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Abstract
Increases in retirement ages make it particularly pressing to better understand how long people will work. Working life
expectancy (WLE) is a useful measure for this and the current paper assesses the tools, that is, software packages, available
to assess it. We do this using data from the English Longitudinal Survey on Ageing (ELSA, 2003–2018) and multistate models
to estimate WLE stratified by sex and socioeconomic status. Men’s versus women’s WLEs were slightly higher at all ages.
Estimates were similar in ELECT and SPACE by both sex and socioeconomic status. WLEs were comparatively higher from
IMaCh, ranging from approximately 0.28 to 1.49 years. Life expectancy estimates from IMaCh were also higher compared to
SPACE and ELECT. Using multistate models to estimate WLE provides a useful indication of the actual expected length of
working life. More research is needed to better understand why estimates from IMaCh differed from ELECTand SPACE.
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Longer life expectancy in Western countries has led to
concerns about sustainable workforces amid the rising
costs of securing aging populations (Doyle et al., 2009;
Head & Hyde, 2020). Work and retirement patterns have
not kept pace with life expectancy, and the ‘‘old-age
dependency ratio’’ of inactive elderly to active workers
continues to grow (OECD, 2019). With assumed heal-
thier longer lives, some governments seek to offset these
rising costs by extending the length of the working life
(e.g., the UK, see Department for Work and Pensions,
2017).

In the past, average retirement age was often indicated
by how long people remained in work. However, it is no
longer sufficient to rely solely on retirement age as an
indicator of the end of the working life, primarily because
many older workers now move from full- to part-time
work (drawing partial pensions), work in bridge jobs,
and others return to work following retirement, so-called
unretirement (Giandrea et al., 2009; Platts et al., 2019). A
more useful measure is working life expectancy (WLE).
WLE can be defined as the expected average number of
remaining years from a given age that a person will spend
working (e.g., Foster & Skoog, 2004; Pedersen et al.,
2020). WLE also may be defined as the duration of life
expectancy that is spent in economic activity (Nurminen

& Nurminen, 2005; Nurminen et al., 2004). WLE is a
comprehensive summary measure that takes into account
the complexities of labor market activity, including tran-
sitions between different employment states (Dudel et al.,
2018; Nurminen & Nurminen, 2005).

The Sullivan method (Sullivan, 1971), primarily used
to estimate health expectancy (HE), has been used to
estimate WLE (e.g., Leinonen et al., 2018; Weber &
Loichinger, 2020). However, research has suggested that
the length of working life may be more accurately esti-
mated using multistate life table functions (MSLT),
which assume an underlying first-order Markov process
in either discrete or continuous time. Nurminen and
Nurminen (2005) posited that a MSLT approach may be
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optimal for understanding the dynamics of labor force
participation as it is both detailed and realistic. This
approach has since been used in several studies to better
understand the length of the working life (e.g., Schram
et al., 2021).

In terms of health expectancies (HE), Mathers (2000)
argued that Sullivan’s method approximates MLSTs if
the population is stationary (e.g., no health ‘‘shocks’’)
and transition rates change very little over time. Others
noted that data used to estimate HE with Sullivan’s
method are ‘‘dependent on past conditions in the popula-
tion,’’ potentially biasing HE over time (Barendregt
et al., 1997; Mathers, 2000:190; Nurminen & Nurminen,
2005). Given that the Sullivan method is based on preva-
lence rates (e.g., Ophir, 2022) rather than transition
probabilities between employment states (e.g., working,
not working), critics argue that WLE estimates will be
biased if prevalence rates of employment and mortality
do not accurately reflect incidence rates as is often the
case with economic downturns or shocks (Dudel et al.,
2018; Mathers & Robine, 1997). Thus, models based on
Markov chains to calculate transition probabilities may
be preferable when appropriate data are available.

To date, several statistical packages (e.g., SPACE,
IMaCh, ELECT, see Willekens & Putter, 2014) are avail-
able to estimate MSLTs (e.g., Hanson et al., 2018;
Reynolds & McIlvane, 2009; Rueda-Salazar et al., 2021).
We focus here on a comparison between the three most
common statistical packages used when longitudinal
data are available. Prior studies have drawn comparisons
between the SAS package SPACE and the independent
package IMaCh (e.g., Cai et al., 2010); however, these
comparisons were of HE and did not include the more
recent ELECT extension to the msm package in R
(packages are described in the Three Multistate Models
section below). Thus, we know less about comparisons
between different packages available to estimate WLE
nor how ELECT compares to SPACE and IMaCh in
applications using longitudinal data.

