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This study presents an integrated framework for multi-market portfolio optimiza-
tion that integrates machine-learning-based return forecasting with classical
and downside-oriented risk models. Using daily data for Bitcoin, Ethereum,
BNB, Microsoft, and Tesla, the XGBoost algorithm is employed to predict
short-term returns, after which the forecasts are used to construct optimal
portfolios under the Mean-Variance (MV), Mean-Semi-Variance (MSV), and
Mean-Absolute Deviation (MAD) models. A näıve equal-weighted portfolio
is included as a benchmark. The results show that the predictive models
provide useful signals for portfolio construction, with all optimized strategies
achieving markedly lower risk than the näıve portfolio for the same expected
return level. Tangency portfolios, particularly the Maximum Sortino and Maxi-
mum Sharpe-AD configurations, delivered the highest efficiency gains and the
strongest performance on out-of-sample data. Overall, the findings demonstrate
that combining machine learning with risk-sensitive optimization tools can
improve decision-making in markets characterized by volatility and mixed asset
dynamics.

Keywords:
Portfolio optimization
Machine learning
XGBoost
Mean-variance
Semi-variance
Absolute deviation
Cryptocurrency

AMS Classification 2010:
90C05; 90C08; 90C70; 90C90

1. Introduction

Portfolio management encompasses the processes
of identifying, selecting, and supervising a col-
lection of investments through asset evaluation,
capital allocation, performance assessment, and
periodic rebalancing. A central challenge lies in
determining the most effective portfolio compo-
sition, a task commonly addressed through port-
folio optimization.1 In modern financial markets,
investors utilize a wide array of instruments, rang-
ing from individual stocks and Exchange-Traded
Funds (ETFs) to mutual and index funds. Portfo-
lio optimization serves as the primary mechanism
for managing the risk-return trade-off aiming ei-
ther to maximize returns for a given risk level or
to minimize risk for a target return.2,3

Historically, the Mean-Variance (MV) model es-
tablished the foundation for quantitative risk man-
agement by using variance to capture risk. Since
its introduction, advances in computational power
and algorithms have led to extensive refinements,
with researchers adapting the model to real-world
conditions and testing its variants across different
datasets and performance measures.1,4, 5

Markowitz6 later introduced the Mean-Semi-
Variance (MSV) model as an alternative. Semi-
variance measures downside risk by focusing on
the dispersion of returns below the expected value
or a target return, ignoring values above it. This
approach provides a more realistic assessment of
potential losses, making it especially useful for
risk-averse investors.7,8
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Konno and Yamazaki9 introduced the Mean-
Absolute Deviation (MAD) model, which replaces
variance with absolute deviation as the measure of
portfolio risk. This approach was proposed as an
alternative to the MV framework, which relies on
the assumption that asset returns follow a normal
distribution.10

In practice, portfolio optimization must account
for the real-world characteristics of the assets in-
volved, including correlations and dependencies,
market risks, and practical constraints. These
may include quantity limits restricting the num-
ber of assets , weight allocation caps, and transac-
tion costs. Incorporating such factors often makes
the optimization problem too complex for conven-
tional analytical methods, necessitating alterna-
tive techniques such as heuristic or metaheuristic
algorithms.11–13

Effective risk management relies heavily on port-
folio diversification. When constructing an effi-
cient portfolio, market participants draw from an
expanding universe of asset classes. While tradi-
tional allocations typically involve stocks, bonds,
and commodities, digital instruments such as cryp-
tocurrencies now frequently appear in modern in-
vestment strategies.14–16

Cryptocurrencies represent a new type of finan-
cial asset, with rapidly increasing market capital-
ization and growing investor attention. They offer
advantages over traditional currencies, including
reliable and anonymous transactions at lower costs,
enabled by blockchain technology. However, they
also carry significant risks, as they are not backed
by central banks or monetary authorities, making
them highly sensitive to real economic events, such
as the COVID-19 pandemic, and fueling global
calls for regulatory oversight.17–19

While interest in cryptocurrencies as viable in-
vestment assets continues to grow, access to cryp-
tocurrency markets remains restricted in many
countries. One common approach investors use to
overcome this limitation is through cryptocurrency
ETFs, which offer indirect exposure to digital as-
sets. Despite these developments, the cryptocur-
rency market remains highly complex and rapidly
evolving, requiring investors to approach it with
caution and careful analysis.18,20

The financial services sector increasingly de-
pends on advanced computational methods, with
artificial intelligence and machine learning trans-
forming the development of trading and investment
strategies. Accurate asset forecasting remains es-
sential for informed decision-making and sustain-
able long-term growth. Although the efficient mar-
ket hypothesis suggests that financial asset prices
are inherently unpredictable, empirical research

has demonstrated that price movements and re-
turns can, to some extent, be anticipated.21–23

Within machine learning, ensemble algorithms
are designed to reduce bias and variance, thereby
enhancing predictive accuracy. Among these meth-
ods, eXtreme Gradient Boosting (XGBoost) has
gained prominence due to its high performance,
computational efficiency, and versatility across
both classification and regression tasks.21,24

Despite growing interest in combining machine
learning with portfolio optimization, most exist-
ing studies remain limited to MV frameworks and
rarely incorporate downside-focused risk measures
such as semi-variance. Moreover, when machine
learning techniques are employed, they are typ-
ically applied to pure cryptocurrency portfolios
rather than mixed portfolios spanning both digital
assets and traditional equities. This represents
a notable gap in the literature, as heterogeneous,
multi-market portfolios are increasingly relevant to
real-world investors navigating both asset classes
simultaneously.

