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ABSTRACT

Sustainable development of the future is influenced by population growth, population ageing, migration, and urbanization.
However, urbanization have adverse effects on environmental, social behaviour and health aspects, such as mortality
risks due to climate change and infectious diseases. As the urban population is growing rapidly, there is a need to
accurately forecasts these risks in anticipation of future ageing population, by developing a model to estimate and
forecast mortality. Many existing extrapolative mortality models are described by latent factors, and it is difficult to
understand the underlying dynamics of these factors. Therefore, a comprehensive analysis on the relationship between
mortality index and urbanization growth were conducted. This study also aims to propose a new model that incorporates
urbanization as an observable factor in modelling and forecasting mortality, by extending the Lee-Carter model. Result
indicates that there is a possible long-run relationship between mortality and growth of urban population for all countries
in the study. The proposed model provides better in-sample fitting for all countries. This study also predicts the life
expectancy at birth based on the proposed model and life expectancy is forecast to reach age 85 for selected countries.
Results also show that Malaysian adults ages between 20 and 40 years old are more likely to be affected by an increase
in urbanization growth. Urbanization and mortality are key factors in planning for sustainable development of the future.
Therefore, it is important to develop a mortality forecasting model that can account for the uncertainty surrounding
urbanization.
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ABSTRAK

Pembangunan mampan masa depan dipengaruhi oleh pertumbuhan penduduk, penuaan penduduk, penghijrahan dan
urbanisasi. Walau bagaimanapun, urbanisasi mempunyai kesan buruk terhadap aspek alam sekitar, tingkah laku sosial
dan kesihatan, seperti risiko kematian akibat perubahan iklim dan penyakit berjangkit. Oleh kerana penduduk bandar
berkembang pesat, terdapat keperluan untuk meramalkan risiko ini dengan tepat dalam jangkaan penduduk menua
masa depan, dengan membangunkan model untuk menganggar dan meramal kematian. Banyak model kematian
ekstrapolatif sedia ada digambarkan oleh faktor pendam, yang sukar untuk difahami. Oleh itu, analisis komprehensif
mengenai hubungan antara indeks kematian dan pertumbuhan urbanisasi dijalankan. Kajian ini juga bertujuan untuk
mencadangkan model baharu yang menggabungkan urbanisasi sebagai faktor boleh cerap dengan faktor pendam dalam
pemodelan dan ramalan kematian, sebagai model lanjutan Lee-Carter. Keputusan menunjukkan bahawa terdapat hubungan
jangka panjang antara kematian dan pertumbuhan penduduk bandar untuk semua negara dalam kajian ini. Model yang
dicadangkan memberi penyuaian sampel yang lebih baik untuk semua negara. Kajian ini turut meramalkan jangka
hayat ketika lahir berdasarkan model cadangan dan jangka hayat dijangka mencapai umur 85 tahun bagi negara-negara
terpilih. Keputusan kajian juga menunjukkan bahawa orang dewasa Malaysia yang berumur antara 20 dan 40 tahun
lebih cenderung terjejas oleh peningkatan pertumbuhan urbanisasi. Urbanisasi dan kematian adalah faktor utama dalam
merancang pembangunan mampan masa depan. Oleh itu, adalah penting untuk membangunkan model ramalan kematian
yang boleh mengambil kira ketidakpastian dalam urbanisasi.

Kata kunci: Jangka hayat; kematian; Lee-Carter; ramalan; urbanisasi
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INTRODUCTION

Ageing population is a global phenomenon that is
affecting many countries in the world and it refers to the
increase in elderly population as compared to the younger
generations. Globally, population of 65 years and older
were recorded to be 703 million persons in 2019. It is
estimated that 1.5 billion persons in 2050 will consist
of elderly population aged 65 years and above (United
Nations 2019a). Due to the advancement of technology
and health care facilities, many people can have a longer
and healthier lives. This scenario plays important role in
contributing to population ageing, along with decrease
in fertility, increase in life expectancy and migration of
people from rural to urban areas. According to the United
Nations (2019b), sustainable economic, social, and
environmental developments of the future are influenced
by population growth, population ageing, international
migration, and urbanization.

