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Abstract

The study reviews the application of machine learning tools in financial investment 
portfolio management, focusing on cluster analysis for asset allocation, diversifica-
tion, and risk optimization. The paper aims to explore the use of clustering analysis to 
broaden the concept of portfolio diversification beyond traditional volatility metrics. 
An open dataset from Yahoo Finance includes a ten-year historical period (2014–2024) 
of 130 actively traded securities from international stock markets used. Dataset se-
lection prioritizes top liquidity and trading activity. Python analytical tools were em-
ployed to clean, process, and analyze the data. The methodology combines classical 
Markowitz optimization with clustering analysis techniques, highlighting variance-
return trade-offs. Various asset characteristics, including annualized return, standard 
deviation, Sharpe ratio, correlation with indices, skewness, and kurtosis, were incor-
porated into the clustering models to reveal hidden patterns and groupings among fi-
nancial assets. Results show that while clustering enhances insights into asset diversity, 
classical approaches remain historically superior in optimizing risk-adjusted returns. 
This study concludes that clustering complements, rather than replaces, classical meth-
ods by broadening the understanding of diversification and addressing many diversity 
factors, such as metrics of the technical, graphical, and fundamental analysis. The pa-
per also introduces the diversity rate based on clustering, which measures the variance 
balance by all features within and between clusters, providing a broader perspective on 
diversification beyond traditional metrics. Future research should investigate dynamic 
clustering techniques, integrate fundamental economic indicators, and develop adap-
tive models for effective portfolio management in evolving financial markets.
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INTRODUCTION 

Financial markets underwent a dramatic transformation in 2008, re-
vealing unprecedented volatility and exposing the limitations of tradi-
tional portfolio management methods. The global financial crisis led 
to significant losses for investors and underscored the inadequacy of 
classical tools in addressing complex, dynamic market risks. For in-
stance, as measured by the VIX index, market volatility peaked at a 
record high of over 89 points in October 2008, a stark indicator of 
instability (Yahoo Finance, 2024). However, traditional methods 
did not account for the level of volatility, requiring investors to re-
think risk management and explore advanced strategies for portfolio 
diversification.

Current research on innovative methods and techniques has expand-
ed significantly. It has emphasized the constraints of traditional ap-
proaches in addressing multidimensional risk factors, particularly in 
high-frequency trading and behavioral biases. A bibliometric study 
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analyzing over 589 articles published between 2003 and 2023 reveals that approximately 71% of research 
in financial technical analysis now focuses on integrating machine learning (ML) techniques, such as 
sentiment analysis and algorithmic trading (Gallastegui et al., 2024; Inani et al., 2024; Sang, 2024). 
Therefore, scientists, financial specialists, and investors actively use ML and Big Data techniques. Thus, 
the problem of evaluating the accuracy and efficiency of the different time series models to use the vir-
tual financial vehicle as a competitive investment asset is urgent for investors and data scientists. 

Thus, the need to redefine diversification stems from the complexity of contemporary financial markets, 
where static, one-dimensional metrics and traditional optimization methods are insufficient for captur-
ing dynamic interdependencies among assets.

1. LITERATURE REVIEW  

AND HYPOTHESES

The evolving complexity of financial markets has 
highlighted limitations in traditional portfolio op-
timization methods, necessitating the integration of 
advanced analytical tools such as machine learning, 
e.g., cluster analysis. Many studies and scientific pub-
lications focus on different problems of technical and 
fundamental indicators of the dynamic of financial 
market assets and the practical application of vari-
ous types of time series, machine learning, and arti-
ficial intelligence models for predicting price trends. 

The current research landscape is rich with studies 
exploring the interplay between ML techniques and 
portfolio management, particularly in forecasting 
and risk assessment. This landscape is characterized 
by the convergence of classical financial theories 
with cutting-edge ML tools, which has led to novel 
insights into financial markets. Researchers have 
focused on addressing the limitations of traditional 
models, such as the Markowitz framework, by intro-
ducing methods that incorporate multidimensional 
asset characteristics, behavioral patterns, and ad-
vanced statistical metrics.

