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1. 
Introduction
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1.1 Introduction

Against a background of rapid population aging in Western Europe (European 

Commission 2014), mortality forecasting is becoming increasingly important. Since 

1960, life expectancy in Western Europe has risen by around 10 years (from 70 to 

80 years) (United Nations 2017). As people are living longer lives and their health 

needs are expanding, it is not only the structure of the individual life that is 

changing, but the structure of society as a whole (Bengtsson and Christensen (Eds.) 

2006). In particular, social security programs are becoming strained and the 

sustainability of pension schemes is being called into question (Currie et al. 2004). 

In order to have some idea of how long individuals will live in the future, what the 

size and the composition of the older population will be, and how sustainable 

current pension schemes will be over the long term, it is essential that we have 

accurate estimates of future mortality by age. Such estimates are usually obtained 

through mortality forecasts. Since the recent enactment in several Western 

countries of pension reforms that link the retirement age and/or retirement 

payments to rapidly increasing life expectancy (OECD 2015; Carone et al. 2016), 

having accurate and high-quality mortality forecasts has become increasingly 

important. 

As the relevance of mortality forecasts has grown, researchers, statistical offices, 

and actuarial associations have become increasingly interested in mortality 

forecasting, especially in Western Europe, where the proportions of older people 

are high. As a result, numerous models for mortality modelling and forecasting 

have been developed over the last few decades (for recent reviews, see Booth and 

Tickle 2008; Cairns et al. 2011). The majority of these new methods of mortality 

forecasting are extrapolative in nature; that is, they extend a past mortality trend 

by assuming that both age patterns and trends remain regular over time (Booth 

and Tickle 2008). Because mortality trends have largely been linear in the majority 

of Western European countries, this approach generally works well (Booth and 

Tickle 2008). Compared with other forecasting approaches, the extrapolative 

methods are highly objective; i.e., they reduce the role of subjective judgment 

involved in mortality forecasting (Booth and Tickle 2008).

However, particularly in situations in which past trends have been non-linear, the 

use of an objective extrapolative method will be more problematic. Indeed, in a 

number of European countries – especially in Nordic countries, the United Kingdom, 

and the Netherlands, and particularly among men – past mortality trends have 

been non-linear: in these countries, the increasing trends in life expectancy 

stagnated over longer periods of time in the 1950s and the 1960s, and then rose 
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sharply (Janssen et al. 2004; Vallin and Meslé 2004; Kaneda and Scommegna 2011; 

Crimmins et al 2011). In addition, in the Netherlands and Denmark, clear non-linear 

trends have been observed among women, as the increasing trend in life 

expectancy for women in these countries stagnated in the 1980s (Van der Wilk et 

al. 2001; Lindahl-Jacobsen et al. 2016). If a trend is not linear, the mortality 

forecasted based on this trend could vary greatly depending on the historical 

period used in the estimation of the model (Janssen and Kunst 2007). 

To ensure the robustness of mortality forecasting, it is essential that we determine 

the cause of non-linearity in mortality trends by studying past trends for a large 

number of countries (Janssen and Kunst 2007). The non-linearity in past mortality 

trends in Western European countries is mainly attributable to smoking (Janssen et 

al. 2007; Janssen et al. 2013; Lindahl-Jacobsen et al. 2016). As the full impact on 

mortality of the widespread uptake of smoking did not occur until 30 years later 

(Lopez et al. 1994), the influence of smoking resulted in a clear non-linear pattern 

in mortality, particularly among men. Making explicit adjustments for the distorting 

effects of smoking is likely to improve the accuracy of the overall mortality forecast 

(Janssen and Kunst 2007; Bongaarts 2014; Peters et al. 2016). Another option for 

improving mortality forecasts when the past trends are non-linear is to use the 

more linear trends of other countries as the underlying long-term trend in mortality 

(Janssen and Kunst 2007). The use of this approach could produce better estimates 

of the future direction of the mortality trends in a country with less linear trends. 

These types of methods are referred to as coherent forecasting methods (see, e.g., 

Li and Lee 2005).

Both approaches to improving mortality forecasts when past mortality trends are 

non-linear require additional information, such as information on smoking (direct 

or indirect estimations) or information on mortality trends in other countries. 

However, adding such information introduces more subjectivity into a mortality 

forecast because decisions have to be made about how the information will be 

incorporated into the forecasting method, and what kind of information will be 

included. 

Thus, there is an important debate about whether only “objective” extrapolation 

methods should be employed even in cases of non-linearity, or whether it is 

preferable to include additional information, such as information on trends in other 

countries or smoking, even if doing so introduces additional subjectivity. To address 

this question, mortality forecasting approaches must be evaluated in the context of 

non-linear past mortality trends. 
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Most of the previous evaluation and comparison studies in the field of mortality 

forecasting did not consider different types of methods or approaches, such as both 

extrapolation methods and more explanatory approaches that include additional 

information. Furthermore, in these previous studies, little attention was paid to the 

effect of explicit assumptions; i.e., to the specific choices that must be explicitly 

stated in a method, such as the choice of the length of the historical period used in 

the estimation of the method (fitting period) and of the mortality rates used as the 

starting values of the mortality forecast (jump-off rates; i.e., the rates observed in 

the last year(s) or the rates estimated by the underlying mortality model). 

