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Abstract. This paper introduces the Discrete Hilbert Transform (DHT) as a tool
for enhancing risk diversification in portfolio construction. DHT, a mathematical
technique typically used in signal processing, is applied to financial data to
identify dynamic market signals. By analyzing asset returns through the
frequency domain, DHT enables investors to detect hidden risks that traditional
models might overlook. This research compares portfolios constructed using
DHT with those optimized via the conventional Mean-Variance method. The
findings demonstrate that DHT-based portfolios provide better risk-adjusted
returns, reduced volatility, and improved resilience during market fluctuations.
The use of DHT allows for more adaptive and responsive portfolio adjustments,
particularly in volatile conditions. This study contributes to the growing body of
literature on applying advanced mathematical models to finance, offering
practical insights for portfolio managers seeking to optimize risk diversification.

Keywords: Discrete Hilbert Transform, risk diversification, portfolio construction,
asset returns, financial risk management.

1 Introduction

In the realm of modern finance, portfolio management is a key strategy employed by
investors to optimize returns while managing risk. One of the most well-established
approaches is Harry Markowitz’s Mean-Variance Model, introduced in the 1950s,
which provides a framework for balancing risk and return. However, despite its
widespread adoption, the Mean-Variance approach often struggles to capture the
complexities of financial markets, particularly in volatile and uncertain conditions (1—-
5). Market dynamics have evolved, and so too must the methods used to construct
diversified and resilient portfolios.

In recent years, the use of advanced mathematical tools in finance has gained
traction, particularly in enhancing risk management techniques. One such tool is the
Discrete Hilbert Transform (DHT), a signal processing method traditionally applied in
engineering and physics [6). In financial contexts, DHT has shown potential for
analyzing asset price movements, identifying patterns in asset return signals, and
providing insight into market behavior. This study leverages DHT as a method for
improving risk diversification in portfolio construction [7—10].
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Portfolio diversification, the practice of spreading investments across various
assets to reduce risk, is a core principle of portfolio management [11]. While
traditional models primarily focus on static correlations between assets, they may not
fully account for the changing relationships in times of market stress. Consequently,
portfolios constructed using these models may be vulnerable to systematic risks. The
introduction of DHT offers a novel approach by incorporating more dynamic and
time-sensitive measures of risk, allowing for a more flexible and responsive portfolio
construction process.

This research proposes a method of portfolio construction based on DHT, designed
to optimize risk diversification by capturing more nuanced market signals. By
transforming asset returns into a discrete form and analyzing their frequency
components, DHT enables a deeper understanding of the underlying risk structure of a
portfolio. Through this method, investors can better assess potential risks and improve
their portfolio's resilience to market fluctuations.

The central question of this study is: How can the Discrete Hilbert Transform
enhance portfolio risk diversification compared to traditional optimization methods?
While several methods have been introduced to improve portfolio diversification,
including factor models and covariance matrix estimation techniques, these methods
often rely on historical data and static correlations that may not fully capture future
risks. This study seeks to fill that gap by applying DHT, which can adapt to dynamic
market conditions and better identify risk factors.

The objective of this paper is to evaluate the effectiveness of using DHT for
constructing risk-diversified portfolios. Specifically, it aims to Apply DHT to asset
return data to analyze and extract dynamic risk signals, Construct portfolios based on
DHT results and compare them with traditional Mean-Variance optimized portfolios,
Evaluate portfolio performance, focusing on risk-adjusted returns, volatility, and
Sharpe ratio. Provide insights into the practical benefits of DHT in risk diversification
for portfolio managers and investors.

As financial markets become increasingly interconnected and complex, investors
face greater challenges in managing portfolio risks. Traditional models, while
valuable, often fail to keep pace with rapid market changes, particularly during
periods of high volatility [12]. By incorporating DHT into the portfolio construction
process, this study aims to provide investors with a more robust method for managing
risk in an evolving market landscape. This paper contributes to the growing body of
literature on the intersection of advanced mathematical tools and financial risk
management. While the use of Hilbert Transforms has been explored in other
disciplines, its application in finance, specifically in portfolio construction, remains
underexplored. This research will demonstrate how DHT can be applied in financial
contexts, offering a practical solution to the challenge of risk diversification.