This study introduces an integrated framework
linking XGBoost-based return forecasting with
three distinct optimization models: MV, MSV,
and MAD. The analysis applies these models
jointly to a mixed portfolio containing both U.S.
equities and cryptocurrencies. Specifically, XG-
Boost forecasts the daily returns of Bitcoin (BTC),
Ethereum (ETH), Binance Coin (BNB), Microsoft
(MSFT), and Tesla (TSLA). These forecasts are
then used to construct optimal portfolios under the
MV, MSV, and MAD frameworks, benchmarking
them against an equal-weighted baseline. Compar-
ing these methods clarifies how machine-learning
forecasts influence portfolio efficiency and risk
management across heterogeneous asset classes.

The remainder of this paper is organized as fol-
lows. Section 2 reviews the relevant literature on
cryptocurrency and mixed-asset portfolio optimiza-
tion. Section 3 presents the theoretical background
of XGBoost , Bayesian optimization, and the MV,
MSV, and MAD optimization models. Section 4
describes the data, input features, and the over-
all research methodology. Section 5 presents the
experimental results, including return prediction
performance and portfolio optimization outcomes.
Section 6 concludes the paper and outlines direc-
tions for future research.

2. Literature review

The integration of digital assets into mainstream
finance has motivated extensive research into cryp-
tocurrency portfolio optimization. Early investi-
gations frequently relied on standard frameworks,
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such as Mean-Variance (MV) and Global Min-
imum Variance (GMV), to evaluate risk-return
profiles and diversification potential. Subsequent
literature introduced advanced methodologies, in-
cluding GARCH and Copula models, alongside a
gradual adoption of machine learning tools to cap-
ture non-linear dependencies and volatility shifts.
A recurring theme across this body of work in-
volves testing whether blending cryptocurrencies
with traditional equities actually stabilizes and
enhances overall portfolio performance.

Several studies have explored portfolio opti-
mization by integrating cryptocurrencies with
traditional financial assets. Eisl et al.25 con-
structed mixed portfolios containing Bitcoin and
traditional assets, employing Conditional Value-
at-Risk (CVaR) as the risk measure within the
Mean–CVaR framework, using an equally weighted
portfolio as a benchmark. Their results showed
that adding Bitcoin improved the overall re-
turn–risk profile.

Brauneis and Mestel26 compared Mean–Variance,
Global Minimum Variance (GMV), and Maximum
Sharpe (Tangency) models against the Näıve
portfolio, finding that the simple equal-weighted
approach produced the best performance.

Estalayo et al.27 applied a multi-objective opti-
mization strategy for seven cryptocurrencies, seek-
ing to maximize return, minimize volatility, and
enhance diversification, using return forecasts from
a Gated Recurrent Unit (GRU) model.

Hrytsiuk & Babych28 examined cryptocurrency
portfolio optimization under non-normal return
distributions using a modified Markowitz frame-
work. Analyzing major cryptocurrencies alongside
selected stocks, they found that the Laplace distri-
bution captured return behavior more accurately
than the Cauchy or normal models. Their results
showed that portfolios combining cryptocurrencies
with traditional assets, particularly Amazon and
USDT, achieved higher returns with lower risk,
highlighting the Laplace model’s effectiveness in
evaluating cryptocurrency risk dynamics.

Ma et al.29 developed a tangency portfolio by
maximizing the Sharpe ratio and observed that
including cryptocurrencies significantly improved
portfolio efficiency relative to the Näıve bench-
mark.

Bakry et al.30 used Global Minimum Variance,
Maximum Sharpe, and risk parity methods un-
der boundary constraints and found that portfo-
lios containing Bitcoin performed better overall,
though allocations to Bitcoin remained small due
to its high volatility.

Bedoui et al.31 proposed a hybrid approach
for multi-asset portfolio optimization that inte-
grates GARCH, Extreme Value Theory (EVT),
and Vine Copula models within a Conditional
Value-at-Risk (CVaR) framework. Using daily
data from 2013 to 2022 across cryptocurrencies,
commodities, and stock indices, the study re-
jected the assumption of normality and mod-
eled volatility and tail dependence through C-
Vine copulas. The Mean-CVaR model, optimized
via an improved NSGA-II genetic algorithm, out-
performed traditional Mean–Variance and Mean-
Absolute Deviation methods by focusing on down-
side risk. Results showed that assets like Bit-
coin and oil were excluded from the minimum-risk
portfolio, while gold and the S&P 500 received
the highest allocations. Overall, the C-Vine Cop-
ula–GARCH–EVT–CVaR model provided a more
accurate and robust framework for managing ex-
treme risks and interdependencies in diversified
portfolios.

Zhou et al.32 used Support Vector Machines
(SVM) to forecast cryptocurrency prices and ap-
plied various optimization approaches including
Mean–Variance, Global Minimum Variance, and
Sharpe ratio maximization, showing that port-
folios based on predicted data yielded superior
results.

Jeleskovic et al.33 examined the impact of inte-
grating cryptocurrencies into traditional portfolios
using an enhanced GARCH–Copula–Markowitz
framework. By modeling volatility and non-linear
dependencies through GARCH and Vine Cop-
ula techniques, the study compared traditional,
crypto-only, and mixed portfolios. Results showed
that portfolios including cryptocurrencies achieved
higher risk-adjusted returns and greater stabil-
ity, while pure crypto portfolios remained more
volatile. Overall, the findings suggest that combin-
ing cryptocurrencies with traditional assets can
enhance diversification and improve portfolio per-
formance.

