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Abstract

BACKGROUND
Methods to forecast mortality coherently are valuable as they can better identify 

the most likely long-term mortality trend and produce non-divergent outcomes. An 

evaluation of both quantitative and qualitative aspects of the different coherent 

forecasting methods is lacking, however.

OBJECTIVE
We evaluate different coherent forecasting methods in terms of 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).

METHODS
Mortality data from the Human Mortality Database (1970-2011) are used to 

produce both individual Lee-Carter (LC) and coherent mortality forecasts for France, 

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

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

Coherent Functional Data (CFD) method.

RESULTS
The CFD method performed best on the accuracy measures. Both the CLC and LL 

method were robust. The CLC method (for women) and the LL method (for men) 

were least sensitive to the choice of the group of countries. The LL method 

generated the most plausible results, with convergence of future life expectancy 

similar to the fitting period and a smooth pattern of age-specific improvements.

CONTRIBUTION
To assess the suitability of coherent forecasting methods for particular forecasting 

applications it is essential to include both quantitative and qualitative evaluation 

criteria. This could imply the use of the LL method – which performed best on 

robustness, subjectivity and plausibility – over the CFD method – whose accuracy 

(model fit) was better.

Keywords: coherent mortality forecasting, accuracy, robustness, sensitivity, 

countries, fitting period
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4.1 Introduction

Against a background of rapid population aging, mortality forecasting is becoming 

ever more important. Mortality forecasts are valuable for social security 

programmes and are often used to predict the sustainability of pension schemes 

(Currie et al., 2004). Forecasts of future mortality levels, especially among the 

elderly, are important for governments to be able to provide for health and other 

needs in their societies (Bengtsson and Christensen (Eds.), 2006).

The growing importance of mortality forecasts has resulted in the development of 

numerous models for mortality modelling and forecasting (for reviews see Pollard, 

1987; Tabeau, 2001; Wong-Fupuy and Haberman, 2004; and Booth and Tickle, 

2008). The majority of these methods can be classified as extrapolative, i.e. they 

make use of the regularity typically found in both age patterns and trends over 

time, with the Lee-Carter method (Lee and Carter, 1992) currently the most widely 

used one (Booth and Tickle, 2008). The Lee-Carter method summarises mortality by 

age and period for one single population into a time-varying index, an age 

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

forecasts probability distributions of age-specific death rates using standard time 

series procedures.

One of the strengths of the Lee-Carter method, and extrapolation methods in 

general, is its robustness in situations where age-specific log mortality rates have 

linear trends (Booth et al., 2006). However, herein also lies a drawback of the 

Lee-Carter method: there are examples of countries which have less linear trends, 

such as the Netherlands, Denmark and Norway. If the trend is not linear, the 

forecasted mortality could be very different, depending on the fitting period 

(Stoeldraijer et al., 2013). 

Another important issue with the Lee-Carter method is that mortality forecasts 

using extrapolation methods based on information of each country separately 

might result in divergence, contrary to historic trends. In western Europe, 

convergence has been observed in mortality levels (White, 2002; Wilson, 2001) and 

in old-age mortality (Janssen, Mackenbach and Kunst, 2004). Continued 

convergence between countries is likely because of common socio-economic 

policies, similar progress in medical technology, and shared importance of certain 

lifestyle factors over time (Janssen, van Wissen and Kunst, 2013). Furthermore, it is 

likely that mortality levels of countries with similar mortality evolutions will 

continue to evolve similarly.
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To avoid divergence, coherent forecasting methods are introduced, where 

“coherent” refers to non-divergent forecasts for sub-populations within a larger 

population (Li and Lee, 2005). The idea behind coherent forecasting is that 

mortality forecasts for populations with similar mortality developments will not 

diverge radically, but also that structural differences will remain (for instance, 

consistently higher mortality for men than for women (Hyndman, Booth and 

Yasmeen, 2013)). 

The coherent forecasting methods are an important asset to obtain coherent 

forecasts either between the sexes or between countries (Li and Lee, 2005). Till 

now, coherent forecasting methods are applied more often to take into account 

male-female differentials than to obtain coherent forecasts between countries 

(Stoeldraijer et al., 2013). For instance, insurers and annuity providers need to 

model both sexes properly in a joint fashion because of EU rules on gender-neutral 

pricing in the insurance industry (European Commission, 2012). Li et al. (2016) 

found significant financial implications in allowing for the comovement of 

mortality of females and males properly. Obtaining coherent forecasts between 

countries is important as well, especially when past trends have been non-linear, 

as different fitting periods could lead to different forecasted mortality in individual 

forecasting. In coherent forecasting, the more linear trends for a group or an 

average of countries is likely to provide better information about the future 

direction of mortality trends in other countries with less linear trends. Experiences 

in other countries can thus be used to create a broader empirical basis for the 

identification of the most likely long-term trend, as has been suggested previously 

(Janssen and Kunst, 2007). 

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, Li and Tan, 

2013; Yang and Wang, 2013; Wan, Bertschi and Yang, 2013; Kleinow, 2015), but 

there are also examples in 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, Booth and Yasmeen, 2013; Shang and 

Hyndman, 2016). Other structures are usually more complex. Even within one 

structure, these coherent forecasting methods are very different from each other. So 

far, few methods have been compared in terms of forecast accuracy (Shang, 2016; 

Enchev, Kleinow and Cairns, 2016; Shair, Purcal and Parr, 2017). Because a good fit 

to historical data does not guarantee sensible forecasts (Cairns et al., 2011b), a 

comparison on more qualitative aspects is important as well.
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The purpose of this study is to evaluate different coherent forecasting methods in 

terms of accuracy (i.e. how well the model fits to historical data), robustness (i.e. 

stability across different fitting periods), subjectivity (i.e. sensitivity to the choice of 

the group of countries) and plausible outcomes (i.e. smooth continuation of trends 

from the fitting period). We compare the outcomes of the individual Lee-Carter 

method and three well-known (often cited) coherent forecasting methods that are 

all extensions of the individual Lee-Carter method: (i) the co-integrated Lee-Carter 

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

Lee, 2005); and (iii) the Coherent functional data method (Hyndman, Booth and 

Yasmeen, 2013). 

4.2 Data and methodology

4.2.1 Data

Unsmoothed data on all-cause mortality numbers and exposures by sex, age (0, 

1-4, 5-9, …, 90-94, 95+), and year (1970-2011) were obtained from the Human 

Mortality Database (www.mortality.org, accessed February 9, 2016). The results are 

presented for France, Italy, the Netherlands, Norway, Spain, Sweden and 

Switzerland; seven low-mortality countries in Western Europe. Age and sex-specific 

death rates were calculated by dividing the mortality numbers by the exposures.

