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An increment-decrement stochastic-process life table model
that continuously mixes measures offiinctional change is developed
to represent age transitions among highly refined disability states
interacting simultaneously with mortality. The model is applied to
data from the National Long Term Care Surveys of elderly persons
in the years 1982 to 1996 to produce active life expectancy esti-
mates based on completed-cohort life tables. At ages 65 and 85.
comparisons with extant period estimates for 1990 show that our
active life expectancy estimates are larger for both males and fe-
males than are extant period estimates based on coarse disability
states.

• or more than two decades, demographers, epidemiolo-
gists, and public health planners have focused attention on
the development and application of health measures combin-
ing mortality and disability data (e.g., Wilkins and Adams
1983). Building on others' work on community and national
health measures (e.g., Sanders 1964; Sullivan 1971), and fo-
cusing on the elderly population, Katz et al. (1983) opera-
tionally defined active life expectancy (ALE) as the period
of life free of disability in activities of daily living (ADL).
ADLs are personal maintenance tasks performed daily, such
as eating, getting in and out of bed, bathing, dressing,
toileting, and getting around indoors (Katz and Akpom
1976). Freedom from disability in any ADL means that the
person is able to perform each self-maintenance function
without another person's assistance and without "special"
equipment (Manton, Corder, and Stallard 1993 a). Since the
publication of the Katz et al. (1983) article, the concept of
ALE also has been operationalized as absence of limitations
in instrumental activities of daily living (IADL), which are
household maintenance tasks such as cooking, doing the
laundry, grocery shopping, traveling, and managing money
(Lawton and Brody 1969); physical performance limitations
(e.g., Nagi 1976); or impairments, disabilities, or social
handicaps as defined by the World Health Organization
(1980; e.g., Robine 1994).

Maximizing ALE has been suggested as a more appro-
priate goal of medical therapy at late ages (Meltzer 1997)
than simple life extension. As a measure of the health of eld-
erly populations, or as a criterion in cost-effectiveness stud-
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ies of new therapies, it is a fundamental premise of ALE
studies that the maintenance of older people's functioning
and social independence is as important in defming both
health and quality of life as is the avoidance of death and
disease.

In assessments of deviations from the intact or "active"
health state, however, controversy has arisen in selecting
metrics to differentially weight specific physical and cogni-
tive dysfunctions (e.g., Manton, Woodbury, and Stallard
1991). Some researchers use the subjective judgment of
small groups of experts to identify the quality of health asso-
ciated with medical conditions (e.g., Murray and Lopez
1996). Such disability-adjusted or quality-adjusted life year
(DALY, QALY) measures have been criticized because they
depend on the subjective views, and value judgments, of a
person or persons to produce decisions about the amount of
care required to maintain a person in a given state of health.
For example, the "valuation" ofa year of life in a health state
may change with the evaluator's social role, such as whether
the evaluator is performing the role ofa health system man-
ager considering a budget deficit, of a parent of a critically
ill child, or ofa person possessing and coping with particu-
lar disabilities.

It may be preferable to obtain responses directly from
affected individuals and to learn whether they perceive them-
selves as chronically functionally limited in an ADL or IADL
in the manner initiated by Katz et al. (1983). This approach
is probably better than merely making physical measure-
ments because maintenance of physical independence at late
ages also involves psychological factors such as the self-
perception of health, general morale, and the level of moti-
vation to preserve functions. To move from responses about
the ability to perform specific ADLs or IADLs to ALE esti-
mates (sometimes also called disability-free life expectancy
or DFLE; see Robine, Mathers, and Brouard 1993), one must
use state-dependent life table methods to estimate the aver-
age remaining number of years free of ADL or IADL impair-
ment at specific ages.

The life table methods used for this purpose have
evolved from Sullivan's (1971) prevalence-rate method to
double-decrement models (Katz et al. 1983) and to multistate
or increment-decrement models (e.g.. Land, Guralnik, and
Blazer 1994; Rogers, Rogers, and Branch 1989). Because
national panel studies are relatively scarce, however, these
models usually are applied to synUietic-cohort or "period"
data in which general (i.e., not specific as to disability state)
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age-specific mortality rates (taken from vital statistics) and
disability rates (measured in health surveys) experienced by
a population during a period (e.g,. a calendar year) are con-
catenated across ages to simulate a cohort's "experience,"
The prevalence-rate method is applied most frequently be-
cause of data limitations at the national level (see, e.g.,
Crimmins, Saito. and Ingegneri 1997).

Not only have dynamic ALE concepts seldom been ap-
plied to national longitudinal studies. In addition, applica-
tions of increment-decrement models often have been lim-
ited to highly aggregated or "coarse" disability states to de-
fine health changes: for example, transitions from being not
at all disabled to being disabled with impairment of any
ADL or IADL; or transitions from not being disabled to be-
ing severely disabled with a minimum number of ADL (or
IADL) limitations present. Although coarse state classifica-
tions provide ALE estimates, they do not represent the de-
tailed gradations in levels and types of disability that can be
extracted from multiple ADL. IADL, or physical perfor-
mance responses. In addition, the use of a "not at all dis-
abled/disabled" criterion as defined by any ADL or IADL
impairment defines a heterogeneous disabled group, con-
Uining (for example) individuals with partial limitation in
one IADL (e.g,, cooking) as well as individuals completely
limited in all ADLs (e.g., bedfast persons).

In this paper we address these limitations by developing
an increment-decrement stochastic-process model of transi-
tions among highly refined functional status profiles inter-
acting with a disability-specific mortality process. Often it
proves easier to relate these refined profiles than to relate
coarse disability states to the patterns of physical function
limitations actually observed either in general elderly popu-
lations (Berkman, Foster, and Campion 1989) or in very
frail institutional populations (Manton, Cornelius, and
Woodbury 1995) or communities (Manton, Stallard, and
Singer 1994).

The model builds on multidimensional stochastic-process
models used previously to analyze risk-factor processes
(Manton, Stallard, and Singer 1994; Manton, Stallard, Wood-
bury, and Dowd 1994; Manton and Woodbury 1983; Wood-
bury and Manton 1983a). This model is suitably generalized
to deal with non-Gaussian diffusion processes so as to de-
scribe "lumpy," sparsely populated, high-dimensional disabil-
ity-state spaces. The model is applied to data from a nation-
ally representative longitudinal survey of elderly persons to
produce ALE estimates for a finely partitioned state space
representing individuals in terms of disabilities and disability
intensities on multiple dimensions.