Urbanization is defined as the action of which
substantial amount of population are consistently gathered
in relatively small areas to establish cities. As at 2018,
55% of the world population are living in cities and it is
estimated to increase to 68% in 2050 (United Nations
2019b). Rising of urban population is caused by migration
to urban areas that offers many health and socioeconomic
opportunities such as employment, healthcare resources
and education (Ahmed, Zafar & Ali 2020; Sajid et al.
2020). It is also due to natural population growth in urban
areas and conversion of rural to urban areas (Ahmed,
Zafar & Ali 2020). However, urbanization have adverse
effects on environmental, social behaviour and health
aspects (Bijari, Mahdinia & Mansouri Daneshvar 2021;
Garba et al. 2021; Ling et al. 2014). Rapid industrial
development in urban areas leads to higher greenhouse
gas emissions, air pollution and other pollutants, hence
resulting in climate change. Urbanization also caused
a reduction in natural resources such as land, water, and
food to fulfil the needs of urban population (Ahmed,
Zafar & Ali 2020; Antai & Moradi 2010; Bijari, Mahdinia
& Mansouri Daneshvar 2021; Liu et al. 2021). For the
urban population, more land must be used for waste
management, agriculture (including the production of
food and cattle), and residential areas. The main causes
of social behaviour problems brought on by urbanisation
include sedentary lifestyles, high calorie diets, and
ongoing stress and pressure. Urban poverty is another
social problem brought on by urbanisation since living
standards are often better in cities than in rural areas.
Financial and socioeconomic challenges endured by
urban poor caused them to be less resilient to illness
(Antai & Moradi 2010; Burroughs et al. 2015). Another
issue related to urbanization is health issues, which
include physical and mental health. Due to urban lifestyle,
urban populations are more likely to exposed to risks
factor of noncommunicable diseases such as diabetes,
cardiovascular diseases, and depression (Bijari, Mahdinia

& Mansouri Daneshvar 2021; Sajid et al. 2020; Wicke et
al. 2022). They are also more exposed to communicable
diseases because of overcrowding and high population
density of urban areas (Walter & DeWitte 2017). Bijari,
Mahdinia and Mansouri Daneshvar (2021) reported that
there is a strong correlation between urban population and
the confirm cases of the recent COVID-19 pandemic. It
is evident that the high population density of urban areas
can amplify the risks of infectious diseases.

A major health issues related to urbanization
is mortality of urban population. Urban population,
especially its most vulnerable groups (children under five
years old and female adults) have higher risk of mortality
(Antai & Moradi 2010; Walter & DeWitte 2017). Islam et
al. (2017) reported that urban female adults have shorter
life expectancy than rural female adults from age 20 years
old onwards. Male individuals in urban areas between the
ages of 65 and 75 are expected to live shorter lives than
rural male adults of the same ages. Urban heat island
effects are the primary source of heat-related death, which
is one example of how climate change contributes to
mortality in urban settings. A city is referred to as a ‘heat
island’ when its temperatures are higher than those of
nearby rural areas. Continuous exposure to a hot
environment can lead to discomfort and bodily ache
particularly to high-risk persons such as elderly, children,
individuals with health problems and urban poor (Chen et
al. 2016; Oleson et al. 2013).

Mortality rates is one of the important demographic
indicators that is often used as an indicator of population
dynamics, along with fertility and migration rates.
Mortality rates and mortality modelling are usually
applied to areas of insurance, pensions, and healthcare
(Demirel & Basak 2017) by the government, corporations,
and individuals. Mortality modelling is important in
addressing longevity risk. Longevity risk refers to the
risk of unfortunate financial outcome due to people living
longer than expected.

As the ageing population is growing rapidly, there is
a need to accurately forecasts these risks in anticipation
of future ageing population, by developing a model to
estimate and forecast mortality. These risks are important
in ensuring sufficient pricing and reserving for life
insurance and annuity products, and in the risk
management process of life insurers and pension plans
(Niu & Melenberg 2014). It also assists the government
in planning for healthcare and other services for society.
Therefore, it is important to develop a mortality model
that can account for any uncertainties and have better
accuracy (Fung, Peters & Shevchenko 2017).

Mortality forecasting can be classified into
expectation, explanatory, and extrapolative methods
(Booth & Tickle 2008). Expectation method is based on
expert’s opinion, explanatory method is based on some
certain causes of death with several risk factors and
extrapolative method is based on past mortality trends.