Much of the current research landscape explores 
ML’s role in enhancing forecasting capabilities. 
ML’s utility in handling complex, high-risk envi-
ronments is further highlighted by Fantazzini and 
Zimin (2020), who introduce advanced models like 
GARCH and the Zero Price Probability model for 
cryptocurrency market and credit risk assessments. 
Derbentsev et al. (2021) reinforce this with ensem-
ble-based ML approaches, demonstrating superior 
accuracy and robustness in cryptocurrency price 
forecasting. Similarly, Aguirre et al. (2020) show 
the effectiveness of Genetic Algorithms in optimiz-

ing technical indicators and providing an adaptable 
and robust solution for trading strategies. Zmuk and 
Jošić (2020) describe ML methods such as linear re-
gression, Gaussian processes, and Neural Networks 
to predict stock market indices with high preci-
sion, particularly for shorter time horizons. Liew 
and Mayster (2018) extend ML applications to ETF 
predictions, demonstrating the superior accuracy 
of ML algorithms in capturing complex relations. 
Korstanje (2021) uses advanced time-series forecast-
ing techniques (Prophet, LSTMs, DeepAR, etc.) in 
complex financial data prediction. These contribu-
tions underscore ML’s utility in improving predic-
tion accuracy and market analysis. Apalkova et al. 
(2022) examine various aspects of how price levels 
and purchasing power influence environmental per-
formance across different countries, utilizing the 
machine learning capabilities of RapidMiner.

The second pillar of the current research landscape is 
on ML-based portfolio optimization, revealing its 
transformative potential in redefining diversification 
strategies. Clarissa and Koesrindartoto (2024) pro-
pose a dynamic portfolio optimization strategy that 
outperforms traditional benchmarks using predic-
tive models and adaptive optimization. Heaton et al. 
(2017) apply deep learning models to detect non-lin-
ear patterns in complex financial data and determine 
the way for widespread adoption in portfolio optimi-
zation. Feng et al. (2024) extend these approaches to 
sustainable investments, showing how ESG and SDG 
sentiment analysis improves portfolio performance 
and aligns investments with long-term societal goals. 
Bhama (2024) focuses on equity markets, reveal-
ing how moving average strategies in high-volatility 
portfolios outperform traditional Buy-and-Hold ap-
proaches. López de Prado (2016) introduces cluster-
ing-based ML approaches to improve diversification 
and outperform traditional benchmarks in portfolio 
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optimization. Owen (2023), Jain P. and Jain S. (2012) 
employ hierarchical clustering to enhance portfolio 
performance by structuring assets based on correla-
tion and risk parity strategies against covariance es-
timation errors. Pinelis and Ruppert (2021) advance 
portfolio allocation strategies by integrating return- 
and volatility-timing using Random Forest models, 
achieving substantial improvements in Sharpe ratios 
and maximum drawdowns. Leung et al. (2023) de-
veloped a machine learning-based portfolio recom-
mendation system incorporating big data analytics 
for personalized investment strategies.

ML tools also play a critical role in identifying mar-

ket anomalies and behavioral patterns. Viebig 
(2020) applies Support Vector Machines to detect ir-
rational exuberance in financial markets, predicting 
subsequent abnormally low returns and helping in-
vestors mitigate risks. Aiche et al. (2024) explore the 
application of artificial intelligence in constructing 
and managing cybersecurity stock portfolios. Using 
advanced machine learning techniques (Random 
Forests, Support Vector Machines) and natural lan-
guage processing for sentiment analysis, the study 
combines predictive modelling with mean-variance 
optimization to deliver superior portfolio perfor-
mance. Aziz et al. (2021) review ML applications in 
finance, emphasizing the increasing importance of 
sentiment analysis and text-based ML methods in 
providing novel insights or behavioral patterns in fi-
nancial data.

Finally, part of the current research landscape of ML 
and clustering tools in enhancing decision-making 

processes is further underscored in several inves-
tigations. Babenko et al. (2021) review classical ML 
methods like regression and clustering, demonstrat-
ing their adaptability across various levels of eco-
nomic analysis. Mints (2017) categorizes data mining 
tasks in finance, highlighting ML’s potential to auto-
mate complex processes and improve forecasting ac-
curacy. Kuzheliev et al. (2019, 2020) use traditional 
econometric analysis tools to explore and predict 
Ukraine’s macroeconomic and financial indicators. 
Glazunova et al. (2021) focus on improvements in 
education and professional skills and propose struc-
tured approaches to enhance digital intelligence in 
economists, including project-based learning and 
real-world applications. The investigations have con-
firmed the efficiency of ML tools in improving finan-
cial literacy and decision-making results.

Collectively, these studies highlight the growing 
integration of machine learning, e.g. clustering 
analysis, in financial research. They demonstrate 
the versatility of machine learning tools in market 
forecasting, portfolio management, risk assess-
ment, and a wide range of problems.

