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Abstract

Economists often treat self-reported health as if it perfectly revealed the underlying
state. We show that this makes health appear less persistent, attenuates its effects on
economic behavior, and can make models seem to require persistent heterogeneity.
We estimate a life-cycle model of labor supply and saving on English Longitudinal
Study of Ageing data, inferring latent health from noisy indicators and accounting
for measurement error throughout structural estimation. Correcting measurement
error raises the earnings cost of bad health by 44 percent overall and more than
doubles it for the initially unhealthy. These results reflect underestimated health
persistence and attenuated labor-supply differences across health states. Without
preference heterogeneity or persistent health types, the latent-health model repro-
duces about 80 percent of the wealth-health gradient, versus about 20 percent
when self-reported health is treated as the state. Ignoring measurement error can

understate health costs and overstate the apparent need for persistent heterogeneity.
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1 Introduction

Health shapes how much people work, earn, and save, and how long they live.!
Quantifying these effects is central to understanding inequality, retirement, social
insurance, and the economic costs of poor health. Health is not directly observable, yet
economists often treat self-reported health as if it revealed the underlying state without
error. In this paper, we show that this seemingly innocuous shortcut can substantially
change what structural models tell us about health and its economic consequences.
Treating reported health as the true state makes bad health appear less persistent and
leads researchers to underestimate its effects on economic behavior. These distortions
can also make persistent differences across individuals appear more important than
they are. In our application, accounting for measurement error more than doubles the
estimated earnings cost of bad health for individuals already unhealthy at age fifty and
allows a model without preference heterogeneity or persistent health types to reproduce
most of the observed wealth gap between healthy and unhealthy individuals.

The reason is straightforward. Some observed movements into and out of bad health
reflect measurement error rather than genuine changes in health, so treating reported
health as the underlying state makes health shocks appear more transitory than they are.
At the same time, misclassification mixes healthy and unhealthy individuals, making
differences in their labor supply, earnings, and other economic outcomes appear smaller
than they actually are. The distinction matters because these two distortions affect
different aspects of structural inference. Understating persistence makes the effects
of bad health appear shorter-lived, while understating differences in behavior leads
the model to infer that being unhealthy is less costly. Measurement error therefore
affects not only the estimated evolution of health, but also the economic parameters

that govern how individuals respond to it.

We quantify these effects using a dynamic life-cycle model of labor supply and
saving for individuals age fifty and older. Health takes two values, good and bad, and
affects survival, labor productivity, the time available for work and leisure, and future
health. Individuals choose consumption, saving, and labor supply while facing health
and productivity risk. We use the English Longitudinal Study of Ageing (ELSA) and
model the UK institutional environment. The UK’s universal health care system allows
us to study the effects of health on labor supply, earnings, saving, and longevity without
the additional complications of employer-provided health insurance and substantial

out-of-pocket medical expenditure risk.

ISee, among others, French (2005), De Nardi, French and Jones (2010), French and Jones (2011),
Gustman and Steinmeier (2014), Capatina (2015), Low and Pistaferri (2015), Bueren (2021), Borella et al.
(2025), Russo (2026), and Hosseini, Kopecky and Zhao (2026). A related reduced-form literature examines
the effects of health on wealth accumulation (Smith, 1999; Wu, 2003; Smith, 2004; Poterba, Venti and
Wise, 2017) and labor supply (Bound, 1991; Blundell et al., 2023).
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Our empirical strategy is to hold the economic environment and structural model
fixed while changing only how health is measured and incorporated into estimation. In
the first specification, as in much of the structural literature, self-reported health is taken
to be the health state. In the second, health is latent and self-reported health, mobility
conditions, and limitations in activities of daily living and instrumental activities of
daily living (ADL/IADL) are treated as noisy measures of that state. We recover
the latent health process and its measurement system using a non-stationary hidden
Markov model. Crucially, we account for measurement error not only when estimating
health transitions, but also when constructing initial conditions, estimating economic
outcomes conditional on health, and using those outcomes to identify the model’s

behavioral parameters.

Our first finding is that bad health is substantially more persistent than self-reported
health suggests, with important implications for wealth inequality. Accounting for
measurement error raises the estimated probability of remaining in bad health over
two years from 55-84 percent to more than 90 percent at every age. Averaged across
age groups, the model with latent health reproduces roughly 80 percent of the observed
median wealth gap between healthy and unhealthy individuals, despite having neither
heterogeneity in discount factors nor persistent health types. The otherwise comparable
model that treats self-reported health as the true state reproduces only about 20 percent.
Much of this improvement comes from correcting health persistence: replacing only
the health process estimated from self-reports with the latent-health process raises the
share of the observed wealth gap explained by the model to 70 percent. Thus, a more
persistent underlying health process can explain much of the wealth-health gradient
without additional persistent heterogeneity.

Greater persistence in underlying health also helps explain why the longer indi-
viduals report being in bad health, the less likely they are to report a recovery. We
show that a first-order latent health process observed with error generates negative
duration dependence without health types. The intuition is simple: an individual who
reports bad health once may simply be misclassified, but repeated reports of bad health
progressively raise the probability that the individual is truly unhealthy. Because latent
bad health is persistent, the probability of subsequently reporting good health falls
with the duration of the reported spell. Negative duration dependence in measured
health need not, by itself, imply permanent heterogeneity in health.

Our second finding is that accounting for measurement error substantially increases
the estimated economic costs of bad health. In both specifications, we compare the

baseline economy, where individuals face the estimated health risks, with a counterfac-



tual in which they remain in good health.? We define the earnings cost of bad health as
the resulting difference in average annual earnings of the household head through ages
64-65. We separately examine hours worked, assets, years of life, and a broader mea-
sure of remaining-life monetary costs that also incorporates spousal income, pensions,

and income lost through premature mortality.

The differences are large. For the population as a whole, the estimated earnings cost
of bad health is £2,554 per year when health is treated as latent, 44 percent larger than
the £1,778 implied by treating self-reported health as the true state. Among individuals
already unhealthy at entry, the cost is £11,036 rather than £5,107 per year, more than
twice as large. The longevity gain from remaining in good health is about one year
larger under latent health for the average individual and about four years larger for
those initially unhealthy. Estimated effects on hours worked and wealth accumulation
are also substantially larger. Treating self-reported health as the true state therefore
leads the model to substantially underestimate the economic costs of bad health.

The decomposition reveals why. Accounting for measurement error produces both
a substantially more persistent process for bad health and a larger estimated direct
burden of being unhealthy. In particular, the estimated two-year time cost of bad health
rises by 41 percent, from 1,230 to 1,735 hours (about 17 hours per week). These two
changes matter for different counterfactuals. For the population as a whole, correcting
the attenuation in the health-related labor-supply differences used to estimate the model
accounts for essentially the entire difference in foregone earnings. For individuals who
enter the model in bad health, however, persistence plays the dominant role: replacing
the health process estimated from self-reports with the latent-health process accounts
for 77 percent of the difference in remaining-life monetary costs and essentially the
entire difference in longevity. Most individuals enter the model in good health, whereas
the costs for those already unhealthy depend especially strongly on how long their bad
health persists.

These results show why correcting the health process alone is not enough. Mea-
surement error also affects the behavioral moments used to estimate the model, and
correcting them can substantially change the estimated economic consequences of
bad health. Moreover, the relative importance of these corrections depends on the

counterfactual being considered.

Related Literature. Our paper contributes to research on how health is measured

and how its dynamics affect economic outcomes. Several papers have recognized that

2Capatina (2015) and De Nardi, Pashchenko and Porapakkarm (2025) also measure the costs of bad
health by comparing individuals who face the estimated health process with counterfactual individuals
who remain healthy.



health is measured imperfectly.®> Bound (1991) shows that how health is measured
affects estimated labor-supply responses, while French (2005) and Bueren (2021) allow
for measurement error within structural life-cycle models. White (2023) shows that
self-reported health understates the persistence of latent health. Relatedly, Dal Bianco
and Moro (2026) use the same English data to construct a continuous health index and
show that allowing health dynamics to vary with the level of health has important

implications for saving, welfare, and disability insurance.

Our closest methodological connection is to Amengual, Bueren and Crego (2021),
who estimate a non-stationary hidden Markov model using multiple noisy health
indicators and examine the implications of measurement error for the asset costs of
bad health. They recover latent health dynamics but take preference parameters from
De Nardi, French and Jones (2010), whose model was estimated treating reported health
as the health state. We instead account for measurement error throughout structural esti-
mation, including the initial distribution of individuals, economic outcomes conditional
on health, and the moments used to estimate behavioral parameters. This distinction
matters quantitatively. Re-estimating the economic model raises the estimated time
cost of bad health by 41 percent, and our decomposition shows that correcting health
persistence alone is insufficient to recover the full economic consequences of bad health.

Our findings also contribute to the literature on persistent heterogeneity in health
and wealth. De Nardi, Pashchenko and Porapakkarm (2025) study the United States in
an environment with medical expenditure risk and show that persistent health types
correlated with patience help their model reproduce the wealth-health gradient and the
negative duration dependence of reported health. Our results suggest a complementary
explanation: a persistent underlying health state observed with error can generate
much of the same evidence without permanent health types or preference heterogeneity.
Our results do not rule out permanent differences in health or preferences, but they
show that these empirical patterns do not, by themselves, establish the need for such

heterogeneity.

Our analysis also contributes to the identification and estimation of latent health
dynamics. We establish identification of a non-stationary latent health process and its
measurement system in the presence of mortality, allow health transitions to vary flexi-
bly with age, and show how to incorporate latent health consistently into the different
stages of structural estimation. A central identifying assumption is that, conditional
on latent health, the health indicators contain no additional information about the

economic outcomes used in estimation. An important concern is that individuals may

3A related literature documents reporting error in self-reported health, including justification bias
and state-dependent reporting (Kerkhofs and Lindeboom, 1995; Dwyer and Mitchell, 1999; Benitez-Silva
etal., 2004; Lindeboom and Kerkhofs, 2009). Lange and McKee (2012) study the evolution of latent health
over the life course.



report their health differently depending on their labor-market circumstances. We
therefore re-estimate the entire model replacing self-reported health with reported pain
while retaining mobility and ADL/IADL limitations as the other two indicators. The

main quantitative conclusions remain.

The broader lesson extends beyond health.* When a persistent economic state is
observed only through a noisy proxy, treating the proxy as the state can make persistent
shocks look transitory, understate how strongly behavior responds to the underlying
state, and create the appearance that additional persistent heterogeneity is needed to
account for the data. Measurement error in a persistent state does not merely add
noise: it can conceal persistence and create the appearance of heterogeneity that the

underlying economic environment need not contain.

The rest of the paper is organized as follows. Section 2 presents the economic
model. Section 3 describes the data and estimation strategy, including how we recover
latent health from noisy measures and incorporate it into structural estimation. Section
4 examines the implications of measurement error for health persistence, duration
dependence, and the wealth-health gradient. Section 5 quantifies the economic costs of
bad health, decomposes the role of measurement error, and presents robustness and

policy exercises. Section 6 concludes.

2 Economic Model

We study the labor supply and saving decisions of older male household heads in
a canonical life-cycle model with health and earnings risk, following French (2005).
To facilitate comparisons with the structural literature, we retain this framework and
incorporate UK taxes, transfers, and pensions following O’'Dea (2018).> A model period
spans two years, consistent with the biennial frequency of the English Longitudinal
Study of Ageing (ELSA). Periods t=1,...,T correspond to ages 50-51 through 90-91,
with T = 21. Individuals enter the model at their first observed age, t;, and cannot

survive beyond the final period.

Health affects economic decisions through three channels: it determines survival
probabilities and future health, affects wages, and reduces the time available for work
and leisure. Individuals observe their own health, which evolves according to an
age-dependent Markov process.

“Hidden Markov models have also been used to explain state dependence in measured unemploy-
ment (see Shibata, 2019).

5An advantage of studying the UK is its universal health care system, which provides most medical
care free at the point of use. This allows us to focus on the economic consequences of health without
explicitly modeling health insurance or substantial out-of-pocket medical expenditure risk.
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2.1 Preferences

In each period, a household head chooses consumption Ct, hours worked Ny, and
next-period assets a1 to maximize expected lifetime utility. For an individual entering

in period to, expected lifetime utility is

T t—1
E;, Z BUHSH{U(Cy, Lt) + @ + [T —se(He)Ib(as1)}H S = H sk (M), St =1.
t=to k=to

1)
Here $ is the discount factor, s¢(H¢) is the probability of surviving from t to t + 1
conditional on current health, and S; is the cumulative survival weight along a health
history. An individual alive in period t obtains utility U(C¢,L¢) from consumption and
leisure, together with an additive value of being alive, @. Death at the end of the period
occurs with probability 1 —s¢(H;) and yields warm-glow bequest utility b(a,1). We
impose st(Ht) =0.

Flow utility takes the form

(i)™

U(Cy,Ly) = T—y

) (2)
where v € (0,1) governs the relative weight of consumption and leisure, and y governs
utility curvature.® Following De Nardi, Pashchenko and Porapakkarm (2025), we
include @ to account for the welfare value of additional years of life. Because mortality
is exogenous and @ enters additively, it does not affect household decisions. We
therefore normalize @ = 0 during estimation and calibrate it afterward to match a

specified value of a statistical life (Section 5.1).

Leisure satisfies
L =L — pu1{He = B} — dpI{N¢ > 0} — Ny, 3)

where L is the time endowment. The fixed participation cost ¢p captures time spent
commuting or preparing for work, helping the model distinguish the extensive and
intensive margins of labor supply. The time cost ¢ reduces the time available for work
and leisure when health is bad, regardless of whether the individual works.

®The numerical solution uses normalized consumption-leisure and bequest utility functions that
admit logarithmic limits at y = 1. With exogenous mortality, these normalizations leave optimal choices
unchanged but affect utility levels and the calibration of the value of being alive. The welfare analysis
uses the corresponding unnormalized expressions; see Section 5.1.
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Following De Nardi (2004), warm-glow bequest utility is

(kg _|_a)(1vav

b(a)=0g ="

) (4)

where 0 governs the strength of the bequest motive and kg > 0 governs its curva-
ture and ensures finite marginal bequest utility at zero assets under the maintained

parameter restrictions.

2.2 Health and Labor Income

Health is exogenous and follows an age-dependent Markov process with two living
states, good (G) and bad (B), and an absorbing death state (D). The transition probabili-
ties are

Pr(Hep =1 He =j) =TI (j, 1), i,j €{G,B,D}. ()

The age dependence of TT; allows health persistence and mortality to vary over the life
cycle. The probability of surviving to the next period is

St(j):]_ﬂt(j>D)> jG{G>B}° (6)

Labor earnings are W Ny, where the log wage follows
logWi =ap+ ajt+ at’ + apl{Hy = G} + . (7)

The coefficient ay captures the good-health wage premium, while the idiosyncratic
productivity component u; follows an AR(1) process:

Uy = pug—1 + &, w =&,

; N(0,0%,), t=1, (8)
‘~
N(0,03), t>2.

Following French and Jones (2011), we incorporate spousal income in reduced form
rather than modeling the spouse’s labor-supply decision. Net spousal income is a
deterministic function of the household head’s age and health:

yst = ys(t, Hy). )

The function includes the spouse’s employment and self-employment income and
the government benefit for caregivers, but excludes pensions and means-tested trans-



fers, which enter separately. It applies throughout the life cycle, including after the
household head reaches retirement age.

2.3 Assets, Pensions, and Government Transfers

Households save in a risk-free asset a; earning a net return r per two-year period,
subject to a no-borrowing constraint. The age-dependent function y¢(-) maps the
household head’s taxable income into after-tax income, incorporating features of the
UK tax system (see O’Dea, 2018, Appendix D.7). Public and private pension payments
begin at retirement, R, corresponding to ages 64—65.

Pension payments depend on average lifetime earnings at retirement, aeg . Denot-
ing the public and private pension benefit functions by PPUP(.) and PP"V(.), respectively,

which we estimate in Appendix B.5, payments are

pbby = 1{t > Ry PP (aeg, ), 10)
privben; =1{t > Ra}PpriV(aeRG).
Average lifetime earnings evolve according to
WN t—1)(1+g)?
tNt + (no + )(1+g) aet) t <Ry,
aeiy1 = Mo+t (11)
aet, t > Rq.

Past earnings are revalued at the annual rate g before current earnings are incorporated,
and the resulting average is held fixed after retirement. We set ny = 15, the number of
two-year periods between labor market entry at age 20 and age 50, and g = 0.0184, the
revaluation rate in the data simulated by O’Dea (2018). The earnings accumulation and
initial-earnings conventions are detailed in Appendix C.1.

Following French and Jones (2011) and De Nardi, Pashchenko and Porapakkarm
(2025), the government guarantees a minimum level of resources through a consump-

tion floor C,in, which is constant across ages. Transfers are
try = max {O, Cimin — [Ut(WeN¢ + rag 4+ pbby + privbeny) +ysi + ay } (12)

Combining earnings, pensions, asset returns, spousal income, and transfers, the house-
hold’s budget constraint is

Ct + a1 = ye(rar + WiN¢ 4+ pbby + privbenyt) +ys(t, Hy) + tre + ay, (13)

subject to a1 > 0, nonnegative hours, and feasible consumption and leisure.
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2.4 Recursive Household Problem

The household’s state is
Xt = (Ht, Qt, aet>ut)a (14)

consisting of health, assets, average lifetime earnings, and the persistent wage shock.
The recursive problem is

Vi(X¢) = max {U(Ct,Lt)+®+[1—St(Ht)]b(at+1)+f35t(Ht)1Et (Vi1 (Xes1) [ Hig ¢D]}> (15)

at1,Ny

subject to the budget constraint (13), the time constraint (3), the earnings accumulation
rule (11), the borrowing and feasibility constraints, and the exogenous laws of motion
for health and productivity. The continuation expectation integrates over next-period
health conditional on survival and the next productivity innovation. At the terminal age,
st(Ht) =0 and V141 = 0. We solve the problem by backward induction. Computational
details appear in Appendix D.

3 Data and Estimation

In the economic model, individuals make decisions knowing their underlying health,
but the health measures they report in surveys need not accurately reflect that state.
To assess the consequences for structural inference, we estimate the same economic
model under two specifications. The first follows the conventional approach and
treats binary self-reported health as the underlying state, while the second infers latent
health from multiple noisy indicators. Accounting for measurement error requires
correcting not only the estimated health process but also the initial distribution of
states, economic outcomes conditional on health, and the moments used to estimate
structural parameters. We first describe the data and health measures, then explain
how we recover latent health and incorporate it into structural estimation, and finally

present the parameter estimates and model fit.

