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ARTICLE INFO ABSTRACT
Article history: This study investigates the bibliometric analysis on asset allocation for portfolio
Received 2024-11-15 optimization using machine learning algorithms. The primary objective is to iden-
Accepted 2025-03-14 tify and analyze the scientific literature through bibliometric analysis to uncover
key themes, authors, sources, highly-cited articles, and countries involved in port-
Keywords: folio management research. To achieve this, 304 articles indexed in Scopus and
Asset Allocation Web of Science from 1990 to 2023 were analyzed. Using RStudio software, the
Bibliometric Analysis study highlights various models employed in this field, along with tables, graphs,
Machine Learning maps, and key performance metrics related to article production and citation im-
Portfolio Optimization pact.The findings reveal an upward trend in the use of machine learning for opti-

mal portfolio management, asset allocation, and risk management since 2016.
Additionally, the United States and China emerged as leading contributors to this
literature. The results provide practical insights for market participants, especially
those in fintech and finance sectors, to identify optimal machine learning solu-
tions for decision-making processes. These findings also guide students in focus-
ing their research efforts on underexplored areas within this domain.

1 Introduction

In financial markets, risk management and portfolio optimization are among the primary objectives
and intellectual challenges faced by finance professionals and academics. Achieving an efficient model
for financial asset allocation has become a major issue, as decisions related to asset allocation are often
made under uncertainty and with incomplete information [1]. Other findings research, through a regular
and logical process based on the judgment method in a survey of 14 experts in the field of capital market
investment and a quantitative and multivariate model of fuzzy network analysis, to assess the level of
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importance, ranking and refining the effective factors. Portfolio optimization was undertaken. Based on
the analysis, the variables of profit volatility, return on capital, company value, market risk, stock prof-
itability, financial structure, liquidity and survival index can be introduced as the most important factors
affecting the optimization of the stock portfolio [2]. Machine learning methodologies have been metic-
ulously developed to effectively handle and analyze extensive datasets, and they have consistently ex-
hibited remarkably high levels of predictive accuracy, particularly within the domains of investment
strategies and various branches of computer science. Recent studies in finance explore how machine
learning models can enhance the performance of traditional asset allocation models [3]. These applica-
tions simplify the resolution of linear and nonlinear problems, which traditional models often struggle
with. As a result, deep learning and machine learning techniques, as subsets of artificial intelligence,
have found extensive applications in finance [4].Given the importance of this subject, the current re-
search reviews the literature on the application of machine learning in asset allocation, risk manage-
ment, and portfolio optimization. The primary objective is to introduce and evaluate recent develop-
ments in computational methods. The study highlights key findings that enhance understanding of ma-
chine learning applications in asset allocation and risk management. The reviewed literature shows
minimal overlap with recent books and review articles. This research utilizes a quantitative, objective,
and transparent bibliometric analysis, combining data from Scopus and Web of Science to differentiate
it from previous studies. Additionally, it complements earlier work in the field by highlighting similar
findings in related areas of finance. Accordingly, the main research question of this study is: To what
extent have machine learning algorithms gained importance and played a significant role in optimizing
asset allocation and managing risk in investment portfolios?

2 Research Background
2.1. Theoretical Foundations of the Research

Traditionally, investors adopt an active approach to analyzing financial reports in search of the best
stocks, focusing on investment returns [5]. By prioritizing assets based on expected returns and risk
tolerance, they aim to construct an optimal portfolio. Moreover, by periodically revisiting their strate-
gies and rebalancing their portfolio mix, they work towards achieving both long-term and short-term
financial objectives [6, 7]. Markowitz (1952) developed the mean-variance (MV) portfolio model to
outperform the market index in terms of asset returns [8]. Portfolio construction incorporates the aver-
age historical returns of stocks, the expected return, and the standard deviation of those returns as a
measure of risk. Notably, many investors continue to rely on the MV strategy today [6]. Researchers
such as Lopez de Prado [9], Schwendner et al. [10], Chen et al. [11], and Wang et al. [12] have success-
fully integrated machine learning algorithms with traditional asset allocation strategies, yielding results
that surpass models like the minimum variance portfolio, equal risk contribution portfolio [13], maxi-
mum diversification portfolio [14], inverse variance portfolio [15], and equal weight portfolio [16] with
the increasing complexity of methods and the growing need for computational efficiency, machine
learning techniques have been developed to enhance the process.

Figure 1 illustrates various machine learning paradigms that have been designed to address different
challenges within machine learning. The various methodologies associated with machine learning can
be systematically classified into three distinct categories, which are clearly illustrated in the subsequent
figure presented below: the first category is referred to as supervised learning, the second category is
identified as unsupervised learning, and the third and final category is known as reinforcement learning
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[17].

