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We estimate a life-cycle model of consumption, human capital invest-
ment, and labor supply. The interaction between human capital and la-
bor supply toward the end of the life cycle is most novel. The estimates
replicate the main features of the data, in particular the large increase
in wages and small increase in labor supply at the beginning of the life
cycle and the small decrease in wages but large decrease in labor supply
toward the end. We show that incorporating human capital is critical
when analyzing changes to Social Security.
I. Introduction
The Ben-Porath (1967) model of life-cycle human capital production
and the life-cycle labor supply model are two of the most important mod-
els in labor economics. The former is the dominant framework used to
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rationalize wage growth over the life cycle; the latter has been used to
study hours worked over the life cycle, including retirement. Quite sur-
prisingly, aside from the seminal work of Heckman (1975, 1976), there
has been little effort integrating these two important paradigms. A goal
of this paper is to fill this void by estimating a life-cycle model in which
workers choose human capital and labor supply jointly. An important as-
pect of our model is that we do not treat retirement as a decision separate
from labor supply in themodel or treat it differently in the data. We use it
as a loose term that refers to low levels of labor supply late in life. In our
model, this declining labor supply over the life cycle occurs endogenously
as part of the optimal life-cycle labor supply decision.
A novel aspect of our paper is examining policy effects on human capital

toward the end of working life. This is important as the retirement litera-
ture typically takes the wage process as given and estimates the incidence
of retirement (e.g., Gustman and Steinmeier 1986; Rust and Phelan
1997; French 2005; French and Jones 2011). Cross section raw wages for
people who work fall substantially before retirement. They decline by over
25% between ages 55 and 65 (French 2005). In much of the retirement lit-
erature, this trend is critical to understanding retirement behavior. By con-
trast, life-cycle human capital models take the retirement date as given but
model the formation of thewageprocess (e.g., Ben-Porath1967;Heckman
1975, 1976; Heckman, Lochner, and Taber 1998a; Manuelli, Seshadri, and
Shin 2012). There has been work examining models of learning by doing
and labor supply, most notably Imai and Keane (2004) and more recently
Keane and Wasi (2016). However, these papers do not evaluate the effects
of Social Security rules on human capital accumulation.1 We estimate a
model wherein the wage and labor supply choices are rationalized in one
unified setting accounting for the Social Security system. After endogeniz-
ing both labor supply and human capital, our model is rich enough to ex-
plain the life-cycle patterns of both wages and labor supply, with a focus on
wage patterns and declining labor supply (i.e., retirement) at the end of
working life.
Specifically, we develop and estimate a Ben-Porath-type human capital

model in which workers make consumption, human capital investment,
and labor supply decisions. We estimate the model using indirect infer-
ence,matching themeasured wage and labor supply profiles ofmale high
school graduates from the Survey of Income and Program Participation
1 Iskhakov and Keane (2021) do look at retirement rules—but in the Australian context,
which is a very different system.
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(SIPP). We are able to replicate the main features of the data with a par-
simonious life-cycle model in which the taste for leisure does not depend
on age or experience. In particular, we match the large increase in mea-
sured wages and very small increase in labor supply at the beginning of
the life cycle as well as the small decrease inmeasured wages but very large
decrease in labor supply at the end of the life cycle.
An important component of our model facilitating the fit in both ends

of the life cycle is human capital depreciation. We take the definition of de-
preciation to be broad—it could be individuals’ skills literally declining or it
could be obsolescence of their skills as the nature of their work changes.
Thedistinction is not important in our context.Depreciationplays a crucial
role for two reasons.
The first and quantitatively more important role of depreciation arises

in its interactionwith the labor supply decision. In a simplemodel without
human capital depreciation, there is no a priori reason for workers to con-
centrate their leisure toward the end of the life cycle. However, this is no
longer the case with human capital depreciation, which imposes a shadow
cost on leisure. When workers take time off in the middle of their career,
theirhuman capital depreciates and they earn less when they return to the
labormarket. Alternatively, if this period of nonworking occurs at the end
of the career, the shadow cost is much less a concern because the horizon
is shorter. Older workers may choose not to reenter at a lower wage, so
they continue to stay out of the labor market.
The second role of depreciation is more subtle but perhaps more inter-

esting. It comes from a point emphasized by Heckman, Lochner, and
Taber (1998a) that in a Ben-Porath-style model wages are different from
human capital, as workers are paid only for their productivity net of invest-
ment time. As a result, the model can yield wages that do not change with
age at older ages while human capital declines because investment is also
falling. This declining human capital also helps reconcile the falling labor
supply late in life despite relatively flat wages. This arises from an interac-
tion between the depreciation and the elasticity of human capital invest-
ment with respect to time. When the elasticity is lower, human capital in-
vestment spreads across the life cycle rather than being concentrated at
the beginning. The combination of low elasticity and relatively large de-
preciation leads the model to produce relatively flat wages yet declining
human capital.
While we show that our relatively simple model is able to explain the

data, we also want to evaluate changes to the Social Security system. Our
baselinemodel does not incorporate health or part-timework. Since these
may be important components in determining the labor supply of older
workers, credible evaluation should account for them.We estimate a spec-
ification that allows for both health and part-time work. In particular,
we allow the taste for leisure to depend on health and for this effect to
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increase with age. We show that while becoming unhealthy has a large ef-
fect on labor supply, health shocks are relatively uncommon in the years in
which labor supply declines (ages 50–65). As a result, health plays a rela-
tively minor role in explaining the decline in labor supply late in life. We
also include the possibility of part-time labor supply that could lead to
more gradual retirement.
We use the estimated model to simulate the impacts of various Social

Security policy changes. Much serious work has been developed to quan-
titatively estimate the economic consequences of an aging population and
evaluate the remedy policies (Gustman and Steinmeier 1986; Rust and
Phelan 1997; French 2005; French and Jones 2011; Haan and Prowse
2014). They model retirement as a result of combinations of declining
wages, increasing actuarial unfairness of the Social Security and pension
system, and increasing tastes for leisure. However, as mentioned above,
there is a major difference between our model and the previous retire-
ment literature. Previous work typically takes the wage process as given
and focuses on the retirement decision itself. For example, when conduct-
ing the counterfactual experiment of reducing the Social Security benefit
by 20%, the previous literature takes the same age-wage profile as in the
baseline model and reestimates the retirement behavior under the new
environment. As the wage has already been declining significantly and ex-
ogenously approaching the retirement age, under the new policy working
is still less likely to be attractive for many workers. However, as we show in
our model, less generous Social Security benefits result in higher labor
supply later in the life cycle, so workers adjust their investment over the life
cycle, which results in a higher human capital level as well as higher labor
supply earlier. In an experiment in which Social Security benefits are de-
creased by 20%, the measured wage levels are up to 5% higher between
ages 60 and 70.Over thewhole life cycle, human capital investment, human
capital level, total employment rates,measured average log wages, and total
pretax labor income increase by 0.12%, 0.23%, 0.53%, 0.13%, and 0.71%,
respectively, in the general model with health and the part-time option.
Section II of this paper briefly reviews the most relevant literature. Sec-

tion III introduces themodel, and section IV explains how it is estimated.
Section V presents the estimates from the baseline model, and section VI
explains the extension to the more general model. Section VII simulates
the policy counterfactuals, and section VIII concludes.
II. Relevant Literature
Human capital models have been widely accepted as a mechanism to ex-
plain life-cycle wage growth as well as the labor supply and income pat-
terns. In his seminal paper, Ben-Porath (1967) develops the human capital
model with the idea that individuals invest in theirhuman capital “up front.”
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Inwhat follows, we often use the term “human capitalmodel” tomean “Ben-
Porath model.” Heckman (1975, 1976) extends the model and presents
more general human capital models in which each individual makes deci-
sions on labor supply, investment, and consumption. In both papers, each
individual lives for finite periods and the retirement age is fixed. Manuelli,
Seshadri, and Shin (2012) calibrate a Ben-Porathmodel to include the en-
dogenous retirement decision. All three models are deterministic.
Relative to the success in theory, there has not been much work empir-

ically estimating the Ben-Porathmodel. Mincer (1974) derives an approx-
imation of the Ben-Porath model and greatly simplifies the estimation
with a quadratic in experience, which is used in numerous empirical pa-
pers estimating the wage process (see a survey of the literature in Heck-
man, Lochner, and Todd 2006). Early work on explicit estimation of the
Ben-Porath model was done by Heckman (1975, 1976), Haley (1976), and
Rosen (1976). Heckman, Lochner, and Taber (1998a) estimate the Ben-
Porath model and incorporate it into an equilibrium model. They utilize
the implication of the standard Ben-Porath model where at old ages the in-
vestment is almost zero. However, this implication does not hold anymore
when the retirement is uncertain, where each individual always has an in-
centive to invest a positive amount in human capital. Browning, Hansen,
and Heckman (1999) survey much of this literature.2