3.1 Data and Health Measurement

We use waves 1-9 (2002-2019) of the English Longitudinal Study of Ageing (ELSA),
a biennial survey of individuals aged 50 and older living in private households in
England. ELSA follows age-eligible core members and collects information about their
cohabiting partners.” We model the decisions of male core members. Labor supply,

’Core members originate from the Health Survey for England and remain eligible for follow-up
unless they die or move outside Great Britain.



earnings, and health are measured at the individual level, whereas assets and pensions
are measured at the household level. We incorporate spousal resources using observed
partner income without explicitly modeling spouses’ labor-supply decisions.

Our sample consists of men born between 1935 and 1950 who are married at their
tirst interview, do not subsequently divorce or remarry during the observed panel,
and are self-employed in no more than half of their employed waves. Men who
subsequently become widowed or separated remain in the sample. These cohort
restrictions align the sample with the UK pension environment modeled by O’Dea
(2018). The resulting sample contains 2,223 men with complete initial-state information.
Of these, 83% enter in wave 1 and the remainder in the wave-4 refreshment sample;
entry ages range from 52 to 74 (see Appendix C). The health, wage, and spousal-income
processes are estimated using broader samples of ELSA men, as detailed in Appendix
B.1.

To measure underlying health while allowing for reporting error, we use three indi-
cators: self-reported general health, the number of mobility difficulties, and the number
of limitations in activities of daily living (ADLs) and instrumental activities of daily
living (IADLs). The latter two use IFS-derived ELSA variables. Self-reported general
health is collapsed into good (excellent, very good, or good) and bad (fair or poor).
The counts of mobility difficulties and ADL/IADL limitations capture more detailed
variation in physical functioning and are top-coded at eight and four, respectively. In
the specification without measurement error, binary self-reported health alone defines
the health state.®

We identify deaths using ELSA interview-status records and use mortality infor-
mation for transitions beginning in waves 1-5, for which these records are consid-
ered reliable. After excluding proxy interviews and observations missing mobility
or ADL/IADL measures, the health-estimation sample contains 37,209 person-wave
observations on 8,680 men aged 50-91. Self-reported general health is available for
33,131 of these observations.

3.2 Health Dynamics and Identification

The two specifications differ in how they measure the health state H; of Section 2.
Without measurement error, Hy is the binary classification of self-reported health, and
age-specific transitions between good health, bad health, and death are estimated

from observed transitions. With measurement error, H; is unobserved. Its transition

8The wording and availability of the general-health question differ across waves. For the latent-
health specification, the preferred general-health question is treated as missing by design in wave 3.
For the specification without measurement error, the alternative question is used in wave 3 and where
needed in wave 1. The exact harmonization rules are documented in Appendix B.1.
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probabilities and the distributions of the three indicators conditional on health are
jointly estimated using a non-stationary hidden Markov model (see Appendix B.2). In
both specifications, transitions between the living health states vary freely by age, and
mortality is a logistic function of age with health-specific intercepts (Appendix B.2).
This ensures that differences between specifications do not arise mechanically from
imposing different age-profile restrictions on health dynamics. By contrast, Amengual,
Bueren and Crego (2021) model transition probabilities as logit functions of age. Such
restrictions may improve efficiency but, if misspecified, can confound the effects of

measurement error with those of functional form.’

Let Y} denote indicator m € {1,2,3} for individual i in period t, and define the

emission probabilities
prt(k) =Pr(Y{ =k | Hi =h), h € {G,B}. (16)

The emission matrix P™ collects these probabilities for indicator m, with one column for
each health state. We assume that the emission distributions are constant across ages,
whereas transition probabilities vary with age. The emission distributions describe
how an individual in either latent health state may report each observed indicator. The
baseline measurement model assumes that, conditional on current latent health, the

three indicators are independent:

3
Pr(Y}, Y4, Y3 [Hig=h) = [ [ Pr(Y{ | Hie = h). (17)
m=1
The resulting joint distribution of indicators is a two-component mixture, with mixture
weights given by the shares of individuals in good and bad latent health. We orient
the two components by requiring the good-health state to be associated with more
favorable health indicators.

We adapt the identification methods of Garcia-Vazquez (2021) for non-stationary
hidden Markov models to accommodate mortality. The identification argument has
three steps. First, conditional independence of the three indicators, together with appro-
priate rank and support conditions, identifies the emission distributions and the shares
of individuals in each latent health state, up to relabeling. Second, observed deaths and
the indicators recorded before death identify state-dependent survival probabilities.
Third, joint observations of indicators at consecutive ages identify transitions between

the two living states. Refreshment samples provide observations at additional ages,

9French (2005) and Bueren (2021) partially address measurement error in health, but impose para-
metric restrictions on the transition matrices for health and ignore measurement error when estimating
the initial distribution of states.
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allowing us to recover transitions over a longer portion of the life cycle than any single

respondent is observed. Appendix A establishes the formal result and its assumptions.

Self-reported health anchors the comparison with the conventional specification
but may also be especially sensitive to employment-related reporting behavior. Such
justification bias (Bound, 1991; Kerkhofs and Lindeboom, 1995; Dwyer and Mitchell,
1999; Benitez-Silva et al., 2004; Lindeboom and Kerkhofs, 2009) threatens the separate
assumption used below to recover economic outcomes conditional on latent health. We
therefore replace self-reported general health with reported pain, retaining mobility
and ADL/IADL limitations, and re-estimate the full model as a robustness exercise.

The estimated emission probabilities reveal substantial misclassification. Table
1 shows that 12% of individuals in latent good health report bad health, while 26%
of those in latent bad health report good health. Binary self-reports therefore mix
individuals from the two latent states. The mobility and ADL/IADL indicators are also
informative about latent health. For example, an individual in latent good health reports
no mobility difficulty with probability 0.69, compared with 0.01 for an individual in
latent bad health (see Figure B.1 in Appendix B.2).

Table 1: Self-reported health conditional on latent health

Latent health
Self-reported health Good Bad
Good 0.88 0.26
Bad 012 0.74

3.3 Mapping the Model to the Data

Correcting health transitions alone is insufficient for consistent treatment of health mea-
surement throughout structural estimation. Health also enters the initial distribution of
states, wage and spousal-income processes, and the labor-supply and wealth statistics
used in estimation. We therefore align these objects with the health-measurement con-
vention used to estimate the health process. In the specification without measurement
error, economic outcomes and initial health are grouped by binary self-reported health.
In the latent-health specification, we use the estimated measurement system to recover

or reproduce the corresponding statistics.

For outcomes summarized by health-specific conditional means, we use posterior
probabilities of latent health. Let

qJiw = Pr(Hiw =G | Yi]w>Y12w)Yi3w’t)> (18)
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where the probability is computed from the estimated emission distributions and the
estimated shares of each health state at age t; here w indexes survey waves and t the
two-year age group of individual i at wave w. This posterior uses only the individual’s
indicators at wave w, not his full indicator history. If the indicators are conditionally
independent of an economic outcome vy, given latent health and the relevant age

group t, the conditional mean satisfies
ElYire | Yiu Yw Yourt] = 18 iy + 17 (1= g, (19)

where p} M= Elyiw | Hiw = h,t]l. We recover these latent-health conditional means by
regressing yi,, on iy, and 1— qi, without a constant. This restriction differs from the
conditional independence of the health indicators in equation (17): whereas the latter
identifies the measurement system, the former allows us to recover economic outcomes
conditional on latent health. It requires that, conditional on latent health and age, the
indicators contain no additional information about economic outcomes. We discuss
this assumption and its implications in Appendix B.3.

We apply this approach to the age-health profiles of hours worked and labor-force
participation, which are central targets of structural estimation, and to the reduced-form
spousal-income function ys(t,H¢) (see Appendices B.1 and B.3). In the simulated data,
the corresponding hours and participation profiles are computed using each simulated
individual’s true health.

Wages require a distinct correction. Health enters the wage specification through
the good-health premium, and we use posterior probabilities in place of an observed
health dummy in the wage-profile regression. Because the wage regression uses pairs of
waves, its posteriors condition on indicators at both dates and survival between them.
We also account for the additional measurement component in wage residual moments
when constructing the persistent wage process. Because wages are observed only
for workers, the deterministic wage-profile coefficients are not treated as consistently
estimated reduced-form parameters: they are disciplined jointly with the structural
model by indirect inference (see Appendix B.4).

Initial conditions must also reflect the health-measurement convention. Each house-
hold enters the simulation at its first observed age. Observed state variables are initial-
ized from the entry interview, while the unobserved components—including average
prior earnings—are imputed. In the latent-health specification, initial health is drawn
from its posterior distribution given the individual’s whole history of indicators and
survival; this is the econometrician’s inference about health at entry, not information
available to the household, which knows its health. In the specification without mea-

surement error, initial health is the binary self-report. Appendix C describes the joint
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initialization procedure. Because ELSA does not observe complete earnings histories
before age 50, we use simulations from O’Dea (2018) to construct average earnings at

entry and the pension benefit functions (see Appendices C.1 and B.5).

We handle wealth quantiles differently because they are not conditional means. The
25th, 50th, and 75th percentiles of wealth by age and health cannot be recovered by a
linear regression on posterior probabilities. Instead, we classify individuals by their
most likely latent-health state given the indicators observed at that wave. To apply
the same classification in the data and model, we simulate the three health indicators
conditional on each simulated individual’s true health, recompute the posteriors, and
assign simulated individuals to their modal health state. Thus, these targets are wealth
quantiles for groups classified using noisy health measurements, not the quantiles of wealth
conditional on the unobserved true health state. Household wealth is adjusted for
household size and survey-wave effects as in De Nardi, Pashchenko and Porapakkarm
(2025), and as described in Appendix E.4.

These distinctions matter for comparing the specifications with and without mea-
surement error. Both share the economic environment, parameterization, and economic
outcomes targeted in estimation. What changes are the health dynamics governing
households’ decisions and the mapping from observed health information to the mo-
ments used to estimate the model. Correcting health transitions alone is therefore
insufficient: continuing to group economic outcomes by self-reported health would

leave an important source of measurement error uncorrected.

3.4 Structural Estimation

We estimate the model in two steps, as is common in structural life-cycle analysis (see,
e.g., Gourinchas and Parker, 2002; French, 2005; De Nardi, French and Jones, 2010). In
the first step, we estimate the health and wage-shock processes, spousal income, pension
functions, and initial conditions, while setting selected institutional and preference
parameters using external information. These objects are constructed separately under
the two treatments of health whenever they depend on health measurement; the
pension functions and the externally set parameters do not, and they are reported in
Appendices B.5 and B.6. In the second step, we estimate the remaining parameters by
indirect inference (Gourieroux et al., 1993; Smith Jr, 1993).

The second-step parameter vector is

e:(B)V)d)P)eB)KB)d)H)Cmin)aO)a])aZ)aH)- (20)
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This vector contains preference and labor-supply parameters, the consumption floor,
and the deterministic wage-profile coefficients. We estimate the wage-profile coef-
ficients within the structural model to account for selection into employment, since
wages are observed only for individuals who work. The coefficient of relative risk
aversion is fixed aty = 3.

Let {,, denote the empirical vector of target statistics and {(0) its model counterpart.
We solve

0= argmin [h(6) — ) Walth(8) — b, (21)
where W, is diagonal, with entries given by the inverse bootstrap variances of the
empirical targets. The targets comprise age-health profiles of wealth at the 25th, 50th,
and 75th percentiles, mean hours worked, participation, and coefficients from the wage
regression. Of 204 potential targets, 182 are used; cells with too few observations
are excluded. For each specification, we apply the same health-measurement rule to
simulated and observed targets. We simulate each individual 40 times and use a global
optimization procedure (Arnoud, Guvenen and Kleineberg, 2019) because the criterion
is non-smooth and has multiple local minima (see Appendix E).

Table 2 reports the parameter estimates (see Appendix E.3 for a discussion of
parameter identification and approximate standard errors). Two differences stand
out. Accounting for measurement error raises the estimated time cost of bad health
from 1,230 to 1,735 hours per two-year period, an increase of 41%, and the estimated
good-health wage premium from 0.15 to 0.20 log points. Both changes are consistent
with misclassification attenuating the estimated effects of health on economic outcomes,
as illustrated by the stylized model in Appendix F.

Table 2: Parameters estimated by indirect inference

P Ignoring Accounting for
arameter
measurement error measurement error
B: biennial discount factor 1.035 1.040
v: consumption weight 0.864 0.782
¢p: participation time cost 3,305 2,131
0g: bequest weight 3.55 6.56
kp: bequest curvature parameter 186,336 865,535
¢n: time cost of bad health 1,230 1,735
Cmin: consumption floor 63,362 47,440
ap: wage-profile constant 2.522 2.394
aj: linear age term —0.028 —0.005
ay: quadratic age term —0.005 —0.005
ap: good-health wage premium 0.154 0.204

Notes. ¢p and ¢y are in hours per two-year period, Cpin is in GBP per two-year period, and kg in GBP.
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3.5 Model Fit

Figure 1 compares the simulated and observed profiles of hours worked, labor-force
participation, and median wealth under both specifications. Both models reproduce the
broad age patterns in hours worked and participation, although the common retirement-
age rule produces a sharper decline in employment than observed in the data. The
latent-health specification, however, fits the observed wealth differences between health
groups considerably better. It also matches the observed health coefficient in the wage
regression, whereas the specification without measurement error overpredicts it by
approximately two standard errors (see Table E.1 in Appendix E.5).

Figure 1: Model Fit
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4 Health Dynamics and the Wealth-Health Gradient

We now examine how measurement error affects the estimated dynamics of health and
the ability of the model to account for the wealth-health gradient. We first show that
bad health is substantially more persistent than self-reported health suggests. We then
show that a persistent latent health process observed with error can generate negative
duration dependence in reported health, a pattern often attributed to permanent health
heterogeneity. Finally, we show that the greater persistence of latent health allows
the model to explain most of the observed wealth-health gradient without permanent

health types or preference heterogeneity.

4.1 Health Persistence

Figure 2 compares the estimated two-year health transition probabilities with and
without measurement error. Accounting for measurement error reveals substantially
greater persistence, particularly in bad health: the probability of remaining in bad
health exceeds 90% at every age, compared with 55-84% when measurement error is
ignored. Good health is also more persistent at nearly every age.

Figure 2: Health Persistence With and Without Measurement Error

Staying in good health Staying in bad health
1.0
0.8
2 LN ey
= 0.6 / A\ - N
Q
(]
e}
£ 04
02— Accounting for ME
== == Ignoring ME
OO T T T T T T T T T T
50 60 70 80 90 50 60 70 80 90
Age Age

Notes. Two-year transition probabilities among survivors, by age at the start of the period. “Accounting
for ME” refers to transitions in latent health, while “Ignoring ME” to transitions in self-reported health.

This difference reflects the fact that changes in reported health need not reflect
changes in underlying health. For example, a healthy individual who reports bad
health in one wave and good health in the next appears to have recovered, even though
his underlying health has not changed. Such misclassification generates spurious
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transitions. As Table 1 shows, 12% of individuals in latent good health report bad
health, while 26% of those in latent bad health report good health. These reporting
errors inflate the frequency of observed health transitions, making bad health appear
less persistent than it is. This distinction matters for economic behavior: the longer bad
health is expected to last, the greater its potential consequences for lifetime earnings,
labor supply, and saving.

4.2 Duration Dependence in Reported Health

Measurement error also affects how we interpret observed health histories. De Nardi,
Pashchenko and Porapakkarm (2025) document that the probability of leaving a self-
reported health state declines with the duration of the reported spell, a pattern they
reproduce by introducing permanent health types. We show that a first-order latent
health process observed with error can generate negative duration dependence without
such heterogeneity. To examine this, we calculate the probability of leaving a reported
health state after at least T consecutive two-year periods in that state, treating missing
interviews and wave 3 as interruptions. We compare these probabilities in the data
with those from simulations of both estimated health processes. For the latent-health

specification, we simulate self-reports using the estimated emission probabilities.

Figure 3 plots changes in exit probabilities relative to the first period of a reported
health spell, allowing us to compare how they decline with reported spell duration
despite differences in levels. The data exhibit pronounced negative duration depen-
dence for both good and bad health. Among individuals aged 50-63, the probability of
reporting good health falls from 0.27 after at least one period of reported bad health
to 0.04 after at least four, a decline of 23 percentage points. The specification without
measurement error fails to reproduce this pattern, as expected from a first-order Markov
process in which transition probabilities depend on age but not on spell duration. By
contrast, for the same age group, the latent-health specification generates a decline of
about 25 percentage points, from 0.54 to 0.30, closely matching the absolute decline in

the data despite the first-order Markov structure of underlying health.

The intuition is simple. A single report of bad health provides imperfect information
about underlying health: at ages 50-51, only 43% of those reporting bad health are ac-
tually in that state. Consecutive reports of bad health increase the posterior probability
that an individual is truly unhealthy. Because latent bad health is highly persistent,
longer reported spells are associated with lower subsequent probabilities of reporting

recovery.

Although the latent-health specification captures much of the absolute decline in

exit probabilities, it overstates their levels. At t =1, among individuals aged 50-63,
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Figure 3: Duration Dependence in Self-Reported Health
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Notes. Change in the probability of leaving the reported health state relative to the initial period (t=1),
in percentage points, where T is the minimum number of consecutive two-year periods in that state.
Results are grouped by age at the start of the transition. “Accounting for ME” refers to self-reports
simulated from the latent-health process and the emission probabilities. Data: 32,379 observations on
8,386 men; 95% confidence intervals from 300 bootstrap samples of individuals; points with fewer than
50 transitions are omitted. Models: 200 simulated panels using individuals’ observed interview patterns.

the probability of leaving reported bad health is 0.54 in the model, compared with
0.27 in the data. Consequently, the proportional decline by t = 4 is much smaller
in the model (45%) than in the data (84%). This discrepancy arises despite similar
unconditional frequencies of reported bad health (0.26 in the model and 0.24 in the
data). With conditionally independent reporting errors, the estimated misclassification
probabilities constrain how low exit probabilities can fall, whereas the data exhibit
substantially lower probabilities after long reported spells. Changes in the survey
question, mortality, and the composition of individuals observed in consecutive waves
do not explain this discrepancy. Persistent reporting errors, as in Lange and McKee
(2012), or a richer latent-health process may help account for it. Nevertheless, negative
duration dependence in reported health does not, by itself, require permanent health

heterogeneity.
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4.3 The Wealth—-Health Gradient

The greater persistence of latent health has important implications for wealth accumu-
lation. Both specifications target wealth distributions by age and health status, yet they
differ substantially in their ability to reproduce the observed wealth-health gradient.
Figure 4 compares the observed and predicted wealth differences between individuals
in good and bad health at the 25th, 50th, and 75th percentiles under each specification.