Abbas & Usman34 examined portfolio optimiza-
tion in the Pakistani financial market to assess how
integrating cryptocurrencies with traditional as-
sets affects performance and diversification. Using
daily data from 2018 to 2023, the study compared
traditional and crypto-inclusive portfolios across
four optimization strategies: Näıve Equal Weight-
ing, Maximum Return, Maximum Sharpe Ratio,
and Minimum Variance. The findings showed that
adding cryptocurrencies reduced overall volatil-
ity and improved risk-adjusted performance, with
the Maximum Sharpe Ratio portfolio delivering
the most balanced results. Overall, the inclusion
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of digital assets enhanced portfolio stability and
diversification within an emerging market context.

Moreover, studies employing GARCH-based re-
turn modeling have consistently shown that inte-
grating volatility dynamics into portfolio construc-
tion enhances overall performance.35–37

Existing literature predominantly relies on stan-
dard Mean-Variance models, rarely exploring
downside-focused risk measures such as semi-
variance. Furthermore, empirical modeling pre-
dominantly utilizes traditional econometric tech-
niques, leaving machine learning implementations
relatively scarce. Even when researchers deploy
machine learning algorithms, they generally test
them on isolated cryptocurrency portfolios rather
than heterogeneous structures containing both dig-
ital assets and traditional equities. This research
directly targets that specific gap.

3. Research background

The following theoretical framework outlines the
primary methodologies driving this analysis: XG-
Boost for forecasting returns, Bayesian optimiza-
tion for hyperparameter tuning, and the MV, MSV,
and MAD models for portfolio construction.

3.1. XGBoost

XGBoost was introduced by Chen in 2016 as an
enhanced version of Gradient Boosting Decision
Trees (GBDT). The method optimizes an objec-
tive function that combines a loss term with a
regularization term, where the latter helps control
variance and reduce the risk of overfitting.21,24

3.2. Bayesian optimization

Bayesian optimization is a global search method
that seeks to minimize a function f(x) over a
bounded domain. It builds a probabilistic model
to guide evaluations by balancing exploration and
exploitation through an acquisition function. This
approach is effective for expensive, non-convex
problems such as tuning machine learning models,
as it requires fewer evaluations than traditional
methods.38,39

3.3. Mean-Variance optimization

Under the Mean-Variance model, investors seek to
maximize expected returns for a given risk level
or minimize overall risk for a target return. The
model uses variance (or standard deviation) as
its primary risk measure, producing an efficient
frontier that maps optimal risk-return combina-
tions. However, MV frameworks assume normally

distributed asset returns and linear, stable correla-
tions. While this ensures mathematical tractabil-
ity, these conditions rarely align with actual finan-
cial markets, which consistently exhibit fat-tailed
distributions, volatility clustering, and asymme-
try.4,40,41

In the MV framework, an investor allocates
wealth among n available securities to achieve an
optimal balance between expected return and risk.
The portfolio is represented by a vector of asset
weights:

X = [x1, x2, ..., xn] (1)

where xj , (j = 1, 2, ..., n) denotes the proportion
of total investment allocated to the jth asset.

The expected portfolio return (EP ) and portfo-
lio variance (VP ), which serves as the risk measure,
are given by:

EP = X
′
µ =

n∑
j=1

xjµj (2)

VP = X
′
CX (3)

where µ = (µ1, µ2, ..., µn)
′
is the vector of expected

returns for the individual assets, C is the n × n
covariance matrix of asset returns, and X

′
denotes

the transpose of X.
The portfolio optimization problem aims to min-

imize overall risk (variance) for a given target re-
turn R:

min VP = X
′
CX (4)

n∑
j=1

xjµj = R (5)

n∑
j=1

xj = 1 (6)

xj ≥ 0 ∀j. (7)

Equations (6) and (7) specify that the port-
folio weights are non-negative and sum to one,
ensuring full investment without short-selling.

3.4. Mean-Semi-Variance optimization

To strictly isolate downside risk, Semi-Variance
(SV) measures the expected squared deviations
of returns below a target or expected threshold,
intentionally ignoring positive deviations. Rather
than requiring a traditional covariance matrix, SV
relies on the joint distribution of the underlying
securities. This design actively minimizes the prob-
ability of falling short of return targets. When
return distributions are perfectly symmetric, the
SV and variance models generate identical efficient
portfolios.6,40
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The Mean-Semi-Variance portfolio optimization
problem can be formulated as follows:

min
1

s

s∑
i=1

y2i (8)

S.t. yi ≥
n∑

j=1

[R− xjrij ] ∀i (9)

n∑
j=1

xjµj = R (10)

n∑
j=1

xj = 1 (11)

xj ≥ 0 ∀j, yi ≥ 0 ∀i. (12)

In this formulation, when an observed return
falls below the expected return, the corresponding
yi variable becomes strictly positive. Minimizing
the sum of y2i ensures that yi equals the exact
shortfall between the expected and observed re-
turn. Conversely, if the observed return exceeds
the expected return, yi would be negative, but the
non-negativity constraint forces it to zero. As the
objective minimizes y2i , the optimal yi is zero in
that case.