The tools we use to study when people work or exit
the labor market are important and potentially linked to
the level of variation we observe, for example, in the
WLEs of women and men or professionals and routine
workers. Given some differences in how IMaCh,
SPACE, and ELECT estimate WLE (e.g., discrete vs.
continuous time), we expect to find some differences
across the estimates; however, we do not anticipate that
the differences will be large.

We contribute to the literature a comparison of WLE
estimates from ELECT, IMaCh, and SPACE in an
application that accounts for variation by sex and occu-
pational level (hereafter ‘‘occupation’’). We do this by
employing data from the English Longitudinal Study of
Ageing (ELSA) to examine the following questions.

First, what are the similarities and/or differences between
ELECT, IMaCh, and SPACE? Next, how do WLE esti-
mates compare across these three packages? Third, how
do WLE estimates by sex and occupation compare
between ELECT, IMaCh, and SPACE?

This study builds onto earlier studies (Cai et al., 2010;
Willekens & Putter, 2014) by examining how current
tools available to estimate WLEs using multistate models
compare, and the circumstances in which one package
may be more appropriate than another. We contribute a
useful comparison between the statistical packages used
to estimate WLE, which were originally developed to
estimate health expectancies. By extension, the current
study helps to facilitate a better understanding of the
complexities of working life from midlife and beyond.

Three Multistate Models

Next, we describe the three statistical packages used to
estimate WLEs, that we compare in the current study.
These include the Interpolated Markov Chains or
IMaCh (Lièvre et al., 2003), Estimation of Life
Expectancies Using Continuous Time or ELECT (van
den Hout et al., 2019), and the Stochastic Population
Analysis for Complex Events or SPACE (Cai et al.,
2010). Each approach assumes an underlying Markov
chain stochastic or random process of behavior.

Interpolated Markov Chains (IMaCh)

IMaCh, is stand-alone software that was initially devel-
oped at the Institut National d’Etudes Demographiques
(INED, Paris) to estimate life expectancy using discrete-
time, Markov processes (Lièvre et al., 2003). Transition
probabilities between states (e.g., working, not working,
dead), over short discrete-time intervals, are estimated
using multinomial logistic regression and maximum like-
lihood of estimation. Once transition probabilities are
estimated, they are then used to construct population-
and status-based multistate life table functions and cor-
responding standard errors. The multinomial logistic
model to parameterize transition probabilities to state j
from state i (i 6¼ j) over a defined time interval h (e.g.,
1 year) can be expressed as:

ln hpij
x

hpii
x

� �
= aij hð Þ+ bij hð Þx , i 6¼ j ð1Þ

In equation (1) above, hpij
x is the ijth entry of the tran-

sition matrix hpij
x

� �
, which is formed by transition prob-

abilities of being in any state j at age x + h from any
state i at age x. Additional variables of interest may be
added to equation (1). By summing the transition prob-
abilities from i to j for the intervals (x, x + t) with t
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increased incrementally by a specified time (e.g., 1 year),
the expected total time spent in a state j, conditional on
the person being in state i at age x, is expressed as:

b
e

ij
x =

X‘

y= 1

c
yp

ij
x ð2Þ

The average time expected to be in a particular state j
(e.g., working, WLE), from a specified age x (e.g.,

50 years), is the weighted sum of
b
e

ij
x in a particular state

(e.g., working), for all starting state i at age x (e.g.,
50 years), by the observed population prevalence of the
occupied state at the specified age. This can be expressed
as

WLE=
Xs

i= 1

b
e

ij
x �

Nix

N0x

� �
ð3Þ

where Nix and N0x are the observed number of individu-
als in state i and in any living state at age x, respectively.
The IMaCh process satisfies the Markov property as it
assumes that the transition probabilities are constant
over time, each year of age is not affected by any prior
state.

Elect

ELECT is an add on or ‘‘wrapper’’ to the msm package
(Jackson, 2011) used to estimate life expectancies. The
mean sojourn time in states given by msm cannot be used
as estimated life expectancies as it is based only on expo-
nential models in which the hazards do not change with
age. ELECT, on the other hand, uses a Gompertz model
by defining age as a time-dependent covariate. It also
has the flexibility of choosing observation times, whether
exact or interval censored, or a combination of the two.
ELECT can also be used to fit hidden Markov models in
conjunction with the extensive functionality of msm,
where misclassification of states is also important.