2 LiteratureReview

Portfolio optimization is a cornerstone of modern financial theory, with Harry
Markowitz’s Mean-Variance Model being the most widely recognized approach.
Introduced in 1952, this model revolutionized investment strategy by providing a
systematic method for balancing risk and return through the calculation of expected
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returns and covariances between assets . Markowitz’s framework, also known as the
Modern Portfolio Theory (MPT), assumes that investors are risk-averse and seeks to
minimize portfolio risk for a given level of expected return [13]. However, despite its
effectiveness, the model has limitations, particularly in volatile market conditions
where the relationships between asset returns may change rapidly.

Several extensions and alternatives to the Mean-Variance Model have been
proposed to address these shortcomings. The Black-Litterman Model (1992]
integrates investor views with market data, offering a more flexible approach to
portfolio construction [14]. Factor models, such as the Fama-French Three-Factor
Model, introduce additional risk factors like size and value to improve
diversification . However, these models are often static and based on historical data,
limiting their ability to capture dynamic risk in real-time. Risk diversification remains
one of the most important objectives of portfolio construction [15]. Traditional
methods such as equal-weighted portfolios and minimum variance portfolios rely on
historical correlations between assets to achieve diversification [16]. However,
correlations between assets can change dramatically, particularly in times of market
stress, leading to suboptimal diversification strategies. Therefore, a more dynamic
approach is needed to identify and mitigate risks in real-time.

The Hilbert Transform, originally developed for use in signal processing, has
gained attention in financial markets for its ability to analyze complex signals . The
Discrete Hilbert Transform (DHT) is a discrete version of the Hilbert Transform,
allowing for the decomposition of time-series data into frequency components. This
technique is particularly useful for identifying cycles, trends, and oscillations in asset
returns that may not be captured by traditional time-domain analyses. In the context
of financial markets, DHT has been employed to analyze price movements and detect
hidden signals in asset returns [17]. For instance, studies have shown that DHT can
identify periodic cycles in stock prices, helping investors to anticipate turning points
and adjust their portfolios accordingly. The ability of DHT to capture the dynamic
nature of financial markets makes it a promising tool for portfolio optimization,
particularly in terms of risk management [18].

Although the use of DHT in finance is still emerging, initial studies indicate that it
can provide valuable insights into market behavior. Ekasasmita (2024) applied DHT
to evaluate asset return predictability and found that DHT-based models outperform
traditional time-series models in forecasting short-term asset movements [17].
However, there is still a lack of comprehensive studies on how DHT can be used
specifically to construct portfolios that optimize risk diversification. Volatility is a
key challenge in portfolio management, as asset correlations tend to increase during
periods of market stress, reducing the effectiveness of traditional diversification
strategies. Recent advances in risk management have focused on developing models
that can adapt to changing market conditions. For example, dynamic covariance
models such as the Dynamic Conditional Correlation [DCC] model allow for time-
varying correlations between assets, improving the accuracy of risk forecasts [19].

However, these models are often computationally intensive and may not fully
account for short-term fluctuations in asset prices. The application of Hilbert
Transforms, including DHT, offers an alternative by analyzing the frequency
components of asset returns, providing a more nuanced view of market dynamics .
This approach allows portfolio managers to adjust their portfolios more frequently
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and accurately, particularly during periods of high volatility. While significant
progress has been made in the fields of portfolio optimization and risk diversification,
gaps remain, particularly in the application of mathematical transformations like
DHT. Most studies that apply Hilbert Transforms in finance focus on asset return
predictability or signal extraction, with little attention given to its role in portfolio
construction. Additionally, traditional models of portfolio diversification tend to
overlook the dynamic nature of risk in financial markets, relying on static measures of
correlation.

This study seeks to address these gaps by integrating DHT into the portfolio
construction process, providing a dynamic approach to risk diversification. By
applying DHT to asset returns, this research aims to improve portfolio resilience to
market fluctuations and enhance overall risk-adjusted returns. Furthermore, this study
will contribute to the growing body of literature on the use of advanced mathematical
techniques in finance, providing new insights into the practical applications of DHT
for portfolio management.

3 Methodology

3.1 DataCollection

The study uses historical financial data from a diversified set of asset classes LQ45
banking, mining, and property. The data is sourced from publicly available databases
such as Bloomberg, Yahoo Finance, or other financial data providers. The asset
returns cover a period of at least 3 years to capture both normal market conditions and
periods of volatility. The dataset includes: Daily closing prices for the selected assets.
To ensure robustness, the study includes assets from different sectors and
geographical regions, providing a comprehensive view of market behavior. Missing
data points are handled through interpolation techniques, and returns are calculated
using logarithmic returns to account for compounding effects.

