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6. 
Conclusion and discussion



158    

6.1 Introduction and research 
questions

This study aimed to evaluate mortality forecasting in the context of non-linear 

mortality trends. Particularly in populations among whom the past trends have 

been non-linear (like in the Netherlands), the use of an objective extrapolative 

mortality forecasting method will be more problematic: the level of forecasted 

mortality could differ greatly depending on the fitting period, and mortality 

forecasts for individual countries might result in unrealistically divergent outcomes 

between countries. 

Among the potential approaches for improving mortality forecasts when the trends 

are non-linear trends are making explicit adjustments for the distorting effects of 

smoking on mortality trends, and using the more linear trends of other countries as 

the underlying long-term mortality trend. However, both of these approaches 

require the inclusion of more subjective information in the mortality forecast. 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, 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. Most previous studies 

on this topic were purely quantitative evaluations of mortality forecasting models 

that focused solely on their accuracy, or they evaluated purely objective forecasting 

approaches that are less relevant for non-linear trends. Moreover, most of these 

studies did not evaluate the sensitivity of future mortality to explicit assumptions; 

i.e., to the specific choices that are explicitly stated in a method, such as the choices 

of the length of the fitting period and of the jump-off rates. This PhD thesis 

included these important elements. Furthermore, the findings of this research can 

be used to evaluate, validate, and further improve the mortality forecasts of 

Statistics Netherlands, which take into account the mortality trends in other 

Western European countries, and which systematically include in the calculation 

information about developments in smoking, following the approach by Janssen et 

al. (2013).

This study was 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?
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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? 

In the remainder of this concluding chapter, summaries of both the overall results 

and the results by chapter are provided (6.2). Reflections on the main findings are 

then offered (6.3). Next, the implications of the results for mortality forecasting and 

for the official mortality forecasts of Statistics Netherlands are discussed (6.4), and 

reflections on the approach are provided (6.5). Finally, recommendations for 

further research on mortality forecasting and for users of mortality forecasts are 

made (6.6).

6.2 Summary of the findings

6.2.1 Summary of the results by chapter

Chapter 2 reviewed the different mortality forecasting methods and their 

assumptions in Europe, and assessed their impact on projections of future life 

expectancy for the Netherlands. More specifically, (i) the current methods used in 

official mortality forecasts in Europe were reviewed; (ii) the outcomes and the 

assumptions of different projection methods within the Netherlands were 

compared; and (iii) the outcomes of different types of methods for the Netherlands 

using similar explicit assumptions, including the same historical period, were 

compared. The findings of a review of the current methods indicated that most 

statistical offices in Europe use simple linear extrapolation methods, but that 

countries with less linear trends employ other approaches or different assumptions. 

The approaches employed in the Netherlands include the use of explanatory 

models, the separate projection of smoking- and non-smoking-related mortality, 

and the projection of the age profile of mortality. There are, however, clear 

differences in the explicit assumptions used in these approaches, and the resulting 

e0 in 2050 varies by approximately six years. Using the same historical period 

(1970-2009) and the observed jump-off rates, the findings generated by different 

methods result in a range of 2.1 years for women and of 1.8 years for men. For 

e65, the range is 1.4 years for men and 1.9 years for women. These findings 

suggest that the choice of explicit assumptions is more important than the choice 

of the forecasting method.
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In Chapter 3, a formal estimation of future levels of smoking-attributable mortality 

up to 2050 was proposed for the total national populations of England and Wales, 

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

smoking epidemic model were provided in the estimation. A two-step method for 

estimating the future smoking-attributable mortality fraction was presented: (i) 

lung cancer mortality was projected by extrapolating age-period-cohort trends 

(1950-2009), while using the observed convergence among men and women of 

smoking prevalence and past lung cancer mortality levels as input; and (ii) other 

causes of death attributable to smoking were added by applying a simplified 

version of the indirect Peto–Lopez method to the projected levels of lung cancer 

mortality. The smoking-attributable mortality fractions (SAF) for men in 2009 were 

found to be 19% (44,872 deaths) in England and Wales, 22% (5,861 deaths) in 

Denmark, and 25% (16,385 deaths) in the Netherlands. In the projections, these 

fractions declined to 6%, 12%, and 14%, respectively, in 2050. The SAF for women 

peaked at 14% (38,883 deaths) in 2008 in England and Wales, and is expected to 

peak in 2028 in Denmark (22%) and in 2033 in the Netherlands (23%). By 2050, 

declines to 9%, 17%, and 19%, respectively, are foreseen. The use of different 

indirect methods for estimating the SAF in 2050 yielded ranges of 1–8% in England 

and Wales, 8–13% in Denmark, and 11–16% in the Netherlands for men; and of 

7–16%, 12–26%, and 13–31%, respectively, for women. 