Suppose we have a finite state space {1, 2, ., S}
where S is the absorbing state (i.e., dead). Let Yt denote
the state occupied at age t and let Yt denote the vector of
time-independent covariates. The average amount of
time expected in living state s given state r at age t (e.g.,
working, WLE), for r, s 2 1, 2, . . . :S � 1f g is given by

wlers tjxð Þ=
ð‘

0

P Yt + u = sjYt = r, xð Þdu, ð4Þ

where P Yt + u = sjYt = r, xð Þ is the transition probability
of being in state s at age t + u, conditional on being the
start state r at age t with covariates x. Then, the marginal
wle in state s, irrespective of the initial state at age t, can
be expressed as:

wle�s tjxð Þ=
X

r 6¼S
P Yt = rjxð Þ wlers tjxð Þ ð5Þ

The total wle at age t can be expressed as

wletotal tjxð Þ=
X

r 6¼S
wle�s tjxð Þ ð6Þ

The transition probabilities are obtained from the fitted
underlying multistate model with hazards in the form
hrs tij

� �
= e ars + brstij + grsxið Þ. The model parameters are

estimated using maximum likelihood estimation whether
the observation times tij are exact or interval censored.
Individuals with any item missing were dropped from
the multistate model estimates.

Space

SPACE is a package of SAS programs developed to esti-
mate several multistate life table functions from longitu-
dinal survey data by first estimating either transition
probabilities or transition rates. On the basis of transition
probabilities, SPACE adopts either a deterministic or
simulation approach to estimate the multistate life table
functions and bootstrapped standard errors. SPACE
allows two types of multistate life table functions: (1) a
first-order Markov chain where the transition probabil-
ities are dependent on the current age and status; and (2)
a semi-Markov process where the transition probabilities
are dependent not only on the age and status but also on
the duration in a given state.

SPACE uses a traditional event history approach to
estimate multistate life table functions, assumes the
observed events are independent, and allows one transi-
tion between two successive time points. The program
can estimate either transition probabilities by fitting a
multinomial logistic regression or instantaneous transi-
tion rates (Crimmins et al., 1994; Hayward & Grady,
1990; Laditka & Wolf, 1998). The transition rates are
then converted to transition probabilities (Crimmins
et al., 1994). The model to estimate transition rates takes
the form,

logpij age, tð Þ=aij + bij � aget + gij�
other covariates of interestð Þ

ð7Þ

where, pij are the instantaneous transition rates to state j
i, j= 1, 2, . . . . . . , n; i 6¼ jð Þ from the current state i over
the annual age interval aget.

Application

Data

In our application, we use eight waves of data from the
English Longitudinal Survey on Ageing (ELSA). ELSA
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began following a sample of participants from the 1998
to 2001 Health Survey for England, and now includes
eight biennial follow-up waves and five refresher sam-
ples. The purpose of ELSA (N=11,391 core members)
is to examine social, psychological, economic, and health
changes (and others) among adults ages 50 and older, to
better understand and address aging processes and out-
comes. The response rate for core members (excluding
partners and refreshment samples) ranges from 55% to
82% depending on the wave (for additional information,
see Zaninotto & Steptoe, 2019).

In the current study, item missing on work status and
occupation, along with missing follow up data on mor-
tality (a combined total of 9% of the full sample at base-
line) resulted in an analytic sample of N=10,332
individuals about whom we had information on work
status and other covariates at baseline, and who gave
consent to mortality follow up (46.3% women; 53.7%
men). Mortality information was followed from the civil
registration and linked to ELSA via the National Health
Service through 2018.

Measures

Work Status

Work status was measured using information in response
to the question: ‘‘Which one of these would you say best
describes your current situation?’’ Response categories
included, (1) ‘‘retired,’’ (2) ‘‘employed,’’ (3) ‘‘self-
employed,’’ (4) ‘‘unemployed,’’ (5) ‘‘permanently sick or
disabled,’’ (6) ‘‘looking after home or family,’’ or (7)
‘‘other.’’ Individuals were coded as ‘‘in work’’ if they
were ‘‘employed’’ or ‘‘self-employed,’’ thus categories 2
and 3 were collapsed. Individuals were coded as ‘‘not in
work’’ if they responded in any other way, and thus,
categories 1, 4, 5, 6, and 7 were collapsed.