3.2 DiscreteHilbertTransform[]

The core of this study involves the application of the Discrete Hilbert Transform
(DHT) to the asset return data. DHT is used to decompose asset returns into their
frequency components, providing insights into the cyclical behavior of the assets. This
process involves the following steps:

Transforming [the [Time-Series [Data. The daily asset return data is transformed
using DHT. This transform allows the study to move from the time domain into the
frequency domain, where the oscillatory patterns of asset returns can be analyzed.
Each asset’s return signal is broken down into amplitude and phase components,
helping to identify cycles, trends, and market oscillations.
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One factor that motivates investors to make investments is the potential for returns,
as they can evaluate their investment outcomes through these returns. The realized
return is calculated as the percentage change in the closing price of stock j on day t
compared to its closing price on day t —1, which is then divided by the closing price
of stock j onday t—1.

R .:713“1_13‘_1’1' M
t,j P _
t—1,j
with R, ;: return of stock j, j=1,..., N. N is the number of stocks in the portfolio,
P, ;: closing price stock j on day t, j = 1,.,N, t=1,...,n. n is the number of
elements of a stock, and P, _, ; is the closing price of stock i on t—1.

Transform(thereal deturn(using discrete Hilbert/fransform.[]
N-1 L2mt (2)

NS e

2=
With sgn(*) is signum function, then the return is

X, =R +iH[R] (3)

H[x,]=isgn

Using the frequency-domain representation of the returns, the key frequencies that
represent market cycles are identified. These frequencies highlight patterns that are
not visible in traditional time-domain analyses. For example, short-term volatility
spikes and longer-term trends can be isolated.

Risk(Signal [Extraction. The study extracts risk signals from the transformed data by
analyzing the amplitude of the frequency components. Assets with higher amplitudes
at critical frequencies (indicating more volatility) are flagged as high-risk assets. This
information is crucial for adjusting the portfolio allocation to minimize exposure to
riskier assets during volatile periods.

3.3 Portfolio [Construction

Once the key risk signals are extracted using DHT, the next step is constructing a
risk-diversified portfolio. The portfolio construction process follows these steps:

Initial (Portfolio [Allocation. An initial portfolio is created using a standard Mean-
Variance optimizationpproach to establish a baseline. This portfolio is constructed by
optimizing the weights of the assets based on historical mean returns and covariances.
The portfolio return is:
. “4)
R= Z W;R, ;
j=1
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With Rt’ j is stock realized return, @; is portfolio coefficient weight, and
j=1,....,N.
Y ®)
E[Rié port]=) @ E[RLL jliE
j=1
with E[R{¢ port |iis portfolio expected return, @; is portfolio coefficient
weight, and j=1,....,N.
1. Risk-Adjusted Performance Evaluation

The newly constructed DHT-based portfolio is evaluated against the baseline
portfolio. Performance is measured using risk-adjusted metrics, including:
- Sharpe Ratio: A measure of risk-adjusted return, calculated by dividing the
portfolio’s excess return by its standard deviation.
- Volatility: The standard deviation of the portfolio returns, providing a measure
of risk.

Maximum Drawdown: The largest peak-to-trough decline in the portfolio’s value,
assessing the risk of significant loss.

4 Results [and Discussion

4.1  Descriptive Statisticsof/Asset Returns

Before diving into the analysis, it is essential to provide an overview of the assets
included in the portfolio. Table 1 presents the descriptive statistics of the daily returns
of the selected assets over the period from 04 January 2021 to 10 October 2024.
These statistics include the mean return, standard deviation (volatility), skewness, and
kurtosis.

Stock prices of assets

Ticker
—— ADRO.JK
80001 __ agrajK
— ANTMJK N/«‘
—— BBCAJK

BBNILJK
6000 BMRIJK \.]
—— BSDE N

—— CTRAJK |
—— PTPPJK A
4000 #

2000

2 ° e o° o 0 2P i P

Fig.1. Stuck Prices of Assets
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Tablel(1). Data Descriptive of Assets.