These longitudinal survey data provide follow-up long
enough to allow for recording many survey respondents' real
cohort experience for a number of years, but not so long that
all cohort members of the "young-old" (ages 65-74) cohort
have died. Therefore we combine the partial cohort observa-
tions for as many years of respondents' lives as possible with
synthetic estimates of remaining life (obtained from older co-
horts), as needed. Because disability and mortality are de-
clining across cohorts, this process will yield estimates that

are conservative for respondents from the young-old cohorts.
Using comparisons of ALE estimates from these partial co-
horts with prevalence-rate-based estimates from synthetic
cohort life tables of the U.S. elderly population in 1990, we
illustrate the sensitivity of estimates of the population bur-
den of disability to the state-space representation, and to the
model specification, used in estimation.

DATA
The data used here are taken from the 1982, 1984, 1989, and
1994 National Long Term Care Surveys (NLTCSs). These
surveys employ a two-stage sample design to focus inter-
viewing resources on detailed assessments of persons with
chronic disability (Manton, Corder, and Stallard 1993b). In
the first stage of each NLTCS, persons age 65+ sampled from
Medicare administrative lists are screened for chronic dis-
abilities. If they report at least one such disability (lasting or
expected to last 90+ days), or if they are living in a chronic
care institution, they receive a detailed, in-person commu-
nity or institutional instrument. Because samples are drawn
from an administrative list, the follow-up of persons between
surveys is nearly 100%. Response rates in all four surveys
were 95% (Manton, Corder, and Stallard 1997).

In addition, all persons chronically disabled or institu-
tionalized in a prior NLTCS automatically receive a detailed
interview at each subsequent wave (until death). These inter-
views assess, in detail, persons who regain function as well
as those who continue to lose function as their "disability"
intensifies on one or more dimensions. In this sense, the
NLTCSs represent a national longitudinal study of changes
in defined "partial" cohorts. To represent the entire popula-
tion over 65, a new sample of 5,000 persons ("cohort")
reaching age 65 in the survey interim is drawn from Medi-
care lists at the next survey date and is screened for chronic
disability or institutional residence. Incidence cases in this
group receive a detailed interview to supplement the cohort
structure of the sample over time.

In each NLTCS sample, roughly 20,000 persons repre-
sented the U.S. elderly population age 65+. In the four sur-
veys, 35,000 distinct elderly individuals were assessed one
or more times. Roughly 17,000 deaths (from 1982 to 1996)
were identified from Medicare records. Each NLTCS con-
tains large numbers (> 2,000) of persons age 85+. In 1994
there was an oversample (N = 540) of persons age 95+. The
survey records also were linked to continuous records of
Medicare Part A and Part B service use.

Questions on disability and morbidity have remained
unchanged over the four NLTCS waves; the same field meth-
ods and survey organization (the U.S. Bureau of the Census)
have been used. Thus, method effects on trend estimates are
minimized. The measures used to construct the disability
state space are described below.

THE MODEL
To estimate ALE from NLTCS data, we need a model to
represent the interaction of a multiple-dimension stochastic
disablement process and a multiple-dimension disability-
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specific mortality process. One possible approach, men-
tioned in the introduction, is the multistate life table (e.g.,
Rogers et al. 1989). Traditional aggregate approaches to es-
timation of multistate life table models have a limitation: As
the number of states in the model increases and as the ex-
pected number of person-years of exposure in each cell de-
creases, the statistical precision of estimated transition rates
for a given "cell," or age-specific disability state, is de-
graded. Land et al. (1994) noted that a data graduation, or
smoothing, strategy is necessary in such circumstances;
also, if individual-level or micro data are available, the data
graduation procedure should use such data employing mul-
tivariate panel or survival modeling techniques. Here, to
smooth parameter estimates, we use a substantively based
multivariate survival model for individuals.

In addition, in the conventional aggregate multistate ap-
proach, the assumption that individuals within discrete cells
are homogeneous can cause problems in describing disabil-
ity and mortality dynamics for individuals.

First, if individuals in a given state are assumed to be
homogeneous, the estimated transition rate must be identical
for all persons in the state. If the cell population is heteroge-
neous, then the transition rate estimate is the rate averaged
over dissimilar individuals. If within-cell heterogeneity is
significant, and if the force of mortality is high, the variabil-
ity of individual transition rates within cells must be mod-
eled simultaneously with age changes in the average rate; if
this is not done, bias in the average rates will increase with
age because of Jensen's inequality (Matis and Wehrly 1979).'
This situation presents a quandary: If cell boundaries are ex-
panded to include more persons (to stabilize transition rate
estimates), the analyst may increase the bias in each estimate
because within-cell heterogeneity is also increased.

Second, if cell boundaries are assumed to be "discrete"
(i.e., defmed by a discontinuity in an underlying continuous
state space), but if the states of the underlying phenomena
actually vary continuously, then the error in the estimation
of an individual's transition rate by a cell's mean transition
rate is larger for persons whose true values are near the
boundary of the cell than for persons whose true values are
near the cell's "center." Thus a discrete partitioning of the
disability state space, unless based on theory, can interact
with transition rate estimates in complex and potentially mis-
leading ways.

We use an approach to graduation (which also defmes
the state space in which the disability process operates)

I. For a one-compartment system. Jensen's inequality may be exam-
ined analytically. If the average time to an event £[A'(0] can be expressed as
e £ , {exp[-i( H{t)]], where exp[-* H{t)] is a convex fiinction of * for t > 0,
then, from Jensen's inequality, it holds that

c E <exp[-* //(Oil > c {exp[-£(*)//(f)l}
for systems either in which individuals vary stochastically, or in which the
system, when replicated, varies stochastically. This relationship has been
applied in mortality analyses in which individuals are assumed to have dif-
ferent levels of risk. In this case, "high-risk" persons are selected more rap-
idly so that the average risk level among survivors declines with age
(Vaupel. Manton. and Stallard 1979).

whereby disability is modeled as a continuously mixed dis-
tribution of a small number of "fundamental" disability
"states" or dimensions. This has certain advantages. First,
information from the total sample is shared over all param-
eters estimated for the multidimensional mixing distribution.
Hence, little statistical power is lost by increasing the dimen-
sionality of the state space used to estimate coefficients for
independent cells from the sample. Second, disability is
treated as a multidimensional-scaled "attribute" (Manton,
Stallard, and Singer 1994; Manton, Stailard, Woodbury, and
Dowd 1994; Manton, Woodbury, and Stallard 1991). Sub-
stantively this means that individuals can be partially dis-
abled, or disabled to different degrees on different dimen-
sions, and that intensity is a fiinction of time and age (and
possibly other covariates).