Covariates

The covariates included in the analysis were sex and
occupation. We also stratified the models by these char-
acteristics as prior research continues to show that men
and those with higher versus lower occupational levels
have longer WLEs (Leinonen et al., 2018; Loichinger &
Weber, 2016; Schram et al., 2021). Occupation was mea-
sured in terms of occupational level, which included three
categories, ‘‘professional,’’ ‘‘intermediate,’’ or ‘‘routine,’’
derived from the National Statistics Socio-Economic
Classification (NS-SEC). Professional positions consist
of lower management and higher-level positions (e.g.,
scientist and supervisor); intermediate positions fall
between lower management and lower supervisory (e.g.,
administrative, nonroutine sales and service); and, rou-
tine positions include workers from lower supervisory to

routine positions (e.g., routine sales, agricultural, child
care). Sex was measured in terms of ‘‘female’’ or ‘‘male.’’

Multistate Analysis for Working Life
Expectancy

It is possible that the data indicate observed transitions
between non-absorbing states (e.g., working, not work-
ing) in a multistate model. Theoretically, there should
always be an underlying process of the behavior in a
study that determines or informs the multistate model
that is adopted. Put another way, the behavior in this
application is the stochastic process of changes in work
status, which is random; the model adopted represents
that unseen process. We assume that all paths are possi-
ble among non-absorbing states. The underlying multi-
state model is the three-state model shown in Figure 1.
An individual can be in one of the following state spaces:
state (1) ‘‘in work’’ if the individual is working at the time
of survey; state (2) ‘‘not in work’’ if the individual is not
working at the time of survey; and state (3) ‘‘dead’’ if the
individual is deceased. Arrows between each of the states
indicate the directions in which instantaneous transitions
are allowed.

The primary objective of the current study is to com-
pare WLE estimates between three different statistical
packages (see Appendix A for syntax). To do this, we use
data from ELSA to estimate WLE by sex and occupation
in each of the three packages. Transition probabilities
are estimated over the 2-year intervals. In multistate
models, the transition times may not always occur at the
observed time points in the data. Rather, transition times
may occur anytime in between two intervals; this is
known as ‘‘interval censoring.’’ Interval censoring is
available in the ELECT package, and is thus used in
ELECT to estimate WLE. Generally, one’s state space
just prior to death is not known. Therefore, if a partici-
pant is alive until the end of the observation time and
his/her assessment date is not available at that time; we

Figure 1. Underlying three-state multistate model to estimate
working life expectancy.
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can only say the individual is in either state 1 or state 2.
ELECT takes into account this limitation in its calcula-
tion of the likelihood of one state space over another
(Sutradhar et al., 2011). As recommended (van den Hout
et al., 2019), we allow ELECT to work on shifted age,
that is, age—50, in order to prevent numerical issues dur-
ing maximization of the likelihood function.

IMaCh, on the other hand, has the flexibility to esti-
mate transitions over much shorter time intervals, for
example, 1month. SPACE allows for unequal intervals
and converts observations into annual intervals to calcu-
late transition probabilities. Given the 2-year gaps in
ELSA, SPACE creates pseudo interview data for unob-
served years. Events are assumed to occur randomly at
one of the annual intervals where there are differences
between state spaces over two successive time points.
The model assumes only one transition between two time
points.

Results

The first wave of the ELSA sample included N=10,332
individuals ages 50+ and 57,282 person-year observa-
tions. Table 1 shows the frequency distribution of the
pairs of successive, observed states. There were 215
deaths among those who were ‘‘in work’’ and 3,582
deaths among those who were ‘‘not in work.’’ Moreover,
there were few transitions from the state of ‘‘not in work’’
to the state of ‘‘in work,’’ approximately 607 occasions.

These were observed frequencies and do not necessarily
reflect the transitions in the underlying process of work-
ing statuses.

The estimates of working life expectancies (WLE) at
age 50, along with the 95% confidence intervals for three
statistical packages, are presented in Table 2 (for total
life expectancies, see Appendix B). The results showed a
similar pattern of the estimates by sex and occupation.
The pattern was also the same among those ages 50 to
75 years (see Figure 2). Men’s WLE was higher than
women’s across all categories of occupation. For exam-
ple, from the ELECT estimates, professional men age 50
are expected to work an average of 10.5 additional years.
The corresponding estimate for women is 8.6 years. The
only discernible difference in the stratified analyses
(shown in Table 2) was for IMaCh compared to ELECT
and SPACE. WLEs were similar across ELECT and
SPACE, but were approximately 1 to 2 years different
from IMaCh .

