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Abstract: This paper investigates portfolio optimization methodologies and short-term investment
strategies in the context of the cryptocurrency market, focusing on ten major cryptocurrencies from
June 2020 to March 2024. Using hourly data, we apply the Kurtosis Minimization methodology,
along with other optimization strategies, to construct and assess portfolios across various rebalancing
frequencies. Our empirical analysis reveals significant volatility, skewness, and kurtosis in cryp-
tocurrencies, highlighting the need for sophisticated portfolio management techniques. We discover
that the Kurtosis Minimization methodology consistently outperforms other optimization strategies,
especially in shorter-term investment horizons, delivering optimal returns to investors. Additionally,
our findings emphasize the importance of dynamic portfolio management, stressing the necessity of
regular rebalancing in the volatile cryptocurrency market. Overall, this study offers valuable insights
into optimizing cryptocurrency portfolios, providing practical guidance for investors and portfolio
managers navigating this rapidly evolving market landscape.

Keywords: portfolio optimization; Sharpe’s; kurtosis minimization; rebalancing frequency; diversification;
short-term investment strategy

1. Introduction

Cryptocurrencies are reshaping the financial landscape, poised to revolutionize the
global financial system (Rajharia 2023). These digital assets garner attention from policy-
makers, investors, and academics as a burgeoning alternative asset class (Jana et al. 2024),
exhibiting unprecedented growth and establishing a significant international foothold
(Subramoney et al. 2023). According to CoinMarketCap (2024), the current market capital-
ization of cryptocurrency is US $2.72 trillion, showing a 3.67% increase from the previous
day and highlighting the burgeoning interest in this domain (Krishna et al. 2023).

Cryptocurrency, characterized as a digital or virtual currency devoid of traditional
backing like precious metals or commodities (Khan 2022), presents a unique challenge in
understanding inter- and intra-asset dependencies among key financial variables (Zhang
2024). A comprehensive understanding of cryptocurrencies is imperative to expedite
their broader adoption within the financial ecosystem (Shahzad 2024), particularly given
their dynamic role within the evolving financial landscape (Wang 2024). Butterfill (2024)
reported record weekly capital inflows totaling USD 2.7 billion in the first week of March
2024, bringing the total inflow year-to-date to USD 10.3 billion, nearing the record USD
10.6 billion inflow for the whole of 2021. This highlights the growing adoption and interest
in cryptocurrencies.

The rapid expansion of cryptocurrencies is unfolding amidst an evolving regula-
tory framework, necessitating a nuanced approach to investment strategies. Regula-
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tory considerations, encompassing consumer protection, financial stability, and taxa-
tion, loom large in the cryptocurrency space. Consequently, understanding interde-
pendencies in cryptocurrency markets is indispensable for informed decision-making
(Alipour and Charandabi 2023).

The genesis of cryptocurrencies traces back to Bitcoin’s emergence in 2009, catalyzing
a tumultuous evolution of the cryptocurrency market (ElBahrawy et al. 2017). Originally
conceived to cater to the unbanked, reduce costs and energy consumption, and eliminate
financial intermediaries (McMorrow and Esfahani 2021), cryptocurrencies have morphed
into a distinct species within the financial instrument ecosystem. Characterized by decen-
tralization, volatility, and high risk-reward potential, cryptocurrencies have ascended in
global financial significance, attracting investors seeking diversification and short-term
gains (Mungo et al. 2023).

Effective portfolio management emerges as pivotal in mitigating risks and maximizing
returns in cryptocurrency investments. The dynamic nature of cryptocurrencies necessitates
a thorough analysis to inform policymakers and regulatory bodies of their evolving role
as investment assets. Cryptocurrencies offer potential avenues for risk diversification
and portfolio optimization (Araujo et al. 2023), improving the risk-return trade-off and
enhancing portfolio efficiency (Trimborn et al. 2019).

This study’s novelty lies in its utilization of the top ten cryptocurrencies based on
market capitalization. Our objective was to investigate the effectiveness of utilizing kurtosis
in the portfolio construction framework, specifically by minimizing the kurtosis of the
portfolio. This approach will be compared with the traditional Sharpe’s maximization
technique to determine which method performs better in the realm of cryptocurrency.
Furthermore, we implemented five short-term strategies (half-week, one-week, two-week,
four-week, and eight-week) for portfolio construction. Each strategy was tested using three
different methodologies: naive portfolio construction, Sharpe maximization, and kurtosis
minimization. This comprehensive approach allowed us to assess which short-term strategy
aligns best with the volatile nature of cryptocurrencies.