Fig. 1: Classification of Machine Learning Models [17]

All of the aforementioned methodologies can indeed be utilized effectively within the realm of portfolio
management, which is a critical area of study in finance and investment; however, based on the findings
from recent empirical research and scholarly studies conducted in this field, it has been determined that
unsupervised learning algorithms are currently regarded as the most pragmatic and efficient approach
available in contemporary practice [17].This investigation offers an extensive examination of machine
learning methodologies, with a particular emphasis on unsupervised learning, within the context of
portfolio optimization, thereby delivering enhanced understandings for scholars and participants in the
financial markets. Through an analysis of the merits and limitations inherent in these methodologies, it
aids asset managers and investors in making more enlightened choices.

The research presents a systematic framework for the comparative evaluation of machine learning
models, delineates existing research deficiencies, and suggests novel trajectories for forthcoming in-
quiries. It assesses the efficacy of these methodologies when juxtaposed with traditional asset allocation
paradigms in relation to risk and return profiles. Notable research deficiencies encompass the absence
of comprehensive investigations into unsupervised learning applications in portfolio optimization, re-
stricted exploration of its amalgamation with clustering-centric strategies, and inadequate comparative
analyses of various machine learning technigques. The inquiry holds significant relevance for academics,
institutional investors, financial analysts, fintech developers, and regulatory authorities. As an exhaus-
tive review, it elucidates prospective research pathways and furnishes pragmatic insights for the inte-
gration of machine learning within portfolio management.

2.2. A Review of the Theoretical Literature on Knowledge Mapping

This research endeavor meticulously utilizes the methodology known as bibliometric analysis, a con-
cept that was originally introduced into the academic discourse by the scholar Pritchard in the year
nineteen sixty-nine, who astutely observed that this analytical approach is especially relevant and ben-
eficial in scholarly investigations that seek to systematically quantify and elucidate the intricate pro-
cesses underlying the phenomena of written communication. [18]. Bibliometric analysis uses quantita-
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tive methods to assess, monitor, and analyze scientific information [19]. This approach highlights au-
thors' publications, prominent journals, methodologies employed, and main findings [20], thus offering
a comprehensive view of any research field [21]. Bibliometric methods encompass extensive biblio-
graphic data and are applied in examining diverse topics [22], journals [23], countries [24], and other
research aspects. Today, the popularity of knowledge mapping analysis in research reflects its applica-
tion for managing large volumes of bibliographic data, enhancing effectiveness in scientific studies,
and identifying gaps across various fields of science.

The table below briefly presents an example of suitable metrics for comparing and analyzing the main
methods related to review studies [25]. Other findings suggest that cost stickiness has a positive impact
on the relationship between institutional investors and passive institutional investors with conservatism
[64]. The findings of some researchers showed that there is a significant relation between the stock
market uncertainty changes in an economic boom and the investment risk in general, which is not sig-
nificant in terms of the economic turndown. The Investment risk during both economic boom and re-
cession is decreased by the unexpected increase in profit of each share and propagation of positive news.
Although the risk is increased by the spread of negative forecasts in relation to shares [65]. The re-
searchers' findings show that risk preimum was a determining factor in explaining changes in investors'
expected rate of return, and that there was a conditional relationship between the Downside Beta and
expected return. Therefore, to explain the relationship between risk and return, one must pay attention
to the market direction[66].

Table 1: Comparison of Different Pertinent Review Methods [25]
Analysis Method Objective Application
To uncover the status of emerging trends and provide
the intellectual structure of a specific topic by summa-
rizing large amounts of scientific data for both quanti-
tative and qualitative analysis.
To furnish a comprehensive synthesis of empirical
data regarding the correlation between variables that
have yet to be scrutinized in extant research pertaining
to quantitative assessment.

When datasets are large and the scope
of the review is too extensive for man-
ual analysis.

Bibliometric Analysis

When homogeneous studies are suffi-
ciently extensive to summarize results
without delving into content.

Meta-Analysis

If the content of all scientific data is
small and manageable, and manual re-
view is feasible.

Systematic Literature | To summarize findings and results from the existing
Review literature in a specific field for quantitative analysis.

3 Methodology

This research conducts a quantitative investigation using Bibliometric Analysis to identify and ex-
amine literature on asset allocation in investment portfolios, offering a comprehensive mapping of the
knowledge structure in this field. A scientific roadmap and performance analysis of the study were
subsequently conducted. The scientific roadmap, or Bibliometric Analysis, represents how trends, spe-
cialties, individual and collective articles, and authors interconnect [26].