Discussion

In this study, we took advantage of the longitudinal
design and availability of ELSA data from England to
compare WLE estimates from three currently available
software packages: ELECT in R, the independent pack-
age IMaCh, and SPACE in SAS. We extend previous
studies (e.g., Cai et al., 2010) on comparisons of software
packages used to estimate healthy life expectancy by

Table 1. Distribution of Observed Pairs of Consecutive States Among Individuals in ELSA, 2002 to 2018.

State at current time

State at next time (2 years interval)

Censored state* In work Not in work Dead

In work 863 7,461 2,622 215
Not in work 1,979 607 29,616 3,587

*
Alive but in an unknown state at last observation time.

Table 2. Estimates of Working Life Expectancies (WLE) at Age 50 Years by Occupations and Sex.

Sex Occupations

Working life expectancies [95% CI]

ELECT IMaCh SPACE

Men Professional 10.53 [10.10, 10.99] 11.50 [11.05, 11.95] 10.01 [9.63, 10.44]
Intermediate 11.44 [10.87, 11.90] 11.83 [11.21, 12.45] 11.02 [10.38, 11.58]
Routine 9.51 [9.06, 9.94] 10.60 [10.12, 11.07] 9.24 [8.76, 9.54]

Women Professional 8.62 [8.14, 8.98] 8.90 [8.44, 9.36] 8.43 [7.96, 8.75]
Intermediate 9.55 [9.04, 9.99] 10.53 [10.02, 11.04] 9.16 [8.77, 9.72]
Routine 7.66 [7.30, 8.00] 8.09 [7.69, 8.49] 7.69 [7.35, 8.06]

Chungkham et al. 5



drawing comparisons between WLE estimates in
ELECT, IMaCh, and SPACE. In addition, we estimate
WLEs stratified by both sex and occupation.
Substantively, we find that WLE patterns were the same
across the three statistical packages.

WLE estimates from ELECT, SPACE, and IMaCh
are consistent with prior research suggesting significant
differences in WLE by occupational status (Leinonen
et al., 2018; Schram et al., 2021) and sex (Loichinger &
Weber, 2016). For example, Leinonen et al. (2018) find
that younger cohorts who worked in manual occupa-
tions were expected work 3.5 years fewer than their coun-
terparts in upper non-manual occupations. Although we
do not examine younger versus older workers, our find-
ings are consistent in that we find that those in lower
skilled, or routine occupations, work approximately 1 to
2 years fewer than those in intermediate and professional
occupations. Also consistent with prior research (e.g.,
Loichinger & Weber, 2016), we find that women’s WLEs
are lower than men’s, but WLE patterns are the same
across occupations.

Specifically, we find that men’s WLEs at age 50 are
highest for those in intermediate occupations (ranging

from 11 to 12 years), followed by those in professional
occupations (ranging from 10 to 12 years) and lowest for
routine workers (ranging from 9 to about 11 years).
Women’s WLEs are lower in all occupations (i.e., rang-
ing from 8 years for female routine workers to about
11 years for intermediate and professional workers).
Furthermore, for both women and men, we find that
WLEs estimates from IMaCh are higher for all occupa-
tions compared to those from ELECT and SPACE. One
possible explanation for these differences may be that
IMaCh does not consider the contribution of deaths to
likelihood calculations for those whose dates of death
follow the last wave of observation (IMaCh version
0.99r23, March 2021).

IMaCh estimates may also be larger because estimated
transition probabilities are slightly higher than those
from ELECT and SPACE, as shown in the plots in
Appendix B. Transition probabilities from ‘‘Not in
work’’ to ‘‘In work’’ (i.e., ‘‘2 to 1’’ in the plot) are slightly
higher for men in all occupational categories, thereby
slightly increasing the WLE estimates (shown in Table 1).
It should also be noted that the msm package, that esti-
mates transition intensities used in the ELECT package,

Figure 2. Total and working life expectancies at single years of age classified by sex and occupational groups.
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cannot handle survey weights, and may subsequently
yield lower WLE estimates. The SPACE package, on the
other hand, uses microsimulation to construct life his-
tories for each individual.

