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Abstract: Mortality improvements and life expectancies have been increasing in recent decades,
leading to growing interest in understanding mortality risk and longevity risk. Studies of mortality
forecasting are of interest among actuaries and demographers because mortality forecasting can
quantify mortality and longevity risks. There is an abundance of literature on the topic of modelling
and forecasting mortality, which often leads to confusion in determining a particular model to be
adopted as a reliable tool. In this study, we conducted a bibliometric analysis with a focus on citation
and co-citation analyses and co-occurrences of keywords to determine the most widely used stochastic
mortality model. We found that the Lee—Carter model has remained one of the most relevant mortality
models since its development in the 1990s. Furthermore, we also aimed to identify emerging topics
and trends relating to mortality modelling and forecasting based on an analysis of authors” keywords.
This study contributes to the literature by providing a comprehensive overview and evolution of
publications in stochastic mortality modelling and forecasting. Researchers can benefit from the present
work in determining and exploring emerging trends and topics for future studies.

Keywords: bibliometric analysis; mortality; forecasting; model; VOSviewer

1. Introduction

Mortality improvements and life expectancies have increased in recent decades, mostly
due to the advancement of technology and healthcare practices. From 2019 to 2050, the
proportion of people aged 80 years or older is expected to further increase (United Nations
2019). Mortality improvements are expected to grow, which leads to uncertainty regarding
mortality improvements and life expectancies in the future (Cairns et al. 2008; Vaupel and
Kistowski 2005). This scenario leads to a growing interest in mortality risk and longevity
risk. According to Deng et al. (2012), mortality risk is described as the risk that a person
will live shorter than expected, while longevity risk is defined as the risk that a person will
live longer than expected.

As the ageing population is growing rapidly, there is a need to accurately forecast
these risks to measure the anticipation of the future ageing population by modelling and
forecasting mortality. These risks are also particularly important in ensuring sufficient
pricing and reserving for life insurance and annuity products. Furthermore, quantifying
mortality and longevity risks is a major aspect in the risk management process of life
insurers and in pension plans (Niu and Melenberg 2014) and it also assists the government
in planning for healthcare and other services for societies.

According to Booth and Tickle (2008), mortality forecasting can be classified into
expectation, explanatory and extrapolative methods. The expectation method is based on
expert opinion, the explanatory method is based on some certain causes of death with several
risk factors and the extrapolative method is based on past mortality trends. Although the
explanatory method is sometimes used with the expectation method, it is usually used to
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forecast mortality based on explanatory factors. For example, Ayerbe et al. (2014) and Wicke
et al. (2022) studied the association between all-cause mortality and depression. Ayerbe et al.
(2014) focused on all-cause mortality of stroke patients, while Wicke et al. (2022) focused
on effects of depression on mortality by gender. Meanwhile, the extrapolative method of
forecasting mortality is usually used by actuaries, demographers and statistical offices. This
method is more objective and suitable for long-term forecasting. For example, Heligman and
Pollard (1980) developed a mortality model for Australian males and females that captured
the three main components of mortality. These components are decreased mortality in early
childhood years, mortality due to increased senescence in adults and an accident hump
between ages 10 and 40. Another example of a mortality forecasting model was developed
by Lee and Carter (1992). It has become one of the most prominent mortality models and
has since became a basis for other mortality forecasting models through modifications and
extensions (Boonen and Li 2017; Cairns et al. 2008; Li and Lee 2005; Plat 2009).

The Lee-Carter model is a bilinear factor stochastic mortality model that was first
performed on U.S. mortality data (Lee and Carter 1992). The advantages of the model are
its simplicity and easily interpretable parameters. In recent decades, the stochastic mortal-
ity model has been extended to include an additional factor, cohort effects, as in models
proposed by Renshaw and Haberman (2006) and Currie (2006). Cohort effects are used to
describe that mortality improvement of individuals varies by their year of birth. Further-
more, Plat (2009) developed a new age—period—cohort model that incorporates the preferred
features of several stochastic mortality models such as Lee and Carter (1992), Renshaw and
Haberman (2006) and Currie (2006). The model fits well to U.S. male mortality data. The
interpretations of these models, however, are usually not straightforward, as they are only
described by latent factors. To overcome this issue, studies by Hanewald (2011), Niu and
Melenberg (2014) and Seklecka et al. (2017) included observable factors in the Lee—Carter
model, which provided more interpretable forecasts. Other innovations of the stochastic
mortality model include the application of machine learning. For example, Levantesi and
Pizzorusso (2019) applied machine learning techniques to calibrate a parameter which was
then fitted to the standard stochastic mortality model. Future research may extend and
modify these stochastic mortality models in terms of inclusion of other observable factors
or application of machine learning techniques.