Both specifications reproduce the observed wealth-health gradient at the youngest
ages, but their predictions diverge substantially with age. In the panel ignoring measure-
ment error, the model increasingly understates the observed gradient, with predicted
wealth differences nearly disappearing by the late seventies at all three percentiles. By
contrast, the model accounting for measurement error preserves a large part of the
observed gradient at all ages, although it understates the gap at the 75th percentile and,
beyond age 78, at the median as well.

Figure 4: Wealth-Health Gradient
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Notes. Difference in wealth between individuals in good and bad health at each percentile. Health
classifications follow the measurement convention of each specification, so the data differ across rows.
Shaded areas are 95% confidence intervals.

Averaging across the 20 age groups used in estimation, the observed wealth gap is
approximately £87,000 at the 25th percentile, £109,000 at the median, and £160,000 at
the 75th percentile. The specification without measurement error reproduces only 34%,
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22%, and 19% of these gaps, respectively. Accounting for measurement error raises
these shares to 101%, 82%, and 69%. Across all three percentiles, the model reproduces
81% of the observed wealth-health gradient when accounting for measurement error,

compared with 23% when ignoring it.

Three mechanisms help explain why greater health persistence produces a larger
wealth-health gradient. First, greater persistence preserves initial wealth differences.
Individuals enter the model with wealth that differs by health, so both specifications
start with a substantial gap: about £103,000 at age 52 when ignoring measurement
error and £124,000 when accounting for it. Under the self-reported process, however,
health at age 50 says little about health ten years later: among survivors, the probability
of being in bad health at age 60 is 0.28 for those in bad health at age 50 and 0.22 for
those in good health, compared with 0.83 and 0.10 under latent health. Under the
self-reported process, current health therefore becomes increasingly uninformative
about earlier health and accumulated wealth, causing the initial wealth differences
between health groups to dissipate. Second, greater persistence allows earnings losses
to accumulate. Individuals in bad health at age 64 have spent an average of about
10 of the preceding 14 years in bad health under latent health, compared with only 5
under self-reported health. Their lower wages and hours therefore translate into more
prolonged earnings losses, contributing to larger wealth differences. Third, persistence
affects saving incentives through expected lifetime income and survival. At age 50,
remaining life expectancy is approximately six years lower in bad health than in good
health under latent health, compared with one year under self-reported health. This
larger survival gap shortens the expected retirement horizon of individuals in bad
health, potentially reducing their incentive to accumulate retirement wealth.

These results offer an alternative explanation for the findings of De Nardi, Pashchenko
and Porapakkarm (2025), who estimate a model with self-reported health and persistent
health types. They find that reproducing the observed wealth-health gradient requires
individuals with worse health types to be less patient. Without this correlation, their
model generates a median wealth difference near retirement of approximately $35,000,
compared with $140,000 in the data. This shortfall resembles that of our specification
without measurement error. Our results point to a different mechanism: greater per-
sistence in underlying health allows a model with a common discount factor and no
permanent health types to reproduce most of the observed wealth-health gradient.

To assess the role of the health process, we re-estimate the specification without
measurement error after replacing its health transitions and health-dependent mortality
with those obtained when accounting for measurement error. The estimation targets,
initial distribution, wage process, and spousal income process remain unchanged. The
resulting model reproduces approximately 70% of the observed wealth-health gradient,
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compared with 23% under the original self-reported-health process. This exercise
captures the joint contribution of health transitions and mortality while allowing
the structural parameters to adjust. Although it does not isolate persistence, the
substantially larger differences in health transition probabilities than in health-specific
mortality rates suggest that persistence plays an important role.

Together, these results show that a model’s inability to reproduce the wealth-health
gradient need not imply missing preference heterogeneity or permanent health types.
In our application, much of the discrepancy stems from understating the persistence of
bad health. Correcting health measurement therefore changes not only the estimated
dynamics of health but also the model’s ability to explain observed wealth inequality.

5 The (Mismeasured) Costs of Bad Health

We now examine how measurement error in health affects the estimated costs of
bad health. We first quantify these costs under the two specifications, distinguishing
between the population as a whole and individuals who enter the model in bad health.
We then decompose the differences between specifications into the contributions of
the estimated health process and the health-dependent moments used in structural
estimation. Finally, we examine robustness to alternative health measures and briefly

discuss the implications for retirement-age and pension-policy reforms.

51 Quantifying the Costs of Bad Health

We measure the costs of bad health by comparing the baseline economy, in which
individuals face the estimated health risks, with a counterfactual in which they remain
in good health throughout their lives and face the corresponding survival probabilities.
Following the approach of De Nardi, Pashchenko and Porapakkarm (2025), we simulate
both scenarios using the decision rules of the baseline economy and holding fixed the
realizations of other exogenous shocks. Individuals therefore do not anticipate the
elimination of health risk. We calculate differences in earnings, hours worked, years
worked, consumption, assets, longevity, and welfare. Table 3 reports these differences
for the population as a whole and for individuals who enter the model in bad health.

We distinguish between two measures of lost income. The earnings cost is the
difference in average annual earnings of the household head through ages 64-65, with
each average calculated over individuals alive in the corresponding scenario. The
monetary cost also includes spousal income and pensions and accounts for income
lost through premature mortality. Specifically, for each individual, we calculate the
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difference between scenarios in the present value of income, discounted to the age at
entry and assigning zero income after death, and divide it by the number of years lived
in the always-healthy scenario. We then average this measure across individuals.

We also calculate the welfare cost of bad health, incorporating the value of additional
years of life. For each individual, we measure this cost as the fraction of consumption
in every period of the always-healthy scenario that equates realized lifetime utility
across the two scenarios. We then average this consumption-equivalent measure across
individuals. We calibrate the additive value of being alive, @, so that the average value
of a statistical life (VSL) among working-age individuals (ages 50-63) equals $2 million
in 2013 dollars, converted to pounds.'? We calibrate ® separately for each specification
and also report results for an alternative VSL of $6 million (see the notes to Table 3).
Because mortality is exogenous and @ enters utility additively, this calibration does not

affect household decisions.

Table 3: Costs of Bad Health

Outcome ‘ Ignoring ME Accounting for ME ‘ Difference

All individuals
Annual earnings (£) 1,778 2,554 44%
Annual hours worked 151 220 45%
Years worked 0.69 0.99 44%
Annual consumption (£) 281 112 —60%
Assets (£) 2,432 2,550 5%
Annual monetary cost (£) 1,978 2,641 34%
Years of life gained 2.53 3.54 40%
Welfare cost (%) 6.67 10.85 63%

Initially unhealthy
Annual earnings (£) 5,107 11,036 116%
Annual hours worked 483 980 103%
Years worked 1.61 3.50 117%
Annual consumption (£) 865 2,439 182%
Assets (£) 14,232 42,632 200%
Annual monetary cost (£) 3,720 7,345 97%
Years of life gained 3.51 7.50 114%
Welfare cost (%) 8.14 18.71 130%

Notes. Each entry is the difference between the scenario in which individuals are always in good health
and the baseline. Earnings and hours worked are computed up to age 64-65, and the monetary cost
over the remaining life. Consumption and assets are differences between means over the years in which
individuals are alive in each scenario. The welfare cost uses a VSL of £1.39 million; with a VSL of £4.17
million, it is 11.82% and 18.51% for all individuals, and 14.53% and 31.56% for the initially unhealthy.

Accounting for measurement error substantially increases the estimated costs of

bad health. For the population as a whole, the earnings cost rises from £1,778 to £2,554

19We calculate the average VSL over ages 50-63, whereas De Nardi, Pashchenko and Porapakkarm
(2025) use ages 21-63 (see Appendix G.1 for further details).
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per year, an increase of 44%. The estimated reduction in annual hours worked rises by
45%, from 151 to 220 hours, while years of work lost increase from 0.69 to 0.99. These
results suggest that ignoring measurement error in health leads to understating not

only the persistence of health but also its effects on labor supply and earnings.

The differences are particularly large for individuals who enter the model in bad
health. Accounting for measurement error raises their estimated earnings cost from
£5,107 to £11,036 per year, more than doubling it. Annual hours lost increase from 483 to
980, while years of work lost rise from 1.61 to 3.50. These larger costs are consistent with
the greater persistence of latent bad health, which prolongs the exposure of initially

unhealthy individuals to its adverse economic consequences.

The effects on consumption and assets are more heterogeneous. For individuals
initially in bad health, accounting for measurement error nearly triples both the esti-
mated consumption cost, from £865 to £2,439 per year, and the asset cost, from £14,232
to £42,632. For the population as a whole, however, the asset cost barely changes,
while the consumption cost falls from £281 to £112 per year. Because these measures
compare averages among survivors in each scenario, they partly reflect differences in

age composition rather than solely changes in individual consumption and saving.

The monetary and longevity costs also increase substantially. For the population
as a whole, the remaining-life monetary cost rises by 34%, from £1,978 to £2,641 per
year. For individuals initially in bad health, it nearly doubles, from £3,720 to £7,345.
Eliminating bad health increases expected longevity by 3.54 years in the latent-health
model, compared with 2.53 years when measurement error is ignored. For individuals
initially unhealthy, the corresponding gains are 7.50 and 3.51 years. Thus, accounting for
measurement error raises the estimated longevity cost of bad health by approximately
one year for the average individual and four years for those initially unhealthy.

These differences translate into larger welfare costs. Ata VSL of £1.39 million, the
estimated welfare cost rises from roughly 7% to 11% of consumption for the population
as a whole, and from 8% to 19% for individuals initially in bad health. Taken together,
these findings show that ignoring measurement error substantially understates the
estimated costs of bad health across earnings, labor supply, longevity, and welfare,
particularly for individuals initially in bad health.

5.2 The Sources of Measurement-Error Bias

The two specifications differ in both the estimated health process and the economic
moments conditional on health used to estimate structural parameters. Correcting
measurement error reveals greater health persistence. It also uncovers larger differences
in labor supply between healthy and unhealthy individuals, which imply a higher
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estimated time cost of bad health. To assess the contribution of each source of difference,
we re-estimate the specification without measurement error after replacing these inputs

with those of the specification accounting for it.

Starting from the specification without measurement error, we replace three sets
of inputs, separately and in combination: the health and mortality process, the labor-
supply targets (hours worked and participation), and the wealth targets. Each replace-
ment uses the corresponding inputs from the specification accounting for measurement
error, while leaving the initial distribution, wage process, and spousal income un-
changed. We then re-estimate the structural parameters and recompute the costs of
bad health. For the wealth targets, the replacement follows the classification procedure
described in Appendix G.2.

Figure 5 reports the percentage of the gap in estimated costs between the two
specifications that each replacement closes. A value of 100% means that the replacement
eliminates the gap, while a value of zero means that it leaves it unchanged. Because
the inputs interact through the re-estimated model, their contributions need not add
up. Even replacing all three sets of inputs need not eliminate the gap, since the initial

distribution, wage process, and spousal income remain unchanged.

Figure 5: Decomposing Differences in the Estimated Costs of Bad Health
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Notes. Each marker reports the result of re-estimating the specification without measurement error after
replacing the indicated inputs with those from the specification accounting for measurement error. A
value of 0% corresponds to the estimated cost when measurement error is ignored, while 100% (dashed
line) corresponds to the cost when it is accounted for. Negative values indicate that the replacement
widens, rather than closes, the gap with the specification accounting for measurement error. The welfare
cost uses a VSL of £1.39 million.

The decomposition reveals two distinct sources of measurement-error bias, with

markedly different implications for the overall population and those initially unhealthy.
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For the population as a whole, correcting labor-supply targets is the main driver of
the difference in the working-age costs of bad health. Replacing the targets for hours
worked and participation accounts for essentially the entire difference in foregone
earnings and hours worked through retirement age, and 74% of the difference in years
worked. By contrast, replacing the health process alone does not increase the estimated
earnings or hours costs. The larger working-age costs therefore arise primarily because
correcting misclassification reveals larger differences in labor supply between health
states, leading indirect inference to estimate a higher time cost of bad health.

For individuals initially in bad health, the estimated health process plays the domi-
nant role. Replacing health transitions and mortality accounts for 77% of the difference
in remaining-life monetary costs, 49% of the difference in earnings costs, and essen-
tially the entire difference in longevity. These results reflect the importance of health
dynamics for individuals already unhealthy at entry: greater persistence prolongs the
economic consequences of bad health, while health-dependent mortality determines
the years of life lost.

The longevity results also clarify the interpretation of the decomposition. Years of
life gained depend on health transitions, mortality, and the initial distribution of health,
but not on preferences or the economic targets. Replacing the health process therefore
accounts for essentially the entire difference in longevity. Its contribution is not exactly
100%, however, because the initial distribution remains unchanged in these exercises.

Combining the health process with the corrected labor-supply targets accounts for
most of the differences among individuals initially in bad health. Together, these inputs
explain about 80% of the difference in earnings and hours worked, 90% of the difference
in remaining-life monetary costs, and 95% of the difference in welfare costs. For the
population as a whole, the interactions are more pronounced: correcting labor-supply
targets alone closes more of the gap in working-age earnings and hours than correcting

them jointly with the health process.

Correcting the wealth targets has little effect. Replacing them alone leaves the
estimated costs almost unchanged and moves the estimated parameters by less than
half a percent, and adding them to the other replacements barely changes the results.
This is consistent with Section 4.3: the specification without measurement error fails
to reproduce the wealth-health gradient even though wealth by health is among its
targets, which points to its health process rather than the construction of the targets.

One exception concerns assets and consumption for the population as a whole. The
differences in these costs between the two baseline specifications are small relative
to the changes induced by individual replacements, producing shares below 0% or
above 100%. These shares are therefore difficult to interpret as measures of the relative

importance of the different inputs, Figure 5 therefore omits consumption and assets,
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and Table G.1 in Appendix G.2 reports the remaining shares, omitting only the asset
shares for the full population.

The decomposition establishes why correcting health transitions alone is insufficient.
For individuals initially unhealthy, the health and mortality process accounts for most
of the difference in remaining-life monetary costs and longevity. For the population
as a whole, however, the difference in working-age earnings costs arises primarily
from correcting the labor-supply moments used in estimation. Ignoring measurement
error therefore creates two distinct distortions in our application: it understates health
persistence and attenuates the observed behavioral differences between health states.
Correcting one without the other can leave substantial errors in the estimated costs of
bad health.

Robustness to Alternative Health Measures. Our baseline latent-health specification
uses self-reported general health, mobility difficulties, and ADL/IADL limitations.
An important concern is that self-reported health may be subject to justification bias:
individuals may report worse health to justify lower labor supply, even conditional on
their underlying health. To assess the sensitivity of our results, we replace self-reported
health with reported pain, retaining the other two indicators, and re-estimate the full
model. The results, reported in Appendix G.4, are qualitatively and quantitatively
similar. For the population as a whole, the estimated earnings cost is £2,450 per year
when using pain, compared with £2,554 in the baseline latent-health specification and
£1,778 when ignoring measurement error. For individuals initially in bad health, the
corresponding estimates are £9,535, £11,036, and £5,107. The estimated longevity gains
from eliminating bad health are likewise substantially larger than when measurement
error is ignored. Although the somewhat smaller costs obtained using pain could
reflect justification bias, they could also indicate that the alternative indicators capture
different dimensions of health. The larger estimated costs of bad health are therefore

robust to replacing self-reported general health with a symptom-based measure.

Implications for Pension Policy. The two specifications also produce relatively simi-
lar predictions for pension-policy experiments that do not directly change health risk.
Appendix G.3 considers increases in the pension age of one and two years and reduc-
tions in the state pension of 5% to 20%. Accounting for measurement error implies
somewhat larger labor-supply and saving responses to these reforms but similar wel-
fare costs. These differences are much smaller than those found for the costs of bad
health: the importance of correcting health measurement depends on the counterfactual

under consideration.
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6 Conclusion

Economists do not observe health directly. Instead, they typically rely on self-reported
health and treat it as if it perfectly revealed the underlying state. This paper shows that
this seemingly innocuous shortcut can substantially distort what structural models tell
us about health, economic behavior, and wealth inequality. Using a life-cycle model of
labor supply and saving, we compare a specification that treats self-reported health as
the true health state with one that infers latent health from multiple noisy indicators.
Crucially, we account for measurement error throughout structural estimation, rather
than only when estimating health transitions.

Ignoring measurement error has two important consequences. First, it makes health
appear substantially less persistent because some observed transitions between good
and bad health reflect reporting errors rather than changes in underlying health. Second,
misclassification understates differences in labor supply and earnings between healthy
and unhealthy individuals, leading the model to underestimate the economic burden
of bad health. In particular, accounting for measurement error raises the estimated
time cost of bad health by 41%, to approximately 17 hours per week. Correcting
health measurement also changes what the model can explain: without preference
heterogeneity or permanent health types, the latent-health model reproduces about
80% of the observed wealth-health gradient, compared with only about 20% when
measurement error is ignored. It also generates negative duration dependence in

reported health, a pattern often attributed to permanent health heterogeneity.

These differences have substantial economic implications. Accounting for measure-
ment error raises the estimated earnings cost of bad health by 44% for the population as
a whole and more than doubles it for the initially unhealthy. Our decomposition shows
that correcting labor-supply moments accounts for most of the difference in earnings
costs for the population as a whole, whereas correcting the health and mortality process
accounts for most of the difference in remaining-life monetary costs and longevity for
those initially unhealthy. Correcting the health process alone is therefore insufficient to
recover the full economic costs of bad health.

The broader lesson of our analysis extends beyond health. When a persistent
economic state is observed through a noisy proxy, treating that proxy as the true state
can understate both its persistence and its effects on economic behavior. It can also
create the appearance that additional persistent heterogeneity is needed to explain
the data. Measurement error therefore affects not only the quantitative predictions of
structural models, but also the economic mechanisms they appear to require.
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A Identification of the Measurement-Error Model

This appendix establishes identification of the latent-health process and its measure-
ment system in the presence of mortality and staggered sample entry. We extend the
identification approach for non-stationary hidden Markov models with refreshment
samples in Garcia-Vazquez (2021) to accommodate an absorbing, perfectly observed
death state. Using the finite-mixture results of Bonhomme et al. (2016), we establish
identification of the measurement system, the distribution of latent health among

survivors, and age-specific health transitions, including mortality.

Environment. We distinguish age a from survey wave t because individuals enter
the survey at different ages and observations from different cohorts are pooled to
estimate age-specific health dynamics. Let A denote the number of age groups and T
the number of survey waves. We allow T < A, so identification must rely on overlapping
observations from different cohorts rather than complete individual health histories.
Elsewhere in the paper, t indexes age groups, w indexes waves, and a denotes assets;
the matrix K, defined below collects the rows of the transition matrix TT; of Section 2

for the two living states.