4.2.2 Analysis

Based on data for the period 1970-2011, we produced out-of-sample mortality 

forecasts to 2050 for the individual Lee-Carter (LC) method and three coherent 

forecasting methods (see section 4.3). We compared the models from two 

perspectives: quantitative, i.e. how well the models fit to historical data (accuracy), 

and qualitative, i.e. whether or not the forecasts are credible given historical data 

(robustness, subjectivity and plausibility).

To assess the accuracy of the method we examined the explanation ratio (ER), the 

Root Mean Squared Error (RMSE) and the Mean Absolute Percent Error (MAPE) of the 

log death rates averaged over ages and years. The explanation ratio can be 

interpreted as the proportion of variance in historic mortality rates explained by 

the method (Li and Lee, 2005). The higher the ER, the lower the RMSE and the 
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lower the MAPE, the better the fit to the data. Because a method with more 

parameters normally gives a higher ER, a lower RMSE and a lower MAPE, we also 

performed a Diebold Mariano test (Diebold and Mariano, 1995) to test if a method 

is more accurate than another method. For this, the errors of fitted values are used, 

but also errors outside the fitting period (using an in-sample forecast based on 

1970-2001 for the period 2002-2011).

To evaluate the robustness of the coherent forecasting methods, we assessed the 

stability of the out-of-sample forecast outcomes across different fitting periods. For 

this purpose, we not only used 1970-2011 as the fitting period, but also 1970-2001 

and 1970-2006. For each method we calculated 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 (see 

below). In formula, 

 

where c denotes the seven countries, p the three fitting periods and g the three 

main country groups. µ denotes the (unweigthed) average of the life expectancy at 

birth. A lower average standard deviation implies that the method is less sensitive 

to the fitting period, and consequently more robust. 

To compare the subjectivity of the different coherent forecasting methods, we 

assessed the sensitivity of the method to the choice of the included group of 

countries for their mortality experience (hereafter referred to as main country 

groups). For this purpose, we produced forecasts with three different main country 

groups who differ especially in their e0 values in 2011, in the amount of increase 

in e0 over the period 1970-2011, and as well in the linearity of the past trend 

(table 4.4.1.1):

— Group ‘All HMD’: all countries in the HMD with sufficient data (France, Italy, 

Netherlands, Norway, Spain, Sweden, Switzerland, Australia, Austria, Belarus, 

Belgium, Canada, Czech Republic, Denmark, East Germany, Estonia, Finland, 

Iceland, Ireland, Japan, Latvia, Lithuania, Luxembourg, New Zealand, Portugal, 

Slovakia, Ukraine, United Kingdom, U.S.A., West Germany).

— Group ‘Top 10’: the ten countries with the highest life expectancy at birth in 

2011 (men and women combined; France, Italy, Netherlands, Norway, Spain, 

Sweden, Switzerland, Australia, Canada, Japan)
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— Group ‘Western Europe’: western Europe (France, Italy, Netherlands, Norway, 

Spain, Sweden, Switzerland, Austria, Belgium, Denmark, East Germany, Finland, 

Ireland, Portugal, United Kingdom, West Germany). 

For each method we calculated 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. In formula,

where c denotes the seven countries, p the three fitting periods and g the three 

main country groups. µ denotes the (unweigthed) average of the life expectancy at 

birth. A lower average standard deviation implies that the method is less sensitive 

to the choice of the group of countries, and consequently less subjective. 

‘Plausibility’ is a rather subjective concept that is difficult to define. To assess if 

forecasts are plausible, we judged to what extent future patterns are in line with 

historical patterns or in line across age groups. That is, for each method we 

compared the amount of convergence in the projection period relative to the fitting 

period. The amount of convergence is calculated using 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. A smaller value of the standard deviation in 2050 compared to the 

observation period means that the forecast is convergent while a higher value 

means there is divergence. Furthermore, we compared the methods based on the 

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

period and 2050. The forecasts are plausible if the age pattern of age-specific 

mortality improvements is smooth. 

All forecasts were made with the program R. For the Coherent Functional Data 

method (Hyndman, Booth and Yasmeen, 2013) we used the Demography package 

for R (Hyndman, 2010). 

For all methods we used the observed values in the last year of the fitting period as 

the jump-off rates. The forecasts are made for each sex separately without any 

assumption of gender coherence. Also the main country group in each coherent 

forecast does not include the other sex. In other words, the sexes are treated 

separately. We treated the sexes separately because there is no unified method to 

incorporate county and gender coherence at the same time.
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To estimate the mortality rates of the three main country groups, the death rates for 

the individual countries were weighted by the population numbers. This means 

that the largest population dominates the mortality rates of the group. We choose 

to do so because the population of the whole region is relevant, not the countries 

separately. By creating the largest population possible of comparable countries, the 

most likely long-term trend of each country within the group could be determined.

4.3 The mortality forecasting methods

We compared the accuracy, robustness, subjectivity and plausibility for the 

individual Lee-Carter method and three coherent mortality forecasting methods: (i) 

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

the Li-Lee method (Li and Lee, 2005); and (iii) the Coherent functional data method 

(Hyndman, Booth and Yasmeen, 2013). The three coherent forecasting methods are 

well known (often cited) and are all extensions of the individual Lee-Carter 

method.

4.3.1 The Lee-Carter method (LC method) 

A well-known mortality forecasting method for individual populations was 

developed by Lee and Carter in 1992: 

     (1)

where itxm ,,  denotes the death rate of population i  , ixa ,  equals the average over 

time of  , ixb ,  is the set of age-specific constants that describe relative 

rate of change at any age, itk ,  denotes the underlying time development and 

itx ,,ε  the residual error. Singular Value Decomposition is used to estimate ixb ,  and 

itk ,  under the assumptions 1, =∑
x

ixb  and 0, =∑
t

itk . After estimation, itk ,  is 

extrapolated using a random walk with drift.

For more detailed information about the Lee-Carter method, see Lee and Carter 

(1992).
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4.3.2 The Co-integrated Lee-Carter method (CLC 
method) 

A simple extension of the Lee-Carter method is to assume a relationship between 

the mortality rates of two populations, by modelling the underlying time 

development of both processes together (Li and Hardy, 2011; Cairns et al., 2011a). 

Essentially, we have two Lee-Carter models: one for all populations combined and 

one for population :

      (2a)

      (2b)

txM ,  denotes the death rate at age x  and year t  of all populations combined, 

xA  equals the average over time of , xB  is the set of age-specific 

constants that describe the relative rate of change at any age, tK  denotes the 

underlying time development and txE ,  the residual error. tK  and xB  are found 

using Singular Value Decomposition under the assumptions 1=∑
x

xB  and 

0=∑
t

tK . 