The field of mortality forecasting is developing and progressing rapidly, as various
models for mortality modelling and forecasting were developed in recent decades (Janssen
2018). Although there is an abundance of literature on the topic of modelling and forecasting
mortality, many studies are focused on the development and technical aspects of the models.
However, the findings and interpretations of these models are not straightforward. This
often leads to confusion in determining a particular model to be adopted as a reliable tool.
While Booth and Tickle (2008) and Cairns et al. (2008) conducted a comprehensive review
of different types of stochastic mortality models, ewe aimed to present a complementary
analysis approach by providing a bibliometric analysis of this topic. Bibliometric analysis
can illustrate the progression of a specified research area over a certain period and is
systematic and easily interpretable (Khairi et al. 2021; Liao et al. 2018).

Therefore, in this paper, we provide a comprehensive overview on the evolution of
research in modelling and forecasting mortality in recent decades to determine the most
widely used stochastic mortality model and to determine emerging topics and trends
relating to mortality forecasting and modelling. A narrative review of the emerging topics
and trends was performed based on the most cited publications between 2016 and 2021.
The findings reveal that one of the most prominent mortality models, the Lee—Carter model,
among others, has remained a relevant model since its development in the 1990s.

This study is significant for fellow researchers, especially young researchers and stu-
dents, to understand and discover the emerging topics related to modelling and forecasting
mortality. It also contributes to determining gaps and associations between past studies.
This paper is organised as follows. Section 2 describes the data and bibliometric methods
used in the study. Section 3 discusses the results of the bibliometric analysis on the topic of
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mortality forecasting and modelling. The results consist of the evolution of publications; a
performance analysis of authors, sources and countries; science mapping of keywords and
co-citation analysis; and a narrative review of emerging trends and topics. Finally, Section 4
provides the conclusion of the study.

2. Methodology
2.1. Bibliometric Analysis

We conducted a bibliometric analysis on the topics of modelling and forecasting mor-
tality, as bibliometric analysis can illustrate the progression of a specified research area over
a certain time period because it is systematic and easily interpretable (Khairi et al. 2021; Liao
et al. 2018). Bibliometric analysis is suitable for mapping the progression of global scientific
publications quantitatively by performing a thorough analysis of an extensive set of data
(Sholihin et al. 2021). The analysis consists of two main components, namely performance
analysis and science mapping. Performance analysis provides a descriptive analysis and
describes the performance of research factors such as authors, sources and countries. Science
mapping illustrates the relationships between each research factor (Donthu et al. 2021). An-
other advantage of bibliometric analysis is that it can provide new comprehensive insights
on the most active authors, sources, countries and keywords of certain research fields and
help authors effectively plan their contributions to the field by determining knowledge gaps
and new ideas (Donthu et al. 2021). Bibliometric analysis has been applied to many fields
of study, such as information science (Bucher 2018; Noorhidawati et al. 2017), economics
(Arana-Barbier 2020; Sholihin et al. 2021) and environmental science (Kasavan et al. 2021).

The database used in this study was Scopus. Scopus is a database of peer-reviewed
scientific publications and is currently among one of the largest citation databases. Any
publication that is to be included in the database will need to undergo a rigorous selection
process to maintain its scientific quality and rigor. Publications in the Scopus database mainly
consist of publications in the categories of health sciences, physical sciences, social sciences
and life sciences (Baas et al. 2020). Several authors have conducted bibliometric analyses
based on the Scopus database, such as Khairi et al. (2021) and Shamsuddin et al. (2022).

Data analysis and visualisation were conducted using the Bibliometrix R package (Aria
and Cuccurullo 2017) and VOSviewer (van Eck and Waltman 2010). The web interface app
of the Bibliometrix package, called Biblioshiny, allows researchers to analyse bibliometric
data without coding. Visualisation of networks and citation analysis were conducted using
VOSviewer. For example, Shamsuddin et al. (2022) shared insights on bibliometric analysis
of life insurance lapsation using both Biblioshiny and VOSviewer. The authors developed
author keyword network mapping that can assist future research in the topic of life insurance
lapsation. In this study, Biblioshiny was used for performance analysis, such as total
publications and total citations, while VOSviewer was used for science mapping, such as
co-citation and co-word analysis.

2.2. Data Collection

A flowchart of our research process is as shown in Figure 1. Based on Figure 1,
the process of this study can be categorised into three steps. First, we used the Scopus
database to search for publications on the topic of mortality forecasting and modelling.
The publication period was chosen between 2000 and 2021 because the field of mortality
modelling and forecasting experienced rapid growth during this period (Hanewald 2011;
Booth and Tickle 2008; Janssen 2018; Toth 2021). The increase in research on mortality
modelling and forecasting in this period was due to the increase in its relevance in society.
For example, it acts as one of the strategies to respond to issues of an ageing population, the
sustainability of social security and pension schemes, and insurance premiums. Hence, it is
important to provide accurate mortality forecasts to deal with these challenges. Therefore,
we aimed to analyse the progression of the literature on mortality modelling and forecasting
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from 2000 to 2021. Publications with “mortality”, “life expectancy”, “forecast”, “predict”,
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“project”, “modelling”, “actuarial” and “stochastic” in their titles, abstracts or keywords
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were considered in this study. These terms were linked using the Boolean operators AND,
OR and * in the search string, as shown in Figure 1. The Scopus database was accessed on
16 June 2022, and the initial search result yielded 531 documents.