To achieve a comprehensive quantitative analysis in the area of portfolio optimization, the following
questions were initially posed:
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Table 2: Research Questions

Question | Research Question Objective Motivation
Which scholars and academic journals are In order to enhance comprehension
Question leading the discourse on the utilization of | To identify the most | of the principles of scientific leader-
1 machine learning for portfolio optimiza- | prolific sources and | ship pertaining to the utilization of
tion, and which scholarly articles have re- | authors machine learning within the realm of
ceived the highest number of citations? portfolio optimization.
Which countries have the largest share in | To show which topics | To identify the key topics that scien-
Question | scientific production on the topic of this | receive the most atten- | tific research is currently focusing on
2 study, and which keywords are most fre- | tion from researchers | within the field of portfolio optimiza-
quently used in the relevant literature? in different countries tion using machine learning.
Do bibliometric maps, charts, and data ta-
bles, along with the analysis of conceptual, To facilitate a better understanding of
. . . To conduct a thorough .
Question | intellectual, and social structures, demon- . the current state of research in portfo-
. - . analysis and summa- | . o .
3 strate the widespread application of differ- | . 7" lio optimization by analyzing trends,
. . . rize it visually . . o
ent asset allocation methods in portfolio themes, and influential contributions.
optimization?
What are the main contributions of studies | To become familiar
Question | related to asset allocation for portfolio op- | with key works, meth- | To assist the scientific community in
4 timization using machine learning from an | ods used, applications, | enhancing productivity in this field
inductive analysis perspective? and results obtained

'SCI’“‘ET ia « Data Retrieval + Indicator *Summary  of
election “File Merging and Explanation Results
: (YT erms, Interaction Process *Map * Research
ears, - Data Cleaning Explanation Summary
Indicators, . . «Results
Databases) » Review Output File,

Data

Re-cleaning,

Preparation of Final

File

Fig. 2: Methodology Used [29]

3.1 Source Identification

Data was meticulously collected from an extensive array of scholarly articles that are indexed within
the prestigious and widely recognized databases of Scopus and Web of Science, which were judiciously
selected due to their remarkable compatibility with the advanced biblioshiny software, a powerful tool
that significantly aids in the detailed analysis and interpretation of bibliometric data. The comprehen-
sive search was conducted exclusively in the English language to ensure the acquisition of the most
exhaustive and representative set of documents pertaining to the crucial subject of asset allocation for
the optimization of investment portfolios. The selection of these two eminent databases was predicated
on three principal criteria that are of paramount importance:
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- These databases facilitate the bulk downloading of a substantial number of sources, thereby allowing
for an efficient and effective collection of relevant literature.

- They possess an extensive historical time span that encompasses a wide range of relevant publica-
tions over numerous years.

- They also provide the capability for the simultaneous downloading of considerable amounts of
stored information, thus enhancing the research process and data collection efficiency [30].

The comprehensive search, which was conducted on the date of May 10, 2023, employed the specific
search terms illustrated in Figure 3 and encompassed all documents that had been published from the
year 1990 through to April 2023. The data that was collected during this thorough investigation included
a wealth of bibliometric information, and subsequent to a meticulous review facilitated by R software,
non-relevant documents such as duplicates, conference papers, editorials, books, book chapters, news
articles, and items that fell outside the realm of financial journals (including those from the fields of
medical or environmental sciences) were systematically filtered out. R, being a powerful software for
data analysis, played a crucial role in streamlining this review process. This rigorous process culminated
in the establishment of a final set comprising 304 qualified articles, derived from an initial pool of 595
relevant documents, thereby capturing a representative sample of international scientific activity that
was published within esteemed academic journals.

Data analysis was diligently performed utilizing Biblioshiny, which is an innovative web interface that
is part of the Bibliometrix package (version 5.0) developed by the esteemed scholars Aria and Cuccu-
rullo [31]. The Biblioshiny tool allows for the graphical representation of statistical data, thereby sig-
nificantly enhancing the visualization of key themes and trends within the dataset. In the context of this
study, the resulting charts vividly depict various topics that are intricately related to investment portfo-
lios and the applications of machine learning within the defined timeframe, thus providing a compre-
hensive overview of the research landscape in this domain.

This scholarly investigation employs the methodological framework that has been meticulously advo-
cated by Cobo et al. [27], with the explicit aim of visually elucidating the various research topics along
with their intricate structures that exist within the dataset, utilizing sophisticated mapping technigques
that facilitate a deeper understanding of these relationships. In the subsequent phase of the analytical
process, the scholarly articles are systematically organized in a manner that reflects a descending order
based on the total citation counts as well as the average citations that are attributed to each publication,
thereby allowing for a more nuanced comparison of their impact. For the execution of this particular
section, the comprehensive guidelines that have been meticulously delineated by Heradio et al. [28]
were scrupulously adhered to, ensuring that the analysis aligns with established academic standards.
Figure 2 serves as a visual representation that effectively illustrates the sequential steps that are integral
to this methodological process, thereby providing clarity to the reader regarding the procedural frame-
work employed in this study.
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Dataset

Web of Science Scopus
401 1464

Data Integration (1,865)

Removing Duplicates (342 Removed)

Selection, Merging, and Data Cleaning

Wos:

TS = ((("portfolio optimization™ and "machine learning™)) or
(("risk management” and "machine learning™)) or

(("asset allocation™ and "machine learning")) or

(("portfolio management" and "machine learning™)))

Scopus:
TITLE-ABS-KEY ( "portfolio optimization” AND machine )