To evaluate the performance of each portfolio, we considered both holding period
returns and annualized returns. Statistical analysis techniques were then applied to the data
to identify significant trends or patterns. This systematic analysis provided insights into
the efficacy of different portfolio construction methods and short-term strategies within the
cryptocurrency market.

The subsequent sections of this paper are structured as follows: in Section 2 is a
literature review; Section 3 expounds on our empirical analysis; Section 4 presents the
results and discussion; and, finally, Section 5 concludes our study.

2. Literature Review

The literature on cryptocurrency portfolio management strategies provided insights
into various methodologies and their implications in cryptocurrency markets. Gupta et al.
(2022) explored reducing portfolio risk using cryptocurrencies, highlighting the associ-
ated challenges. Silva et al. (2022) critically evaluated cryptocurrency trading algorithms,
identifying areas for further exploration. Lorenzo and Arroyo (2023) compared risk-based
portfolio allocation on crypto asset subsets, enriching the portfolio management litera-
ture. Symitsi and Chalvatzis (2019) quantified the economic gains achievable through
cryptocurrency portfolio strategies. Previous research has explored interlinkages between
major cryptocurrencies (Yousaf and Ali 2020), portfolio diversification in emerging markets
(Letho et al. 2022), and the impact of volatility on cryptocurrency investment (Zaretta and
Pangestuti 2023), offering insights into market dynamics.

The evolving regulatory landscape significantly influences investment strategies, im-
pacting safety perceptions, risk characteristics, and market dynamics. Conlon et al. (2020)
illustrated how regulatory developments during the COVID-19 pandemic affected the role
of cryptocurrencies as safe havens for equity markets. Sukumaran et al. (2022) focused
on regulatory developments in specific jurisdictions, while Waspada et al. (2022) stressed
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the importance of regulation in managing risks associated with emerging crypto assets.
Ethical considerations in cryptocurrency investments are crucial for responsible practices.
Bagus and Horra (2021) undertook an ethical assessment of cryptocurrencies, highlighting
considerations associated with investment decisions. Insights from the behavioral finance
literature aid in understanding investors” psychological factors and decision-making in
cryptocurrency investments (Ballis and Verousis 2022; Zhao and Zhang 2021; Choi and
Feinberg 2022).

Transitioning to portfolio optimization methodologies, incorporating three distinct
methodologies—naive portfolio construction, Sharpe ratio maximization, and kurtosis
minimization—offers a comprehensive approach that considers various aspects of risk
and return (Hanif et al. 2023). Naive portfolio construction involves equally weighting
the assets in a portfolio and serves as a straightforward baseline strategy (Chen et al.
2022). Conversely, Sharpe ratio maximization aims to enhance the risk-adjusted return
of a portfolio, effectively balancing risk and return (Dabbous et al. 2022). Lastly, kurtosis
minimization seeks to mitigate the impact of extreme returns, bolstering portfolio resilience
against market volatility (Susilo et al. 2020).

By integrating these methodologies, investors can obtain a holistic perspective on port-
folio optimization. Naive portfolio construction provides simplicity and serves as an initial
step towards diversification, while Sharpe ratio maximization underscores the optimization
of risk-adjusted returns, and kurtosis minimization concentrates on managing extreme risks.
Together, these methodologies address various facets of portfolio performance, offering a
well-rounded approach to constructing efficient and robust investment portfolios.

Short-term strategies and optimization methodologies play a crucial role in navigat-
ing the dynamics of the cryptocurrency market. Mean-variance optimization techniques
provide valuable insights into managing short-term portfolios (Inci and Lagasse 2019),
while robust risk management strategies help to mitigate short-term volatility (Kozlovskyi
et al. 2022). The analysis of hourly data assists in understanding trading patterns, market
efficiency, and the co-movements of volatility in cryptocurrency markets (Petukhina et al.
2020; Zhang et al. 2020).

