically as the holding horizon extends,
culminating in an extreme annualized loss of —8011.77% (¢ — stat = —45.94) over a
full 24-hour intraday cycle. This consistent, severe degradation across all entry hours
quantitatively validates the immense economic magnitude of the high-frequency risk
reversal anomaly.

This numerical evidence is visually confirmed in Figure 1, which illustrates a
steady and significant downward trend in cumulative returns as the holding horizon
increases. The pattern holds uniformly across all trading sessions (All Day, Day
Session, and Night Session), confirming that the risk reversal effect is a pervasive
feature of the aggregated strategy.

In Figure 1, the cumulative return trajectories visualize the failure of the short-
term signal (M = 1) across extending holding horizons. As an explicit numerical
example in Panel (A) “All Day”, the baseline strategy (k=10 clusters, Long D1/ Short
D10) consistently degrades, reaching a substantial cumulative loss of approximately
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—6500 bps at the maximum 120-hour holding limit. This pattern confirms that
the reversal effect dominates microstructure dynamics uniformly across all trading
sessions.

() AllDay

(8) Day Session

(€) Night Session

E)
nnnnnnnnnnnnnn tbours)

Figure 1: Cumulative Returns (bps) of the Overall Clustered Risk Portfolio across different trading
sessions

In Figure 2, the heatmap details the annualized returns across 324 discrete grid
combinations of Signal (M) and Holding (N) periods. The severity of the risk
reversal is acutely visible in the top-left cell representing the highest frequency
implementation (M = 1, N = 1), which exhibits an extreme annualized loss of
—8019.05%, before progressively moderating at the longest simulated multi-day
horizons (e.g., M = 120, N = 120, yielding — 66.69%). Across all cells, portfolios are
clustered at k=10 and market-capitalization weighted.

In Figure 3, the Sharpe ratio heatmap systematically confirms the raw return
deterioration observed in Figure 2. Evaluated with a zero risk-free rate (Ry = 0)
and dynamic hourly market-cap weighting, the poorest risk-adjusted performance
clearly appears at the shortest intervals, specifically peaking at a severely negative
Sharpe ratio of —85.69 in the top-left cell (M =1, N =1).
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Figure 3: Heatmap of Annualized Sharpe Ratios across varying Signal (M) and Holding (N) periods.

Finally, Figure 4 provides a stark summary of the strategy’s overall cumulative
performance over the entire sample period on a logarithmic scale. The steep and
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continuous decline illustrates the severe and compounding losses incurred, confirm-
ing that the aggregated long-low-risk, short-high-risk strategy was systematically
unprofitable over the long term.

Performance of Overall Clustered Risk (KMeans) (Log Return) Portfolio
— Overal Clusered Risk (Keans) (Log Resurn)

Figure 4: Overall Cumulative Performance of the Clustered Risk Portfolio (Log Scale) from January
2022 to May 2025.

In Figure 4, the overall cumulative performance visualizes the continuous com-
pounding effect of the baseline parameters (LongD1/ShortD10,M = 1,N = 1)
over the entire 41-month sample. The near-linear downward trajectory on the
logarithmic scale, dropping precipitously toward a log-portfolio value of —80 by the
end of the period, underscores the robust, long-term persistence of the risk reversal
anomaly prior to the deduction of transaction costs.

Given that in high-volatility environments, assets with elevated recent risk
exposure tend to exhibit higher concurrent returns (a risk—return relationship),
the ranking by risk profile serves as a reasonable proxy for ranking by recent
performance. Therefore, we treat the High-Risk leg as the “Winner” leg (Ry ¢ > 0)
and the Low-Risk leg as the “Loser” leg (R ¢ < 6) in the theoretical analysis that
follows.

5.2 Theoretical Explanation of Findings

The empirical results presented in Table 1 and Figure 1 consistently show statistically
significant negative returns for the aggregated risk momentum strategy. This implies
a “Momentum Failure” and the dominance of a “Risk Reversal” effect. We can now
explain this phenomenon mathematically using the Ornstein-Uhlenbeck framework
established in Section 3.

Proposition 5.1. (Momentum Failure under Strong Mean Reversion): If the return
process follows an Ornstein-Uhlenbeck dynamics with a high mean-reversion speed k
(as defined in Eq. 3), the expected return of a Long-Short portfolio based on recent
past performance will be negative.