Moreover, previous evaluation studies assessed the performance of mortality 

forecasting methods using a quantitative approach that focused solely on their 

accuracy. It is, however, essential to evaluate these methods based on qualitative 

criteria as well (Cairns et al. 2011), such as the robustness and the plausibility of 

the outcomes of the mortality forecasting method. This PhD thesis will include 

these different approaches when evaluating the performance of mortality 

forecasting in the context of non-linear past mortality trends. 

In addition to contributing to the debate on the degree of subjectivity associated 

with particular forecasting methods, this PhD thesis will generate results that can 

be used to improve the mortality forecasts of Statistics Netherlands. Thus, this study 

will provide important input for the official national population forecasts of 

Statistics Netherlands. The Netherlands is among the countries where past trends in 

mortality have been particularly non-linear (Van der Wilk et al. 2001; Janssen et al. 

2003). This lack of regularity has made mortality forecasting, and, subsequently, 

population forecasting, in the Netherlands especially challenging. Previous 

methods that were employed by Statistics Netherlands were not able to fully deal 

with the non-linear past trends. Until 2012, mortality was forecasted by making 

assumptions about separate causes of death. Statistics Netherlands adopted a new 

method in 2012 based on recent research insights from Janssen and Kunst (2010) 

and Janssen et al. (2013). This new method makes use of extrapolation, but 

includes additional information on trends in other countries in Western Europe, and 

separately forecasts a clear non-linear pattern in smoking-attributable mortality 

(Stoeldraijer et al. 2012). The current PhD thesis provides a detailed analysis of the 

different components of this new approach, and the findings of this study can be 

used to evaluate, validate, and – ultimately – further improve the mortality 

forecasts, and, subsequently, the population forecasts, of Statistics Netherlands.
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1.2 Objective and research questions

The aim of the current PhD research is to evaluate mortality forecasting in the 

context of non-linear past mortality trends. 

The evaluation is comprised of (i) a quantitative and qualitative evaluation of not 

just different mortality forecasting models, but different mortality forecasting 

approaches; (ii) an assessment of the sensitivity of future mortality based on 

different explicit assumptions (e.g., fitting period, jump-off rates); and (iii) an 

evaluation of different elements of a mortality forecasting approach that deals 

with non-linear past mortality trends (e.g., the forecasting of smoking-attributable 

mortality, a model that forecasts mortality coherently). 

The study is guided by the following research questions:

1) In a context in which mortality trends are non-linear, how does the choice of the 

mortality forecasting method and the explicit assumptions affect future 

forecasted mortality?

2) How can future levels of smoking-attributable mortality be formally estimated?

3) Which model should be used when the goal is to forecast mortality coherently, 

namely by taking into account the mortality experiences of other countries?

4) How can mortality forecasts be adjusted to take into account more recently 

observed data?

1.3 Background

1.3.1 Different mortality forecasting approaches

Mortality forecasting refers to the art and science of determining likely future 

mortality rates for a population. A forecast is an expectation of what is likely to 

happen; i.e., what is most likely to occur (De Beer 2011). It is primarily based on an 

assessment of historical trends and of the conditions for the continuation of these 

trends. There is a noteworthy distinction between a mortality forecast and a 

mortality projection: a mortality projection is what might occur. A projection is 

based on a technical calculation of a model that assumes that current trends will 

continue (De Beer 2011). Projections can also use hypothetical trends to answer 

“what-if” kinds of questions.
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Only three decades ago, the methods used for mortality forecasting were relatively 

simple and involved a fair degree of subjective judgment. For example, a forecast 

might have consisted of a projection based on model life tables or data from 

another “more advanced” population (see Pollard 1987 for a review). But in the 

last two decades, more sophisticated models have been developed (Tabeau 2001; 

Wong-Fupuy and Haberman 2004; Booth and Tickle 2008; Cairns et al. 2011). The 

new models make increasing use of statistical methods drawn not only from 

demography, but from other fields of research, including epidemiology, actuarial 

science, spatial analysis, and Bayesian hierarchical modelling (Booth and Tickle 

2008).

The mortality forecasting methods currently being used can be roughly divided into 

three types of approaches: extrapolation, explanation, and expectation (Booth and 

Tickle 2008). The extrapolation approach makes use of the regularity in age 

patterns and trends over time. The methods employed in this approach are the 

most objective; i.e., they reduce the role of subjective judgment by extrapolating 

historical trends based on the available data. The explanation approach makes use 

of (measurable) exogenous variables that are known to be related to certain 

causes of death. Examples of these approaches are extrapolation by cause of death 

and explanatory models based on mortality determinants. The expectation 

approach makes use of the subjective opinions of experts. In this approach, 

qualitative information and other relevant knowledge are incorporated into the 

forecast, such as the opinions of experts in demography or epidemiology. Setting a 

target of life expectancy for a date in the future is a commonly-used expectation 

method. 

The majority of the mortality forecasting methods can be classified as extrapolative 

approaches. The Lee-Carter method (Lee and Carter 1992) is the dominant method 

of extrapolative mortality forecasting, and is frequently used as a benchmark for 

other methods that rely on extrapolation. The Lee-Carter method summarises 

mortality by age and period for a single population into an overall time trend, an 

age component, and the extent of change over time by age (Lee and Carter 1992). 