AND learning ) OR TITLE-ABS-KEY ( "risk management™ AND
machine AND learning ) OR TITLE-ABS-KEY ( "asset
allocation™ AND machine AND learning ) OR TITLE-ABS-KEY
( "portfolio management™ AND machine AND learning ) )

\ 4

Manual Removal of Irrelevant Data (928
Removed) - Artificial Identification

Removal of Books, Book Chapters,
Notes, and Others (291 Removed)

A 4

Integration of Authors / Countries

Integration of Authors / Keywords

Fig. 3: Data Extraction and Cleaning Process
Source: Researcher's Findings

Note: The number of documents before removing conference papers, books, book chapters, notes, and other types of documents
was 595, and after the removal, it was reduced to 304.
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4 Findings

The principal methodology for evaluating research performance in this investigation is citation anal-
ysis, wherein an elevated citation frequency signifies a more substantial impact within the discipline.
The h-index functions as a robust metric, encompassing both the volume and the influence of a re-
searcher’s scientific contributions. The outcomes of the data analysis are encapsulated in the descriptive
statistics presented in Table 3. Findings indicate that the application of machine learning in portfolio
optimization is a significant academic interest, as refelected by the 304 articles analyzed and an average
of over 10 citations per article.

Table 3: Primary Data

Description Results
Main Data Information
Duration 1990:2023
Sources (Journals, Books, etc.) 373
Documents 595
Annual Growth Rate(%) 12.81%
Average Document Age 3.83 years
Average Citationsper Document 10.82
Sources 21,596
Documented Topics
Keywords (ID) 2,763
Author Keywords (DE) 1,443
Authors
Total Authors 1,532
Single-Author Documents 84
Author Collaboration
Single-Author Documents 98
Collaborators per Document 3.07
International Collaborators(%) 1.18%
Document Types
Article 304
Book 19
Book Chapter 24
Conference Paper 215
Review 23
Other 10

Source: Researcher's Findings

In addressing the first research question, Figure 4 highlights the most prolific authors over the past
five years: Wang Y, Chen Y, Creamer G, Wu X, and Al J M. Wang Y has concentrated on topics such
as financial risk assessment using neural networks [32], stock index prediction via the SVR model en-
hanced with the Bat optimization algorithm [33], and applying an interpretable reinforcement learning
model for portfolio optimization [34]. Conversely, Chen Y has proposed a hybrid portfolio selection
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method based on empirical data from the Shanghai Stock Exchange [35]. Other authors have investi-
gated various optimization algorithms to assess, enhance, and analyze investment portfolios according
to specific economic indicators.

Fig. 4: Most Cited Authors
Source: Researcher's Findings

The main institutional affiliations can be seen in Figure (5). This figure shows that Islamic Azad
University, with 9 published papers in the analyzed dataset, is the most productive institution in the
field of applying machine learning in portfolio optimization. In second to fourth place, the Spanish
university Complutense University of Madrid, Malaysia's Jinan University, and China's Nanjing Uni-
versity of Information Science and Technology are each ranked with 5 papers.

Fig. 5: Most Related Affiliated Institutions
Source: Researcher's Findings
In this research, a similarity criterion called connectivity strength was used to create knowledge
mapping maps. It is worth mentioning that this criterion provides significant assistance in preparing
various scientific maps and better displaying the dynamic and structural aspects of the obtained data
[36].
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Table 4 presents information about influential and effective journals in the fields of expert systems
and finance. By examining the number of articles and the h-index, it is evident that the journal "Expert
Systems with Applications™ has the greatest impact in this area, with 28 articles and an h-index of 17.
Other journals, such as "Quantitative Finance™ and "Journal of Financial Data Science," also contribute
significantly to the scientific literature, with dozens of articles published and appropriate h-index values.

Table 4: Most Influential and Efficient Journals

Source Number of Articles | h_index

Expert Systems with Applications 28 17
Quantitative Finance 10 6

European Journal of Operational Research 7 5
Journal of Financial Data Science 16 4

Journal of Risk and Financial Management 7 4
Annals of Operations Research 6 3

Applied Soft Computing 3 3

Decision Support Systems 3 3

IEEE Access 9 3

Cognitive Computation 3 2
Computational Economics 4 2
Computational Intelligence and Neuroscience 5 2
Frontiers in Artificial Intelligence 3 2

Journal of Fuzzy Systems and Intelligent Systems 2 2
Journal of Risk Management in Financial Institutions 4 2