In Chapter 4, different coherent forecasting methods were 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). The 

coherent forecasting methods investigated in this chapter were as follows: the 

co-integrated Lee-Carter (CLC) method, the Li-Lee (LL) method, and the coherent 

functional data (CFD) method. The methods were applied to data from France, Italy, 

the Netherlands, Norway, Spain, Sweden, and Switzerland in order to generate 

forecasts up to 2050; and the results were compared to those of the individual 

Lee-Carter (LC) method. Of the three coherent forecasting methods evaluated, the 

CFD method was found to perform best on the accuracy measures. However, after 

the CFD method’s higher number of parameters was controlled for, the differences 

disappeared. Both the CLC and the LL methods were found to be robust. The CLC 

method (for women) and the LL method (for men) were shown to be the least 

sensitive to the choice of the group of countries. The LL method generated the most 

plausible results, as it showed a convergence of future life expectancy levels that 

was in line with the fitting period and the smooth pattern of age-specific 

improvements. This finding could imply that the LL method, which performed best 

in terms of robustness, subjectivity, and plausibility, provided a better fit than the 

CFD method, which had better accuracy (model fit).
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Finally, in Chapter 5, six different options for the jump-off rates were evaluated and 

their effects on the robustness and the accuracy of the mortality forecasts were 

examined. As the jump-off rates, the use of the model values, the observed values 

in the last year, and the averaged over the last couple of years are examined for 

data from eight European countries (Belgium, Finland, France, the Netherlands, 

Norway, Spain, Sweden, and United Kingdom, 1960-2014 period). The future life 

expectancy at age 65 was calculated for different fitting periods and jump-off rates 

using the Lee-Carter model, and the accuracy (mean absolute error) and the 

robustness (standard deviation of the change in projected e65) of the results were 

examined. The findings of the analysis showed that which jump-off rates were 

chosen clearly influenced the accuracy and robustness of the mortality forecast, 

albeit in different ways. For most of the countries, using the last observed values as 

the jump-off rates resulted in the most accurate method, due in part to the 

estimation error of the model in recent years. The most robust method was 

obtained when using an average of observed years as jump-off rates. The more 

years that were averaged, the higher the degree of robustness; but the level of 

accuracy decreased with more years averaged. These results imply that the best 

strategy for matching mortality forecasts to the most recently observed data 

depends on the goal of the forecast, the country-specific past mortality trends, and 

the model fit.

6.2.2 Overall summary of results

For countries with non-linear mortality trends, like the Netherlands, approaches 

and assumptions were used that differ from the simple linear extrapolation 

methods that are commonly used by national statistical offices. It was found that 

the choice of explicit assumptions (i.e., the assumptions that had to be explicitly 

stated in a method, such as the length of the fitting period and the jump-off rates) 

proved more important than the choice of the forecasting approach for the 

mortality forecast. Because the inclusion of additional information on the smoking 

epidemic or on the mortality experiences of other countries is generally known to 

diminish the effect of the length of the historical period, doing so is expected to 

result in a more robust forecast.

One way that additional information on the smoking epidemic could be included 

was by separately forecasting smoking-attributable mortality. The age-period-

cohort methodology – informed by assumptions derived from the smoking 

epidemic model and a careful study of past trends – proved valid for this purpose. 
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When the mortality experiences of other countries by means of coherent mortality 

forecasting were included, it was found that the Li-Lee method (Li and Lee 2005) 

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

2011a) and the coherent functional data method (Hyndman et al. 2013) in terms of 

robustness, subjectivity, and plausibility. 

Another important explicit assumption was the choice of the jump-off rates; i.e., 

how mortality forecasts should be matched to the most recently observed data. It 

was found that which jump-off rates were chosen clearly influenced the accuracy 

and the robustness of the mortality forecast, albeit in different ways. It was 

therefore concluded that which strategy was best depended on the goal of the 

forecast, the country-specific past mortality trends, and the model fit.

All in all, it was found that forecasting mortality when the trends were non-linear 

involved more than the direct (linear) extrapolation of past mortality trends. Even 

though including additional information (like data on the smoking epidemic and/

or on the mortality experiences of other countries) made the method more 

subjective, it also made the method less dependent on an important explicit 

assumption: namely, the historical period. This insight is important, because this 

PhD thesis has also demonstrated that explicit assumptions play an essential role in 

mortality forecasts.

6.3 Reflections on the main findings

6.3.1 Importance of explicit assumptions

This PhD thesis found that in the Netherlands, where the past mortality trends are 

non-linear, the choice of explicit assumptions contributed more to the differences 

in the estimates of different mortality forecasts than the choice of the forecasting 

method/approache. Thus, the findings showed that when the same historical 

period and the same jump-off rates were used in different mortality forecasts, the 

differences in the life expectancy levels at birth projected for 2050 declined by 

approximately two-thirds. 

This is a novel and important finding. Most of the previous studies that evaluated 

mortality forecasts focused primarily on the method itself, and only very rarely on 

which explicit assumptions were chosen (examples are Booth et al. 2002; Bell 
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1997; Lee and Miller 2001; Janssen and Kunst 2007). This finding is important 

because explicit assumptions are an essential part of mortality forecasting 

methods; that is, forecasting methods cannot generate outcomes unless specific 

assumptions are made. It is important that this key point is acknowledged. 

The explicit assumptions also play an important role in the comparability of different 

mortality forecasting approaches and the related mortality forecasting methods, and 

of the outcomes from different institutions. Different forecasting approaches/methods 

are more comparable when the same explicit assumptions are used. Thus, the 

differences in outcomes reflect the different methods used in forecasts.

Furthermore, the explicit assumptions can have a large effect on the prediction 

intervals of mortality forecasts. Prediction intervals do not capture the level of 

uncertainty of the forecasts depending on which explicit assumptions are chosen; 

i.e., they are actually conditional intervals based on the assumptions. Because the 

explicit assumptions clearly contribute to the differences in mortality forecasts, they 

also contribute to the level of uncertainty of mortality forecasts. Ideally, in order to 

paint a more complete picture of the role of uncertainty, the prediction intervals 

would also include the level of uncertainty due to the explicit assumptions.