Mortality is forecasted by extrapolating the parameters for the overall time trend 

using time series methods, such as autoregressive-integrated-moving average 

(ARIMA) time series models (Box and Jenkins 1976; Tiao and Box 1981). Many 

studies since Lee and Carter (1992) have tried to improve upon their model by, for 

instance, adding more principal components, a cohort effect, a poisson-gamma 

setting, or a Bayesian version (among others: Booth et al. 2006; DeJong and Tickle 

2006; Renshaw and Haberman 2006; Delwarde et al. 2007; Yang et al. 2010; Chen 

and Cox 2009; Li et al. 2009; Li et al. 2011; Deng et al. 2012; Li et al. 2013; Mitchell 

et al. 2013; Wisniowski et al. 2015; Ševčíková et al. 2016).
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The major reason for the success of extrapolative forecasting methods is their 

congruence with historic trends. In many countries, the decline in mortality rates 

has been remarkably regular (see as well 1.3.2). Because extrapolation methods 

must be based on a steady, long-term trend, these methods work well for countries 

that exhibit such regular trends, and are now the leading approach for mortality 

forecasting (Tuljapurkar et al. 2000; Oeppen and Vaupel 2002; White 2002; Booth 

and Tickle 2008).

1.3.2 Past mortality trends in Western Europe

Over the 20th century, life expectancy in low-mortality countries increased enormously. 

In the early 1900s, the life expectancy at birth in Western Europe and other low-

mortality countries was around 50 years (Kinsella 1992). Today, life expectancy in most 

Western European countries exceeds 80 years (United Nations 2017).

The historical increase in life expectancy is described in Omran’s epidemiological 

transition theory (Omran 1971). According to this original epidemiological 

transition theory, all countries have experienced (or will eventually experience) 

three “ages”: (1) the “age of pestilence and famine”, during which mortality from 

infectious diseases is very high; (2) the “age of receding pandemics”, during which 

life expectancy increases as mortality from infectious diseases at young ages 

decreases; and (3) the “age of the degenerative diseases and man-made diseases”, 

during which the decline in mortality at younger ages gradually shifts towards 

older ages, with degenerative and man-made diseases like cardiovascular disease 

and cancers becoming the main causes of death. In the last age, life expectancy in 

all countries tends to converge towards the maximum level that has almost been 

reached by the most advanced countries. The timing and the duration of this 

transition vary across countries. 

Omran (1971) thus described an overall transition from high levels of mortality 

from infectious diseases at young ages to high levels of mortality from 

cardiovascular diseases and cancers at old ages. He attributed the decrease in 

infectious diseases in low-mortality countries to modernisation, including improved 

nutrition, improved hygiene, and large-scale public health innovations.

As soon as Omran published his paper in 1971, the increasing life expectancy trends 

in Western Europe and other low-mortality countries continued. These further gains 

were due to socio-economic development and medical progress (Omran 1998; 

Mackenbach 2013). Since the 1970s, declines in mortality from cardiovascular 

diseases that were made possible by rapid innovations in medical treatments and 
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prevention have played an increasing role in improving life expectancy in many 

developed countries (Meslé and Vallin 2006). 

Although life expectancy continued to increase in low-mortality countries in the 

latter decades of the 20th century, there were also signs of stagnation in some 

European countries, especially in Eastern European countries, which were hit by a 

health crisis starting in 1975; but also in some North-western European countries in 

the 1950s and the 1960s (e.g., Vallin and Meslé 2004). In a number of European 

countries – especially in Nordic countries, the United Kingdom, and the 

Netherlands; and particularly among men – life expectancy stagnated over longer 

periods of time in the 1950s and the 1960s. While life expectancy gains stalled in 

Northern Europe, in Southern European countries, where life expectancy in 1950 

was lower than in Northern Europe because the standard of living was generally 

lower, life expectancy continued to advance. By 1970, the life expectancy gap 

between North and South was significantly reduced. Around 1980, male life 

expectancy in most Western European countries started to increase again (Janssen 

et al. 2004; Vallin and Meslé 2004; Kaneda and Scommegna 2011; Crimmins et al 

2011). The gains registered in Western European countries did not, however, spread 

to Central and Eastern European countries. Due to the health crisis in that region, 

life expectancy stagnated (or even decreased), especially among men. Thus, by the 

mid-1990s, there was a huge East-West life expectancy gap in Europe. However, in 

some Western European countries, like the Netherlands and Denmark, life 

expectancy for women stagnated in the 1980s (Van der Wilk et al. 2001; Lindahl-

Jacobsen et al. 2016).

These signs of stagnation have been described in Vallin and Meslé (2004), who 

used them as the basis for their convergence-divergence approach to the health 

transition. Briefly, their theory, which is based on empirical research, states that a 

succession of divergence-convergence movements will take place at different times 

from population to population (Vallin and Meslé 2004, 2005). They also posited 

that Omran’s epidemiologic transition is the first stage of a global process of health 

transition; while the second stage (the cardiovascular revolution) is characterised 

by innovations in health from which some countries benefit, while others do not. 

These developments are expected to result in a trend towards divergence, followed 

by a trend towards convergence as late-entering countries are able to catch up to 

the pioneers. The authors further observed that progress in life expectancy made in 

the most advanced countries, especially among women, indicates that some 

countries are entering a third stage centred on the ageing process, which will 

initially lead to a new trend towards divergence between countries (again 

scattered between pioneers and those lagging behind), and then to a new trend 

towards convergence (after catching up).
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The theory of Vallin and Meslé (2004) explains not just the remarkable similarities 

in life expectancy trends in Western Europe, but the variations in slopes between 

countries. Furthermore, there is evidence that behaviour and lifestyle factors (and 

the knowledge thereof) are becoming increasingly important for life expectancy 

progress in many countries (O’Doherty et al. 2016; Li et al. 2018). Smoking, alcohol 

consumption, diet, and exercise have all contributed to the success (or failure) of 

life expectancy advances. 