Source: Researcher's Findings

4.1 Key Documents and Frequently Used Terms in The Dataset

A comprehensive research study that is characterized by an exceptional citation count undeniably exerts
a profound influence on the progression of researchers who are diligently working to advance the spe-
cific field of investigation that is being examined in the scholarly literature [36]. In this context, Table
5 meticulously delineates the documents that have achieved the highest citation counts, thereby provid-
ing invaluable insights into the most impactful works within the realm of academic research. The doc-
ument that has garnered the most citations, which is meticulously authored by Barboza et al. [37], boasts
an impressive total of 336 citations, while the subsequent document authored by Huang [38] follows
closely with a citation count of 171, both of which were published in distinguished journals, namely
Expert Systems with Applications and Applied Soft Computing, respectively. Occupying the third po-
sition in this hierarchy of citation counts is the work of Ghoddusi et al. [39], which has accumulated a
noteworthy total of 158 citations and was published in the reputable journal Energy Economics. Figure
6 serves as a visual representation that illustrates the most frequently occurring terms within the dataset,
thereby providing a comprehensive overview of the thematic focus of the literature. The foremost four
terms identified correspond directly to phrases extracted from the search strings utilized in the research,
with "risk assessment" emerging as the most prevalent term among them. Other terms that are frequently
encountered within the dataset include "trade”, "financial markets", "forecasting,”, "financial data pro-
cessing" and "deep learning™ all of which collectively underscore the significant role that machine learn-
ing plays in the domain of portfolio management. Furthermore, the co-occurrence of these keywords
not only highlights their individual significance but also serves to illustrate the intricate knowledge
structure that exists within the body of literature pertaining to this field of study.
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Table 5: Most Globally Cited Documents

Authors Title Source Total Citations Highlights
Barboza et al [37] Machine learning mo_de_ls and bank- Expert Sy_stems with Ap- 336 Examination and testing of machl_ne_ learning models for bankruptcy
ruptcy prediction plications prediction.
A hybrid stock selecti del usi - . . . .
Huang [38] net);cralu (S)r?fhrr?se z:r? dI:E mgrtev:ggfrg? Aoplied Soft Computin 171 Development of an effective stock selection method using Genetic Al-
g g gressionpp PP puting gorithms (GAs) and Support Vector Regression) SVR).
. Machine learning in energy economic . A review of the growth dedicated to machine learning applications in
Ghoddusi et al [39] I r.| g! rg){ nomics Energy Economics 158 review g. W ! . ' r. Ind applications t
and finance: A review the fields of energy economics and finance.
L . | ion of h ical f k i finitions f
. Property-based software engineering \EEE Transactions on ntrodyctlon of a mathematical framework to prowde definitions for
Briand et al [40] S 149 several important measurement concepts such as size, length, complex-
measurement Software Engineering . - .
ity, continuity, and coupling.
. Stock price predlctlon. using support The Journal of Finance Introduction and use of Support Vector Regression (SVR) aimed at pre-
Henrique [41] vector regression on daily and up to the . 136 o .
. A and Data Science dicting stock prices.
minute prices
Utilization of four different learners: Naive Bayes, k-Nearest Neigh-
Groth and Muntermann | An intraday market risk management ap- Decision Subport Systems 115 bors, Neural Networks, and Support VVector Machines to identify pat-
[42] proach based on textual analysis PP y terns in news data related to company disclosures that affect stock
prices.
Machine learning and portfolio optimi- Use of two machine learning methods: Performance-Based Regulariza-
Ban et al [43] 2ationp P Management Science 103 tion (PBR) for estimating models with lower error and cross-validation
for portfolio optimization.
. . . . . Development of a model using a fusion approach of machine learning
D -making for f I trading: A . L . ;
Paiva et al [44] fues(i:(I)Sr.:(;n T:a:r]]gofor:wa::nhi:??ea:zir:ngan q Expert Systems with Ap- 99 classifiers based on Support Vector Machines (SVM) and Mean-Vari-
PP g plications ance (MV) method for portfolio selection, compared to SVM/1 + N and

portfolio selection

Random + MV methods.

Source: Researcher's Findings
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Fig. 6: Most Frequent Keywords
Source: Researcher's Findings

4.2 Generating Countries/Regions

In response to the secondary question of this research, Figure 7 presents the publications and citations
from six leading countries/regions. According to the data, the People's Republic of China ranks first in
terms of publication volume with 52 documents, followed by the United States (32), Germany (12), and
South Korea (11). In terms of citations, China also leads with 694 citations, followed by the United
States (465), the United Kingdom (269), and South Korea (149). China has established itself as a global
leader in machine learning technology, and Chinese universities are increasingly focused on research
in this area to tackle challenges in financial portfolio risk management. This focus is largely driven by
the high receptivity of the Chinese population to emerging technologies, making China a crucial market
for machine learning advancements worldwide.