Although significant progress has been made in 
applying machine learning to financial portfolio 
management, essential gaps still need to be iden-
tified. Most of the existing research focuses on 
the technical aspects of applying ML tools and 
IT technologies. Fundamental economic factors 
remain outside the scope of the study. Although 
some researchers (Owen, 2023; Jain & Jain, 2019) 
raise the issue of enhanced portfolio diversifica-
tion, the traditional concept of optimization based 
on the apparent relationship between volatility 
and average return (Markowitz, 1952) remains the 
same. Consequently, it is essential to explore ap-
plying specific ML methods in managing finan-
cial investment portfolios, clarify the definition 
of diversification, and establish key diversification 
metrics. By addressing these issues, clustering al-
gorithms and tools can become even more effec-
tive in supporting dynamic investment decisions 
based on data and expanding economic theory 
concepts.

The paper aims to explore the use of clustering 
analysis to broaden the concept of portfolio di-
versification beyond traditional volatility met-
rics. Specifically, it examines how clustering tech-
niques can uncover hidden patterns and group-
ings among financial assets. It offers insights into 
more effective diversification strategies that in-
clude multidimensional asset characteristics, such 
as behavioral patterns, correlations, and advanced 
statistical metrics.

Based on the paper’s aim, the key research hypoth-
eses are as follows

H1: Cluster analysis algorithms consistently out-
perform classical statistical methods in con-
structing portfolios with the highest rate of 
returns or optimal risk-return scenarios.

H2: Diversification of a financial investment 
portfolio can be measured not only by vola-
tility indicators as a variation of returns. 
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2. METHODOLOGY  

AND DATA

The study is based on international stock market 
asset prices, which are analyzed using Python’s 
advanced analytical tools. This approach compre-
hensively evaluates market dynamics and asset be-
haviour through robust and widely adopted com-
putational methods.

The study uses open data from Yahoo Finance 
(Yahoo, 2024). This is a trusted source of fi-
nancial information. The selection of assets is 
guided by their trading activity and relevance 
in financial markets, leveraging tools such as 
the Yahoo Finance screener API (Zherlitsyn, 
2024). The screener function of the yahooquery1 
Python library identifies assets’ tickers based on 
trading volume and liquidity criteria. The data 
include critical financial attributes such as his-
torical prices, daily returns, and associated key 
indicators, forming the basis for the analytical 
processes in this study. This approach ensures 
that the selected assets are among the most rep-
resentative of active trading behavior, providing 
the most variance dataset for analysis. These as-
set data are systematically cleaned, filtered, and 
classified to create statistically homogeneous 
samples.

1 https://pypi.org/project/yahooquery/

The study incorporates a ten-year dataset for stock 
market analysis (started from 01/01/2014). This 
period captures trends and significant variations, 
providing a robust foundation for evaluating as-
set performance. Extending the time horizon re-
duces the number of eligible assets (by more than 
half). Therefore, a year’s time series is a practical 
and optimal choice for including a more signifi-
cant number of assets. Historical data, including 
daily prices and their changes, are utilized for fi-
nancial investment portfolio optimization within 
this range.

Figure 1 illustrates the study’s research steps. 

The first step, Data Collection and Cleaning, be-
gins with acquiring financial market data, focus-
ing on a selected list of financial securities using 
Yahoo Finance API. This involves defining the 
list of assets based on their trading activity and 
relevance. The collected data undergo a cleaning 
process to remove inconsistencies, missing val-
ues, and outliers, preparing it for further analysis. 
Also, it includes calculating percentage changes in 
daily prices and normalizing the data to create a 
consistent and analyzable dataset.

Second, Classical Portfolio Optimization is used 
to build the cleaned data to optimize the portfolio 

Figure 1. Flowchart of the research 
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structure using the Rate of Return, Variance, and 
Sharpe ratio (Zherlitsyn, 2024). These optimiza-
tion metrics are used to identify an optimal alloca-
tion of assets that balances risk and return. Results 
are visualized through a market plot that illus-
trates the performance of different portfolios and 
highlights the optimal structure position. This 
analysis uses historical data for the entire period 
and Python-based computational tools (Korstaje, 
2021) to evaluate and display the findings.

Third, Financial Asset Clustering is used for port-
folio optimization. This analyzes financial assets 
by applying clustering techniques. Based on the 
cleaned data, features for clustering are defined, 
and experiments are conducted with different 
feature sets to understand the impact of diversi-
fication. The optimal number of clusters is deter-
mined using elbow analysis, ensuring meaningful 
segmentation. The clustering results are visual-
ized to demonstrate how assets are grouped based 
on diversity.