Employing five short-term strategies across various durations—half-week, one-week,
two-week, four-week, and eight-week—allows for a comprehensive approach to portfolio
construction in cryptocurrencies. Each strategy serves a distinct purpose: the half-week
strategy enables investors to rapidly adjust to capitalize on immediate market movements
(Kong and Xu 2023), while the one-week strategy provides a slightly longer timeframe
for evaluating trends (Gu 2022). Transitioning to a two-week strategy strikes a balance
between agility and stability, capturing unfolding trends (Liu 2022). Extending to a four-
week strategy enables investors to conduct a deeper analysis of performance and risk
management (Zhang 2023). Finally, the eight-week strategy offers a longer-term perspec-
tive, facilitating strategic decision-making based on sustained trends (Ruban et al. 2022).
By integrating these strategies, investors can tailor their approaches to different market
conditions, optimizing risk-adjusted returns (Kong and Xu 2023).

The analysis of relationships and dependencies between cryptocurrencies through
methodologies such as logarithmic returns and correlation matrices aids in portfolio diver-
sification and risk management strategies (Scagliarini et al. 2022; Plerou et al. 2002). Testing
strategies across different time horizons captures distinct aspects of their performance,
emphasizing the importance of considering different time horizons in strategy testing
(Nasir and Wahab 2022). Additionally, the buy-and-hold strategy exhibits variability in
performance in cryptocurrency markets compared to other trading rules (Adrianus and
Soekarno 2018).

The existing literature on cryptocurrency portfolio management strategies offers a
comprehensive understanding of digital assets within the global financial system. Effective
portfolio management strategies are crucial as cryptocurrencies disrupt traditional financial
markets. The studies reviewed underscore the importance of considering interdependen-
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cies among major cryptocurrencies, volatility’s impact on investment decisions, and the
significance of short-term strategies in navigating market dynamics.

Our study addresses a gap in the existing literature by examining the effectiveness of
various portfolio optimization methodologies in short-term investments using a selection
of ten cryptocurrencies. While previous studies have investigated portfolio management
strategies and optimization techniques in cryptocurrency markets, we have not specifically
focused on comparing different short-term investment strategies and their corresponding
portfolio optimization methods. We aim to fill this gap by exploring which short-term
investment strategy would be most suitable for investors in the cryptocurrency market and,
within each strategy, identifying the optimal portfolio optimization approach. Through
this analysis, we seek to provide valuable insights for investors looking to optimize their
cryptocurrency portfolios for short-term gains.

3. Empirical Analysis
3.1. Data and Methodology

The hourly closing prices of the top ten cryptocurrencies by market capitalization—
Binance (BNB), Bitcoin (BTC), Cardano (ADA), Chainlink (LINK), Dogecoin (DOGE),
Ethereum (ETH), Litecoin (LTC), Polygon (MATIC), Ripple (XRP), and Tron (TRX)—were
used to conduct this study. The data used for the study ranged from 1 June 2020 to 13
March 2024. All the data used for the analysis were downloaded from CoinMarketCap
(https:/ /coinmarketcap.com/coins/), (accessed on 11 March 2024). The reason for choosing
this period was to incorporate the effects of the post-COVID-19 period.

Market capitalization serves as a vital metric for assessing the value and size of a
cryptocurrency (Liu et al. 2022). Unlike individual cryptocurrency prices, which may not
reflect the total value accurately, market capitalization provides a more comprehensive
measure, allowing for comparisons with other cryptocurrencies. This concept mirrors the
stock market, where market capitalization is calculated by multiplying the current stock
price by the total number of shares outstanding. In the cryptocurrency realm, market
capitalization is determined by multiplying the circulating supply (the number of coins
available to the public) by the current price. Due to its significance, market capitalization
is often a primary criterion for selecting cryptocurrencies. However, it should also be
considered independently during portfolio optimization to ensure a well-rounded approach
for practitioners.

Table 1 presents summary statistics for hourly cryptocurrency returns, revealing well-
known financial stylized facts such as negative skewness and positive excess kurtosis.
Out of the ten cryptocurrencies analyzed, eight showed negative average hourly returns,
indicating a loss in value over the analyzed period. However, these average returns were
close to 0%, with Polygon having the highest positive return and Litecoin showing the
lowest negative return, as well as the largest range of 67.27%. Tron had the highest hourly
median return at 0.019%.