Stocks Mea Std. Skewn Kurtosi
n Dev ess S
ADRO 2001. - -

JK 90 789.88 0.164686 0.683466
AKRA 1051. - -
JK 33 371.81 0.113057 1.406622
ANTM 1810. 0.2609 -
JK 86 302.09 45 0.376852

7952. 1360.4 0.0212 -
BBCA 41 3 59 1.005706
BBNILJ 3960. - -

K 19 990.77 0.140727 0.896305
BMRI. 441.8 1452.6 0.3265 -
JK 51 5 99 1.122839
BSDE 25.18 0.97 0.123015 1.714395
CTRA. 1023. 0.5476 -
JK 08 132.96 28 0.295899
PTPP.J 830.6 1.0419 1.3887

K 7 356.02 70 31

Table 2 presents the descriptive statistics of asset returns for several stocks.
ADRO.JK and AKRA.JK exhibit positive average returns (mean) of 0.001099 and
0.001644, respectively, while ANTM.JK and PTPP.JK show negative returns, with
PTPP.JK having the lowest mean at -0.002154. BBCA stands out with a significantly
higher volatility, as indicated by its standard deviation of 0.14150, compared to other
stocks like BSDE, which has the lowest standard deviation of 0.001820, reflecting
minimal price fluctuation. Skewness values indicate that most stocks exhibit a slight
positive skew, except for BSDE, which has a negative skew of -0.259428. Kurtosis
values are generally negative, suggesting flatter distributions than the normal curve,
with the exception of PTPP.JK, which has a high kurtosis of 1.388731, implying a
more peaked distribution and potential for extreme values in returns.

Tablel(2). Data Descriptive of Asset Return.

Stocks Mean Std. Skewn Kurtosi
Dev ess S
ADRO 0.0010 0.0261 0.3615 -
JK 99 10 28 0.683466
AKRA 0.0016 0.0262 0.4077 -
JK 44 91 07 1.406622
ANTM - 0.0314 1.3058 -
JK 0.000449 43 91 0.376853
0.0004 0.1415 0.3448 -
BBCA 00 0 77 1.005706
BBNI.J 0.0006 0.0183 0.3656 -
K 17 34 87 0.896305
BMRI. 0.0007 0.0173 0.4077

JK 10 25 39 1.122839
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Stocks Mean Std. Skewn Kurtosi
Dev ess S
- 0.0018 - -
BSDE 0.000092 20 0.259428 1.714395
CTRA. 0.0001 0.0238 0.6123 -
JK 19 46 70 0.295899
PTPP.J - 0.0261 0.3092 1.3887
K 0.002154 99 56 31
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Figure 2 Frequency of Return

Table3. Key Performance.

Metric Mean-Variance DHT-Optimized
Portfolio Portfolio
EXplgzz‘jnAnnual 35.3% 15.19%
Annualized Volatility 22.2% 1.02%
Sharpe Ratio 1.50 1.63
Maximum Drawdown -0.202343 0.026199

ANTM
AKRA
ANTM
BBCA
BBNI

AKRA
ANTM
BBCA
BBNI

This table 3 presents a comparison of key performance metrics between two different
portfolio construction methodologies: the Mean-Variance Portfolio and the DHT-
Optimized Portfolio. The metrics evaluated include the Expected Annual Return,
Annualized Volatility, Sharpe Ratio, and Maximum Drawdown. The expected annual
return of the Mean-Variance Portfolio is 35.3%, indicating a potentially high return
on investment. The expected annual return of the DHT-Optimized Portfolio is
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significantly lower at 15.19%, suggesting a more conservative approach with less
aggressive growth potential. Mean-Variance Portfolio has an annualized volatility of
22.2%, which reflects a higher level of risk associated with its returns. A higher
volatility indicates greater fluctuations in returns. In contrast, the DHT-Optimized
Portfolio exhibits a remarkably low annualized volatility of 1.02%, indicating that it is
much more stable and less prone to significant fluctuations in value. The Sharpe Ratio
of the Mean-Variance Portfolio is 1.50, which indicates that for every unit of risk
taken, the portfolio expects to earn 1.50 units of return. A ratio above 1 is generally
considered good. The DHT-Optimized Portfolio has a higher Sharpe Ratio of 1.63,
suggesting it provides a better risk-adjusted return compared to the Mean-Variance
Portfolio. This means that the DHT approach yields more return per unit of risk.

4.2 Discussion

The empirical findings from the previous section highlight the effectiveness of the
Discrete Hilbert Transform (DHT) in enhancing portfolio performance and risk
diversification. Specifically, the DHT-optimized portfolio demonstrated superior
results in terms of risk-adjusted returns, reduced volatility, and lower maximum
drawdown when compared to the traditional Mean-Variance (MV) portfolio.

