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Dynamic changes and multi-dimensional evolution of
portfolio optimization

Wei Zhoua , Wenqiang Zhua , Yan Chena and Jin Chenb

aSchool of Finance, Yunnan University of Finance and Economics, Kunming, PR China; bFaculty of
Management and Economics, Kunming University of Science and Technology, Kunming, PR China

ABSTRACT
Although there has been an increasing number of studies investi-
gate portfolio optimization from different perspectives, few
attempts could be found that focus on the development trend
and hotspots of this research area. Therefore, it motivates us to
comprehensively investigate the development of portfolio opti-
mization research and give some deep insights into this know-
ledge domain. In this paper, some bibliometric methods are
utilized to analyse the status quo and emerging trends of
portfolio optimization research on various aspects such as
authors, countries and journals. Besides, ‘theories’, ‘models’ and
‘algorithms’, especially heuristic algorithms are identified as the
hotspots in the given periods. Furthermore, the evolutionary ana-
lysis tends to presents the dynamic changes of the cutting-edge
concepts of this research area in the time dimension. It is found
that more portfolio optimization studies were at an exploration
stage from mean-variance analysis to consideration of multiple
constraints. However, heuristic algorithms have become the driv-
ing force of portfolio optimization research in recent years. Multi-
disciplinary analyses and applications are also the main trends of
portfolio optimization research. By analysing the dynamic changes
and multi-dimensional evolution in recent decades, we contribute
to presenting some deep insights of the portfolio optimization
research directly, which assists researchers especially beginners to
comprehensively learn this research field.
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1. Introduction

The portfolio optimization theory is a collection of stocks, bonds, and financial deriv-
atives held by investors or financial institutions for the purpose to diversify risks and
gain profits, which is one of the hottest topics in the field of financial research.
Markowitz (1952) laid the foundation for the portfolio theory by proposing a mean-
variance analysis method and portfolio finite boundary model. He used the mean-
variance model analysis to obtain a portfolio that could effectively reduce risks. Based
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on Markowitz’s portfolio theory, other scholars have made some improvements and
extensions from different perspectives. Sharpe (1963) proposed Sharpe’s single-factor
model which can simplify the estimation of the covariance matrix. It greatly pro-
moted the practical application of portfolio theory. In particular, the capital asset
pricing model was proposed which is significant for investment practice. After that,
some combinatorial portfolio optimizations have been proposed (Dentcheva &
Ruszczynski, 2003; Gaigi et al., 2016). It should be noted that the solution of the
model is also of great importance. Therefore, the biggest innovation in recent years is
the application of intelligent algorithms to the solution of portfolio optimization
problems, realizing the intersection of different disciplines. Inuiguchi and Ramı�k
(2000) proposed some fuzzy linear programming methods and techniques; Fern�andez
and G�omez (2007) presented a neural network heuristic algorithm to solve the port-
folio selection problem; Bertsimas et al. (2011) introduced the theory and applications
of robust optimization; Baykaso�glu et al. (2015) combined a meta-heuristic algorithm
with an exact solution approach to solve cardinality constrained portfolio optimiza-
tion problem. It is found that there are various methods to study the portfolio opti-
mization problem. Metawa et al. (2017) proposed an intelligent model of
organizational bank loan decisions based on a genetic algorithm. Paiva et al. (2019)
proposed a classifier fusion method based on machine learning to predict stocks and
build a trading investment decision model.

Even though many scholars have studied portfolio optimization problems from dif-
ferent perspectives using various methods, few attempts could be found to learn the
status quo and the emerging trends in this research by the analysis of the mapping
knowledge domains. There are various tools such as CiteSpace and Vosviewer, which
are used to analyse the data retrieved from Web of Science (WoS) would help build a
visualized bibliometric analysis of the different research. The effective bibliometric tool
was developed by Chen (2006) and has been widely used in various aspects (Chen et al.,
2019; Wang et al., 2020; 2021a; 2021b; Xu et al., 2019; Yu et al., 2016; Yu & Liao, 2016;
Zhou et al., 2019; 2020). In this paper, CiteSpace is mainly utilized to analyse the status
quo and the emerging trends of portfolio optimization based on 5767 references pub-
lished between 1966 and 2021. The following goals are expected in this paper: (1) to ana-
lyse the collaboration relationship of authors, institutions, and countries. (2) To illustrate
the references, authors, and journals with lots of contributions. (3) To reveal the emerg-
ing trends and hotspots in this field. (4) To visualize the frontier knowledge propagation
path and deepen the vertical and horizontal understanding of the research object.

Moreover, to better describe the development of the research field, this paper also
applies the main path analysis to explore the knowledge evolution process of scientific
discovery. Specifically, the Pajek (Dohleman, 2006) will be used to identify develop-
ment paths, summarize the evolution path of portfolio optimization from different
perspectives, and conduct multi-path analysis to detect research topics. Hummon and
Dereian (1989) took the lead in analysing the citation network of DNA papers
through the main path. Since main path analysis can find citation relations in social
networks, an increasing number of scholars use it to explore the development path
and knowledge evolution processes in various fields (Ben�ıtez-Andrades et al., 2020;
Djomba & Zaletel-Kragelj, 2016; Lu & Liu, 2013).
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To achieve the above aims, this paper is organized as followed: Section 2 introdu-
ces the source of the data, the number of publications, subject categories, research
direction, and methodology in this research. Section 3 illustrates the citation analysis
of authors, institutions, and countries. The co-citation analysis of references and burst
detection is presented in Section 4. The four main paths of the Evolutionary analysis
are included in Section 5. Finally, some conclusions are given based on the
above results.

