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Modeling Disability-Free Life Expectancy With  
Duration Dependence: A Research Note on the Bias  
in the Mar kov Assumption

 Tianyu Shen and James O’Donnell

ABSTRACT Demographic stud ies on healthy life expec tancy often rely on the Mar kov 
assump tion, which fails to con sider the dura tion of expo sure to risk. To address this 
lim i ta tion, mod els like the dura tion-depen dent mul ti state life table (DDMSLT) have 
been devel oped. However, these mod els can not be directly applied to left-cen sored sur-
vey data, as they require knowl edge of the time spent in the ini tial state, which is rarely 
known because of sur vey design. This research note pres ents a flex i ble approach for 
uti liz ing this type of sur vey data within the DDMSLT frame work to esti mate mul ti state 
life expec tan cies. The approach involves par tially drop ping left-cen sored obser va tions 
and trun cat ing the dura tion length after which dura tion depen dence is assumed to be 
min i mal. Utilizing the U.S. Health and Retirement Study, we apply this approach to 
com pute dis abil ity-free/healthy life expec tancy (HLE) among older adults in the United 
States and com pare dura tion-depen dent mod els to the typ i cal mul ti state model with 
the Mar kov assump tion. Findings sug gest that while dura tion depen dence is pres ent in 
tran si tion prob a bil i ties, its effect on HLE is aver aged out. As a result, the bias in this 
case is min i mal, and the Mar kov assump tion pro vi des a plau si ble and par si mo ni ous 
esti mate of HLE.

KEYWORDS Mar kov assump tion • Duration depen dence • Multistate model •  
Longitudinal sur vey data • Healthy life expec tancy

Introduction

Multistate life tables (MSLTs) are a gen er al iza tion of the life table to model pro cesses 
involv ing mul ti ple and recur rent types of events (Schoen 1988). They are most com-
monly used to cap ture “life time” expec tan cies of time spent in the states defined by 
the state space. Recent papers have used these meth ods in fields span ning soci ol
ogy, demog ra phy, and epi de mi  ol ogy (e.g., Brown et al. 2021; Hosokawa et al. 2023;  
Neumann et al. 2022; Zaniotto et al. 2020). Almost all  MSLT stud ies in this field 
rely on the Mar kov assump tion. In the health con text, the Mar kov assump tion means 
that an indi vid ual’s prob a bil ity of transitioning between health states is a func tion of 
their cur rent health sta tus and per haps a set of other char ac ter is tics, includ ing age and 
sociodemographic char ac ter is tics, but not their past health his to ries.
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The fal li bil ity of this assump tion has been established across social, demo graphic, 
health, and eco nomic con texts, par tic u larly in dem on strat ing the impor tance of 
 dura tionspe cific tran si tions (Belanger 1989; Cai et al. 2008; Crowther and Lambert 
2014; Maddox et al. 1994; O’Donnell 2021; van den Berg and van Ours 1996). In 
stud ies of health and dis abil ity, Maddox et al. (1994) and Cai et al. (2008) found that 
the risks of dis abil ity or impair ment, along with the chances of recov ery, are dura tion 
depen dent, and spe cifi  cally that pro spec tive tran si tion risks gen er ally decrease the 
lon ger a per son has been in the same health state. Although widely acknowl edged as 
a poten tial lim i ta tion (Cha et al. 2021; Jia and Lubetkin 2020; Xu and Payne 2024), 
the Mar kov assump tion is rarely tested or addressed, and pop u lar mul ti state soft-
ware, ImaCh, relies exclu sively on the Mar kov assump tion (Lièvre et al. 2003). In 
esti mat ing mul ti state life expec tan cies, Mar kov mod els may aver age out the effects 
of dura tion depen dence, pre vent ing bias and any need for con cern. However, bias is 
poten tially intro duced by the issue of right-cen sor ing and the poten tial for dura tion 
depen dence to impact on tran si tion prob a bil i ties beyond sur vey obser va tion win dows.

Demographers and oth ers have devel oped approaches for intro duc ing dura tion 
depen dence to mul ti state ana ly ses (e.g., Steele et al. 2004; Wolf 1988). The MSLT 
with dura tion depen dence (abbre vi ated to DDMSLT) has been discussed since the 
1980s fol low ing the devel op ment of a dis crete-time semi-Mar kov approach (e.g., 
Hennessey 1980; Littman and Mode 1977). Wolf (1988) pro posed a gen er al ized 
MSLT depending on the dura tion of risk expo sure and showed that DDMSLT, though 
inher ently a non-Mar kov ian pro cess, embeds the Mar kov ian com po nent. DDMSLT 
was devel oped and applied to study mar i tal tran si tions, in rec og ni tion that the risk 
of divorce varies by the length of time spent mar ried (Belanger 1989; Schoen 2021; 
Wolf 1988), but is appli ca ble to a range of con texts. The approach assumes that no 
tran si tions occur between inter vals. While this assump tion may intro duce poten tial 
bias in the results, Wolf and Gill (2009) dem on strated that existing mod els, such as 
the event-his tory model and embed ded Mar kov chain model, per form com pa ra bly 
under this con di tion. Moreover, they noted that no model could per fectly recon struct 
the unknown under ly ing truth.