The extrapolative approach of mortality forecasting is
typically employed by statistical offices, actuaries, and
demographers. Compared to other kinds of mortality
forecasting models, it is more unbiased and appropriate
for long-term forecasting. For example, a mortality
forecasting model by Lee and Carter (1992) is widely
known for its simplicity and its small number of
parameters. It has become one of the prominent mortality
models and has since become a base for other mortality
forecasting model through modifications and extensions
(Boonen & Li 2017; Cairns, Blake & Dowd 2008; Jaber,
Yaacob & Alwadi 2023; Li & Lee 2005; Plat 2009). The
model introduced by Lee and Carter (1992) describes
the pattern of mortality by a latent factor derived from
historical data, which is known as the mortality index.
However, it is difficult to predict how these patterns work
if the underlying dynamics are not fully understood.
Lee-Carter model is also known to underestimates
probabilities due to its narrow forecast intervals because
of the estimated parameters that produced lower variances
(Fazle Rabbi & Khan 2022). To overcome this issue,
Fung, Peters and Shevchenko (2017) suggested to add
other time-varying factors in mortality modelling, while
Niu and Melenberg (2014) proposed that mortality
model can be described by adding an observable factor.
Several researchers have developed mortality models that
incorporate both latent and observable factors such as
macroeconomic factor (Boonen & Li 2017; Ma & Boonen
2023; Niu & Melenberg 2014), temperature changes
(Seklecka, Pantelous & O’Hare 2017), and a combination
of both (Dutton, Pantelous & Seklecka 2020).

It is important to consider and incorporate different
factors that would impact mortality rates to account
for any uncertainties that might occur (Fung, Peters &
Shevchenko 2019; Fung, Peters & Shevchenko 2017).
While research on the trend of mortality and observable
factors is emerging, most studies focused on
macroeconomic factors (GDP and CPI) on developed
countries. Since urbanization leads to an increase in
mortality risks such as unsanitary living conditions and
spread of infectious diseases in crowded areas (Cutler,
Deaton & Lleras-Muney 2006), we aim to extend the
understanding of trend between mortality rates and other
demographic factors, such as urban population. We
also aim to provide comparison between developed and
developing countries. The aim of this study was (1)
to describe the trend and long-run relationship of
urbanization and mortality index and (2) to propose a new
model that incorporates urbanization in modelling and
forecasting mortality. The proposed model provides better
goodness-of-fit for all countries. This study also predicts
the life expectancy at birth based on the proposed model
and life expectancy is forecast to reach age 85 for selected
countries.
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MATERIALS AND METHODS

This study focuses on 6 countries which are Malaysia,
United States of America (US), United Kingdom (UK),
Finland, Netherlands, and Portugal with high urban
population that is above 65%. An urbanized country is
defined as country with more than 50% urban population
(Sajid et al. 2020). Urban population refers to people
living in urban areas as defined by national statistical
offices. According to World Bank (2023), in 2020, the
percentage of urban population in Portugal and Malaysia
were 66% and 77%, respectively. The highest percentage
of urban population were in Netherlands at 92%, followed
by Finland, UK, and USA at 86%, 84%, and 83%,
respectively.

Our period of study was from 1991 to 2020, which
covers the early period of the COVID-19 pandemic. The
outbreak of COVID-19, also known as Coronavirus
Disease 2019, was first recorded in late 2019 which
resulted in global public health emergency (Bijari,
Mahdinia & Mansouri Daneshvar 2021). Annual mortality
rates were obtained from the Department of Statistics
Malaysia and Human Mortality Database (Human
Mortality Database 2023). The age-specific mortality
rates are in S5-year age groups, with a total of 17 age
groups from 0-4 years until 80 years and above. Annual
urbanization growth rates were obtained from World
Bank (2023).

Previous works by Niu and Melenberg (2014) and
Seklecka, Pantelous and O’Hare (2017) studied the long-
run relationship between Lee-Carter mortality index, k,,
and other observable factors such as gross domestic
product and temperature changes. Observable factor
refers to data that can be directly measured or observed,
and they are represented by the actual data collected
in the study. Latent factor, also known as unobserved
variable, refers to data that cannot be directly measured
or observed, but are inferred from observable variables.
This factor is usually abstract and theoretical, and it
shows the underlying structure of the unobserved dataset
where statistical techniques are required to estimate this
factor (Masseran et al. 2024). In this study, we compare
mortality models that used latent factor and observable
factor. A well-known mortality model that uses latent
factor is the Lee-Carter model, however, models with
latent factor offers limited economic interpretation (Bai &
Ng 20006). Therefore, in this section, we propose mortality
model that combines latent and observable factors to
provide valuable insights on their effects on projection of
mortality.