The median and mean values for the sample were nearly identical, differing by less
than 0.02%. The skewness, which measures the symmetry of the data distribution, varied
among the cryptocurrencies, with all currencies skewed towards the lower tail and Cardano
exhibiting the highest skewness in the sample.

The volatility, measured using the standard deviation and coefficient of variation,
remained high for all cryptocurrencies, with the absolute values of the coefficient of varia-
tion ranging from 56.58 (Litecoin) to 493.69 (Binance). None of the currencies demonstrate
normality at a 99% confidence level according to the Jarque-Bera test, as evidenced by
consistently low p-values (<0.01). Additionally, all cryptocurrencies exhibited high kurtosis,
with values ranging from 11.15 (Bitcoin) to 117.68 (Litecoin).

The combination of high volatility, skewness, and kurtosis in most currencies high-
lights the importance of a methodology that enables investors to understand currency
behavior and construct improved portfolios by actively managing factors such as kurtosis.


https://coinmarketcap.com/coins/

J. Risk Financial Manag. 2024, 17, 125 5o0f 14
Table 1. Shows the descriptive statistics of hourly returns of the ten cryptocurrencies.

]SDtl;StiC;‘:ip;tslVe Binance Bitcoin Cardano  Chainlink Dogecoin  Ethereum  Litecoin Polygon Ripple Tron
Minimum —24.67% —8.00% —13.24% —20.19% —19.64% —14.77% —45.17% —23.04% —21.23% —14.89%
Maximum 24.68% 9.34% 11.28% 11.37% 15.80% 7.37% 22.10% 19.33% 24.30% 9.27%
Range 49.35% 17.34% 24.52% 31.56% 35.44% 22.14% 67.27% 42.37% 45.53% 24.16%
Mean 0.00% —0.01% —0.01% —0.02% —0.02% 0.00% —0.02% 0.01% —0.02% —0.01%
Median 0.01% 0.00% —0.01% 0.00% —0.01% 0.01% 0.01% 0.00% 0.02% 0.02%
Standard 1.32% 0.88% 1.34% 1.51% 1.56% 1.15% 1.38% 1.94% 1.48% 1.20%
Deviation
Coefficientof 195 ¢ —9298  —126.87 —77.98 —69.19 —268.19 —56.58 230.49 —89.70 —86.95
Variation
Skewness —0.26 —0.26 —0.15 —0.67 —0.53 —0.52 —3.68 0.40 —0.40 —0.60
Kurtosis 38.31 11.15 11.52 13.41 14.79 11.62 117.68 17.07 30.97 15.40
Jarque-Bera 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Test (p-value)

Source: Elaborated by the author.

We started by calculating the returns through the log difference of consecutive hourly
closing prices of cryptocurrencies, following the method described by Akyildirim et al.
(2021). This calculation followed the following equation:

Rn = (In CPy — In CPg_1y) x 100 (1)

In this equation, R, denotes returns at the nth hour as a percentage; CP,, denotes the
closing price at the nth hour; CP,_1) denotes the closing price on the previous trading
hour; and In is a natural log.

After analyzing the returns statistics, the next step is to create a simple portfolio.
This involved allocating an equal fraction of 1/N of our total wealth to each of the N
assets available for investment, following the ‘1/N” allocation rule. This approach is
commonly recommended as a reference portfolio. In this study, we assigned 10% to each
of the 10 assets in the portfolio. We conducted empirical investigations using two distinct
portfolios: one using the Sharpe maximization methodology, and the other using the
Kurtosis minimization methodology.

We initially estimated the input parameters required for computing optimal portfolio
weights according to the two strategies using a T-period-long dataset of returns. We then
used subsequent periods, expressed in weeks, to assess the portfolio performance over the
following W periods. The value of W was determined by the chosen rebalancing frequency.
Throughout these W periods, we implemented a buy-and-hold approach, which is more
practical for real-world investors compared to a constant mixed approach.

To evaluate and optimize the portfolios, we followed an iterative process. This process
involved shifting the estimation window forward by a certain number of periods (W)
and then recalculating the optimal portfolio weights. We repeated this process for the
subsequent W periods while discarding an equal number of earliest returns. This iterative
approach helped ensuring a comprehensive evaluation and optimization of the portfolios.
We continued this process until we reached the end of the dataset.