Duration-depen dent mod els par tially relax the Mar kov assump tion while main-
taining com pu ta tional effi ciency. The pop u lar ity of the Mar kov assump tion in health 
con texts stems from its link to bio log i cal aging (Crimmins et al. 2021; Hayflick 2007) 
and abil ity to sim plify com plex life his to ries. Mar kov mod els pro vide use ful insights 
into health tran si tions and life expec tan cies based on chro no log i cal age. Including 
dura tion depen dence adds com plex ity but may bet ter cap ture aging by account ing 
for het ero ge ne ity. While dura tion may not be a direct causal influ ence on health tran
si tions, con trol ling for dura tion may help to con trol for het ero ge ne ity in the aging 
pro cess, on the prem ise, for exam ple, that accel er ated aging is related to extended 
dura tions of ill-health (Crimmins et al. 2021). Incorporating dura tion depen dence 
may there fore help con trol for var i a tions in bio log i cal aging rates not reflected by 
chro no log i cal age alone (Levine 2013; Rockwood and Mitnitski 2007).

Left-cen sor ing in lon gi tu di nal sur veys is a com mon prob lem lim it ing the appli ca-
tion of dura tion-depen dent mod els. One of the key inputs is infor ma tion on how long 
peo ple have been liv ing in their pres ent state. However, in left-cen sored sur veys, the 
tim ing of events before the obser va tion period is unknown and we do not know how 
long respon dents have been in the state in which they were first observed (Payne and 
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1717Modeling Disability-Free Life Expectancy With Duration Dependence

Kobayashi 2022; Payne et al. 2013). Solutions to this prob lem have been pro posed 
but are imper fect (Guo 1993). Discarding all  left-cen sored obser va tions (Allison 
1984) is sim ple but involves a poten tially large loss of infor ma tion (Cai et al. 2006). 
As an alter na tive, Cai et al. (2006) suggested imput ing the dura tion of left-cen sored 
obser va tions. However, the impu ta tion method is com pu ta tion ally heavy and relies 
on non-left-cen sored dura tions to impute the unob served dura tions, ignor ing any 
unmea sured dif fer ences between the cen sored and noncensored sub sam ples. These 
chal lenges con trib ute to gaps in under stand ing dura tion depen dence in mul ti state out-
puts, includ ing healthy life expec tancy (HLE).

This research note devel ops and tests options to address the gap in incor po rat ing 
dura tion depen dence into HLE esti ma tes using sur vey data on dis abil ity tran si tions 
in the United States. It pro poses par si mo ni ous var i a tions of semi-Mar kov mul ti state 
mod els that seek to incor po rate dura tion depen dence in ways that min i mize data loss 
and bias, pro vid ing use ful infor ma tion to research ers in iden ti fy ing and test ing dura-
tion depen dence and its impact on HLE esti ma tes. The two fold objec tives are to mod-
ify and improve the flex i bil ity of the DDMSLT (Wolf 1988) to make it fea si ble on 
left-cen sored sur vey data and to enable exam i na tion of the impacts of dura tion depen-
dence on esti ma tes of HLE. Thus, we pro vide empir i cal evi dence regard ing whether 
the widely noted lim i ta tion of Mar kov mod els in ignor ing dura tion depen dence intro-
duces seri ous bias in HLE esti ma tes.

Methods

Models

The state space of a typ i cal three-state Mar kov MSLT for esti mat ing HLE is depicted 
in panel a of Figure 1. There are two tran sient states (healthy and unhealthy) and one 
absorb ing state (death). If this model is by sin gle year of age, the health state of the 
next age would depend only on the health state of the cur rent age. A semi-Mar kov 
pro cess (SMP) is very sim i lar to the Mar kov model except that it assumes that the 
health state of the next age depends on the state in the cur rent age and the dura tion in 
this cur rent state (con cep tu ally shown in panel b of Figure 1). Thus, the prob a bil i ties 
of transitioning from one state to the next in the SMP model are con di tional on the 
length of time spent in the ori gin state.