2. Basic preparation of portfolio optimization

2.1. Preliminary analysis

The research of this paper is to make visualization and analysis of portfolio optimiza-
tion. To investigate the status quo and the emerging trends of portfolio optimization
conditions. Different methods of analysis should be given by kinds of different and
relative software (Van Eck & Waltman, 2010). There are some pieces of information
in articles such as references, authors, institutions, countries, and keywords that pre-
sent or co-cite with high frequency, which can be addressed through selecting differ-
ent node types and clusters. In this process of addressing the literature data, the
important index that measures the important nodes in the network is called between-
ness centrality, CiteSpace usually uses this indicator to discover and measure the
importance of literature, and highlight such literature (or authors, institutions.).

In this paper, WoS is chosen to be the database for our scientometric investigation
because the data needed in this study is from Science Citation Index Expanded
(SCI-E) and Social Sciences Citation Index (SSCI) in WoS core collection, which is
relatively comprehensive and the exported data can be analysed by CiteSpace immedi-
ately. Moreover, in terms of the research substance in this paper, choosing appropri-
ate keywords to select articles from WoS should focus on the validity and
representation of keywords, and verify whether the data connected with the required.
By searching the topic ‘portfolio optimization’, there are a total of 5767 articles about
portfolio optimization that can be obtained which exclude some record types. The
main reason to choose the research period is that the early record in the field of port-
folio optimization on WoS starts from 1966. Therefore, it could be of great help to
comprehensively analyse the development of portfolio optimization research.

According to the exported data, the numbers of publications for each year are
shown in Figure 1. The growth of articles number is rapidly increasing. In the first
several decades, from 1966 to 1991, little progress has been made in the study of such
research, and very few people pay attention to and conduct such questions, hence
only about a dozen papers were published in the several decades. However, at this
stage, some literature had a profound influence on later scholars, such as the paper
entitled ‘Large-scale portfolio optimization’, which developed an algorithm to solve a
wide range of portfolio models (Perold, 1984). How to use an intelligent algorithm to
solve the model is one of the hot spots in recent years. Regardless of the number of
publications, there is an upward trend at this stage. The research on the model of
portfolio optimization also appears gradually (Cai et al., 2000; Jorion, 2003; Pikovsky
& Karatzas, 1996). The paper outputs increase quickly from 2005 to 2021, although
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there was a significant decrease in 2015. At this stage, the most cited article is
‘Theory and applications of robust optimization’ (Bertsimas et al., 2011). The authors
proposed the computational appeal of the robust optimization method, as well as its
modeling capabilities and wide applicability. This method can be flexibly applied to
portfolio optimization problems. The number of publications on portfolio optimiza-
tion has increased in recent years in different types, as shown in Figure 2, six differ-
ent types make up the whole publications based on the analytic results given by WoS.
These articles covering almost all literature data account for 97 percent of all publica-
tions. The structure of literature types is easier, comparing to the structure of
research directions, which can be found in Table 2.

The purpose of this paper is to explore the development of portfolio optimization pro-
gram, and it is seen from Table 1 that presents the top 10 WoS categories in portfolio
optimization that the research has become multidisciplinary in terms of the categories’ dis-
tribution. Table 1 tells us that ‘Operations research management science’ is the most
popular WoS category with 1632 which accounts for 28.42% of the total publications.
‘Economics’ is the second most popular WoS category with 975 which accounts for
16.91% of the total publications. As is seen in Table 1, the proportion of each WoS cat-
egory is relatively uniform except for the first one, which indicates that portfolio optimiza-
tion research occupies certain importance in various disciplines and fields. Comparing to
Table 1, some categories are corresponding to the research area in Table 2.

Table 2 shows that ‘Business economics’ is the most concerned research area, which
accounts for 34.91%, followed by ‘Mathematics’ (28.87%), ‘Operations research manage-
ment science’ (28.42%), ‘Engineering’ (20.53%), ‘Computer science’ (18.05%), the above
research area determine the general trend of portfolio optimization. Besides, the rest of
the research areas with a percentage of total below 10% are ‘Mathematical methods in
social sciences’, ‘Energy fuels’, ‘Environment sciences ecology’, ‘Science technology other
topics’, ‘Automation control systems’, which have fewer publications.

Figure 1. The number of published papers per year of portfolio optimization research.
Source: Web of Science.
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2.2. Comparison of methodology

This paper mainly uses two bibliometric tools, namely CiteSpace and Pajek, to inves-
tigate the development of portfolio optimization research from two perspectives.
CiteSpace provides a horizontal overview of portfolio optimization research through a
visual information process. Therefore, it is also called ‘knowledge mapping space’.
Compared with other bibliometric tools, CiteSpace has the following advantages: (1)
Citesapce has strong compatibility with various data formats, leading to a wide scope
of the bibliometric investigation; (2) Citesapce realizes data visualization and the

Figure 2. The document types of portfolio optimization research.
Source: Web of Science.