3.2. Sharpe Maximization Methodology Portfolio

Constructing a portfolio that maximizes the Sharpe ratio offers numerous advan-
tages within portfolio management. Investors utilize the Sharpe ratio, a crucial metric for
evaluating investment performance, as it assesses the risk-adjusted return of a portfolio.
According to a study by Siegel and Woodgate (2007), under appropriate conditions, portfo-
lios that maximize the Sharpe ratio tend to become more diversified, which indicates that
maximizing the Sharpe ratio can enhance portfolio diversification.
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Portfolio analysts widely employ the Sharpe maximization methodology in portfolio
analysis, as it assesses the opportunity cost of investing in a particular portfolio relative to
the Risk-Free Asset. In this study, we utilized the 28-day T-bill as a reference. To implement
this methodology, we used rolling averages to smoothen the highly volatile database of
prices and returns. We examined this smoothing process based on the period chosen for
each strategy.

E(Rp) — R

Sharpe =
Ip

(2)
where E(R,) represents the expected return of the portfolio, Rp denotes the risk-free rate, and
0, indicates standard deviation of the portfolio shown as 0, = /Variance of the Port folio.
We adjusted the annual risk-free rate to match the frequency of the rebalancing period,
ensuring consistency and accuracy in our calculations. It is crucial to emphasize that
whenever a negative Sharpe ratio emerged, meaning that the return of the Risk-Free Asset
surpassed that of the portfolio in that specific period, we chose to use the naive portfolio
weights. In other words, we conducted rebalancing in every period without exception.

3.3. Kurtosis Minimization Methodology Portfolio

The Kurtosis minimization methodology utilizes a descriptive statistic known as
kurtosis to measure how data disperse between a distribution’s center and tails. Kurtosis
values suggest that a data distribution may have “heavy” tails, meaning they are thickly
concentrated with observations or have long tails with extreme observations (Green et al.
2023). The kurtosis minimization methodology in Pearson’s kurtosis model aims to regulate
the kurtosis of the portfolio’s assets by assigning lower weights to assets with higher
kurtosis and vice versa. We performed this calculation during each rebalancing period to
ensure we achieved the lowest possible kurtosis whenever we traded currencies.

n = \4
kurtosisy, = Li (ki — %) (3)

n(fj%k

where kurtoisy, is the kurtosis of the variable x;, a normally distributed sample will have a
kurtosis close to 3.

Like the Sharpe maximization methodology, the same considerations and calculations
were applied in this methodology. Rolling averages were utilized to smooth the highly
volatile database of prices and returns, with the smoothing period determined by the
strategy’s timeframe. These rolling averages were then used to determine the portfolio
weights that would result in the lowest possible kurtosis in each period. Subsequently,
these weights were utilized in the subsequent holding period. Formula (5) ensures that
the asset with the highest kurtosis receives the least weight of investment, while assets
with lower kurtosis are assigned higher weights, thereby optimizing the portfolio for
kurtosis minimization.

The formula for calculating the Kurtosis Minimization Portfolio Return is as follows:

Kurtosis Minimization Port folio Return = 2;:1 Win(t) X Ry(t41) 4)

where Wy, ;) represents the weight of asset n calculated with Kurtosis minimization in
period t. R;(;,1) denotes the return of asset n in period t + 1.

1
kurtosisxk

x 100% )

ka = E 1
kurtosisy

where ) m represents the sum of inverses of the kurtosis of all the variables in
a portfolio.
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4. Results and Discussion

We conducted an analysis using the buy-and-hold strategy across five distinct re-
balancing frequencies: half a week, one week, two weeks, four weeks, and eight weeks. We
complemented this analysis by applying three portfolio optimization strategies: creating a
Naive portfolio, maximizing the Sharpe ratio, and minimizing kurtosis. Given the high
volatility inherent in cryptocurrencies, we opted for shorter holding periods. These shorter
intervals allow for more frequent rebalancing and are suitable for investors with a shorter
investment horizon. The rationale behind this approach is to capitalize on potential returns
within a condensed timeframe. Table 2 provides a comprehensive overview of the returns
obtained under different strategies and methodologies for the holding period spanning
from 2020 to 2023.