Panel a of Figure 2 shows the state space and the path ways of tran si tion in the 
DDMSLT model devel oped by Wolf (1988). DDMSLT treats dura tion as a cat e-
gor i cal var i able and tran si tion risks as a piece wise con stant. In our appli ca tion of 
DDMSLT, dura tionspe cific tran si tion risks remain con stant within oneyear inter
vals, up to an open-ended dura tion cat e gory. For exam ple, per son-wave obser va tions 
have a dura tion of zero years if they have been in the same state for less than one year 
(Dur 0). If an indi vid ual remains in the same health sta tus for more than one year, 
that is indi cated by Dur 1; if they remain in the same health state but advance to the 
next dura tion cat e gory, then Dur 2. After three years, indi vid u als reach and remain in 
an open-ended dura tion cat e gory of 3+ years (Dur 3+). If their health sta tus changes, 
they move to a new state and their dura tion is reset to Dur 0. An indi vid ual can die 
from any state, indi cated aggre gately by the blue arrows.
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The model requires a known dura tion for each health state and so can not han dle 
leftcen sored obser va tions with out dura tion. We pro pose a mod i fi ca tion—trun cated 
DDMSLT or TDDMSLT—to allow the model to uti lize some of the obser va tions 
with out a known ori gin. Instead of discarding all  left-cen sored obser va tions (Allison 
1984), we drop only obser va tions with unknown ori gin up until a prespecified trun
ca tion point that aligns with the open-ended dura tion cat e gory. In panel b of Figure 2, 
this trun ca tion point is set to three years. In other words, any obser va tions in which 
the indi vid ual is observed in the same state for more than three years are included in 
Dur 3+. All other left-cen sored obser va tions are dropped. In sec tion 1 of the online 
appen dix, we pres ent some exam ples based on hypo thet i cal obser va tion.

The pro posed mod i fied model can be under stood as a piece wise func tion—a 
semi-Mar kov pro cess below a cer tain dura tion, and a Mar kov pro cess inde pen dent 
of dura tion above that point. By incor po rat ing dura tion in each health state up to the 
trun ca tion, the approach retains more infor ma tion than discarding all  left-cen sored 
obser va tions, at the cost of assum ing dura tion depen dence is no lon ger impor tant 
after a cer tain time.

A fur ther mod i fi ca tion to the model uti liz ing this fea ture—trun cated DDMSLT 
with health his tory, or TDDMSLTH—is shown in panel c of Figure 2. This mod i fi
ca tion includes an extra Mar kov state iden ti fy ing indi vid u als with no his tory of being 

a. MSLT with Markov model

b. MSLT with semi-Markov process

Healthy (H)

Dead (D)

Dur

Dur Dur

Unhealthy (U)

Healthy

Dead

Unhealthy

Fig. 1 State space of multistate life table (MSLT) models. “Dur” represents duration.
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1719Modeling Disability-Free Life Expectancy With Duration Dependence

unhealthy dur ing the sur vey obser va tion period (cf. Bardenheier et al. 2016). This 
state records left-cen sored obser va tions after a trun ca tion point (e.g., the third year) 
as healthy with no his tory, assum ing no prior unhealthy events. The other “healthy” 
state groups indi vid u als with a his tory of being unhealthy (see sec tion 1 of the online 
appen dix). As in the pre vi ous model, their tran si tion prob a bil i ties are dura tion depen-
dent up to the trun ca tion point. This model bet ter dif fer en ti ates between long-term 
healthy indi vid u als and those mak ing tran si tions. By employing these dif fer ent model 

Healthy 

(Dur 0)

Healthy 

(Dur 1)

Healthy 

(Dur 2)

Healthy 

(Dur 3+)
Healthy 

(without 

history)

Unhealthy 

(Dur 0)

Unhealthy 

(Dur 1)

Unhealthy 

(Dur 2)

Unhealthy 

(Dur 3+)

Dead

a. Duration-dependent MSLT (DDMSLT)

b. Truncated DDMSLT (T-DDMSLT)

c. Truncated DDMSLT with history of unhealthy event (T-DDMSLT-H)

Dead

Healthy 

(Dur 0)

Healthy 

(Dur 1)

Healthy 

(Dur 2)

Healthy 

(Dur 3+)

Unhealthy 

(Dur 0)

Unhealthy 

(Dur 1)

Unhealthy 

(Dur 2)

Unhealthy 

(Dur 3+)

Dead

Healthy

(Dur 1)

Healthy

(Dur 2)

Unhealtht y

( 1)

Unhealtht y

( 2)

b. Truncated DDMSLT (T-D

Truncated DDMSLT with history of unheal

Healthy

(Dur 1)