Let the underlying health state be
Hiqt € {] )2)3})

where states 1 and 2 denote good and bad health, respectively, and state 3 denotes
death. Death is absorbing and perfectly observed. Health follows a first-order Markov
process with transition probabilities that vary with age but not with cohort or calendar
time. We suppress individual and survey-wave subscripts when describing age-specific
distributions.

For each living individual, we observe three noisy health indicators, indexed by
m € {1,2,3}. Indicator m takes values in {1,..., ]z} while the individual is alive. We
augment its support with a death category, J;n + 1, which is observed without error.

Let P™ denote the ], x 2 emission matrix for indicator m among living individuals:

P = (p‘]“ P‘z“),

where p{* contains the probabilities of each indicator category conditional on health
state ¢ € {1,2}. The corresponding emission matrix including death is

Q‘m — pm O]mX1
O1x2 1
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We assume that the three indicators are conditionally independent given current
latent health, and that observations of indicators at different ages are independent
conditional on the corresponding latent health states. The emission distributions are

invariant across ages and survey waves.

Define the distribution of latent health conditional on survival to age a by
Tlac = P(Hq = ¢ | Hq # 3), ce{l,2},

and let 7tq = (7Tq1,7q2) . For individuals alive at age a, define the 2 x 3 transition matrix
Ko, with entries
Ka(C,d) = H)(Ha+1 =d | H(l = C))

for c €{1,2}and d €{1,2,3}. The third row of the full transition matrix is known because
death is absorbing.

Proposition 1 (Identification with mortality and staggered sample entry). Suppose
that, for every age a under consideration, the following conditions hold:

(i) YL, Y2, Y3 are mutually independent conditional on Hg, and Y™ and Ygﬁr/1 are independent

conditional on (Haq,Hq41) for all m,m’;
(ii) rank(P™) =2 for m =1,2,3, and P™ does not depend on a or t;
(iii) Tiqe >0 forc=1,2;

(iv) P(YL,Y3,Y3 | Ha = 3) and P(Y}, Y], | | Ha = 3) are identified from the pooled cohorts,
with Y(‘1 =N+ indicating death between a and a+1;

(v) Kqand {P™ _, are common to the cohorts and waves pooled in (iv), and sample entry
and nonmortality attrition are independent of (Ha, Y}, Y2,Y3) conditional on Hg # 3.

Then {Pm}f‘n:], {Tta}a, and {Kq}q are identified up to a common permutation of the two living

health states {1,2}. In particular, the state-dependent mortality probabilities P(Hq11 =3 |Hq =
c) are identified for ¢ = 1,2 and every a at which (iv) holds.

Proof. We establish identification in two steps.

Step 1: Identification of the measurement system and of latent health among survivors. For
each age a, the joint distribution of the indicators among survivors is identified from
the pooled sample under conditions (iv) and (v), and condition (i) implies

P(Y, =j1,Y2 =j2,Y3 =3 | Hq % 3)
2 3
=Y Fac [ [P Gm)-
c=1 m=1
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This is a two-component finite mixture with three conditionally independent measure-
ments. Since rank(P™) =2 for m =1,2,3 and 7, > 0, Theorems 2 and 3 of Bonhomme
et al. (2016) identify {P™} _, and 7, up to a permutation of the two states. Because the
emission distributions are invariant across ages, the same labeling applies throughout
the age range. We resolve the remaining permutation by labeling the state associated
with more favorable indicator distributions as good health. Q™ is then identified from

P™ by adding the known entries.

Step 2: Identification of transitions and mortality. Fix an age a at which the consecutive-

age distribution in (iv) is identified, and let M, be the J; x (J; + 1) matrix with entries
Mq(j,k) =P(Y =34, Y . =k Hq #3).
By the Markov property and condition (i),
M, = P' diag(7,) Ka (Q)'.

All objects on the right-hand side except K, have been identified in Step 1. Since P! has

full column rank,
Le=[(P)P'] (P

satisfies LpP! = I,. Similarly, Q' has full column rank, so

-1

Re=Q'[(Q"'Q']
satisfies (Q')'Rq = I3. Hence,
LpMqRq = diag(7a) Kq,
and, since 7y >0,
-1

Ko = diag(7) "' [(PN)'P'] ' (PY'M. Q' [(Q")'Q']

Thus, K, is identified. Its first two columns give transitions between the living health
states, and its third column gives state-dependent mortality probabilities. Since death
is absorbing, the remaining row of the full transition matrix is (0,0,1). Repeating the

argument at every age at which (iv) holds completes the proof. O

Remarks. The identification result has two implications for our application. First,

mortality and transitions between living health states are jointly identified, although
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they need not be estimated jointly. In Appendix B.2, we estimate mortality probabilities

tirst and then recover transitions between the living states.

Second, identification does not require observing any individual throughout the
entire age range: overlapping observations from different cohorts and refreshment
samples suffice under conditions (iv) and (v). Identification is therefore age-specific

and requires that the relevant distributions can be recovered at each age considered.

B Data and Auxiliary Estimation

This appendix describes the data and auxiliary estimation procedures used to construct
inputs to the structural model. We document the estimation samples, the health
measurement system and transitions, health-dependent spousal income and wages,
pension benefits, and parameters fixed outside structural estimation. Throughout, we
distinguish between specifications that account for measurement error in health and

those that treat self-reported health as the true state.

B.1 Samples

To estimate wage profiles and wage-shock parameters, we use male core members born
between 1940 and 1970. We exclude observations with missing or nonpositive wages,
tewer than 300 annual hours worked, or earnings below the Jobseeker’s Allowance
threshold. The resulting sample contains 7,607 person-wave observations on 2,711
individuals. Hourly wages are measured as annual earnings divided by annual hours.

For spousal income, we use male core members from all birth cohorts who satisfy
the marital and self-employment restrictions of the structural model. We exclude proxy
interviews and assign zero spousal income to men without a partner. Spousal income
includes the partner’s net employment income, net self-employment income, and
Carer’s Allowance, as detailed in Appendix B.3. The resulting sample contains 21,510
person-wave observations with the required income and health information.

We construct health-specific profiles of labor-force participation and hours worked
using men born between 1935 and 1950. For wealth, we extend this sample to include
men born before 1935 to cover the oldest ages of the model. The estimation targets use
11,860 person-wave observations for labor supply and 17,782 observations for wealth.

ELSA observes individuals from age 50 onward, and waves 1-9 span at most
seventeen years. Because individual histories do not span the entire life cycle, we pool
observations across waves and birth cohorts into two-year age groups. The 1935-1950
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cohorts cover much of the transition from employment into retirement, while the earlier

cohorts extend the wealth profiles through ages 90-91.

The self-reported-health question differs across survey waves. In most waves,
respondents classify their health as excellent, very good, good, fair, or poor. Wave
3 instead uses the categories very good, good, fair, bad, and very bad. In wave 1,
half of respondents answer the alternative question at the beginning of the health
module and the standard question at its end. We classify excellent, very good, and
good responses to the standard question as good health, and fair and poor responses
as bad health. In the specification that accounts for measurement error, we use the
standard question whenever available, including the end-of-module question in wave
1, and treat self-reported health as missing by design in wave 3. In the specification
that ignores measurement error, we use the alternative question in wave 3 and for the

relevant wave-1 respondents, classifying bad and very bad responses as bad health.

B.2 Emission Matrices, Health Transitions, and Mortality

We estimate the non-stationary hidden Markov model described in the main text using
an adaptation of the constrained Baum-Welch procedure developed by Garcia-Vazquez
(2021). The procedure accommodates age-dependent health transitions and staggered
sample entry. We extend it to allow for mortality, which requires estimating state-
dependent survival probabilities and adjusting the restrictions linking latent-health

distributions across ages.

Estimation proceeds in three steps. We first estimate the measurement system and
latent-health distributions, then state-dependent mortality probabilities, and finally

transitions between living health states.

Let Ky, denote the number of living health states, with death indexed by Ky + 1.

Define

Mi(,j) =P(Hyy =j |He =1, Heg 2 Kp + 1),
P™(1,j) =P(Y{" =i H¢ =j),

mie(i) =P(Hy =1| He 2 Ky + 1),

pt(i) =P(Hypr =Kp +1[He =1),

for living states i,j € {1,...,Kp}. Thus, A governs transitions between living states
conditional on survival, 7i; gives the distribution of latent health among survivors,
and p¢(i) is the probability of dying conditional on current health. The transition
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probabilities entering the structural model are recovered from these objects:

IP(HtJr] _] | Ht —1) [] —Pt( )]”t( >j)) ] < Kh)

with probability pi(i) assigned to death.

As established in Appendix A, the measurement system and age-specific transition
probabilities are identified from cross-sectional and consecutive-age distributions of the
health indicators, including observed mortality. The estimation procedure exploits this
structure while imposing restrictions that ensure consistency between the age-specific

distributions and transition matrices.

Because death is absorbing, the distribution of latent health among survivors evolves
according to

> ()1 —pe ()T Gy )
S AG)T —pe()

Tip1(c) = (B.1)

When mortality differs across health states, the distribution of health among individuals
surviving to the next period differs from the distribution at the beginning of the current
period. We therefore define the survival-adjusted distribution

()1 —pe(j)]

NS .
™ (j) = : (B.2)
Zk 17 (K) [T —pe(K)]
The consistency restriction (B.1) can then be written as
Ty (c Z ¢ (j ﬂt Jrc (B.3)

Thus, transitions conditional on survival map the survival-adjusted health distribution
at t, rather than the initial distribution 7, into the distribution at t + 1. This distinction
is central to Step 3.

Data and sample construction. Throughout this subsection, t =1,...,T indexes the
model’s two-year age groups. Individuals contribute an observation to an age group for
each survey wave in which they are interviewed at that age. The resulting cross-sections
pool observations across waves and birth cohorts, including refreshment samples.

We retain observations with valid mobility and ADL/IADL measures and exclude
proxy interviews. Self-reported general health is unavailable in wave 3 and is treated
as missing by design. We assume that item and unit nonresponse are independent of

latent health conditional on age. For the longitudinal estimator, we further assume that

38



selection into the consecutive-wave sample is independent of the latent-health path,

conditional on age and survival to the second observation.

Transition pairs consist of observations from consecutive survey waves in which
the individual’s age group advances by exactly one model period. We exclude the
small number of pairs for which interview timing produces a change of zero or two age

groups.

Steps 1 and 3 use waves 1-9. We exclude waves 10 and 11 because the COVID-
19 pandemic disrupted the regular spacing of interviews and introduced changes in

interview modes that could affect the stability of the measurement system.

Mortality estimation uses a more restricted observation window. We construct the
death indicator D from harmonized vital-status records rather than from interview
response. It equals one if a death is recorded between the interview at t and the
following wave, and zero if the individual is known to be alive at the following wave,
regardless of whether he is interviewed. Observations with unknown subsequent vital
status, or deaths that cannot be assigned to a single two-year interval, are treated as

censored and excluded.

We use mortality observations from origin waves 1-5, for which vital-status records
are complete. Steps 1 and 3 use the broader panel, while Step 3 incorporates the
mortality estimates through the survival-adjusted distribution. We therefore assume
that age-specific mortality probabilities are stable across the survey periods used in
these steps. The early-wave sample covers every model age group, so this assumption

does not require extrapolating mortality across ages.

Let A; denote the set of eligible observations on individuals alive at age t, and let
AP C At denote the subset for which subsequent vital status is observed. For each
observation, let O;; C{1,2,3} denote the set of observed health indicators.

Step 1: Measurement system and latent-health distributions. We jointly estimate
the emission matrices {Pm}fnz] and the age-specific latent-health distributions {ﬁt}tT:1 by

maximum likelihood, imposing common emission distributions across ages:

T

K
{Prng}a{g}ZZIOg Zhﬁt(h) H P™ (YT h)
T h=1

t=1 iEAt me Oit

The product includes only the indicators observed for each individual. In particular,
wave-3 observations contribute through mobility and ADL/IADL limitations, while
the missing self-reported-health indicator is integrated out. In implementation, an
unobserved indicator contributes a factor of one to the likelihood.
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We maximize the likelihood using the EM algorithm. In the E-step, we compute
posterior probabilities of latent health using the observed indicators, the age-specific
distribution, and the common emission matrices. In the M-step, we update each age-
specific distribution by averaging the corresponding posterior probabilities and update
the emission matrices using posterior-weighted counts pooled across ages. Pooling
observations across ages improves the estimation of the common emission matrices

and provides a consistent labeling of latent states across ages.

Because latent states are identified only up to permutation, we order them by the

probability of reporting zero ADL/IADL limitations:
P3(1,1)>P3(1,2) > --- > P3(1,Kyp).

Under this normalization, state 1 is the healthiest state. In our two-state model, states 1
and 2 denote good and bad health, respectively.

Step 2: State-dependent mortality. Although the mortality probabilities are identified
nonparametrically under the conditions of Appendix A, the number of observed deaths
at individual ages is limited. We therefore impose a logistic age profile with health-

specific intercepts:

exp(by +dit+ dyt?)
h) =P(H{;1 =K 1/Hi=h)= .
pt(h) (Hee nt+1/Hi=h) T +exp(bn + dit + dat?)
We estimate {bh}&], d;, and d, using observations in AP, treating latent health as

unobserved and holding the measurement-system estimates from Step 1 fixed.

We estimate the mortality parameters using an EM algorithm. Given the current
parameter estimates, the E-step computes the posterior probability of each latent-health
state conditional on the observed health indicators and subsequent vital status:

pit(h) =P(Hie =h | Y22, Dy g41)
(W POy [Hie =) [ [ e, PTViHH)
Zfﬁ] 7t (s) IP(Di,tH | Hit =) Hme@it Pm(YiT’S)

The M-step updates the mortality parameters by maximizing the posterior-weighted
Bernoulli likelihood:

T Kn
> > > eulh)|Dilogpi(h) + (1-Diip)log (1-pe(h) |.

t=1 ieAP h=1
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We iterate between these steps until convergence. The objective pools marginal likeli-
hood contributions across person-period observations, using the estimated posterior

probabilities to account for latent health.

Step 3: Transitions between living health states. Foreacht=1,...,T—1, we use
observations from individuals interviewed alive in consecutive age groups to estimate
the transition matrix conditional on survival, ﬁt. Under the maintained sampling as-
sumptions, the origin-state distribution among observed pairs equals 7}, the population
health distribution conditional on survival to the next period. We use this distribution
in the pairwise likelihood and estimate TT; through a constrained EM algorithm.

In the E-step, given a candidate transition matrix ﬁil), we compute the posterior

probability of each pair of latent states:

L (k) 78 () T (ky§) €1 ()
SR TR (k) R (T (K, €4 (G7)

Vikj =

where

=[] pPmovink

me0ir

The prior 7} accounts for differential mortality across health states. Although iden-
tification of transitions requires only one indicator at each date, we use all available

indicators to improve precision.

In the M-step, we update the transition matrix by solving

Kh Kn

iy _argmax > > D ViglogT(k,j)

1k1)1

s.t. Zﬂ(k,j) =1 forall k,

h
> T(,e) 7 (j) =7 (c) foralle.

The second restriction imposes the consistency restriction (B.3) between the estimated

transition matrix and the age-specific latent-health distributions.

The survival adjustment is required in the E-step regardless of whether the aggrega-
tion restriction is imposed. Under correct specification and the maintained sampling
assumptions, the unconstrained estimator also identifies the transition probabilities.
The constraint ensures that the estimated transitions and mortality process reproduce
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the cross-sectional latent-health distributions. A full-information maximum-likelihood
approach could impose this restriction by parameterizing later latent-health distri-
butions as functions of all preceding transitions. Such an approach would make
each transition matrix enter the likelihood of subsequent cohorts. The constrained
Baum-Welch procedure instead imposes the restrictions separately for each age pair,

substantially reducing the computational burden.

We estimate each step from 1,000 random starting values. Across convergent runs,
the maximized objective values agree to within 10~?, including in the age-specific tran-
sition problems of Step 3. This provides strong numerical evidence that the estimates

are insensitive to initialization.
Figure B.1: Emission probabilities for mobility conditions and ADL/IADL limitations.

A. Number of mobility conditions B. Number of ADL and IADL limitations

1.0
I Good health

I Bad health
0.8

0.6

<
'S

0.2

Probability given latent health

0.0
0 1 2 3 4 5 6 7 8+ 0 1 2 3 4+

Notes. Each bar reports the estimated probability of observing a given number of conditions or

limitations conditional on latent health.

Estimated emission distributions. Figure B.1 reports the estimated emission proba-
bilities for mobility conditions and ADL/IADL limitations. The two states have sharply
different distributions of physical limitations. Among individuals in good latent health,
69 percent report no mobility conditions and 96 percent report no ADL/IADL limi-
tations. Only 4 percent report more than two mobility conditions, and almost none
report more than one ADL/IADL limitation. Among individuals in bad latent health,
the corresponding probabilities of reporting no conditions or limitations fall to 1 and 20
percent. Eight or more mobility conditions is the most likely category, while 25 percent
report at least four ADL/IADL limitations. These differences help distinguish latent
health states despite the misclassification in self-reported general health documented
in Table 1.
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B.3 Spousal Income

We estimate mean spousal income conditional on latent health, E[ys; | H¢ = c|, for
c=1,...,Ky. Because health is unobserved, identification requires that the indicators
contain no additional information about spousal income conditional on latent health.

Formally, we impose the following restriction.

Assumption 1 (Exclusion Restriction). Elys¢ | Y{, Y2, Y3, H, = c] = Efys¢ | Hy =c].

The restriction requires that reporting errors do not predict spousal income once
latent health is held fixed. One concern is justification bias, whereby economic circum-
stances affect how individuals report their health. Mobility and ADL/IADL limitations
measure physical functioning rather than work capacity directly and may therefore be
less susceptible to such bias than self-reported general health. Nevertheless, they may
contain information about economic outcomes beyond that captured by binary latent
health. As a robustness exercise, we replace self-reported general health with reported
pain and re-estimate the model. This tests sensitivity to the subjective indicator but
does not establish the validity of the broader restriction. The same assumption, with
wages or labor supply in place of spousal income, underlies the corresponding auxiliary

estimates and structural estimation targets.