Finally, Compare and interpret the results of port-
folio optimization and clustering outcomes. This 
includes checking the Sharpe-ratio-optimal as-
sets within the defined clusters and analyzing the 
cluster centroids to gain a deeper understanding 
of their diversity. Clarify the concept of diversifi-
cation based on clustering. 

3. RESULTS

Before applying optimization and clustering tech-
niques, data were gathered and processed. This 
preparation phase entails selecting, cleansing, and 
converting raw financial data into a format suit-
able for analysis. The emphasis is on acquiring 
comparative and statistically sound information 
about actively traded assets and their structuring. 

2 https://yahooquery.dpguthrie.com/guide/screener/

The study utilized Python’s yahooquery library 
to extract data for the top 250 most active assets 
across multiple markets using the screener func-
tion2. This approach ensures a diversified dataset 
representing the most liquid and actively traded 
securities.

The raw dataset included historical daily price data 
for each asset. The initial dataset was incomplete, 
necessitating a cleaning process and security excep-
tions for which there is insufficient comparable da-
ta. Missing values, duplicates, and anomalies were 
identified and removed to ensure consistency and 
reliability. To quantify the daily movement of asset 
prices, percentage changes were calculated based 
on adjusted close prices. The prepared dataset was 
summarized in a structured format. The final data-
set includes 130 securities for futures analysis. 

The classical method for portfolio optimization re-
lies on the foundational principles established by 
Harry Markowitz (Markowitz, 1952), incorporat-
ing a quantitative focus on balancing variance and 
return. This study applies the classical criteria (rate 
of returns and variance) and Sharpe ratio to iden-
tify the optimal portfolio composition by maximiz-
ing the risk-adjusted return. The Sharpe ratio of 
portfolio return to its standard deviation evaluates 
how effectively a portfolio compensates investors 
for the risks undertaken (Zherlitsyn, 2024).

The classical portfolio optimization results are 
based on a time horizon from January 1, 2014 to 
December 1, 2024, and are summarized in Table 
1 and Figure 2.

As shown in Table 1, the classical approach to op-
timizing the structure of an investment portfolio 
reduces the number of assets to 18. The criterion of 
maximizing the rate of return leaves only one asset 

Table 1. Performance and diversification metrics for optimized portfolios (classical optimization 
method) from January 1, 2014 to December 1, 2024

Optimization Criteria Rate of return  
of the Portfolio Volatility Number of Securities  

in the Portfolio
Diversification 

Ratio
Maximize Sharpe Ratio 0.38 0.22 18 0.1166

Maximize Rate of Return 0.84 0.83 1 0.063

Minimize Volatility 0.11 0.12 18 0.125

Note: * estimations based on the Yahoo Finance data (Yahoo, 2024).
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in the portfolio. Initially, the analysis considered 
data for 130 assets. Examining the Diversification 
Ratio, which is based on Markowitz principles 
(Markowitz, 1952) (the ratio of the weighted sum 
of asset rates of return standard deviations to the 
portfolio’s standard deviation), reveals that the 
portfolio constructed under the criterion of mini-
mizing volatility achieves the highest diversifica-
tion. However, this portfolio significantly under-
performs in returns compared to the portfolio op-
timized using the Sharpe ratio. In the latter case, 
the return increases more than threefold while the 
Diversification Ratio decreases from 0.125 (for the 
minimum volatility portfolio) to 0.1166.

Figure 2 visually confirms these results. It depicts 
various combinations of investment portfolios, 
and the optimal risk-return ratios, derived using 
the Monte Carlo simulation method, are high-
lighted by the colored dots. The plot illustrates 
the trade-offs between portfolio return (y-axis) 
and risk, measured as standard deviation. As can 
be seen, Figure 2 visually supports the data pre-
sented in Table 1, demonstrating the distribution 
of portfolios and the effectiveness of different op-
timization criteria. The Sharpe-optimal portfolio 
lies along the efficient frontier, balancing higher 
returns with moderate risk, while the minimum-
volatility and maximum-return portfolios repre-
sent the extreme ends of the spectrum.