Another type of human capital model, the learning-by-doing model,
has been utilized relatively more often in empirical work. In the standard
learning-by-doing model, human capital accumulates exogenously but
only when an individual works. Thus, workers impact their human capital
accumulation only through their labor supply decision. In these models,
the total cost of leisure is not only the direct lost earnings at the current
time but also the additional lost future earnings from the lower level of
human capital. Shaw (1989) is among the first to empirically estimate
the learning-by-doing model, using the Panel Study of Income Dynamics
(PSID)model andutilizing theEuler equations on consumption and labor
supply with translog utility. Keane andWolpin (1997) and Imai and Keane
(2004) are two classic examples of research that directly estimate a dynamic
life-cyclemodel with learning by doing. Blundell et al. (2016) are a more re-
cent example. These papers assume an exogenously fixed retirement age.
Keane andWasi (2016) and Iskhakov and Keane (2021) extend these mod-
els to consider workers at older ages and show that the models fit well.
Heckman, Lochner, andCossa (2003) study the potential effects of wage

subsidies on skill formulation by comparing on-the-job training models
with learning-by-doingmodels. They simulate the effects of the 1994 earned
2 Other more recent work includes Taber (2002), who incorporates progressive income
taxes into the estimation, Kuruscu (2006), who estimates the model nonparametrically,
and Wallenius (2011), who focuses on labor supply elasticities.
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income tax credit (EITC) schedule for families with two children and find
evidence that EITC lowers the long-term wages of people with low levels
of education. They contrast the Ben-Porath-style model predictions of the
EITC policy effects with those of the learning-by-doing model. While learn-
ing by doing fits better for more educated women, the Ben-Porath-style
model fits better for less educated women.
There is a large andgrowing literature onmany aspects of retirement. In

thesemodels, typically retirement is induced by either increasing utility to-
ward leisure (e.g., Gustman and Steinmeier 1986) or increasing disutility
toward labor supply (e.g., Blau 2008). Haan and Prowse (2014) estimate
the extent to which the increase in life expectancy affects retirement. Blau
(2008) evaluates the role of uncertain retirement ages in the retirement-
consumption puzzle.
Retirement can also be induced by declining wages at old ages and/or

fixed costs of working. Rust and Phelan (1997) estimate a dynamic life-
cycle labor supply model with endogenous retirement decisions to study
the effect of Social Security and Medicare in retirement behavior. French
(2005) estimates a more comprehensive model including savings to study
the effect of Social Security and pension as well as health in retirement de-
cisions. French and Jones (2011) evaluate the role of health insurance in
shaping retirement behavior. Casanova (2010) studies the joint retirement
decision amongmarried couples. Prescott, Rogerson, andWallenius (2009)
and Rogerson and Wallenius (2013) present models where retirement
could be induced by a convex effective labor function or fixed costs.
In all the retirement literature listed above—theoretical or empirical—the

wage process is assumed to be exogenous. That is, even when the environ-
ment changes while conducting counterfactual experiments—for example,
changing the Social Security policies—the wage process is kept the same and
only the response in the retirement decision is studied. Studying the 1999
pension reform in Germany, Gohl et al. (2020) find that this assumption
may be wrong. Responding to an exogenous increase in early retirement
age from 60 to 63, employed women aged 53–60 increase their human cap-
ital investment significantly. This will presumably change the wage profile.
III. Model

A. Overview
The model is a finite-time life-cycle model. The main features that indi-
viduals choose are

• human capital investment,
• labor supply (extensive margin), and
• consumption/savings.



human capital, labor supply, retirement 000
We add several other features to the baseline model both for fitting the
data and for realism:

• Social Security benefits/taxes,
• exogenous marriage and spousal labor supply,
• bequest motive, and
• consumption floor.

Our extended model adds the following features:

• health status—including disability—and
• part-time work.
B. Environment and Econometric Specification

1. Demographics
Time is discrete andmeasured in years. Each individual i lives fromperiod
t 5 0 to t 5 T . We use i and t subscripts to be clear how parameters vary
across individuals and age/time. At the beginning of the initial period,
each individual is endowed with an initial asset Ai0 ∈ R and an initial hu-
man capital level Hi0 ∈ R1.
Our model of family behavior is similar to Adda, Dustmann, and Ste-

vens (2017) in that wemodel the labor status of one individual (in our case
the male), taking marriage, divorce, and spousal earnings as exogenous.
Specifically, family status is an exogenous discrete-state variable that can
take three different values. A single or divorced individual is denoted by
Mit 5 0, while a married individual is indicated by eitherMit 5 1 (spouse
not working) orMit 5 2 (spouse working). Each individual is single at the
beginning of the life cycle,Mi0 5 0. The family status evolves exogenously
following an age-dependent Markov transition matrix.
2. Preferences
In the baseline model, we focus on the extensive margin of labor supply
only, so at each period the individual decides whether to work. The flow
utility at period t is

ut cit , ‘it , fit ;Mit , εit , ai0ð Þ5 w t,Mitð Þ c12hc

it

12 hc

1 g ai0,Mit , εitð Þ‘it 1 - tð Þssait , (1)

where cit represents total family consumption, ‘it ∈ f0, 1g represents lei-
sure, and ssait is a dummy variable indicating whether individual i starts
claiming Social Security benefits at time t. We mention again that retire-
ment is not modeled explicitly—it is a phrase that one can use loosely to
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describe the status ‘it 5 1 for older workers but we do not model this any
different than any other period of nonemployment.
The coefficient w(t,M) shifts the marginal utility of consumption (e.g.,

Gourinchas and Parker 2002) and is assumed a parametric form,

w t,Mitð Þ 5 exp J1t 1 J2t
2 1 J3t

3 1 J41 Mit ≠ 0f gð Þ, (2)

where 1{⋅} is the indicator function. Note that the shifter depends onmar-
ital status.
The coefficient g(ai0, Mit, εit) represents taste for leisure and also de-

pends on the family status. We use the parametric form

g ai0,Mit , εitð Þ 5 exp ai0 1o
2

j51

aj1 Mit 5 jf g 1 εit

 !
, (3)

where εit follows an independent and identical normal distribution with
mean zero and variance j2

ε . The ai0 is a component of unobserved hetero-
geneity that we discuss below. A key part of our exercise is that we do not
explicitly allow g(ai0, Mit, εit) to vary systematically across age.
The final term of flow utility, v(t), accounts for tastes for applying for

Social Security benefits. The literature has documented two peaks of So-
cial Security application at ages 62 and 65. Rust and Phelan (1997) dem-
onstrate that the resource constraint and health insurance constraint are
twomajor factors contributing to the peaks at ages 62 and 65, respectively.
While it is beyond the scope of this paper to explain these patterns explic-
itly, it is important to account for them when modeling labor supply and
savings decisions of people of this age.3 With this goal in mind, we let the
model fit these patterns by assuming that an individual obtains additional
utility from receiving the Social Security benefit, and thus this total addi-
tional flow utility at period t becomes

-ðtÞ 5 b621 t 5 62f g 1 b65 1 b65t t 2 65ð Þ½ �1 65 ≤ t ≤ 70f g: (4)

The first term (b62) captures the effect of resource constraint as well as
pension eligibility, and the second term captures the “security value” of
health insurance through employment, as studied in previous literature
(e.g., Rust and Phelan 1997; French 2005; French and Jones 2011).
Life ends at the end of periodT, and each individual values the bequest

he will leave. It takes the form

b Að Þ 5 b1
b2 1 Að Þ12hc

1 2 hc

, (5)
3 However, it is not clear whether to take this as fixed with policy changes. We explore
this when we perform counterfactuals.
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where b1 captures the relative weight of the bequest motive and b2 deter-
mines its curvature as in De Nardi (2004).
3. Human Capital
If a man chooses towork, ‘it 5 0, hedecides onhowmuch time, Iit ∈ ½0, 1�,
to invest in human capital and spends the rest, 1 2 Iit , at effective (or pro-
ductive) work from which the wage income is earned. Human capital is
produced according to the production function

Hit11 5 1 2 dð ÞHit 1 yitpi I
aI

it H
aH

it , (6)

where Hit represents the human capital level at period t, yit represents an
idiosyncratic shock to the human capital innovation, pi represents a form
of unobserved heterogeneity, and d, aI, and aH are parameters. If an indi-
vidual chooses not towork, he does not invest in human capital (so Iit 5 0)
and human capital depreciates at rate d.
We assume that yit is independent and identically distributed (i.i.d.)

and follows a lognormal distribution,

log yitð Þ ∼ N 2
log j2

y 1 1
� �
2

, log j2
y 1 1ð Þ

� �
: (7)