Let q¢(c | y) denote the posterior probability of health state c, given the vector of
observed indicators y = (y',y?,y%):
A (e) [Tt P Y™ 0)

(cly) = .
Y G R (B Pr(y™ s)

Under Assumption 1,

Kh
Elys | Y=yl =) Elysi|Hy=clqi(c|y). (B4)

c=1
The observed conditional mean is therefore a weighted average of the means by latent
health, with weights given by the posterior probabilities. Identification follows even

from a single indicator. In matrix notation,
Elys. | Y]] = diag (P(¥])) "' P' diag(7) Elys. | Hd,

where the vectors on either side collect the corresponding conditional means. Because
P! has full column rank and the latent-state and retained indicator probabilities are
positive, the matrix multiplying the latent-health means has full column rank. The

health-specific means are therefore identified.
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We estimate these means by minimum distance, imposing the restrictions implied
by (B.4). Equivalently, within each age group, we regress spousal income on the vector
of posterior probabilities without a constant:

Kh
Yst = ZIE[yst |Hi =clqelc|Yi) +eq.

c=1

Since the posterior probabilities sum to one, including a constant would create perfect
collinearity. Equation (B.4) implies E[e¢ | Y] = 0 and therefore E[e¢ | q¢(- | Y¢)] =0. Con-
sequently, the population least-squares coefficients recover the latent-health conditional
means provided that [E[q¢(- | Y) q¢(- | Y¢)'] is nonsingular. To see this, suppose that
v/qi(- | Y¢) = 0 almost surely for some vector v. Taking expectations conditional on Y]
gives v/ IP(Hy = - | Y]) = 0. Because the matrix of these posterior probabilities has full
column rank, v = 0. Thus, the least-squares coefficients identify mean spousal income
by latent health.

B.3.1 Construction of Spousal Income and Estimation Sample

We construct spousal income using the ELSA IFS and financial derived-variable files
for waves 1-9. The measure refers to income received by the respondent’s co-resident
partner. We consider four definitions. The first, ys", includes net employment income;
ys(?) adds Carer’s Allowance; ys'®) adds net self-employment income instead; and ys¥
includes all three components. Net employment income comprises take-home pay and
income from occasional jobs, while net self-employment income includes profits and
drawings. We retain reported self-employment losses, which account for approximately
0.2 percent of person-wave observations. The structural model uses ys®.

We exclude means-tested benefits, which are generated endogenously by the model’s
consumption floor; public and private pensions, which enter through the pension func-
tions; annuity income, which is treated as asset income; and disability benefits, which
are not explicitly modeled. Spousal income therefore captures partner-related resources

not generated elsewhere in the structural model.

We include Carer’s Allowance because it compensates caregiving rather than low
consumption and cannot be reproduced by the model’s consumption floor. Eligibil-
ity depends on care provision and earnings, with cash benefits paid only below the
recipient’s State Pension age. Comparing definitions with and without the allowance
separates this transfer from the partner’s labor income. Its annual value is approxi-
mately £2,900—-£3,150 in 2013 prices over the sample period.

Income components are reported at weekly frequencies in the source data. We
annualize them and deflate nominal values to 2013 prices using the ONS all-items
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Consumer Price Index. Spousal income is measured net of taxes, while the respondent’s
own earnings are gross. Accordingly, the model taxes the respondent’s income, while
spousal income enters the budget constraint directly. Men without a co-resident partner
receive zero spousal income, so the estimated function incorporates both partner

earnings and partner absence.

The estimation sample consists of male core members satisfying the marital and self-
employment restrictions of the main text, observed in waves with the required income
and health information. We exclude proxy interviews because the health measurement
system is estimated from respondents’ own reports and may differ when information
is provided by a proxy. Such interviews account for 3,734 of the 90,074 person-wave
observations in waves 1-9 (4.1 percent). Most are excluded automatically because proxy
respondents do not answer the relevant health questions.

The resulting sample contains 21,981 person-wave observations. Of these, 120
fall outside the model’s age range and 23 lack one of the required health measures.
Spousal income is missing for approximately 1.6 percent of partnered observations,
primarily when the partner is not interviewed; these observations are excluded under
the maintained missing-at-random assumption. Including Carer’s Allowance removes
a further 0.5 percent because of missing benefit information. The baseline sample

contains 21,510 person-wave observations.

B.3.2 Results

Figure B.2 compares the estimated spousal-income profiles across the specifications
that account for and ignore measurement error. The profiles are similar for individuals
in good health. For those in bad health, accounting for measurement error reduces
estimated spousal income at working ages, by as much as £2,400 annually at ages
56-57. The resulting health gradient is steeper, consistent with self-reported health
misclassifying some healthier individuals, whose partners earn more, as unhealthy.

Figure B.3 compares the four definitions of spousal income. At ages 50-54, partners
of men in bad health receive roughly half the income of partners of men in good health.
Carer’s Allowance contributes primarily to households with an unhealthy respondent,
while self-employment income is more important among households in good health.
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Figure B.2: Estimated spousal-income profiles by age and health.
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Figure B.3: Spousal income by age, health, and income definition.
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Notes. Annual spousal income in pounds sterling. CA denotes Carer’s Allowance, and SE denotes net
self-employment income.

B.4 Wages

In the model, log wages depend on a quadratic age profile, a health premium, and
persistent idiosyncratic productivity:

log (Wedel) = ag + art + azt? + andiHealth,,—Good) + Uit- (B.5)
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The idiosyncratic component follows an AR(1) process,
Wit = PUit1 + &ty p € (0,1),
with innovations
Ea~N0,0f),  E~N(0,0%), t>1,

where the initial innovation variance may differ from the variance in subsequent
periods.

In the data, hourly wages are observed with measurement error and health is
observed through noisy indicators. For a given health regressor x;;, we write observed

log wages among employed individuals as
log (W%ata) = do + A1t + Grt® + A e + ity (B.6)
where

Cit = Uit + Mg + AHeit, eit = LHealth;,=Good} — Xit-

The term m;, is serially uncorrelated measurement error in wages, with variance oZ,.

The term e;; captures misclassification of the underlying health state.

We estimate two specifications that differ in how health enters the wage equation.
When measurement error is ignored, x; is the indicator for good self-reported health.
When measurement error is accounted for, it is the posterior probability of good latent
health, following French (2005). Both specifications use the same sample, pairwise
regression design, weights, and wage-shock moment conditions. The latent-health

specification additionally corrects the residual moments for health measurement error.

The estimation has three steps. We first estimate the health process and measurement
system as described in Appendix B.2. We then estimate the wage-profile coefficients
from within-individual wage changes (Appendix B.4.1) and the wage-shock parameters,
9 = (p,0%,0%,07,), by minimum distance using second moments of wage residuals
(Appendices B.4.2-B.4.5). The wage level @, is obtained from the mean residual among

employed individuals and used as an auxiliary statistic in structural estimation.

Observed wages are selected because employment depends on health and produc-
tivity. We account for this selection in the indirect-inference comparison by applying
the same wage-profile regression to employed individuals in the data and simulated
model. The auxiliary coefficients therefore incorporate selection in both samples. The

wage-shock parameters, by contrast, are estimated outside the structural model and
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are not selection-corrected, as in French (2005) and O’Dea (2018). We discuss the impli-
cations for the measurement-error correction below. Standard errors are obtained from
a person-level bootstrap that re-estimates the auxiliary parameters in each replication.

B.4.1 Estimation of the Wage Profile

Consider two periods s < t in which individual i is observed working. Differencing

(B.6) gives

2 — %)+ an (xie — Xis) + (Wie — Wis) + (Mg — mys) + dn (e — eis)-
(B.7)

AstlogWw; = d;p(t—s) +adx(t

Differencing eliminates the wage-level intercept and any time-invariant individual
component. We estimate (dy,dy, dy) by least squares using all pairs of periods in which
an individual works. Each pair is weighted by 1/T;, where T; is the number of working

observations for individual i. The regression contains no intercept.

For observation-specific regressors, the pairwise estimator is algebraically equiva-
lent to the within estimator. To see this, note that

DY (z—z)vi—vs) =T ) (ze—z) (v — W)’

s<t t
for any two variables z and v. Thus, the 1/T;-weighted all-pairs regression coincides
with the within estimator in the specification that uses self-reported health.

In the latent-health specification, the health regressor is instead pair-specific. For
each pair (s,t), let J; ;¢ contain the indicators observed at both dates and the correspond-

ing survival information, and define
Xfﬂtr = IP(HiT =G ‘ ji,st)) TE {S)t}-

We replace the change in the self-reported-health dummy with x§f —x;!. Since the
posterior probability at a given date can depend on the other date in the pair, this
estimator is not generally equivalent to a conventional within regression. It retains
the same all-pairs design while using the information available for each pair to correct

health misclassification.

Let

et = 1{Hi: = G} —xiL.
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Under the correctly specified measurement system,
Eleft | i 5] =0, T € {s,t}.
It follows that
B[ (it —xis) (et —eis)] =0.

The posterior therefore removes the mechanical attenuation from health misclassifica-
tion. Consistency of the wage-profile coefficients additionally requires that the observed
indicators do not predict changes in the wage shock, conditional on the information
used to construct the posterior. Using all available pairs exploits wage variation over

multiple horizons rather than restricting estimation to consecutive observations.

As a specification check, we estimate the health wage premium separately for pairs
grouped by their distance t—s. Under the maintained assumptions, the pairwise posteri-
ors are correctly calibrated at each horizon, so the estimated health premium should not
systematically vary with pair length. The estimates, reported in the replication package,
do not differ significantly across pair lengths, although the bootstrap confidence bands
widen quickly with the distance between observations.

B.4.2 Identification of Wage-Shock Parameters
Let the residual from the wage equation be
€it = Uit + Myt + aneit. (B.8)

We first establish identification from the moments of u; + mj, abstracting from health
measurement error. We then describe how the corresponding measurement-error

contribution is removed from the empirical moments.

Iterating the AR(1) process gives
t
Uit = Z ptiT(z-viﬂ
=1
so that

€2 — &1 =My —my + (p— 1) &1 + &g,
ez—ep=mp—mp+plp—1& +(p—1)&2 + &3,
ey — €12 = Mg — Mz + p(p? — Ny + (02 — 1) + p&i3 + s
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These expressions imply

Cov(ei —ei2,811) = p(p* — )08 1,
Cov(eiz — i, 611) = p(p—1)0% ;. (B.9)

Their ratio identifies the persistence parameter:

Cov(eis — €i2,€41)

14+p= .
P Cov(eiz — €2, €41)

Given p, either covariance identifies 02’1. The covariance
Cov(ep — i, 11) = (p— 1)o7 — 0%, (B.10)
then identifies o2,. Finally,
Var(eiy — &1) = 205, + (p— 1)%0% ; + 0f (B.11)

identifies o7.
Together, these restrictions identify the four wage-shock parameters from second

moments involving four periods, provided the relevant covariances are nonzero.

B.4.3 Overidentifying Restrictions

To improve precision, we supplement the identifying restrictions with additional
variances and covariances implied by the wage-shock process. Let V; = Var(u;) =

p2(t=1) cré] + Gi0f, where Gy = Y 171 p2™ 1), The additional moment restrictions are

Var(ey) = Vi + 02, t=1,...,14,

Cov(ei, eis) = p4 Vs, se€{1,2,3}, 1<t—s<9,
Cov(eit1,€it) = pViy t=4,...,13,
Cov(eiit1—¢€iryeir) = (Pp— 1)V — Gﬁl, t=1,...,13,
Cov(eiria— eiry €it) = (p? — 1) Ve — 02, t=1,...,12,

Covl(eiz —eig,ei3) = p>(p—1)o%, + [T+ p(p—1)]0F + 05,
Cov(eiz— i1y €i2) = p(p— 1)0% 1 + 0F + o5, (B.12)
Together with the identifying moments in (B.9)—(B.11), these restrictions yield 81

statistics. We retain a statistic only if at least 30 individuals contribute to its sample

counterpart and apply the same rule in each bootstrap replication.
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B.4.4 Correcting the Residual Moments for Health Misclassification

When health is measured with error, wage residuals contain the additional component
dpeit. Under the maintained orthogonality assumptions, their second moments equal
those of the wage shock and wage measurement error plus the contribution of health
misclassification. Because this contribution is determined by the estimated health
process and measurement system, we subtract it before estimating the wage-shock
parameters.

The correction uses posteriors constructed from the information relevant to each
moment. For variances, we condition on indicators observed at that date; for two-date
moments, on the indicators and survival information at both dates; and for three-date
moments, on the corresponding three-date information. The posterior, and hence the

residual, is therefore specific to the statistic being computed.

Let qi; denote the posterior probability of good health using information from a
single date. For a pair (a,b), let pfﬁ,) and pfﬁ,) denote the posterior probabilities of good
health at each date, and let ], denote the joint posterior probability of good health at
both dates. The required moments include

Var(ei) = Elqit(1 — qit)], Cov/(eiq,ei) =E[Jab —Pg%)]?gﬁ)]»
Var(eia)| o) = E[ph (1-Pi5 )] (B.13)

The last expression applies to a pair-specific residual. Moments involving differences or
multiple residuals are constructed from these expressions. For each statistic, we subtract
the relevant health measurement-error moment multiplied by G#, then estimate the
wage-shock parameters using the restrictions above. No correction is applied when
self-reported health is treated as the true state.

The correction is exact under the assumed orthogonality of wage shocks and health
measurement errors. Among workers, however, employment selection can induce
dependence between wage shocks and latent health, while the posterior health proba-
bilities are constructed using population rather than employment-conditional health
distributions. The cross term between wage shocks and classification errors therefore

need not vanish in the selected sample.

Indirect inference applies the same wage-profile regression to observed and sim-
ulated workers, incorporating employment selection into the matched auxiliary coef-
ticients. The wage-shock parameters, however, are estimated outside the structural
model and are not selection-corrected. At the estimated health wage premium, the
measurement-error correction is small, and the resulting wage-shock parameter esti-

mates are similar across specifications.
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B.4.5 Estimation of Wage Parameters by Minimum Distance

We estimate the wage-shock parameters by minimum distance:

9 =argminQ(9),
deO

where

Q@) =1 [R—h®)] [7—h(®)]. (B.14)

n

Here, n is the number of retained moments, 7t contains their empirical counterparts
after correcting for health measurement error where appropriate, and k(%) contains the
corresponding theoretical moments. The baseline uses identity weighting, following
Altonji and Segal (1996), who show that estimated optimal weighting matrices can
introduce substantial finite-sample bias in covariance-structure estimation. We also
compute inverse-variance-weighted estimates as a sensitivity check. The estimates
reported in Table B.1 use identity weighting.

Conditional on p, the theoretical moments are linear in (0% ;,0%,07,). We exploit this
structure by concentrating the objective: for each candidate p, we estimate the variance
parameters by least squares, then minimize the concentrated objective over p, refining
the solution through a one-dimensional search. We use the unconstrained estimator for
inference and compute the solution imposing nonnegative variances as a diagnostic.
This avoids imposing boundary constraints that can generate nonstandard bootstrap
behavior (Andrews, 2000). Standard errors and confidence intervals are computed from
250 person-level bootstrap replications. In each replication, we re-estimate the health
process, measurement system, wage-profile coefficients, and wage-shock parameters,

incorporating sampling uncertainty from all three steps. Table B.1 reports the estimates.

Table B.1: Minimum-distance estimates of wage-shock parameters.

Parameter | Ignoring ME Accounting for ME

o 0.9431 0.9446
(0.041) (0.041)

ot 0.2397 0.2374
(0.047) (0.047)

o2 0.0378 0.0371
(0.018) (0.018)

o2, 0.1103 0.1109
(0.021) (0.021)

Notes. Estimates use identity weighting. Standard errors from 250 person-level bootstrap replications
are reported in parentheses.
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B.5 Pension Parameters

Following O’Dea (2018), we approximate public and private pension benefits as

quadratic functions of average lifetime earnings. We estimate
pbbigs = ssjaeies + sszaeiz’@l + e, aejes < Qess, (B.15)
and
privben; g5 = ppo + PP1aei s + ppaaesqy + efP. (B.16)

Here, pbb; g5 and privben; g5 denote household public and private pension benefits
at age 65, and ae; g4 denotes average lifetime earnings at age 64. The public pension
function is quadratic up to the earnings threshold aes; = 77,163 and constant above it.
Private pension benefits follow the estimated quadratic specification. Table B.2 reports

the parameter estimates.

Table B.2: Estimated pension parameters

Parameter \ Estimate Standard error

3 0.6518 0.0006
$S7 —3.56x10° 1.31x10°8
PPO 5,980.80  591.35
PP 0.3426 0.0266
P2 523x1077  245x 1077

Average lifetime earnings are revalued according to the growth of national average
earnings, consistent with the UK pension system and the accumulation rule in the main
text. At age 50, fifteen two-year periods have elapsed since labor-market entry at age 20,
so we set ng = 15. Appendix C.1 describes the imputation of initial average earnings.

B.6 Assigned Parameters

We fix three parameters outside structural estimation. We set the coefficient of relative
risk aversion to y = 3, the time endowment to 8,760 hours per two-year period, and the
annual real interest rate to 4 percent, which implies a return of (1.04)? — 1 ~ 8.2 percent

per two-year model period. Table B.3 lists these parameters.
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Table B.3: Assigned parameters

Parameter \ Value Justification

v: coefficient of relative risk aversion 3 Standard in the literature
L: hours per two-year period 8,760 Twelve hours per day

r: annual real interest rate 0.04 Standard in the literature

We also fix the income tax schedule. Following O’Dea (2018), we approximate the

UK tax system using

0, i<,
Tax(ti,t) = € 0.2(ti —tt), T < ti< 1,

0.2(th —th) +0.4(ti—15), ti>1h.

Taxable income ti includes labor earnings, asset income, public pension payments, and
private pension payments. The latter two enter only after retirement. Table B.4 reports
the age-specific tax thresholds. We multiply the annual thresholds in O’Dea (2018) by
two to match the model’s biennial frequency and assign them to the corresponding

two-year age groups.

Table B.4: Income tax thresholds for the two-year model period

Age
Parameter | <64 64-73 >74
T4 16,210 21,000 21,200
T 84,940 89,740 89,940

C Initial Distribution of States

The model requires a joint distribution of initial states comprising wealth a, average
earnings ae, health H, the persistent wage shock 1, and labor-force participation. Wealth
and participation are observed in ELSA, but average earnings are not. Health is ob-
served through noisy indicators, while the wage shock can be inferred from observed
wages only for individuals who work. Following French and Jones (2011), we initialize
each individual at his first interview, using observed states where available and imput-
ing the remaining components. The empirical joint distribution of these state vectors
provides the initial conditions for the model, from which individuals are sampled
with replacement. This appendix describes their construction and the validation of the

imputation procedures.
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Sample and timing. We restrict attention to male core members born between 1935
and 1950. This is the cohort simulated by O’Dea (2018), whose data we use to estimate
pension benefits and impute average earnings. All men in this cohort faced a State
Pension age of 65 under the pre-2016 rules, so the pension functions estimated in
Appendix B.5 apply throughout the sample.!!