The periods of stagnation and acceleration in mortality trends are more 

problematic for mortality forecasting, which relies heavily on the extrapolation of 

past trends. To ensure the robustness of mortality forecasting, it is essential that we 

determine the causes of the non-linearity in mortality trends by studying past 

trends for a large number of countries (Janssen and Kunst 2007).

1.3.3 Important role of smoking in past non-linear 
mortality trends

The unfavourable developments in life expectancy among men in many North-

western European countries in the 1950s and the 1960s are related to changes in 

lifestyle after the Second World War (i.e., smoking) (Vallin and Meslé 2004). 

Differences between countries in the timing and the size of the smoking epidemic, 

the lagged effect of smoking on death rates, and the mortality declines following 

cessation all help to explain the mortality trends and the differences in mortality 

levels observed among countries since the middle of the 20th century (Janssen et 

al. 2007; Janssen et al. 2013; Lindahl-Jacobsen et al. 2016). The extended period of 

relative stagnation in female life expectancy that some countries (Denmark, the 

Netherlands, and England and Wales) experienced in the 1980s and 1990s is also a 

legacy of heavy smoking among women in these countries since the Second World 

War (Lindahl-Jacobsen et al. 2016). 

The adverse impact of smoking on health and mortality is well established (CDC 

2010; Ezzati et al. 2003; Doll et al. 2004; Jha and Peto 2014; Peto et al. 1992; Peto 

et al. 2012; Preston, Glei, and Wilmoth 2010a). In addition to being responsible for 

the large majority of lung cancer deaths worldwide, smoking has been shown to 

increase mortality from other cancers, cardiovascular diseases, and most other 

diseases. Furthermore, smoking is the most important preventable risk factor in the 

European Union (WHO 2009).
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In general, as was described in the smoking epidemic model proposed by Lopez et al. 

(1994), men in Anglo-Saxon countries were the first to take up smoking in the early 

20th century. After a rapid rise lasting two or three decades, male smoking 

prevalence started to decline. Smoking-attributable mortality (i.e., the number of all 

deaths in a population caused by smoking) followed the increase and the subsequent 

decline in smoking prevalence some 30–40 years later. The increase in smoking 

prevalence generally started about 20 years later for women than for men, but, 

depending on the country, this period may have been shorter or longer. As the 

maximum levels of female smoking prevalence were considerably lower than those 

for men, smoking-attributable mortality was also lower among women than among 

men. It is posited in the last stage of the original smoking epidemic model that 

declines in smoking prevalence will reach similar levels for men and women, which 

suggests that smoking-attributable mortality for men and women should converge in 

the future (McCartney et al. 2011; Lopez et al. 1994). However, smoking-attributable 

mortality for women has continued to increase during this last stage. Currently, some 

countries, such as England and Wales, have already experienced the peak in smoking-

attributable mortality for women (Thun et al. 2013). In other countries in Northern 

and Western Europe, such as Denmark and the Netherlands, this peak appears to be 

approaching, as the peak in smoking prevalence for women has passed (Janssen et 

al. 2013; Lindahl-Jacobsen et al. 2016).

Patterns of smoking behaviour and the accompanying patterns of smoking-

attributable mortality have changed enormously over time. Indeed, smoking has 

been the most important non-linear determinant of mortality in low-mortality 

countries in recent decades. Furthermore, patterns of smoking behaviour and, 

consequently, of smoking-attributable mortality differ greatly by country, and have 

contributed to the emergence of a large gender gap in mortality (McCartney et al. 

2011; Lopez et al. 1994). Ignoring the smoking epidemic yields a bias in the 

forecast of life expectancy, especially if the method used relies on extrapolation of 

past observed mortality trends (Janssen & Kunst 2007). Making explicit adjustments 

for the distorting effects of smoking is likely to improve the accuracy of forecasts 

(Janssen and Kunst 2007; Bongaarts 2014; Peters et al. 2016).
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1.3.4 Dealing with non-linear past mortality trends in 
mortality forecasting

Non-linear past trends in mortality pose additional challenges when forecasting 

mortality. If the trend is not linear, the forecasted mortality could be very different 

depending on the historical period used in the estimation of the model (Janssen 

and Kunst 2007).

Thus, when dealing with non-linear past mortality trends, it is essential to 

determine the cause of the non-linearity by studying past trends for a large number 

of countries (Janssen and Kunst, 2010). When the cause is known (and 

measurable), it can be incorporated into the forecasting method. 

As was detailed in section 1.3.3, past smoking behaviour has been established as 

an important factor in the non-linearity of past mortality trends in the Netherlands 

and in many other Western European countries, especially for men. For this reason, 

a few studies have explicitly adjusted mortality projections to account for the 

impact of smoking (e.g., Pampel 2005; Bongaarts 2006; Janssen and Kunst 2007; 

Girosi and King 2008; Wang and Preston 2009; Technical Panel on Assumptions and 

Methods 2011; Janssen, van Wissen, and Kunst 2013; Preston et al. 2014). The 

forecasting approaches used in these papers differ. Bongaarts (2006), Janssen and 

Kunst (2007) and Technical Panel on Assumptions and Methods (2011) employed 

an approach that looked at developments in mortality and life expectancy without 

smoking. Pampel (2005) and Preston et al. (2014) used information on smoking 

prevalence to forecast smoking-related mortality. Girosi and King (2008) and Wang 

and Preston (2009) included covariates for smoking within the forecasting method 

of total mortality. Janssen, van Wissen, and Kunst (2013) separately projected 

smoking- and non-smoking-related mortality. The different approaches were 

chosen in part based on the availability of adequate data. Because more 

assumptions are required in a method that incorporates smoking, a trade-off must 

be made between the advantage of being able to take the impact of smoking into 

account and the advantage of the objectivity of a pure extrapolation approach 

based on total mortality.