This specification yields an expected value of one for the level of yit and a
variance of j2

y.
The labormarket is perfectly competitive. We normalize the rental rate

of human capital to one so that the wage for the effective labor supply
equals the human capital Hit. Thus, pretax labor income at any point in
time is

wit 5 Hit 1 2 ‘itð Þ 1 2 Iitð Þ: (8)
4. Social Security and Budget Constraint
While we have tried to keep the baseline model as simple as possible, the
Social Security system in theUnited States is such a crucial part of later-life
economic decisions that we incorporate it into the model in great detail,
capturing all important components.Wemodel the Social Security enroll-
ment decision as a one-time decision. Once a person turns 62, they can
start claiming Social Security, and once they have started claiming they
continue to collect benefits until their death. We let ssit be a state variable
indicating whether a person began claiming before period t, and as men-
tioned above, ssait indicates the decision to start claiming benefits. Since
claiming is irreversible, once ssit 5 1 then ssait is no longer a relevant
choice variable. Thus, the law of motion can be written as
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ssi1 5 0, ssit11 5 max ssit , ssaitf g: (9)

The claiming decision (ssait) is made separately from the labor supply de-
cision (‘it) so that one can receive the Social Security benefit while work-
ing (subject to applicable rules, such as the earnings test).
Once they have begun claiming, an individual collects benefits ssbit,

which is a functionof the claimingage, the average indexedmonthly earnings
(AIMEit), andworking behavior after claiming (through the earnings test). In
practice, we approximate the AIME and use the Social Security rules of 2004.
The benefit ssbit is updated each year if an individual worked to account for
the earnings test. This is incorporated into the budget constraint

Ait11 5 Ait 1 ϒt rAit , wit , yit , ssbitð Þ 2 cit 1 tit , (10)

where Ait stands for asset, r represents the risk-free interest rate, and yit
represents spousal income. The ϒt(⋅) represents the after-tax income,
which is a function of positive capital income, wage income, spousal in-
come (if applicable), the Social Security benefit (if applicable), and the
tax code. Details can be found in appendix C (apps. A–F are available
online).
Spousal income takes the form

yit 5 z it1 Mit 5 2f g,   log z itð Þ ∼ N mz t , j
2
z tð Þ, (11)

where zit is an age-dependent lognormal random variable.
Government transfers, tit, provide a consumption floor c as in Hub-

bard, Skinner, and Zeldes (1995) so that

tit 5 max 0, c 2 Ait 1 ϒt rAit , wit , yit , ssbitð Þ 2 Ait11ð Þf g, (12)

where Ait11 represents the asset lower bound at period t 1 1.4

We note that some of our model assumptions are strong. One example
is that we assume that human capital is financed by the worker completely
through foregone wages. In particular, with equation (8) we deviate from
the original Ben-Porathmodel by ignoringmonetary inputs, which would
have to be subtracted from the right-hand side. Relaxing various parts of
this model could lead the firm to finance some of the human capital—for
example, search frictions, asymmetric information, or whether some of
the human capital is firm specific (see, e.g., Acemoglu and Pischke 1998,
1999; Sanders and Taber 2012). However, separating the contributions of
firms and workers to training empirically is notoriously difficult, if not
4 We define the asset lower bound as the amount that each individual can pay back with
certainty before death, as in Aiyagari (1994). Note that from eq. (5), b2 1 AT cannot be
negative. Since the probability of not working at each period is positive, the lower bound
is characterized by the nonnegative consumption so that AT ≥ 2b2. Discounted to period t,
this gives Ait 5 2b2=ð1 1 rÞT2t11.
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impossible. As in Becker (1962) and Rosen (1972), we take human capital
investment as a broad concept assuming that workers have to sacrifice
some current earnings to increase future earnings. In addition to work-
ers’ contribution to training, our wage specification also captures career
choices with a low starting wage but a steeper age-earnings profile. For ex-
ample, a law school graduate could either start as an associate in a law firm
with a relatively low starting wage but very high potential earnings in the
future or choose another career with a higher starting wage but a flatter
age-earnings profile.
C. Solving the Model
Four random variables are realized each period: family status,Mit; spousal
income, yit; the shock in taste for leisure, εit; and the human capital inno-
vation shock, yit. The timing of the model works as follows: between peri-
ods t 2 1 and t, the yit21 and yit21 are drawn determining Ait and Hit, the
Markov process determines Mit, and the leisure shock εit is realized. The
agent then simultaneously chooses consumption, labor supply, human
capital investment, and (when relevant) Social Security application. All
four shocks are i.i.d. conditional on Mit21 from the perspective of the
econometrician and the agent—so agents have no private information
about the value they had before their realizations.
The recursive value function for t < T can be written as

Vt Xitð Þ 5 max
c,‘,I ,ssa

ut c, ‘, ssa;Mit , εit , ai0, pið Þ 1 bE Vt11 Xit11ð Þ ∣ Xit , c, ‘, I , ssa½ �f g
(13)

subject to (1)–(12), where

Xit 5 Mit , Ait ,Hit , ssit , AIMEit , ssbit , εit ; ai0, pif g (14)

is the vector of state variables.Note that AIMEit is relevant only before claim-
ing (ssit 5 0), while ssbit is determined only after claiming (ssit 5 1). That
is, before claiming, AIMEit increases over time but ssbit has not yet been
determined. At the time an individual starts to claim, the benefit (ssbit)
is calculated and relevant for the rest of life, but since AIMEit enters the
model only through its contribution to ssbit, once that has been deter-
mined, AIMEit is no longer relevant. The expectation in (13) is over the
human capital innovation yit, spousal income yit, the leisure shock εit11,
and the Markov draw for the new family status Mit11.
For t 5 T , we write

VT XiTð Þ5max
c,‘,I ,ssa

uT c, ‘, ssa;MiT , εiT , ai0, pið Þ1 bE bðAiT11Þ ∣XiT , c, ‘, I , ssa½ �f g:
(15)
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The solution to the agent’s problem each period is computed in two
stages. We first solve for the optimal choices conditional on the labor
supply status, and then we determine the labor supply decision.
Define ~Xit to be the set of state variables apart from εit. The optimal

consumption Cit0ð~XitÞ, investment I it0ð~XitÞ, and Social Security claiming
SSAit0ð~XitÞ decisions conditional on participating in the labor market
ð‘it 5 0Þ can be obtained from

Cit0
~Xit

� �
, I it0

~Xit

� �
, SSAit0

~Xit

� �� �
; arg max

c,I ,ssa

w t,Mitð Þ c12hc

1 2 hc

1 - tð Þssa 1 bE Vt11 Xit11ð Þ ∣ ~Xit , c, ‘it 5 0, I , ssa
� 	
 �

,
(16)

and the conditional value function for working is defined as

~Vt0
~Xit

� �
; w t,Mitð Þ Cit0

~Xit

� �� �12hc

1 2 hc

1 -ðtÞSSAit0
~Xit

� �
1 bE Vt11 Xit11ð Þj~Xit , Cit0

~Xit

� �
, ‘it 5 0, I it0

~Xit

� �
, SSAit0

~Xit

� �� 	
:

(17)

Notice that since there is no serial correlation in the stochastic shocks of
leisure, εit, the conditional policy and value functions defined in equa-
tions (16) and (17) do not depend on it.
Conditional on not working (‘it 5 1), we can calculate the optimal

consumption and claiming decision from

Cit1
~Xit

� �
, SSAit1

~Xit

� �� �
; argmax

c,ssa

w t,Mitð Þ c12hc

1 2 hc

1 - tð Þssa



1 bE Vt11 Xit11ð Þj~Xit , c, ‘it 5 1, Iit 5 0, ssa
� 	g

(18)

and define the conditional value function for not working to be

~Vt1
~Xit

� �
; w t,Mitð Þ Cit1

~Xit

� �� �12hc

1 2 hc

1 -ðtÞSSAit1
~Xit

� �
1 bE Vt11 Xit11ð Þj~Xit , Cit1

~Xit

� �
, ‘it 5 1, Iit 5 0, SSAit1

~Xit

� �� 	
:

(19)

The optimal labor supply solution is

‘it 5 argmax
‘∈ 0,1f g

~Vt‘
~Xit

� �
1 gðai0,Mit , εitÞ‘

� �
: (20)

This gives a convenient functional form for the expected value function.
To see this, note that

ε*t ~Xit

� �
; log ~Vt0

~Xit

� �
2 ~Vt1

~Xit

� �� �
2 ai0 2o

2

j51

aj1 Mit 5 jf g (21)

(16)
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is the cutoff value of εit that determines work (see app. A for derivation).
Then it is easy to see that the optimal labor supply decision is

‘it 5 1 εit ≥ ε*t ~Xit

� �� �
: (22)

Using properties of lognormal random variables, we show in appendix A
that the expected value function is
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where Φ(⋅) is the cumulative distribution function of the standard nor-
mal distribution.
Finally, note that each component of ~Xit11 is a known function of ~Xit , cit,