Identification of the State Space: Dimensions of
Disabiiity
To calculate life table parameters, we identified a set of dis-
ability states from measures made in the NLTCS, using grade
of membership procedures (GoM; see, e.g., Manton, Wood-
bury, and Tolley 1994). We applied GoM to data on the joint
dependency of multiple, discrete measures, to adjust for mea-
surement error and to identify the K dimensions of the dis-
ability state space. Several studies have shown that these di-
mensions predict age-related changes in mortality and mor-
bidity more accurately than do many physiological variables.
That is, the model filters out stochastic and measurement er-
ror and possesses excellent predictive validity for survival,
morbidity, and use of health service (Manton, Stallard,
Woodbury, and Dowd 1994),

Let each disability measure be one of J multinomial vari-
ables, x^, for each of / individuals. Define a binary variable,
\ ,„ for each of / possible responses to the Jth multinomial
variable. The binary variables, \,, are defined in GoM as a
convexly constrained /^-dimensional, continuous mixture of
the probabilities that each disability trait for a person is ex-
actly in one of AT disability states. (In general GoM terminol-
ogy, the disability states also may be called pure types, see
Woodbury and Clive 1974; Woodbury, Clive, and Garson
1978.) That is.

where ĝ  is a convex score estimated such that

I^^= 1.0 and 0.0 < ê  < 1.0,

and the \ , are the probability of the /th response for a person
in the kth disability state. That is, g .̂ = 1.0 for state K* and
g^ = 0.0 for all other states. In other words, the X,,, vectors
give the response profiles (the set of probabilities of the
XZ,̂  responses for the kth state) for persons whose disabil-
iiy is described exactly by the kxh state (i.e., the score on the
kth dimension is 1.0). For most elderly persons, when J is
large, the profiles are not discretely classifiable with the re-
sponse profiles for the K disability states. That is, highly
complex states may include few sample members with the
exact trait profile defined by the model. Most sample mem-
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bers will have membership scores g,. < 1.0 in two or more
disability states.

This means that a typical sample member's response
profile for J disability measures is described as a continu-
ously weighted convex combination ofthe profiles for two or
more of AC disability states (Karlin and Shapley 1953; Weyl
1949) The combination of profiles is convex because each
g^ IS constrained by the bounds of 0.0 and 1.0, and the g^s
for any given sample member / must sum to 1.0. Because the
g^s can take on any real value between 0.0 and 1.0, we com-
bine profiles, using these continuous but bounded weights.

There are three advantages to using a continuously vary-
ing, convexly constrained mixture to represent the popula-
tion burden of disability. First, a more precise measure of
disability burden can be calculated because, in individuals
who have some disability but yet retain some degree of cer-
tain types of functioning, the observed level of disability can
be described exactly (i.e., the parameter space can be "satu-
rated"). By contrast, in models where disability is defined by
selecting a threshold to separate disabled from nondisabled
persons, a zero level of ability to function is counted for per-
sons who are classified as disabled. Second, the statistically
optimized continuous weights are more robust to error in in-
dividual measures of disability (e.g., responses to ADL items
in an interview). In the discrete or threshold disability model,
for persons near the threshold, misclassification is more likely
because ofthe small number of errors required to misclassify
persons near the boundary. Finally, the continuously weighted
model identifies the "K" disability profiles that describe most
accurately the distribution of the J measures.

We estimate the g,,s and X^;s using a likelihood function
of the general form.

L =

The order ofthe model—the number of disability states, K—
is determined by testing values of the ratio of the likelihood
for K and K ^ I types to a chi-square distribution and using
the lowest \ alue of K where that likelihood-ratio chi-square
IS insignificant.

For the four NLTCS, the likelihood includes time. De-
fine 7"as the indicator / = 1, 2, 3, 4 for the NLTCS; thus there
are four sets of g,,(0 and ,̂ (0 to be estimated. The likeli-
hood is now

lii
, V»-i

In this function, only the g,,(r)s vary over time (i.e., across
survey dates). By fixing A.̂ ,̂() over time (i.e., \l<\) = \P^ =
X^3) = A.̂ ,,(4)), we describe disability by temporally averaged
states defmed identically for each t. Thus a given value of
each g,.(r) has the same meaning over time. The gj^t\ as-
sessed at two (or more) times, thus defines the trajectory of a
/k-dimensional disability vector for individual /.

Manton, Stallard, and Corder (1998) applied GoM to 27
ADL, IADL, and physical performance items in 21,574 re-
sponses (some disabled persons received multiple interviews

over time) to the detailed community interviews in the four
NLTCS. When they used the likelihood ratio criterion, they
found that 6 was the statistically optimal number of states
describing the nonrandom sample variation ofthe 27 disabil-
ity items in the community sample. In a separate analysis, a
seventh state was needed to describe the response profiles of
roughly 6,000 institutional responses at the four dates. Insti-
tutional and community populations were distinct in the ac-
tivities they could not perform (that is, for many disabilities
the institutional population showed little variation); thus in-
stitutional residents were assigned a value of g^ = 1.0 for the
seventh profile.

Table 1 displays the X ,̂( )s vectors for the six states
identified from the 1982, 1984, 1989, and 1994 NLTCS com-
munity interview data. The A.̂ ,( )s represent the probability
of having a trait by a person whose responses to the J dis-
ability items are exactly like those of state K* (i.e., g,, = 1.0).
Whether a X^,() is "characteristic" or "not characteristic" of
a state is determined by comparing it with the trait's fre-
quency in the sample (Berkman, Singer, and Manton 1989;
Singer 1989). In Table 1, for example, 10.6% ofthe total
sample needed help with eating. Only State 6 had a signifi-
cant probability of manifesting that disability. The probabil-
ity of an eating problem for a person in a situation exactly
like State 6, 80.8%, suggests odds of having an eating prob-
lem that are 7.6 times greater (i.e., 80.8/10.6 = 7.6) than the
probability (10.8%) for a person selected at random from the
total sample.'

By comparing the response profiles for the 27 items for
each of the six states shown in Table 1 with estimates of the
probabilities relating the disability states to 28 health condi-
tions identified in the NLTCS, Manton, Stallard, and Corder
(1998) characterized the states as follows:

State 1: Healthy, unimpaired;
State 2: Not ADL/IADL-impaired, but with some limi-

tation of three physical functions;
State 3: Not ADL/IADL-impaired, but young, with

some physical limitation due to cardiopulmo-
nary problems;

State 4: IADL-impaired with cognitive limitations, of-
ten due to dementia or stroke;

State 5: Moderately ADL and IADL-impaired, often be-
cause of musculoskeletal problems;

State 6: Highly impaired on multiple ADL and IADL.