When the cause of the non-linearity is unknown, or the cause cannot be quantified 

within the forecasting method, an approach that can be used to account for the 

non-linearity is coherent mortality forecasting (Janssen and Kunst 2007). Coherent 

forecasting methods, whereby “coherent” refers to non-divergent forecasts for 

sub-populations within a larger population (Li and Lee 2005), were introduced to 

ensure that divergence as a result of individual forecasting does not occur. The 
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scholars who proposed these methods observed that mortality patterns and trajectories 

in closely related populations are likely to be similar in some respects, and that 

differences are unlikely to increase in the long run. Thus, they argued, experiences in 

other countries can be used to create a broader empirical basis for the identification of 

the most likely long-term trend (Janssen et al. 2013; Shair et al. 2017). In other words, 

the approach assumes that countries with more linear mortality trends could provide 

better information about the future direction of the mortality trends in a country with 

less linear trends than the country’s own past trends. 

In coherent forecasting methods, non-divergence is derived by applying constraints 

to the parameters of individual forecasts of multiple populations. Most existing 

coherent forecasting methods are based on the Lee-Carter structure (Carter and Lee 

1992; Li and Lee 2005; Li and Hardy 2011; Zhou et al. 2012; Zhou et al. 2013; Yang 

and Wang 2013; Wan et al. 2013; Kleinow 2015), but there are also methods based 

on the age-period-cohort structure (Dowd et al. 2011; Cairns et al. 2011a; Jarner 

and Kryger 2011; Börger and Aleksic 2014) and the functional data paradigm 

(Hyndman et al. 2013; Shang and Hyndman 2016). Other structures are usually 

more complex. Even within a single structure, these coherent forecasting methods 

can differ greatly. So far, few of these methods have been compared in terms of the 

accuracy of their forecasts (Shang 2016; Enchev et al. 2016; Shair et al. 2017).

A method that simultaneously takes into account smoking and the experiences of 

other countries was proposed by Janssen et al. (2013). The idea behind their 

methodology is as follows: by first removing smoking from the mortality trends for 

each country, the actual long-term trend in mortality driven by socio-economic 

developments and medical care improvements can be identified. This more linear 

trend of non-smoking-attributable mortality may be expected to converge across 

countries, and can then be used in the coherent forecasting method. The non-linear 

past trend in smoking-attributable mortality, which cannot be captured by age-

period modelling or projection, must be projected separately, and subsequently 

combined with the forecast of non-smoking-attributable mortality. The inclusion of 

epidemiological information can thus generate a more robust long-term trend that 

may be used as a basis for projection (Janssen et al. 2013), thereby lessening 

dependence on the historical period.

1.3.5 Mortality forecasting by Statistics Netherlands

Statistics Netherlands regularly publishes a mortality forecast (Gjaltema and 

Broekman 2002; Stoeldraijer et al. 2017). The mortality forecast is part of the 

population forecast, which currently follows a three-year cycle. An extensive 
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population forecast is issued once every three years, with adjustments being made 

in the intermediate years. In the intervening years, the adjusted population forecast 

is supplemented with a household forecast in the first year and a population and 

household forecast on the municipality level in the second year. The adjustments to 

the mortality forecast made in the intervening years include a re-estimation of the 

current forecast method based on the most recent data available, but usually 

include no changes to the method itself.

The mortality forecast published by Statistics Netherlands in 1950 assumed that 

mortality rates would remain constant (Gjaltema and Broekman 2002). Because it 

underestimated the development in life expectancy, the 1951 forecast used an 

extrapolation of the decrease in five-year mortality rates. However, this still 

underestimated the development in life expectancy: between 1950 and 1970, life 

expectancy increased 0.3 years per decade for men and 2.0 years per decade for 

women. In the forecast published in 1965, extrapolation was increased for the 

initial years of the forecast period, but mortality rates were again kept constant 

after 15 years of the forecast period. In 1970, a forecast with four causes of death 

was introduced. Because the added uncertainty associated with the breakdown 

was estimated to be too large and the increase in life expectancy in that period 

was minimal (especially for men), the mortality rates used in the 1975 forecast 

were again kept equal to the observed rates (over the 1971-1974 period), with a 

small extrapolation for some ages. However, between 1970 and 1980, life 

expectancy increased 1.7 years for men and 2.7 years for women. 

In its 1980 forecast, Statistics Netherlands used a limit for life expectancy at certain 

ages after 10 years of the forecast period (Gjaltema and Broekman 2002). The limit 

was set based on a literature review and consultation with experts from the 

Netherlands and abroad. It was expected that in the near future, the negative 

impacts on the life span of the population of certain socio-economic, cultural, and 

technological developments would not outweigh the positive impacts of 

developments in medicine, hygiene, nutrition, and preventive health care. It was 

thus assumed that mortality rates would decline further, and that the excess 

mortality of men would decrease slightly. After the 10-year period, the mortality 

rates were kept constant. For the forecasts after 1980, the limit was raised a few 

times in response to increasing life expectancy. In 1996, the limit was determined 

for 2050 instead of for 10 years in the future. Because it was assumed that 

achieving additional increases in life expectancy would become more and more 

difficult, it was anticipated that the increasing trend would level off in the future.