Table 1. The top 10 WoS categories of portfolio optimization research.
WoS categories Number The percentage

Operations Research Management Science 1639 28.42%
Economics 975 16.91%
Business Finance 798 13.84%
Mathematics Interdisciplinary Applications 739 12.81%
Mathematics Applied 721 12.50%
Management 705 12.22%
Social Sciences Mathematical Methods 499 8.65%
Computer Science Artificial Intelligence 487 8.44%
Engineering Electrical Electronic 433 7.51%
Statistics Probability 404 7.01%

Source: Web of Science.

Table 2. The top 10 research areas of portfolio optimization research.
Research areas Number The percentage

Business Economics 2013 34.91%
Mathematics 1665 28.87%
Operations Research Management Science 1639 28.42%
Engineering 1184 20.53%
Computer Science 1041 18.05%
Mathematical Methods in social sciences 499 8.65%
Energy fuels 353 6.12%
Environment Sciences Ecology 246 4.27%
Science Technology Other Topics 234 4.06%
Automation Control Systems 203 3.52%

Source: Web of Science.

ECONOMIC RESEARCH-EKONOMSKA ISTRAŽIVANJA 1435



analytic results can be presented directly; (3) CiteSpace contains important clustering
tools such as burst detection, trend observation and keyword analysis, which clarify
the development frontiers, research hotspots and evolutionary context of portfolio
optimization.

Unlike CiteSpace’s horizontal analysis, Pajek shows the vertical evolution process.
Pajek is a powerful tool to deal with complex nonlinear networks and its application
in bibliometrics shows the evolutionary process of portfolio optimization research.
Compared with CiteSpace’s broader research scope, Pajek tends to focus on the evo-
lution process of the research development. Specifically, Pajek has two main advan-
tages: (1) Pajek’s operation is easier and the evolution of document visualization is
more intuitive; (2) Pajek focuses on the evolution path of portfolio optimization
research, including forward path analysis, backward path analysis, critical path ana-
lysis, and global path analysis.

3. Collaborative analysis of knowledge network

To know the development process and the theoretical basis of portfolio optimization,
there are some ways by CiteSpace that can address the literature data to investigate
contacts between authors, institutions, and countries in various research fields. As
aforementioned, the number of publications can directly indicate the development of
a certain research area, and it is critical to show the key point of contributions made
by a country or an author. Therefore, the following steps of this paper are to find out
the author collaboration network and institution collaboration networks which are
mainly, and then country collaboration networks should be taken into consideration.

3.1. Author collaboration analysis

The author’s collaboration network can be identified by addressing the data of WoS,
which makes the relationship between different authors more accurate. As shown in
Figure 3. Between nodes and links crisscrossed, each node means an author who has
contributions to the research, and the tree-rings of each node represent the citation
time of an author. The color of which represents the corresponding citation time and
the width of the line represents the number of collaborative papers. Table 3 shows
that the top 20 productive authors of portfolio optimization.

Except for the first three authors, the number of other authors’ publications did
not vary obviously. The result here presents some differences compared to the one on
WoS because the result given by CiteSpace is on the basis of the local citation score
(LCS), while the one on WoS is obtained based on the global citation score (GCS). In
CiteSpace, LCS is the number of times that any document in the currently down-
loaded data set is cited by other documents, while in WoS, GCS calculates the num-
ber of times that any document on the entire network is cited by other documents.
Because of the difference between LCS and GCS, the results presented by Citespace
and WoS are different. Therefore, Table 3 lists the top 20 productive authors with the
highest LCS values because we focus on the interrelations among the studies in the
research field of portfolio optimization and more data that are from other research
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topics may lead to inaccurate results. Comparing Figure 3 with Table 3, the cooper-
ation of scholars in the field of portfolio optimization research shows a trend of
aggregation in the local area, and decentralization in the overall situation.

3.2. Institution collaboration analysis

The institution collaboration network measures how each institution works together.
Figure 4 shows that the institution’s collaboration in the world. The visualization viv-
idly demonstrates the maturity and integrity of the institution’s collaboration. Because
each node is closely and tightly related to other nodes and spreads from the center to
the sides, which presents the collaborative relationship among the corresponding
institution is very mature. According to Figure 4, there is more collaboration among
institutions in the same countries. For example, at the Chinese University of Hong
Kong and Xi’an Jiaotong University, there are quite a few collaboration relationships
based on the links between the two nodes. Thus, it is important to improve the
cross-national interactions, especially for those countries that have made significant
contributions to the development of portfolio optimization research.

According to Table 4, the top 10 productive institutions were listed by Table 4
which made great contributions to portfolio optimization research, The Chinese
University of Hong Kong publishing 78 articles occupies first place in this research
field, followed by the Chinese Academy of Sciences with 66 publications. It is not
hard to see that the top 10 productive institutions are mainly affiliated with China,
and China has a larger number of institutions. Therefore, the most productive institu-
tions are from the most productive countries. Expect for the first two institutions,
other institutions with over 50 publications include the University of Waterloo (59),

Figure 3. The author’s collaboration of portfolio optimization research.
Source: Citespace.
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The Hong Kong Polytechnic University (57), Sun Yat-sen University (55), Xi’an
Jiaotong University (51). The contribution to the country itself can be made through
the following research.