Table 2. The holding period returns from 2020 to 2023.

Rebalancin Sharpe Kurtosis-
Frequenc 8 Naive Portfolio Maximization Minimization
1 y Methodology Methodology
Half a week 713.14% 762.73% 1166.73%
One week 651.20% 638.98% 823.24%
Two weeks 643.05% 354.48% 650.53%
Four weeks 386.66% 175.22% 682.84%
Eight weeks 293.93% 1225.68% 628.36%

Source: elaborated by the author. The figures in bold indicate the highest return achieved under either the Naive
strategy, Sharpe maximization strategy, or kurtosis minimization strategy.

We further investigated the effectiveness of the optimization strategies by reducing the
holding period to one year and evaluating their performance under the same rebalancing
frequencies. Table 3 presents the returns achieved with different rebalancing strategies over
a one-year time frame. Through this analysis, we aimed to determine which optimization
strategy proves superior in optimizing returns within this extended investment horizon
while maintaining consistent rebalancing frequencies.

Table 3. The holding period returns for one year.

Rebalancin Sharpe Kurtosis
Frequenc 8 Naive Portfolio Maximization Minimization
quency Methodology Methodology
Half a week 90.62% 94.13% 118.50%
One week 86.09% 85.10% 98.23%
Two weeks 76.18% 59.37% 85.98%
Four weeks 62.76% 36.57% 88.41%
Eight weeks 52.51% 121.58% 84.28%

Source: elaborated by the author. The figures in bold indicate the highest return achieved under either the Naive
strategy, Sharpe maximization strategy, or kurtosis minimization strategy.

The findings from Tables 2 and 3 indicate that the portfolio optimization method based
on kurtosis minimization consistently outperformed others in the short term, particularly
over holding periods of half a week, one week, two weeks, and four weeks, delivering opti-
mal returns to investors. This observation aligns with the nature of cryptocurrencies, which
are often traded in shorter terms, making kurtosis minimization particularly beneficial for
capturing their market dynamics. This finding is corroborated by the literature, which
emphasizes the importance of employing short-term strategies across various durations to
construct comprehensive portfolios in cryptocurrencies. Each of these strategies serves a
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distinct purpose, enabling investors to tailor their approaches to different market conditions
and optimize risk-adjusted returns.

Figure 1 illustrates the distribution of weights along the estimation window when
implementing the Sharpe maximization strategy. Most of the assets receive a portion of
the investment throughout the entire period. Although there are sporadic periods where
certain cryptocurrencies, mainly Ripple, did not contribute to the portfolio return, the
weight allocation remained distributed among the ten assets.

Half Week Strategy One Week Strategy
1.00- 1.00-
Assets Assets
. Binance . Binance
075~ Bitcoin 075~ Bitcoin
I cardano I cardano
@ Chainlink @ B crsiniink
-_Enﬂ 50~ . Dogecoin JE:"U 50~ . Dogecoin
£ £
= Ethereum = M etereum
. Litecoin . Litecoin
0.25- Polygon 0.25- . Palygon
. Ripple . Ripple
. Tron . Tron
0.00- 0.00-
6 160 260 360 100 150
Holding Period Holdlng Period
Two Week Strategy Four Week Strategy
1.00- 1.00-
Assets Assets
. Binance . Binance
075- [ siteoin 075- [ siteoin
. Cardano . Cardano
32' . Chainlink 32' . Chainlink
%0 50- . Dogecoin %0 50- . Dogecoin
= . Ethereum = . Ethereum
. Litecoin . Litecoin
0.25- . Polygon 0.25- . Palygon
. Ripple . Ripple
. Tron . Tron
0.00- 0.00-
1] 2‘0 I I Eh UI 1‘[] | IU 4‘[]
Holding Period Holding Period
Eight Week Strategy
1.00-
Assets
. Binance
0.75- . Bitcoin
. Cardano
2 B crainink
-20.50- . Dogecoin
= . Ethereum
. Litecoin
025- . Polygon
. Ripple
. Tron

0.00-

Holdlng Perlod

Figure 1. Bar charts representing the distribution of weights during holding periods with vari-
ous rebalancing frequencies using the Sharpe ratio minimization strategy. Source: elaborated by
the author.