For its 2002 forecast, Statistics Netherlands used an explanatory model based on 

life expectancy at birth (de Jong 2003). In this model, the effects of underlying 
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factors on mortality were taken into account to a limited extent. Therefore, in the 

forecasts it issued between 2004 and 2012, Statistics Netherlands forecasted 

mortality using the extrapolation of trends by cause of death (de Jong 2005). This 

made it possible to include determinants and model non-linearities. However, 

because a very large number of assumptions were required in applying this 

method, the model was ultimately seen as too time-consuming and lacking in 

transparency. In addition, it was found that obtaining well-founded expert 

expectations about future developments per cause of death was difficult when 

using this method, and that the level of detail required by the model made it hard 

to include international trends. Yet more fundamental objections to the use of this 

type of model were also raised, including that it can allow the cause of death with 

the least favourable development to dominate the overall future trend in mortality 

(Wilmoth 1995); and that extrapolating trends per cause of death can paint an 

overly pessimistic picture, especially over the long term. 

Because of the problems associated with the use of these approaches (i.e., 

underestimation of life expectancy and non-linearity in the trend), Statistics 

Netherlands adopted a new method in 2012. The method is a refinement of the 

method proposed in Janssen and Kunst (2010) and Janssen et al. (2013), which was 

described in the last paragraph of the previous section. To reiterate, the new 

methodology takes into account mortality trends in other European countries, and 

systematically includes in the calculation information about developments in 

smoking. The new methodology is in line with existing evidence that smoking 

plays an important role in mortality trends in the Netherlands, and it places 

mortality fluctuations not attributable to smoking in an international context. The 

mortality forecasting method used by Statistics Netherlands is explained (in Dutch) 

in Stoeldraijer et al. (2012, included in the Annex of this PhD thesis). The method 

for forecasting smoking-attributable mortality and the jump-off rates were refined.

The new mortality forecasting method used by Statistics Netherlands requires 

researchers to make a number of explicit choices. The estimation of smoking-

attributable mortality is based on the extrapolation of lung cancer mortality 

through the use of age-period-cohort analyses and the smoking epidemic model 

(Lopez et al. 1994). An indirect estimation technique is applied to the observed and 

forecasted levels of lung cancer mortality in order to estimate the observed and 

forecasted levels of smoking-attributable mortality (Rostron 2010). To coherently 

forecast non-smoking-attributable mortality, the Li-Lee method (Li and Lee 2005) is 

used (with Denmark, England and Wales, Finland, France, Germany, Italy, Norway, 

Spain, Sweden, and Switzerland serving as the main group of countries), following 

the work of Janssen et al. (2013). The Li-Lee method is essentially the Lee-Carter 

method, but is then applied twice, first to the group of countries, and then to the 
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difference between the group and the country of interest. The last observed 

mortality rates are used as the initial jump-off rates. However, these choices have 

yet to be evaluated. 

1.3.6 Previous evaluation of the performance of 
mortality forecasting models

As these new mortality forecasting models were being developed, approaches for 

evaluating their performance were also proposed. Many of the previous evaluation 

and comparison studies in the field of mortality forecasting considered one method 

or similar methods within the same approach. For example, the extensions of the 

Lee-Carter method have been compared with the original method (among others, 

Wilmoth 1993; Lee and Miller 2001; Booth et al. 2002; Li and Lee 2005; Renshaw 

and Haberman 2006; Li et al. 2006; Booth et al. 2006; Shang et al. 2011; Li et al. 

2013). 

Previous studies often assessed the performance of mortality forecasting models 

using a quantitative approach that focused solely on their accuracy (Cairns et al. 

2009). There are several measures that can be used to summarise the accuracy of 

forecasting methods. Most of these measures are based on the error of the model 

or forecast compared to the actual values of death rates, life expectancy, and other 

relevant statistics. Examples of such measures are the explanation ratio (ER), the 

root mean squared error (RMSE), the Bayes information criterion (BIC), and the 

mean absolute (percent) error (MA(P)E). Particularly, as coherent forecasting 

methods are relatively new, few have been compared in terms of forecast accuracy 

(Shang 2016; Enchev et al. 2016; Shair et al. 2017). Among the other more 

qualitative criteria that have been used to evaluate forecasting models are 

biological reasonableness, the plausibility of predicted levels at different ages, and 

the robustness of the forecasts relative to the sample period used to fit the model 

(Cairns et al. 2009). Because these criteria are more qualitative, a visual 

comparison is generally used in these evaluations (Cairns et al. 2009).

Most previous evaluations of mortality forecasting focused purely on the 

performance of mortality forecasting models. However, recent studies (Booth et al. 

2002; Janssen and Kunst 2007) have noted the importance of explicit assumptions. 