6.3.2 Inclusion of additional information

There is an important debate in the mortality forecasting literature about whether 

only “objective” extrapolation methods should be employed even in cases of 

non-linearity, or whether it is preferable to include additional information – e.g., 

data on trends in other countries and/or epidemiological information on smoking 

– even if doing so introduces additional subjectivity. The results of the analyses 

presented in this PhD thesis contribute to this debate. First, the literature review in 

Chapter 2 showed that the statistical offices in countries with non-linear past 

mortality trends often use more subjective methods that take into account the 

non-linearity observed in the past mortality trends, rather than the simple linear 

extrapolation methods typically used by national statistical offices in countries with 

more linear trends. These more subjective forecasting methods usually rely on a 

very short fitting period, a quadratic age effect, or epidemiological information. If, 

however, the past mortality trends have been largely linear, simple extrapolation 

methods will suffice, especially given that the outcomes of different extrapolation 

methods using the same explicit assumptions do not differ greatly. 

Chapter 2 also revealed that once the effect of explicit assumptions was controlled 

for, the remaining differences in the outcomes mainly reflect differences between 
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the methods that include additional information to account for the observed 

non-linearity, and the extrapolation methods that do not. When applied to the 

Netherlands based on the fitting period 1970-2009, the methods that included 

additional information – through either age-period-cohort modelling or the 

inclusion of data on smoking and/or other countries – resulted in higher future life 

expectancy estimates and less linear future trends than the Lee-Carter method and 

linear extrapolation. 

Both observations (higher future life expectancy estimates and less linear future 

trends) can be linked to the non-linearity observed in the past trends in the 

Netherlands, and to the main determinant of this non-linearity: the smoking 

epidemic. In the Netherlands, the impact of the smoking epidemic resulted in an 

overall mortality trend that was less optimistic than the trend in non-smoking-

attributable mortality. But when the continuing decline in smoking prevalence 

(and, hence, in smoking-attributable mortality) was taken into account, the 

estimates of future life expectancy were higher (see also “6.3.3 Methodology for 

forecasting smoking-attributable mortality” below). The less linear future trend 

found among women was the result of a projected increase in smoking-

attributable mortality, followed by a decline. Such a non-linear future pattern does 

not arise when using the Lee-Carter and the linear extrapolation methods, because 

these methods extrapolate the average increase in all-cause mortality over the 

whole period into the future, which results in a straight-line projection. 

Because the recent mortality trends in the Netherlands (1970-2009) have been less 

positive than the average trends in certain other countries, a method that includes 

these other countries will also result in a higher future life expectancy than a 

method that does not include these other countries. This was also shown in Chapter 

4: the countries that had less positive past mortality trends than those of the main 

group of countries used in the coherent forecasting model had higher future life 

expectancy levels than when the Lee-Carter method was applied, and vice versa 

(see also “6.3.4 Inclusion of the mortality experiences in other countries” below).

6.3.3 Methodology for forecasting smoking-
attributable mortality

The inclusion of information on the smoking epidemic can add non-linearity to the 

trend; and, depending on the phase in the smoking epidemic, can lead not only to 

higher estimated life expectancy outcomes, but to a more robust forecast. Thus, the 

inclusion of additional information on the smoking epidemic may be expected to 
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diminish the effect of the length of the historical period (Janssen and Kunst 2007). 

Janssen et al. (2013) clearly demonstrated for the Netherlands that past trends in 

non-smoking-attributable mortality were more linear over time than past trends in 

all-cause mortality. Furthermore, Janssen and Kunst (2007) demonstrated that 

because past declines in non-smoking-attributable mortality were more similar 

across countries and between the sexes than declines in all-cause mortality, 

including the former information in a forecast can lead to more comparable 

outcomes between countries and between men and women than relying on the 

latter data alone. Therefore, providing a separate forecast of smoking-attributable 

mortality clearly has value when forecasting mortality in a context in which 

mortality trends are non-linear, such as the Netherlands.

In Chapter 3, a method for forecasting smoking-attributable mortality was 

introduced and validated that, unlike previous methods, is capable of forecasting 

the long-term future. In contrast to the methodologies used in earlier studies, the 

methodology takes into account the expectation that among women, future 

smoking-attributable mortality will increase, and then decrease. This expectation is 

based on the smoking epidemic model described by Lopez et al. (1994), in which 

the wave pattern in smoking prevalence was followed 30-40 years later by a 

similar wave pattern in smoking-attributable mortality, first for men and then for 

women. In addition, the trends in smoking prevalence and smoking-attributable 

mortality for the three examined countries reported in Chapter 3 clearly show that 

smoking-attributable mortality is already declining for women for the youngest 

age groups. 

The age-period-cohort methodology developed in this PhD thesis was guided by 

the smoking epidemic model and by past trends in both smoking prevalence and 

smoking-attributable mortality. This methodology was shown to be valid for 

forecasting lung cancer mortality and, subsequently, smoking-attributable 

mortality. For example, when the methodology was applied to some of the data 

for England and Wales (1950–99), where smoking-attributable mortality among 

women peaked in 2008, it was found that the assumptions and methodology were 

able to predict the observed maximum in 2008 for women. This finding justifies the 

use of the trends in and the levels of lung cancer mortality for men to determine 

the maximum for women.