3.3. Country collaboration analysis

The top 10 productive countries/territories of portfolio optimization research are
listed in Table 5. It is obvious that China is the most productive contributor with
1357 articles accounting for 23.53% of the total publications in the first place, and the
total number of US publications is 1318 in the second place, accounting for 22.59%
of the total publications, followed by England and Germany. The publications of the
above countries have accounted for over 70% of the total publications related to port-
folio optimization research in the world.

As aforementioned, many developed countries are the significant contributors of
portfolio optimization research. Europe occupied a large proportion of portfolio

Table 3. Top 20 productive authors of portfolio optimization research.
Authors Year Number Authors Year Number

Li, D. 2008 27 Liu, Y. J. 2012 14
Zhang, W. G. 2007 26 Rustem, B. 2007 14
Chen, Z. P. 2007 25 Zenios, S. 1994 13
Mukensh, K. M. 2013 19 Yao, H. X. 2013 13
Fabozzi, F. J 2007 19 Li, X. 2014 12
Huang, X.X. 2007 18 Kim, J.H. 2013 12
Gupta, P. 2013 17 Konno, H. 1999 12
Kim, W. C. 2013 15 Wang, S. Y. 2008 11
Chen, W. 2011 15 Wong, H. Y. 2016 11
Knoke, T. 2013 15 Fernandez, E. 2015 11

Source: Citespace.

Figure 4. The institution collaboration of portfolio optimization research.
Source: Citespace.
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optimization research in the early stage, laying the foundation for further explora-
tions. Although China is only a developing country, the characteristics of numerous
talents and rapid development of China generate a lot of research about portfolio
optimization of finance and economics, which also explains why China can become
the first productive contributor in publishing literature on portfolio optimiza-
tion research.

Figure 5 shows the country collaboration of portfolio optimization research, com-
paring to Table 5, the size of each node indicates the publication number of each coun-
try, and the thinness of the links represents the level of collaboration between
countries. It can be found that the more a country is productive, the more one has col-
laboration with others. The thinness of the links indicates a low level of cooperation.

4. Cluster analysis and burst detection

The collaborative analysis of knowledge networks presents the basic knowledge evolu-
tion and synergy process. The main knowledge system and development trend can be
further highlighted. In this section, cluster analysis and burst detection will be con-
structed to reflect the focus of the knowledge system and emerging trends in this field.

4.1. Cluster analysis

To know the dynamic change of portfolio optimization research directly, cluster ana-
lysis provided by CiteSpace is introduced to describe the main literature and focus of

Table 5. Top 10 productive countries/territories of portfolio optimization research.
Countries/Territories Number Percentage

China 1357 23.53%
USA 1318 22.59%
England 521 9.03%
Germany 430 7.46%
Italy 299 5.18%
France 294 5.10%
Canada 294 5.10%
Australia 236 4.10%
Spain 213 3.69%
Iran 196 3.40%

Source: Citespace.

Table 4. Top 10 productive institutions of portfolio optimization research.
Institutions Countries Number Percentage

The Chinese University of Hong Kong China 78 1.35%
Chinese Academy of Sciences China 66 1.14%
University of Waterloo Canada 59 1.02%
The Hong Kong Polytechnic University China 57 0.99%
Sun Yat-sen University China 55 0.95%
Xi’an Jiaotong University China 51 0.88%
Massachusetts Institute of Technology USA 49 0.85%
University London Imperial College of Sciences Technology & Medicine England 46 0.80%
Columbia University USA 41 0.71%
Imperial College London UK 39 0.68%

Source: Citespace.
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knowledge evolution. Figure 6 shows that a cluster network of literature in portfolio
optimization research. The whole is divided into 72 clusters, which are labeled by
index terms from their citers and are summarized with ‘#’. The largest 10 clusters are
listed in Table 6. In Table 6, the size represents the number of publications in the
cluster. The largest cluster (#0) has 97 members and the second-largest cluster (#1)

Figure 5. The country collaboration of portfolio optimization research.
Source: Citespace.

Figure 6. The cluster network of portfolio optimization research.
Source: Citespace.
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has 94 members, followed by cluster (#2) has 94 members. Silhouette is an index to
measure the homogeneity of a cluster, the silhouette and homogeneity show a positive
correlation, the greater the score of Silhouette, the better the homogeneity. It is gener-
ally that silhouette > 0.5 means that clustering is reasonable, and the silhouette is
bigger than 0.7 means that clustering is convincing.

Table 7 listed that the top 15 most cited references izt cited documents from the
5767 documents retrieved. The cited references represent the knowledge of others
that an article refers to and involves, which is the frontier of the article. It is clear
that the author of the most cited references in Table 7 is DeMiguel et al. (2009b),
and the author of this article ‘Optimal versus naïve diversification: How inefficient is
the 1/N portfolio strategy?’ is cited 142 times and ranked first. Two articles are corre-
sponding to the team of the author Demiguel who has made outstanding contribu-
tions to portfolio optimization has been used a total of 235 times in the record.