First, we aim to analyse the trends in mortality index
and urbanization growth rate. The latent variable, ki,
and other parameters of the Lee-Carter model (Lee &
Carter 1992) for each country were obtained based on the
following equation:
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In(m,,) = a, + Bk, + s,ff_t

for all x (age group) =1,2,...,X and ()
t (year) =1,2,..,T.

For simplification purposes, the first age group and year
are both represented by 1, while X and T refer to the last
age group and year, respectively. Mortality rate at age x
for year t is denoted by My ;; k; is the mortality index
that describes the changes in the level of mortality over
time; £, is the sensitivity of mortality rates at age x; and
ek, is the error term that is independent and identically
distributed normal random variable with mean 0
and variance 6. The model is subject to constraints

X 1B =1and XI_, k; = 0. By applying the constraint
¥7_1k: = 0 and minimizing errors, a, is the average
log mortality at age x. Next, by applying singular value
decomposition (SVD) to matrix n(m,,,) — a,, values of
By and k. are obtained. Here, k. is the latent factor as it
explains the unobserved underlying structure of mortality
rate through statistical technique, which is the SVD
method.

In this study, first we want to examine the trend
behaviour of the Lee-Carter mortality index k., and
natural logarithm of urbanization growth rate u,. The
stationarity for k, and w, were analyzed using Phillips-
Perron test (Phillips & Perron 1988) with null hypothesis
of nonstationarity because it is a more robust method for
unit root testing (Gokmenoglu, Azin & Taspinar 2015).
Cointegration analysis is performed to analyse the long-
run relationship between k, and u, by using Johansen
(1988) cointegration test with the null hypothesis of
no cointegration (r =0) and null hypothesis of one
cointegrating vector (r < 1).

We then compare the Lee-Carter model (Equation 1)
with a model that describes mortality rates with an
observable factor as in Equation (2).

n(m,,) = 6, + 01 ute + £

for all x (age group) =1,2,..,X and (@)
t (year) =1,2,..,T.

Here, u, is the observable factor that was obtained from
World Bank database. It is the urbanization growth rate
in natural logarithm at year t. 8,, is the average log
mortality at age x when u, is zero, 8y, is the sensitivity
of mortality rates at age x to the changes in u,. Error
term is denoted by £X, that is independent and identically
distributed normal random variable with mean 0 and
variance o?. The parameters were obtained using
ordinary least squares (OLS) method.

Based on analysis in the previous section, we
propose a mortality forecasting model that incorporate
both latent and observable factors, as follows:

In(my,) = a, + bk, +coup + &y
for all x (age group) =1,2,...,X and 3)
t (vear) = 1,2,...,T.

This proposed model in Equation (3) follows Niu and
Melenberg (2014) model setup and estimation (see
Niu and Melenberg 2014 for details). Here m, . is the
mortality rates for age group X at year ¢; @, is the average
log mortality at age x; k; is the mortality index which
describes the variation in the level of mortality over
time; b, is the sensitivity of mortality rates at age X to the
changes in k;. u, is the growth of urbanization in natural
logarithm; ¢, is the sensitivity of mortality rates at age X
to urbanization growth; and £, is the error term.

Equation (3) is fitted to age-specific mortality rates
and annual observable factor which is the urbanization
growth rate. Parameters were obtained by using the
Newton-Raphson method where a process of iteration
optimization is involved by minimizing the sum of
squares of residuals (See Verbeke and Cools 1995 for
details on Newton-Raphson method).

The goodness-of-fit of our model is compared using
BIC and mean absolute percentage error (MAPE) in
period of between 1991 and 2020. We compare the fitting
of our proposed model with the Lee-Carter model. BIC is
defined as follows (Gujarati & Porter 2009):

BIC = kIn(n) + nIn(RSS) — nln(n) 4)

Here k is the number of independent variables (including
intercept); n is the number of observations; and RSS is
the residual sum of squares.