FRANCE .
INDIA .
JAPAN

AUSTRALIA .
GREECE .
GERMANY
KOREA =«
UNITED KINGDOM  «
USA =

CHINA e

0

100 200 300 400 500 600 700 800

UNITED
CHINA  UsA  KINGDO KORea CFRMAN greece AYSTRA japan  INDIA  FRANCE
M
C 604 465 269 149 132 127 114 87 70 60
=P 5 32 10 1 12 4 9 6 9 7

Fig. 7: Trend of Scientific Publications per Country (1990-2023)
Source: Researcher's Findings
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The financial utilizations of machine learning are extensive and diverse. Figure 8 highlights the con-
nections between key keywords—investment, learning systems, risk assessment, and portfolio optimi-
zation—and countries like China and the United States, as well as leading universities, indicating their
higher academic prominence. The topics related to risk assessment in financial markets, forecasting,
trading, deep learning, financial data processing, electronic trading, and learning algorithms are part of
the broader research landscape.

As shown in Figure 9, the evolution of these topics is illustrated using a Sankey diagram, a special-
ized flow chart. This diagram visualizes the thematic progression over time in the field of portfolio
management and machine learning. It helps to understand how different topics have evolved and been
applied within the context of portfolio management. Furthermore, Figure 9 provides quantitative in-
sights into the flow of topics, their directional movement, and the relationships between transformations
in these topics [45].

Fig. 8: Network of Connections Between Countries, Keywords, and Authoring Universities
Source: Researcher's Findings

Fig. 9: Thematic Evolution
Source: Researcher's Findings
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4.3 Main Topics in Keywords Based on Factor Analysis

In response to the third question, Figure 10 presents a two-dimensional map created from the key-
words in “Keywords Plus”. Factor analysis, a powerful tool for summarizing data with multiple varia-
bles, is employed to facilitate the reduction of the dataset into a lower-dimensional framework. This
method enables the visualization of hidden patterns within the data. Within the representation, keywords
situated in proximity to the center of the cluster signify subjects that have attracted considerable schol-
arly interest in recent years, while keywords at the edges of the clusters indicate topics that have been
less explored in the research [46].

Fig. 10: Cluster Analysis Factor Map
Source: Researcher's Findings
The larger cluster encompasses practical terms related to portfolio optimization and various types of
machine learning algorithms used by investors, analysts, and asset managers. The second cluster also
highlights the importance of the topic of time intervals in the statistical data of this research.

4.4 Simultaneous Network Representation

In order to achieve a thorough comprehension of the conceptual framework, an exhaustive mapping of
the terminology employed by authors was undertaken. The concurrent analysis illustrated in Figure 11
elucidates not only the predominant keywords, such as asset allocation and portfolio management, but
also associated subjects including risk management, investment, and learning systems. Concurrent key-
word analysis constitutes an efficacious approach for investigating knowledge frameworks and discern-
ing research trajectories. It facilitates the differentiation between primary and secondary scholarly pub-
lications [47]. The analysis starts by identifying nodes, where their size reflects the number of docu-
ments, and the lines connecting them represent relationships between two groups. A short line indicates
a strong connection between the keywords, while a longer line suggests a weaker link [48]. In this
analysis, the primary keywords identified in the first cluster are "risk management™, "investment", and
"machine learning". Each cluster represents a keyword and shows the frequency and number of con-
nections between them in publications. These clusters are color-coded, with the blue cluster highlighting

"risk management", "investment™ and "machine learning” , while the red cluster emphasizes "risk as-

sessment”,

finance™ , "risk prediction”, "algorithms", "risk analysis™ and "value engineering".
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Since this research mapped a quantitative knowledge structure, the number of simultaneous keyword
links was moderate. As depicted in Figure 11, two groups show a stronger relationship: "investment in
financial markets utilizing machine learning" and "application of machine learning in risk assessment".

Fig. 11: Cluster Analysis Keyword Network
Source: Researcher's Findings
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Fig. 12: Annual Scientific Production
Source: Researcher's Findings
Note: The annual productivity of the scientific output of machine learning applications in portfolio optimi-
zation. The trend line calculations are exponential.

Figure 12 illustrates the scientific production in the field of machine learning applications for portfolio
optimization from 1990 to April 2023, showing a significant increase in publications, especially from
2015 onwards, with a peak of 142 papers in 2021. This surge indicates a growing interest in machine
learning techniques within capital management. Furthermore, the exponential trend equation and its
coefficient of determination emphasize a notable yet variable growth pattern in this area.
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5 Stage Two Analysis

This section provides a brief evaluation and categorization of the most cited articles. Unlike other
studies [49], which focus exclusively on a quantitative approach, this research adopts a dual quantita-
tive-qualitative methodology based on the research of NourAhmadi et al [20]. As a result, our analysis
extends beyond merely counting articles, authors, or journals, and instead delves into the most relevant
data related to the application of machine learning in portfolio optimization.

The simultaneous onset and stagnation of COVID-19 globally forced investors and fintech organiza-
tions to reconsider their traditional strategies for optimizing asset allocation. Additionally, there is a
possibility of future occurrences of strong black swan events, as has been seen in the past [50]. Conse-
guently, the authors of this research believe that fund managers and other active market investors can
rely on news and leverage modern global technologies and tools to predict market movements and ac-
curately value investments during times of high volatility, with a focus on investing in quality compa-
nies; thus enhancing potential returns and risk diversification.