It is projected that the peak in smoking-attributable mortality will be reached in 

2033 for Dutch women and in 2028 for Danish women, and that smoking-

attributable mortality for these groups will decrease thereafter. Including these 

irregular trends in the forecast of total mortality will add non-linearity to the 

projected trend in mortality and, consequently, in life expectancy. 
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This methodology can be applied to other countries as well. For countries that are 

well into the fourth stage of the smoking epidemic (in which male mortality from 

smoking has peaked a few decades ago and smoking prevalence has been slowly 

declining for both men and women), the method can be easily applied. For 

countries where male mortality from smoking has peaked more recently, 

information about the forerunners would be needed to complement the 

methodology. For countries at an even earlier stage of the smoking epidemic, 

detailed information on smoking prevalence would be necessary as well.

6.3.4 Inclusion of the mortality experiences in other 
countries

Another way of introducing additional information into the mortality forecast is to 

include the mortality experiences of other countries. An approach that is often used 

to take into account the experiences of other countries is coherent forecasting, of 

which the best-known methods are the co-integrated Lee-Carter method (Li and 

Hardy 2011; Cairns et al. 2011a), the Li-Lee method (Li and Lee 2005), and the 

coherent functional data method (Hyndman et al. 2013).

The results in this PhD thesis showed that the Li-Lee (LL) coherent forecasting 

method performed better than the co-integrated Lee-Carter (CLC) method and the 

coherent functional data (CFD) method in terms of robustness, subjectivity, and 

plausibility (Chapter 4). Specifically, it was found that the LL method – when 

estimated using singular value decomposition – generated stable outcomes across 

different fitting periods; that the LL method (for men) was the least sensitivity to 

the choice of the group of countries; and that the LL method resulted in a 

convergence of future life expectancy trends that was in line with the fitting period 

and the smooth pattern of age-specific improvements. The high degree of stability 

observed across fitting periods can be explained by the equal weight the LL 

method placed on all data in the sample. This aspect of the LL method tends to 

diminish the dependence on new data being added, which can be higher when 

more weight is placed on recent data (such as in the CFD method). Because the LL 

method is less sensitive to the choice of the group of countries, it is less likely to 

result in convergence, particularly in comparison to the CFD method. Although the 

LL method scored lower than the CFD method on some accuracy measures, this 

difference in the degree of accuracy proved negligible when the number of model 

parameters was accounted for in the comparison. 
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Whereas projections for separate countries based on the past mortality trends in 

each individual country will lead almost inevitably to divergence (Lundström 2003; 

Giannakouris 2004; Li and Lee 2005; Janssen and Kunst 2007), including 

information from other countries in the forecasting method/approach will prevent 

this from happening. Furthermore, by using the experiences of other countries, a 

broader empirical basis can be created for the identification of the most likely 

long-term trends, which can improve the robustness of the forecast. 

In coherent mortality forecasting, an important explicit assumption that should be 

taken into account is the choice of the main group of countries that will be 

included in the model. Which main group is chosen determines the long-term 

trends for a specific country in the coherent mortality forecast. In Chapter 4, three 

different main groups were compared. The results showed that the coherent 

forecasting methods were sensitive to the choice of the group of countries. Among 

the important criteria for the selection of the main group were the linearity of the 

mortality trend of the total group (extrapolative methods perform better if the 

trends are linear) and the similarities (political, economic, health care) between 

the countries in the group and the country for which the forecast is being made.

6.3.5 Choice of the jump-off rates

In addition to the choice of the historical period (the effect of which is diminished 

by including additional information on the smoking epidemic and/or the mortality 

experiences of other countries) and of the main group of countries, another 

important explicit assumption in coherent mortality forecasting is the choice of the 

jump-off rates. The aim of the jump-off rates is matching the mortality forecast to 

the most recently observed data. The main problem encountered in the majority of 

forecasting methods is the appearance of a discontinuity between the observed 

and the predicted trends, which leads to a jump-off that is usually considered 

implausible. This is a practical problem more than it is a theoretical one, as it has a 

large impact on the outcomes of the forecasting methods. This issue has not been 

the main topic of any previous research article, and has not been adequately 

addressed in the scientific literature.

The results of the analysis (Chapter 5) showed that which jump-off rates were 

chosen clearly influenced the accuracy and the robustness of the mortality forecast. 

For most countries, using the last observed values as the jump-off rates resulted in 

the most accurate method, which was related to the estimation error of the model 

in recent years. That is, if the model had been underestimated, the last observed 

values would have already been closer to the future values than the model values, 
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which would have automatically favoured the last observed values as jump-off 

rates. The most robust method is generally obtained by using an average of the 

observed years as jump-off rates, as this approach can smooth out fluctuations in 

life expectancy. That is, if the last observed values are used as jump-off rates, life 

expectancy will fluctuate when recent data were added; whereas if an average of 

these values is used, these fluctuations will diminish. 

However, the use of different strategies can affect the robustness and the accuracy 

of the forecasts differently. For example, the more years with observed values that 

are averaged, the greater the robustness, but the lower the degree of accuracy. 

Thus, in determining which strategy is best, it is important to take into account not 

just the model fit and the country-specific past mortality trends, but the goal of the 

forecast. If the goal of the forecast is robustness, using an average of the observed 

years as jump-off rates (the most robust approach for most countries) may be 

preferable to using the last observed values as jump-off rates (the most accurate 

approach for most countries).