Our study further showed that the confidence inter-
vals (CIs) for WLE estimates from IMaCh are narrower
than CIs from ELECT and SPACE. This may be due to
downwardly biased variance estimates from IMaCh (Cai
et al., 2010). SPACE has the capability of correcting the
downward bias of variance estimates by using survey
weights available in the data. As a result, SPACE has an
advantage as one can use complex survey data (Cai
et al., 2010). Consistent with our expectations, we found
some differences in the estimates from the three statistical
packages due to slightly different approaches. Estimates
from IMaCh are based on a discrete-time Markov chain
and yielded slightly higher WLEs than ELECT and
SPACE, which are based on continuous-time Markov
chains. Despite slightly different WLEs, the magnitude
of the differences is relatively small.

Unlike SPACE and IMaCh, it is possible in ELECT
to estimate exact or interval censored transition times.
All three packages can handle any number of non-
absorbing states; however, the number of states in a
given model should be guided by the research question
and the available data. In addition, IMaCh is limited in
that there should always be a reverse transition for a
given transition between two non-absorbing states.
Reverse transitions must be possible even when the
underlying, theoretical MLST does not suggest a reverse
transition between the same two non-absorbing states.
This is an important limitation of IMaCh as there are
often situations in which reverse transitions are not pos-
sible. For example, take a three-state model with health-
related state spaces ‘‘healthy,’’ ‘‘chronic health condi-
tion,’’ and ‘‘death’’—it is not possible to transition back
to a healthy state space once a person is in a chronic
health condition state space, for example, the final stages
of terminal cancer.

The MLST approach to estimate working life expec-
tancy provides several advantages over traditional
approaches to examining labor force participation and
exits. First, WLE estimates give researchers an oppor-
tunity to summarize overall average labor force partici-
pation in an informative and efficient way. Second,
with respect to ELECT, IMaCh, and SPACE, this effi-
ciency is not lost from one package to another with
respect to implementation. The computational time to
estimate WLEs in each of the three packages is approx-
imately the same. Third, each package uses MSLTs to

calculate transition probabilities that are used to esti-
mate WLEs—this may have advantages over, and may
be preferable to, previous approaches like the Sullivan
method (Mathers, 2000; Nurminen & Nurminen,
2005).

Given that all three approaches utilize transition
probabilities or transition intensities from fitting multi-
state models, it is important to define correctly the multi-
state model (van den Hout et al., 2019). Moreover, in
order to better understand the most appropriate package
for a given research problem, future research using simu-
lations that consider different parameters is needed.
Overall, however, this study suggests that one could use
any of three statistical packages to efficiently estimate
WLEs, depending on the ease with which the data can
be handled.

The choice of one package over another may depend
on whether one has survey or administrative register
data, as the latter provides more precise information
about the timing of transitions between work statuses.
Pedersen and Bjorner (2017), for example, use data from
the Danish National Working Environment Survey that
are linked to Danish register data of sickness absence
and compensation. The latter provides detailed, more
precise information on the timing of work statuses (e.g.,
sickness absences, disability) and allows for estimating
WLEs using Cox proportional hazard multistate models
(in SAS). This is because information on employment
status between survey waves is known. Alternatively, it is
possible in ELECT to use either the precise timing or
interval timing of transitions between states. Interval
censoring is an available option in ELECT, whereas
SPACE assumes only one transition between survey
waves. It is also important to note that prior research
suggests that WLE estimates may be misleading if the
precise timing of transitions is incorrectly assumed
(Sutradhar et al., 2011). Consideration of these differ-
ences may help inform decisions to use one package over
another.

Willekens and Putter (2014) note that the advance-
ment of computer programming, combined with the
increasing availability of longitudinal data, affords
researchers greater opportunities to apply MLST mod-
els. As researchers continue to take advantage of these
opportunities, we stand to contribute significantly to bet-
ter understanding who can and will work later in life. By
extension, such research could help to inform ongoing
policy discussions about the old-age dependency ratio,
including whether or not governments should extend the
working life.

Chungkham et al. 7



Appendix A. Data format and example code for to run analyses estimating working life expectancies (WLE) in ELECT, SPACE, and IMaCh.
ELECT: To fit the model in ELECT, the data should be in long format. Below we have two covariates, viz, sex (male, female) and occupations
(professional, intermediate, routine). The program needs dummies for covariates having more than two categories.

id Age State Sex Prof Intm

1 70 1 1 1 0
1 72 1 1 1 0
1 74 2 1 1 0
2 76 2 2 0 1
2 78 1 2 0 1
2 80 21 2 0 1
3 82 2 1 0 0
3 84 2 1 0 0
3 61 1 1 0 0
3 66 3 1 0 0
. . . . . .
. . . . . .
. . . . . .