These six disability states, plus the discrete institutional
state, define a seven-dimensional state space for the stochas-
tic disability dynamic model specified next.'

2. To generate corresponding expected population frequencies, theg^s
must be multiplied by the individual sample weights (probability of being
selected into the sample).

3. In previous studies, GoM analysis was applied to these 27 items
from earlier groups of waves ofthe NLTCS. For example, Manton, Stollard,
and Corder (1998) reported GoM analyses and disability-state definitions
for the 1982, 1984, and 1989 waves. Although the ordering and labeling of
the states in Table 1 differs slightly from that reported in Manton, Sullard,
and Corder (1997), the sute definitions are essentially the same. The differ-
ences are due to the presence ofthe 1994 wave ofthe NLTCS in the analy-
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TABLE 1. ESTIMATES OF
SURES OF THE

PROBABILITIES (X ^ X 100) DESCRIBING SIX
ABILITY TO PERFORM SPECIFIC ACTIVITIES

NLTCS COMMUNITY INTERVIEWS

% in Sample
Characteristic With Characteristics

Needs Help With (ADL)

Eating

Get in/out bed

Getting around inside

Dressing

Bathing

Using toilet

Bedfast

No Inside Activity

Uses Wheelchair

Needs Help With (IADL)

Heavy work

Light work

Laundry

Cooking

Grocery shopping

Getting around outside

Traveling

Managing money

Taking medicine

Telephoning

10.6

27.6

40.3

20.8

43.9

24.8

0.8

1.4

6.2

67.6

21.7

35.5

25.9

48.6

55.5

49.3

22.9

21.1

14.6

How Much Difficulty Do You Have...?

Climbing one flight of stairs

None
Some
Very difficult
Cannot at all

Bending for socks
None

Some
Very difficult
Cannot at all

Holding 10-lb. package

None
Some
Very difficult
Cannot at all

Reaching over head

None
Some
Very difficult
Cannot at all

22.1
29.2
28.6
20.2

46.3
27.0
16.6
10.1

33.8
17.7

14.5
34.0

58.8

20.1
12.7
8.4

1

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

100.0
0.0

0.0
0.0

100.0
0.0

0.0
0.0

100.0
0.0
0.0
0.0

100.0

0.0
0.0

0.0

DISABILITY
ASSESSED

Community Disability TVpe:

2

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

100.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0
100.0

0.0
0.0

0.0

100.0
0.0

0.0

0.0
100.0

0.0

0.0

100.0

0.0

0.0
0.0

3

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

100.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0
0.0

100.0
0.0

0.0

46.6
53.4

0.0

0.0
0.0

74.6
25.4

0.0

62.6

30.0
7.4

257

STATES IDENTIFIED FROM 27 MEA-
IN THE 1982, 1984,

% With Characteristics

4

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

0.0

100.0

42.7

100.0

100.0

100.0

100.0

100.0

100.0

100.0

89.8

0.0
0.0

100.0
0.0

93.3
6.7

0.0
0.0

0.0
0.0

59.1

40.9

100.0

0.0
0.0
0.0

5

0.0

100.0

100.0

0.0

100.0

71.3

0.0

0.0

16.0

100.0

0.0

0.0

0.0

100.0

100.0

100.0

0.0

0.0

0.0

0.0
0.0

47.6
52.4

0.0

51.0
49.1

0.0

0.0
0.0

0.0
IOO.O

100.0
0.0

0.0
0.0

1989, AND 1994

6

80.8

100.0

100.0

100.0

100.0

100.0

5.4

9.1

22.5

100.0

IOO.O

100.0

IOO.O

100.0

100.0

100.0

100.0

100.0

75.8

0.0
0.0

13.0
87.0

0.0
10.3

23.3
66.5

0.0
0.0
0.0

100.0

0.0
22.0

32.6
45.4

(continued)
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(Table I. continued)

Combing hair
None
Some

Very difficult
Cannot at all

Washing hair
None

Some

Very difficult
Cannot at all

Grasping small objects
None
Some

Vcr> difTicult
Cannot at all

Can Nbu See Well Enough to
Yes

73.6
14.9

6 3

5.2

58.7

13.9

8.5
18.8

67.8
19 5
9 J
3.4

Read a Newspaper?
75.7

100.0

0.0
0.0
0.0

100.0

0.0
0.0
0.0

100.0
0.0
0.0
0.0

100.0

100.0
0.0

0.0
0.0

100.0

0.0
0.0
0.0

100.0
0.0
0.0
0.0

100.0

0.0
80.7
19.3
0.0

0.0
67.5
32.5
0.0

0.0
75.0
25.0
0.0

100.0

100.0
0.0
0.0

0.0

100.0

0.0
0.0
0.0

100.0
0.0

0.0
0.0

0.0

100.0
0.0

0.0
0.0

100.0
0.0
0.0
0.0

100.0
0.0
0.0

0.0

100.0

0.0
29.1
29.1
41.8

0.0
0.0
8.9

91.1

19.6
27.6
28.9
23.9

49.2

Dynamics of Changes in Disability States Between
Sample Waves

After g,,(t)s and ^ ,̂( )s were estimated for fixed times (i.e.,
NLTCS waves), we transformed them into approximations
of the disability-state vector trajectories for members of the
NLTCS panel in continuous time to generate complete life
tables. This was done by specifying a process to link the
g,,(t)i for each individual / at two times. At the most elemen-
tary level, it could be assumed that the g,,(/) remains con-
stant between waves of the NLTCS. At the end of the survey
interval, new measurements are made, and the g,.(0 is as-
sumed to jump instantaneously to a new value, g,,(/ + 1). Un-
certainty about the individual's position in the state space in-
creases over the interval and then collapses to zero at the
instant when new measurements are made (Yashin et al.
1995). This change in uncertainty is a priori unrealistic, how-
ever, because we know that disability transitions occur be-
tween sur\ eys. This model is especially unsatisfactory when
the time between measurements is long, when the sample

ses shown in Table 1 For the present analyses, we also have constrained
GoM to define State 1 as "healthy, unimpaired" in order to compute sub-
stantively meaningful estimates of active life expectancy.

Space limitations do not permit us to examine in detail what (if any)
misclassification error is produced in this GoM analysis of the NLTCS dis-
ability data. We believe, however, that the GoM classiflcation of individu-
als into convex combinations of the seven pure types, as identified here, is
quite accurate for two reasons. First, the number of disability items used in
the GoM analysis is quite large (27), and the consistency of estimation of
the git scores increases as the number of items used increases (Manton,
Woodbury, and Tolley 1994). Second, in numerical simulation studies, Tal-
bot (1996) showed that the GoM algorithm is computationally more effi-
cient and more accurate in estimating "cluster" membership than conven-
tional clustering algorithms, even those used to generate the data.

population is very elderly, or when the individual's func-
tional statuses evolve constantly.