Healthy

(Dur 2)

Unhealtht y

(Dur 1)r

Unhealtht y

(Dur 2)r

Healthy 

(Dur 0)

Healthy 

(Dur 1)

Healthy 

(Dur 2)

Healthy 

(Dur …)

Unhealthy 

(Dur 0)

Unhealthy 

(Dur 1)

Unhealthy 

(Dur 2)

Unhealthy 

(Dur …)

Fig. 2 State space and transition pathway of different models. “Dur” represents duration. In panel a, 
“Dur . . .” aggregates other states with longer duration. For example, “Dur 3+” in panels b and c includes 
the states with 3 and above. “3” can be changed to any other truncation of duration. The blue arrows rep-
resent transitions to death from all states.
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designs in Figures 1 and 2, tran si tion prob a bil i ties are esti mated from empir i cal data 
and life expec tancy esti ma tes are com pared.

Data

We use data from the U.S. Health and Retirement Survey ([HRS] 2023), a bian nual, 
national, lon gi tu di nal sur vey, from Wave 5 (2000) to Wave 15 (2020). We select a 
birth cohort, 1936–1945, with an aver age age of about 60 in 2000, to esti mate the 
cohort dis abil ity-free/healthy life expec tancy.

The HRS is conducted bian nu ally,1 so to bet ter model dura tion we start by con-
verting the data to a sin gleyear scale. This con ver sion has two stages. The first stage 
is based on the stan dard approach in the lit er a ture, in which the interwave state is 
imputed using two con sec u tive pre ced ing and succeeding waves by ran dom assign-
ment (Lang and Little 2018; Payne 2022; Raymo et al. 2019). In this approach, indi-
vid u als with the same health sta tus at two con sec u tive waves would remain in that 
state within the two-year inter val. The sec ond stage seeks to relax this assump tion 
and impute unob served interwave tran si tions.

Using the first impu ta tion, we esti mate the tran si tion prob a bil i ties by age and 
sex and sim u late 500,000 indi vid ual tra jec to ries from ages 50 to 100. We impute 
the interwave health sta tus by using one of the sim u lated tra jec to ries best matched 
to the full observed his tory of an indi vid ual with a twoyear inter val and fill ing the 
interwave period with the sim u lated tra jec to ries as that sex and age.2 Unobserved 
health tran si tions are imputed through these sim u lated tra jec to ries and added to 
indi vid ual health his to ries. The tran si tion prob a bil i ties used to sim u late the tra jec-
to ries con tain Mar kov ian prop er ties, how ever, the sim u lated tra jec to ries are cal-
cu lated and constrained by the observed health sta tus at the start and end of each 
interwave period. Nevertheless, we acknowl edge that the approach may still under-
state interwave tran si tions.

In this study, we focus on dis abil ity to derive esti ma tes of “healthy” and 
“unhealthy” life expec tan cies, while acknowl edg ing that health is a broader and more 
mul ti di men sional aspect of life. Disability is mea sured by reports of dif fi culty in any 
of the five basic activ i ties of daily liv ing; indi vid u als are clas si fied as “dis abled” or 
“unhealthy” if they report any dif fi culty (Freedman et al. 2002) and as “healthy” or 
“dis abil ity-free” oth er wise. Mortality is cap tured through link age to the U.S. death 
reg is try. Importantly, these mod els can be rep li cated with a wide range of indi ca tors, 
includ ing, for exam ple, self-rated health and dis ease inci dence.

1 Observation inter vals are typ i cally two years, based on age dif fer ences between inter views. Two-
year or three-year inter vals are converted to annual tran si tions, while leav ing the one-year inter val 
unchanged. Intervals exceed ing three years are not imputed. While not exact, this method approx i ma tes 
annual changes.
2 Typically, one indi vid ual can be matched to sev eral sim u lated tra jec to ries, which we would ran domly 
select from. In rare cases, typ i cally in older age, where no sim u lated tra jec tory can fully match an indi vid-
ual’s observed health his tory, we would use the tra jec tory with the most matches. Observed health sta tuses 
remain unchanged dur ing impu ta tion.
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Estimation Procedures

We esti mate and com pare four mod els: MSLT, T-DDMSLT, T-DDMSLT-H, and a 
gen eral SMP model in which all  left-cen sored obser va tions are discarded (referred 
to as T-SMP). Two sets of inputs are required to cal cu late the HLE: the base line 
dis abil ity dis tri bu tion and age and dura tionspe cific tran si tion prob a bil i ties. The 
1936–1945 cohort was aged 55–64 in the year 2000. Because there is no dura tion 
infor ma tion in the first wave, we dis card the first five years of obser va tion and con
struct the base line on the basis of respon dents aged 60–69. The starting point for 
each model is there fore a cohort in their 60s, with an aver age age of 65 and a health 
state cor re spond ing to the observed dis tri bu tion among respon dents five years into 
the sur vey. A sim i lar test is conducted with the older 1926–1935 cohort at an aver-
age ini tial age of 75 (see sec tion 2 of the online appen dix).