Thus, this study will use the portfolio structure 
optimized based on the Sharpe ratio criterion 
for further comparative analysis. As shown in 
Table 1, this portfolio includes 18 assets: NVDA, 
TSLA, MARA, KGC, BTG, AVGO, PANW, IAG, 
WMT, MSTR, IBN, DXCM, MO, SMCI, NEM, 
K, CELH, KDP. The statistical characteristics 
of these assets’ rates of return demonstrate the 
range of asset variability and distribution over 
the analyzed period. However, diversifying the 
average rate of return with the level of volatility 
does not consider other factors and descriptive 
statistical indicators, such as outliers in returns, 
which can be regarded as using metrics like the 
median, quartiles, and similar measures. On 
the other hand, the selected 18 assets, while sta-
tistically significant, do not include some “blue-
chip” stocks from the market, such as MSFT or 
AAPL. Therefore, a cluster analysis method will 
be applied to the presented dataset to assess the 
differences between assets further and refine 
the understanding of diversification.

Clustering analysis was introduced as an ad-
vanced method to deepen the understanding of 
portfolio diversification and capture hidden re-
lationships between assets. Unlike classical ap-
proaches that rely on return and volatility met-
rics, clustering may incorporate a comprehen-
sive set of features derived from classical finan-

Figure 2. Efficient frontier and simulated portfolio risk-return trade-off
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cial and technical analyses and other statistical 
indices, like autocorrelation measures within 
the trading week.

This approach’s features lie in capturing assets’ mul-
tidimensional characteristics. These include their 
return and risk metrics, behavioral patterns, corre-
lations with broader market indices, and statistical 
properties such as skewness and kurtosis. These fac-
tors provide a holistic view of the assets’ performance 
and potential groupings based on their diversity.

The following features are used for clustering and 
future investigations: 

• Mean, standard deviation of returns, and 
Sharpe ratio of each asset’s average perfor-
mance and variability like in the classical 
approach.

• Correlation with the NASDAQ index (̂ IXIC), 
indicating the degree to which each asset’s re-
turns move in line with the broader market. 
This is a one-dimensional replacement for the 
Markowitz correlation matrix.

• Skewness and kurtosis to capture the asym-
metry and tail heaviness of the return 
distributions.

• Autocorrelation of returns across different 
lags (1 to 5 days) to assess the persistence of 
patterns in daily returns and detect seasonal-
ity within the trading week.

• Moving averages over 21, 63, and 126 trading 
days, representing short-term, medium-term, 
and long-term trends.

The feature processing begins with calculating 
these metrics for each asset in the dataset. For in-
stance, autocorrelation is calculated at multiple 
lags to explore potential patterns in daily returns, 
while moving averages provide insights into 
the asset’s price momentum over different time 
frames. The correlation with the NASDAQ index 
helps identify how closely each asset aligns with 
the overall market behaviour.

Asset groups with similar statistical and technical 
characteristics are identified using all or a com-

bination of these features. The results are sum-
marized in a structured data set, which serves as 
input for clustering algorithms. Since one of the 
crucial problems of cluster analysis is determin-
ing the optimal number of clusters, at the initial 
stage, the paper assumes the presence of 18 ini-
tial clusters (these results from implementing the 
principles of the classical Markowitz model based 
on optimizing the Sharpe ratio). However, in fu-
ture analyses, all the searching features will be 
applied for the optimal number of clusters based 
on the elbow method, Silhouette Score, and vi-
sual analysis of the hierarchical cluster analysis 
dendrogram.

The hierarchical clustering analysis used the fea-
tures derived from classical and technical analysis 
and autocorrelation metrics. The feature dataset 
was pre-processed by scaling all variables to a stan-
dard range. This ensured that all features may con-
tribute equally to the clustering process, regard-
less of their original scales or units. Ward’s link-
age method was applied for hierarchical clustering. 
This method minimizes the variance within clus-
ters. The distance metric used was Euclidean dis-
tance, which measures the straight-line distance 
between points in a multidimensional space. 

The dendrogram (Figure 3) visually represents 
the hierarchical relationships among the portfo-
lio’s assets. It displays how assets are merged into 
clusters at different levels of similarity. The color 
threshold was set at a specific distance level to 
highlight the most vizuality clusters.

Figure 3 illustrates the most significant differences 
emerge within 3 to 7 clusters. This number is sub-
stantially lower than the assets selected using the 
classical method (Table 1).

Additional analysis of various asset combinations, 
based on the elbow method and the Silhouette 
Score, also revealed that the maximum meaning-
ful differentiation for the examined dataset may 
be achieved with 17 clusters. This result aligns 
closely with the outcomes of the classical optimi-
zation approach. However, it is worth emphasizing 
that such a result is contingent on the restricted 
number of selected features. As the number of fac-
tors increases, the differentiation between clusters 
diminishes. In contrast, clusters in the range of 
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6 to 7 provide the most stable distinctions across 
all described features. This stability reflects the 
data’s inherent structure and offers a foundation 
for further segmentation and portfolio analysis, as 
shown in Figure 3.