3.5. Mean-Absolute deviation optimization

The Mean-Absolute Deviation framework quan-
tifies risk as the average absolute deviation of
returns from their mean, focusing on the scale of
fluctuations rather than their squared magnitudes.
This structural shift converts portfolio optimiza-
tion into a linear programming problem, which
significantly reduces computational load and mit-
igates estimation errors associated with the MV
model. Furthermore, MAD operates effectively
without assuming normal return distributions, pro-
ducing highly stable risk assessments in skewed or
erratic markets. Even though MV and MAD out-
puts align under normal distribution conditions,
the MAD approach consistently constructs more
resilient portfolios in the presence of real-world
market irregularities.9,40

Absolute deviation is defined as the expected
value of the absolute difference between the ob-
served return and its expected return. It can be
expressed as follows:

|R− E| =

{
R− E if R > E

E −R if R ≤ E.
(13)

The portfolio optimization problem under the
MAD framework can be formulated as the follow-
ing linear program:

min
1

s

s∑
i=1

yi, (14)

S.t. yi ≥
n∑

j=1

[R− xjrij ] ∀i (15)

yi ≥
n∑

j=1

[xjrij −R] ∀i (16)

n∑
j=1

xjµj = R (17)

n∑
j=1

xj = 1 (18)

xj ≥ 0 ∀j, yi ≥ 0 ∀i. (19)

When the observed return for a given scenario
exceeds the expected return, the first constraint
ensures that yi remains zero; when the observed
return falls below the expected return, the second
constraint activates, making yi positive. Since yi
is constrained to be non-negative and the objec-
tive minimizes their sum, yi precisely captures
the absolute difference between the realized and
expected returns. This formulation thus provides
an exact and computationally efficient solution for
portfolio selection under the MAD criterion.

4. Data and methodology

The empirical analysis relies on historical asset
pricing and specific technical indicators for the
initial forecasting phase. Subsequent steps en-
compass data prediction, simulation mechanics,
optimal portfolio construction, and the evaluation
criteria used to measure overall performance.

4.1. Data

Candlestick price data for Bitcoin, Ethereum,
BNB, Microsoft, and Tesla were collected from
March 20, 2024, to July 14, 2025. These assets
were selected to provide a representative and liq-
uid cross-section of both cryptocurrency and U.S.
equity markets, rather than to exhaust the full
universe of investable assets. Similarly, the 30-
day out-of-sample evaluation window was deliber-
ately chosen to align with the single-period, short-
horizon design of the proposed framework, reflect-
ing the rapidly shifting return dynamics character-
istic of cryptocurrency markets—longer evaluation
windows risk conflating multiple market regimes
within a single static model. This design choice,
along with comparable short-horizon precedents
in the recent literature, is discussed further in
the limitations discussion in Section 6. Bitcoin
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and Ethereum serve as benchmark cryptocurren-
cies due to their dominant market roles, while
BNB represents a major exchange-linked digital
asset with distinct market dynamics. Microsoft
and Tesla were selected as large-cap U.S. equities
with substantial market influence and contrasting
risk-return characteristics.

This combination enables the evaluation of the
proposed machine-learning-based portfolio opti-
mization framework in a heterogeneous, multi-
market setting. By combining digital assets with
traditional equities, the analysis extends classical
portfolio optimization models to assets with funda-
mentally different return distributions, volatility
structures, and market microstructures, without
focusing on asset-specific performance comparison.

Daily returns were used as prediction targets,
and technical indicators were employed as input
features to train the XGBoost model. Candlestick
price data for all assets were obtained using the
Yahoo Finance Python library.

4.2. Input features

Input features for this study included Relative
Strength Index (RSI), Moving Average Conver-
gence/Divergence (MACD) and its signal along
with their difference, On-Balance Volume (OBV),
Average Directional Movement Index (ADX) with
its positive and negative components, Bollinger
Bands, Parabolic SAR, and the stochastic oscilla-
tor with its signal. Additional features included
the daily price range and the previous day’s closing
price. In addition to these technical indicators, the
CBOE 13-week Treasury Bill Interest Rate Index
(IRX), reflecting the daily short-term U.S. Trea-
sury bill rate, was included as a macroeconomic
input.

In total, 17 features were used to predict the
daily return of each asset. After calculating these
indicators, the final training and test datasets for
each asset, excluding weekends, are shown in Ta-
ble 1.

A strictly chronological design eliminates look-
ahead bias and data leakage during processing
and estimation. Calculations for technical indi-
cators and macroeconomic variables rely solely
on data available up to the specific observation
date, ignoring any future pricing. The temporal
split between training and test sets ensures that
all machine-learning models, along with their hy-
perparameter tuning and model selection phases,
are trained exclusively on training data. Conse-
quently, test-period information never influences
forecasting performance or model estimation.

4.3. Hyperparameter optimization

Bayesian optimization was used to tune the XG-
Boost hyperparameters. The procedure executed
100 iterations across the training sets to identify
optimal values based on the search ranges detailed
in Table 2.

This technique efficiently navigates high-
dimensional parameter spaces without requiring
exhaustive model evaluations. Model performance
was measured exclusively on training data using
cross-validated prediction error as the objective
function. Keeping hyperparameter selection en-
tirely separate from the test period prevents data
leakage and prioritizes generalization over exces-
sive in-sample fitting.

4.4. XGBoost forecasting and portfolio
optimization

Following hyperparameter tuning, the XGBoost
algorithm processed the training set to forecast
daily returns for the final 30-day window. The
MV, MSV, and MAD portfolio optimization mod-
els then incorporated these predictions in place
of traditional expected returns, evaluating them
against a näıve equal-weighted benchmark.

Because the framework operates in a static,
single-period environment, it establishes portfo-
lio positions via a single trade at the start of the
30-day holding block. This design eliminates the
need for periodic rebalancing, restricting transac-
tion costs to a one-time initiation fee rather than
the compounded frictions associated with daily or
weekly turnover.