‘it, Iit, ssait, yit, and yit (or zit), so to solve for

E Vt11 Xit11ð Þ∣Xit , cit , ‘it , Iit , ssait½ �5 E E Vt11 Xit11ð Þ∣ ~Xit11

� 	
∣ ~Xit , cit , ‘it , Iit , ssait

� 	
we integrate over the distributions of yit, zit, and Mit11.5
D. Unobserved Heterogeneity
We allow for unobserved heterogeneity in ability to learn (pi), initial hu-
man capital (Hi0), and tastes for leisure (ai0). For computational reasons,
we have only nine types determining the joint distribution of (ai0, pi).
Specifically, we model it as a nine-point Gauss-Hermite approximation
of a joint normal distribution, which depends on five parameters: the
mean and variance of ai0, the mean and variance of pi, and the correla-
tion between the two. Respectively, we write this as (ma0

, ja0
, mp, jp, r). We

emphasize that since we are using only nine points, we are not assuming
that the Gauss-Hermite is a good approximation of a normal but rather
taking this as the parameterization itself.
Since human capital is already a continuous-state variable in ourmodel,

we can bemore flexible in its initial value. We allow it to be correlated with
(ai0, pi) through the functional form

Hi0 5 exp g0 1 ga0
ai0 1 gppi 1 nið Þ, (23)

where ni ∼ Nð0, j2
H0
Þ is an i.i.d. normal random variable.
5 ~Xit11 is the set of state variables apart from εit11 at period t 1 1. Explicitly, Mit11 is a var-
iable we integrate over, Ait11 is determined in eq. (10), Hit11 is determined in eq. (6), ssit is
determined by eq. (9), AIMEit and ssbit are described in app. C, and ai0 and pi do not
change.
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IV. Estimation
The estimation of the model is carried out using a three-step strategy.
First, we preset parameters that either can be cleanly identified without
explicitly using our model or are not the focus of this paper. In the sec-
ond step, we estimate the evolution of the state variables involving spouses.
In the third and most important step, we estimate the remaining pref-
erence and production parameters of themodel using indirect inference.
The model is described by equations (1)–(23), and we summarize the pa-
rameters here. The parameters determining unobserved heterogeneity
are ma0

, ja0
, mp, jp, r, g0, ga0

, gp, and jH0
. The additional parameters related

to preferences are the discount rate, b; the intertemporal elasticity of con-
sumption, hc; the consumption shifter, (J1, J2, J3, J4); the taste for leisure,
a1 a2, jε; the bequest parameters, b1 and b2; and the Social Security claiming
parameters, b62, b65, and b65t. Human capital production is determined by d,
aI, aH, and jy. Parameters related to the budget constraint are the interest
rate r and the consumption floor c. There are other parameters used to
determine family status and spousal earnings. Finally, there are initial val-
ues for the state variables, assets, Ai0, and AIMEi0.
A. Preset Parameters
The set of parameters preset in the first stage includes the interest rate,
the time discount rate, initial wealth and initial AIME, consumption floor,
and bequest shifter. One period is defined as 1 year.6 The initial period in
ourmodel corresponds to age 18 and ends at age 80.7 The early-retirement
age is 62, and the normal retirement age (NRA) is 65. The risk-free real in-
terest rate is set as r 5 0:03, and the time discount rate is set as b 5 0:97.
The consumption floor is set as c5 2.19, as estimated in French and Jones
(2011).8

The parameter that determines the curvature of the bequest function
is set as b2 5 222, as in French and Jones (2011).9 We assume that all in-
dividuals start their adult life with no wealth and zero level of AIME at
age 18. These normalized or preset parameters are summarized in table 1.
In appendix E, we show that the results are robust to other alternatives.
6 Midyear retirement might be an issue. However, more than half of workers are never
observed working half-time approaching retirement, so it would not be a major issue.

7 The life expectancy for white males is 74.1 in 2000 and 76.5 in 2010.
8 c 5 4,380=2,000 5 2:19 since we normalize the total time endowment for labor supply

at 1 period as one.
9 It is equivalent to $444,000 in 2004 US dollars. We also tried estimating b2 to see how

the results changed, and the estimate is 215.4 with a standard error of 21.4, so it is neither
statistically nor economically significantly different from the value we set.
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B. Demographics
Given unobserved heterogeneity in our model, we cannot obtain consis-
tent estimates for most of the remaining parameters outside the model.
The exception is spousal demographics because they are unrelated to
unobserved heterogeneity.
We estimate the 3 � 3 Markov transition matrix at each age from the

SIPP data, smoothed by a probit regression on a quartic function of ages.
The results are presented in appendix B. Figures B1a–B1c (figs. B1, B2,
C1, D1, D2, E1–E3, and F1 are available online) plot the transition prob-
abilities at each age, and figure B1d displays the resulting distributions,
which are similar to patterns in the SIPP data and the CPS data. For each
age, we estimate the mean mzt and standard deviation jzt of the logarithm
of the positive spousal income in the SIPP data and then smooth them by
an age quadruple function. Figure B1e plots the estimated mzt and jzt.
C. Estimation Procedure
We apply indirect inference to estimate the remaining parameters of in-
terest, Θ, with

Θ5 ma0
, ja0

, mp, jp, r, g0, ga0
, gp, jH0

,|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
heterogeneity

hc , J1J2, J3, J4,|fflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflffl}
c

a1, a2, jε,|fflfflfflfflffl{zfflfflfflfflffl}
leisure

b1,|{z}
bequest

b62, b65, b65t ,|fflfflfflfflfflfflffl{zfflfflfflfflfflfflffl}
SSA

d, aI , aH , jy|fflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflffl}
human capital

8><
>:

9>=
>;

according to the following procedure.

i) Calculate the auxiliary model from the data.
ii) Iterate on the following procedure for different values of Θ until

the minimum distance has been found.
a) Given a set of parameters, solve value functions and policy func-

tions for the entire state space grid.
TABLE 1
Normalized or Preset Parameters

Parameter Definition Normalized/Preset Value

r Interest rate .03
b Discount .97
A0 Initial wealtha .0
AIME0 Initial AIMEa .0
c Consumption floor 2.19
b2 Bequest shifter 222.0
Note.—The consumption floor is equivalent to $4,380 in 2004 US dol-
lars, since we normalize the total time endowment for labor supply at 1 pe-
riod—which is 2,000 hours—as one. The bequest shifter is equivalent to
$444,000 in 2004 US dollars.

a The initial age is 18.
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b) Generate the life-cycle profile for each simulated individual.
c) Calculate the auxiliary model from the simulation.
d) Calculate the distance between the simulated auxiliary model

and the data auxiliary model.
D. Data and the Auxiliary Parameters
Our primary dataset is the SIPP. The SIPP is comprised of a number of
short panels of respondents, and we use all of the panels starting with the
1984 panel and ending with the 2008 panel. We use the SIPP because it is
a large representative dataset with a panel data element. To focus on as
homogeneous a group as possible, the sample includes only male high
school graduates. Estimation results for college graduates are presented
in appendix F and look broadly similar.
As is standard in the literature on estimation of Ben-Porath-style hu-

man capital, we assume that measured wages in the data correspond to

Wit 5 Hit 1 2 Iitð Þ (24)

in the model. The four things that agents in our model choose are con-
sumption, labor supply, human capital investment, and Social Security
application. We obtain life-cycle data on the three of these that can be
easily observed: consumption, labor supply, and Social Security applica-
tion. Human capital is not observed directly, so we choose moments on
measured wages. We match the life-cycle profile of measured wages and
also life-cycle measured wages conditional on fixed effects, as they look
quite different and we want our model to be able to explain both. Since
depreciation will play an important role in our results, we construct a
measure of human capital decline following spells of nonemployment.
To measure persistence in employment, we also collect data on the tran-
sition rates in and out of work.
An individual in SIPP is observed at most three times each year. Due to

the seam bias problem in SIPP, we use only measures of working and
wages during the survey month. We use only years in which we observe
the worker three times, and if an individual works in two or three of the
observations he is categorized as working in the labor market; otherwise
not.10 We construct the hourly wage as the earnings in the survey month
divided by the total number of hours worked in the survey month and av-
erage across the survey months in a year in which the respondent works.
10 Clearly this aggregation is imperfect, as the model is simulated at an annual basis. Ide-
ally we would simulate the model at the monthly level, but this is not computationally fea-
sible. Our goal is to understand labor supply at the life-cycle frequency, so abstracting from
the monthly frequency does not seem first order.
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We begin estimation of the model from age 22 rather than 18 for two
reasons. First, we have a short panel, meaning that many 19-year-old high
school graduates may return to college after they leave the panel. Sec-
ond, our model does not include any search or matching behavior, which
might be important for the labor supply patterns among very early labor
market entrance as they transition from school to work as suggested by lit-
erature (Topel and Ward 1992; Neal 1999). Our model does overpredict
the labor supply for those individuals.
Eight sets of moment conditions across different ages are chosen to as-

semble the auxiliary model. We use a total of 645,630 panel observations
from 100,298 different respondents.

i) The employment rates, ages 22–65.11

ii) The first moments of the logarithm ofmeasured wages, ages 22–65.
iii) The first moments of the logarithm of measured wages after

controlling for individual fixed effects, ages 22–65.12

iv) The second moments (standard deviation) of the logarithm of
measured wages, ages 22–65.

v) The first moments of adult equivalent consumption, ages 22–
65.13

vi) The Social Security benefit application rates, ages 62–70.
vii) The overall transition probabilities averaged between ages 35

and 50,14

(a) from working to not working or
(b) from not working to working.
viii) The average measured wage change rate after one nonemploy-
ment spell averaged between ages 41 and 65.15
11 We focus on the employment rather than the labor force participation in both data
and the model, as we do not have unemployment in the model.