Because we have the situation where the main group is much larger than 

population i  , we model the parameter of the time development for all 

populations combined ( tK  ) as a random walk, similar to a one-population 

model, while the spread between population i  and the group ( itt kK ,−  ) is 

modelled as an AR(1) time series, i.e.  ,  

in such a way that it will tend toward a certain constant level over time. itk ,  is 

then calculated using the extrapolated values for tK  and itt kK ,−  .

The difference in the parameters xB  and ixb ,  may still lead to diverging mortality 

forecasts, thus the co-integrated Lee-Carter method is only partly coherent.

For more detailed information about co-integration within the Lee-Carter method, 

see Li and Hardy (2011) and Cairns et al. (2011a).

4.3.3 The Li-Lee method (LL method) 

Li and Lee (2005) extended the (co-integrated) Lee-Carter method so that the 

forecasted mortality rates will not diverge. In essence, the Lee-Carter method is 

applied twice: first to all populations combined, and then to the residuals.

( ) ( ) itittiiitt kKcckK ,,11,2,1, * ε+−+=− −−
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Again, the model for all populations combined is given by

      (3)

tK  is extrapolated using a random walk with drift.

The model for the residuals is given by

    (4)

where itxm ,,  denotes the death rate of population i  , ixa ,  equals the average over 

time of  and tx KB ˆˆ  are the estimates from the first equation. 
res

ixb ,  is the 

set of age-specific constants that describe relative rate of change at any age, res
itk ,  

denotes the underlying time development and 
res

itx ,,ε  the residual error. Again, 

Singular Value Decomposition is used to estimate 
res

ixb ,  and res
itk ,  . res

itk ,  is 

extrapolated using an autoregressive model (AR(1) or a higher order model if res
itk ,  

does not converge to a constant when AR(1) is used).

The estimates are combined into one model for the population concerned:

    (5)

For more detailed information about the Li-Lee method, see Li and Lee (2005).

4.3.4 The Coherent Functional Data method (CFD 
method) 

The coherent functional data (CFD) method (Hyndman, Booth and Yasmeen, 2013) 

can be viewed as a generalisation of the Li-Lee method, with the difference that 

the CFD method uses up to six principal components ( xB  and res
ixb ,  are the first 

principal components of model (3) and (4)), more general extrapolation models 

and smoothing. It involves forecasting interpretable product and ratio functions of 

rates using functional time series models introduced in Hyndman and Ullah (2007). 

First, the death rates itxm ,,  for population i  at age x  and year t  are smoothed 

using weighted penalised regression splines (Wood 1994) so that each curve is 

monotonically increasing above age 65. The weights take care of the heterogeneity 

in death rates across ages. Let itxm ,,
~  be the smoothed death rates. Then the 

products ( txproduct , ) and ratios ( itxratio ,, ) of the smoothed rates for each 

population i  are defined:
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These products and ratios - which behave roughly independently of each other 

and, on the log scale, are approximately uncorrelated - are then modelled using 

functional time series models, which are estimated using the weighted principal 

components algorithm of Hyndman and Shang (2009):

     (7a)

     (7b)

where product
xa  and ratio

ixa ,  are the means of txproduct ,  and itxratio ,, , 

respectively, kx,φ  and ilx ,,ψ  are the principal components obtained from 

decomposing txproduct ,  and itxratio ,,  , respectively, and kt ,β  and ilt ,,γ  are the 

corresponding principal component scores. txe ,  and itxw ,,  are the error terms.

Forecasts are obtained by forecasting each coefficient 1,tβ  , … , Kt ,β  and it ,1,γ  , … 

, iLt ,,γ  independently. 1,tβ  , … , Kt ,β  are forecasted using autoregressive 

integrated moving average (ARIMA) models. it ,1,γ  , … , iLt ,,γ  are forecasted using 

any stationary autoregressive moving average (ARMA) or autoregressive fractionally 

integrated moving-average (ARFIMA) process. 

The implied model for each population is given by

   (8)

For more detailed information about the Coherent Functional Data method, see 

Hyndman, Booth and Yasmeen (2013).
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4.4 Results

4.4.1 Past trends

The life expectancy at birth (e0) in France, Italy, the Netherlands, Norway, Spain, 

Sweden and Switzerland, increased in the period 1970-2011 with strong 

fluctuations from year to year. For France and Italy, the trend in e0 is almost a 

straight line, whereas for the Netherlands and men in Norway there are periods 

with a strong increase and periods with a weak increase. For men, the increase was 

higher than for women. Group ‘Top 10’ has the highest e0 of the three groups and 

was for women less linear than group ‘All HMD’ and ‘Western Europe’. All three 

groups have a strongly linear evolution of e0 over the fitting period, comparable 

with Italy and France.

4.4.2 Future trends

Averaged over all seven countries and the three fitting periods, e0 in 2050 of the LC 

forecasts is equal to 89.3 years for women and equal to 84.3 years for men 

(Table 4.4.2.1). The LC forecasts show a clear divergence in e0 for women between 

the Netherlands, Norway and Sweden on one side and France, Italy, Spain and 

4.4.1.1 Life expectancy at birth (e0) in 2011 and past trends since 1970, for the 
seven countries under study, and the three groups used in the coherent 
forecasts, by sex

 

Country Life expectancy (e0) in 2011 Slope of e0 1970–2011

Formal test of linearity 
(unexplained variance, 1-R2) 
of e0 1970–2011

 

 

Women Men Women Men Women Men

 

France 85 .0 78 .5 0 .23 0 .25 0 .010 0 .005

Italy 84 .5 79 .6 0 .25 0 .28 0 .009 0 .005

The Netherlands 82 .8 79 .2 0 .13 0 .19 0 .071 0 .036

Norway 83 .4 79 .0 0 .14 0 .20 0 .019 0 .044

Spain 85 .1 79 .3 0 .24 0 .22 0 .022 0 .025

Sweden 83 .6 79 .8 0 .15 0 .21 0 .008 0 .019

Switzerland 84 .7 80 .3 0 .19 0 .24 0 .014 0 .016

Average (unweigthed) 84 .2 79 .4 0 .19 0 .23 0 .022 0 .021

Group 'All HMD' 82 .7 77 .1 0 .18 0 .21 0 .010 0 .007

Group 'Top 10' 85 .0 79 .3 0 .24 0 .24 0 .011 0 .003

Group 'Western Europe' 83 .8 78 .7 0 .22 0 .25 0 .005 0 .005
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Switzerland on the other side (Table 4.4.2.1). For men, a cross-over in e0 between 

France and the Netherlands, Norway and Sweden occurs. In the fitting period e0 for 

men was always higher in the Netherlands, Norway and Sweden than in France. For 

both women and men, the increase in e0 in the Netherlands, Norway and Sweden 

is less than the increase in the other four countries. 