6.4 Implications

6.4.1 Implications of the results for mortality 
forecasting

The results of this PhD thesis have a number of implications for mortality 

forecasting. 

When past trends in mortality are non-linear, adding more information could have 

value; as the added information could reveal the true underlying trend in mortality, 

and could thus provide a solid basis for the mortality forecast. However, before any 

information is added to mortality forecasting models, a careful examination of past 

trends should be undertaken, and a careful assessment of the pros and cons of its 

inclusion should be performed. If more information is included in a model, more 

assumptions need to be made, which increases the subjectivity of the forecast. 

Therefore, the decision to add information should not be taken lightly. A key 

challenge that can arise when using methods that include additional information, 

such as a cohort effect or epidemiological information, is that the additional 

information can be hard to predict. The advantage of using additional information 
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in the forecasting method diminishes if the additional information cannot be 

forecast more accurately than mortality itself. It should, however, be possible to 

strike the right balance between the risks associated with including additional 

information in a forecasting method and the risks associated with increased 

subjectivity.

This PhD thesis showed the important role explicit assumptions can play in 

mortality forecasting. It is therefore essential that the explicit assumptions used in 

the forecasting method are selected carefully when making a forecast or when 

choosing a new forecasting method or approach. Choosing the right explicit 

assumptions can improve the accuracy and the robustness of the mortality forecast, 

but which assumptions are selected is likely to differ depending on the forecasting 

method/approach and the forecasting goal. It should be noted that currently, 

prediction intervals do not provide information about the levels of uncertainty 

associated with these explicit assumptions. The results presented in this PhD thesis 

strongly suggest that stochastic forecasts should also incorporate the levels of 

uncertainty associated with different explicit assumptions in order to provide a 

fuller picture of the degree of uncertainty. Currently, the methodology that would 

allow us to do so is not yet well developed.

New forecasting methods should be evaluated based not only on their accuracy, 

but on other more qualitative criteria. This PhD thesis showed, for example, that 

which coherent forecasting method is chosen can differ depending on whether the 

methods are evaluated solely on their accuracy, or also on the robustness, 

subjectivity, and plausibility of their outcomes. By adopting different evaluation 

criteria – both more quantitative (accuracy) and qualitative (the robustness, 

subjectivity, and plausibility of the results) – this PhD thesis was able to 

demonstrate that the best method might not be the most accurate method. Judging 

an approach or model using one type of criteria only will clearly not provide the 

full story.

The most appropriate method can differ depending on the forecasting application/

goal, and the value assigned to quantitative versus qualitative criteria. For instance, 

for forecasts that are updated regularly, robustness should be given higher priority. 

It is therefore advisable to keep the forecasting application/goal in mind when 

choosing the method, and to explicitly mention the forecasting application/goal 

when reporting on it. 

In addition, it is essential to remain flexible when forecasting mortality. Both 

mortality trends and their determinants are constantly changing, as is our 
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knowledge of them. Moreover, new forecasting methodologies are constantly 

being developed. Mortality forecasting can thus be described as “a work in 

progress”; and remind ourselves of the need to keep learning from new 

developments.

6.4.2 Implications for the official mortality forecasts in 
the Netherlands

This PhD thesis examined in detail the different components of the new mortality 

forecasting approach adopted by Statistics Netherlands in 2012 (Stoeldraijer et al. 

2012, see the Appendix). This new mortality forecasting approach was developed 

by Janssen and Kunst (2010) and Janssen et al. (2013). The approach made use of 

extrapolation, but included additional information on trends in other countries in 

Western Europe, and took into account the clear non-linear pattern in smoking-

attributable mortality. It combined the separate forecast of smoking-attributable 

mortality with the coherent forecast of non-smoking-attributable mortality. 

The method used by Statistics Netherlands differs from the method presented in 

Janssen and Kunst (2010) and Janssen et al. (2013) in two main ways: the methods 

use different jump-off rates and different approaches to forecasting smoking-

attributable mortality based on lung cancer mortality. 

Janssen and Kunst (2010) and Janssen et al. (2013) used the projected rates rather 

than the observed rates as the jump-off rates. The focus in Janssen et al. (2013) 

was on differences between the gains in life expectancy and the projected life 

expectancy in the jump-off year, which are not affected by the choice of jump-off 

rates. For Statistics Netherlands, it was important that the forecast was perfectly 

aligned with the last observation (i.e., had no jump-off bias). Thus, Statistics 

Netherlands used the observed rates in the last year as the jump-off rates. 

The most important difference in the forecasting methods used for smoking-

attributable mortality is that Janssen and Kunst (2010) and Janssen et al. (2013) 

used an age-period-cohort method applied to lung cancer mortality to estimate the 

year in which the smoking-attributable mortality fraction will reach its maximum 

for females (by adding the average age at dying from lung cancer to the cohort 

with the highest lung cancer mortality), but subsequently used the smoking-

attributable mortality fractions to forecast smoking-attributable mortality; whereas 

Statistics Netherlands projected levels of lung cancer mortality directly via the 

age-period-cohort method, and used the projected lung cancer mortality rates to 
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calculate projected smoking-attributable mortality by applying an indirect method 

to estimate smoking-attributable mortality. 