Table 2 presents the recalculated annualized mean 
returns and standard deviations (volatilities) for 
each of the six clusters identified through hierar-
chical clustering. Additionally, the table indicates 
the size of each cluster, reflecting the number of 
securities grouped within each.

Table 2. Cluster Centroids: annualized mean  
and standard deviation 

Cluster Cluster 
Size

Annualized 
Mean Return

Annualized Standard 
Deviation

1 4 0.55 0.84

2 1 0.09 0.59

3 20 0.16 0.29

4 21 0.32 0.39

5 34 0.10 0.40

6 50 0.10 0.42

Note: * estimations based on the Yahoo Finance data (Yahoo, 
2024).

The pattern draws from the cluster sizes, and their 
respective metrics can be described as follows:

Cluster 1 comprises only 4 assets. It exhibits the 
highest annualized mean return at 55.01% and the 

highest volatility at 84.03%. These assets represent 
high-risk, high-return investments.

Cluster 2 is the smallest, with just one asset, with a 
moderate return of 9.43% and a still high volatility 
of 59.15%. This unusual cluster represents only the 
LUMN security, which may suggest that LUMN’s 
price movements and risk-return characteristics 
do not align closely with the rest of the dataset. 

Indeed, such statistically non-standard assets (like 
clusters 1 and 2) cannot be identified due to classi-
cal analysis since classical portfolio optimization 
excludes significant outliers in behavior, including 
due to the use of a linearized correlation matrix. 
Therefore, such assets as those presented in Cluster 
1 and especially 2 require separate analysis.

Clusters 3 and 4 represent mid-sized groupings 
of 20 and 21 assets. These clusters achieve average 
returns of 15.68% and 31.75%, respectively, with 
29.15% and 39.49% volatilities, suggesting they 
contain assets with balanced risk-return profiles.

Clusters 5 and 6, the most prominent groups 
with 34 and 50 assets, respectively, show relative-
ly low mean returns of 10.32% and 10.49%, cou-
pled with volatilities of 40.35% and 41.53%. These 
clusters likely represent lower-risk, more stable 
investments.

Figure 3. Hierarchical clustering dendrogram for portfolio assets using Ward’s method
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Overall, the clustering results show that smaller 
clusters tend to group assets with higher volatil-
ity in performance, while larger clusters are com-
posed of more consistent, stable assets. These 
distinctions provide valuable insights for portfo-
lio managers aiming to balance risk and return 
through diversification. 

The comparative analysis of the data presented in 
Tables 1 and 2 further reveals that the centroids of 
the clusters obtained through clustering analysis, 
incorporating features beyond those tied exclu-
sively to classical optimization tasks, tend to ex-
hibit lower average return levels compared to the 
return of the portfolio optimized through Sharpe 
ratio optimization. Consequently, the H1, which 
applied machine learning models consistently 
resulted in more effective portfolio returns than 
classical statistical methods, was not proved.

This result is fundamentally linked to the inherent 
differences in the methodologies. Optimization 
models based on Markowitz principles are explic-
itly designed to achieve the best possible optimal-
ity criterion, such as maximizing returns while 
minimizing risk. Conversely, clustering analysis 
in this context aims to identify broader distinc-
tions among the assets rather than focusing solely 
on achieving an optimal return or diversification 
ratio.

In this case, clustering analysis highlights a broad-
er spectrum of heterogeneity in asset characteris-
tics instead of focusing exclusively on the diversi-
fication ratio calculated based on volatilities. This 
broader analytical perspective underscores the 
complementary role of clustering in understand-
ing asset diversity and its implications for portfo-
lio construction, albeit with trade-offs regarding 
direct return maximization.

Let us proceed and conduct a comparative analy-
sis of the results of classical portfolio optimization 
and class analysis. Table 3 provides a compara-
tive study of the portfolio structure derived from 
Sharpe ratio optimization and clustering-based 
groupings of assets. Each cluster highlights the as-
sets that belong to the optimized portfolio (with 
weights exceeding 0) and the top three financial 
assets from the cluster ranked by Sharpe ratio.