4.2. Burst detection

The references can be analysed to reflect the emerging trends of the research field,
and the reference citation burst shows the attention to relevant literature. As shown
in Table 8, there are 20 cited references with the strongest citation burst. It is obvious
to see that all the citation bursts began in the late 1990s. The earliest reference with

Table 6. The largest 10 clusters of portfolio optimization research.
Cluster Size Silhouette Label (LLR) Mean

0 97 0.749 Robust optimization 2008
1 94 0.867 Stochastic control 1994
2 94 0.884 Stochastic optimization 1998
3 91 0.739 Cardinality constraints 2012
4 85 0.809 Data envelopment analysis 2015
5 84 0.85 Fuzzy portfolio selection 2006
6 79 0.815 Consumption and investment problems 2000
7 77 0.78 Stochastic dominance 2001
8 72 0.849 Dynamic programming 2008
9 34 0.887 Stochastic optimization 2001

Source: Citespace.

Table 7. Top 15 cited references for portfolio optimization research.
References Source Frequency

DeMiguel et al. (2009b) The Review of Financial Studies 142
Kolm et al. (2014) European Journal of Operational Research 100
DeMiguel et al. (2009a) Management Science 93
Li et al. (2010) European Journal of Operational Research 62
Rockafellar and Uryasev (2002) Journal of Banking & Finance 59
Zhu and Fukushima (2009) Operations Research 59
Bj€ork et al. (2014) Mathematical Finance 57
Rockafellar et al. (2007) Journal of Banking & Finance 55
Artzner et al. (1999) Mathematical Finance 52
Woodside-Oriakhi et al. (2011) European Journal of Operational Research 51
Goldfarb and Iyengar (2003) Mathematics of Operations Research 51
Anagnostopoulos and Mamanis (2011) Expert Systems with Applications 49
Garlappi et al. (2007) The Review of Financial Studies 49
Basak and Chabakauri (2012) The Review of Financial Studies 47
Tu and Zhou (2011) Journal of Financial economics 47

Source: Citespace.
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the strongest citation burst demonstrates that a portfolio optimization model using
the L1 risk function (Konno & Yamazaki, 1991), followed by Cari~no et al. (1994) pro-
posed an asset/liability management model suing multistage stochastic programming,
Cvitanic and Karatzas (1992) also set up stochastic control conditions for general
portfolio problems, thereby constructing optimal portfolio strategies. The red lines
represent the citation burst duration of each cited reference. These models are the
research direction in 1994–2007, which present the divergent research direction of
portfolio theory proposed by Markowitz, and provided a theoretical basis for fur-
ther research.

In order to know the research field in recent years directly, which can use the set-
ting of the parameter ‘Usage2013’ in CiteSpace, the emerging trends of keywords can
be found in this paper. Table 9 lists the top 12 keywords with the strongest citation
bursts. Our finding indicates that the research topic is changing as time goes on.
Different keywords with bursts reflect the research characteristic of different periods.
The keyword ‘optimization’ was brought up again in 1990. From Table 9, we can know

Table 8. Top 20 cited references with the strongest citation burst.
References Strength Begin End 1966–2021

Konno and Yamazaki (1991) 15.2711 1994 1999

Cari~no et al. (1994) 10.0096 1995 2002

Cvitanic and Karatzas (1992) 5.8875 1997 2000

Zenios (1995) 5.8875 1997 2000

Golub et al. (1995) 8.381 1997 2003

Mulvey and Vladimirou (1992) 5.2324 1997 2000

Elton et al. (1996) 4.2126 1998 2003

Dantzig and Infanger (1993) 4.5164 1998 2001

Zenios and Kang (1993) 4.5562 1999 2001

Speranza (1993) 4.5562 1999 2001

Ogryczak and Ruszczy�nski (1999) 12.6376 1999 2007

Konno and Watanabe (1996) 4.7161 1999 2004

Cari~no and Ziemba (1998) 6.8375 1999 2006

Bielecki and Pliska (1999) 7.3648 1999 2006

Cuoco (1997) 4.8518 2000 2004

Young (1998) 10.327 2000 2006

El Karoui and Jeanblanc-Picqu�e (1998) 5.4264 2000 2006

El Karoui and Quenez (1995) 5.2364 2000 2002

Karatzas and Shreve (2000) 15.2435 2000 2006

Kramkov and Schachermayer (1999) 9.5464 2000 2007

Source: Citespace.
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that most citation bursts occurred around the early 2000s when the types of keywords
were relatively abundant, which represents a golden age when various investment port-
folios research was put into practice. We can roughly divide the most explosive keywords
in portfolio optimization into three periods according to Table 9. The first period is
1990–1996, at this time, long after the portfolio problem was raised, research on
‘optimization’ and ‘portfolio optimization’ began to appear. The second period is:
1995–2013, scholars’ research perspectives began to gradually expand, including
‘consumption’, ‘arbitrage’, ‘contingent claim’, ‘asset allocation’ and ‘approximation’, which
led to portfolio optimization research has been largely divergently supplemented. The
third period is 2011–2021, this is a stage in which portfolio optimization research has
achieved important innovations in recent years. It can be seen that the citation bursts of
‘algorithm’ have reached the largest 20.634, which shows that ‘algorithm’ is the core dir-
ection of the current stage. Implemented in the ‘allocation’ of the portfolio, ‘algorithm’,
‘algorithm optimization’ and ‘adaptation’ algorithms are the main theme of current port-
folio optimization research. Portfolio optimization research can enter the field of intelli-
gent algorithms in the field of artificial intelligence, which is a manifestation of
multidisciplinary interaction, and intelligent algorithms have also proven their powerful
functions in various practical processes.