Another difference in the approaches used for estimating future smoking-

attributable mortality lies in the indirect method used to estimate smoking-

attributable mortality from lung cancer mortality. Janssen and Kunst (2010) and 

Janssen et al. (2013) used the simplified Peto-Lopez method (Bonneux et al. 2003; 

Peto et al. 1992) for this purpose; whereas Statistics Netherlands, after comparing 

different indirect estimation methods, chose to use the indirect estimation method 

of Rostron (2010) instead. Both methods use lung cancer death rates as an 

indicator of the damage caused by smoking. Whereas the Peto-Lopez method 

merely uses epidemiological information from the American Cancer Study (lung 

cancer death rates among smokers and non-smokers, relative risks of dying from 

smoking); the method more recently developed by Rostron (2010) uses – instead of 

the relative risks – a regression model to predict mortality from causes other than 

lung cancer as a function of lung cancer mortality and other variables (dummy 

variables for age, year and country, and interaction terms), using data from several 

low-mortality countries (many of which are in Western Europe, see also Preston et 

al. 2010).

A third and smaller difference between the methods employed by Statistics 

Netherlands and Janssen and Kunst (2010) and Janssen et al. (2013) is that 

Statistics Netherlands uses the total population of Germany instead of the 

population of West Germany in the group of countries used in the coherent 

forecasting for the non-smoking-attributable mortality.

As a result of the research within this PhD thesis, several components of the 

mortality forecasting approach of Statistics Netherlands were closely evaluated, 

validated, and – if necessary – improved. 

The projection of smoking-attributable mortality by means of the age-period-

cohort model applied to lung cancer mortality was validated (Chapter 2) using 

in-sample forecasting, as well as data for Denmark and England and Wales. That is, 

the observed maximum of smoking-attributable mortality for women in 2008 was 

correctly estimated by using a portion of the data for England and Wales.

The indirect estimation method used to estimate smoking-attributable mortality 

was validated by comparing five different methods (Chapter 2). It was found that 

the regression-based method of Rostron (2010) was very similar to the simplified 

Peto-Lopez method (Bonneux et al. 2003; Peto et al. 1992), and thus concluded 

that both methods are valid. Because the regression-based method by Rostron 
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(2010) has a stronger empirical base (compared to the simplified Peto-Lopez 

method, it has data from more countries and data that are more recent) and uses 

recent new estimation techniques that were introduced in the field, Statistics 

Netherlands continues to use this method. 

In the original approach by Janssen and Kunst (2010), Janssen et al. (2013), and 

Statistics Netherlands, the Li-Lee method (Li and Lee 2005) was used as the 

coherent forecasting method for the non-smoking-attributable mortality projection 

because it was at that point in time (2009/2010) the most known coherent 

mortality forecasting technique (Hyndman et al. 2013). The method was easy to 

understand and easy to apply. In this PhD research, the use of this method rather 

other more recently developed coherent mortality forecasting methods was 

assessed (Chapter 4, based on all-cause mortality). It was found that compared to 

two other coherent forecasting methods (CFD, Hyndman et al. 2013; CLC, Li and 

Hardy 2011, Cairns et al. 2011a), the Li-Lee method performed just as well in terms 

of accuracy and better in terms of the robustness, subjectivity, and plausibility of 

the outcomes. These findings validated the use of the Li-Lee method over the other 

methods, and provided a stronger empirical basis for the use of the Li-Lee method 

by Statistics Netherlands. 

The results presented in Chapter 4 on the group of countries that is used in the 

coherent forecasting method did not lead to a modification of the group of 

countries used by Statistics Netherlands in their forecasting method. The group of 

countries used in the coherent forecasting method of Statistics Netherlands consists 

of countries in Western Europe that had similar trends in the past. Moreover, the 

mortality trend of the group is relatively linear, which is in line with previous 

recommendation in this PhD thesis (see 6.3, “Reflections on the main findings”).

In the original application of the method by Statistics Netherlands, the last 

observed years were used as the jump-off rates. However, in this PhD research, the 

strong effect of explicit assumptions, like the jump-off rate, led to a more detailed 

appraisal of the choice of the jump-off rates. As a result of this finding, the average 

of the mortality rates in three recent observed years are used as the jump-of rates 

instead of the rates in the last observed year (Van Duin and Stoeldraijer 2014). To 

ensure there was no jump-off bias, the first five years of the forecast were also 

adjusted: i.e., there was an interpolation between a forecast with jump-off rates 

equal to the last observed rates to a forecast with jump-off rates equal to the 

average of the three recent observed years. The interpolation was suggested in 

Chapter 5. Both the accuracy and the robustness of the mortality forecast was 

improved by this modification.
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More generally, the findings of this PhD research demonstrate how important it is 

that the mortality forecasts of Statistics Netherlands are adjusted in response to 

scientific developments and recent mortality trends, not only in the Netherlands, 

but in surrounding countries as well. Therefore, it is critical that Statistics 

Netherlands communicates with other statistical offices in Europe (through 

Eurostat) and other bureaus in the Netherlands that make mortality forecasts about 

their problems and the potential solutions to these problems, as well as about 

recent developments in research and methods. Furthermore, over the course of 

working on this PhD thesis, the need to better explain what forecasts are became 

clear, and to publish prediction intervals to inform users of the uncertainty 

surrounding forecasts. 

All in all, the mortality forecasts of Statistics Netherlands have become more 

evidence-based.