A more satisfactory model specifies, for persons with
pairs of values at the beginning and the end of a survey in-
terval, linear changes from g,.(0 to gJit + 1). In this case, the
error variance (i.e., uncertainty about the location of the
person's state in the interval r —»r +1) increases to the inter-
val midpoint and then declines (Yashin et al. 199S). If there
is no measurement at one end of the interval, the state vector
trajectory is estimated by matching this person's state to the
state of another person at / who was assessed at both at t and
r + 1. Then the rates of change of the first person's state vec-
tor are assumed to be the same as for the matched person to
the point at which the first person is left-censored (e.g., en-
ters the field of observation by passing a criterion age) or
right-censored (by mortality). For open-ended intervals it is
best, when possible, to extrapolate the individual's own rate
of change, using a prior survey interval.

The use ofa linear function to link assessments made at
fixed times does not add information to the likelihood used
to estimate g,,(0. but it allows differential equations describ-
ing the evolution of life table parameters to be calculated for
time points between the fixed survey times. The linear func-
tion describes the average rate of occurrence per unit time of
short-term changes in disability state within the interval; this
rate is forced to match each individual's vector of GoM
membership scores (i.e., the g,.(Os) on the K disability states
at both the beginning and the end of the interval.

It is possible in the NLTCSs to add information to the
state-space description to make the linear interpolation more
informative. Two types of information can be derived from
Medicare records. One is the time to, and the amount and
type of. Medicare services used in the prior survey interval.
The other is the exact time of death.
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The strategy applied here for using continuous-time in-
formation on service use and mortality is to incorporate this
information into the likelihood. That is, we specify a likeli-
hood function (Yashin et al. 1995) with two additional com-
ponents. The first represents mortality risk as a quadratic
function of the disability-state variables. The second explic-
itly represents interactions of state trajectories with mortal-
ity. This requires the use of a functional form, with an ex-
plicit time parameterization, for state dynamics. Thus the life
table differential equations (presented below) are used in the
likelihood. The differential equations then are solved by ap-
plying an iterative algorithm in which trial values at fixed
times are substituted in the state-dynamic and mortality
equations to improve the fit, via maximization of the likeli-
hood, to the distribution of ages at death in an interval.'

The model has two sets of coefficients to be estimated.
First, the vector dynamics of the disability state of individu-
als are estimated. The state-space dynamic equations for K
disability states {K=l m the present study) can be written,
in matrix form, as

where g(/) is a /f-element vector of g,,(t) for individual / at

age /, C{t) is a time-dependent KxK matrix ofg,.(') changes
("flows" among the seven disability states) from / to / + 1,
and e(t-k-\) is a AT-element vector of diffusion terms (errors

in predicting ^(f+ 1)).'
The second function describes how mortality depends on

disability scores; that is.

(2)

where the parameter 9 measures the average effect of unob-
served, age-related variables on mortality, and the coeffi-
cients in the B matrix represent changes in the mortality rate
as a function of the K disability states at /. Because disability
scores are used to both pre- and postmultiply B, disability is
assumed to have a quadratic effect on mortality. Thus Eq. (2)
is a quadratic hazard function (Yashin and Manton 1997). It
is also a generalized Gompertz function, where the constant
is replaced by a process: that is, the multidimensional qua-
dratic function of the time trajectories of K scores.* The qua-
dratic hazard has, as a natural origin, the state with no dis-
ability. Coefficients are transformed into an age-dependent

4. Alternatively, the state definition at each time t could be expanded
to include multinomial variables representing the type and timing of events
of Medicare service use in the prior survey interval. This improves the state
definition at ( so that, conditional on the expanded state definition, the pro-
cess is described more accurately by a simple trajectory (e.g., a linear func-
tion). The new state space is more complex, however, and computations of
likelihood are more burdensome.

5. Because the g^ scores are constrained to sum to 1.0 for each indi-
vidual, some constraints are required on the error-term *(/ + !) process.
These are stated later in the text. ~'

6. In view of much recent research documenting the deceleration of
mortality in older ages among humans and other biological species (e.g.,
Manton and Sullard 1996; Vaupeletal. 1998), some comment on this speci-

form by calculating B, = 5®e**"' (that is, each coefficient
in B is multiplied by the exponential function).

The coefficients estimated for the two equations are in-
tegrated in differential equations so that state dynamics and
mortality can be adjusted simultaneously to calculate life
table parameters. There are five differential equations
(Manton, Stallard, Woodbury, and Dowd 1994; Woodbury
and Manton 1983b).' The first differential equation describes
the probability of surviving from / to / + 1,

(3)

In Eq. (3), mortality is affected by the variability of the g,.
(\.e., the KxK dispersion matrix, K,) and the vector of means
(?,) of the K state variables. To calculate Eq, (3), we need
estimates of g' the vector of average values of state vari-
ables for survivors from / to / + 1, and V' the variance-co-
variance matrix of the gjt) for survivors to r + 1. To obtain
those quantities, we first adjust the variance-covariance, or
dispersion, matrix for the time-dependent quadratic force of
mortality, B,, in the following (second) differential equation:

V;=(I-i-V,B,)'-V,. (4)

With the survival-adjusted covariance matrix, we can calcu-
late changes in the mean state vectors, g,, due to mortality
in a third differential equation:

(5)

The denominator in Eq. (5) rescales the j , ' so they sum
to 1.0 after mortality reduces the state-space density func-
tion. With these two quantities, the covariate-dependent /,.,
in Eq, (3) can be solved. To calculate Eqs, (3), (4), and (5)
for the next age interval, the f,' and v;' must be updated for
disability dynamics. Changes in the state-variable mean vec-
tor are given by a fourth differential equation,

?(f + l) = C(O?(/), (6)

where C is the transition, or flow, matrix in Eq. (1).
Diffusion for the disability process must represent the

convexity constraints on state variables and therefore the

fication of the mortality function is merited. The monotonic increase in
mortality specified in the exponential component of the Gompertz function
in Eq. (2) applies only to the unobserved age-related variables. Thus it is net
of observed disability dynamics, which can moderate the exponentially in-
creasing (with age) effects of unobserved factors and can allow the force of
mortality to be flatter in some age intervals and steeper in others.