MAPE is defined as follows:

ln(m ) — ln(fﬁ )
17 30 Xt Xt
x=12it=1 hl(mx,t) X 100

n

MAPE = %)

Here In(m,,) is the observed logarithm mortality rates;
and In(,,, ) is the estimated logarithm mortality rates.

In this section, out-sample mortality forecasts were
performed for three different fitting periods, which are
24 years, 27 years and 29 years. We classified this as
Scenario A (in-sample: 24 years, out-sample: 6 years),
Scenario B (in-sample: 27 years, out-sample: 3 years) and
Scenario C (in-sample: 29 years, out-sample: 1 year). For
each scenario, we re-estimate the parameters based on its
respective in-sample periods. The latent and observable
factors, k, and u,, in both Equation (3) and Lee-Carter
model were forecast using ARIMA(0,1,0) with drift



model. Forecast results are compared using root mean
square error (RMSE) and MAPE. RMSE is defined as
follows:

2
RMSE — ‘j FED I (IVI(mx,t) - ln(mx,t)) 6)

n

Here in(m,,) is the observed logarithm mortality rates,
and In(i,,) is the estimated logarithm mortality rates.
As a supplementary analysis, we conduct a hypothesis
testing for the difference in residual means for all three
different fitting periods with null hypothesis of no
difference in residual means.

Mortality rates were forecast for the next 15 years.
Forecasts of mortality rates are based on the forecasts
of k; and u,, which were determined by autoregressive
integrated moving average (ARIMA) model with the
smallest AIC values. By using the forecast mortality rate,
we determine the expected life expectancy at birth for
the next 15 years, which is from 2021 to 2035.

RESULTS AND DISCUSSION

Trends in mortality index and urbanization growth rate
are shown by the historical plot of both factors as in
Figure 1. In general, the mortality index k,, for each
country show a decreasing trend from 1991 to 2020.
Portugal experienced a deeper decline of mortality index
as compared to other countries. Urbanization growth
rate, u, for Malaysia, USA, Netherlands, and Portugal
exhibited a decreasing trend, while u, for UK and
Finland, exhibited a more fluctuating trend. The
stationarity for k, and w, were analyzed using Phillips-
Perron test (Phillips & Perron 1988) with null hypothesis
of non-stationarity. Results are shown in Panel A and
Panel B of Table 1.

Results of Phillips-Perron test for Malaysia, UK,
Netherlands and Portugal for both k, and u, shows that
the series are not stationary at levels. For k,, we can
only reject the null hypothesis of nonstationarity at 1%
significance level for Finland. For u,, we can only reject
the null hypothesis of nonstationarity at 10% significance
level for USA. Therefore, the results shows that k, and .,
are nonstationary. Phillips-Perron test were performed on
the first difference of k, and u, as shown in Panel C of
Table 1. The results indicates that time series for k, and
u; for each country is integrated of order one I(1).

917

Cointegration analysis is performed to analyse
the long-run relationship between k,and w, by using
Johansen (1988) cointegration test with the null
hypothesis of no cointegration (r =0) and null
hypothesis of one cointegrating vector (+ < 1). Results of
Johansen cointegration test is shown in Table 2.

Results of the cointegration test are shown in Table 2.
Critical values for the null of + = 0 are 17.85, 19.96 and
24.6 for p < 0.10,p < 0.05 and p < 0.01, respectively.
Critical values for the null of + < 1 are 7.52, 9.24, and
12.97 for p < 0.10,p < 0.05 and p < 0.01, respectively.
The null of no cointegration is rejected at 5%
significance level for Netherlands, and 1% significance
level for all other countries. The null of one cointegrating
vector is rejected at 5% significance level for Finland
and Netherlands, and at 10% level of significance
for Malaysia and Portugal. However, the null of one
cointegrating vector cannot be rejected at 10% level of
significance. In general, the result indicates that there is
a possible long-run relationship between mortality and
growth of urban population for all countries. Following
this, we further study the implications of k, and u, on
future life expectancies. We compare the Lee-Carter
model (Equation 1) with a model that describes mortality
rates with an observable factor as in Equation (2).
Table 3 shows the best ARIMA model to forecast k,
and u,.