6.5 Reflections on the approach

The approach used in this research was data-driven and had a strong empirical 

basis that relied heavily on the careful study of past trends. By investigating how 

different mortality trends (especially linear versus non-linear trends) were affecting 

the performance of different mortality forecasting methods, both quantitatively 

and qualitatively, important new insights on mortality forecasting in the context of 

non-linear mortality trends were obtained. 

The focus of the PhD thesis was on Western Europe, and, more specifically, on the 

Netherlands. It is therefore possible that the results of the thesis might not apply to 

other countries with non-linear trends, such as countries in Eastern Europe and 

other high-mortality countries. These countries have very different past mortality 

trends than the Western European countries. For instance, a key reason why the 

Eastern European countries have very different past mortality trends is that they 

experienced a health crisis from 1975 onwards (McKee and Shkolnikov 2001; Vallin 

and Meslé 2004; Leon 2011). When forecasting mortality for these countries, 

extrapolation methods are not suitable because of the clear non-linear trends and 

the breaks in the trends, and because the non-linearity might be caused by factors 

other than smoking (alone). However, the approach used for these countries can be 

very similar: namely, the past mortality trends should be studied carefully; and the 

non-linear trends should be filtered out from the general trend, which can be 
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captured using extrapolation; attention to the explicit assumptions; and evaluation 

based on both quantitative and qualitative criteria.

In this PhD thesis, it was assumed that the data were of good quality, because on 

average, developed countries have the resources to collect and maintain extensive 

records of mortality and population data (Mathers et al. 2005). However, a different 

assessment of the forecasting approach might be made if this was not the case, or 

if the data did not satisfy the needs of the mortality forecast, or was preliminary in 

nature. Finally, forecasting might be improved by weighting or smoothing the data. 

As the outcome measure of the predictive ability of the mortality forecast, the focus 

in this PhD thesis was primarily on life expectancy, both at birth and at age 65. 

These parameters were useful for the criteria that were evaluated. Looking at 

future life expectancy provided information about the forecasted expected mean 

age at death. Some of the more novel outcome measures used in the field of 

mortality are the modal age at death – i.e., the age at which most of the deaths are 

occurring – and the variability of the age at death around the modal age (Canudas-

Romo 2008). The performance of mortality methods can be evaluated more 

comprehensively by analysing not only the mean age at death (life expectancy), 

but the modal age and the variability of the age at death (Bohk-Ewald et al. 2017). 

The evaluation approach of this PhD thesis was extensive, and comprised (i) an 

evaluation of not just different mortality forecasting methods, but different 

forecasting approaches; (ii) an evaluation of both quantitative and qualitative 

criteria; (iii) the assessment of the sensitivity of future mortality to different explicit 

assumptions (e.g., historical period, jump-off rates); and (iv) the evaluation of 

different elements of a mortality forecasting approach that deals with non-linear 

past mortality trends (e.g., the forecasting of mortality attributed to smoking, a 

model for coherently forecasting mortality). The use of this approach has led to 

important new insights, as was discussed in the previous sections. 

Although this PhD thesis covered many different aspects of mortality forecasting, 

much more research on this topic is possible, as the list of approaches, methods, 

evaluation criteria, and explicit assumptions which were compared is by no means 

exhaustive. This PhD focused on models based on extrapolation, which are the 

most frequently used, and which are more objective than models based on 

expectation or explanation. Furthermore, the focus was limited to models based on 

death rates. More recently, other models that can be used to study mortality have 

been developed, such as Bayesian models (in which prior knowledge and various 

sources of uncertainty can be included, Czado et al. 2002; Pedroza 2006) or models 

using mortality delay (with a shift in the age-at-death distribution towards older 
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ages, Janssen and de Beer 2016; Basellini et al. 2016; de Beer et al. 2017). In 

addition, while the forecasts were evaluated using different criteria, such as the 

accuracy, robustness, and plausibility of the results; it should be emphasised that 

these criteria represent only a selection of all the criteria that might be applied 

(Cairns et al. 2011). Among the explicit assumptions that could be added are whether 

and, if so, how mortality can be projected up to higher ages (de Beer et al. 2017).

Despite its limitations, the evaluation in this PhD thesis resulted not only in the 

evaluation, validation, and further improvement of the mortality forecasts of 

Statistics Netherlands, but contributed to the scientific literature and to research on 

mortality forecasting in general. 

6.6 Recommendations

6.6.1 Recommendations for further research on 
mortality forecasting

In connection with the evaluation of the approach (6.5), the following 

recommendations for further research on mortality forecasting are offered.

To obtain a fuller picture of the evaluation of mortality forecasting in contexts with 

non-linear past mortality trends, the patterns in Eastern European countries should 

be evaluated as well. Most countries in this region have past mortality trends that 

differ from those of Western European countries. The causes of the non-linearity 

might be different for these countries than for their Western counterparts. For 

instance, after the fall of the Berlin Wall, the morality trends in these countries 

changed suddenly, and the high levels of alcohol consumption among large parts 

of the population have had a clear impact on mortality in the Eastern European 

countries (Trias-Llimos at al. 2017). These causes and other potential sources of 

non-linearity should be investigated, and, if possible, incorporated into the 

forecasting method. If the cause of the non-linearity is purely a period effect or a 

break in the trend, the consequences for the method are different from those for 

the approach used here for smoking.