Averaged over all seven countries, three fitting periods and three groups of 

countries, e0 in 2050 for women is 89.6 years using the CLC method, 89.9 years 

using the LL method and 88.8 years using the CFD method (Table 4.4.2.1, see 

Table A1 for all outcomes). For men, e0 in 2050 is equal to 84.3 years (CLC method), 

85.0 years (LL method), and 84.5 years (CFD method). The outcomes of the coherent 

forecasts are generally closer together than the outcomes of the individual 

forecasts. The coherent forecasts for France, Italy, Spain (women) and Switzerland 

are on average lower than the individual forecasts, the coherent forecasts for The 

Netherlands, Norway, Spain (men), Sweden are on average higher than the 

individual forecasts (Table 4.4.2.1). 

When applying coherent forecasts, divergence or crossover between countries 

occurs less often than for individual forecasts.

4.4.3 Accuracy

By calculating the ER, RMSE and MAPE, using the historical data for 1970-2011, we 

determined the accuracy of the method, i.e. how well the models fit to historical 

data. The CFD method outperforms the (C)LC method and LL method for all 

4.4.2.1 Period life expectancy in 2050 for the seven countries under 
study, by forecasting method and sex(unweighted averages 
over the three fitting periods and the three main country 
groups)

 

Women Men
   

LC CLC LL CFD LC CLC LL CFD

 

 

France 91 .1 91 .1 90 .9 89 .4 84 .7 84 .7 84 .7 84 .0

Italy 91 .3 90 .2 90 .5 88 .8 85 .8 85 .0 85 .5 84 .5

The Netherlands 86 .4 87 .5 88 .2 88 .1 82 .4 82 .6 84 .1 84 .2

Norway 87 .2 88 .9 89 .2 88 .5 82 .8 83 .3 84 .6 84 .5

Spain 91 .0 90 .5 90 .9 89 .3 84 .4 84 .9 84 .9 84 .6

Sweden 87 .7 88 .6 89 .6 88 .8 84 .3 84 .3 85 .3 84 .8

Switzerland 90 .2 90 .2 90 .2 89 .1 85 .9 85 .2 85 .5 84 .9

Average (unweigthed) 89 .3 89 .6 89 .9 88 .8 84 .3 84 .3 85 .0 84 .5
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countries and sexes (Table 4.4.3.1) and is thus the most accurate. The ER, RMSE and 

MAPE values for the LL method is higher for some countries than values of the (C)LC 

method and lower for other countries. On average, the LL method performs equally 

or better than the (C)LC method. For all methods and countries, the MAPE for men is 

much higher than for women, indicating that all methods fit the data for women 

better than for men. The ER and RMSE are more equal for men and women.

To take into account the different number of model parameters, also a Diebold-

Mariano test is performed to examine the accuracy of the methods. Based on the 

errors of the fitted values in the fitting period 1970-2011, the CFD method is more 

accurate than the (C)LC and LL method in all countries and both sexes 

4.4.3.1 Explanation Ratio (ER), Root Mean Squared Error (RMSE) and Mean 
Absolute Percent Error (MAPE) in log death rates (averaged over the three 
fitting periods and the three main country groups)

 

Women Men
  

LC CLC LL CFD LC CLC LL CFD

 

 

ER
   France 0 .96 0 .96 0 .97 0 .98 0 .94 0 .94 0 .95 0 .98

   Italy 0 .95 0 .95 0 .96 0 .98 0 .93 0 .93 0 .94 0 .98

   The Netherlands 0 .90 0 .90 0 .90 0 .96 0 .93 0 .93 0 .93 0 .97

   Norway 0 .74 0 .74 0 .72 0 .90 0 .87 0 .87 0 .86 0 .95

   Spain 0 .94 0 .94 0 .94 0 .97 0 .84 0 .84 0 .90 0 .96

   Sweden 0 .86 0 .86 0 .86 0 .95 0 .88 0 .88 0 .88 0 .97

   Switzerland 0 .85 0 .85 0 .86 0 .95 0 .82 0 .82 0 .87 0 .94

   Average (unweigthed) 0 .89 0 .89 0 .89 0 .96 0 .89 0 .89 0 .90 0 .96

RMSE
   France 0 .049 0 .049 0 .047 0 .036 0 .060 0 .060 0 .054 0 .036

   Italy 0 .060 0 .060 0 .058 0 .044 0 .077 0 .077 0 .071 0 .045

   The Netherlands 0 .063 0 .063 0 .065 0 .042 0 .059 0 .059 0 .061 0 .041

   Norway 0 .112 0 .112 0 .115 0 .068 0 .088 0 .088 0 .092 0 .054

   Spain 0 .072 0 .072 0 .068 0 .046 0 .106 0 .106 0 .082 0 .050

   Sweden 0 .087 0 .087 0 .089 0 .051 0 .088 0 .088 0 .090 0 .048

   Switzerland 0 .099 0 .099 0 .095 0 .058 0 .117 0 .117 0 .101 0 .066

   Average (unweigthed) 0 .078 0 .078 0 .077 0 .049 0 .085 0 .085 0 .079 0 .048

MAPE
   France 0 .92 0 .92 0 .97 0 .72 1 .49 1 .49 1 .64 1 .04

   Italy 1 .23 1 .23 1 .20 0 .90 1 .80 1 .80 1 .76 1 .22

   The Netherlands 1 .49 1 .49 1 .35 0 .99 1 .99 1 .99 1 .89 1 .29

   Norway 1 .98 1 .98 1 .96 1 .48 2 .13 2 .13 2 .27 1 .57

   Spain 1 .26 1 .26 1 .36 0 .99 2 .13 2 .13 2 .06 1 .25

   Sweden 1 .42 1 .42 1 .52 1 .15 2 .19 2 .19 2 .32 1 .60

   Switzerland 2 .06 2 .06 1 .99 1 .50 3 .35 3 .35 2 .65 2 .15

   Average (unweigthed) 1 .48 1 .48 1 .48 1 .10 2 .15 2 .15 2 .08 1 .44
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(Table 4.4.3.2), although, especially for women, the difference is not always 

statistically significant. Based on the errors of the forecasted values over the period 

2002-2011 using the fitting period 1970-2001, the accuracy of the CFD method is 

statistically higher compared to the other methods for only a few countries/sexes 

(6 out of 28). Only for men in Sweden the CFD method is statistically more accurate 

then both the CLC and LL method. However, for France and women in Sweden the 

CLC method is statistically more accurate than both the LL and CFD method.