()
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Figure 1. Flowchart of the research process.

These documents underwent exclusion and inclusion processes in the second stage.
Inclusion criteria were as follows: (i) only documents in the English language were included
in this study, (ii) the publication period was between 2000 and 2021 and (iii) documents

7 a7

in the subject areas of “mathematics”, “medicine”, “economics, econometric and finance”,
“decision sciences”, “computer science”, “engineering”, “multidisciplinary”, “business,
management and accounting” and “social sciences” were included in this study. Based on
the exclusion and inclusion criteria, a total of 220 out of 531 documents were selected for
further selection processes. After a comprehensive screening of abstracts, 138 documents

were included for further analysis.

2.3. Data Analysis

A bibliometric analysis can be conducted using two approaches, namely performance
analysis and science mapping (Donthu et al. 2021). We adopted both approaches to provide
a comprehensive review on the topic of modelling and forecasting mortality. Performance
analysis is a descriptive analysis that focuses on the contributions of research areas in the
study. Performance analysis include determining publications growth, classifying the most
active authors and countries and determining the most influential sources in the topic of
mortality forecasting and modelling. The second approach, science mapping, focuses on
the relationship between the research areas to discover the connections between them. In
this study, science mapping was conducted on the co-citations of authors, co-authorship of
countries and co-occurrence of keywords.

Finally, this study also covers a narrative review to identify emerging research topics and
future directions of research related to mortality modelling and forecasting. The summary
is based on the top 10 most cited publications between 2016 and 2021 with a minimum of
8 citations.
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3. Results and Discussion
3.1. Performance Analysis: Publication Growth

In this study, a total of 138 documents from 2000 to 2021, including articles, confer-
ence papers, book chapters and reviews, were analysed. Table 1 shows that 83.3% of the
documents were articles, followed by conference papers (14.5%), book chapters (1.5%) and
reviews (0.1%). Besides journal articles, this study also includes non-journal publications
to acknowledge significant non-journal publications such as Bravo (2020). Bravo (2020) is
one of the top 10 most cited publications between 2016 and 2021 and is further discussed
in Section 3.4. Figure 2 shows the evolution of publications in mortality forecasting and
modelling in terms of the number of documents and average total citations per article. There
is a steady increase in publications throughout the study period, and the highest number of
publications was recorded in 2021. Likewise, there is a steady growth in average citations
per article, with the highest average number of citations in 2012. It is interesting to note that
over 50% of the total documents were published between 2016 and 2021.

Table 1. Frequency of document type.

Document Type Frequency Percentage (%)
Article 115 83.3
Conference paper 20 14.5
Book chapter 2 1.5
Review 1 0.1
Total 138 100.00

1065.78

1000

800

600

Number of documents
5]
Mean Total Citation per Article

0 0

. S 0.80
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

Document == Mean Total Citation (per Article)

Figure 2. Evolution of publications on mortality forecasting and modelling from 2000 to 2021.

The results from VOSviewer show that the most cited documents in 2012 were Lozano
et al. (2012) and Badhwar et al. (2012), with 9303 and 111 total citations, respectively.
Lozano et al. (2012) estimated 235 cause-specific deaths for the world and its 21 regions
from 1980 to 2010. Their findings concluded that cause-specific deaths varied according to
region and that regular assessments of causes of death are crucial. Other publications that
received more than 30 total citations include Deng et al. (2012) and O’Hare and Li (2012).
O’Hare and Li (2012) developed a new mortality model that is suitable to model mortality
on a wider age range, while Deng et al. (2012) proposed a stochastic diffusion model to
capture the rate of jumps in mortality trends. Both studies applied the Lee-Carter model as
a basis of mortality in the development of their models.
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3.2. Analysis on Most Active Authors, Sources and Countries

Table 2 presents the top 10 most active and most cited authors. The most active authors
were classified based on the number of publications. For the most cited authors, a minimum
threshold of 20 citations per author was applied to reduce small clusters (Moustakas 2022).
Documents with a large number of authors were ignored. Li ].S.H. has the highest number
of publications, with nine documents, and author Blake D. has the highest number of
citations, with 256 citations. It is worth noting that Cairns A.J.G. appears in both categories.
The authors’ co-citation network was generated based on the thresholds mentioned above
and is shown in Figure 3.

Table 2. Top 10 most active and most cited authors.