In addition to minimum-risk portfolios,
maximum-efficiency portfolios are constructed
for each risk framework. The Maximum Sharpe
portfolio maximizes the ratio of expected return
to portfolio variance under the MV model. Analo-
gously, the Maximum Sortino portfolio maximizes
the ratio of expected return to portfolio semi-
variance, treating downside risk asymmetrically
by penalizing only negative deviations from the
target return. Under the MAD framework, the
Maximum Sharpe-AD portfolio maximizes the
ratio of expected return to mean absolute devia-
tion. These formulations follow directly from the
corresponding risk definitions in Sections 3.3–3.5
and allow a consistent comparison of efficiency-
maximizing portfolios under different notions of
risk. For ratio-based portfolios, expected returns
are defined in excess of the risk-free rate, ensuring
consistency with the standard definitions of the
Sharpe, Sortino, and Sharpe-AD performance
measures.
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Table 1. Dataset summary

Set Date Range Number of Days Percentage

Train Set 2024/05/07 to 2025/05/29 266 90%
Test Set 2025/05/30 to 2025/07/14 30 10%

Table 2. XGBoost hyperparameters search ranges

Hyperparameter Details Search Range

max-depth Maximum Depth of a Tree {3, 4, ..., 10}
learning-rate Step Size Shrinkage Used in Update [0.01, 0.3]
n-estimators Number of Trees {100, 101, ..., 1000}
subsample Subsample Ratio of the Training Instances [0.6, 1]
colsample-bytree Subsample Ratio of Features [0.6, 1]
reg-alpha L1 Regularization Term on Weights [0.0, 5.0]
reg-lamda L2 Regularization Term on Weights [0.0, 5.0]
min-child-weight Minimum Sum of Instance Weight (Hessian) Needed in a Child [1.0, 10.0]

All assets are modeled in terms of daily returns,
ensuring a common unit of measurement across
cryptocurrencies and equities. Risk metrics includ-
ing variance, semi-variance, and absolute deviation
are computed at the portfolio level rather than
normalized at the individual asset level. Asset-
specific volatility differences are therefore naturally
reflected through the optimized portfolio weights.
This design allows highly volatile assets such as
cryptocurrencies to contribute proportionally more
to overall portfolio risk without imposing artificial
scaling that could distort relative risk contribu-
tions.

Finally, Figure 1 maps the complete opera-
tional pipeline, tracking the process from initial
data collection and feature engineering through
XGBoost prediction and portfolio evaluation.

5. Experimental results

This section presents the prediction results and
evaluates portfolio performance using the proposed
approaches.

5.1. Prediction results

The performance of XGBoost is evaluated using
Root Mean Squared Error (RMSE), R2, and direc-
tional (trend) accuracy. While RMSE and R² as-
sess the accuracy of return-level predictions, trend
accuracy measures the model’s ability to correctly
predict the direction of daily returns, which is
particularly relevant for portfolio allocation deci-
sions. Table 3 summarizes the prediction results
for each asset.

As shown in Table 3, R2 values exceed 0.65
for all cryptocurrencies and are above 0.55 for all
assets. XGBoost performs better on cryptocurren-
cies than on stocks in terms of the predictability

of return levels. Meanwhile, the model achieves
consistently high trend accuracy across all assets,
exceeding 70% in every case and reaching above
80% for Ethereum, Microsoft, and Tesla. Notably,
for assets such as Tesla, directional accuracy re-
mains strong despite relatively lower R2 or higher
RMSE values, indicating that while precise return
magnitudes are harder to predict, the model ef-
fectively captures the dominant direction of price
movements.

Table 3. XGBoost forecasting performance with
Bayesian-Optimized hyperparameters

Asset RMSE R2 Trend Accuracy

Bitcoin 0.0114 0.65 70%
Ethereum 0.0177 0.76 83%
Binance Coin 0.0090 0.66 73%
Microsoft 0.0044 0.60 83%
Tesla 0.0284 0.55 80%

To assess the sensitivity of the forecasting per-
formance to hyperparameter optimization, we ad-
ditionally evaluate the XGBoost model under a
baseline configuration without Bayesian hyperpa-
rameter optimization. Table 4 reports the corre-
sponding RMSE, R2, and trend accuracy metrics
for each asset, allowing a direct comparison with
the optimized results reported in Table 3.

As shown in Table 4, without hyperparameter
tuning, predictive performance in terms of RMSE
and R2 generally weakens for most assets, with
Bitcoin being the primary exception. In partic-
ular, the optimized model reported in Table 3
exhibits consistently lower prediction errors and
higher explanatory power across both cryptocur-
rencies and equities. While directional accuracy
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remains comparable for some assets, the improve-
ments achieved through Bayesian hyperparameter
optimization are more pronounced in return-level
metrics. These results underscore the role of sys-
tematic hyperparameter tuning in improving fore-
cast precision and stabilizing model performance
in heterogeneous and volatile markets. Figures
2–6 illustrate the comparison between actual and
predicted values, with the red line for predictions
and the blue line for the true test data.

Table 4. XGBoost performance without
hyperparameter tuning

Asset RMSE R2 Trend Accuracy

Bitcoin 0.0086 0.80 80%
Ethereum 0.0206 0.68 83%
Binance Coin 0.0097 0.61 67%
Microsoft 0.0052 0.43 80%
Tesla 0.0321 0.43 77%

Figure 1. Overview of the proposed machine learning-based forecasting and portfolio optimization framework

Figure 2. XGBoost forecasted vs. actual daily returns on the test set: bitcoin
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Figure 3. XGBoost forecasted vs. actual daily returns on the test set: ethereum

Figure 4. XGBoost forecasted vs. actual daily returns on the test set: BNB

Figure 5. XGBoost forecasted vs. actual daily returns on the test set: Microsoft
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Figure 6. XGBoost forecasted vs. actual daily returns on the test set: Tesla

The figures show that XGBoost captures major
market shocks reasonably well. However, chal-
lenges arise for assets such as Tesla, as shown in
Figure 6, where large shocks and high volatility
contributed to lower predictive performance. The
results also indicate that while the model performs
well overall, its accuracy tends to weaken over time
for certain assets such as Microsoft.