We use individuals who are married at their first interview, are not subsequently
observed to divorce or remarry, and are self-employed in no more than half of their
employed waves, drawing on waves 1-9 of ELSA. Each individual enters the model
at the two-year age group t, of his first interview, which ranges from ages 52-53 to
74-75. Of these individuals, 83 percent enter at wave 1 and the remainder at the wave-4

refreshment.

Throughout, t indexes the model’s two-year age groups. Let x; denote the covariates
used in the imputations: a quadratic in entry age to, the posterior probability of good
health defined in Appendix C.2, signed log wealth sgn(a)log(1+|al), an indicator for
leaving full-time education after age 15, and an indicator for access to a defined-benefit
pension. The variables refer to characteristics at entry, although their construction may

use information observed in subsequent waves, as described below.

C.1 Average Earnings

Because ELSA interviews individuals only from age 50 onward, their complete earnings
histories are unavailable. Although the ELSA Life History Interview provides retro-
spective employment and earnings information, imputations based on these histories
yield a weak relationship between average earnings and pension benefits, unlike the
patterns documented using UK administrative records. We therefore supplement ELSA
with simulated earnings histories from O’Dea (2018), whose model reproduces earnings
profiles observed in UK administrative data.'?

Our imputation uses ELSA information to rank individuals within the distribution of
average earnings in the simulated data. The resulting assignment preserves dependence
between average earnings and other initial states to the extent that the ranking variable
is informative. We use the same simulated data to estimate the pension functions in
Appendix B.5, ensuring that the earnings measure is defined consistently across the

model and its initial conditions.

Men born on or after 6 April 1951 are covered by the new State Pension introduced in April 2016,
while men born after 5 December 1953 face a State Pension age above 65. These changes do not affect our
cohort. Waves 10 and 11 are excluded for the reasons described in Appendix B.2.

12The ELSA Life History Interview, conducted alongside wave 3, collects retrospective information on
employment and earnings. Reconstructing earnings histories requires assumptions about wage growth
within employment spells, historical currency conversions, and the tax treatment of reported earnings.
These limitations make the implied average-earnings measures noisy.
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C.1.1 The Earnings Measure

Under the UK State Earnings-Related Pension Scheme and State Second Pension, past
earnings are revalued with the growth of national average earnings before being
averaged. In constant prices, this revaluation is governed by the real growth rate g. The
model’s law of motion for average earnings is

WiNi+ (15+t—1)(1+g)* ae;
15+t ’

aegr ] = t=1,...,7. (C.1)
Average earnings remain constant from age 64 onward. The factor (1 + g)? accounts
for the model’s biennial frequency. The simulated data of O’Dea (2018) use the annual
counterpart of this law of motion,

(n—1)(1+g)aer+er

a€ri1 = n ’

where n is the number of years since labor-market entry and e, denotes annual earn-
ings. Reconstructing individual earnings histories from age 20 yields g = 0.0184 and
reproduces the simulated average earnings to within £0.01 at every age. The imputed
initial state therefore corresponds to the same revalued earnings measure used in the

model and in the pension functions of Appendix B.5.

C.1.2 Imputation by Rank

We impute average earnings using a rank-based procedure. Within household types,
we rank ELSA individuals by private pension income and assign average earnings
from similarly ranked households in O’Dea’s simulated data. The key assumption is
that private pension income provides a comparable ranking of average earnings across
the two datasets. The procedure has four steps.

Household type. O’Dea classifies households into four types based on education (leav-
ing full-time education at age 15 or earlier versus later) and access to a defined-benefit
pension. We construct the same classification. Education is measured by the age at
which the respondent completed full-time schooling. Defined-benefit access is iden-
tified from pension histories, pension-wealth files, and current scheme contributions.
We classity an individual as having access if he has ever reported an employer defined-
benefit pension, holds defined-benefit pension wealth in waves 2-5, or contributes
to such a scheme in any wave. Pension records reflecting only refunds of contribu-
tions are excluded. Among individuals born between 1941 and 1950, 48 percent have
defined-benefit access, compared with 50 percent in O’Dea’s data.
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Ranking variable. We rank individuals by their own private pension income, annual-
ized and expressed in 2013 prices. We use the first observation at or after State Pension
age, provided it is no more than six years later. Individuals without private pension
income form a tied group at the bottom of the distribution. For the two defined-benefit
types, however, we treat zero private pension income as missing because it may reflect
deferral, commutation, or a pension held in the spouse’s name. We break ties using the
individual’s own State Pension income and, if necessary, randomly. Private pension
income is more informative about individuals” economic circumstances than State Pen-
sion income within household type. In ELSA, its rank correlations with initial wealth
and wages are 0.26 and 0.32, compared with —0.04 and 0.04 for the individual’s own
State Pension, and —0.02 and 0.04 for the couple’s State Pension. State Pension benefits
are relatively compressed for this cohort, with variation partly reflecting contribution

histories, contracting out, deferral, and reporting rather than lifetime earnings.

Ranks. Within cells defined by household type and the wave group in which pension
income is observed (waves 1-4, 5-7, or 8-11; unlike the health histories, pension

readings are taken from all eleven waves), we assign percentile rank

Ti—]
NC_1)

qi =

where 71; is the individual’s rank and N. is the number of observations in the cell.
Ranking within wave groups accounts for changes in the level of pensions in payment
over the sample period.

Donors. For each household type j, the 1,000 simulated households of O’Dea are
ranked by the head’s private pension income at age 65. An ELSA individual with
percentile rank q; is matched to a nearby simulated household using donor position

7, = min { max{1 4 round (999 q;) + vy, 1}, 1000}, v; ~ Uniform{-25,...,25}. (C.2)

Thus, each individual draws from a window of 51 positions centered on his rank, with
donor positions capped at the boundaries. This introduces variation in average earnings
among individuals with similar pensions rather than assigning them all the same donor,
while preserving the information contained in their ranking. Each individual receives
the donor’s average earnings at his own entry age. For individuals first observed after
age 65, we use the donor’s average earnings at 65, when the measure is frozen. The
imputed value ae;, uses the revalued earnings definition in (C.1) and is converted to

biennial units by multiplying by two.
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C.1.3 Validation

The imputation requires private pension income to be informative about average
earnings within household type. In O’Dea’s simulated data, the rank correlations
between private pension income and average earnings at age 64 are 0.86, 0.78, 0.35,
and 0.97 across the four types, with similar values at ages 50-65. The ranking is
informative for three types but much weaker for the high-education type without
defined-benefit access, whose private pension income is more exposed to returns on
defined-contribution wealth. In ELSA, the corresponding within-type correlations of
imputed average earnings with initial wealth and wages are (0.12, 0.07), (0.23, 0.36),
(—0.01, —0.04), and (0.36, 0.45).

As an additional check, we construct an alternative imputation that ranks working
individuals by earnings at entry and matches them to simulated households ranked by
earnings at the same age. The two imputations have within-type rank correlations rang-
ing from 0.12 to 0.27. The evidence indicates that the imputation is most informative for
the two types with defined-benefit access, less informative for the low-education type
without it, and provides little individual-specific information for the high-education
type without defined-benefit access. The simulated data determine the distribution and
level of imputed average earnings within each type, while ELSA supplies individuals’

relative positions to the extent supported by the observed pension information.

Individuals with no pension reading—those not observed at State Pension age
within the available waves, or individuals in defined-benefit types with a zero reading—
receive average earnings using the predictive mean matching procedure in Appendix

C.5. The procedure is estimated on individuals with a rank-based imputation.

C.2 Health

We initialize health by drawing from its posterior distribution at entry, conditional on
the individual’s observed health history. The posterior combines all available health
indicators from waves 1-9 and, when observed, vital status following the last interview.
It uses the emission matrices, health transitions, mortality probabilities, and age-specific

latent-health distributions estimated in Appendix B.2.

Letty =b; <b; <--- < by denote the age groups in which individual iis interviewed.
Because the individual is alive at each interview, Hy, # Ky, +1 for k = 1,...,n. Let
i = (Yy,,Y5,, Y3, ) denote the health indicators at the k-th interview, and let Dy,
indicate death in the period following the last interview. The death indicator is available
for origin waves 1-5 and otherwise treated as censored. Define the emission likelihood
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at interview k and the transition probabilities between living health states by

am= ] P™(vV,h),

m: Y[ observed
k

Me(hyh') = [1—pe(W)] Th(h) =P(Hyg =h'[Hi=h),  h' <K

For interviews separated by A = by — by age groups, the transition matrix over the

interval is

ﬂbk—>bk+1 = ﬂbk”bk-H T ”bk+1 —1-

Its (h,h’) entry gives the probability of surviving to the next interview in health state h/,
conditional on health state h at the previous interview. When interviews are separated
by more than one age group, the matrix product integrates over the intervening latent-
health states.

By the Markov property and conditional independence of the indicators, the joint
probability of the observed history and a latent-health path (hy,...,h,) is

n n—1
Ty, (M) Hek(hk) H”bk—mkﬂ (hyy hi1) Bn(hn),
k=1 k=1
where
an(h)a Dbn—l—] = ])

Bn(h) =4 1—py, (h), Dy, 41 =0,
1, Dy, 41 is censored.

The prior m,, is the estimated distribution of latent health among survivors at entry.

We integrate over subsequent latent-health states using the backward recursion

Kn

Be(h) =Y Tomb, (W) b (W) B (), k=n—T1,..,1.
h/=1

Here, By (h) is the likelihood of all information observed after interview k, conditional
on latent health h at that interview. Combining this likelihood with the entry-age prior

and the initial emission likelihood gives

T, (h) €1 (h) By (h)

P(Hy, =h|Yy,...,Yn, Dy, 1) = o .
(He <+ Y Do) S Rr T (W) € (RY) By (hY)

(C.3)

We draw initial health H; ;, from (C.3) and use the posterior probability of good health
as a covariate in subsequent imputations. Because health evolves exogenously in the
model, subsequent health observations can inform its initial state without requiring

a model of economic decisions. The resulting posterior is highly concentrated: the
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median of the largest posterior state probability is 1.000, and this probability exceeds
0.90 for 93 percent of individuals.

The posterior does not condition on wealth or average earnings, which may contain
additional information about health before entry. Its high concentration suggests
that incorporating this information would change the modal health classification for
relatively few individuals, although it does not establish that the joint distribution of
health and economic states is unaffected. The posterior uses the same measurement
system and health dynamics as the wage estimation in Appendix B.4, but conditions
on the full observed health history rather than the information relevant to a particular

wage moment.

C.3 Wages

We initialize the persistent wage shock u;, using observed wages when available and
imputations based on individual characteristics otherwise. For workers with a usable

wage at entry, the residual from the wage equation is
zi =log Wiy, — (o + dito+ Axty + an{Hig, = G}) = Ui, + Mig,-

The health indicator is evaluated at the drawn initial state. The residual contains the
persistent wage shock and wage measurement error. For nonworkers and individuals
without a usable wage, this residual is unobserved. We use a common prior for the
wage shock conditional on observable characteristics and update it using the wage

residual when available.13

Prior. Using workers with observed wages, we estimate
Zi = X{A + Ci)

with x; augmented by imputed average earnings ae;,. Under classical wage mea-
surement error, the fitted value estimates the conditional mean of the persistent wage
shock among workers. The residual variance combines persistent wage variation and
measurement error. We therefore define

=max {62 — 62,0},

EWEY 2
Pi = XA, Ouix

13Appendix B.4 uses posterior probabilities of good health to estimate wage profiles and correct
wage-residual moments for health misclassification. Here, health has already been drawn as an initial
state, so the corresponding health indicator enters the wage equation directly.
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and specify the conditional prior
Uity | X~ N(piy 05 )- (C4)

The measurement-error variance 63, is estimated in Appendix B.4. The prior thus
combines a conditional mean estimated among workers with residual dispersion net of

wage measurement error.

Workers. Given the prior and the observed residual z; =, + m;,, with indepen-

dent Gaussian measurement error, the posterior is

Wit |26~ N (Pt w (zi—pi), (1= w)ody,)), (C5)
where 5
W= O—u\x
=5
0-ulx + O-%l

We draw the initial wage shock from this posterior. The observed wage residual is
shrunk toward its predicted mean, with the weight determined by the relative variances
of the persistent shock and measurement error. Importantly, drawing from the posterior
rather than assigning its mean preserves the dispersion of the initial state. Under the

Gaussian measurement model, the posterior mean has conditional-on-x; variance w 0'121|X
2

across wage observations, whereas posterior draws have variance o, .
Nonworkers. For nonworkers, we follow French and Jones (2011) and impute a wage
residual using workers with similar characteristics. We sort individuals into deciles of

predicted shocks p;, randomly select a working donor j from the same decile, and set
Zi=pit (fj .

We then treat this imputed residual as a signal and draw the initial wage shock from
(C.5). The donor residual contains both persistent wage variation and measurement
error. Under the maintained variance assumptions, combining shrinkage with posterior
uncertainty preserves the prior variance:
2( ;2 2
w (Gulx + 0%11) + (1 - (,U) O-%L|X = Oux:

Thus, the imputation retains the estimated dispersion of wage shocks while using
the empirical residual distribution to generate variation among nonworkers. Unlike
French and Jones (2011), we cannot use wages from the individual’s last job because
this information is unavailable. A limitation is that the prediction equation is estimated

on workers, whose wage shocks may differ systematically from those of nonworkers
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with the same characteristics. We do not correct for this selection, which cannot be
identified from observed wages alone.

Comparison with the wage process. Following French and Jones (2011), we estimate
the dispersion of initial wage shocks from observed wages rather than imposing the
distribution implied by the estimated wage process. The latter implies

20t=1) » 1—p?t D
Var(u) = p*t Vo2 | 102 -0

1—p?
The data-based initialization implies somewhat less dispersion. For individuals enter-
ing at ages 52-65, the standard deviation of initialized shocks ranges from 0.45 to 0.50,
compared with 0.50-0.54 implied by the estimated wage process. For those entering
at age 66 or older, the corresponding ranges are 0.34-0.43 and 0.55-0.56. The larger
discrepancy at older ages reflects the scarcity of observed wages: only 35 of 429 indi-
viduals entering at age 66 or older report a wage. Most initial shocks at these ages are
therefore imputed from workers with similar characteristics. We retain the data-based
initialization rather than imposing the dispersion from the wage process, which is
estimated on men born between 1940 and 1970. Among workers in our initialization
cohort, the wage residual net of measurement error has a standard deviation of 0.46 at

the first interview.

C.4 Assets and Participation

Total wealth, including housing and non-housing assets, is observed at entry. We set
negative wealth to zero, consistent with the model’s borrowing constraint, and win-
sorize values above the 99th percentile. Following French and Jones (2011), individuals
participate in the labor market if annual hours exceed 300. Individuals who report
being employed but whose weekly hours are missing or below five are assigned 20

hours per week and classified as working.

C.5 Predictive Mean Matching

For variables observed only for a subset of individuals, we use the predictive mean
matching procedure of French and Jones (2011), following David et al. (1986) and Little
(1988). The method combines predicted values with residuals drawn from individuals

with similar characteristics.

Let y be observed for individuals in O. We estimate
Yi = X{)\ +ey
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by least squares on O, obtaining fitted values {j; = x{A for every individual and residuals
& =y; —Uj for observed individuals. We sort all individuals into deciles of fitted values.
For each individual i ¢ O, we randomly select a donor j € O from the same decile and
impute

Y — i+ 8. (C.6)

Unlike conditional-mean imputation, this procedure preserves residual variation from
observed individuals with similar predicted values. We apply it to average earnings for
individuals without a pension reading, using x;, and to wage residuals for nonworkers,

augmenting x; with imputed average earnings at entry.

C.6 Sampling

The initial distribution is the empirical joint distribution of the state vectors

(to,ir Qiytyr A€oty Hijtgy Uisty H{Nig, > 0})

among individuals with complete initialized states. We sample complete state vectors
with replacement and simulate each individual from his entry-age group. Drawing
health and wage shocks from their posterior distributions preserves uncertainty about
latent states, while stochastic imputations of average earnings and wage residuals
retain variation that conditional-mean imputations would eliminate. Sampling the
complete vectors jointly preserves the dependence across initial states captured by the

data and the maintained imputation procedures.

The estimation targets use the same cohort across its observed survey waves. In sim-
ulated data, health-conditioned moments are constructed to match the corresponding
empirical estimator, as described in Section 3.3. Hours and participation are conditioned
on true latent health in the model, while their empirical counterparts are recovered
through regressions on posterior probabilities. Wealth percentiles are instead classified
by the modal posterior health state in both the data and simulated samples, with the
latter obtained from simulated health indicators.

D Numerical Solution

We solve the household problem by backward induction. At each age and state, we

maximize the Bellman equation over savings and hours worked, with consumption
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determined by the budget constraint:

Vi(H,a,ae,u) = max {U(C, L—dplnz0)— N — dulpip) + @

+[1=s(H)b(a") + Bs (W E[Visa (a'sae’, )] b (D.D)
subject to
c+a' =y (ra + WiN + 1 3 (pbby +privbent)) +ys(t,H) +tri +a, a’>0.

The expectation integrates over next-period health and wage shocks, conditional on
survival. Average earnings evolve according to their law of motion, while mortality

depends on age and health.

For the numerical solution, we use the normalized flow-utility and bequest functions

(kg + @)YV —1
T—vy

(CVLI—V)l—y -1
T—vy

) eB

)

which have well-defined limits as y — 1. These normalizations leave optimal decisions
unchanged because mortality is exogenous and the additive constants do not depend
on household choices. They matter, however, for welfare, since an additive constant
in flow utility changes the value of being alive relative to death. Welfare calculations
therefore use the corresponding unnormalized utility functions and the value-of-life

parameter @, as described in Section 5.1.

Discretization and continuation values. We discretize assets and average earnings
using power-spaced grids, with more points near zero to capture the effects of borrow-
ing constraints and nonlinearities in household decisions. The persistent wage shock
is discretized using an age-varying Rouwenhorst approximation that accommodates

changes in its variance over the life cycle. Health is discrete.

At each age and grid point, we compute expected continuation values by integrating
over health and wage-shock transitions. Before retirement, we use bilinear interpolation
over assets and average earnings to evaluate continuation values at the states implied
by household choices. After retirement, average earnings are fixed, so interpolation is

linear in assets.