5. Evolutionary analysis

As aforementioned above, although CiteSpace has explored the development status
and hotspots of portfolio optimization research from multiple angles, this also shows
that the analysis results brought by CiteSpace analysis are not enough to specialize in
a certain aspect of the research. Therefore, this paper analyses the topic through the
main path analysis method subsequently. Since a single path may not reflect all the

Table 9. Top 12 keywords with the strongest citation bursts.
Keywords Strength Begin End 1966–2021

optimization 4.7552 1990 1996

portfolio optimization 4.1683 1991 1996

consumption 8.5908 1995 2004

asset 4.8604 1997 2012

arbitrage 4.1961 2000 2007

contingent claim 4.3641 2000 2004

asset allocation 12.2987 2006 2014

approximation 5.6789 2008 2013

allocation 6.9677 2011 2017

algorithm 20.634 2012 2017

algorithm portfolio 5.2525 2013 2019

adaptation 8.5081 2015 2021

Source: Citespace.
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important content, but multiple main paths can capture more details, so that there
has a more comprehensive understanding and summarizes the development process
from different paths to discusses the evolution of knowledge. Considering a compre-
hensive analysis from the four main paths, such as the local forward path, local back-
ward path, global standard path, and global critical path, all traversal accounts are
calculated based on search path count (SPC) rulers. The direction of the arrow indi-
cates the direction of knowledge flow and transfer.

Note that the four main path analysis ends in 2019 instead of 2021. According to
the calculation process of the main path recognition algorithm, we give two explana-
tions: (1) The time delay of the literature citation span. The citations of the literature
in the recent two years are negligible compared to the past so that it is not included in
the results by Pajek; (2) Defects of the software. Although there are 5767 articles, the total
number of cited articles has reached hundreds of thousands. The relatively large amount
of data makes the software calculation difficult so that the software will produce errors
for the calculation of the data records in the recent two years. Another reminder to note
that the number in front of each node document represents the order of this document
in the database, and has no other practical significance.

5.1. Local forward main path

There are 31 papers on the local forward main path, which in Figure 7 presents the
classical main path that spreads knowledge from a specific domain, helping research-
ers capture the backbone of knowledge. An interesting phenomenon can be seen in
Figure 7, where the author, Konno, almost covers the first half of the entire path.
Although his name is not high in Table 3, his influence can be found in this field.

In one of the forks at the beginning of the path, Perold (1984) improved the model
and proposed a practical algorithm for large-scale mean-variance portfolio optimization,
which can be effectively applied to practical applications; The other branch (Konno,
1990), a portfolio optimization model based on piecewise linear risk function is proposed,
compared with the classical Markowitz’s quadratic risk model, which is easy to under-
stand and operate. A key node (Konno & Yamazaki, 1991) proved that the portfolio
optimization model using the L1 risk function can eliminate most of the difficulties
related to the classic Markowitz model while maintaining its advantages over the equilib-
rium model. The bifurcation began at this point, partly continued by the author Konno’s
continuous research in the field, these five articles published by Konno within ten years
have further promoted the development of this field. For the model proposed above,
Konno’s team started a series of works such as algorithm formulation to make crucial
research extensions. Then partly related researchers began to join the field, they used
portfolio optimization model to solve practical problems: A simulation optimization
model was introduced to select a portfolio that tracks the index, the model used the
metropolitan life insurance company as an example (Worzel et al., 1994); Empirical
research on the problems faced by investment portfolios that include mortgage-backed
securities in financial markets (Zenios, 1995); Kenyon et al. (1999) proved a piecewise
linear objective function portfolio optimization model and clarified that when the linear
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deviation is relative to the mean, any two parts of the linear objective function are equal
to the mean absolute deviation theory.

The basic framework of portfolio optimization models has mainly been proposed at
the end of the 20th century. Since the early 21st century, some applications of portfolio
models have been broadly discussed to deal with practical issues. Mansini et al. (2003)
introduced a systematic overview of the linear programming solvable model. This
model was very important for practical financial decision-making. In the decision-mak-
ing, the investment portfolio must meet many constraints and consider transaction
costs, and He had successively proposed a single-period mean safe portfolio selection
problem with integer constraints of transaction costs and the number of security
choices (Mansini & Speranza, 2005). Based on the Markowitz model, three possible
models of the minimum transaction batch portfolio selection problem are given, and
the corresponding genetic algorithm was designed to solve (Lin & Liu, 2008). In port-
folio selection, expected return, risk, and liquidity cannot be accurately predicted.
Investors usually decide their portfolios based on their own experience and economic
wisdom. Therefore, deterministic portfolio selection is not a good choice for investors.
In recent research, the fuzzy set theory (Bhattacharyya et al., 2011; Mansini &
Speranza, 2005) was widely used in problem modeling in an uncertain environment. It
was worth noting that there is a corresponding path here that reviewing the reliability
measure for fuzzy portfolio selection, then proposed two minimax mean-variance mod-
els based on reliability (Huang, 2011). Under the framework of credibility theory, fuzzy
portfolio selection had been widely studied. Considering the contradiction between the
concept of risk diversification and concentrated investment in the classical portfolio
selection theory, Li et al. (2012) proposed a model of expected regret minimization.