5.2. Portfolio optimization

Optimal portfolios are constructed based on predic-
tions using MV, MSV, and MAD methods. Bound-
ary constraints are imposed to reflect real-world
market conditions, ensuring that asset allocations

remain between 0.1 and 0.4. Maximum Sharpe ra-
tio, maximum Sortino ratio, and maximum Sharpe-
AD ratio portfolios are also constructed. Figures
7–9 present the efficient frontier along with the
tangency portfolio for each of the three methods.
We assume a daily risk-free rate of 0.0174% based
on data from the U.S. Department of the Treasury.

The näıve portfolio, used as the benchmark, is
evaluated alongside the tangency portfolios and
the portfolios constructed to match its return level.
Tables 5–7 report the performance outcomes for
all portfolio configurations. The performance of
each portfolio on the actual test data with a one-
month buy-and-hold strategy is also shown in Ta-
ble 8.

Figure 7. Efficient frontier and tangency portfolio for mean-variance model
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Figure 8. Efficient frontier and tangency portfolio for mean-semi-variance model

Figure 9. Efficient frontier and tangency portfolio for mean-absolute deviation model

The empirical results indicate that integrat-
ing machine-learning predictions with downside-
focused optimization yields noticeable improve-
ments over the baseline näıve portfolio. Across the
evaluated optimization frameworks, the targeted
strategies successfully lowered risk—measured
by variance, semi-variance, and absolute devia-
tion—while maintaining or exceeding benchmark
returns. The maximum-ratio configurations, par-
ticularly the Maximum Sharpe-AD and Maximum
Sortino models, exhibited the most substantial ef-
ficiency gains and consistently outperformed both
their minimum-risk counterparts and the equal-
weighted baseline.

When evaluated on real out-of-sample data us-
ing a one-month buy-and-hold strategy (Table
8), the superiority of the optimized strategies re-
mained evident. The näıve portfolio generated a
cumulative return of 6.6%, while all optimization
methods produced higher returns, with the Max-
imum Sharpe (7.2%), Maximum Sortino (7.6%),
and especially the Maximum Sharpe-AD portfo-
lio (10.2%) delivering the strongest performance.
These results highlight the advantage of incorpo-
rating both predictive signals and risk-sensitive
models in volatile asset environments.
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Table 5. Performance of mean-variance portfolios

Portfolio Return Variance Sharpe

Näıve 0.22% 0.0139 0.148
Mean-Variance 0.22% 0.0092 0.224
Maximum Sharpe 0.24% 0.0095 0.231

Table 6. Performance of mean-semi-variance
portfolios

Portfolio Return SV Sortino

Näıve 0.22% 1.23 0.002
Mean-SV 0.22% 0.0064 0.324
Maximum Sortino 0.25% 0.0067 0.347

Table 7. Performance of mean-absolute deviation
portfolios

Portfolio Return AD Sharpe-AD

Näıve 0.22% 0.01076963 0.1915
Mean-AD 0.22% 0.00699486 0.2959
Maximum

0.33% 0.00953435 0.3299
Sharpe-AD

Table 8. Out-of-sample portfolio performance
(30-day buy-and-hold)

Portfolio Cumulative Return

Näıve 6.6%
Mean-Variance 6.8%
Maximum Sharpe 7.2%
Mean-SV 6.8%
Maximum Sortino 7.6%
Mean-AD 6.8%
Maximum Sharpe-AD 10.2%

The optimized portfolio weights further rein-
force these patterns. Across the different models,
the tangency portfolios consistently shifted capital
toward assets with stronger predicted performance
and more favorable risk characteristics. In most
solutions, Microsoft (MSFT) and Tesla (TSLA)
received meaningful allocations, reflecting their
stability relative to the highly volatile cryptocur-
rencies. Meanwhile, cryptocurrency allocations
adjusted sharply across methods: BNB frequently
appeared with high weights under different opti-
mization methods except maximum Sharpe-AD,
while ETH and BTC saw moderated exposure de-

pending on the specific risk measure. These pat-
terns indicate that the optimization frameworks
effectively balanced the trade-off between exploit-
ing high predictive returns and mitigating asset-
specific volatility.

Taken together, these results confirm that com-
bining XGBoost-based return forecasting with MV,
MSV, and MAD optimization provides consistent
improvements in both risk control and realized
performance. The findings also underscore that
more flexible downside or absolute deviation-based
risk measures yield stronger practical outcomes
than variance alone, especially in markets charac-
terized by asymmetry, heavy tails, and structural
volatility.

From a numerical perspective, the magnitude
of the performance improvements observed in this
study is broadly comparable to those reported
in recent related works. For example, Zhou et
al.32 document notable out-of-sample Sharpe and
Sortino ratio improvements for machine-learning-
informed cryptocurrency portfolios relative to
näıve benchmarks. Bedoui et al.31 report substan-
tial reductions in downside risk using CVaR-based
optimization frameworks. Similar efficiency gains
are also reported by Ma et al.29 and Bakry et
al.30, who show that optimized portfolios incorpo-
rating cryptocurrencies outperform equal-weighted
strategies in terms of risk-adjusted returns. In our
case, the Maximum Sortino and Maximum Sharpe-
AD portfolios achieve notable improvements in
realized performance and downside risk mitigation
relative to the näıve benchmark, despite relying
on simpler downside risk measures and a differ-
ent forecasting-optimization architecture. This
suggests that the benefits of integrating predic-
tive signals into portfolio construction are robust
across asset classes, risk measures, and modeling
choices.