Note. id = individual identification number; Age = reported age of individuals; State = work status of individuals; Prof = dummy for professional category;

Intm = dummy for intermediate category.

Example code to run the multistate model in msm package and to estimate wle in ELECT is as follows.

##call required packages.

library(msm).

library(elect).

##estimate transition intensities in msm.

q \- 0.1; Q3 \- rbind(c(0,q,q), c(q,0,q),c(0,0,0)) #construct transition matrix

data \- data.frame(data).

##Fit the 3-state interval-censored multistate model

model3 \- msm(state ~ age, subject = id, data = data, center = FALSE,

qmatrix = Q3, death = TRUE, covariates =~ age + sex + prof + intm, censor = -1, censor.states = c(1,2),

method = "BFGS", control = list(trace = 1, REPORT = 1, maxit = 1000, fnscale = 10000))

##estimate WLE for men with professional at age 50 by ELECT for 500 replications to calculate uncertainties of point estimates.

##define state distribution.

statedata \- data[data$state%in%c(1,2),].

wle50 \- elect(model3, b.covariates = list(age = 50, sex = 1, prof = 1, intm = 0), statedistdata = statedata, statedist.covariates = c("age", "sex", "prof",

"intm"), time.scale.msm = "years", h = 0.1, age.max = 110, S = 500).

SPACE: This software requires data to be in long format. Study id and age must be named ‘‘id’’ and ‘‘age.’’ Categorial covariates can be
included but must take values . = 1 (not 0). Records with missing data for any covariate need to be dropped before running the program.
Survey design variables can be included, but if not used then the variables for strata, psu, and weight, can be set to 1, id, and 1 respectively.

id Age Hsqemp Sex Sclass Strata Psu Weight

1 70 1 1 1 1 1 1
1 72 1 1 1 1 1 1
1 74 2 1 1 1 1 1
2 76 2 2 2 1 2 1
2 78 1 2 2 1 2 1
3 82 2 1 3 1 3 1
3 84 2 1 3 1 3 1
3 61 1 1 3 1 3 1
3 66 3 1 3 1 3 1

(continued)
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(continued)

id Age Hsqemp Sex Sclass Strata Psu Weight

. . . . . . . .

. . . . . . . .

. . . . . . . .

Note. SPACE runs in SAS and can use either proc logistic (multinomial logistic model) or proc lifereg (discrete hazard model) to estimate the age-specific

transition probabilities. It is called by a macro which specifies the name of the state variable, names and number of covariates, size of simulation cohort,

and number of bootstrap samples. To run SPACE, SAS/IML, and SAS/CONNECT need to be installed. id = individual identification number; Age = reported

age of individuals; hsqemp: work status of individuals: 1 = ‘‘in work,’’ 2 = ‘‘not in work,’’ 3 = ‘‘dead’’; Sclass: 1 = ‘‘professional,’’ 2 = ‘‘intermediate,’’ 3 = ‘‘routine.’’

%LET depVAR= HSQEMP; /*** Dependent variable (state). Can NOT use "HS";*/

%LET NS= 3; /*** Number of states */

%LET COV= SEX SCLASS; /*** List of Covariates;*/

%LET nCOVs = 2; /*** # of Covariates;*/

%LET BEG=50; /* lower age */

%LET END=110; /* upper age */

%LET Datainput= data; /*** Dataset name;*/

%LET SIMSIZE=100000; /*** Size of simulation cohort;*/

%LET BSIZE=500; /*** # of bootstrap samples;*/

%LET STRATA= strata; /*** STRATA variable */

%LET PSU= psu; /*** PSU variable */

%LET WGT= weight; /*** Sample weight */

IMaCh: It requires data in wide format along with date of birth (dob, only month and year with missing are represented by 99/9999) and
date of death (dod, only month and year with missing are represented by 99/9999). The date should be prepared in .txt file. The # in first
row is required to declare as a comment line in the program.