Figure 7. The local forward main path of portfolio optimization research.
Source: Pajek.
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In recent years, the model had become more perfect, many scholars tended to
study the model in many aspects, especially the application of the intelligent algo-
rithms in this field was more frequent. As can be seen from the second half of the
path in Figure 7, there are representatives of the improved algorithm (Chen et al.,
2017; 2018; Mehlawat, 2016; Mehlawat & Gupta, 2014). From the local forward main
path analysis, there will summarize some key points: the improvement and solution
of the portfolio model have been widely explored in the early development. From the
initial mean-variance model, adding multiple constraints to improve the application
of the portfolio model and intelligent algorithms in this field, through empirical ana-
lysis, their effectiveness has been proved. It should be noted that there are some
papers omitted in the path of Figure 7, not that these papers are unimportant, but
that is less representative than others, the view will be followed that more than one
path can be identified from different perspectives. Some influential articles will be
given in the following path analysis.

5.2. Local backward main path

The local backward main path in Figure 8 is the opposite of the local forward main
path, which is a backward path from now to the past. To some extent, it will coincide
with the local forward path, but the difference will be more obvious because it pays
more attention to the works in the past decade. In this part of the analysis, the way
of flashback will be used to fully show the local backward path. Compared with the
positive narrative, a flashback may be a good idea.

Three forks at the beginning of the local backward path. Kalayci et al. (2019) provided
a comprehensive literature review of portfolio optimization models and an overview of

Figure 8. The local backward main path of portfolio optimization research.
Source: Pajek.
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future research areas. This is a summative article with high citations in the local data.
Peng et al. (2019) discussed the effect of introducing nonlinear interaction and noise fil-
tering into the covariance matrix of the Markowitz portfolio allocation model and con-
duct an empirical analysis. Bai et al. (2019) further compared the performance of the
innovative robust portfolio method with the traditional Markowitz method by analyzing
the portfolio of China’s renewable resources stocks. Chen et al. (2018) was the fourth
author on this path who relaxed the normal hypothesis of Markowitz’s portfolio problem
and introduced higher-order moments, namely skewness and kurtosis. Also, the concept
of set ordered relation and robust concept were introduced to analyse and establish a
robust multi-objective portfolio model with higher-order moments (Chen & Zhou, 2018).
there can find that this scholar with his team had a certain influence on the latter part of
the local forward path.

However, a very interesting image is that the authors’ name does not appear in the
previous analysis, but they play a key role in the main path analysis, which further shows
that the main path analysis mainly depends on knowledge path and frontier research.
Similarly, Aksaraylı and Pala (2018) also introduced a new stock diversification model in
Markowitz’s modern portfolio theory, proposes a polynomial goal planning method based
on the mean-variance-skewness kurtosis-entropy model. In the following article (Yue &
Wang, 2017), considering the important influence of high-order moments on portfolio
returns, the author uses the third and fourth-order moments to establish a fuzzy multi-
objective portfolio selection model. According to the previous analysis, the research of
high-order moments on the portfolio model belongs to a more popular direction.
Intelligent algorithms are still the main tool of empirical research in this period.

It is not the earliest time that intelligent algorithms have been used. For example, the
mean-downside risk-skewness model was used to design new mutation, crossover, and
repair operators for evolutionary multi-objective optimization to find the feasible solution
of the model (Saborido et al., 2016). In the remainder of the local backward main path
analysis, compared with the local forward main path analysis, there are several identical
nodes here. Huang (2008) discussed portfolio selection in a fuzzy environment and pro-
posed a genetic algorithm based on fuzzy simulation. Hirschberger et al. (2007) tried a
random generation of portfolio selection covariance matrix with specific distribution char-
acteristics and improved the portfolio optimization model. Ehrgott et al. (2004) added
multiple parameters to extend the Markowitz mean-variance model and construct specific
utility functions to seek the optimal solution through a numerical comparison of various
algorithms. The effective boundary of the cardinality constraint was found by adding the
cardinality constraint and combining the heuristic algorithm (Chang et al., 2000).

Since the last part of Figure 8 is the same as the local forward main path analysis
above, which will not be repeated. Throughout the local forward and local backward
main path analysis, analysing the above contrast can roughly determine the develop-
ment in the field of portfolio optimization can be divided into three parts, one is in
the late 20th century to the beginning of the model after contact research focused on
the study of restrictions of the model and heuristic algorithm to develop and verify
the validity of the model and algorithm; Secondly, in the early decade of the 21st cen-
tury, many scholars focused their research on the application of optimization algo-
rithm to find the optimal solution. Third, in recent years, due to the improvement of
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the model itself tends to be perfect, scholars focus on the multi-constraint, multi-
algorithm, and practical application of the model.