12 To construct these moments, we first regress log wage on the age dummies and survey
year dummies and obtain the predicted log wage, denoted z. We pick a base age (30) and
calculate the average predicted log wage at the base age for each year, denoted �za,j , where a
represents the base age and j represents the survey year. We then pick a base year y and
calculate the difference of �za,j between each year j and the base year y, denoted Δ�za,j . Finally,
we calculate the difference between the original log wage and Δ�za,j and define the result as
log ~Wit , which is the log wage after filtering out the time fixed effects. We obtain the log
measured wages after controlling for individual fixed effects using a first-difference estima-
tor rather than the fixed effect estimator, as the identification ismuch clearer in the former.

13 The adult equivalent consumption profile is constructed from the Consumer Expen-
diture Survey as in Fernández-Villaverde and Krueger (2007).

14 We want to focus on transition probabilities caused by heterogeneity rather than re-
tirement, so we choose the prime working ages. Choosing a different age period, such as
ages 41–65, does not change the results in any significant way.

15 We choose this close-to-retirement age group to emphasize the depreciation and min-
imize the investment channel. We estimate this parameter as the decline at 12 months
using a local linear regression with a uniform kernel and a bandwidth of 7 months. We ex-
plored this at different months and do not find evidence against the constant rate of depreci-
ation, but the standard errors are quite large.
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Wematch both age-measured wage profiles, with and without controlling
for individual fixed effect, as the two have quite different patterns.
Figures 1A–1E present the six profiles. Figure 1A plots the employment

rates between ages 22 and 65. Figure 1B plots two logmeasured wage pro-
files. The first is the profile from the pooled sample, while the second is
the profile after controlling for individual fixed effects. The original log
measured wage profile has a hump shape, but the one filtering out indi-
vidual fixed effects does not decline within the examined period, which
is between ages 22 and 65. Figure 1C shows the extent to which the vari-
ance of log measured wages increases with age. Figure 1D presents the
adult equivalent consumption profile, while figure 1E illustrates the two
peaks at ages 62 and 65 in the Social Security benefit application ages.
Themost interesting result in figures 1A–1E is the discrepancy between

the age-measured wage profiles with and without controlling for individ-
ual fixed effects. This has been documented in various datasets, includ-
ing the National Longitudinal Survey of Older Men data ( Johnson and
Neumark 1996), the PSID data (Rupert and Zanella 2015), and the Health
and Retirement Survey data (Casanova 2013). These papers find that after
controlling for individual fixed effects, the age-wage profile is flatter than
the hump-shaped age-wage profile estimated using pooling observations,
and it does not decline until one’s sixties or late sixties. One could argue
that this evidence is not consistent with the traditional human capitalmodel
since the traditional human capital model would predict a hump-shaped
wage. The intuition is that when the human capital depreciation outweighs
the investment, wages start to decline, which generates a hump-shaped pro-
file. We show below that this is not necessarily the case as the decline in in-
vestment can offset the depreciation and we can fit the pattern of the wage
profile after controlling for fixed effects. It does make fitting the pattern
more challenging because we need to explain the decrease in labor supply
later in life when there is little evidence that measured wages decline.
To further verify this result, we compare our SIPP results with the Cur-

rent Population Survey (CPS) data. From the CPS Merged Outgoing Ro-
tation Groups (MORG) data, we match the same respondent in two con-
secutive surveys using themethodproposed inMadrian andLefgren (2000),
and we have a short panel with each individual interviewed twice, 1 year
apart.16 We construct a similar short panel from the CPS March Annual
Social and Economic Supplement files. The difference is that the wage in-
formation is collected from the reference week in the CPS MORG data
and from the previous year in the CPS March data.
Figure 1F presents the age-measured wage profiles with or without con-

trolling for individual fixed effects for male high school graduates from
16 For MORG data, they are the fourth and eighth interviews.



FIG. 1.—Data moments and profiles. All panels show variables changing over age. Panel
A presents a dummy variable for employment from the SIPP—defined to be one if workers
are working at least two of the three survey months in a year and zero otherwise. The solid
line in panelB shows the rawmean loggedwage for samplemembers in the SIPPwhoworked
during the survey month, and the dashed line shows the age dummies from a regression on
age dummies with individual-specific fixed effects using a first difference estimator. Panel C
shows the raw standard deviation of the SIPP wage from the sample in B. Panel D uses the
CES to showhow the adult equivalent consumption evolves over age. PanelE plots the age of
Social Security application from the SIPP. Panel F is analogous to B but uses the March CPS
and MORG CPS.
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the 1979–2018 CPS MORG data and the 1989–2018 IPUMS-CPS March
data (Flood et al. 2021).17 We find an even larger discrepancy in the age-
measured wage profiles than in the SIPP data presented in figure 1B. In the
model, this profile corresponds to net earnings Hitð1 2 IitÞ.
The values for the remaining moments (vii and viii) can be seen in the

first row of table 2. One can see that there is substantial persistence in
labor supply and that themeasured wage change following a nonemploy-
ment spell is large.
V. Estimation Results
The estimates of the parameters are listed in table 3. Of particular impor-
tance are the depreciation rate, d; curvature in the human capital produc-
tion function, aI; and jε, which determines the elasticity of labor supply.
Before discussing these parameter values, we examine the fit of themodel
in figure 2 and table 2.18

The first point is that our parsimonious model can reconcile the main
facts in the data: a small increase in labor supply/large increase in mea-
sured wages at the beginning of the life cycle alongwith the large decrease
in labor supply/small decrease in measured wages at the end of the life
TABLE 2
Transition Moments

Model

Transition Probability
Wage Change Rate

after One Nonemployment
Spell

Working to
Not Working

Not Working
to Working

Data .034 .200 2.071
Baseline model .028 .214 2.079
No depreciation at work,
version 1 .022 .196 2.065

No depreciation at work,
version 2 .029 .201 2.056

Model with health and
part-time .030 .178 2.082
17 Time fixed effects are fi
18 The overidentification t

rejected at the 1% level. Th
our model and the size of ou
the statistical criterion, but t
a very good job of capturing
ltered out, as described in n. 12.
est statistic is reported at the bott
e fact that we reject it is not surpr
r sample. One could easily add so
his is not our goal. Our goal is to u
the life-cycle patterns.
Note.—The transition rate is the average transition probability of working to not work-
ing in consecutive years between ages 35 and 50. The average wage change rate after one
nonemployment spell is the average difference in log wages immediately following the non-
employment spell compared with immediately preceding the nonemployment spell be-
tween ages 41 and 65. The first row of data comes from the SIPP. The rest are simulated—
each row corresponding to a different specification.
om of table 3. The model is
ising given the simplicity of
me extra parameters to pass
se a simple model that does
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cycle. The simulated employment rate increases slightly between ages 22
and 30 as shown in figure 2A. More importantly, this simple model is able
to generate amassive decline in labor supply between ages 50 and 65, which
fits the sharp decline of employment rates within that age period in the
data and simultaneously the flatmeasured wage profile in the fixed effect
specification.
Our model generates a similar discrepancy between the log measured

wages with and without controlling for individual fixed effects, as shown
in figures 2C and 2B, and both profiles fit the data well. Log measured
wages, after filtering out individual fixed effects, increase at a decreasing
pace and do not decrease during the examined period (fig. 2C). Alterna-
tively, figure 2B shows that the original logmeasured wage profile presents
TABLE 3
Parameter Estimates in the Baseline Model

Parameter Symbol Estimate Standard Error

Human capital depreciation d .087 .004
Human capital production function: I factor aI .102 .012
Human capital production function: H factor aH .050 .006
Standard deviation of human capital innovation jy .004 .001
Consumption: constant relative risk aversion hc 4.036 .027
Consumption shifter: coefficient on t (�1021) J1 .320 .072
Consumption shifter: coefficient on t2 (�1022) J2 .165 .018
Consumption shifter: coefficient on t3 (�1023) J3 2.043 .001
Consumption shifter: coefficient on married J4 .898 .160
Leisure: standard deviation of shock jε .133 .018
Leisure: spouse not working a1 .201 .023
Leisure: spouse working a2 2.404 .053
Bequest weight b1 59,171,174 8,545,284
Parameter heterogeneity:
Leisure: mean of intercept ma0

25.628 .058
Leisure: standard deviation of intercept ja0

.697 .054
Human capital productivity, mean mp 1.882 .026
Human capital productivity, standard deviation jp .750 .009
Correlation between a0 and p r 2.604 .063

Initial human capital level at age 18:
Intercept g0 1.467 .090
Coefficient on a0 ga0

.024 .008
Coefficient on p gp .577 .040
Standard deviation of error term jH0

.007 .013
Additional Social Security Application effects:
Effect of resource constraint (�1023) b62 .285 .037
Effect of health insurance: constant (�1023) b65 .034 .021
Effect of health insurance: coefficient on t (�1023) b65t .158 .032

x2 statistica (df 5 207) 809
Note.—Indirect inference estimates. Estimates use a diagonal weightingmatrix. The joint
distribution of (a0, p) is a parametric discrete distribution with nine points determined by
these five parameters, using a nine-point Gauss-Hermite approximation.

a This is the J-statistic. The critical value of the x2 distribution is x2
ð207,0:01Þ 5 257.