4.4.3.2 Results of the Diebold-Mariano test, both when applied to the fitting 
period 1970–2011 and when 2002–2011 is forecasted based on  
1970–2001

 

Fitting period 1970–2011 1) Forecast 2002–2011 based on 1970–2001
  

(C)LC - LL (C)LC - CFD LL - CFD LC - CLC LC - LL LC - CFD CLC - LL CLC - CFD LL - CFD

 

 

France
  Women −1 .95 1 .31 2 .25 1 .00 –2.242) -3.56 2) –2.75 2) -3.55 2) −2 .69

  Men −1 .50 2 .522) 2 .852) 1 .08 −1 .38 -3.30 2) –1.98 2) -3.33 2) −1 .62

Italy
  Women −0 .36 2 .41 2 .37 2 .282) 0 .71 −0 .16 –1.98 2) −1 .47 −0 .58

  Men 0 .07 2 .832) 2 .632) 0 .50 −1 .01 –2.68 2) −1 .17 -2.75 2) –3.19 2)

The Netherlands
  Women 2 .28 2 .412) 1 .73 4 .052) 1 .00 3 .392) 0 .11 2 .642) 1 .90

  Men 1 .70 3 .232) 2 .732) −0 .72 2 .792) 2 .612) 2 .772) 2 .582) 0 .63

Norway
  Women 0 .61 2 .802) 2 .822) 4 .812) 1 .66 0 .16 0 .96 −0 .05 0 .19

  Men −1 .49 1 .58 1 .982) 0 .42 2 .29 2 .312) 2 .11 2 .28 0 .88

Spain
  Women −1 .14 1 .44 2 .03 −0 .04 −1 .68 −1 .00 −1 .80 −1 .05 0 .65

  Men −0 .98 3 .792) 3 .552) –2.51 2) 2 .422) 2 .222) 2 .432) 2 .282) −1 .11

Sweden
  Women −0 .09 1 .57 1 .60 −1 .23 –2.36 2) –3.03 2) –2.41 2) –3.08 2) −1 .88

  Men −0 .63 1 .812) 2 .272) -5.85 2) 1 .99 3 .382) 2 .15 3 .442) 2 .552)

Switzerland
  Women 0 .69 2 .582) 1 .93 −1 .70 −0 .39 −1 .34 0 .54 −0 .86 −0 .59

  Men 1 .14 2 .332) 1 .00 0 .55 0 .57 2 .242) 0 .56 2 .272) 0 .44
  

1) The fitted values for the LC and CLC method are equal in the fitting period 1970-2001, and the values for the DB tests 
are equal as well.

2) significance at the five percent level. A negative value of the DB-test indicates the first mentioned method is more 
accurate, a positive values that the second mentioned method is more accurate.
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4.4.4 Robustness

By calculating the standard deviation of the mean e0 in 2050, averaged over 

groups, from Table A.1, we determined the robustness of each method, i.e. stability 

across different fitting periods. The coherent forecasting methods are sensitive to 

the fitting period, just as the individual forecasting method. For women the 

dependence on the choice of the fitting period of the coherent forecasts is lower 

than of the individual forecast (Table 4.4.5.1), i.e. the coherent forecasting methods 

are more robust than the LC method. The LL method depends the least on the 

choice of the fitting period and is therefore the most robust. For men, the CFD 

method depends more on the fitting period than the individual forecast (i.e. less 

robust), and the dependence for the CLC and LL method are close to each other and 

less than for the individual forecast (i.e. more robust).

4.4.5 Subjectivity

By calculating the standard deviation of the mean e0 in 2050, averaged over the 

three fitting periods, from Table A.1, we determined the subjectivity of the method, 

i.e. the sensitivity to the choice of the group of countries. The coherent forecasting 

methods are sensitive to the choice of the group of countries. The higher the group 

dependence, the more subjective the method is. The group dependence for women 

is the highest for the LL method, but close to the group dependence of the CFD 

method, and the lowest for the CLC method; for men the CFD method results in the 

highest dependence and the LL method in the lowest dependence (Table 4.4.5.1). 

4.4.5.1 Sensitivity of the different methods to the use of the three different 
fitting periods and the three different selections of the main country 
group, by sex

 

Fitting period dependence Main country group dependence
Standard deviation of e0 in 2050, averaged over all seven 
countries and the three selected main country groups

Standard deviation of e0 in 2050, averaged over all seven 
countries and the three fitting periods

 

 

Women Men Women Men

    

LC method 0 .33 1 .10 0 .00 0 .00

CLC method 0 .22 0 .89 0 .69 0 .68

LL method 0 .16 0 .91 0 .89 0 .54

CFD method 0 .32 2 .02 0 .85 0 .87
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4.4.6 Plausibility

By comparing the amount of convergence in the projection period related to the 

fitting period and the improvement of mortality rates by age, we determined the 

plausibility of the forecasts. 

The (unweigthed) average standard deviation of e0 across the seven countries, 

representing the amount of convergence, in the last ten years of observation is 

equal to 0.87 for women and 0.69 for men (Figure 4.4.6.1). For the CLC method the 

average standard deviation of e0 in 2050 is equal to 1.32 for women and 0.99 for 

men, which means that the CLC method still shows divergence compared to the 

fitting period. The LL method shows some divergence for women (1.03 in 2050) 

and some convergence for men (0.61 in 2050) compared to the fitting period. The 

CFD method results in a clear convergence (0.45 for women and 0.34 for men), 

much stronger than in the fitting period.

Women
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The improvement of the mortality rates of the LC, CLC and LL method changes 

gradually by age. The shape of the mortality rates by age of the CLC method is 

similar to the shape of the LC method, only higher or lower, depending on the 

fitting period and group of countries used. The shape of the LL method is somewhat 

different than the LC and CLC method. For the CFD method the improvement of the 

mortality rates change less gradually by age: there is much difference between 

adjacent ages, most often around ages 25-30 and 35-40. 

Women
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4.4.6.2 Mortality improvement between 2011 and 2050 by age group, 
compared for the four forecasting methods, by sex (�tting period: 
1970-2011, main country group: Top10, unweighted averages over 
the seven countries)
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4.5 Discussion

4.5.1 Coherent versus individual forecasts

The outcomes of the coherent forecasts were not only less divergent than the 

outcomes of the individual forecasts, but also, on average, more accurate and 

robust. This clearly shows the added value of using coherent forecasts instead of 

individual forecasts. Shang (2016) also demonstrated that the coherent methods 

performed better than the individual methods, especially for populations with 

large variability over age and year. Also Shair, Purcal and Parr (2017) showed that, 

in terms of overall accuracy, the forecasts of the coherent models are consistently 

more accurate than those of the independent models.

Our finding that the coherent forecasts resulted, depending on the country, in 

either higher or lower outcomes than the individual forecast, can be linked to the 

initial position of the country relative to the group. For countries with lower initial 

positions, the coherent forecast generally leads to higher outcomes than the 

individual forecasts, and vice versa.

4.5.2 The different coherent forecasting methods 
evaluated

The coherent forecasting methods CLC, LL and CFD were evaluated in terms of 

accuracy, robustness, subjectivity and plausible outcomes.

Accuracy To assess the accuracy of the forecasting methods, the explanation ratio 

(ER), root mean squared error (RMSE) and mean absolute percent error (MAPE) for 

the different methods were compared. Furthermore, a Diebold-Mariano test was 

performed.