7. Actually the equations are finite-difference or recursion equations
Yet because the basic time increment over which the equations are iterated is
a one-month interval, they are very close finite approximations to corre-
sponding continuous-time differential equations. An initial version of these
differential equations was derived in a diffusion (Fokker-Planck equations)
model context for normally distributed populations (suitable for modeling
physiological covariates) in Woodbury and Manton (1983b). A derivation of
the convexity constraints on the stochastic state-space process necessary to
model a state space of GoM scores (which are bounded by 0 and 1). as sum-
marized in Eqs. (7) and (8), was given in Manton, Stallard. and Singer (1994).
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limitations on the error term in dynamic disability-state pro-
cess (see note 4). For this, we assume that diagonal ele-
ments of y, have, at most, Bernoulli variance—that is,
(lf.(O(I-^,(/)))—and that correlations of g,Xt) are constant
over age. The A.' x K correlation matrix, /?, is estimated from
y, after conditioning on age. We also assume that the ratios
of the variance of the gjt)s to the Bernoulli variances are
constant over age, and that the square roots of those ratios
define a diagonal matrix, 5." Define IV, as a diagonal matrix
where the *th element is y[g^U + \){\-^^(t + \)). The dy-
namically adjusted covariance matrix is given by a fifth dif-
ferential equation,

y.., = »]SRSiy, (7)

This matrix represents both deterministic changes due
to both state dynamics and diffusion. The K x K diffusion
matrix, I, . , , is calculated (using C{t) from (1)),

L. , = K., - C v; 'C = v;., = C(/)(?(/)• ?(/) ')C(ty (8)

The deterministic component of the variance-covariance ma-
trix is

The above five differential (and ancillary) equations are
iterated month by month over the ages of each individual in
the NLTCS panel from the age at which they initially are
interviewed until they die. (See the next section for methods
used to complete the mortality experience for NLTCS panel
members who are still living.) Then person-years spent in
each of the A disability states are allocated on a monthly
basis for each individual in proportion to their GoM scores
at the monthly intervals. These person-years then are accu-
mulated for each individual from age 65 to the end of life
and are aggregated across individuals to yield the usual T,
(Ageit)). the total person-years lived from Age{t) to the end
of life in each state j . In conjunction with the estimated
number of survivors in the life table to each age / from Eq.
(3), these estimates of total person-years lived are used in
the standard multistate life table formulas (see, e.g., Schoen
1988:83) to calculate years of life from age / that an indi-
vidual may be expected to live in each of the K disability
states.

RESULTS
Completed Cohort Estimates of ALE for Maies and
Females

We have estimated the model with data on multiple cohorts
age 65+ observed for the 1982, 1984, 1989, and 1994
NLTCSs. Our objective is to estimate ALE from the experi-
ence of real cohorts as far as possible. We can reach this
goal only to a limited degree because we have only 12 years
(1982 to 1994) of survey experience, plus 14 years (1982 to

1996) of mortality follow-up, for each cohort in the study in
1982. There are five years of disability change and seven
years of mortality experience for cohorts initiated in 1989:
that is, persons passing age 65 between 1984 and 1989. For
persons entering the sample from 1989 to 1994, less experi-
ence is available.

For the oldest cohorts in 1982 (e.g., those age 100+), the
observation period (14 years) is long enough to allow most
persons to complete their lifetimes (i.e., die). For the young-
est cohort (age 65) in 1994, only a small proportion will have
completed their lifetimes by the last mortality follow-up date
(January 1996). Accordingly we use disability and mortality
trajectories observed for older cohorts to complete the life
experience of younger cohorts who have not yet died out.
This "completed-cohort" procedure builds into the disability
and mortality trajectories the improvements in disability dy-
namics observed for the NLTCSs from 1982 to 1994 and the
mortality improvements to 1996 (see Manton, Stallard, and
Corder 1998). It averages age-specific improvements in
younger cohorts with the corresponding age-specific experi-
ence of older cohorts. If older cohorts' disability and longev-
ity improve from 1982 to 1994 more slowly than those of
the younger cohorts, estimates are biased conservatively.
These estimates, however, are closer approximations to real
cohorts' disability/mortality experiences (i.e., they use more
information) than are synthetic cohort estimates using cross-
sectional data from only one NLTCS.

Table 2 reports estimates for males of the expected life-
time in each of the seven states. The first column is the sur-
vival function for the life table (based on a radix of 100,000
at age 65) for five-year age intervals from 65 to 115+. The
second column gives the total life expectancy (in years to be
lived from each age), TLE.' The third column gives ALE es-
timates (life expectancy in State 1: healthy, unimpaired). At
age 65, for instance, males are expected to live 15.7 years
with 13.7 years of ALE; by age 85, TLE decreases to 6.4
years with 4.2 years of ALE; by age 105, TLE is 3.4 years
and ALE is 1.3 years.

The seven columns on the right-hand side of Table 2
are the years expected to be lived in each disability state
and (in parentheses beneath each of the estimated years to
be lived) the corresponding proportions of the remaining
TLE for each disability state. At age 65, for example, males
are estimated to live 13.7 years (94.5% of their TLE) in
State 1 (the unimpaired state). Males at age 65 are expected
to live fractions of a year in each disabled state. Over age,
the proportions of remaining lifetime expected in the unim-
paired state decrease monotonically—reaching 37.2% at
ages 115+—while the proportions of remaining years ex-
pected to be lived in other disability states tend to increase.
For some disability states, the proportions peak at ages 90
to 100.

8. The possible influence of the "constant ratios of variances' assump-
tion IS mitigated by use of the monthly time interval over which the differ-
ence equations are iterated

9. In the discussion of Table 4 later in the text, we gauge the extent to
which the total life expectancy estimates from our stochastic model, when
applied to the completed cohorts of the NLTCSs, compare with period life
table estimates from external sources.
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TABLE 2. EXPECTATION OF LIFE AT SELECTED AGES IN SEVEN DISABILITY STATES
ING

Age

65

70

75

80

85

90

95

100

105

110

115

LIFE IN PARENTHESES):

100,000

90,919

70,943

48,331

30,212

15,549

6,510

2,118

596

143

28

TLE

15.74

12.01

9.66

8.02

6.41

5.21

4.30

3 83

3.43

3.07

2.86

MALES, NLTCS, 1982-1994

1

13.65
(0.9449)

10.04
(0.9249)

7.68
(0.8906)

5.93
(0.8462)

4.23
(0.7827)

2.93
(0.6586)

1.97
(0.5418)

1 55
(0.4265)

1.32
(0.3922)

1.15
(0.3784)

1.06
(0.3717)