FIG. 2.—Fit of the baseline model. The dashed line in each panel is directly from the
data and identical to what is shown in figure 1. The solid line simulates the same statistic
over age from the baseline model. All figures show variables changing over age. Panel A pres-
ents a dummy variable for employment. Panel B shows the raw mean logged wage. Panel C
shows the age dummies from a regression on age dummies with individual-specific fixed ef-
fects using a first-difference estimator. Panel D shows the raw standard deviation of wages
from the sample in B. Panel E shows how the adult equivalent consumption evolves over
age. Panel F plots the age of Social Security application.
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a hump shape, which resembles the data profile. Themodel also replicates
the log measured wage variation as in the data (fig. 2D).19

Our model tracks the hump shape and the level of the adult equiva-
lent consumption profile reasonably well (fig. 2E), as well as the two peaks
at ages 62 and 65 in the Social Security application (fig. 2F).20 The model
also generates the similar overall transition probabilities between working
and not working and the average wage change rate after one nonemploy-
ment spell, as shown in table 2.
We obtain our fit of the life-cycle profiles of labor supply and log mea-

sured wages despite the lack of any explicit time-dependent preference
of leisure, production, or constraints in ourmodel. To be clear, we do have
age effects in consumption and in Social Security take-up decisions. In the
models, those features are important for fitting the consumption profile
and the exact pattern of Social Security but not for the key patterns in
our paper: the life-cycle wage and labor supply patterns. We show this ex-
plicitly by reestimating our model without these age-dependent features
and fit these profiles well—but not the hump shape in consumption or
the exact timing of Social Security application. These results can be found
in figure E1.
A key feature of our model makes this fit possible: the combination of

human capital depreciation and the separation between the effective la-
bor and observed labor. We discuss these issues in the following subsec-
tion. We acknowledge that precautionary savings also cause labor supply
to fall late in life. Workers build up a buffer stock of assets, which leads to
lower labor supply late in life. As this is a common feature of many mod-
els, we focus on the more novel aspects of our model.21
A. The Role of Human Capital Depreciation
Our estimate of human capital depreciation in the baselinemodel of 0.087
is quite high as it takes a large value to fit our data. A major issue in fitting
the data is that, as we can see in figure 2C, in the data, once fixed effects
19 For the most part, we find that these basic patterns happen within our unobserved
types. The types are important for explaining the level of the standard deviation of log wages
but do not play a key role in explaining the life-cycle patterns of human capital and labor
force participation.

20 We did not force our model to fit the initial decline at young ages in the consumption
profile of high school graduates for two reasons. First, the initial decline in the data needs
further investigation and could be for reasons not present in our model (e.g., sponsored by
or living with parents). Second, the consumption and leisure are additively separable in
our model, and thus the shape of initial consumption does not affect the labor supply de-
cision in the absence of binding borrowing constraints.

21 Our focus in what follows is understanding how our model fits these facts. Keane and
Wasi (2016) are also able to fit the profile. Their model shares many features with ours, so
presumably much of this is relevant for their fit as well, though their model does differ in
other ways so it will not be identical.
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are accounted for, measured wages are close to flat for ages 50–65 despite
the fact that there is a large decrease in labor supply. As wemention in the
introduction, there are two different aspects of depreciation that are
important.
The first is due to depreciation off the job. In the model, when a man

does not work he cannot invest in human capital and his human capital
falls. This idea is directly reflected in the data through the observed wage
decline after one nonemployment spell, whichwematch. This future wage
decline constitutes a shadow cost of not working. Most importantly, the
magnitudeof this cost varies across the life cycle.Whenworkers are in their
midcareer, the cost is high, but as they get older and the horizon gets shorter
the importance of this shadow cost declines, as does labor supply. When
older workers take time off, their human capital declines and they have
even less reason to reenter the labor market. This is one of the major driv-
ing forces of the decline in labor supply at older ages in spite of flat wages
(after controlling for the fixed effects). The importance of the off-the-job
depreciation can be illustrated by contrasting the simulated wage (labeled
“Mean log measured wages”) with the short-dash-dotted line labeled “log
(H ): all” in figure 3A, which presents the mean of log(H ) but for the full
population, not only workers. From the latter curve, one sees at older ages
(around 60) that the actual human capital level has already depreciated to
a relatively low level, even though the measured wage level is still quite
high. This is due to the decline in investment that happens around that
time, both from the decline in investment on the job and (especially) from
not working at all. When one looks at the large decline in human capital
FIG. 3.—Logmeasured wages, human capital, and investments. These panels are all sim-
ulated life-cycle profiles from the baseline model. In panel A, the solid and dashed lines
show the simulations we use to match wages in figure 2; the short-dash-dotted line and dash-
dotted line show the log of human capital for all men and workers only, respectively. Panel B
presents the average level of investment, Iit, across the life cycle for all men and for workers
only.
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between ages 50 and 60, it is not at all surprising that labor supply has
declined.
The second feature is more subtle but perhaps more interesting. It

arises from a point emphasized by Heckman, Lochner, and Taber (1998a):
measured wages are different than human capital. This distinction between
human capital and measured wages can help reconcile some of this effect.
For example, it is possible for wages to be flat but human capital to be de-
clining. The reason is that wages are equal to Hitð1 2 IitÞ, so it is possible
that Hit is falling but Iit is falling as well to counteract it. The magnitudes
of these effects are dictated by two parameters of the model: d and aI.
Themagnitude of the decline inHit is determined primarily by the depre-
ciation of human capital d. The level of Iit around retirement age depends
in large part on the size of the elasticity parameter of human capital in-
vestment aI. In particular, the larger the elasticity, the more sensitive the
investment to age and the steeper the decline in human capital investment
with age. At the extreme when aI 5 1, one gets a “bang-bang” solution with
full investment to a point and then zero investment thereafter. So for an
increase in (1 2 Iit) to offset the relatively large value of depreciation, aI

needs to be relatively small. Our value of 0.102 is small compared with
others in the literature (see Browning, Hansen, and Heckman 1999).22

For example,Heckman, Lochner, andTaber (1998a) fit the wage data with
amuch larger value ofaI, but ourmodels are quite different in anumber of
ways, including the fact that thismodel includes leisure and in theirmodel
they set depreciation to zero.
One can see the evidence of this feature in figure 3A. The two lines to

focus on are the solid line labeled “Mean log measured wages,” which
shows logðHitð1 2 IitÞÞ for workers, and the long-dash-dotted line labeled
“log(H): working,” which shows log(Hit) for workers. One can see that hu-
man capital for workers peaks around age 45, is roughly flat during
ages 45–55, and then starts to decline. By contrast, themeasured wage keeps
increasing after age 45 andpeaks around 55, after which themeasuredwage
starts declining slowly. This is because investment keeps decreasing. By age 62,
however, since theworkerhas already allocatedmost of his time in effective
working, there is little further room for such adjustment. This distinction is
a feature that helps explain the fall in labor supply at older ages.
To further show the implication of our model for investment, figure 3B

presents the investment profile in our model, which shows significant in-
vestment at older ages. The level and trend are very close tofigure 4 inMul-
ligan (1998; reproduced in fig. E3), who calculates the time spent learning
22 The low estimate of aI comes from the combination of wage and employment pat-
terns. To further confirm this, we estimated a model where we restrict aI > 0:6 and reesti-
mate the baseline model. The estimates are presented in col. 6 of table E2 (tables C1, D1–
D3, E1, E2, and F1 are available online)—we are not able to obtain a good fit with the data
moments, as shown in fig. E2.



000 journal of political economy
skills on the job at a 1976 study of time use by the Survey Research Center.
The shape is also similar to that in Blundell et al. (2021), who find substan-
tial training among older workers—though using data from the United
Kingdom.
To show the significance of the human capital depreciation in match-

ing the labor supply profile and the two log measured wage profiles, we
reestimate the model without depreciation. We tried estimating a model
with no depreciation at all but our best fit of this model was very poor so
we do not discuss it. This again highlights the importance of our first chan-
nel. To understand the second channel, we reestimate a less extreme case
in which we continue to have depreciation off the job but not while work-
ing.23 In the latter alternative model, we assume that human capital de-
preciates only if not working,

Hit11 5
Hit 1 yitpi I

aI

it H
aH

it if  ‘it 5 0,

1 2 dð ÞHit if  ‘it 5 1,

(
(25)

and this model is labeled as the “no depreciation at work” model.
Two versions of the estimation results of this model are listed in table 4.