The CFD method performed better than the CLC and the LL method, both on the different 

accuracy measures and on the Diebold-Mariano test applied to the fitting period 

1970-2011. The LL method ranked second regarding accuracy. This was expected 

because models with more parameters normally perform better on these measures. 

The Diebold-Mariano test applied to the forecast 2002-2011 showed that none of the 

methods outperformed the other methods on forecast accuracy for all countries.
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An earlier comparison of the LL and CFD method, based on a dataset of 16 

countries, (Shang, 2016) showed that the point forecast errors for the CFD method 

are almost always lower than the point forecast errors for the LL method. This is 

supplementary to our analysis and based on this we can cautiously conclude that 

the CFD is more accurate than the LL method.

However, for certain forecast applications, examining purely the accuracy of the 

forecasting method is not sufficient. Therefore we evaluated the three coherent 

forecasting methods as well on the more qualitative indicators robustness, 

subjectivity and plausible outcomes. 

Robustness To assess the robustness of the forecasting methods, the stability across 

different fitting periods was evaluated based on out of sample forecasting. 

Both the CLC method and the LL method proved robust, i.e. with stable outcomes 

across different fitting periods. The CFD method proved less robust then the other 

two coherent forecasting methods and for men even less robust than the individual 

LC method. This can be related to the CFD method using the weighted principal 

components algorithm of Hyndman and Shang (2009), which places more weight 

on recent data. If new recent data, with a different trend than the older data, is 

added to the fitting period, the out of sample forecast will be different as well. As a 

result, the CFD method is less stable across different fitting periods. 

The weighting on recent data in the CFD method is an advantage in situations 

where the rates of decrease were not constant for each age in the fitting period, 

such as the past acceleration in the increase in e0 for men and some improvement 

at older ages in recent years, whereas in past decades most of the mortality 

improvement occurred within the younger age groups. Because weighting is at the 

expense of robustness (i.e. stability across different fitting periods), consideration 

should be made between weighting (to better fit the recent data) and robustness 

(to keep stability across different fitting periods).

The LL method in our analysis is estimated using Singular Value Decomposition 

(SVD). Earlier research (Enchev, Kleinow and Cairns, 2016) showed that when the LL 

method is calibrated using maximum likelihood estimation (MLE), the model 

potentially suffers from robustness problems. Therefore, the use of SVD is 

recommended for a robust forecast.

Looking at the results by main group (table A.2), it stands out that for men the 

groups with the more linear trend and higher e0 in 2011 (group ‘Top 10’), give a 

lower standard deviation of e0 in 2050, irrespective of the method. For women the 
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group ‘Western Europe’ is more linear than group ‘Top 10’, but the standard 

deviation of e0 is about equal for both groups, irrespective of the method. From 

this we may infer that a higher life expectancy in the recent period combined with 

a more linear trend (in the future) of the group of countries contributes to a more 

robust method. This means that also coherent methods, like individual methods 

(Booth et al., 2006), are more robust in situations where age-specific log mortality 

rates have linear trends. 

Subjectivity To assess the subjectivity of the methods, the sensitivity to the choice of 

the group of countries was examined. 

Where the CLC method proved less sensitive to the choice of the group of countries 

than the CFD method and LL method for women, the LL method proved least 

subjective for men. The CFD method was most dependent on the choice of the group 

of countries, which can be related to the strong convergence that seems embedded 

in this method. It puts more weight on the trend of the group of countries than on 

the individual country in comparison to the other methods. If other groups with 

different trends are used this will consequently have a larger effect.

Coherent forecasting methods are sensitive to the choice of the group of countries. 

Kjaergaard, Canudas-Romo and Vaupel (2015) showed – with preliminary results – 

that the selection of the main group of countries in coherent forecasting methods 

has a large effect on the forecasted life expectancy for some Danish women, but 

not so much for Spanish women. Based on our results we recommend a group of 

countries with a linear trend in the past to improve robustness of the coherent 

forecasting method. 

Plausible outcomes To assess if the outcomes are plausible, the continuation of 

trends from the fitting period are examined in terms of convergence/divergence of 

e0 between the seven countries and consistent age patterns.

In terms of convergence it was observed that the LL outcomes seems most 

plausible, with convergence level similar to the fitting period. The CFD outcomes 

revealed a strong convergence, which is a continuation of the trend in recent years, 

and, therefore, also plausible. The CLC method, however, showed divergence 

relative to the fitting period.

The CLC method assumes convergence through the parameter for the underlying time 

development. This method may still lead to diverging mortality forecasts, however, if 

the relative rate of change differs between the group and the country of interest.
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As regards the consistent age patterns, both the CLC method and the LL outcomes 

looked plausible: the CLC method resulted in improvements in the mortality rates 

by age that are similar to the LC method; the LL outcomes showed a smooth pattern 

of age-specific mortality improvements. The CFD method, however, showed strong 

differences between adjacent ages in the age-specific mortality improvements.

Like most methods, the CLC and LL method assume that the rates of decrease are 

constant for each age, which not only results in plausible age patterns, but also in a 

slowdown in the increase in e0. This was evident from our results: the average 

annual increase in future e0 diminished slightly over the forecast horizon. For a 

constant (or increasing) annual increase, the rate of decrease of death rates must 

be nonlinear, and in particular must accelerate for at least some ages (White, 

2002). With the extra parameters in the CFD method (up to six principal 

components) it is possible to produce a variable age pattern of change over time. 

Furthermore, the weighting ensures that the future age pattern and change in age 

pattern is more in line with recent data. This is for instance relevant in situations 

where mortality decline shifted from lower to higher ages. However, there are 

examples where the changing age pattern is reversed in the projection period 

(Hyndman, Booth and Yasmeen, 2013). Our results also showed that the CFD 

method has a deviating pattern of the improvement in the death rate for the 

younger age groups, while other results with respect to the age distribution 

seemed plausible. 

Overall The CLC method was robust and, for women, least sensitive to the choice of 

the group of countries, but showed less plausible results: divergence of e0 in the 

future of the seven countries relative to the fitting period. Also its results were least 

accurate. The LL method was also robust, least sensitive to the choice of the group of 

countries for men, and its outcomes seemed plausible, with convergence of future e0 

of the seven countries similar to the fitting period and a smooth pattern of age-

specific mortality improvements. In terms of accuracy the LL method ranked second. 

The CFD method performed best on the accuracy measures in the fitting period, but 

was less robust and most dependent on the choice of the group of countries. Its 

outcomes revealed a strong convergence of future e0 and – less plausible – difference 

between adjacent ages in the age-specific mortality improvements. 