Proof. Consider the conditional expectation of the return at time ¢ + At given the
information at time ¢(F;). Due to the martingale property of the It6 integral, the
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expected value of the stochastic term is zero. Thus:

Elresad Fy) =E[re "2 F] + E[0(1 — e 24| Fy]
t+At
+ E[a/ e A=) g | (13)
t

E[Tt+At‘Ft] =40 + (T’t — g)efmAt (14)
The expected change in return (expected profit/loss) over the horizon At is:
E[AT] = Elresas — 1| Fi] = (0 — 1) (1 — e7"2) (15)

For the theoretical analysis that follows, we consider a Long-Short portfolio by
buying the “High Risk/Winner” decile (H) where recent returns are high (rg, > 0)
and selling the “Low Risk/Loser” decile (L) where returns are low (rz ; < 6).

(i) Long Leg (H): since rgy ¢ > 0, the term (6 — rp ;) is negative. Thus,
E[Ary] < 0. The high-risk assets are expected to revert down.

(ii) Short Leg (L): since rp; < 0, the term (0 —ry, ;) is positive. Thus, E[Arg] > 0.
The low-risk assets are expected to revert up.

The total expected payoff of the portfolio (R,) is the Long return minus the Short
return:

E[R,] = E[Ary] — E[Arg) (16)
Substituting the expectations:
E[Ry] = (0 = rae)(1 — e = (0 = rpe)(1 — e7"2) (17)
Simplifying the equation yields:
B[Ry = (roe —rma)(1 —e ") (18)

Since by definition of the ranking rg¢ > rp4, the term (rp: — rpy) is strictly
negative. Furthermore, since x > 0 and At > 0, the term (1 — e~"2?) is positive.
Therefore,

E[R,] <0

O

This proof demonstrates that in the cryptocurrency market, specifically at the
hourly frequency analyzed, the mean reversion parameter x is sufficiently large that
it overpowers any potential momentum persistence. The market efficiently corrects
deviations from the mean, causing the “Winners” (High Risk) to underperform and
“Losers” (Low Risk) to outperform in the subsequent period, leading to the observed
negative profitability of the momentum strategy.

The theoretical model presented here serves primarily as a qualitative framework
to explain the mechanism of momentum failure. Detailed calibration of the x and 6
parameters for individual clusters is left for future research.
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6 Conclusion and Implications

This study empirically investigated a factor-based "risk momentum” strategy within
the cryptocurrency market, employing an innovative K-Means clustering approach.
The primary and most striking finding, contrary to the initial hypothesis, was the
statistically significant negative performance of the aggregated long-short portfolio.
This result unequivocally points to a powerful “Risk Reversal” phenomenon during
the analyzed period, meaning that high-risk assets systematically outperformed
their low-risk counterparts. It is important to note that while this risk reversal
phenomenon is statistically robust, its economic exploitability in a real-world high-
frequency trading setting would require a further careful assessment of transaction
costs and liquidity constraints.

This finding carries significant implications for understanding the structure of
the cryptocurrency market. Firstly, it demonstrates that well-known anomalies
from traditional financial markets, such as risk momentum, may not be directly
or simply generalizable to this new market. The unique dynamics of the crypto
space—likely influenced by factors such as retail investor behavior, information
asymmetry, and a highly speculative nature—appear to lead to a reward for higher
risk-taking. Therefore, investors should approach risk-based strategies that have
proven successful in traditional markets with considerable caution.

Secondly, although the aggregated strategy was unprofitable, this research vali-
dates the high value of the clustering methodology as an analytical tool for structur-
ing the heterogeneous cryptocurrency market. K-Means clustering provides a robust,
data-driven framework for segmenting the market based on inherent similarities in
assets’ risk profiles. In effect, the failure of the overall strategy shifts the research
question from “Does risk momentum exist across the entire market?” to a more
nuanced one:

“In which of the identified clusters might risk momentum manifest differently ? ”
This framework serves as a cornerstone for future analyses aimed at discovering
profitable strategies within specific market segments.

Limitations and Future Research

This study is accompanied by certain limitations that pave the way for future
research. The definition of “risk” is contingent on the chosen set of factors, and
more dynamic definitions could be developed using more sophisticated models
or machine learning techniques. Furthermore, our analysis does not account for
transaction costs and liquidity constraints, which are significant in the crypto market.
Future research could incorporate models for these costs to provide a more accurate
assessment of net strategy profitability. Most importantly, it is recommended that
the strategy’s performance be analyzed separately within each cluster to determine
whether the risk reversal phenomenon is uniform across all clusters or if some possess
the potential for profitable risk momentum. Examining the strategy’s performance
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across different market regimes (e.g., bull vs. bear markets) could also yield valuable
insights.

In conclusion, this research demonstrated that an aggregated factor-based risk
momentum strategy was not profitable in the cryptocurrency market during the
period studied. However, by uncovering the significant “risk reversal” phenomenon
and providing a robust methodological framework, it offers a deeper understanding
of the complex interplay between risk and return in this emerging asset class and
opens new avenues for future investigation.
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