2

0.4398
(0.0105)
0.4069

(0.0231)
0.3400

(0.0355)
0.2679

(0.0354)
0.2107

(0.0289)
0.1583

(0.0299)
0.1168

(0.0294)
0.0867

(0.0251)
0.0694

(0.0215)
0.0572

(0.0194)
0.0510

(0.0179)

Disability Types

3

0.1965
(0.0121)
0.1544

(0.0109)
0.1393

(0.0103)
0.1381

(0.0121)
0.1255

(0.0170)
O.I 100

(0.0238)
0.0768

(0.0250)
0.0495

(0.0148)
0.0400

(0.0119)
0.0358

(0.0115)
0.0340

(0.0119)

4

0.2933
(0.0104)
0.2666

(0.0111)
0.2758

(0.0124)
0.3156

(0.0184)
0.3612

(0.0294)
0.4049

(0.0524)
0.4330

(0.0927)
0.4146

(0.1031)
0.3929

(0.1103)
0.3686

(0.1169)
0.3537

(0.1238)

(WITH PROPORTIONS

5

0.3597
(0.0089)
0.3442

(0.01)7)
0.3546

(0.0184)
0.3846

(0.0256)
0.4257

(0.0369)
0.4972

(0.0657)
0.6230

(0.0905)
0.7558

(0.1639)
0.8038

(0.2128)
0.7960

(0.2473)
0.7757

(0.2715)

6

0.3689
(0.0110)
0.3457

(0.0128)
0.3539

(0.0190)
0.3802

(0.0284)
0.3805

(0.0420)
0.3827

(0.0613)
0.4012

(0.0903)
0.3445

(0.0949)
0.2858

(0.0875)
0.2381

(0.0806)
0.2134

(0.0747)

261

OF REMAIN-

Institutional

0.4243
(0.0022)
0.4495

(0.0056)
0.5164

(0.0139)
0.6096

(0.0340)
0.6767

(0.0631)
0.7245

(0.1083)
0.6790

(0.1303)
0.6357

(0.1716)
0.5249

(0.1637)
0.4212

(0.1459)
0.3673

(0.1286)

Table 3 contains, for females, estimates of life expect-
ancy in years, and the proportions of remaining life. At age
65, the TLE for females is 6.5 years longer than for males:
Females age 65 are expected to live to age 87. compared with
81 years for males. This finding can be compared with life
table estimates at age 65 for the cohort bom in 1935: 80.8
years for males and 85.1 years for females (Social Security
Administration 1992:65). The TLE for females is larger at
each successive age, although by age 115 it is just 0.01 year
greater than for males.

At age 65, females have 15.7 years of ALE, compared
with 13.7 years for males. Female ALE decreases to 3.1 years
by age 85, and is less than one year at ages 95+. Despite
greater TLE at each age. Table 3 shows that females age 70+
spend relatively less of their remaining life expectancy un-
impaired than do males. Females also spend more years, and
greater proportions of remaining lifetime, in institutions. Af-
ter age 100, females can expect to spend one-third of their
remaining life in institutions. These findings are consistent
with most prior studies (Robine et al. 1993).

A comparison of estimates in Tables 2 and 3 also shows
an ALE crossover for males and females. Females have
longer TLE and longer ALE at age 65; by age 80, however,
females have a longer TLE than males but an ALE 0.54 year
shorter. By age 85, males have a year more of ALE than fe-
males. A male ALE advantage continues to the end of the
life tables.

Comparison With Period Estimates

Crimmins et al. (1997) estimated TLE and ALE, as well as
years expected to be lived disabled in the community or in
institutions, for U.S. males and females for 1970, 1980, and
1990. They used U.S. Bureau of the Census age- and sex-
specific estimates of the percentage of the population insti-
tutionalized in decennial census years; they employed age-
and sex-specific estimates of the percentage of the non-
institutionalized population reporting limitations of activity
in the National Health Interview Survey conducted by the
U.S. National Center for Health Statistics.'" They combined
age-specific prevalence rates with sex-specific U.S. decen-
nial life tables to produce prevalence-rate-based period esti-
mates (following Sullivan 1971) of life expectancies in func-
tional states. Since the 1990 estimate is close to the midpoint
of our cohort experience, we compared our longitudinal esti-
mates with that estimate. Because of differences in disability
measurement, and in the representation ofthe disability state
space, we did not expect that the two estimates would track
each other closely. The comparisons, nonetheless, indicate

10. The basic National Health Interview Survey data used in the
Crimmins et al. (1997) study to classify the elderly population with respect
to disability sUtus pertain to responses about limiutions in activities in "any
way" because of health. Up to age 70, responses concerned "usual" activi-
ties of housekeeping or working For ages 70 and over, respondents were
asked about limitations in personal care and in routine needs.
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TABLE 3. EXPECTATION OF LIFE AT SELECTED AGES IN SEVEN DISABILITY STATES (WITH PROPORTIONS OF REMAIN-
ING LIFE IN PARENTHESES): FEMALES, NLTCS, 1982-1996, AND COMPLETED COHORTS

Basic Disability Types

Age

fi5

70

75

80

85

90

95

100

105

110

115

100,000

94,880

86,500

74,380

58,756

40,719

23,636

10,944

4.036

1,154

241

TLE

22.24

18.30

1481

11.80

9 25

7.23

5 70

4.64

3.83

3.20

2.87

1

15.7123
(0.9487)
11.7422
(0.9114)
8.2921
(0.8374)
5.3838
(0.7230)
3 1167
(0.5591)
1.6316
(0.3770)
0.7917
(0.2170)
0.4249
(0.1207)
0.2666
(0.0810)
0.1894
(0.0635)
0.1597
(0.0557)

2

1.2583
(0.0099)
1.2351

(0.0173)
1.1063

(0.0329)
0.9023
(0.0645)
0.6607
(0.1134)
0.4192
(0.1600)
0.2485
(0.1835)
0.1611
(0.2050)
0.1174
(0.2277)
0.0924
(0.2464)
0.0814
(0.0284)

3

0.5980
(0.0101)
0.5743
(0.0131)
0.5458
(0.0183)
0.5119
(0.0280)
0.4547
(0.0410)
0.3734
(0.0502)
0.2826
(0.0530)
0.2227
(0.0485)
0.1845
(0.0477)
0.1566
(0.0484)
0.1423
(0.0496)

4

0.7515
(0.0040)
0.7639
(0.0080)
0.7763
(0.0151)
0.7932
(0.0286)
0.7932
(0.0480)
0.7642
(0.0770)
0.6999
(0.1078)
0.6234
(0.1249)
0.5499
(0.1374)
0.4814
(0.1468)
0.4422
(0.1541)