Neither fit the data, but they miss in different ways. The fits of these two
specifications are shown in the third and fourth rows of table 2 and fig-
ure 4; one can see that they miss different features of the data. Note that
bothmodels still do capturemuch of themain pattern—partly as a result
of depreciation off the job. That is, we do see a large increase in wages at
the beginning of the life cycle and decline in labor supply late in the life
cycle. However, neither model is able to match the profiles of labor supply
and log measured wages simultaneously. In particular, version 1 is able to
fit the logmeasuredwages but to fit the decline in labor supply it requires a
larger labor supply elasticity (standard deviation of leisure shock falls from
0.133 to 0.071), which prevents it from fitting the labor supply level at the
beginning of the life cycle. Version 2 improves the fit on the employment
rates at the beginning by putting selection effects into themodel at the cost
of a worse fit on all three wage measures.24

Given that we have shown that our estimate of a depreciation value d 5
0:087 plays an important role in explaining the pattern of wages and life-
cycle labor supply, it is important to place this value into the range of
23 We have also reestimated a model in which we allow the depreciation while working to
differ from the depreciation off the job. The two estimates are very close to eachother (0.0872
on the job vs. 0.0865 off the job), so as our main specification we keep the version where they
are a single parameter.

24 We also tried looking at this in a different way by estimating very simple versions of this
model with completely exogenous human capital and another with learning by doing (in
which people internalize depreciation when making their labor supply decisions). We find
a similar result—the exogenous model has trouble fitting the labor supply patterns. These
results can be found in app. D.
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estimates in the literature. This is not easily done, as there is a very large
range of estimates and none is directly comparable with our number.
Some are larger than our 8.7% estimate, and others are smaller. There
are broadly three different literatures that estimate related parameters.
The first of these is motivated by family leave for women and tries to esti-
mate the effect of career interruption on wages. It finds estimates ranging
from 1.5% per year to 25%.25 A second literature looks at displacement
TABLE 4
Two Versions of Estimates of Model with No Depreciation at Work

Parameter Symbol

Estimate

Version 1 Version 2

Human capital depreciation d .063 .044
Human capital production function: I factor aI .650 .614
Human capital production function: H factor aH .001 .003
Standard deviation of human capital innovation jy .0001 .001
Consumption: constant relative risk aversion hc 3.944 3.946
Consumption shifter: on t (�1021) J1 1.198 1.176
Consumption shifter: on t2 (�1022) J2 2.132 2.114
Consumption shifter: on t3 (�1023) J3 2.013 2.015
Consumption shifter: coefficient on married J4 .066 .216
Leisure: standard deviation of shock jε .071 .059
Leisure: spouse not working a1 .311 .343
Leisure: spouse working a2 21.017 21.727
Bequest weight b1 83,015,683 85,824,816
Parameter heterogeneity:
Leisure: mean of intercept ma0

24.945 24.907
Leisure: standard deviation of intercept ja0

.664 .584
Human capital productivity, mean mp .537 .589
Human capital productivity, standard deviation jp 1.007 1.507
Correlation between a0 and p r 2.804 2.472

Initial human capital level at age 18:
Intercept g0 2.477 2.382
Coefficient on a0 ga0

.092 .086
Coefficient on p gp .739 .765
Standard deviation of error term jH0

.004 .104
Additional Social Security Application effects:
Effect of resource constraint (�1023) b62 .617 .460
Effect of health insurance: constant (�1023) b65 .471 .097
Effect of health insurance: coefficient on t (�1023) b65t .473 .354

x2 statistica (df 5 207) 1,793 1,859
25 A classic early paper on this topic is Mincer and Pol
depreciation rate of around 1.5% per year. Mincer and O
cuss the difference between short- and long-term losses fr
individuals invest in human capital to offset the initial loss
inition of short-term losses ismore closely related to our co
achek (1
fek (19
om inte
, so Minc
ncept of
974), who est
82) go beyond
rruption. In th
er and Ofek’s
depreciation.U
Note.—Indirect inference estimates. Estimates use a diagonal weighting matrix. The
joint distribution of (a0, p) is a parametric discrete distribution with nine points deter-
mined by these five parameters, using a nine-point Gauss-Hermite approximation.We restrict
the lower bound of p to be 0.001 as we assume a positive marginal productivity of human cap-
ital production.

a This is the J-statistic. The critical value of the x2 distribution is x2
ð207,0:01Þ 5 257.
imate a net
this to dis-
e long run,
(1982) def-
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from theDisplacedWorker Survey and also finds a wide range of estimates—
many of which are not directly comparable with ours.26 A third literature
examines the effect of the length of an unemployment spell on the wage
at rehire. A recent and convincingly identified paper of this type is
Schmieder, vonWachter, and Bender (2016). They estimate the effect us-
ing a regression discontinuity with German data. In Germany, the length
of eligibility for unemployment insurance depends on age, with jumps at
ages 42 and 44. They see an increase in unemployment duration at these
two discontinuity points, so they use the kink points as instruments to es-
timate the effect of the length of unemployment duration on reemploy-
ment wages. They find that one extra month of unemployment leads to a
decrease in wages of 0.8%, which gives an annual rate close to our esti-
mate of 8.7%. Keane andWolpin (1997) is a paper similar in style to ours
and finds an analogue of our depreciation of 9.6% for blue-collar work,
which is close to our estimate. While it looks at women in England, Blun-
dell et al. (2016) is also of a style similar to our paper in the sense that it is a
structural life-cycle model of labor supply and human capital formation.
Interestingly, their analysis also reveals a substantial depreciation of hu-
man capital ranging from 6% to 11%.
B. Elasticity of Labor Supply
The key parameter in our model that determines the elasticity of labor
supply is jε, but its value is hard to interpret. In this subsection, we pro-
vide a measure to help the reader judge the magnitude. Since labor sup-
ply is discrete, we examine the elasticity along the extensive margin. At
the individual level, the labor supply elasticity is zero unless the worker
data methods for the National Longitudinal Survey of Mature Women, they find estimates
ranging from 5.6% to 8.9%. Light and Ureta (1995) use National Longitudinal Survey of
Youth 1979 data and estimate that the immediate effect of a year of nonparticipation in
the labor market leads to a decline in earnings of 25%. Kunze (2002), Gorlich and de Grip
(2009), andAdda, Dustmann, and Stevens (2017) all useGermandata (Institut für Arbeitsmarkt-
und Berufsforschung employment sample and/or German Socio-Economic Panel). Kunze
(2002) finds estimates of about 2%–5% wage losses for women from unemployment spells
but about 13%–18% wage losses from parental leave. Gorlich and de Grip (2009) find a va-
riety of results ranging from around 1.5% to 5% depending on the type of spell. Adda, Dust-
mann, and Stevens (2017) find a range of estimates, typically with small numbers but the
largest being 6.9%.

26 While much of this literature is more focused on earnings than wages, some papers
look at weekly earnings. Both Ruhm (1991) and Farber (1993) estimate the effect of a displace-
ment on reemployment wages and obtain a range of estimates, with most being around de-
clines of 10% but varying from 6.5% to 16.9%. These numbers are not annualized but are
simply from the incidence of displacement. Li (2013) uses the same data but produces an-
nualized versions so that the effects can bemore easily compared with our estimate of d. She
estimates the effects for many different occupations with a huge range of estimates across
occupations. Focusing on the three largest occupations, she finds a depreciation of 9.4%
for installation and repair workers, 7.7% for production workers, and 17.4% for workers in
transportation.