Most Active Most Cited
Author Documents Author Citations Cluster
Li].S.H. 9 Blake D. 256 1
Chan W.S. 6 Dowd K. 229 1
Russolillo M. 6 Haberman S. 229 3
LiY. 5 Cairns A.].G. 202 1
Bravo J.M. 4 Lee R.D. 160 2
Cairns A.J.G. 4 Denuit M. 132 3
Li H. 4 Coughlan G.D. 112 1
O’Hare C. 4 Carter L.R. 106 2
Shevchenko P.V. 4 Epstein D. 105 1
Tsai C.C.L. 4 Renshaw A.E. 99 1
Bravgy).M
Hyndman, R.J.
Balagich Le =
Rersiil, A i = i
Curde LD
g5 &ﬂ-.s‘ i i, T
e o g,
' D s
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Figure 3. Authors’ co-citation network for mortality forecasting and modelling. Red represents
cluster 1, green represents cluster 2, blue represents cluster 3 and yellow represents cluster 4.

The authors’ co-citation network illustrates four clusters of authors, as identified by
VOSviewer. Clusters were generated using the association strength method and clusters
were determined by solving the optimisation problem (van Eck and Waltman 2014). The
nodes indicate the author, and the size of the nodes indicates the number of documents
relating each author. Authors who are located closer to each other cite similar publications
(van Eck and Waltman 2014). Each node is attached with a link that represents the co-citation
relationship among authors and denoted by a link strength (Moustakas 2022; Shamsuddin
et al. 2022). Among the top ten most cited authors in Table 2, six authors belong in the red
cluster, two in the green cluster and two in the blue cluster. The authors in these clusters
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developed several stochastic mortality models that are widely used in research on mortality
forecasting and modelling. For example, a model by Lee and Carter (1992) is one of the most
prominent models in stochastic mortality modelling. The model incorporates age and period
factors in modelling mortality rates and was first applied to the mortality experience of the
United States population. Since its inception, many researchers have developed various
extensions and variations of the Lee-Carter model. Renshaw and Haberman (2006) extended
the Lee—Carter model to include additional cohort effects on the mortality experience the
United Kingdom’s population, and Cairns et al. (2006) developed a mortality model with
two period factors. Cairns et al. (2009) further extended Cairns et al. (2006) with the
inclusion of cohort effects. Their findings show that the model performs well in describing
mortality improvements of older-aged males in England, Wales and the United States.
Table 3 shows the top 10 most active sources based on the number of publications, total
citations and the 2021 quartile. Insurance: Mathematics and Economics has the highest number
of publications, with 21 documents. In terms of total citations, Insurance: Mathematics and
Economics and International Journal of Forecasting were the most impactful in mortality
forecasting and modelling, with total citations of 544 and 198, respectively. Both sources
were also in the first quartile category. The top 10 sources were influential sources in
mortality forecasting and modelling and were ranked in the first and second quartiles.

Table 3. Top 10 most active sources.

Source NP TC Quartile (2021)
Insurance: Mathematics and Economics 21 544 Q1
North American Actuarial Journal 14 131 Q2
Risks 9 37 Q2
Scandinavian Actuarial Journal 5 136 Q2
Annals of Thoracic Surgery 4 311 Q1
ASTIN Bulletin 4 173 Q1
European Actuarial Journal 4 34 Q2
Annals of Actuarial Science 3 6 Q2
Geneva Papers on Risk and Insurance: Issues and Practice 3 56 Q2
International Journal of Forecasting 3 198 Q1

NP = number of publications, TC = total citations.

The top 10 most active countries based on co-authorship are shown in Table 4. Using
VOSviewer, a co-authorship network of countries was generated. Only countries with at
least five documents were included, which resulted in 11 countries in four clusters. These
clusters provide information on countries that are closely related, with the relationship
denoted by link strength. The visualisation of the co-authorship network and its clusters
is shown in Figure 4. The United Kingdom has the highest number of publications, 26,
and a total link strength of 19. In terms of citations, the United States has the highest
number of citations, 1153. Most of the countries in Table 4 were from high-income and
upper-middle-income countries (World Bank 2021).

Figure 4 presents the co-authorship network of the top 10 most active countries based
on co-authorship in the topic of mortality forecasting models. The four clusters indicate
that research on the topic of mortality forecasting and modelling extends beyond regional
borders. For instance, green and red clusters show collaborations between researchers
from regions of Europe and Asia. Clusters were generated using the association strength
method and clusters were determined by solving the optimisation problem (van Eck and
Waltman 2014). The nodes indicate country, the size of the nodes indicates the number of
documents relating each country, and the lines indicate co-occurrence between countries.
Occurrence of co-authorship between countries is represented by the thickness of the lines,
where thicker lines represent more frequent occurrence of co-authorship between countries
(Donthu et al. 2021).
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Table 4. Top 10 most active countries based on co-authorship.

Country Documents TLS Citations Cluster
United Kingdom 26 19 700 3
United States 26 14 1153 1
Australia 22 19 310 3
Canada 22 18 350 4
Italy 13 7 182 2
China 9 9 115 1
Germany 8 5 72 1
Taiwan 7 5 139 2
The Netherlands 6 1 97 1
Hong Kong 6 9 42 4

TLS = total link strength.