Projection of the life expectancy at birth are as
shown in Figure 2. Based on Figure 2, the expected
life expectancy at birth for most countries such as UK,
Finland, Netherlands, and Portugal exceed 85 years old.
USA and Netherlands have similar mean forecasts for
both models. For the other countries, the mean forecasts
based on Equation (2) are lower than mean forecasts
based on Lee-Carter model. Forecasts of Equation (2)
have wider intervals as compared to Lee-Carter model.
For US, UK, Netherlands and Portugal, Equation (2)
provides higher variance in estimated parameter, while
forecast intervals by Lee-Carter model have lower
variance in the estimated parameters. Lee-Carter model
has narrow forecasts because it underestimates the
variance in life expectancies (Lee & Carter 1992; Shang
2012). Therefore, we extend our study to incorporate
both k,and u, in modelling and forecasting mortality
rates. We used the same dataset of the six countries as in
the previous section. Plot of estimated parameter are
shown in Figure 3.
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TABLE 1. Results of unit root tests: Test statistics

Malaysia USA UK Finland Netherlands Portugal
Panel A: Levels of the time series (Phillips-Perron test)
k -13.9 5.94 -5.37 -26.1%%* -8.07 -2.19
t
Ug -15.0 -17.5% 1.03 -5.32 -10.6 -3.08
Panel B: First difference of time series (Phillips-Perron test)
k S22.1%* -21.5%* -4 4k -39.2%%* -32.8%%* -7 4k
t
Us -23.2%%% -23.3%%% =24 A -12.6* -19.1%** -11.8%*
Note: *p-values < 0.10; **p-values < 0.05; ***p-values < 0.01
TABLE 2. Johansen cointegration test statistic
Malaysia USA UK Finland Netherlands Portugal
Stage 2: r < 1 8.02* 6.09 6.17 11.12%%* 9.70%** 7.83%*
Stage 1: T+ =0 27.27%%* 27.56%%* 27.66%** 35.66%** 22.32%* 39.80%**
Note: *p-values < 0.10; **p-values < 0.05; ***p-values < 0.01
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FIGURE 3. Parameters of proposed model



Based on Figure 3, the patterns of a,., which measures
the average mortality, are similar for all countries. The
values of b,, varies across countries with the highest b,
b, at younger and older ages are in Malaysia and UK,
respectively. This means that in Malaysia, mortality rates
at younger ages are more sensitive to changes in the
mortality index, while in UK, mortality rates at older
ages are more sensitive to changes in the mortality index.
Lowest b, at both younger and older ages are in the
USA. The latent factor k., in the proposed model is
smaller as compared to k, in Lee-Carter model in most
cases. The values of c,c,, that measures the sensitivity
of mortality rates toward urbanization growth are almost
similar in most countries, except USA. Generally, ¢, have
a positive relationship with mortality rate. In the US,
relationship between u, and mortality rate is negative for
ages between 20 and 40 years old. In Malaysia and UK,
there is a positive relationship between u, and mortality
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rate for ages between 20 and 40 years old. This means
that an increase in u, will lead to an increase in mortality
rates in these countries. This finding supports Islam et
al. (2017) that concluded urban adults are exposed to
increased risk of mortality, for example, due to climate
change and infectious diseases (Bijari, Mahdinia
& Mansouri Daneshvar 2021; Chen et al. 2016).
Furthermore, comparison of model fitting between
LC model and the proposed model were done using
Bayesian Information Criterion (BIC) and Mean Absolute
Percentage Error (MAPE). Results are shown in Table 4.

Results show that the proposed model provide better
quality of fitting for all countries. The most improved
quality of fitting is for Portugal and Malaysia, which
recorded the highest difference in BIC values. Results for
out-sample forecast accuracy using the proposed model
is as shown in Table 5.