Based on the above, we deduce that, overall, the CFD method performed best on 

accuracy (model fit), while the LL method performed best on the qualitative 

evaluation criteria (robustness, plausible outcomes and subjectivity. The choice of the 

best method can therefore differ depending on the forecasting application, and the 

value attached to quantitative versus qualitative criteria. For instance, for forecasts 

that are updated regularly, robustness should be given higher priority. Given that the 
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outcomes of future updates are uncertain, a robust forecasting method gives a little 

bit more certainty for users of the forecasts. Therefore, when robust forecasts are the 

aim, we would recommend the LL method over the CFD method.

4.5.3 Additional recommendations for coherent 
forecasting

In this paper we focused on coherence between countries, and not between 

genders. As a result, in our forecasts, coherence between genders is not 

guaranteed. Coherence between countries is often neglected in national forecasts, 

but especially important for countries with a less linear trend in the past. 

Coherence between genders is important as well to assess the future long-term 

trend. An approach to ensure coherence between countries and genders that has 

been used before is to also use the other gender in the group of countries (Janssen, 

van Wissen and Kunst, 2013). Also other approaches exist (e.g. Hyndman et al., 

2011; Shang and Hyndman, 2016; Shang, 2016; Li et al. 2016). These different 

approaches will likely result in different outcomes. Both gender coherence and 

country coherence should ideally be incorporated in coherent forecasting.

The coherent mortality projection can be improved by taking into account smoking 

and other (lifestyle) factors affecting mortality. The non-linear pattern in mortality 

of most lifestyle factors affects the long-term trend for the country concerned, but 

also for the total group of countries. Coherent forecasting is most helpful in case of 

structural improvements in life expectancy because of medical improvements and 

socio-economic improvements. (Temporary) deviations from the general 

improvement, caused by lifestyle factors, should be projected separately (Janssen 

and Kunst, 2007). For smoking, this has been done for example by distinguishing 

smoking attributable mortality from non-smoking attributable mortality, and by 

performing the coherent forecast on non-smoking attributable mortality (see e.g. 

Janssen, van Wissen and Kunst, 2013).

This paper focused on point forecasts, but because future mortality is difficult to 

predict, measures of uncertainty are also important to users of mortality 

projections. With all methods analysed here or extensions to the methods, it is 

possible to produce prediction intervals by using a (Bayesian) stochastic model (see 

for example Cairns et al. 2011a and Antonio et al. 2015). It should be noted 

however that prediction intervals do not provide all uncertainty. In stochastic 

forecasts ideally also the uncertainty due to different selections of groups of 

countries and different fitting periods should be incorporated. 
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4.6 Conclusion

In this article, we evaluated three different coherent forecasting methods in terms 

of accuracy (i.e. fit to historical data), robustness (i.e. stability across different 

fitting periods), subjectivity (i.e. sensitivity to the choice of the group of countries) 

and plausible outcomes (i.e. smooth continuation of trends from the fitting period). 

Out of the three examined methods (the co-integrated Lee-Carter method (CLC); the 

Li-Lee method (LL); and the Coherent functional data method (CFD)), the CFD 

method performed the best on the accuracy measures (model fit), whereas the LL 

method performed best on the qualitative criteria (robustness, subjectivity and 

plausible outcomes). 

Performing better on one quantitative evaluation criteria (e.g. accuracy) clearly 

does not mean performing better as well on more qualitative evaluation criteria 

(e.g. robustness, subjectivity and plausibility). To assess the suitability of (coherent) 

forecasting methods for particular forecasting applications it is essential to include 

both quantitative and qualitative evaluation criteria. Based on our results, and 

when the aim is to obtain robustness, subjectivity and plausibility, this would imply 

the use of the LL method over the CFD method. 
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Appendix A

A.1 e0 in 2050, given fitting period and group of countries, for each sex, method 
and country

 

LC CLC LL CFD LC CLC LL CFD LC CLC LL CFD
 

 

a. Women 1970–2001 1970–2006 1970–2011
   

Group 'All HMD'
FRATNP 90 .8 90 .7 90 .0 87 .9 91 .3 90 .7 90 .7 88 .6 91 .2 90 .6 90 .6 88 .9
ITA 91 .5 89 .6 89 .8 87 .4 91 .7 89 .4 89 .4 88 .0 90 .9 89 .9 90 .2 88 .4
NLD 85 .7 86 .8 86 .0 86 .6 86 .3 86 .8 87 .5 87 .1 87 .2 86 .7 88 .0 87 .7
NOR 86 .5 87 .5 88 .2 87 .1 87 .5 87 .6 88 .3 87 .5 87 .5 88 .1 88 .4 87 .9
ESP 91 .0 90 .8 90 .4 87 .9 91 .0 89 .4 90 .9 88 .3 91 .0 90 .6 90 .9 88 .9
SWE 87 .6 87 .4 88 .2 87 .2 87 .8 87 .4 88 .4 87 .6 87 .8 87 .8 88 .6 88 .2
CHE 90 .3 89 .2 89 .0 87 .7 90 .2 89 .0 89 .0 88 .0 90 .1 88 .7 89 .2 88 .5
mean 89 .0 88 .9 88 .8 87 .4 89 .4 88 .6 89 .2 87 .9 89 .4 88 .9 89 .4 88 .4
sd 2 .4 1 .6 1 .5 0 .5 2 .1 1 .4 1 .2 0 .5 1 .8 1 .5 1 .2 0 .5

Group 'Top 10'
FRATNP 90 .8 91 .9 91 .6 89 .8 91 .3 91 .7 91 .8 89 .9 91 .2 90 .9 91 .5 90 .0
ITA 91 .5 91 .2 91 .5 89 .4 91 .7 90 .9 91 .8 89 .4 90 .9 89 .9 90 .9 89 .4
NLD 85 .7 88 .2 90 .0 88 .3 86 .3 88 .2 88 .9 88 .9 87 .2 87 .9 89 .2 88 .8
NOR 86 .5 89 .6 90 .0 89 .0 87 .5 89 .7 90 .5 89 .2 87 .5 89 .4 90 .0 89 .0
ESP 91 .0 91 .1 91 .6 89 .8 91 .0 90 .8 91 .6 89 .8 91 .0 90 .3 91 .3 90 .0
SWE 87 .6 89 .4 91 .1 89 .6 87 .8 89 .3 91 .0 89 .5 87 .8 89 .0 90 .2 89 .4
CHE 90 .3 91 .7 91 .4 89 .8 90 .2 91 .3 91 .4 89 .8 90 .1 90 .1 90 .8 89 .8
mean 89 .0 90 .4 91 .0 89 .4 89 .4 90 .3 91 .0 89 .5 89 .4 89 .6 90 .6 89 .5
sd 2 .4 1 .4 0 .7 0 .6 2 .1 1 .3 1 .0 0 .4 1 .8 1 .0 0 .8 0 .5