The mod els we test require us to dis card vary ing num bers of obser va tions. At one 
end of the spec trum, the stan dard Mar kov MSLT keeps all  obser va tions. At the other 
end of the spec trum, the T-SMP requires us to dis card all  left-cen sored (unknown 
dura tion) obser va tions. In between, the pro posed T-DDMSLT mod els require us to 
drop all  leftcen sored obser va tions up to prespecified trun ca tion points. We pres ent 
results with two trun ca tion points: three years and five years. Four data sub sets were 
used: (1) full data; (2) data drop ping unknown dura tion of three years (Truncated 3); 
(3) data drop ping five years (Truncated 5); and (4) data with out unknown ori gins  
(no unknown).

The first sig nifi  cant con tri bu tion of our pro posed approach is in sub stan tially 
reduc ing data loss and retaining the orig i nal sam ple’s rep re sen ta tive ness. Panel A of 
Table 1 pres ents the char ac ter is tics of the base line of the full data for MSLT and the 
sub sam ples drop ping unknown dura tions of three and five years for TDDMSLT and 
all  the unknown dura tions for T-SMP. Panel B of Table 1 pres ents the char ac ter is-
tics of the tran si tions in each sub sam ple. Discarding all  unknown dura tions severely 
reduces the sam ple size and observed num ber of tran si tions, while skewing the demo-
graphic pro file of the sam ple. The sam ple for TSMP records sub stan tially fewer tran
si tions (23%) than the full data and is par tic u larly poor in cap tur ing tran si tions from 
the dis abil ityfree state (15% of the full data), reflecting the fact that most sur vey par
tic i pants were dis abil ityfree on first enter ing the study. As a result, the TSMP sam ple 
is sub stan tially skewed toward par tic i pants with a his tory of dis abil ity and who are 
older, less likely to be White, and less likely to have high school or postschool qual i fi
ca tions. By con trast, the sam ples for T-DDMSLT pre serve 70–81% of tran si tions and 
retain the same demo graphic and socio eco nomic pro file as the full data.

Following com mon prac tice in the lit er a ture (e.g., Cai et al. 2010; Cai et al. 2006; 
Shen and Payne 2023), we apply mul ti no mial logis tic regres sion to esti mate the 
tran si tion prob a bil i ties. In the MSLT model, apart from dis abil ity sta tus time t, the 
other covariates include age at time t, age squared, sex, and inter ac tions between 
age and sex. For the T-SMP model, the dura tion is included as a con tin u ous inde-
pen dent var i able, and the age is recorded at the start of the dura tion with the rest 
of the covariates the same. The T-DDMSLT mod els are sim i lar except that dura-
tion is treated as a cat e gor i cal var i able. The resulting age and dura tionspe cific 
tran si tion prob a bil i ties are com bined with the respec tive base line in a mul ti state 
life table to esti mate dis abil ity-free life expec tancy. Bootstrap resampling from the 