The comparison of the optimized portfolio struc-
ture and the clustering-based analysis reveals sev-
eral key findings. For Cluster 1, the assets in the 
portfolio (TSLA, MARA, MSTR) align closely 
with the top performers ranked by the Sharpe ra-
tio. This consistency suggests that the clustering 
method captures assets with strong individual 
rates of return within this group. In contrast, as 
noted earlier, Cluster 2 includes LUMN and has 
no assets overlapping with the optimized portfo-
lio. This discrepancy highlights the unique char-
acteristics of LUMN that are prioritized by clus-
tering but not by portfolio optimization. Cluster 3 
shows no overlap between the optimized portfolio 
and the clustering results, with prominent assets 
like MSFT, TSM, and V identified by Sharpe ra-
tio ranking within the cluster but excluded from 
the optimized portfolio. This again confirms the 
uniqueness of the approach based on machine 
learning methods. Clusters 4 and 5 exhibit signifi-
cant alignment, with key assets like NVDA, AVGO, 
CELH, WMT, and MO appearing in both the op-
timized portfolio and the clustering analysis. This 
suggests these clusters contain assets that are rec-
ognized well by both methods. In Cluster 6, the 
clustering analysis identifies assets like UMC, KO, 
and STLA as top performers by Sharpe ratio, while 
the portfolio optimization includes KGC, BTG, 
IAG, and NEM. This divergence reflects differing 
priorities between the two methods and requires a 

Table 3. Cluster-based analysis and portfolio comparison of selected assets 

Cluster 
Number Assets in Portfolio Top 3 Assets by Sharpe Rate

1 TSLA, MARA, MSTR TSLA, MSTR, MARA

2 – LUMN

3 – MSFT, TSM, V
4 NVDA, AVGO, PANW, IBN, DXCM, SMCI, CELH, KDP NVDA, AVGO, CELH
5 WMT, MO, K WMT, MO, SCHW
6 KGC, BTG, IAG, NEM UMC, KO, STLA

Note: * estimations based on the Yahoo Finance data (Yahoo, 2024).
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detailed study. Overall, the results demonstrate 
both alignment and divergence between the two 
approaches, providing a richer understanding of 
the asset characteristics and their potential con-
tributions to portfolio performance.

The results of Table 3 underscore the need to re-
think and expand the classical concept of diver-
sification. Hypothesis H2, “Diversification of a 
financial investment portfolio can be measured 
not only by volatility indicators as a variation 
of returns,” is proved by redefining diversifica-
tion and requires introducing clustering-based 
metrics.

The comparison of cluster analysis and portfolio 
optimization results gives additional insights be-
yond the quantitative outcomes obtained. While 
fundamental in evaluating financial investments, 
the classical concept of financial asset diversifica-
tion (Markowitz, 1952) requires further refine-
ment. The significant relationship between return 
and risk is decisive in investment management. 
However, the idea of asset diversification must 
be expanded to include distinctions not only in 
terms of risks and mutual dynamics but also 
across a broader range of essential factors.

For instance, the behavior of market participants 
may be influenced not solely by the relationship 
between return and risk but also by the potential 
for asset price growth or decline, the presence of 
unique factors, and metrics derived from techni-
cal and graphical analysis. These considerations 
suggest that financial asset and portfolio diver-
sification encompasses a much broader scope of 
characteristics than traditionally addressed.

For instance, the traditional diversification ratio 
can consider cluster diversity. The cluster-related 
diversification ratio provides a more structured 
measure of how variance is distributed within and 
across clusters by all features. Cluster diversity 
evaluates how well-separated and compact clus-
ters remain internally, using total between-cluster 
and total within-cluster variance. This metric can 
be calculated as follows:

Additionally, a weighted approach can be incorpo-
rated to consider the cluster or asset weights, pro-
viding a more nuanced assessment of diversification.

Thus, diversification is the strategic allocation of 
financial assets within a portfolio to reduce overall 
risk while maximizing potential returns. It incor-
porates price growth or decline trends, technical, 
graphical, and fundamental analysis indicators, 
and other unique asset-specific influences.

4. DISCUSSION

The results highlight the potential of clustering 
analysis tools in enhancing portfolio diversifica-
tion. Compared to traditional financial models, 
the clustering approach offered a broader per-
spective by grouping assets based on multidi-
mensional characteristics rather than solely rely-
ing on volatility and return. These findings align 
with previous studies, such as those by López de 
Prado (2016) and Owen (2023), who emphasized 
the advantages of clustering in identifying hidden 
patterns and improving diversification. However, 
there are notable differences in the application of 
clustering techniques, particularly in the selection 
of features and the interpretability of results.