Group 'Western Europe'
FRATNP 90 .8 91 .0 90 .3 89 .1 91 .3 91 .3 90 .8 89 .7 91 .2 91 .1 90 .8 90 .2
ITA 91 .5 90 .3 90 .2 88 .7 91 .7 90 .5 90 .6 89 .2 90 .9 90 .1 90 .2 89 .6
NLD 85 .7 87 .2 88 .6 88 .3 86 .3 87 .4 87 .3 88 .7 87 .2 88 .0 88 .3 88 .8
NOR 86 .5 88 .8 88 .9 88 .4 87 .5 89 .3 89 .4 89 .0 87 .5 89 .6 89 .4 89 .1
ESP 91 .0 90 .3 90 .3 89 .0 91 .0 90 .4 90 .6 89 .6 91 .0 90 .4 90 .6 90 .1
SWE 87 .6 88 .7 89 .2 88 .8 87 .8 89 .0 89 .9 89 .3 87 .8 89 .1 89 .8 89 .5
CHE 90 .3 90 .8 90 .1 89 .0 90 .2 90 .9 90 .3 89 .5 90 .1 90 .3 90 .3 89 .9
mean 89 .0 89 .6 89 .6 88 .8 89 .4 89 .8 89 .8 89 .3 89 .4 89 .8 89 .9 89 .6
sd 2 .4 1 .4 0 .7 0 .3 2 .1 1 .3 1 .2 0 .4 1 .8 1 .0 0 .8 0 .5
  



120    

A.1 e0 in 2050, given fitting period and group of countries, for each sex, method 
and country

 

LC CLC LL CFD LC CLC LL CFD LC CLC LL CFD
 

 

b. Men 1970–2001 1970–2006 1970–2011
   

Group 'All HMD'
FRATNP 83 .6 83 .2 82 .6 80 .4 85 .1 84 .6 85 .3 82 .4 85 .5 84 .3 85 .2 86 .1
ITA 84 .8 83 .7 84 .1 81 .3 86 .2 84 .1 86 .0 83 .1 86 .3 85 .7 86 .3 86 .6
NLD 80 .5 80 .6 82 .6 81 .1 82 .7 81 .8 83 .5 82 .6 84 .2 83 .3 84 .8 86 .1
NOR 81 .2 80 .9 83 .1 81 .2 83 .3 82 .6 84 .2 82 .8 84 .0 83 .4 84 .6 86 .5
ESP 83 .2 83 .4 83 .2 81 .4 84 .3 83 .6 84 .1 82 .8 85 .5 85 .5 85 .2 86 .6
SWE 83 .7 82 .4 84 .2 81 .8 84 .2 83 .3 84 .5 83 .0 84 .9 84 .1 85 .4 86 .7
CHE 85 .0 83 .3 83 .8 81 .6 86 .1 84 .3 84 .3 83 .2 86 .6 85 .1 85 .7 87 .2
mean 83 .1 82 .5 83 .4 81 .3 84 .6 83 .5 84 .6 82 .9 85 .3 84 .5 85 .3 86 .5
sd 1 .7 1 .3 0 .7 0 .5 1 .3 1 .0 0 .8 0 .3 1 .0 1 .0 0 .6 0 .4

Group 'Top 10'

FRATNP 83 .6 84 .7 84 .5 82 .9 85 .1 85 .2 85 .4 84 .1 85 .5 85 .2 85 .5 85 .5

ITA 84 .8 84 .9 85 .2 83 .4 86 .2 85 .5 86 .1 84 .5 86 .3 85 .5 86 .0 85 .8

NLD 80 .5 81 .2 83 .8 83 .1 82 .7 83 .3 85 .0 84 .2 84 .2 84 .5 85 .4 85 .7

NOR 81 .2 82 .4 84 .2 83 .5 83 .3 84 .4 85 .6 84 .6 84 .0 84 .7 85 .6 85 .7

ESP 83 .2 85 .3 84 .8 83 .6 84 .3 85 .8 85 .4 84 .7 85 .5 85 .1 86 .2 86 .0

SWE 83 .7 83 .9 85 .4 83 .9 84 .2 85 .1 86 .1 84 .9 84 .9 85 .4 86 .1 86 .1

CHE 85 .0 85 .4 85 .5 83 .9 86 .1 86 .0 86 .1 85 .0 86 .6 85 .8 86 .9 86 .3

mean 83 .1 84 .0 84 .8 83 .5 84 .6 85 .0 85 .7 84 .6 85 .3 85 .2 86 .0 85 .9

sd 1 .7 1 .6 0 .6 0 .4 1 .3 0 .9 0 .4 0 .3 1 .0 0 .4 0 .5 0 .3

Group 'Western Europe'

FRATNP 83.6 84.1 83.7 82.2 85.1 85.0 85.0 85.3 85.5 85.7 85.6 87.0

ITA 84.8 84.3 84.3 82.8 86.2 85.3 85.6 85.6 86.3 85.7 86.0 87.3

NLD 80.5 81.1 82.3 82.6 82.7 83.2 84.1 85.2 84.2 84.7 85.5 87.0

NOR 81.2 82.0 83.3 83.0 83.3 84.2 85.3 85.8 84.0 85.0 85.6 87.1

ESP 83.2 84.6 84.0 83.0 84.3 85.4 85.1 85.7 85.5 85.5 86.0 87.5

SWE 83.7 83.5 84.5 83.4 84.2 84.9 85.6 85.8 84.9 85.7 86.1 87.4

CHE 85.0 84.8 84.7 83.3 86.1 85.8 85.7 86.0 86.6 86.1 86.7 87.7

mean 83.1 83.5 83.8 82.9 84.6 84.8 85.2 85.6 85.3 85.5 85.9 87.3

sd 1.7 1.4 0.8 0.4 1.3 0.9 0.6 0.3 1.0 0.5 0.4 0.3
  

(continued)
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A.2 Mean and standard deviation of period life expectancy in 2050 (averaged 
over all seven countries) for each group of countries, by sex

 

Women Men
  

LC CLC LL CFD LC CLC LL CFD

 

 

Mean

‘All HMD’ 89 .3 88 .8 89 .1 87 .9 84 .3 83 .5 84 .4 83 .6

‘Top 10’ 89 .3 90 .1 90 .9 89 .5 84 .3 84 .7 85 .5 84 .6

‘Western Europe’ 89 .3 89 .7 89 .8 89 .2 84 .3 84 .6 85 .0 85 .3

St.dev.

‘All HMD’ 2 .0 1 .4 1 .3 0 .6 1 .6 1 .3 1 .1 2 .3

‘Top 10’ 2 .0 1 .2 0 .9 0 .5 1 .6 1 .2 0 .7 1 .1

‘Western Europe’ 2 .0 1 .2 0 .9 0 .5 1 .6 1 .3 1 .1 1 .9
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