While the empirical results consistently show su-
perior risk-adjusted performance of the optimized
portfolios relative to the näıve benchmark, for-
mal statistical hypothesis testing of performance
differences (e.g., Sharpe or Sortino ratio tests)
was not conducted in this study. Given the rela-
tively short out-of-sample evaluation window, the
analysis focuses on economic significance and ro-
bustness of performance patterns across multiple
risk measures and portfolio constructions. The
observed dominance of the Maximum Sortino and
Maximum Sharpe-AD portfolios across both re-
turn and downside risk metrics provides consistent
evidence of practical improvement rather than iso-
lated statistical artifacts. Incorporating formal
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statistical tests or bootstrap-based confidence in-
tervals is left for future research, particularly in
longer-horizon or rolling evaluation settings.

5.3. Managerial insights and implications

The empirical findings present distinct operational
strategies for market participants managing mixed
cryptocurrency-equity portfolios. The consistent
advantage of machine-learning-informed alloca-
tions over the equal-weighted benchmark demon-
strates that accessible forecasting models like XG-
Boost provide reliable signals for short-horizon
asset allocation. This finding holds particular
value for practitioners seeking model transparency,
interpretability, and lower computational demands
compared to complex deep learning architectures.

The selection of the underlying risk measure
also demonstrates substantial practical impact.
Because the Maximum Sortino and Maximum
Sharpe-AD configurations generated stronger risk-
adjusted and realized returns than the Mean-
Variance model, practitioners navigating asym-
metric or fat-tailed return distributions, com-
mon in cryptocurrency markets, stand to bene-
fit from downside-focused or absolute deviation
frameworks instead of relying solely on variance.
Asset allocation behaviors observed in the opti-
mized weights provide further structural guidance.
The models consistently directed capital toward
established equities like Microsoft and Tesla, bal-
ancing this stability with targeted cryptocurrency
exposure to capture higher expected returns. Over
short evaluation horizons, this specific weighting
pattern suggests that mixed-asset diversification
provides a more measured entry into digital asset
markets compared to concentrated cryptocurrency
holdings. However, due to inherent asset volatility
and the short evaluation window, this observation
remains context-specific and does not constitute a
broad investment recommendation.

Structurally, the single-period design of this
framework aligns best with tactical, short-term
allocation adjustments, such as monthly rebalanc-
ing, rather than long-term buy-and-hold investing.
Extending the holding period without adapting
the model risks degrading forecast accuracy due to
rapidly shifting market dynamics. Consequently,
applying this framework over extended horizons
requires a rolling or periodically retrained fore-
casting mechanism rather than a static evaluation
window. Implementation strategies must also ac-
count for constraints related to the asset universe,
sample size, and the absence of transaction cost
modeling, as detailed in the concluding section.

6. Conclusions and future research
directions

This research investigated the integration of
machine-learning return forecasts into multi-
market portfolio optimization, specifically compar-
ing the Mean-Semi-Variance and Mean-Absolute
Deviation models against the standard Mean-
Variance framework. Feeding XGBoost predic-
tions into the MV, MSV, and MAD models con-
sistently outperformed the equal-weighted bench-
mark. Across all three optimization categories, the
minimum-risk configurations matched the bench-
mark’s return at a substantially lower risk level,
while the maximum-ratio designs generated supe-
rior expected returns and risk-adjusted metrics.
Out-of-sample testing confirmed these advantages,
as the Maximum Sortino and Maximum Sharpe-
AD portfolios delivered the highest realized returns
over a one-month buy-and-hold period. Further-
more, the resulting asset weights demonstrate that
these optimization models successfully merged pre-
dictive signals with risk management, shifting cap-
ital toward assets with more stable or favorable
expected trajectories. The forecasting phase also
maintained high directional accuracy across the
asset pool, confirming the model’s capacity to iden-
tify market trends even when precise point-wise
predictions fluctuated.

These empirical results align with recent litera-
ture demonstrating that pairing machine-learning
forecasts with risk-aware optimization models ele-
vates portfolio efficiency. While previous research
often prioritizes complex risk modeling or pure
cryptocurrency portfolios, this analysis shows that
semi-variance and absolute deviation measures
achieve similar performance gains in a mixed
cryptocurrency-equity environment. This adapt-
ability highlights the practical utility of the pro-
posed framework across different market scenarios.
However, the research scope involves specific con-
straints. The analysis uses a short sample period
and a restricted asset pool to align with the frame-
work’s single-period, short-horizon design. This
configuration focuses on tactical allocation rather
than long-term strategic investment, meaning it
may not fully capture prolonged market phases,
such as extended bear markets or severe structural
shifts.

It is also worth noting that the length of the
empirical sample is comparable to that used in
several recent studies. For example, Zhou et al.32

employ a sample of approximately six months,
while Hrytsiuk & Babych28 consider a horizon of
about 2.5 years, which is close to the period ana-
lyzed in this study. More directly comparable to
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the present design, Lorenzo and Arroyo42 evaluate
crypto-asset portfolio allocation using a 30-day
holding period, and Huang et al.43 construct and
evaluate mixed-asset portfolios over short, rolling
evaluation windows within the M6 forecasting com-
petition framework. In the context of cryptocur-
rency markets, extending the sample far beyond
recent years may introduce additional challenges,
as return dynamics and volatility structures can
change markedly across regimes. Using a more
recent and relatively homogeneous period helps
ensure that the forecasting model is trained on
data that remain relevant for current market con-
ditions, rather than averaging across structurally
different phases. Given the short out-of-sample
window, formal statistical inference would have
limited power and may produce unreliable con-
clusions. Extending the evaluation to longer or
multiple test windows would require the forecast-
ing model to remain accurate over a longer span,
which the current static, single-period training
is not well suited to achieve; this motivates the
rolling or expanding forecast window approach
identified in the future research directions below.