One significant challenge in the paper was deter-
mining the optimal number of clusters. Previous 
studies, including those by Jain and Jain (2019), 
have not shown a robust technique to define the 
cluster numbers. In the paper, this definition de-
pends on Elbow or Silhouette Score analysis meth-
ods. Furthermore, the observed cluster structures 
were sensitive to the choice of features, reflecting 
the complexity of financial asset behavior. The re-
liance on classical risk-return metrics and techni-
cal indicators influenced the clustering outcomes, 
focusing on capturing assets’ statistical and be-
havioral profiles. However, it may have overlooked 
other dimensions, such as fundamental factors or 
broader macroeconomic influences.

The findings suggest that expanding the feature 
set for clustering, incorporating elements such as 

  
 .

    

Between cluster variance
Diversification ratio

Between cluster variance Within cluster variance
=

+
 (1)
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graphical analysis, market sentiment, and funda-
mental metrics, could provide a more comprehen-
sive understanding of asset relationships. Previous 
research (e.g., Jain & Jain, 2019; López de Prado, 
2016; Owen, 2023) demonstrated the value of in-
tegrating many different metrics, mainly from a 

traditional point of view. Additionally, the clus-
tering results underscored the importance of sta-
bility and validation. The observed variability in 
clustering outcomes with slight feature changes 
highlights the need for robust cross-validation 
techniques.

CONCLUSION

The paper underscores the growing importance of machine learning (ML) in modern investment man-
agement. With financial markets becoming increasingly complex and the volume of available informa-
tion expanding, relying solely on traditional approaches is no longer sufficient. ML models have proven 
essential for making timely, informed decisions and uncovering new patterns in financial data, and 
many publications in this area confirm this.

This study aimed to explore the potential of clustering analysis in redefining portfolio diversification by 
going beyond traditional metrics such as volatility. The findings demonstrate that clustering analysis of-
fers valuable results by identifying meaningful groupings of assets based on multidimensional charac-
teristics, including graphical, technical, fundamental analysis indicators, and statistical metrics. These 
insights provide a more reliable understanding of asset behavior and contribute to the broader concept 
of diversification.

While the classical portfolio optimization method based on Markowitz principles remains a gold stan-
dard, it has limitations. It is highly effective in mathematical optimization but does not fully account 
for the nuances of market behavior or the rapidly growing pool of management data. This creates op-
portunities for integrating additional methods to address these gaps. The cluster analysis identified six 
meaningful clusters within the global market’s top 130 securities. This method went beyond classical 
metrics like return and risk by incorporating technical analysis indicators and autocorrelation coeffi-
cients, capturing a more dynamic picture of asset behavior. Due to its inherent nature, cluster analysis 
results don’t outperform strict classical optimization models regarding portfolio return. However, fur-
ther development and application across diverse datasets could significantly improve its effectiveness. In 
conclusion, this study demonstrates the significant potential of clustering analysis in optimizing port-
folio structures. By leveraging clustering-based approaches, investors can identify distinct asset group-
ings that enhance diversification metrics. Furthermore, this optimization framework bridges the gap 
between classical financial models and modern, data-driven strategies, offering a dynamic approach to 
portfolio construction. Further research will address challenges such as cluster interpretability, weight 
allocation, and the integration of clustering outputs into traditional optimization models. 

DIRECTIONS FOR FURTHER DEVELOPMENT 

The paper underscores the need to rethink and expand the classical concept of diversification. The clus-
ter-related diversification ratios may provide a more structured measure of how variance is distributed 
within and across clusters by all features. These metrics are derived from clustering analysis techniques, 
providing a more comprehensive diversification perspective. Consequently, the diversification of an 
investment portfolio should not only balance risk and return but also consider broader factors such 
as behavioral patterns, technical and fundamental indicators, and descriptive statistical variables. By 
incorporating these dimensions, investors can better understand their portfolios and make more in-
formed decisions. 
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An important direction for further development is the application of dynamic clustering techniques. 
Unlike static analyses, which consider only a snapshot of variables, dynamic clustering examines pat-
terns of change over time, such as price trends or return movements. This approach could enhance the 
ability to capture the evolving nature of financial markets and provide more actionable insights for 
portfolio management. Another critical technical aspect that warrants further investigation is cross-
validation methods. This step is crucial for validating machine learning models and cluster analysis 
and ensuring the applicability of classical financial models in rapidly changing markets. In the modern 
world of big data, where markets shift at an unprecedented pace, identifying stable quantitative patterns 
is vital. Without this validation, any model risks quickly becoming outdated and ineffective.
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