F N
Tainin AN Umtengom

Auwlia

Germany

United States

Canada

China HongKong

Netherslands

Figure 4. Co-authorship network of countries. Red represents cluster 1, green represents cluster 2,
blue represents cluster 3 and yellow represents cluster 4.

3.3. Science Mapping: Co-Occurrences of Keywords

Figure 5 shows the keyword co-occurrence network with a minimum threshold of
three occurrences. The colour represents the average publication year. Clusters were gen-
erated using the association strength method and clusters were determined by solving
the optimisation problem (van Eck and Waltman 2014). The nodes indicate keywords, the
size of the nodes indicates the number of documents relating each keyword, and the lines
indicate co-occurrence between keywords. Larger nodes represent a higher number of
documents with the corresponding keyword in the title and abstract, while closer nodes
indicate that the keywords frequently occur together (van Eck and Waltman 2014). Of
387 keywords, only 30 meet the minimum threshold. The co-word analysis illustrates a
mix of keywords which ranges from modelling (e.g., hybrid mortality model, Lee-Carter
model), financial instruments (e.g., insurance, pension), mathematical and statistical meth-
ods (e.g., Bayesian inference, Ito stochastic differential equation, fuzzy modelling) and risks
(e.g., parameter uncertainty, longevity risk). It is interesting to note that the Lee—Carter
model remained a relevant research topic throughout the study period. Lee and Carter
(1992) developed a model to forecast mortality rates of the United States population, and
the model remains one of the most widely used mortality models. Several other models
were developed as extensions and modifications to the Lee-Carter model. For example,
Renshaw and Haberman (2006) included a cohort factor in their model, while Brouhns et al.
(2002) modified the Lee—Carter model under a Poisson regression setting.
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Based on Figure 5, we further summarised and reviewed the top 10 most cited publica-
tions between 2016 and 2021. We identified several emerging topics and future directions of
research in mortality forecasting and modelling. Further details are given in the next section.

3.4. Emerging Research Topic and Future Research

We compiled the top 10 most cited publications between 2016 and 2021 to analyse
emerging research topics. To narrow the results, a minimum of eight citations per document
was set as the threshold, resulting in a total of 11 publications. However, in this analysis,
only 10 publications were chosen, as shown in Table 5. The key topics discussed by these
publications include (i) machine learning, (ii) the development of new models and approaches,
(iii) generalised age—period—cohort (GAPC) models and (iv) the Lee—Carter mortality model.

Table 5. Top 10 most cited documents between 2016 and 2021.

No References Title Source TC
Predicting 90-Day and 1-Year Mortality in Spinal Metastatic
! Karhade etal. (2019) Disease: Development and Internal Validation Neurostrgery 70
2 Villegas et al. (2018) StMoMo: Stochastic mortality modeling in R Journal of Statistical Software 22
Long-Term Survival Following Traumatic Brain Injury: L
3 Fuller etal. (2016) A Population-Based Parametric Survival Analysis Neuroepideniology 7
4 Levantesi and Application of machine learning to Risks 14
Pizzorusso (2019) mortality modeling and forecasting
5 Boonen and Li Modeling and Forecasting Mortality With Economic Demoerah 13
(2017) Growth: A Multipopulation Approach STepy
6 Li et al. (2019) A forecast reconc111at1op approac'h to Insurance: Mathematics and Economics 12
cause-of-death mortality modeling
. . A Bithlmann Credibility . .
7 Tsai and Lin (2017) Approach to Modeling Mortality Rates North American Actuarial Journal 12
Longevity-linked life annuities: Proceeding of 20th Confer.ence of the
8 Bravo (2020) - - Portuguese Association of 10
A bayesian model ensemble pricing approach .
Information Systems
o o An empirical study on stochastic mortality modelling under
9 Bozika ;2a()1112)P1tsells the age-period-cohort framework: The case of Greece with Risks 9
applications to insurance pricing
10 Ludkovski et al. Gaussian process models for mortality rates and ASTIN Bulletin 8
(2018) improvement factors

TC = total citations.
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3.4.1. Machine Learning

In general, machine learning can be applied to many areas of study (Bravo 2020;
Karhade et al. 2019; Levantesi and Pizzorusso 2019; Ludkovski et al. 2018; Villegas et al.
2018). Of the ten publications, five applied machine learning techniques. For example,
Karhade et al. (2019) overcame the problem of forecasting intermediate and long-term mor-
tality in spinal metastatic disease by adopting several machine learning techniques. They
concluded that machine learning is the best method to predict mortality due to its flexibility
of modelling techniques. However, they also argued that for effective communication, the
machine learning model should be easily interpreted by its users.