5

1.5366
(0.0110)
1.5547
(0.0310)
1.5770
(0.0587)
1.5821
(0.0785)
1.5166
(0.0897)
1.3517
(0.0788)
1.1609
(0.0576)
1.0314
(0.0403)
0.9191
(0.0327)
0.8119
(0.0296)
0.7488
(0.2610)

6

0.8145
(0.0076)
0.8173
(0.0095)
0.8245
(0.0170)
0.8293
(0.0315)
0.8193
(0.0520)
0.7857
(0.0821)
0.7008
(O.li82)
0.5667
(0.1252)
0.4562
(0.1211)
0.3748
(0.1180)
0.3346
(0.1166)

Institutional

1.5689
(0.0086)
1.6092
(0.0098)
1.6913
(0.0206)
1.7963
(0.0459)
1.8876
(0.0968)
1.9078

(0.1749)
1.8153
(0.2630)
1.6065
(0.3355)
1.3370
(0.3524)
1.0915
(0.3473)
0.9601
(0.3346)

how (partial- and completed-) cohort and period estimates
cohere or differ.

Table 4 displays estimates based on period and on com-
pleted cohort for various states at ages 65 and 85. Because
the Crimmins et al. (1997) estimates identify only persons
who are active (or disability-free), disabled in the commu-
nity, or institutionalized, we aggregated estimates in Tables
2 and 3 to roughly match those categories.

The TLE estimates in Table 4 based on completed co-
horts are larger than the 1990 synthetic-cohort or period es-
timates. The period TLE estimates of Crimmins et al.
(1997) are taken from official decennial life tables for the
United States. Hence a comparison of the TLE estimates
indicates the extent to which recent improvements in sur-
vival at the elderly ages built into our completed-cohort
procedures produce increased life expectancy estimates
relative to period estimates for 1990. For males, the TLE
based on completed cohorts at age 65 is 0.64 year greater
than the period estimate; at age 85 it is 1.21 years greater.
For females, the TLE based on completed cohorts is 3.34
years greater than the period estimate at age 65 and 2.85
years greater at age 85. These differences are consistent
with declining mortality at elderly ages in the population.
For males, the greatest declines built into the life table by
our "completed" cohort procedure are at ages 85+; for fe-
males, the greatest declines appear to occur between ages
65 and 85. These results are consistent with other studies of

recent cohort trends in male and female mortality at spe-
cific ages (e.g., Manton and Stallard 1996; Society of Actu-
aries 1994).

In Table 4, ALE estimates based on a continuous-mixture
model of individual gradations in disability are larger than
period-based estimates using discrete, homogeneous catego-
ries for both males and females at ages 65 and 85. Completed-
cohort ALE estimates are respectively 1.8 and 2.6 times larger
than period estimates for males at ages 65 and 85; they are
1.6 and 1.9 times higher at these ages for females. Thus a
discrete-state model may overstate the cohort-specific popu-
lation burden (as opposed to frequency) of disability. Larger
multiples are observed for males than for females because
males are more likely than females to recover from some dis-
ability states.

Corresponding to higher completed-cohort estimates of
ALE, we find smaller estimates of the years expected to be
lived disabled in the community. For males age 65, the
completed-cohort estimate of these years is 1.7, compared
with a period estimate of 7.0 years; for females, the
completed-cohort estimate is 5.0 years, compared with a pe-
riod estimate of 7.5 years. Again, the larger difference for
males is due to greater rates of recovery from some disabil-
ity states, which our increment-decrement life table and our
continuously mixed state-space formulation can model. This
difference cannot be represented directly in prevalence-rate
life tables with coarse disability states.
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TABLE 4. COMPARISON OF PERIOD AND COMPLETED-COHORT ESTIMATES OF LIFE EXPECT-
ANCIES, IN YEARS, IN VARIOUS HEALTH STATES*

Males Females

1990 Period
Estimates"

Completed-Cohod
Estimates'

1990 Period
Estimates"

Complete-Cohort
Estimates'

At Age 65
Total
Active
Disabled in cotnmunity
Institutiotialized

At Age 85
Total
Active
Disabled in community
Itistitutiotialized

15.1

7.4
7.0
0.6

5.2
1.6
2.7
0.9

15.7

13.7

1.7

0.4

6.4
4.2
1.5
0.7

18.9
9.8
7.5
1.5

6.4
1.6
3.0
1.8

22.2
15.7
5.0
1.6

93
3.1
42
1.9

"Sum of life expectancies in states may not add to total expectation of life because of rounding.

"Based on Cnmmins et al. (1997),

'Based on Tables 2 and 3.

The years expected to be lived in institutions are simi-
lar from period and from cohort approaches. This outcome
is expected because we model institutionalization as a sev-
enth, homogeneous discrete state. For males, completed-
cohort estimates are two-tenths of a year less than period
estimates at ages 65 and 85; for females, completed-cohort
estimates are less than one-tenth of a year greater than pe-
riod estimates. These differences highlight males' greater
likelihood of moving from institutions to less disabled com-
munity states, and show that our dynamic life table formula-
tion reflects counterfiows that are not reflected in preva-
lence-rate life tables.

DISCUSSION
There are three differences between the completed-cohort
ALE estimates of the present study and the period estimates
based on prevalence rates of the Crimmins et al. (1997)
study. First, longitudinal information is used in the
completed-cohort model but not in period estimates. Second,
disability is represented differently. In period tables, disabil-
ity is represented by a "coarse" state: A person is either in or
out of the state. Hence any degree of disability makes a per-
son disabled. In fact, however, most young persons have
some disability and most old persons retain some function-
ing. Our continuously mixed state-space representation re-
flects differences in the individual's degree of functioning in
estimating the population's disability burden. Finally, in con-
trast to the prevalence-rate model, in which the population
flows unidirectionally into disabled states, the model used to
make completed-cohort estimates is an increment-decrement
formulation allowing flows out of disability states as well as
into such states. Thus, to estimate the amount of human capi-
tal left in the population at specific ages, one must account

for the intensity of different types of disability and must use
those estimates to quantify the functional capacity left in the
population.

In brief, the completed-cohort ALE estimates count the
partial functional capacity of individuals at each age and al-
low for recovery from disabled to active states. At ages 65
and 85, the completed-cohort ALE estimates based on de-
Uiled disability states are larger for both males and females
than are period estimates based on coarse disability states.
These findings suggest that the overall population burden of
chronic disability in the elderly U.S. population may be
smaller than previously estimated.
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