An explicit assumption is a specific choice that must be explicitly stated in a 

method, such as the choice of the length of the historical period and of the 

jump-off rates (i.e., the starting values of the actual mortality forecast). Previous 

research has shown that the historical period used is the main determinant of the 
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large differences in the outcomes of mortality forecasts (Janssen and Kunst 2007), 

especially when there is considerable non-linearity in the trends. In coherent 

forecasting, the choice of the main group of countries influences the outcome, 

because the main group determines the long-term trend of a specific country in the 

coherent mortality forecast (Li and Lee 2005). Moreover, while choosing appropriate 

jump-off rates is a practical consideration in every mortality forecast (regardless of 

the method used), it is essential for matching the mortality forecast to the most 

recently observed data, and thus influences the performance of the forecast. Choosing 

different jump-off rates can improve the accuracy of a single forecast and/or reduce 

the discontinuity between the last observed death rate and the first forecasted death 

rate. However, when successive forecasts differ from each other because different 

jump-off rates were chosen, the robustness of the forecast is affected.

1.4 Approach

The approach used in this PhD thesis is both academic and practical. It is academic 

because the thesis contributes to the academic debate on degrees of subjectivity in 

forecasting methods; and because it supports the further development of mortality 

forecasting approaches and methods, especially in situations in which the trends 

are not linear. It is practical because the findings of this PhD thesis can be used to 

improve the mortality forecasts issued by Statistics Netherlands. 

The evaluation approach adopted in this PhD thesis differs from those used in 

previous evaluation studies. In addition to evaluating different mortality 

forecasting methods, the thesis evaluates different forecasting approaches (i.e., 

extrapolation, explanation, and expectation). In the course of evaluating the 

approaches to and the methods for forecasting mortality, both quantitative and 

qualitative criteria will be examined: i.e., accuracy (fit to historical data), 

robustness (stability across different fitting periods), and the plausibility of results 

(smooth continuation of trends from the fitting period) (Cairns et al. 2009). The 

focus of the evaluation is not only on the performance of the model, but on the 

sensitivity of the outcome to underlying explicit assumptions, such as the jump-off 

rates and the main group of countries chosen. Furthermore, the different elements 

of a mortality forecasting method that deals with non-linear past mortality trends 

are evaluated. 

This PhD research adopts a data-driven approach. First, although the focus of the 

PhD thesis is on the Netherlands, other Western European countries are also 
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studied. The inclusion of data from these other countries made it possible to assess 

how different past trends, especially linear versus non-linear trends, affect the 

performance of different mortality forecasting approaches and methods; and to 

relate the differential effects of the explicit assumptions to previously observed 

national past trends. In addition, by evaluating mortality models for different 

countries (e.g., models for forecasting smoking-attributable mortality; coherent 

mortality modelling), we are able to obtain stronger evidence regarding their 

performance. A second element of the data-driven approach is that it was possible 

to make ample use of the already observed past trends. In addition to assessing the 

model fit and to comparing the future outcomes of the forecasts, it was possible to 

compare the outcomes forecasted with part of the data and the actual observed 

values. Third, it should be noted that the majority of mortality forecasting 

approaches that are being evaluated are also data-driven (Booth et al. 2008), and 

either consist of the pure extrapolation of past trends in age-specific mortality, or 

include additional data on either the smoking epidemic or past mortality trends in 

other countries. 

By focusing on the evaluation of the different elements and the explicit 

assumptions of the mortality forecasting approach used by Statistics Netherlands 

(e.g., the separate projection of smoking-attributable mortality and the coherent 

forecasting of non-smoking-attributable mortality), this PhD thesis will contribute 

to the evaluation, validation, and further development of the mortality forecasts 

issued by Statistics Netherlands.

1.5 Data and methods 

To answer the research questions, the PhD thesis employs both a review of existing 

forecasting approaches and methods, and an actual evaluation of different 

forecasting approaches and methods. 

In the review of the existing forecasting methods, the current methods for 

forecasting mortality used by statistical offices in Europe and the different national 

and international forecasts/projections that exist for the Netherlands are outlined.

In the actual evaluation, this PhD thesis uses data on mortality (all-cause and 

cause-specific; i.e., lung cancer), population exposure data, and data on smoking 

prevalence. The data are obtained by sex, age, year (between 1950 and 2014), and 

country. 
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The analyses are done separately for men and women, except for the analyses in 

Chapter 5, for which sex was irrelevant (however, sex-specific analyses are 

included in the Appendix of Chapter 5). 

Most of the data are divided into five-year age groups (0, 1-4, 5-9, …, 90-94, 95+), 

but single ages are also used (e.g., in Chapter 5). For specific research questions, 

only some of the ages are analysed: in Chapter 3, the ages at which smoking-

attributable mortality is relevant (40+) are analysed; and in Chapter 5, the ages at 

which pension reforms are relevant are analysed (65+).

The Netherlands is used as a case study, but other Western European countries are 

also analysed to extend the conclusions more broadly. The focus is on national 

populations. Results are predominantly presented for Belgium, Denmark, England 

and Wales / the United Kingdom, Finland, France, Italy, Norway, Spain, Sweden, 

Switzerland, and West Germany. Chapter 4 uses as well other countries that are 

included as part of the main group.

The data used in this thesis have been obtained from various sources. Statistics 

Netherlands is the source for the data from the Netherlands (all-cause, cause-

specific, and lung cancer mortality data; and population exposure data). The 

Human Mortality Database (HMD, www.mortality.org) is the source for the all-cause 

mortality and population exposure data from all other countries. The WHO 

Statistical Information System (WHOSIS, http://www.who.int/healthinfo/statistics/

mortality_rawdata/en/) is the source for the lung cancer mortality data for all 

countries. The data on smoking prevalence are obtained from Cancer Research UK, 

The Dutch Expert Centre on Tobacco Control, the International Smoking Statistics 

WEB Edition, the Organization for Economic Co-operation and Development Health 

Data, and the World Health Organization.