The main focus of this section of the present research is on gathering and reviewing recent advance-
ments in machine learning models for asset allocation in an optimized portfolio. Figure (13) illustrates
the categorization of groups and the methods considered within each group.

Fig. 13: Machine Learning Solutions in Portfolio Selection
Source: Researcher's Findings
Table (6) reviews the background of research conducted on the application of machine learning meth-
ods in investment portfolios.
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Table 6: Research on Machine Learning Applications in Portfolio Management

Number
Algo- . . . of Stocks .
Mg Author Index/Stocks Models Portfolio Strategy Time Period | . Performance Evaluation
rithm in Portfo-
lio
N Comparison .Of the minimum cl_uster Average return = 14.65%, Standard devia-
Cicirett method, hierarchical risk parity January 2010 to tion = 13.31%, Skewness = -1.29, Kurtosis
Bucci et al Top 100 stocks in SP 500 Bootstrapping operator (HRP), Markowitz minimum Sharpe Y 30 stocks HOR = 222270, e
. - - September 2021 = 2.45, Sharpe = 0.8, Sortino = 1.42, Infor-
[51] portfolio (MSR), and minimum vari- ; L i
- mation ratio = 4.81, Treynor = 0.98
ance portfolio (MVP)
Lim and Top 82 stocks listed on - . . . Varies from Average return = 9.24%, Average Sharpe =
Shape-based clustering Hierarchical clustering, AHC-DTW 2015 to 2017 3 to 6 stocks . .
Ong [52] SGX - 33.98
per portfolio
- Duarte and . - From December Return = 151.9%, Risk = 14.2%, Asset
Clustering de Castro Stz?ﬁlg‘:‘] tg?gsg E?(C?g'fBer)a' Fuzzy clustering Mark(;vr\]/(ljtzrig(eag;;;an;ggilmodeI 30, 2009 to De- N/A turnover = 31.4%, Maximum drawdown =
[53] Y parity cember 30, 2017 -16.9%, Sharpe = 1.8
Duarte and 20 stocks from B3 (Brazil- Markowitz mean-variance model From December Return = 9.1%, Risk = 22.3%, Asset turno-
de Castro ian Stock Exchange) Partitional clustering and risk parity model 2005 to April 20 stocks ver = 22.5%, Maximum drawdown = -
[54] g parity 2020 47.7%, Sharpe = -0.1%
Comparison with mean-variance, -
Koratamad 30 companies in the Dow Deep Deterministic Policy minimum variance, DDPG, adaptive Jtzn#:guz 201%1 gﬂ?étrgg& Sharpe ratio = 2.07, Annual return % =
di et al [55] Jones Industrial Average Gradient (DDPG) DDPG, and sentiment-aware adap- fy 20, 22.05, Annual std error = 0.096
. 2018 per day
tive DDPG trader agent
. 53 to 73 stocks listed in . .
Paiva et al Ibovespa, Sdo Paulo Stock SVM Mean-variance portfolio compared June 2001 to De- 7 stocks Accuracy = 54.97%, Feature = 70.29%
[44] to /N cember 2016
Exchange
Excess return = 121.53%, Standard devia-
. January 4, 2007 tion = 111.3980, Information ratio =
MFSth]aI St%j:?tfle(: r,:gg(t?gs%h T(?O Ra(r;ﬂlol\rln g?\;lel_séznsdvARRll‘“aLM Mean-variance and Omega portfolio to December 31, N/A 0.8693, Total return = 679.36%, Maxi-
SVM ' 2015 mumdrawdown = -70.42% and Turnover
rate = 149.72%
Support Vector Machines
SVM), Random Forest algo- . . Accuracy = 92.59% (CSI 300) and 88.52%
20 stocks from CSI 300 (. h - Mean-variance portfolio compared May 4, 2012 to Less than 20 o
Du [57] and SP 500 rithms, and Attention-driven to UN August 4, 2020 stocks (SP 500), Sharpe ratio = 9.31 (CSI 300)

Long Short-Term Memory net-
works (LSTM)