Optimization over household choices. The Bellman objective need not be globally
concave. In particular, the fixed time cost of labor-force participation creates a disconti-
nuity at zero hours, while the tax schedule introduces kinks in disposable income. We

therefore combine a structured search over feasible choices with local optimization.
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At each state, we construct candidate choices directly in levels of consumption
and hours worked. The hours grid includes zero, the hours corresponding to taxable-
income thresholds, and fractions of the maximum feasible hours. The consumption
grid includes half the consumption floor, the floor plus fractions of resources available
above it, and consumption of all available resources. We evaluate the Bellman objective

at each feasible combination, using interpolated continuation values.

We then refine the best candidates using three complementary procedures. First, we
optimize consumption holding hours at zero, explicitly solving the nonparticipation
problem. Second, we apply the Nelder-Mead algorithm to consumption and hours,
starting from the best interior candidates. Third, we optimize hours subject to a binding

borrowing constraint, a’ = 0.

For each state, we retain the feasible choice delivering the highest value across
the initial candidate search and the three refinements. This procedure considers non-
participation, interior solutions, and borrowing-constrained choices separately, while
accounting for nonlinearities induced by taxes and the fixed participation cost. By
searching from multiple candidates and explicitly evaluating economically relevant

boundaries, it reduces reliance on concavity or convergence from a single starting point.

E Structural Estimation

This appendix provides additional details on the indirect-inference procedure used to
estimate the structural parameters. We describe the estimation targets and weighting
matrix, the numerical minimization of the objective, the sources of parameter identifica-
tion, and the construction of the empirical moments. We also report additional results
on the fit of the wage profiles.

E.1 Weighting Matrix and Objective

Let Py, for j =1,...,], denote the empirical targets, and let \;(0) denote their simulated
counterparts at structural parameter vector 8. We use ] = 204 targets: for each of the
20 two-year age groups from ages 52-53 to 90-91, the 25th, 50th, and 75th percentiles
of wealth, mean hours worked, and the labor-force participation rate, each by health
status. These yield ten targets per age group, supplemented by the four coefficients of

the wage profile.
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We weight each target by the inverse of its estimated sampling variance. The
weighting matrix is diagonal:

W, :diag< ! 1 )
" Var(n)” " Var(y,) )

The variances of the age- and health-specific targets are estimated by resampling
individuals, using 500 bootstrap draws per cell. The variances of the wage-profile
coefficients are obtained from the bootstrap procedure described in Appendix B.4. We
exclude targets with insufficient observations or zero estimated bootstrap variance,
leaving 182 of the 204 targets active.

The indirect-inference objective is

1 [b;(6) —lbjn}z

Qn(e) = —
Ja A Var ;)

(E.1)

where A denotes the set of active targets and ], = 182. This objective equals that of
(21) divided by Jo, which leaves the minimizer unchanged. The objective measures the
average squared discrepancy between simulated and empirical moments, expressed
in units of their estimated sampling standard errors. Its square root is therefore the

root-mean-square standardized deviation across targets.

We simulate 40 replicas of each individual in the initial-state distribution, holding
the realizations of all exogenous shocks fixed across parameter vectors. This common-
random-numbers approach eliminates variation in the objective arising solely from
redrawing shocks during optimization. Nevertheless, the finite simulated sample and
discrete household decisions generate local irregularities in the objective, which also
exhibits multiple local minima. These features motivate the optimization procedure
described next.

E.2 Minimization of the Indirect-Inference Objective

We minimize (E.1) using the TikTak global-search procedure of Arnoud et al. (2019),
followed by local refinement and comparisons across estimation runs. The procedure
combines a broad initial exploration of the parameter space with searches concentrated

around promising candidates.
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The parameter space is a bounded box:

B €[0.8, 1.2],
v e [0.4, 0.98],
dp € [10, 50001,
dn € [1, 3500],
O € [0, 100],
kg € [5000, 1500000],
Conin € (100, 80000.

The time costs ¢p and ¢y are measured in hours per two-year period, while Cp;y, is
expressed in pounds sterling per two-year period and kg in pounds sterling. Each
of the four wage-profile coefficients is restricted to lie within ten estimated standard
errors of its empirical counterpart, with the additional restriction ay > 0. No estimated

parameter lies at a boundary. The algorithm has four stages:

1. Global search. We evaluate the objective at 32,768 points generated by a Sobol
sequence over the parameter space, discarding infeasible points at which the
household problem cannot be solved, such as parameter combinations for which
the time costs exceed the available time endowment. The evaluations are paral-
lelized, and we retain the 364 points with the lowest objective values as starting
candidates.

2. Local search. We process the 364 candidates in ascending order of their objective
values. For candidate i, the starting point is a convex combination of the candidate
6 and the current best solution 6:

00 = (1 —wy) 0V +w; 6,

where

. [ 1
Wy _mm{o.‘?%, max{ 30 0.05}}.

As the search progresses, starting points place increasing weight on the incumbent,
concentrating subsequent searches around the most promising region. Each
candidate is refined using Nelder-Mead, with a budget of objective evaluations
that grows from 100 for the first candidate to 200 for the last. We update the
incumbent whenever a search improves the objective and retain the endpoint of
every local search.

67



3. Polishing. Because the local searches may stop before converging, we refine the 52
best distinct candidates obtained from the incumbent, the local-search endpoints,
and estimates from earlier runs. The latter include estimates from the alternative
treatment of health measurement error, the alternative set of health indicators,
and the decomposition exercises in Section 5.2. We restrict these candidates to the
admissible parameter space and evaluate them using the objective of the current
specification. From each candidate, we run both Nelder-Mead and BOBYQA
(Powell, 2009), allowing 1,500 objective evaluations for each search. The candidate

with the lowest objective after these refinements is retained as the estimate.

4. Cross-run verification. Once all specifications have been estimated, we evaluate
their final parameter vectors under the objective of each specification. If another
run provides a lower value, we repeat the polishing stage using the combined set
of candidates.

The cross-run refinement matters because closely related specifications can converge
to different local minima; in the final estimation it improved the estimate in one of
the eight runs. The complete procedure takes approximately four hours per run using
104 workers. Although this multistart procedure does not guarantee attainment of the
global minimum, it substantially reduces dependence on a single initialization and

exploits information from closely related specifications.

Treatment of employment selection. The four wage-profile coefficients are estimated
by matching the auxiliary regression applied to observed and simulated workers.
This approach follows the logic of French (2005), who proposes iteratively adjusting
structural wage coefficients until the profiles estimated among simulated workers
coincide with those estimated in the data.

That iterative procedure need not converge, a difficulty we also encountered in
implementation. Instead, we include the four wage-profile coefficients directly among
the indirect-inference targets. The same auxiliary estimator is applied to the observed
and simulated samples, so the comparison incorporates employment selection gener-
ated by the structural model. Unlike exact iterative matching, the indirect-inference
objective permits discrepancies in individual wage coefficients to be traded off against

the remaining targets according to their estimated sampling variances.

This distinction is important because observed wages are available only for workers,
whose health and wage shocks influence participation decisions. Consequently, the
wage-profile coefficients recovered from employed individuals need not coincide with
the structural coefficients governing potential wages. The indirect-inference procedure

accounts for this selection when estimating the structural wage-profile parameters.
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E.3 Parameter Identification

The structural parameters are identified jointly through their effects on the age- and
health-specific profiles of wealth, labor supply, and observed wages. Each parameter
affects several outcomes, so the mechanisms described below are the main sources of

identifying variation rather than one-to-one moment restrictions.

The biennial discount factor 3 primarily governs saving behavior and is disciplined
by asset accumulation at younger ages. The consumption weight v determines the
trade-off between consumption and leisure and is identified mainly by hours worked.
The fixed participation cost ¢p governs the extensive margin of labor supply and is
primarily disciplined by participation rates. The time cost of bad health ¢ affects labor
supply conditional on health, particularly the differences in hours worked between
individuals in good and bad health. The bequest parameters 05 and kg determine the
strength and curvature of the bequest motive and are primarily disciplined by wealth
holdings toward the end of life. The consumption floor C, affects saving incentives
among households with few resources and is identified mainly by the lower tail of the
wealth distribution. The four structural wage coefficients (ay, aj, az,an) are disciplined
by the wage profiles estimated among workers in the observed and simulated samples.
Because participation depends on health and productivity, the coefficients recovered
from observed wages generally differ from those governing potential wages. Applying
the same auxiliary estimator to observed and simulated workers allows the model to

account for this selection when matching wage profiles.

Identification is particularly intertwined for ¢ and ay. A higher time cost of bad
health reduces labor supply among unhealthy individuals and changes the composition
of workers whose wages are observed. Consequently, ¢y affects not only labor-supply
moments but also the health wage premium. In the estimated model, its effect on that
premium runs opposite to the effect of ay, generating a negative relationship between
the two estimates and weakening their separate determination by the wage moments.
Similarly, the linear and quadratic age coefficients of the wage profile can offset each
other over the observed age range, making them difficult to distinguish individually.

We examine the local sensitivity of the estimates to the targets following Andrews
et al. (2017), evaluated at estimates from an earlier round of optimization over a
narrower parameter space, which differ by less than 5 percent from the final estimates
in Table 2. The resulting approximate standard errors range from 0.6 to 2.9 percent of
the estimates for 8, v, Ciin, and ap, and are approximately 10 percent for ¢p and .
The bequest parameters are less precisely determined, with relative standard errors
of 33 percent for 65 and 13 percent for kg, and the linear and quadratic wage-age

coefficients are difficult to identify separately. These approximations ignore simulation
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uncertainty and the sampling uncertainty of the first-stage estimates; we use them to
characterize the local behavior of the estimator and to set the parameter ranges in the

tigures below, not as confidence intervals.

Local sensitivity of the objective. Figure E.1 plots the indirect-inference objective
along each of the eleven structural parameters in the specification accounting for health
measurement error. For each parameter, we evaluate the objective at nine points
spanning one approximate standard error on either side of its estimate, holding the
remaining parameters and simulated shocks fixed. The horizontal range therefore

depends on the parameter’s approximate standard error.

Figure E.1: Local sensitivity of the objective, accounting for measurement error.
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Notes. The objective is evaluated at nine points within one approximate standard error on either side of
each parameter estimate, holding the other parameters and simulated shocks fixed.



The objective has a local minimum at the estimate along each of the plotted di-

rections, but its sensitivity varies substantially: over the displayed range it rises by

approximately four units for v, two to three units for 65 and «g, one unit for ¢p, ap, a,

and ay, and only 0.1 for ¢y.

These profiles do not establish joint identification: a sharply curved one-dimensional

profile can conceal directions along which combinations of parameters move with little

effect on the objective, as for ¢y and ay and for the linear and quadratic wage-age

coefficients. The small irregularities reflect the finite simulated sample. Figure E.2

repeats the exercise for the specification that ignores health measurement error, using

that specification’s approximate standard errors.

Figure E.2: Local sensitivity of the objective, ignoring measurement error.

A. Discount factor, 3
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Notes. The construction is identical to Figure E.1, using the parameter estimates and approximate

standard errors from the specification that treats self-reported health as the true state.



E.4 Construction of the Estimation Targets

Wealth profiles. Following De Nardi, Pashchenko and Porapakkarm (2025), we adjust
wealth for differences in household size and survey-wave effects that are not explicitly
modeled. We estimate

3
Wi =t + ) dfnk 48w+ e, (E.2)
k=1

where w; ,, denotes total wealth of individual i in survey wave w, p , are age-group-
by-health effects, n;,, denotes household size, and 5., are wave effects. The coefficients
dl allow the relationship between household size and wealth to differ by health status.

We construct adjusted wealth as

3
Wiy = T+ ) dRAL+ 8+, (E3)
k=1
where fi; is average household size at age t, and § is the average wave effect. The
adjustment evaluates the fitted household-size component at the average household
size for each age and replaces the wave effect with its average, retaining the individual’s
regression residual. It therefore removes the variation attributed to household size and

survey timing while preserving residual differences across individuals.

The wealth targets are the 25th, 50th, and 75th percentiles of adjusted wealth by age
and health. When measurement error is ignored, health groups are defined using self-
reported health. When measurement error is accounted for, individuals are classified
according to their most likely latent-health state given the observed indicators, as
described in Section 3.3. Initial wealth is adjusted consistently with the empirical
wealth targets, so that the simulated distribution starts from the same measurement
basis.

Labor-supply profiles. We target mean hours worked and labor-force participation
rates by age and health, using the samples and procedures described in Section 3.3.

The construction of comparable empirical and simulated moments depends on how
health is treated. When accounting for measurement error, the empirical hours and
participation profiles are recovered through regressions on posterior probabilities of
latent health. These regressions identify health-specific conditional means under the
exclusion restrictions described in Appendix B.3. Their simulated counterparts are
computed conditional on the model’s true latent-health state.
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The wealth targets use a different classification procedure: observations are assigned
to health groups according to their modal posterior state. In simulated data, we generate
health indicators from the estimated measurement system and apply the corresponding
posterior classification. Thus, wealth and labor-supply targets use different mappings
from observed indicators to latent health, consistent with their respective empirical
estimators. In the specification that ignores measurement error, health-conditioned
empirical targets are constructed using self-reported health, and the corresponding
simulated targets follow the same treatment of health.

Wage profiles. We estimate the wage-profile targets using male core members born
between 1940 and 1970 and observed at ages 77 or younger. The broader cohort range
increases precision because many individuals in the structural estimation cohort are
already retired when first interviewed. The age restriction excludes later age groups

with relatively few usable wage observations.

The structural wage equation is
logWit = ap+arjt+ at? + ap{Hiy = G} +uys. (E.4)

Observed wages are available only for employed individuals and contain measurement
error. We therefore construct four auxiliary wage-profile coefficients from observed
workers, using the procedure detailed in Appendix B.4. Because employment depends
on health and wage shocks, these auxiliary coefficients need not equal the correspond-

ing structural coefficients.

When health measurement error is ignored, the health regressor is the indicator
for good self-reported health. We estimate the age and health coefficients using all
pairs of working observations for each individual, weighted by the inverse of the
number of working periods. As shown in Appendix B.4.1, this estimator is algebraically
equivalent to the conventional within estimator when regressors are defined at the

individual-period level.

When measurement error is accounted for, we instead use pair-specific posterior
probabilities of good latent health. For each observation pair, the posterior incorporates
the observed indicators and relevant survival information at both dates. Because the
posterior at one date can depend on the information observed at the other, this estimator
is not generally equivalent to the conventional within estimator. Its construction and

identifying assumptions are described in Appendix B.4.1.

The auxiliary wage-level coefficient is obtained from the mean wage residual among
employed individuals. Together with the coefficients on age, age squared, and good
health, it gives the four wage-profile targets.
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We compute the corresponding auxiliary coefficients in simulated data using the
same regression design and the treatment of health appropriate to each specification.
The comparison is therefore between coefficients estimated among employed individu-
als in both samples, rather than between the empirical auxiliary coefficients and the

structural wage parameters themselves.

This distinction is central to the indirect-inference strategy. The structural model
determines which individuals work and therefore whose wages enter the simulated
auxiliary regression. Matching its coefficients to those obtained from the data allows
the estimation to account for employment selection without requiring potential wages

to be observed for nonworkers.

E.5 Additional Fit Results

Table E.1 compares the auxiliary wage-profile coefficients estimated in ELSA with those
obtained from simulated data. Results are reported for both specifications, ignoring

and accounting for health measurement error.

Table E.1: Fit of estimated wage profiles

Parameter Ignoring ME Accounting for ME
Data Model t Data Model t
ap 2597 2710 279 | 2553 2654 1.58
a —0.000 —0.070 —5.65 | —0.002 —0.046 —3.65
az —0.001 0.001 1.87 | —0.000 0.001 1.75
ay 0.035 0.080 223 | 0.083 0.050 —0.60

Notes. The reported coefficients are estimates from the auxiliary wage-profile regressions, rather
than structural wage coefficients. The statistic t is the difference between the simulated and empirical
coefficient, divided by the estimated standard error of the empirical target, obtained by resampling
individuals.

Accounting for health measurement error improves the fit of the auxiliary health wage
premium. The model generates a coefficient of 0.050, compared with 0.083 in the
data, a discrepancy of —0.60 standard errors. When measurement error is ignored, the
corresponding coefficients are 0.080 in the model and 0.035 in the data, a discrepancy
of 2.23 standard errors. Thus, the specification accounting for measurement error more

closely reproduces the health wage premium estimated among workers.

Both specifications fit the age profile less well. In particular, the simulated linear
age coefficient is more negative than its empirical counterpart, with discrepancies
of —5.65 and —3.65 standard errors in the specifications ignoring and accounting for
measurement error, respectively. The quadratic coefficient also differs from its empirical

counterpart, although by less than two standard errors in both specifications.
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Because the linear and quadratic age coefficients jointly determine the wage-age
profile, their individual discrepancies do not translate directly into discrepancies in
predicted wages at particular ages. Nevertheless, the results indicate that neither
specification matches all aspects of the empirical wage-age relationship. This remains a
limitation of the estimated model.

The model accounting for measurement error fits the auxiliary health wage premium
more closely despite these discrepancies in the age coefficients. This distinction matters
for the quantitative analysis because the health wage premium, together with selection
into employment and the persistence of latent health, determines the effects of bad
health on earnings.

F Health Misclassification and Attenuation Bias

This appendix illustrates how measurement error in health can attenuate the effects of
health recovered from structural estimation. We develop a static labor-supply model in
which individuals differ in their labor-supply elasticities and health affects the disutility
of work. We show that treating noisy health classifications as true states attenuates
the estimated labor-supply cost of bad health, even when multiple indicators improve
classification accuracy. We then show how incorporating posterior health probabilities

into estimation can eliminate this source of attenuation.

Labor supply and the true effect of health. Consider a worker i whose health state is
m; € {G, B}, denoting good and bad health. Health affects the disutility of work through
¢m >0, with ¢ > ¢pg. Individuals also differ in their Frisch elasticities, €; > 0. Given a
common wage w > 0, worker i solves

hH—]/ei

max c¢—om——
¢,h>0 d)m1 +1/€;

s.t. c¢<wh.

Consumption equals labor income at the optimum, ¢ = wh. The first-order condition
for hours is w = b, h'/¢1, which gives

hy(m) = <%)

loghi(m) = ei(logw —log dm).

or in logs,
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Suppose the distribution of Frisch elasticities €; is independent of health, with mean
€ = [E[ei]. The mean of log hours conditional on health is then

twm = E[logh; | my = m] = €(logw —log dm).