Karhade et al. (2019) developed five prediction models based on these algorithms,
which are random forest, stochastic gradient boosting, neural network, support vector
machine and penalised logistic regression. They found that stochastic gradient boosting
performed better in predicting mortality. Furthermore, Levantesi and Pizzorusso (2019)
applied machine learning techniques such as random forest, decision tree and gradient
boosting to calibrate a parameter which was then fitted to the standard stochastic mortality
model. The results show that random forest outperformed other algorithms and that
the standard stochastic mortality model can be improved by applying machine learning
techniques. It is worth noting that both studies were divided into training and testing
datasets, and the cross-validation method was used to assess the predictive performance
(Karhade et al. 2019; Levantesi and Pizzorusso 2019).

From a stochastic mortality model point of view, Bravo (2020), Levantesi and Piz-
zorusso (2019) and Villegas et al. (2018) applied machine learning together with several
generalised age—period—cohort (GAPC) models. Levantesi and Pizzorusso (2019) applied
machine learning algorithms to estimate parameters in stochastic mortality models. Their
results showed an improved model fitting and the ability to identify patterns that standard
mortality models failed to capture. Bravo (2020) assigned weightages probabilistically
to GAPC models in their final forecasting model. They also argued that the method can
capture model risk, as compared to individual stochastic mortality models. To overcome
the issue of model risk, Villegas et al. (2018) developed the R package “StMoMo” that
is now widely used in scientific literature on mortality modelling and forecasting. They
highlighted that this package could facilitate the understanding of mortality models due to
its easy application and the comparison of several other models in it.

3.4.2. Development of New Model and Approach

Of the 10 publications, five developed new approaches to model mortality rates. For
instance, Boonen and Li (2017) combined observable and latent factors in a single model by
incorporating GDP into the mortality model. They argued that usually, mortality models
with latent factors are not easily interpretable, and mortality forecasts tend to diverge in
the long run. To overcome these issues, they modelled mortality and economic growth in
a multipopulation setting. Another method to ensure the coherence of forecasting is by
forecast reconciliation (Li et al. 2019). For example, Li et al. (2019) concluded that the forecast
reconciliation approach provides better accuracy than the base forecasts. The study can be
extended to include probabilistic forecast reconciliation for mortality rates. Similarly, Bravo
(2020) also adopted probabilistic weightages in the final forecasting model. It is interesting to
note that the probabilistic mortality projection model seems to be an emerging research topic
in the scientific literature.

Besides the standard stochastic mortality model, Tsai and Lin (2017) applied the
Biilhmann credibility approach to forecast mortality rates. They found that forecasts using
the Biilhmann credibility approach can capture the decreasing trend in projected mortality
rates, and it performs better than standard stochastic mortality models. On the other
hand, Ludkovski et al. (2018) proposed a new methodology to handle issues that involve
lower credibility. They applied Gaussian process regression in the process to graduate
mortality rates that can quantify uncertainty as compared to other traditional actuarial
graduating techniques.
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3.4.3. Generalised Age-Period—Cohort (GAPC) Models

According to Villegas et al. (2018), a GAPC stochastic model can be classified based
on four components, which are random component, systematic component, link function
and a set of parameter constraints. Several studies compared various GAPC models with
different datasets and age groups (Bozikas and Pitselis 2018; Bravo 2020; Levantesi and
Pizzorusso 2019; Villegas et al. 2018). For example, Villegas et al. (2018) and Levantesi and
Pizzorusso (2019) focused on ages 0-100, while Bravo (2020) and Bozikas and Pitselis (2018)
exclusively focused on older age groups (50-95 years old and 60-89 years old, respectively).
The focus of past studies was on developed countries. It is interesting to note that there is
an opportunity for future research to compare the performance of these models on younger
age groups and other developing countries.

Meanwhile, of the ten publications, the Lee-Carter model was studied in six (Bozikas
and Pitselis 2018; Bravo 2020; Levantesi and Pizzorusso 2019; Li et al. 2019; Tsai and
Lin 2017; Villegas et al. 2018). This shows that the Lee—Carter model remains a relevant
base model and a pioneer in forecasting mortality. Since its development, the Lee—Carter
model has been adopted in many mortality-related studies. The model has become a
prominent stochastic mortality model because of its simplicity and easily interpretable
parameters. Since its development, many modifications and extensions have been made
to the model. Parameter estimation in the Lee—Carter model has developed from singular
value decomposition (SVD) (Bozikas and Pitselis 2018; Tsai and Lin 2017) to a Poisson
setting (Bravo 2020; Levantesi and Pizzorusso 2019; Villegas et al. 2018). Furthermore,
several studies extended the Lee-Carter model to include an additional cohort factor
(Renshaw and Haberman 2006) and a quadratic age effect (Cairns et al. 2009). The following
section further discusses the Lee-Carter model.