and 2.77 (SP 500)
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Number of
. July1,2014t0 | Stocksinthe B . B
Kwak et al 487 stocks in SP 500 and Neural Network Equal-weight portfolio (L/N) Decermber 31 portfolio in- RMSE = 0.0239, Average daily return =
[58] Hang Seng Index (HSI) q gntp ' cludes: 50, 0.09427, Daily return volatility = 0.00032
2019
100, 200,
and 487
The application of linear re-
gression, including both regu-
Genetic larization techniques such as
Algorith LASSO and Ridge, Bayesian Average monthly return before costs =
gorithm variable selection methodolo- Number of +2.06% and after costs = +1.23%, Monthly
- gies, Random Forest algo- . S stocks per standard deviation = +2.94%, Annual
Ru[l;e;]am 572|b%:5’1:;“:?n552§k5’ rithms, Gradient Boosting Equal “Zﬁggng:g}ugt?;és it?;;tter than Jggg:r%igggfg portfolio Sharpe ratio before costs = +2.10 and after
P frameworks, Neural Network g varies from costs = +1.13, Maximum drawdown = -
architectures, and ensemble 10to 40 19.27%, Average monthly turnover =
risk parity models demon- +117.12%, Average leverage = +1.66
strates superior performance
compared to short-term strate-
gic approaches.
Statistics of best-performing indicators in a
Tangent portfolio, minimum vari- From Januarv 1 bear market: Annual return = +27.6%, Cu-
Durall [60] Selected 8 stocks from the Reinforcement learnin ance portfolio, risk parity, equal 2010 to Jam?;r ! 8 stocks mulative return = +0.42%, Annual volatil-
U.S. market g weight, A2C, PPO, DDPG, SAC and y ity = +4.41%, Sharpe ratio = +0.79, Calmar
1,2017 . > .
Reinforce- TD3 ratio = +0.75, Maximum loss = -36.8%,
Stability = +0.59
ment - -
L . Deep reinforcement learning
earning and neural network N/1 and N/1 and the algorithms of Jiang et al. From January 1 Portfolio in- cash value Final accumulated portfolio
Jang and 29 stocks from the Dow Jiang et al.'s algorithms (2017) | (2017) and the algorithms of Yang et YL . _ . P o
S : - 2008 to Decem- cludes: 29 value = $12,970.29; Max drawdown ratio =
eong [61] Jones Index and Yang et al.'s algorithms al. (2020) and the method proposed . L
. ber 31, 2019 stocks -8.29; Sharpe ratio = +2.67
(2020) and author's proposed by the author
method
Deep learning N/1, Random Return = 0.5659, Risk = 0.0330, Sharpe
Yun etal 32 selected ETFs from 28 | Forest, Support Vector Regres- N/, ran_dom forest, support vector From May 20, Ratio = 0.1411, Maximum Drawdown = -
. . - regression, multilayerperceptron, 2002 to June 8, N/A I
[62] countries sion, Multi-layer Perceptron, Short-term long-term memo 2017 0.1843, Value at Risk = -0.0504, Expected
Deep Long Short-Term Memory 9 v Shortfall = -0.0629
learning Deep learning exploratory pro- . . i
Chakra- 8 selected ETFs from the cesses in machine learning, ngsgg'g?rfargggisXp:?srlftoém tr;rg ) From 2014 to N/A Maximum Drawdown = -9.33, Sharpe Ra-
vorty [63] United States ETF clustering, risk parity ap- ’ g pr(F))ac% P P 2018 tio = 0.76, Sortino Ratio = 1.037
proach

Source: Researcher's Findings
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5.1. Analysis of Performance Evaluation Metrics

To compare the performance of different machine learning models or evaluate their effectiveness
against other models, specific evaluation metrics are used. These are presented in Table 6 and Figure
14. However, ensuring the future performance of a model cannot be achieved by solely relying on these
models in real-world scenarios. Therefore, it is essential to incorporate financial metrics to assess the
effectiveness of both machine learning and traditional algorithms. Key metrics include the maximum
drawdown ratio, the Sortino ratio, the Sharpe ratio, and the return-to-turnover ratio (both annual and
average), all of which are commonly used in portfolio management today.

Fig. 14: Portfolio Performance Evaluation Criteria
Source: Researcher's Findings

6 Discussion and Conclusions
This research explores the literature on knowledge mapping related to the convergence of two fields:
machine learning, a branch of computer science, and its application in optimizing investment portfolios.
With the growing use of machine learning in portfolio management today, this study delves into the
trends, accuracy, and capabilities of this technology. The first section reviews 304 articles published in
reputable financial and computer science journals from Scopus and Web of Science since 1990, while
the second section examines 12 articles selected by the authors. The study provides an overview of the
types of models, datasets and performance metrics used in various algorithms, followed by an analysis
of the results. The findings indicate that machine learning's application in the financial domain is ex-
panding, and the effective performance of these algorithms challenges the efficient market hypothesis
in the reviewed studies. The use of machine learning in wealth allocation and portfolio optimization has
surpassed traditional models like minimum variance portfolios and 1/N strategies, even outperforming
market index returns. From 2018 onwards, published studies in this field have significantly increased,
reflecting growing interest and value in such research within financial markets. Chinese researchers
have made notable contributions, ranking first, followed by scholars from the United States and the
United Kingdom. Since this research focused exclusively on articles published in ScienceDirect and
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Web of Science, it is possible that papers from other journals were not included in this study's data set.
The use of various performance metrics, considering different conditions and characteristics in the fi-
nancial data of the reviewed articles, makes direct comparisons across studies challenging. However,
the evidence suggests that machine learning, compared to classical models, has significant potential to
enhance investor satisfaction and profitability by processing large amounts of data more autonomously
and accurately in investment decisions.
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