Figure 2 depicts the distribution of weights during both holding and rebalancing
periods within the kurtosis minimization strategy. There was no significant imbalance
observed across any of the depicted strategies. However, a notable observation is the
presence of a white line in the figures corresponding to the half-, one-, and two-week
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Weights

periods. This occurrence in April 2022 occurred because kurtosis was not calculated for the
portfolio due to the absence of movement in Litecoin’s price.

Half Week Strategy One Week Strategy
1.00- 1.00-
Assels Assets
. Binance . Binance
075- [ etteoin 0.75- [ sitcoin
. Cardano . Cardano
B chainink o B chaining
050- . Dogecoin E’D 50- . Dogecoin
B ethereum = B =nereum
. Litecoin . Litecoin
0.25- . Plygon 0.25- . Polygon
. Ripple . Ripple
. Tron . Tron
0.00- 0.00-
100 200 360 1 00 1 50
Holding Period Holdlng Period
Two Week Strategy Four Week Strategy
1.00- 1.00-
Assets Assets
. Binance . Binance
075- . Bitcoin 075- . Bitcoin
. Cardano . Cardano
B chainink B B chainin
0.50- Dogecoin 2p50- Dogecoin
= Ethereum g = Ethereum
. Litecoin . Litecoin
0.25- . Polygon 0.25- . Polygon
. Ripple . Ripple
. Tron . Tron
0.00- 0.00-
0 ZIU 4‘0 GIU I
Holding Period H:)Idlng Pem)d
Eight Week Strategy
1.00-
Assets
. Binance
075- || sitcain
I camane
1_-13 . chainlink
%0 50 - . Dogecoin
= . Ethereum
. Litecoin
025- . Plygon
[ Rippie
. Tron
0.00-
0 5I ‘ 1‘5

Holding Period

Figure 2. Bar charts representing the distribution of weights during holding and rebalancing periods
using the kurtosis minimization strategy. Source: elaborated by the author.

Comparing the two methodologies, while the Sharpe maximization approach gener-
ated a more random distribution of portfolio weights along the estimation window, the
kurtosis minimization method presented a steadier and more homogeneous distribution.
Graphically, a consistent pattern is evident in the kurtosis minimization methodology, with
most cryptocurrencies appearing in every rebalancing period. Conversely, the Sharpe
maximization methodology exhibits a less patterned distribution, with several periods
where some assets did not receive any investment.

Figure 3 presents a comparison of how portfolio returns behave under each method-
ology, segmented by strategy, revealing distinct patterns. The graphs illustrate that both
the kurtosis minimization and Sharpe maximization methodologies effectively reduced
the impact of high volatility on portfolio returns, and this was especially noticeable during
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periods of heightened volatility, such as those observed in the naive portfolio strategy. Fur-
thermore, the graphs show that strategies with higher rebalancing frequencies experience
more pronounced reductions in volatility.

Half Week Strategy Returns 1 Week Strategy Returns
I —— Naive_Half_week g = -‘[|II‘ —— Naive_1_week
g — —— Sharpe_Half_week | -JI - | —— Sharpe_1_week
Kurtosis_Half_week ; — .‘\ " l I*I\ﬂ Kurtosis_1_week
A
£ o] \| N J\l\ J Ml Dl ERR It ]u wlw wvv.
5 o }r || V ] 5o wrl!‘. b J \‘\’
= W 0y
o~ | ‘ |
<
o)
T T T T T T T < T T T T
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Figure 3. Comparison of portfolio returns behavior under different methodologies and strategies.
Source: elaborated by the author.

In contrast to the findings of Ma et al. (2020), who emphasized the superior perfor-
mance of the naive portfolio using the Sharpe ratio across various cryptocurrency portfolios
in terms of return and risk profile, our study revealed the effectiveness of the kurtosis
minimization portfolio, particularly within shorter-term rebalancing frequencies. While Ma
et al. focused on longer-term diversification strategies, our research indicates that kurtosis
minimization optimization yields favorable outcomes even in shorter investment horizons.