3.4.4. Lee—Carter Mortality Model

According to Booth and Tickle (2008), the mortality forecasting model can be cate-
gorised into three models, which are expectation, explanatory and extrapolative models.
The expectation model is based on expert opinion, the explanatory model is based on some
certain causes of death with several risk factors and the extrapolative model is based on
past mortality trends. The extrapolative model can reduce the problem of subjective judg-
ments in the expectation model. It is also suitable for long-term forecasting as compared to
the explanatory model, which is usually limited to short-term forecasting. Extrapolative
mortality forecasting models are often used in the fields of actuarial and demography
to quantify mortality and longevity risks. Some of the earlier literature on these models
include Heligman and Pollard (1980), McNown and Rogers (1989) and Lee and Carter
(1992). Lee and Carter (1992) proposed a bilinear factor mortality model which performs
well on U.S. mortality data. Since its development, the Lee—Carter model has remained a rel-
evant and prominent mortality forecasting model for its simplicity and easily interpretable
parameters (Booth and Tickle 2008).

Following its development, many researchers developed many variants of the Lee—
Carter model. These variants include modifications of its statistical foundation and the
development of new models (Cairns et al. 2011). Lee and Miller (2001) adjusted for jump-
off rates in the forecasts of mortality rates. The results showed that forecasts are better
after adjustments of jump-off rates. Moreover, in terms of modifications of age effects,
Delwarde et al. (2007) applied the p-splines technique to overcome the problem of a lack
of smoothness in the estimated b,'s. In terms of period effects, Booth et al. (2002) and De
Jong and Tickle (2006) proposed an improved model of k; to Australian mortality data.
Modifications of the model’s fitting methodology have developed from singular value
decomposition (SVD) (Lee and Carter 1992; Tsai and Lin 2017; Bozikas and Pitselis 2018;
Nor et al. 2018) to Poisson (Brouhns et al. 2002; Villegas et al. 2018; Levantesi and Pizzorusso
2019) and machine learning techniques (Levantesi and Pizzorusso 2019). Brouhns et al.
(2002) modelled the number of deaths under a Poisson setting for Belgian mortality data.
They suggested that the new method allows for application in life insurance. Meanwhile,
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Demirel and Basak (2017), Andrés-Sdnchez and Puchades (2019) and Koissi and Shapiro
(2006) applied fuzzy modelling to the Lee—Carter model. Other variants of this model
were obtained by either extending or developing new models. Some of these extensions
are the inclusion of cohort effects, age-period-cohort effects, multipopulation models and
observable factors.

One of the issues of the Lee—Carter model is that it exhibits a poor fit for countries with
cohort effects (Plat 2009). For instance, mortality rates for some countries such as England
and Wales experienced cohort effects in addition to the age and period effects (Cairns et al.
2008). Hence, Renshaw and Haberman (2006) developed a model that includes cohort
effects, which are the year-of-birth effects. Often denoted by <y;_y, the year-of-birth effect
is used to explain that the mortality improvement of individuals varies by their year of
birth. To overcome the issue of robustness, Currie (2006) simplified the method proposed
by Renshaw and Haberman (2006). Cairns et al. (2008) also included cohort effects in a
multifactor age—period model on male mortality of higher age groups in England and Wales.
Plat (2009) developed a new age—period—cohort model that incorporates the favourable
features of Lee and Carter (1992), Renshaw and Haberman (2006), Currie (2006), Cairns
et al. (2006) and Cairns et al. (2009). The model fits well to U.S. male mortality data.

The Lee—Carter model is suitable to be used on a single population and it often
leads to diverged forecasts when used to forecast for multiple populations. To overcome
this, Li and Lee (2005) developed an extension of the Lee-Carter model that provides
coherent mortality forecasts of groups with similar socioeconomic conditions. Other types
of multipopulation models include the joint-k model (Carter and Lee 1992) and the co-
integrated model (Li and Hardy 2011). For further reading on multipopulation mortality
models, see Villegas et al. (2017).

Most of the stochastic mortality models, including the Lee—Carter model, do not incor-
porate other assumptions, as they are only described by latent factors. The interpretation of
these models is usually not straightforward. Several studies have extended the Lee-Carter
model to include observable factors such as economic growth (Niu and Melenberg 2014;
Hanewald 2011) and temperature changes (Seklecka et al. 2017). These models perform
better with the inclusion of observable factors, and they provide more interpretable fore-
casts. Moreover, several authors have applied the Lee—-Carter model to forecast fertility
(Lee 1993; Hyndman and Ullah 2007; Hardle and Mysi¢ckova 2009) and cancer incidence
(Yue et al. 2018).

Figure 6 provides a graphical representation summarizing the Lee—Carter model with
its modifications and extensions as described in this section.

3.5. Co-Occurrences of Keywords: COVID-19 Mortality Modelling and Forecasting

We further analysed the co-occurrence of keywords during the coronavirus disease
(COVID-19) outbreak. Similar searching strategies as in Section 2.2 were conducted, with
the addition of “COVID-19” and “coronavirus” keywords in the search string. The publica-
tions were limited to the years 2020 and 2021 to capture publications during the pandemic
period. The keyword co-occurrence network is shown in Figure 7.