In Western Europe, the main cause of the (measurable) non-linearity in past trends 

has been smoking (Janssen et al. 2007; Janssen et al. 2013; Lindahl-Jacobsen et al. 
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2016). At the moment, large shares of the population in Western Europe are obese, 

which might influence future mortality trends (Vidra et al. 2018). It may be 

necessary to revise mortality forecasts in response to these changes in trends. Thus, 

it is important that past mortality trends are studied continuously, not just in the 

country of interest, but in other countries as well. 

The findings presented in this PhD thesis call for future studies to focus on a wider 

range of mortality forecast outcome measures. The focus on life expectancy in this 

PhD thesis was sufficient to address the research questions, but further research 

might explore other measures (such as the variability of the age at death, Bohk-

Ewald et al. 2017), not only in order to evaluate the mortality forecasts more 

comprehensively, but to improve upon the methods themselves.

While the focus in this PhD thesis was on national populations, there are also 

differences within these populations that are associated with mortality differences, 

such as differences in educational attainment, migration background, income, and 

type of employment. While important advances in mortality forecasting have been 

made (Janssen, forthcoming: GENUS thematic issue), mortality forecasts that are 

disaggregated beyond age, sex, and region are almost non-existent (Samir et al. 

2010; van Baal et al. 2016, Villegas and Haberman 2014). Developing such 

forecasts would be an important way forward in mortality forecasting, as policies 

can be better targeted to specific groups if the differences between them are 

known.

In the course of meeting the two main goals of this PhD thesis (i.e., contributing to 

the debate on objective versus subjective mortality forecasting methods and 

further improving the mortality forecasts of Statistics Netherlands), the importance 

of developing a closer relationship between the professional and the academic 

worlds became apparent. The approaches to mortality forecasting used in 

academia differ greatly from the approaches used in practice, and the two worlds 

could learn from each other. For instance, in practice it is important that a method/

approach is understandable and reproducible, and the academic world can do 

more to support these aims. A collaboration between the various institutes and 

disciplines involved in mortality forecasting is also recommended, as fields such as 

demography and actuarial sciences employ different approaches, but have similar 

goals. 
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6.6.2 Recommendations for the users of mortality 
forecasts 

Mortality forecasts have many users, as mortality rates affect many aspects of 

society (e.g., Currie et al. 2004). The most widespread users of mortality forecasts 

are the government (health care and public retirement), planning bureaus 

(population projections), and actuarial companies (life insurance and annuities). 

Examples of aspects of society that are affected by mortality rates (Bengtsson and 

Christensen (Eds.) 2006) are the cost of old-age income support in social security 

systems, public retirement policies, the financial position of defined benefit 

pension funds, the solvency requirements of life insurers, the pricing and reserves 

of other mortality-linked products, the planning and resources of social welfare 

programs, industries like care services for the elderly, and life course planning for 

individuals. Planning in all these areas requires institutions and individuals to 

understand and be knowledgeable about the present and the forecasted rates of 

mortality. 

The new mortality forecasting methodology that was implemented by Statistics 

Netherlands for the first time in 2012 resulted in higher long-term life expectancy, 

added non-linearity, and more robust outcomes (fewer changes between 

consecutive forecasts). It is essential that users are aware of the implications of the 

impact this new methodology has. For example, if long-term life expectancy is 

projected to be higher than it was in previous forecasts, users might conclude that 

the reserves for mortality-linked products or payments should be higher for a 

longer period of time, or be delayed to a later date. For instance, retirement 

benefits would have to be paid over a longer period of time if people are expected 

to live longer. If mortality forecasts become more robust, users will have to make 

fewer adjustments to the estimates they rely on. For instance, plans to increase the 

state pension age in the Netherlands, which is linked by law to the forecasted life 

expectancy, will develop more evenly if the forecast is more robust. 

The outcomes of the new mortality forecasts of Statistics Netherlands also affect the 

official population forecasts for the Netherlands issued by Statistics Netherlands, for 

which the mortality forecasts represent an important input. Together with 

assumptions about future migration and fertility, this information (based on the 

cohort component method) will contribute to a comprehensive forecast of the 

future population in the Netherlands. From this forecast, other measures can be 

derived, such as the extent of ageing. If the forecasted life expectancy is higher, the 

extent of ageing will also be higher than previously expected. The greater 

robustness of the mortality forecasts will lead to more robust population forecasts 
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(with respect to mortality) as well. Users should also be aware of how the changes 

in the population forecasts are related to the new methodology for the mortality 

forecasts, because once again this association affects various aspects of life (for 

instance, how many people will receive a pension).

When applying the outcomes of the mortality forecasts (and, subsequently, the 

population forecasts), users should keep in mind that these measures (like life 

expectancy at birth) are averages of the population, and will not apply to all 

segments of the population, as there are very large differences in life expectancy 

based on, for instance, socio-economic status (Mackenbach et al. 2008; Van 

Kippersluis et al. 2010). On average, people with fewer years of education have 

much shorter lives than their better educated counterparts, and some studies have 

even reported a widening of inequalities in life expectancy between different 

socio-economic groups. Thus, the overall life expectancy numbers become less 

informative over time. Users should be aware of this diversity within the 

population. 

A flexible attitude towards the outcomes of mortality forecasts is required of users, 

as the results of a given mortality forecast will change in response to new mortality 

developments, new underlying factors, new knowledge about mortality 

developments, and new methodologies. Moreover, users should be cognisant that 

a degree of uncertainty is inevitable in every forecast.
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