Thus, given the wage and the distribution of labor-supply elasticities, the two condi-
tional means identify ¢ and ¢g. The average effect of moving from bad to good health

on log hours is

A=ug—ug :élog <%) > 0. (Fl)

Since ¢ > ¢, individuals work fewer hours in bad health. Moreover, because labor-
supply elasticities are independent of health, A also equals the average counterfactual
increase in log hours from improving an individual’s health from bad to good, holding

wages and individual elasticities fixed.

Attenuation from a noisy health measure. Suppose the econometrician does not
observe true health m;, but instead observes a noisy indicator m;. The indicator reports
the true state with probability 1 —p and a random state with probability p:

§ my, with probability 1—p,
m: =
e;, with probability p,
where e; equals G or B with probability one-half each. Reporting errors are independent

of labor-supply elasticities conditional on true health. The resulting misclassification

probabilities are symmetric:

<

IP(mf:BImi:G):IP(mf:Glmi:B):E.

To obtain a simple closed-form attenuation factor, suppose initially that the two health
states are equally prevalent, P(m; = G) =IP(m; = B) = 1/2. Bayes’ rule then implies

NS

Consequently, mean log hours conditional on reported health are

Elloghy |mi =61 = (1= ) g + P,
Ellogh; | m{ =B] = %ug + (1 — g) Ug.
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Subtracting yields

Ellogh; | m{ = G] — Ellogh; | m{ = B] = (1 —p) (1g — p). (F2)
E T

Thus, the observed difference in mean log hours is attenuated by a factor 1 —p.

Suppose the econometrician ignores measurement error and estimates ¢ and ¢p
by matching the conditional means of log hours using reported health as if it were true
health. The estimated difference in health-related work disutility satisfies

log b —logdg = (1—p)(log b —log dbg).

The model therefore interprets the smaller observed hours gap as evidence of a smaller
difference in the disutility of work across health states. Consequently, the counterfactual
effect implied by the estimated parameters is

A=(1—p)A<A. (E.3)

The intuition is straightforward. As health reports become noisier, the groups classified
as healthy and unhealthy contain increasingly similar mixtures of true health states.
Their observed labor supply therefore converges, and a structural model that treats
reported health as accurate interprets this convergence as evidence that health has a
smaller effect on labor supply.

The exact attenuation factor depends on the prevalence of the two health states.
More generally, let m =IP(m; = G) and r =IP(m; = G) =p/2+ (1 —p)7. The observed
hours gap is
(1—p)m(1 —m)

A= r(1—r1)

A. (F.4)

For 0 < m< 1and 0 < p < 1, the multiplier lies strictly between zero and one. Thus,
measurement error also attenuates the estimated health effect when the prevalence of
good and bad health differs, although the attenuation factor generally depends on both
reporting accuracy and health prevalence. Equation (F.2) obtains when t=1/2.

Combining multiple health indicators. Suppose now that the econometrician ob-
serves three noisy indicators, mff1 , mjz, m?, rather than one. Each indicator follows the
same reporting process as above, with independent reporting errors conditional on true
health:

j=1,2,3,

j

§_ )™ with probability 1 —p,
e, with probability p,
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where each el independently equals G or B with probability one-half.
We interpret these indicators as responses to three survey questions measuring

the same underlying health state. Their conditional independence allows the joint
responses to provide more information about latent health than any single indicator.

An intuitive way to use this information is to classify individuals according to their

2 *3)

most likely health state. Let
y T

My = argmaxP(m; =m| m’i”,m;k
me{G,B}

denote the modal posterior classification.
Under the balanced health-state prior, P(m; = G) = 1/2, and the identical symmetric
reporting processes assumed above, this classification follows a majority rule: individu-
als are classified according to the state reported by at least two indicators. For example,

an individual reporting (G, G, B) is classified as being in good health.
Combining the indicators improves classification accuracy. Let q =p/2 denote the
misclassification probability of each indicator. The majority classification is incorrect
only when at least two indicators misclassify health, which occurs with probability

P(h; = mi | my) =3¢*(1—q) +q° =3¢ —2q°.

The majority classification can be represented by the same symmetric reporting process

as an individual indicator, but with an effective noise parameter p satisfying

7=3(5) (%)
Hence, ,
ﬁ:¥<p, O<p<T. (E5)

Combining three independent indicators therefore reduces misclassification relative to
relying on any one of them.
Nevertheless, the modal classification remains imperfect. If the econometrician
treats 1h; as true health and estimates the structural model by matching hours condi-

tional on this classification, the resulting difference in mean log hours is

A

Amodal = IE[loghi | T’fli = G] — IE[IOg hi | T’fli = B]
=(1-pA.

Because 0 < p < p,
(T—pA< (1—p)A<A.
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Combining indicators thus reduces attenuation but, under modal classification, does

not eliminate it.

Accounting for the measurement process. The preceding attenuation arises from
treating noisy health classifications as true states, rather than from latent health itself.
To see this, suppose that the measurement process is known or consistently estimated.
Let Y; = (m;',m;2, m!3) denote the vector of observed health indicators, and define the
posterior probability of good health as q(Y;) = P(m; = G | Y;). Under the maintained
assumption that reporting errors contain no additional information about labor supply
conditional on true health, [Ellogh; | Y;, m;] = [E[logh; | mi]. The conditional expectation

of log hours given the observed indicators is therefore
Ellogh; | Yil = q(Yi)ug + [1—q(Yi)lug = ug + Aq(Vi). (F.8)

Equation (F.8) shows that accounting for the measurement process eliminates atten-
uation under the maintained assumptions. Regressing log hours on the posterior
probability of good health, with an intercept, identifies the true difference in health-
specific means, A = ug — ug, provided the posterior probabilities are correctly specified
and exhibit sufficient variation. Unlike modal classification, this approach preserves
information about uncertainty in latent health rather than assigning each individual
to a single state. This result motivates our treatment of health in structural estimation.
Multiple noisy indicators allow us to identify latent-health probabilities, while the ex-
clusion restriction ensures that these probabilities can be used to recover health-specific
economic moments. The key distinction is not simply that more indicators improve
health classification, but that explicitly modeling measurement error prevents residual

classification mistakes from being interpreted as smaller economic effects of health.

Implications. The stylized model illustrates why ignoring health measurement error
can understate the economic consequences of bad health. Combining multiple indica-
tors reduces this bias, but modal classification generally leaves residual attenuation.
Incorporating the estimated measurement process instead permits recovery of the
underlying health-specific moments under the maintained identification assumptions.
In the quantitative life-cycle model, the mapping from health to economic outcomes
is more complex, and the direction of bias in a particular counterfactual need not fol-
low the simple attenuation formula derived here. Nevertheless, the same mechanism
applies: treating imperfect health classifications as true states can distort structural

inference about the economic costs of bad health.
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G Additional Results and Robustness

This appendix provides additional details on the welfare calculations and decomposi-
tion exercises in Section 5. We also examine whether accounting for health measure-
ment error changes the predicted effects of pension policies and report the results of

re-estimating the model using alternative health indicators.

G.1 Welfare Calibration

As described in Section 5.1, the welfare cost of bad health incorporates the value of
additional years of life. We calibrate the additive value of being alive, @, to match an
average value of a statistical life (VSL) of $2 million in 2013 dollars among individuals
aged 50-63. Converted to 2013 pounds with the World Bank purchasing-power-parity
factor for the United Kingdom (0.695248), the target is approximately £1.39 million; we

also consider a $6 million target, approximately £4.17 million.

With y = 3, the unnormalized flow-utility function is negative, so the model does
not necessarily assign a positive value to additional survival. Following Section 5.1, we
introduce @ to capture the value of being alive beyond consumption and leisure. We
calibrate @ separately for each specification to match the VSL target. Since mortality is
exogenous and @ enters utility additively, this calibration does not affect household

decisions.

At each age and state, the VSL is the marginal value of an increase in the probability
of surviving to the next period, expressed in monetary units using the marginal value

of assets:
6Vt/ast

VSL, = )
SLt dV:/day

We exclude from the calibration person-periods in which the consumption floor binds:
approximately 5 percent of working-age observations in the latent-health specification
and 8 percent in the specification ignoring measurement error. For households receiving
transfers, additional resources can be offset one for one by reductions in transfers,
making the value function locally insensitive to wealth when the consumption floor
and borrowing constraint bind. In this region, the marginal value of assets can be zero,

rendering the VSL ratio undefined.

To calculate consumption-equivalent welfare costs, we find the proportional adjust-
ment to consumption in every period of the always-healthy counterfactual that equates
realized lifetime utility across the two scenarios, holding bequests fixed. Welfare cal-
culations use the unnormalized utility functions and the calibrated @, as in Section
5.1.
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G.2 Additional Decomposition Results

Table G.1 reports the full decomposition underlying Figure 5. Starting from the specifi-
cation that ignores measurement error, we replace the estimated health and mortality
process, the labor-supply targets, and the wealth targets with their counterparts from
the specification accounting for measurement error, separately and in combination.
In each exercise, we re-estimate the structural parameters while leaving the initial

distribution, wage process, and spousal-income process unchanged.

For an outcome vy, the reported share is

(k) NoME
o _ Gy —Gy°
Y T CME_CNoME’

where C{ is the estimated cost under replacement k, and CoME and CYF are the costs
in the two baseline specifications; the table reports 100 Slgk]. A value of 100 indicates
that the replacement closes the entire difference, while a negative value indicates that it
widens the gap. Because the inputs interact through structural re-estimation, the entries

need not add up to 100 and should not be interpreted as independent contributions.

Table G.1: Percentage of the Difference in the Costs of Bad Health Closed by Each Input

Process Targets Targets | Health  Labor All

Outcome for health forlabor for assets | + labor + assets three
1) (2) 3) 4 ©®) (6)

All individuals
Earnings, up to 64-65 -10 101 0 41 100 40
Hours worked, up to 64-65 —4 104 0 42 95 41
Years worked 15 74 0 54 70 54
Consumption 149 —33 0 141 —67 141
Monetary cost, remaining life 48 32 0 63 32 63
Monetary cost, up to 6465 6 57 0 35 58 35
Years of life gained 89 0 0 89 0 89
Welfare cost, VSL £1.39m 70 54 0 79 52 79
Welfare cost, VSL £4.17m 79 36 0 83 36 83

Initially unhealthy
Earnings, up to 64-65 49 34 0 79 33 79
Hours worked, up to 64-65 49 41 0 79 37 78
Years worked 60 26 0 83 24 84
Consumption 52 33 0 74 36 73
Assets 57 25 0 69 23 70
Monetary cost, remaining life 77 15 0 89 15 89
Monetary cost, up to 64-65 46 32 0 70 32 70
Years of life gained 102 0 0 102 0 102
Welfare cost, VSL £1.39m 85 34 0 94 31 94
Welfare cost, VSL £4.17m 92 21 0 96 20 96

Notes. Columns re-estimate the model ignoring measurement error with the indicated inputs replaced
by those of the model accounting for it: (1) health and mortality process; (2) hours and participation
targets; (3) asset targets, with simulated person-periods classified by the most likely health state given
three drawn measures; (4)—(6) combinations. Entries are in percent and need not add up; assets for all
individuals are not reported because the baseline gap is only £119.

81



The results reinforce the distinction between correcting health dynamics and cor-
recting the behavioral moments used in structural estimation. For the population as a
whole, replacing the labor-supply targets closes essentially the entire gap in working-
age earnings and hours costs, while replacing the health process alone does not. For
individuals initially in bad health, the health process is more important: replacing it
closes 77 percent of the gap in remaining-life monetary costs and approximately the
entire gap in longevity. Combining the health process and labor-supply targets closes
89 percent of the monetary-cost gap and 94 percent of the welfare-cost gap at the lower
VSL target for this group.

Replacing the wealth targets has negligible effects on the estimated health costs,
both alone and in combination with other inputs. The one caveat concerns asset costs
in the full population, which Table G.1 does not report: the difference in asset costs
between the two baseline specifications is only £119, so modest changes induced by
individual replacements translate into large shares that are not informative about the

relative importance of the inputs.

Construction of the wealth-target replacement. The wealth-target replacement re-
quires a different procedure from the labor-supply replacement because wealth targets
are percentiles rather than conditional means. While regressions on posterior health
probabilities recover health-specific mean hours and participation rates under the main-
tained exclusion restriction, they do not directly recover conditional wealth percentiles.
As described in Section 3.3 and Appendix E.4, the latent-health specification instead
constructs wealth targets by classifying individuals according to their modal posterior
health state. To implement the corresponding replacement, we generate three health
indicators for each simulated observation in the specification ignoring measurement
error, drawing from the estimated emission distributions conditional on its simulated
health state. We then compute posterior health probabilities, classify observations by
their modal state, and calculate the wealth percentiles of the resulting groups.

This procedure reproduces the classification rule of the latent-health specification,
although the simulated health state generating the indicators corresponds to self-
reported rather than latent health. The modal classification agrees with the generating
state in approximately 97 percent of simulated person-periods. The initial distribution
and labor-supply targets remain unchanged. The negligible effects of the replacement
indicate that changing the construction of wealth targets, holding the other inputs fixed
and allowing structural parameters to adjust, contributes little to the differences in
estimated health costs.
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G.3 Pension Policy Counterfactuals

Our main counterfactual eliminates exposure to bad health. We now examine whether
accounting for health measurement error also changes the predicted effects of policies
that alter retirement incentives while leaving health risks unchanged. We consider two
reforms: increasing the pension eligibility age by one or two years, and reducing state
pension benefits by 5, 10, 15, or 20 percent. Each reform is announced at model entry,
and households reoptimize under the new policy. We simulate the same individuals
using identical realizations of exogenous shocks and measure policy effects relative to

each specification’s own baseline. Figure G.1 reports the results.

Figure G.1: Pension policy counterfactuals: Changes relative to baseline
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Notes. Each bar reports the change in an outcome relative to the corresponding specification’s baseline,
averaged over all simulated individuals. The reforms increase pension eligibility age by one or two years
or reduce state pension benefits by 5-20 percent. Policies are announced at model entry, households
reoptimize, and simulations use the same individuals and shock realizations as the baseline.

Raising the pension eligibility age increases labor supply in both specifications,
although the magnitude of the response differs. Under a two-year increase, annual
earnings through ages 6465 rise by £1,465 in the latent-health model, compared with
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£889 when measurement error is ignored. The corresponding increases in hours worked
are 151 and 95 per year. Despite the larger labor-supply response, the predicted
welfare costs are similar across specifications: 3.56 percent of consumption when
accounting for measurement error and 3.45 percent when ignoring it. Reductions
in state pension benefits generate relatively small labor-supply responses in both
specifications but larger effects on assets and welfare. For a 20 percent reduction, assets
fall by approximately £5,200 in the latent-health model and £3,500 when measurement
error is ignored, while the welfare costs are 3.49 and 3.00 percent of consumption.

Overall, accounting for health measurement error changes some predicted labor-
supply and saving responses to pension reforms, but has relatively modest effects on
their welfare costs. This contrasts with the much larger differences in the estimated
costs of bad health in Section 5.1. The implications of health measurement error
for counterfactual analysis therefore depend on the policy considered and are most
pronounced when the counterfactual directly changes exposure to bad health.

G.4 Robustness to Alternative Health Indicators

The baseline latent-health specification uses self-reported general health, mobility
conditions, and ADL/IADL limitations. A potential concern is that self-reported
health may depend on labor-market circumstances, violating the assumption that the
indicators contain no additional information about economic outcomes conditional on
latent health. For example, individuals’ employment status may influence how they
report their general health, potentially biasing the health-specific economic moments
used in structural estimation. To assess the sensitivity of our results, we replace self-
reported general health with reported pain, retaining the other two indicators, and
re-estimate the entire model. Table G.2 reports the estimated costs of bad health under
the two measurement systems, alongside those of the model ignoring measurement
error, which is unchanged because it continues to treat self-reported health as the
observed state.

The estimated costs of bad health remain substantially larger than those obtained
when measurement error is ignored. For the population as a whole, the earnings cost
is £2,450 per year under the alternative indicators, compared with £2,554 under the
baseline indicators and £1,778 when measurement error is ignored. For individuals
initially unhealthy, the corresponding costs are £9,535, £11,036, and £5,107. The result
extends beyond earnings. Among individuals initially unhealthy, the estimated gain in
longevity from remaining healthy is 6.39 years under the alternative indicators, com-
pared with 3.51 years when measurement error is ignored. The corresponding welfare

costs, calibrated to a VSL of £1.39 million, are 16.08 and 8.14 percent of consumption.
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The alternative indicators generally produce somewhat smaller costs than the base-
line latent-health specification, particularly for individuals initially unhealthy. These
differences may reflect employment-related reporting behavior in self-reported health,
but they may also arise because pain and general health capture different aspects of
underlying health. The exercise cannot distinguish these explanations or rule out
reporting biases in the alternative indicators. Nevertheless, the central quantitative
conclusion is robust to replacing self-reported health: accounting for measurement
error continues to imply substantially larger economic costs of bad health.

Table G.2: Costs of Bad Health under Alternative Health Indicators

Outcome ‘ Ignoring ME ‘ Accounting for ME
Self-reported health, Pain, mobility,
mobility, ADL/IADL  ADL/IADL

All individuals

Annual earnings (£) 1,778 2,554 2,450
Annual hours worked 151 220 190
Years worked 0.69 0.99 0.88
Annual consumption (£) 281 112 159
Assets (£) 2,432 2,550 3,147
Annual monetary cost (£) 1,978 2,641 2,577
Annual monetary cost, up to 64-65 (£) 1,863 2,886 2,839
Years of life gained 2.53 3.54 3.33
Welfare cost, VSL £1.39m (%) 6.67 10.85 9.90
Welfare cost, VSL £4.17m (%) 11.82 18.51 17.16
Initially unhealthy
Annual earnings (£) 5,107 11,036 9,535
Annual hours worked 483 980 773
Years worked 1.61 3.50 2.77
Annual consumption (£) 865 2,439 1,984
Assets (£) 14,232 42,632 35,362
Annual monetary cost (£) 3,720 7,345 6,516
Annual monetary cost, up to 64-65 (£) 6,105 11,609 10,330
Years of life gained 3.51 7.50 6.39
Welfare cost, VSL £1.39m (%) 8.14 18.71 16.08
Welfare cost, VSL £4.17m (%) 14.53 31.56 27.46

Notes. The last two columns report the model accounting for measurement error, estimated using either
self-reported general health, mobility difficulties, and ADL/IADL limitations (baseline), or pain, mobility
difficulties, and ADL/IADL limitations (alternative). For each measurement system, we re-estimate the
health and mortality process, emission distributions, wage process, spousal income, initial distribution,
and structural parameters. Each entry reports the difference between the always-healthy counterfactual
and the corresponding baseline, as defined in Table 3. The specification ignoring measurement error is
unchanged across measurement systems.
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