D
ow

nloaded from
 http://read.dukeupress.edu/dem

ography/article-pdf/61/6/1715/2182727/1715shen.pdf by guest on 20 D
ecem

ber 2024



1722 T. Shen and J. O’Donnell

Table 1 Characteristics (N and %) of the sam ple for birth cohort 1936–1945

Full Data Truncated 3 Truncated 5 No Unknown

A. Baseline at Age 65
 N 6,897 6,420 6,039 1,804
 Disability-free (all ) 6,042 5,520 5,009 556
  0 320 393 445
  1 52 52 52
  2 31 31 31
  3/3+ 5,117 19 19
  4 9 9
  5/5+ 4,505 0
 Disabled (all ) 855 900 1,030 1,248
  0 460 702 1,159
  1 56 56 56
  2 19 19 19
  3/3+ 365 9 9
  4 4 4
  5/5+ 240 1
 Sex (%)
  Male 44.6 43.7 43.0 40.5
  Female 55.4 56.3 57.0 59.5
 Race and eth nic ity (%)
  White 71.6 72.1 72.8 65.2
  Black 16.2 15.8 15.4 19.7
  His panic 10.0 9.9 9.6 12.5
  Other 2.2 2.2 2.2 2.6
 Educational attain ment (%)
  Below high school 22.8 22.4 22.0 30.7
  High school 36.9 37.0 37.3 36.0
  Above high school 40.2 40.6 40.7 33.3
B. Transitions Between 65 and 80
 Number of tran si tions (all  dura tions) 104,502 84,269 73,158 24,290
  HH 84,126 66,788 56,798 11,759
  HU 3,870 3,265 2,959 1,448
  HD 1,219 1,054 956 302
  UH 2,738 2,319 2,228 2,146
  UU 11,462 9,852 9,258 7,804
  UD 1,087 991 959 831
 Age (aver age) 68.9 70.5 71.4 71.5
 Sex (%)
  Male 42.7 42.2 41.9 39.5
  Female 57.3 57.8 58.1 60.5
 Race and eth nic ity (%)
  White 72.6 72.9 72.8 65.5
  Black 15.2 15.0 14.9 18.4
  His panic 9.9 9.9 10.0 13.5
  Other 2.2 2.2 2.2 2.6
 Educational attain ment (%)
  Below high school 21.1 20.9 20.9 29.7
  High school 36.8 36.8 36.8 35.6
  Above high school 42.0 42.3 42.3 34.6

Note: “H” rep re sents healthy/dis abil ity-free, “U” unhealthy/dis abled, and “D” dead.

Source: Authors’ cal cu la tions based on Health and Retirement Study, 2000–2020 (2023).
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1723Modeling Disability-Free Life Expectancy With Duration Dependence

orig i nal dataset is used to gen er ate con fi dence inter vals. All cal cu la tions are done in 
R 4.3.0 (R core team 2023) and can be rep li cated (see https:  /  /github  .com  /tyaSHEN   
/HLEmarkov).

Results

In Figures 3 and 4, we pres ent esti mated tran si tion prob a bil i ties among males uti-
liz ing var i ous mod els and data sam ples. Figure 3 delin eates agespe cific tran si tion 
prob a bil i ties from 65 to 80 estimated using the MSLT model with full data, strat i fied 
by the cur rent health state for the cohort born between 1936 and 1945. The left panel 
illus trates dis abil ity-free states, while the right panel por trays dis abil ity states. Col-
ored lines denote the prob a bil ity of transitioning to the sub se quent state. For instance, 
the prob a bil ity of remaining dis abil ity-free (indi cated by the red line in the left panel) 
stands at approx i ma tely 95% at age 65.

Figure 4 illus trates the prob a bil i ties of remaining healthy (panel a) and unhealthy 
(panel b) for males at age 70 for each sam ple and model. Mar kov MSLT prob a bil i ties 
are cal cu lated on each sub sam ple and displayed in each panel to show the effect of 
data loss in each model. Notably, these prob a bil i ties are sim i lar between the full and 
trun cated sam ples, but sig nifi  cantly lower in the sam ple with all  leftcen sored obser
va tions discarded. The dis par ity in prob a bil i ties between T-SMP and T-DDMSLT 
arises partly from T-SMP treating dura tion as a con tin u ous func tion. In T-DDMSLT, 
reten tion prob a bil i ties exhibit mod er ate fluc tu a tions over ini tial dura tions before 
grad u ally increas ing, while T-SMP shows a smoother increase with expanding con-
fi dence inter vals. Retention prob a bil i ties in both TSMP and TDDMSLT mod els are 

Healthy Unhealthy

65 70 75 80 65 70 75 80
.00

.25

.50

.75

1.00

Age

Pr
ob
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ty

Next state: Healthy Unhealthy Dead

Fig. 3 Agespecific transition probabilities for the male cohort 1936–1945 with MSLT (full data). Shading 
represents 95% confidence intervals. Source: See Table 1.
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1724 T. Shen and J. O’Donnell

nota bly lower for shorter dura tions com pared with MSLT, increas ing with dura tion. 
This dem on strates dura tion depen dence in the tran si tion risk, with indi vid u als most 
likely to tran si tion in the first 1–2 years.

While both pan els exhibit fluc tu a tions in ini tial dura tions, the like li hood of 
remaining dis abled (Figure 4, panel b) increases slightly faster than the prob a bil ity 
of remaining dis abil ity-free (panel a). For instance, in the T-SMP, the prob a bil ity 
of stay ing dis abled at dura tion 5 is sig nifi  cantly higher than the prob a bil ity at dura
tion 0. Additionally, the tran si tion prob a bil ity at the trun ca tion dura tion surpasses the 
MSLT esti mate, suggesting higher sticki ness for longterm states but greater flu id ity 
for short-term states com pared with the Mar kov MSLT model. In the T-DDMSLT-H 
model, which records past peri ods of dis abil ity, dura tion 4 (or 6) in panel a rep re sents a 
spe cial state: dis abil ity-free with out a his tory of dis abil ity. By sep a rat ing indi vid u als 
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a. Staying healthy (HH)

b. Staying unhealthy (UU)