Moreover, the modelling framework assumes
static relationships during the test window, an
assumption that may not fully capture the dynam-
ics of rapidly changing markets, particularly for
cryptocurrencies.

In addition, the downside-oriented risk mea-
sures employed in this study depend on the return
distributions implied by the forecasting and op-
timization framework. During periods of abrupt
regime shifts or extreme market stress, such distri-
butions may change rapidly, potentially limiting
the ability of semi-variance and absolute deviation
to fully capture tail risk. As a result, downside
risk may be underestimated in environments char-
acterized by structural breaks or unprecedented
shocks.

Furthermore, the empirical results may be sen-
sitive to modeling choices at both the forecast-
ing and optimization stages. Although Bayesian
optimization is employed to tune XGBoost hy-
perparameters, predictive performance can still
vary under alternative parameter configurations.
The stability of the resulting optimal portfolio
weights was also not formally examined and may
be affected by small changes in forecasts or esti-
mation inputs. In addition, the analysis relies on
a fixed 30-day forecast horizon, and alternative
window lengths could lead to different risk-return
trade-offs. A formal sensitivity and robustness
analysis along these dimensions is therefore left
for future research. As well, a comparison with
non-optimized forecasting specifications indicates

that hyperparameter tuning plays an important
role in improving predictive accuracy, particularly
in terms of error reduction and explanatory power,
highlighting another dimension of model sensitiv-
ity.

Also, the empirical analysis adopts a single-
period portfolio optimization framework and there-
fore abstracts from transaction costs, turnover,
and dynamic rebalancing. While these frictions are
critical for real-world implementation and would
likely attenuate realized performance gains, their
omission allows a clean assessment of the interac-
tion between machine-learning-based return fore-
casts and alternative risk measures.

Regarding the potential impact of transaction
costs, it is worth noting that every portfolio evalu-
ated in this study, including the Näıve benchmark,
is implemented as a single-period buy-and-hold
strategy requiring only one initial allocation trade
and one terminal liquidation, rather than repeated
rebalancing over the holding period. Transaction
costs and bid-ask spreads would therefore be in-
curred on a comparable, one-time basis across all
strategies rather than compounding differentially
between them. Since these costs apply broadly
across the näıve and optimized portfolios alike,
they are unlikely to systematically favor one ap-
proach over another or to reverse the relative per-
formance ordering observed in this study. Nonethe-
less, a more rigorous treatment incorporating asset-
specific fee structures, bid-ask spreads, and slip-
page, particularly under a dynamic, multi-period
rebalancing framework, is identified as an impor-
tant direction for future research.

Future work can address these limitations in
several ways. First, rolling or expanding forecast
windows could be used to better capture time-
varying dependencies and would directly address
the limitation of the current fixed 30-day eval-
uation window by allowing the model to be pe-
riodically retrained as new data becomes avail-
able, rather than requiring a longer static test
period that risks degrading forecast relevance in
fast-moving markets. Second, the predictive stage
could be enhanced with recurrent neural networks,
transformers, or different deep learning models
capable of learning longer-horizon patterns. In
addition, future research could explore alterna-
tive hyperparameter optimization strategies, such
as metaheuristic algorithms (e.g., particle swarm
optimization or genetic algorithms), to further
assess the robustness and efficiency of the forecast-
ing stage. Incorporating macroeconomic variables,
sentiment indicators, or blockchain-level metrics
may also strengthen predictive accuracy .21,44,45
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Extending the framework to a multi-period set-
ting with explicit trading costs and rebalancing
constraints also represents an important direction
for future research. The optimization process
could be extended to include transaction costs,
liquidity constraints, leverage rules, tax consider-
ations, and dynamic rebalancing frequencies to
better reflect realistic trading conditions.8,13,46,47

A further important direction concerns the ex-
plicit treatment of uncertainty in the forecasting-
optimization pipeline. In the present study, XG-
Boost forecasts are treated as fixed point estimates
when constructing the MV, MSV, and MAD port-
folios, and the optimization models themselves
do not explicitly account for the estimation error
inherent in machine-learning-based return predic-
tions. This may understate the true uncertainty
surrounding the resulting portfolio weights, partic-
ularly for highly volatile assets such as cryptocur-
rencies, where forecast errors can be substantial
even when directional accuracy is high. Incorporat-
ing uncertainty-modeling frameworks such as fuzzy
formulations,48–52 robust optimization,41,53–55 or
stochastic programming56–59 could help address
this limitation by explicitly representing the impre-
cision or variability of forecasted returns, rather
than treating them as deterministic inputs. Inte-
grating any of these approaches with the machine-
learning-based forecasting stage employed in this
study could yield portfolios that are more resilient
to prediction error and better suited to the un-
certain, fast-moving conditions characteristic of
mixed cryptocurrency-equity markets.

Future research could also explore alternative
optimization techniques, such as evolutionary al-
gorithms or machine-learning-based optimization
procedures, to assess their performance relative
to traditional approaches. In addition, evaluating
a broader set of risk measures, including Condi-
tional Value-at-Risk (CVaR), downside risk met-
rics, or drawdown-based criteria, may improve
the framework’s ability to capture different di-
mensions of risk. Finally, applying the model to
longer horizons or stress-period simulations would
help assess its robustness under extreme market
environments.31,60–62

Integrating these methodological adjustments
promises to generate highly adaptive portfolio
models capable of processing the structural com-
plexities and rapid shifts inherent in modern fi-
nancial environments.
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