One of the key takeaways from this study is that the application of DHT allows for
a more refined analysis of market cycles and short-term volatility through frequency-
domain analysis. This provides an additional layer of insight beyond what is captured
by the conventional Mean-Variance framework, which primarily focuses on return
and covariance in the time domain. The DHT method’s ability to identify high-
frequency signals indicative of market noise and rapid price fluctuations allows for
better risk management by adjusting asset weights dynamically in response to changes
in market conditions. DHT has been used in signal processing and time series analysis
to detect underlying cyclical patterns that may not be visible in the time domain. This
study builds on that foundation by demonstrating how DHT can be applied in the
context of portfolio optimization, yielding better risk-adjusted returns.

The findings from this study have several practical implications for portfolio
managers and investors looking to enhance risk diversification strategies. First, the
DHT-based approach allows for a more adaptive portfolio construction process,
where asset weights can be adjusted dynamically based on current market conditions.
This flexibility is particularly important in today’s increasingly volatile markets,
where static asset allocation strategies may expose investors to unnecessary risk. By
incorporating frequency-domain analysis, portfolio managers can more effectively
hedge against short-term market fluctuations while maintaining exposure to longer-
term growth opportunities. The ability to reduce portfolio volatility and drawdowns,
as demonstrated in the empirical results, suggests that DHT can serve as a valuable
tool for mitigating downside risk during market downturns. This is particularly
relevant in the context of institutional investors managing large portfolios, where
minimizing losses is critical to preserving capital and meeting investment objectives.

Furthermore, the DHT approach can be integrated into existing risk management
frameworks without requiring significant modifications to traditional asset allocation
models. As the method is computationally efficient, it can be easily applied to large
datasets, making it suitable for real-time portfolio optimization in high-frequency
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trading environments. This scalability makes DHT an attractive option for both
individual and institutional investors. Another limitation of this study is the
assumption of constant transaction costs and liquidity. In practice, frequent portfolio
rebalancing, as required by the DHT method, may lead to higher transaction costs and
potential liquidity constraints, particularly for portfolios with large asset holdings.
Incorporating transaction cost models and liquidity considerations into the portfolio
optimization framework would provide a more realistic assessment of the DHT
method’s practical applicability.

Finally, this study primarily focused on historical data to evaluate the performance
of the DHT-based portfolio. While the backtesting results were encouraging, real-time
testing in live market conditions would be necessary to fully assess the method's
robustness and performance in unpredictable environments. Future research should
consider implementing DHT in a live trading system to evaluate its effectiveness in
real-world scenarios. The promising results of this study open up several avenues for
future research. One potential direction is to explore the combination of DHT with
other optimization techniques, such as machine learning algorithms, to further
enhance the portfolio construction process. For example, using neural networks to
predict asset returns and combining them with DHT signals could provide a more
comprehensive approach to risk management.

Additionally, future studies could investigate the integration of DHT with other
frequency-domain methods, such as Fourier transform or wavelet analysis, to capture
both short-term and long-term market cycles more effectively. This hybrid approach
could lead to a more robust portfolio optimization model capable of adapting to
various market conditions. Given the rising interest in sustainable investing, future
research could explore how the DHT-based optimization framework can be applied to
portfolios that incorporate environmental, social, and governance (ESG) criteria.
Understanding how frequency-domain analysis interacts with ESG factors could
provide valuable insights for investors looking to balance financial returns with
sustainability goals.

5 Conclussion

This study presents a novel approach to portfolio optimization by integrating the
Discrete Hilbert Transform (DHT) into the construction of diversified portfolios. The
empirical results demonstrate that the DHT-based method significantly enhances
portfolio performance in terms of risk-adjusted returns, volatility reduction, and
protection against market downturns compared to the traditional Mean-Variance
(MV) optimization.

The DHT-optimized portfolio consistently outperforms the Mean-Variance
portfolio, as evidenced by its higher Sharpe ratio. This suggests that DHT effectively
identifies and mitigates short-term volatility, providing better risk-adjusted returns for
investors. By incorporating frequency-domain analysis, the DHT approach reduces
overall portfolio volatility and offers greater resilience during market downturns, as
seen in the lower maximum drawdown. This highlights its utility as a robust risk
management tool, particularly during periods of heightened market turbulence.
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The ability to adjust portfolio weights based on frequency signals allows the DHT
method to dynamically respond to market conditions, a significant improvement over
static asset allocation methods like Mean-Variance optimization. While the results of
this study are promising, it is important to recognize the limitations, including the
focus on a limited set of assets and the absence of transaction costs in the analysis.
Future research should extend the application of DHT to a broader range of asset
classes and incorporate transaction costs and liquidity considerations to provide a
more comprehensive evaluation.
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