Model: MSLT T−DDMSLT T−DDMSLT−H T−SMP
Fig. 4 Transition probabilities for different models at age 70 for the male cohort 1936–1945. In panel a, last 
duration in the model T-DDMSLT-H refers to the special state: healthy without history of unhealthy events 
recorded within the truncation of years. Error bars represent 95% confidence intervals. The TSMP model 
is used to estimate the subsample with no unknown duration. Source: See Table 1.
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1726 T. Shen and J. O’Donnell

with and with out any his tory, the prob a bil ity of remaining dis abil ity-free for dura-
tion 3 (or 5) and above is much lower than in the T-DDMSLT model, indi cat ing that 
indi vid u als with a his tory are likely frailer and more prone to transitioning out of the 
dis abil ity-free state. Therefore, sep a rat ing groups with and with out a his tory of dis-
abil ity could lead to more robust and real is tic esti ma tions.

Applying tran si tion prob a bil i ties to the dif fer ent mod els yields esti ma tes of 
healthy and unhealthy life expec tan cies (HLE and ULE, respec tively). Table 2 shows 
the 15-year par tial life expec tancy from 65 to 80 by sex, while Table A2 in the online 
appen dix pres ents results for older cohorts aged 75–90. Columns dis play par tial  
life expec tancy esti ma tes using the dif fer ent mod els and performed on each of the 
datasets required to run the Mar kov and dura tion-depen dent mod els. The meth ods 
are com pa ra ble within each col umn, so the dif fer ences in life expec tancy across rows 
derive from the data sam ples. Thus, dif fer ences in results using the Mar kov MSLT 
(col umns 1–3) rel a tive to the first row of results mea sure errors intro duced by dis-
carding the obser va tions nec es sary to run the dura tion-depen dent mod els. Taking the 
males in Table 2 as an exam ple, drop ping all  left-cen sored obser va tions (required for 
TSMP) sig nifi  cantly affects the Mar kov MSLT esti ma tes: HLE decreases by 37% 
(from 11.5 to 7.3 years), ULE more than dou bles (from 1.8 to 4.0 years), and the pro-
por tion of dis abil ity-free life declines from 87% to 65%. The T-SMP model (col umns 
4–6) esti ma tes remain nearly iden ti cal to the Mar kov esti ma tes (col umns 1–3) on the 
reduced dataset, so do not com pen sate for the data loss.

The sam ples for the pro posed trun cated mod els sub stan tially reduce the dif fer-
ence in life expec tancy com pared with the T-SMP model. Mar kov esti ma tes of life 
expec tancy are nearly iden ti cal between those performed on the full data and those 
on Truncated 3 (col umns 1–3). Truncated 5 pro duces slightly smaller esti ma tes of 
HLE (11.3 vs. 11.5 years) and higher esti ma tes of ULE (1.9 vs. 1.8 years) for males 
in Table 2. These gaps between Truncated 5 and full data are slightly more notice able 
when esti mat ing HLE in older cohorts (see sec tion 2 of the online appen dix 2). It is 
impor tant to acknowl edge that they are likely a reflec tion of a real bias, intro duced 
by discarding a dis pro por tion ately larger num ber of sur vey respon dents who were 
healthy on enter ing the study.

The semi-Mar kov mod els on the same trun cated datasets pro duce near iden ti cal 
results as the Mar kov model in col umns 1–3, indi cat ing that model choice is less of an 
issue and that the effects of dura tion on the tran si tion prob a bil i ties aver age out over 
dura tion when mea sur ing expec tan cies.

Discussion and Conclusion

Observable dif fer ences in mul ti state tran si tion prob a bil i ties arise when dura tion 
depen dence is con sid ered. In our case, the prob a bil i ties of remaining in the same 
healthy or unhealthy state increase over dura tion. These trends are con sis tent with 
find ings from pre vi ous stud ies, includ ing those by Cai et al. (2006) and Cai et al. 
(2008), and war rant the past and con tin ued schol arly atten tion to how dura tion 
depen dence can be under stood and mea sured. Duration itself may not be the under-
ly ing cause of these pat terns, though account ing for dura tion may still help con-
trol for unob served driv ers. Regardless, dura tion depen dence did not trans late into 