Figure 7 shows that the keywords are categorised into three clusters. Clusters were
generated using the association strength method. The nodes indicate keywords, the size of
the nodes indicates the number of documents relating each keyword, and the lines indicate
co-occurrence between keywords. Larger nodes represent a higher number of documents
with the corresponding keyword in the title and abstract, while closer nodes indicate that
the keywords frequently occur together (van Eck and Waltman 2014).
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Figure 6. Graphical representation of Lee—Carter model as discussed in Section 3.4.4. (McNown
and Rogers (1989), Heligman and Pollard (1980), Lee and Carter (1992), Lee (1993), Brouhns et al.
(2002), Li and Lee (2005), Currie (2006), Koissi and Shapiro (2006), Renshaw and Haberman (2006),
Hyndman and Ullah (2007), Booth and Tickle (2008), Cairns et al. (2008), Hardle and Mysi¢kova
(2009), Plat (2009), Cairns et al. (2011), Hanewald (2011), Li and Hardy (2011), Niu and Melenberg
(2014), Demirel and Basak (2017), Seklecka et al. (2017), Tsai and Lin (2017), Bozikas and Pitselis
(2018), Nor et al. (2018), Villegas et al. (2018), Yue et al. (2018), Andrés-Sanchez and Puchades (2019),
Levantesi and Pizzorusso (2019)).
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Figure 7. Co-occurrences of keywords of COVID-19 mortality modelling and forecasting publications.
Red represents cluster 1, green represents cluster 2 and blue represents cluster 3.

Cluster 1 (red) generally explores the application of mathematical and statistical models
in modelling and forecasting virus transmission (Post et al. 2020; Yang and Wang 2021),
mortality due to COVID-19 (luliano et al. 2021) and COVID-19 vaccination (Albani et al.
2021). For example, Yang and Wang (2021) and Post et al. (2020) studied the transmission of
COVID-19 disease. They concluded that the transmission and spread of the disease are mainly
influenced by the environment, population size and other factors (Post et al. 2020; Yang and
Wang 2021). Cluster 2 (green) broadly describes the pandemic in terms of viral infections and
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pneumonia. Few studies explored the modelling of mortality risks relating to pneumonia
in a community. For example, Halasz et al. (2021) adopted a machine learning-based score
to predict 30-day mortality for patients with COVID-19 pneumonia. They concluded that
the mortality of these patients can be predicted effectively. Finally, publications in cluster 3
(blue) generally applied modelling analysis in the context of clinical and controlled studies.
For instance, Nair et al. (2021) and Wang et al. (2021) analysed different characteristics and
factors affecting patients with COVID-19. Their findings can assist clinical professionals in
classifying the disease severity and outcome in patients with COVID-19.

Therefore, analysing the co-occurrence of keywords shows that modelling can facilitate
modelling and forecasting of pandemics or diseases in terms of transmission rates, mortality
rates and vaccination rates. It can also assist future researchers to determine and explore
topics related to COVID-19 mortality modelling and forecasting.

4. Conclusions

This study contributes to the field by providing a bibliometric analysis of publications
on mortality forecasting models between 2000 and 2021. Publications on this topic showed
an increasing trend throughout the study period, and 83.3% of publications were articles.
Over 50% of the total documents were published between 2016 and 2021, which shows that
there has been increasing interest in the field of mortality modelling and forecasting in recent
years. Moreover, the most active author is Li ].5.H., with a total of nine documents, while the
most cited author is Blake D., with total of 256 citations. The top three most active sources
were Insurance: Mathematics and Economics, North American Actuarial Journal and Risks, with a
total of 21, 14 and 9 documents, respectively. Moreover, the United Kingdom and the United
States are among the most active countries in the research of mortality forecasting models.

In terms of keyword occurrence analysis, the results show a mix of keywords that
describe modelling, financial instruments, mathematical and statistical methods, and risks,
among others. It is interesting to note that the Lee—Carter mortality model has remained a
relevant model since its development in 1992. The analysis also shows that there has been a
recent interest in “hybrid mortality model”, “insurance” and “pension”. Further analysing
the top 10 most cited publications, another trending topic among researchers is machine
learning. For example, in future research, researchers may want to incorporate machine
learning techniques to existing mortality forecasting models, or focus on the application
of mortality models in insurance and pension plans. This study can be a guide for future
research exploring emerging topics related to stochastic mortality modelling and forecasting.
Such topics include machine learning, the development of new models and approaches,
generalised age—period—cohort (GAPC) models and the Lee—Carter mortality model.

A limitation of this study should be addressed. This study only focuses on data obtained
from the Scopus database. Scopus was chosen as it has a rigorous selection process and it is
one of the largest citation databases (Baas et al. 2020). Future research may incorporate data
from other databases such as Web of Science or PubMed. Finally, the findings of this study
may benefit researchers in determining and exploring emerging trends and topics related to
modelling and forecasting mortality.
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