This PhD thesis applies different mortality forecasting techniques to these data in 

order to address the general objective. These techniques include individual 

forecasting methods: (i) direct linear extrapolation; (ii) the Lee-Carter model (Lee 

and Carter 1992); (iii) an extension of the Lee-Carter model that includes a cohort 

dimension (Renshaw and Haberman 2006); and (iv) the method used between 

2004 and 2010 in the official forecast issued by Statistics Netherlands 

(extrapolation by cause-of-death) (De Jong 2004). This thesis also uses the 

following coherent forecasting methods: (i) the Li-Lee method (Li and Lee 2005); 

(ii) the co-integrated Lee-Carter method (Li and Hardy 2011; Cairns et al. 2011a); 

and (iii) the coherent functional data method (Hyndman et al. 2013). To include 

smoking in the forecast, a model in which smoking-related and non-smoking-

related mortality is projected separately (Janssen and Kunst 2010; Janssen et al. 

http://www.who.int/healthinfo/statistics/mortality_rawdata/en/
http://www.who.int/healthinfo/statistics/mortality_rawdata/en/
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2013) is used. Age-period-cohort (APC) analysis is used for the extrapolation of 

lung cancer mortality. Indirect estimation techniques are applied to the observed 

and the projected levels of lung cancer mortality to obtain the observed and the 

projected levels of smoking-attributable mortality (an adapted and simplified 

version of the indirect Peto-Lopez method, Peto et al. 1992; Rostron 2010; Preston 

et al. 2010).

To evaluate these methods and the explicit assumptions chosen, different 

approaches are employed. The evaluation is comprised of (i) an assessment of the 

model fit based on past trends from 1950 onwards; (ii) a forecast based on part of 

the data and a comparison of the outcomes with actual observed values (in-sample 

forecasting); and (iii) a comparison of the future outcomes (i.e., for the years 2020, 

2030, 2040, or 2050) from different forecasts (out-of-sample forecasting). The 

outcomes – life expectancy at birth or at age 65 up to 2050 – of the different 

forecasting methods are compared visually, whereas the other comparisons are 

mostly done in a tabular manner.

The evaluation is based on both quantitative (i.e., focused on accuracy) and 

qualitative (i.e., focuses on robustness and the plausibility of the results) 

evaluation criteria (Cairns et al. 2009). To test the degree of accuracy (fit to 

historical data), the following measures are used: the explanation ratio (ER); the 

root mean squared error (RMSE); the mean absolute percent error (MAPE) of the log 

death rates averaged over ages and years; and the mean absolute error (MAE) of 

the forecasted life expectancy at age 65. To test the degree of robustness (stability 

across different fitting periods), the standard deviation of the life expectancy at 

birth (e0) in 2050 resulting from the use of the three fitting periods, averaged over 

the seven countries and the three selected main country groups, and the standard 

deviation (SD) in the increase/decrease of the (out-of-sample) life expectancy at 

age 65 in a given year in the future are used. To evaluate whether the results are 

plausible (smooth continuation of trends from the fitting period), the following 

measures are used: (i) the standard deviation of e0 in 2050 resulting from the 

selection of the three main country groups, averaged over the seven countries and 

the three fitting periods; (ii) the standard deviation of e0 in 2050 resulting from 

the mortality forecasts for the seven countries, averaged (unweigthed) over the 

three main country groups and the three different fitting periods; and (iii) the 

improvement of the mortality rates by age between the last year of the fitting 

period and 2050.
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1.6 Outline

This thesis consists of six chapters. The current first chapter introduces the topic of 

this thesis. 

Chapters 2 to 5 each answer one of the four different research questions. Chapter 2 

reviews the different mortality forecasting methods and their assumptions in 

Europe, and assesses their impact on projections of future life expectancy for the 

Netherlands. More specifically, (i) the current methods used in official mortality 

forecasts across Europe are reviewed; (ii) the outcomes and the assumptions of 

different projection methods used within the Netherlands are compared; and (iii) 

the outcomes of different types of methods based on similar explicit assumptions, 

including the same historical period, are compared for the Netherlands. 

In Chapter 3, a formal estimation of future levels of smoking-attributable mortality 

up to 2050 is presented for the total national populations of England and Wales, 

Denmark, and the Netherlands. An update and an extension of the descriptive 

smoking epidemic model are provided in the estimation. 

In Chapter 4, different coherent forecasting methods are evaluated in terms of their 

accuracy (fit to historical data), robustness (stability across different fitting periods), 

subjectivity (sensitivity to the choice of the group of countries), and plausible 

outcomes (smooth continuation of trends from the fitting period) for France, Italy, 

the Netherlands, Norway, Spain, Sweden, and Switzerland up to 2050.

In Chapter 5, an evaluation of six different options for the jump-off rates and an 

examination of their effects on the robustness and accuracy of the mortality 

forecast are presented for Belgium, Finland, France, the Netherlands, Norway, 

Spain, Sweden, and the United Kingdom. The focus of the chapter is on life 

expectancy at age 65.

Finally, in Chapter 6, the main findings of the PhD thesis as a whole are 

summarised and discussed. The implications of these findings for mortality 

forecasting in the Netherlands, mortality forecasting in general, future research, 

and policy are also explored.
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