D
ow

nloaded from
 http://read.dukeupress.edu/dem

ography/article-pdf/61/6/1715/2182727/1715shen.pdf by guest on 20 D
ecem

ber 2024



1727Modeling Disability-Free Life Expectancy With Duration Dependence

 dif fer ences in HLE in this study. Importantly, the fea tures of the study and sam ple 
have allowed Mar kov prob a bil i ties to aver age out the effects of dura tion depen dence. 
The dif fer ences we observe are pri mar ily driven by the treat ment of left-cen sored 
obser va tions. Given the cost of dura tion-depen dent mod els in terms of data loss, the  
Mar kov MSLT is per haps the best choice for esti mat ing life expec tan cies in this 
study, even in the pres ence of dura tion depen dence. Yet, dura tion-depen dent mod els 
may pro duce more real is tic results if the research focus is on out puts other than life 
expec tancy, such as the num ber and pat terns of tran si tions.

Whether dura tion depen dence impacts life expec tancy in other con texts may depend 
on the cir cum stances. In this study, the MSLT aver ages out the impacts of dura tion 
depen dence, resulting in com pa ra ble life expec tancy esti ma tes with and with out explic-
itly mod el ing dura tion depen dence. However, dura tion depen dence could have a greater 
bear ing when spe cific sub pop u la tions are stud ied and com pared, as well as in research 
con texts in which dura tion depen dence is a more impor tant influ ence, includ ing, for 
exam ple, con tra cep tive use and mar i tal sta tus (Schoen 2021; Steele et al. 2004). Future 
research should there fore con tinue to explore the pres ence and influ ence of dura tion 
depen dence on the mea sure ment of health and soci e tal out comes.

The pro posed trun cated dura tion-depen dent model is a prag matic option for 
explor ing and account ing for dura tion depen dence. Discarding all  left-cen sored 
obser va tions heavily biases sam ples away from rel a tively healthy pop u la tions, as 
seen in our exam ple. The Cai et al. (2006) impu ta tion approach for unknown dura-
tions is a meth od o log i cal advance but may be impacted by sys tem atic dif fer ences 
between left- and non-left-cen sored obser va tions. Such dif fer ences place doubt on the 
implicit assump tion that left-cen sored obser va tion are miss ing at ran dom (Dempster  
et al. 1977). While not claiming supe ri or ity over their impu ta tion approach, our trun-
cated DDMSLT model is via ble, easy to imple ment, and a use ful addi tion to the  
mul ti state toolkit. Future research could explore com bin ing trun ca tion and impu-
ta tion approaches by imput ing obser va tions below the trun ca tion point rather than 
drop ping them, pre vent ing data loss while strength en ing the miss ing at ran dom 
assump tion validity by reduc ing dif fer ences between obser va tions with and with out 
miss ing dura tions.

A key lim i ta tion of the pro posed model is the assump tion that dura tion becomes 
irrel e vant after a spe cific trun ca tion point. These points rep re sent a cru cial tradeoff 
between data loss and reimposing the Mar kov assump tion. Higher trun ca tions risk 
increased data loss and bias, while lower points nul lify dura tion depen dence mod el-
ing. Although we have not spec i fied cri te ria, datadriven approaches for selecting trun
ca tion points are pos si ble but require extended obser va tion peri ods to iden tify if and 
when dura tion depen dence dis ap pears. A fur ther lim i ta tion is that our data and approach 
incor po rate no his tor i cal health infor ma tion prior to the cur rent state and poten tially fail 
to fully cap ture health epi sodes and tra jec to ries between sur vey waves. Arguably, these 
issues are intrin sic to the com plex ity of indi vid ual health tra jec to ries and the lim i ta tions 
of data-gath er ing pro cesses (Wolf and Gill 2009). Future research could nev er the less 
explore dura tion-depen dent mod els that allow for tran si tions between inter vals, such as 
the embed ded Mar kov chain model pro posed by Laditka and Wolf (1998).

In con clu sion, we find dura tion depen dence in the dif fer ent mod els tested. How-
ever, in esti mat ing healthy life expec tancy in this study, any bias induced by not 
con sid er ing dura tion depen dence is not so seri ous when the sam ple for the esti ma tion 
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is the same. As discussed by Guo (1993), the left-cen sored data are prac ti cally an 
intrac ta ble issue. There is no gold stan dard model with out spe cific assump tions and 
lim i ta tions. The stan dard MSLT can pro duce com pa ra ble esti ma tes to the dif fer ent 
dura tion-depen dent mod els and at the least cost in terms of data loss. Where that is 
not the case, the trun cated DDMSLT pro posed in this study is a via ble, prag matic, and 
par si mo ni ous com pro mise that explic itly allows research ers to find the appro pri ate 
tradeoff between data loss and dura tion depen dence. ■
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