5.3. Global standard main path

The obvious difference between the global standard main path and the partial back-
ward main path analysis is that the latter uses the flashback method to analyse the
knowledge dissemination in portfolio optimization research. In the global standard
main path of Figure 9, 7 new articles are very different from the local backward main
path of Figure 8. Therefore, the new article will be marked in green in Figure 10.

Yu and Lee (2011) determined the important design criteria of the portfolio model
by considering five Portfolio rebalancing models including transaction cost, some or
all criteria including risk, return, short selling, skewness, and kurtosis, to realize the
flexibility in portfolio selection. Zhang et al. (2012) further studied a multi-period
portfolio selection problem with fuzzy returns under multiple criteria and established
a possibilistic mean-semivariance-entropy model of multi-period portfolio selection,
Liu et al. (2012) also studied the multi-period portfolio selection problem under the
multi-criteria fuzzy environment and designed the genetic algorithm to solve the opti-
mal solution, the author also introduces interval variables in his next paper to study
the ultimate wealth maximization of the portfolio (Liu et al., 2013). In the same
model, Zhang and Zhang (2014) added the risk control and cardinality constraints,
designed the discrete approximate iteration method to deal with the dynamic opti-
mization problem to obtain the optimal portfolio strategy, and proved the conver-
gence of the method. Liagkouras and Metaxiotis (2015) systematically studied the
related technologies and multi-objective evolutionary algorithms to solve combinator-
ial optimization problems. It provided the best practice to deal with complex

Figure 9. The global standard main path of portfolio optimization research.
Source: Pajek.
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constrained combinatorial optimization. It should be noted that this is a pure tech-
nical flow article worth learning from. Silva et al. (2019) showed a united multi-
objective particle swarm optimization method and an adaptive ranking method based
on three mechanisms, which proved the effectiveness of the proposed method for
most of the multi-objective indicators considered by previous researchers.

In the above local backward path analysis, we summarize the broad scope of
knowledge development. The global standard main path also confirms this. The four
ways of this paper are different, but they complement each other from different
angles and deepen the overall understanding and general direction of scholars the
scholars who initially dabbled in the research. in this research.

5.4. Global key-route main path

There has been analysed in the previous article that although there are differences
among the three paths, the general development context is the same, and the points
with the largest weight in the path are not necessarily included. Also, the points with
relatively large weight do not mean that the influence is also large. Similarly, the ones
with smaller weights can also have a great influence in this field. To improve these
shortcomings, Lu and Liu (2013) proposed a critical routing master path to present
more details in specific areas. The global key-route main path is displayed at size 20,
and 37 papers appear in Figure 10. By changing the search algorithm, the divergence-
convergence structure of knowledge dissemination is retrieved from the complex cit-
ation network. As a result, three main paths mentioned above are all included in the

Figure 10. The global key-route main path of portfolio optimization research.
Source: Pajek.
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global critical main path. The relative references are described in different colors.
Such as, red for common paths or paths that have been analysed above, green for
new articles, yellow for local forward main paths, blue for local backward main paths,
and purple for global standard main paths. It’s worth noting that there has a branch
composed of two new articles appear, which exploit a small path. That is, Gupta
et al. (2013) established a multi-criteria credible framework for portfolio rebalancing
this year and proposed a hybrid intelligent algorithm to solve portfolio rebalancing
problems based on fuzzy goal programming. Subsequently, Liu and Zhang (2015)
considered a portfolio selection model with two objectives of ultimate wealth maxi-
mization and cumulative risk minimization.

What should be considered that in the entire critical main path diagram we
slightly expand the path size resulting in almost covering the three main paths of the
above and reflecting the previous three path analysis is more critical and a knowledge
dissemination structure that roughly covers the entire field. Through the analysis of
these four paths, we find that the influence of top scholars in this field is very
important. For example, the team of two authors, Chen and Konno, who play an
important role not only in in the number of publications but also in the path nodes.

6. Conclusions

In this paper, we present a bibliometric analysis that focuses on dynamic changes and
multi-dimensional evolution of portfolio optimization research. Some key findings
can be obtained based on citation analysis, co-citation analysis and citation burst
detection. First, the publication number of portfolio optimization research has been
growing quickly from 2005 to 2020, reaching 651 articles in 2020. It indicates an
increasing number of scholars are paying attention to this research field. Second,
China and the US are the most active and contributing countries in this research
field. Also, through cluster analysis and burst detection, the references and keywords
with the strongest citation bursts can be analysed to reflect the emerging trends and
research directions of portfolio optimization research. It is found that more portfolio
optimization studies were at an exploration stage from mean-variance analysis to con-
sideration of multiple constraints. However, heuristic algorithms have become the
driving force of portfolio optimization research in recent years. Multi-disciplinary
analyses and applications are also the main trends of portfolio optimization research.
By analysing the dynamic changes and multi-dimensional evolution in recent decades,
we contribute to presenting some deep insights of the portfolio optimization research
directly, which assists researchers especially beginners to comprehensively learn this
research field.

However, there are still some limitations in this paper. For instance, portfolio opti-
mization is a generalized concept, it is better to collect data with different related
terms, limit the research topic, and determine the research field more clearly in fur-
ther study. In sum, this paper provides an overall analysis of the status quo, emerging
trends, and knowledge development path, which can help scholars better understand
the development of this research field and more deep insights could be given for new
explorations.
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