Similarly, Letho et al. (2022) underscored the diversification benefits of cryptocurren-
cies within an emerging market economy investment portfolio, employing metrics such as
mean-variance analysis and the Sharpe ratio to support their findings. Our study aligns
with this perspective, demonstrating that cryptocurrencies indeed offer diversification ben-
efits. Moreover, leveraging the kurtosis minimization optimization can enhance portfolio
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design by mitigating the risks associated with outliers and extreme market conditions, as
supported by the findings of Cesarone et al. (2021).

Contrary to the empirical study conducted by Schellinger (2020), which prioritized
maximizing the Sharpe ratio for optimizing cryptocurrency portfolios, our research chal-
lenges this approach by advocating for kurtosis minimization as a superior methodology,
especially for short-term rebalancing frequencies. While Schellinger extended the tradi-
tional mean-variance approach, our findings suggest that focusing on minimizing kurtosis
leads to more favorable results in cryptocurrency portfolio management.

The practical implications of our findings for portfolio managers and investors in the
cryptocurrency market are significant and diverse. Our analysis highlights the necessity of
employing advanced portfolio optimization techniques tailored to the unique attributes of
cryptocurrencies. Specifically, we emphasize the effectiveness of the kurtosis minimization
methodology in enhancing portfolio performance, particularly within shorter-term invest-
ment horizons. This insight equips portfolio managers with a valuable tool for maximizing
returns while simultaneously mitigating risk in their cryptocurrency holdings.

Kurtosis minimization aims to diminish the impact of extreme returns or outliers in a
portfolio, thereby enhancing its resilience to unforeseen market events and volatility (Wang
et al. 2022). Conversely, Sharpe ratio maximization focuses on optimizing the risk-adjusted
return of a portfolio by balancing risk and return to achieve higher returns for a given level
of risk (Kumar and Shahid 2023). In scenarios where investors aim to mitigate potential
risks associated with extreme market movements, kurtosis minimization is particularly
relevant, aiming to create a stable and robust portfolio. By minimizing kurtosis, investors
can reduce the likelihood of significant losses during turbulent market conditions, thereby
improving overall risk management.

Furthermore, our research emphasizes the importance of regular portfolio rebalancing,
especially in the volatile cryptocurrency market. By adopting a dynamic approach to
portfolio management, investors can adapt to changing market conditions and optimize
their portfolios for maximum returns. The use of shorter rebalancing frequencies, as
advocated in our study, enables investors to capitalize on short-term opportunities and
adjust their portfolios accordingly.

Regarding risk management strategies, our analysis underscores the significance
of controlling factors such as kurtosis in portfolio construction. By minimizing kurto-
sis, investors can reduce the likelihood of extreme market events and enhance portfolio
stability. This risk management approach is particularly relevant in the cryptocurrency
market, characterized by inherent volatility and significant consequences of unexpected
price movements.

5. Conclusions

The emergence of cryptocurrencies has brought about unique opportunities and
challenges for investors and portfolio managers. In this study, we examined various
portfolio optimization techniques and short-term investment strategies in the context of
the cryptocurrency market, focusing on ten major cryptocurrencies.

Our analysis revealed several important findings. Firstly, we observed that cryptocur-
rencies are highly volatile and exhibit significant skewness and kurtosis. This highlights the
need for sophisticated portfolio management techniques that are tailored to their unique
characteristics. Secondly, we found that the kurtosis minimization methodology consis-
tently outperformed other optimization strategies, delivering optimal returns to investors,
especially in shorter-term investment horizons. This underscores the importance of con-
trolling factors such as kurtosis for effective risk management and portfolio stability in the
cryptocurrency market.

Our research also emphasized the importance of regular portfolio rebalancing, par-
ticularly in the volatile cryptocurrency market. A dynamic approach to portfolio manage-
ment allows investors to take advantage of short-term opportunities and optimize returns.
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Shorter rebalancing frequencies enables investors to adapt quickly to changing market
conditions, thereby maximizing returns and mitigating risks effectively.

In conclusion, the insights gained from our analysis can guide decision-making pro-
cesses, risk management strategies, and portfolio construction techniques in the cryp-
tocurrency market. By incorporating the kurtosis minimization methodology, diversifying
portfolios with cryptocurrencies, adopting regular rebalancing practices, and prioritizing
risk management, portfolio managers and investors can navigate the complexities of the
cryptocurrency market more effectively and optimize their returns.
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