TABLE 3. Best ARIMA model forecast k; and 1,

k; U

Malaysia ARIMA(0,1,0) with drift ARIMA(1,1,0) with drift

USA ARIMA(0,1,0) with drift ARIMA(0,1,0) with drift

UK ARIMA(2,1,0) with drift ARIMA(0,1,0) with drift

Finland ARIMA(1,1,0) with drift ARIMA(0,1,0) with drift

Netherlands ARIMA(0,1,0) with drift ARIMA(0,1,0) with drift

Portugal ARIMA(1,1,0) with drift ARIMA(0,1,1) with drift

TABLE 4. Results for BIC and MAPE
BIC MAPE (%)
LC Proposed model LC Proposed model

Malaysia -2861.002 -3017.18 0.89 0.78
USA -2879.33 -3038.77 0.71 0.65
UK -3223.06 -3344.23 0.56 0.49
Finland -2467.82 -2498.57 1.07 1.002
Netherlands -3056.33 -3081.88 0.59 0.57
Portugal -2636.07 -2772.05 0.89 0.76
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TABLE 5. Out-sample forecast accuracy

RMSE MAPE (%)

Proposed model LC Proposed model LC
Scenario A: 6 years forecast
Malaysia 0.1309 0.1035 1.87 1.45
[N 0.2148 0.1820 2.54 2.19
Finland 0.2147 0.1444 3.29 1.90
Netherlands 0.1689 0.0932 241 1.23
Portugal 0.2497 0.1908 3.84 2.38
UK 0.2919 0.0996 4.69 1.53
Scenario B: 3 years forecast
Malaysia 0.1241 0.1264 1.57 1.58
UsS 0.1487 0.1526 2.04 2.07
Finland 0.1843 0.1553 2.11 1.56
Netherlands 0.1013 0.0875 1.36 1.06
Portugal 0.2113 0.1337 2.82 1.72
UK 0.1632 0.0950 2.10 1.43
Scenario C: 1 year forecast
Malaysia 0.1567 0.1596 1.87 1.64
usS 0.1685 0.2196 3.16 3.72
Finland 0.1254 0.1299 1.37 1.31
Netherlands 0.1202 0.1051 1.93 1.69
Portugal 0.1263 0.0973 2.12 1.58
UK 0.1432 0.1185 247 2.11

TABLE 6. Difference in residual means: Test statistics

Scenario A Scenario B Scenario C
Malaysia -1.43 -0.80 -0.17
(0N -0.06 0.42 0.59
Finland -3.30% -1.53 -0.29
Netherlands -6.24%* -2.92% -0.61
Portugal 5.59%* -2.39 -0.71
UK 0.94 0.98 -0.42

*reject null hypothesis at 1% level of significance
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Based on Table 5, the proposed model outperforms
LC model in Malaysia and US for 3 years out-sample
forecast, while it outperforms Malaysia, US and Finland
for 1 year out-sample forecast. The proposed model
incorporates an additional factor to model mortality,
which is urbanization growth. Hence, the proposed model
provides additional information as compared to the
LC. It also provides more interpretable scenarios about
mortality, for example it explains how urbanization
helps to model future trends of mortality. Although in
other cases it seems that LC performs better than the
proposed model, LC only consists of latent factor which
challenges the understanding and interpretation of future
trends of mortality particularly to individuals with limited
statistical knowledge. It is interesting to note that the
difference in both RMSE and MAPE of both models are
rather small. As a supplementary analysis, we conducted
hypothesis testing on the difference between residual
means of LC model and the proposed model. Results are
shown in Table 6.

Based on Table 6, the critical values for null
hypothesis of no difference in means are 1.645, 1.96,
and 2.576 for level of significance 10%, 5%, and 1%,
respectively. In Scenario A, the null hypothesis is
rejected at 1% level of significance for Finland,
Netherlands, and Portugal. From Figure 1, trend of u,
for Finland, Netherlands, and Portugal are centered
at 0, while trend of k, for these countries are sharply
decreasing. Hence, there is a difference in the mean
of residuals of Lee-Carter and the proposed model. In
Scenario B, the null hypothesis is rejected 1% level of
significance for Netherlands. Other than that, the result
indicates that we fail to reject null hypothesis of no
difference in the means of residuals between the proposed
model and Lee-Carter models. In Scenario C, we fail to
reject the null hypothesis of no difference in the means
of residuals for all countries. Ideally, the proposed model
needs at least 29 years of fitting periods so that there
will be no difference in the means of residuals between
the proposed model and Lee-Carter model. Results for
forecast life expectancy at birth are shown in Figure 4.