#id Sex Prof Intm Weight dob dod w1 s1 w2 s2 w3 s3 w4 s4

1 1 0 1 1 6/1947 5/2017 7/2002 1 1/2005 1 11/2006 1 8/2008 1
2 0 1 0 1 6/1931 10/2007 4/2002 2 11/2004 2 8/2006 2 1/2009 3
3 1 0 1 1 6/1950 99/9999 5/2002 1 9/2004 1 6/2006 1 8/2008 1
4 1 1 0 1 6/1935 99/9999 4/2002 1 7/2004 2 1/2006 21 1/2008 21
5 0 0 0 1 6/1932 99/9999 7/2002 2 10/2004 2 4/2007 21 3/2008 21
. . . . . . . . . . . . . . .
. . . . . . . . . . . . . . .
. . . . . . . . . . . . . . .

Note. w1, w2, w3, w4 are the waves of data and s1, s2, s3, s4 as working status variables in those waves of follow-up. 1 = ‘‘in work,’’ 2 = ‘‘not in work,’’

3 = ‘‘dead,’’21 = ‘‘status mot known.’’

Example code to estimate WLE from a three-state multistate model in IMaCh.

#IMaCh 0.99r20

#Number of iterations & function calls = 33 & 6007, -2 Log likelihood = 46617.105944307616

title = Three_state_model datafile = data.txt lastobs = 10332 firstpass = 1 lastpass = 4 ftol = 1.000000e-08 stepm = 24 ncovcol = 3 nqv = 0 ntv = 0 nqtv =

0 nlstate = 2 ndeath = 1 maxwav=4 mle =1 weight= 1

model = 1+ age+V1+V2+V3

#Number of iterations & function calls = 50 & 15749, -2 Log likelihood = 37861.068051739720

# Parameters nlstate*nlstate*ncov a12*1 + b12 * age +.
12 0. 0. 0. 0. 0.

13 0. 0. 0. 0. 0.

21 0. 0. 0. 0. 0.

23 0. 0. 0. 0. 0.
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# Scales (for hessian or gradient estimation)

12 0. 0. 0. 0. 0.

13 0. 0. 0. 0. 0.

21 0. 0. 0. 0. 0.

23 0. 0. 0. 0. 0.

# Covariance matrix

121 0.

122 0. 0.

123 0. 0. 0.

124 0. 0. 0. 0.

125 0. 0. 0. 0. 0.

131 0. 0. 0. 0. 0. 0.

132 0. 0. 0. 0. 0. 0. 0.

133 0. 0. 0. 0. 0. 0. 0. 0.

134 0. 0. 0. 0. 0. 0. 0. 0. 0.

135 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.

211 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.

212 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.

213 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.

214 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.

215 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.

231 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.

232 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.

233 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.

234 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.

235 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0. 0.

# agemin agemax for life expectancy, bage fage (if mle==0 ie no data nor Max likelihood).

agemin = 50 agemax = 100 bage = 50 fage = 75 estepm = 24 ftolpl = 6.000000e-10 begin-prev-date = 1/1/2002 end-prev-date = 1/6/2017 mov_average = 0

pop_based = 1 prevforecast = 1 starting-proj-date = 1/1/2007 final-proj-date = 1/1/2020 mobil_average = 0

#backcast = 1 starting-back-date = 1/1/1990 final-back-date = 1/1/1970 mobil_average = 1

# Results model = 1+ age+V1+V2+V3

result: V1=0 V2=1 V3=0

result: V1=0 V2=0 V3=1

result: V1=0 V2=0 V3=0

result: V1=1 V2=1 V3=0

result: V1=1 V2=0 V3=1

result: V1=1 V2=0 V3=0

Appendix B. Total Life Expectancies (TLE) at Age 50 Years by Occupation and Sex.

Sex Occupation

Total life expectancies [95% CI]

ELECT IMaCh SPACE

Men Professional 30.86 [30.11, 31.50] 31.89 [31.28, 32.50] 32.38 [31.65, 32.94]
Intermediate 29.38 [28.40, 30.06] 30.48 [29.74, 31.22] 31.19 [30.43, 31.85]
Routine 27.79 [27.22, 28.28] 28.75 [28.21, 29.29] 28.78 [28.13, 29.43]

Women Professional 34.42 [33.63, 35.10] 35.29 [34.58, 35.99] 35.24 [34.64, 35.85]
Intermediate 32.85 [32.03, 33.55] 33.71 [33.00, 34.41] 33.77 [33.19, 34.46]
Routine 31.15 [30.55, 31.70] 31.93 [31.40, 32.47] 31.51 [30.83, 32.20]
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