We can see from Figure 4 that all countries show
increase in forecast life expectancy for year 2021 to
2035, except for US. After 2011, Djeundje et al. (2022)
reported that many developed countries experienced
lower mortality improvement rate, including US. It is
also interesting to note that the sharp decline in life
expectancies in year 2020 due to COVID-19 pandemic.
Finland and Portugal exhibited the highest forecast life
expectancy at approximately 85 years old in the next 15
years. Wider forecast intervals are illustrated by USA and
Malaysia, while UK, Finland, Netherlands, and Portugal
show a relatively narrow forecast interval. According
to Niu and Melenberg (2014), narrow forecast interval
means least volatile, while wider forecast interval means
more volatile. The volatility in k., and u, affects its

uncertainty and is then reflected in the forecast interval.
UK have lower variance of the estimated parameters,
while estimated parameters in the US have higher
variance. This means that UK’s mortality and
urbanization experience are less volatile as shown by
its narrow forecast interval, while USA’s mortality
and urbanization experience are more volatile which
corresponds to its wider forecast interval. Mortality, life
expectancy and urbanization are part of the sustainable
development goals (SDG) developed by United Nations
(Fonseca, Domingues & Dima 2020). The SDG,
particularly SDG3 on good health and well-being
and SDGI1 on sustainable cities and communities.
Therefore, the findings in this study are aligned with the
SDG mentioned earlier, and it is important to develop
empirical connection between urbanization, mortality,
and life expectancy.

CONCLUSION

An estimated 1.5 billion people in 2050 will be 65 years
of age or older, contributing to the global phenomenon
of population ageing that is impacting many nations.
The primary causes of the population’s ageing are
rising life expectancy, declining fertility, and rural-to-
urban migration. The latter is a contributing factor to the
increasing urban population. Urban population mortality,
including mortality risks from infectious diseases and
climate change, is a significant health concern associated
with urbanisation. This paper examines the relationship
between mortality and urbanization based on data from
1991 to 2020 for countries with high urban population,
which are Malaysia, USA, UK, Finland, Netherlands, and
Portugal. Mortality is represented by mortality index of
the Lee-Carter model k,, and urbanization is represented
by urbanization growth u,. Findings indicate a long-term
relationship between urbanisation and mortality based
on the cointegration analysis. Therefore, we extend the
existing Lee-Carter model by including observable factor
that is represented by urbanization growth to provide
better mortality estimation and forecasts. In terms of
BIC and MAPE error measures, the proposed model
outperforms the Lee-Carter model in terms of goodness-
of-fit for all nations. This study also indicates that there
is no difference in means of residuals for both Lee-Carter
and the proposed models for a fitting period of 29 years.
Additionally, we provide forecast of life expectancy at
birth using the proposed model by forecasting both the
latent and observable factors.

In the context of Malaysia population, the proposed
model show that young ages in Malaysia are more
sensitive to changes in the mortality index. Malaysian
adults ages between 20 and 40 years old are more likely
to be affected by an increase in u,, because there is a
positive relationship between urbanization growth
and mortality rate at these ages. As urbanization rate
increases, risk of mortality increases due to the



deterioration of health condition and financial capabilities
of the urban population. Limited financial resources of
the urban population restrict their spending on healthcare
which caused them to be less resilient to illness (Antai
& Moradi 2010; Burroughs et al. 2015). Urbanization
also affects health condition of the urban population, for
example, urban lifestyle that increases the exposure to
diabetes and cardiovascular diseases (Bijari, Mahdinia &
Mansouri Daneshvar 2021; Sajid et al. 2020). Issues of
overcrowding and high population density in urban areas
increases the transmission of infectious disease such as
COVID-19 (Bijari, Mahdinia & Mansouri Daneshvar).
The proposed model outperforms Lee-Carter model in
forecasting mortality rate in fitting periods of 27 and 29
years. Overall, there is no difference in mean of residuals
for both Lee-Carter and the proposed models for all
three different fitting scenarios.

Urbanization and mortality are key factors in
planning for sustainable development of the future.
Therefore, it is important to develop a mortality
forecasting model that can account for the uncertainty
surrounding urbanization. Findings of this study can
provide valuable insights on effects of urbanization
on mortality, which is useful information to help
policymakers to understand the drivers of mortality and
how changes of urbanization affect mortality. Although
this study focused on the case of high urbanization
country which may limit the generalization of the study,
future research can extend and replicate the models used
and compare them with low urbanization countries. This
research can also be extended to include comparison
with other extrapolative mortality forecasting models and
to include longer time series data.
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