FIG. 4.—Fit of the alternative models with no depreciation at work. The solid line in
each panel is identical to what is shown in figure 1. “Version 1” (dashed lines) and “Ver-
sion 2” (short-dash-dotted lines) refer to two different versions of the estimation results of
the “no depreciation at work”model, with estimates presented in table 4. All panels show var-
iables changingover age. PanelApresents a dummy variable for employment. PanelB shows
the raw mean logged wage. Panel C shows the age dummies from a regression on age dum-
mies with individual-specific fixed effects using a first-difference estimator. Panel D shows
the raw standard deviation of wages from the sample inB. PanelE shows how the adult equiv-
alent consumption evolves over age. Panel F plots the age of Social Security application.
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is exactly indifferent between working or not, in which case it is infinite.
Therefore, we cannot construct the standard Marshallian and Hicksian
labor supply elasticities. However, to compare our elasticity with some-
thing somewhat similar to what is estimated in the literature, we construct
a counterpart to these by increasing the human capital rental rate at dif-
ferent ages by 10% (i.e., from 1 to 1.1) and then simulating the percent-
age change in the employment rate using the baseline model and divid-
ing by the difference in themeasured wage. We call it the analogue to the
empirical elasticity (AEE) and define it formally below as it is an approx-
imation of the extensive margin Frisch elasticity.
Let hb

t represent the employment rate at age t in the baselinemodel and
ht
t represent the employment rate at age t (denoted by the subscript) in the
simulation in which we increase the rental rate at age t (denoted by the
superscript) by 10%. We then define that elasticity to be

AEE ;
log ht

tð Þ 2 log hb
tð Þ

logðwt
t Þ 2 logðwb

t Þ : (26)

While not perfect, we find this to be a convenient summary statistic.27

This summary statistic is plotted in figure 5. One sees a U shape: labor
supply appears to be much more elastic at older ages and at near labor
market entry than in the prime age range 30–50. This basic pattern is sim-
ilar to plots inKeane andWasi (2016) that also showU-shaped elasticities.28

In our case (and presumably theirs as well), this is due in large part to the
shadow cost of leisure. The shadow cost is substantially larger for young
workers than for older workers since the older workers have a shorter time
horizon. As a result, the labor supply of young workers is less responsive to
temporary wage shocks than is the labor supply of older workers. Like
Keane andWasi (2016), it is also due to the density of the tastes for leisure
gt. When the probability of working is closer to 50%, the density of people
close to being indifferent will be larger, which results in a larger elasticity.
For individuals under age 60, these estimates are very close to the esti-

mates of labor supply elasticities found in the literature—though our def-
inition of labor supply is not identical to them so they are not precisely the
same. For example, the early literature estimates the Frisch elasticity being
0.09 (Browning, Hansen, andHeckman 1999), 0.15 (MaCurdy 1981), and
0.31 (Altonji 1986). Chetty (2012) reports extensive (Hicksian) labor sup-
ply elasticities around 0.25 combining estimates frommany different stud-
ies and approaches. Focusing on retirement ages, Rogerson andWallenius
(2013) suggest that the intertemporal elasticity of substitution is 0.75 or
greater given empirically reasonable levels of nonconvexities orfixed costs.
27 Note that while we call it the analogue of the empirical elasticity, it is not precisely that
either, as we have assumed that the changes are perfectly anticipated.

28 Our levels are not directly comparable with theirs.



The average of our estimates between ages 55 and 65 is remarkably close to
theirs.
VI. Roles of Health, Disability, and Part-Time
We have intentionally kept our model simple to show that a simple model
can explain the dramatic fall in labor supply at the end of the life cycle.
However, our next goal is to simulate policy counterfactuals. While we find
it useful to show that we can fit the data with a parsimonious model, there
are other important features that we feel are needed to make the policy
counterfactuals credible. Aside from Social Security rules, which we have
already incorporated, themost important is health (e.g., Currie andMadrian
1999; French and Jones 2011). Given the importance of disability insur-
ance in the United States for this group, it is also important that we incor-
porate disability. We do this by including it as part of health. If the primary
reason for retirement is healthordisability, its omissionmight seriously dis-
tort our results. The second feature we incorporate is part-time work. Most
importantly, we have assumed that retirement involves moving from full-
time work to no work. Working part-time could make that pattern more
gradual. Our next version of the model incorporates both of these fea-
tures, and we refer to it as the extended model.
FIG. 5.—Analogue to the empirical elasticity of labor supply. The solid line presents sim-
ulations of the average value of ðlogðht

t Þ 2 logðhb
t ÞÞ=ðlogðwt

t Þ 2 logðwb
t ÞÞ over the life cycle.
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A. Health and Disability
Ourmain addition is to allow for an additional state variable—health sta-
tus, Sit ∈ fe, g , b, dg, with e being in excellent health, g in good health, b
in bad health, and d being disabled. We model the disability state as ab-
sorbing; it also makes one eligible for certain benefits, including the So-
cial Security Disability Insurance (SSDI) or Supplemental Security Income
(details in app. sec. C.4). Each individual is assumed to have good health
from the beginning of the first period up to age 49, Sit 5 g , t ≤ 49. After
age 49, the health status evolves exogenously according to a time-
dependent probability transition matrix and is realized at the beginning
of each period before any choice is made. This process is estimated out-
side the model.29

We allow the taste for leisure in the utility function (1) to depend on the
health status and potentially change with age,

g ai0,Mit , Sit , εitð Þ 5 exp ai0 1o
2

j51

aj1 Mit 5 jf g 1 a0
hS 1 a1

hS t 1 εit

 !
: (27)

That is, individuals with excellent, bad, or disabled health status have a
different taste for leisure than those with good health, and this difference
changes as they age.30 We normalize a0

hg 5 0 and assume that leisure taste
changes only for nonhealthy people—that is, we assume that a1

he 5 a1
hg 5

0 but estimate a1
hb and a1

hd .
To estimate these five new parameters, {a0

he , a
0
hb, a

0
hd , a

1
hb , a

1
hd }, we include

three more sets of moment conditions: the difference in employment
rates between workers with excellent health and workers with good health,
the employment rate difference between workers with good health and
workers with badhealth, and thedifference betweenworkers with badhealth
and those with disability, across ages 50–65. The data moments are derived
from the CPS March data, and the raw patterns can be seen in figure 6G.
29 The health transition matrix is estimated from the CPS data. We include the health
status from age 50 for two reasons. First, most individuals have excellent or good health
before age 50. Second, this simplification reduces computation time. Figures B2a–B2c plot
the health transition probabilities at each age; fig. B2d plots the distribution of four health
statuses. Between ages 55 and 64, 11.7% of individuals are disabled, close to the actual SSDI
enrollment ratio (10.9%) from the SSA administrative data in 2004 (Autor andDuggan 2006).

30 A key aspect of the thought experiment behind this paper is to not allow preferences
to vary systematically with age in our baseline model. In practice, we can fit the interaction
of health and labor supply in the data only by allowing for an interaction between health
and tastes for leisure in this extendedmodel with health. The main point of this subsection
is to estimate a more general model to improve the credibility of the counterfactual exer-
cises, so even though we are favoring themodel with health by allowing this extra flexibility,
health has a relatively minor role. Health modeled this way also captures its main effect on
future wages via human capital accumulation (e.g., Hokayem and Ziliak 2014; Capatina, Keane,
and Maruyama 2020).
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B. Part-Time Work
We also include the part-time work as a choice in the extended model.
At each period, an individual decides to work full-time (‘it 5 0), to work
part-time (‘it 5 p), or not to work (‘it 5 1). As we did for health, we al-
low the utility from working part-time to vary across ages and is to be
FIG. 6.—Fit of the extended model with health, disability, and part-time option. The
dashed line in A–F is identical to what is shown in figure 1, while the solid line simulates
the same statistic over age from the extended model. All panels show variables changing
over age. Panel A presents a dummy variable for employment. Panel B shows the raw mean
logged wage. Panel C shows the age dummies from a regression on age dummies with
individual-specific fixed effects using a first-difference estimator. Panel D shows the raw stan-
dard deviation of wages from the sample in B. Panel E shows how the adult equivalent con-
sumption evolves over age. Panel F plots the age of Social Security application. In panel G,
“E–G,” “G–B,” and “B–D” refer to the difference in employment rates between workers with
excellent health (E) and workers with good health (G), the employment rate difference
between workers with good health (G) and workers with bad health (B), and the difference
between workers with bad health (B) and those with disability (D), respectively; “Data”
presents mean values from the CPS, while “Simulation” refers to their analogous summary
statistics simulated from the extended model. PanelH is analogous to A, which shows part-
time employment rates from the SIPP (dashed line) and the simulations from the model
(solid line).
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estimated.31 One can see from figure 6H that part-time work is uncom-
mon for the sample we study. We model working part-time as spending
half of the time in the labor market and the other half at leisure. We let ϱt
be the parameter that determines utility frompart-timework. It varies across
ages but not across individuals, and we assume that the utility of leisure as-
sociated with part-time work is g(a0, Mit, εit)ϱt, where

ϱt 5
1

1 1 exp 2a0
ϱ 2 a1

ϱ t 2 a2
ϱ t

2
� � :

We restrict this variable to be in the unit interval, so the utility of leisure
from part-time work lies between no work and full-time work. To estimate
these three new parameters, {a0

ϱ , a1
ϱ , a2

ϱ }, we include the part-time employ-
ment rate at each age from 22 to 65 as additional moments.
If an individual chooses to work part-time, the investment in human

capital is Iit ∈ ½0, 1=2� and the effective work time is 1=2 2 Iit , with wage
earning

wit 5 Hit � 1

2
2 Iit

� �
:

The solution is analogous to the baseline model with binary labor sup-
ply choices. The optimal labor supply solution is32

‘it 5 arg max
‘∈ 0,p,1f g

~Vt‘
~Xit

� �
1 git 1 ‘ 5 1f g 1 ϱt1 ‘ 5 pf gð Þ� �

, (28)

where

Citp
~Xit

� �
, I itp

~Xit

� �
, SSAitp

~Xit

� �� �
; argmax

c,I ,ssa

wtMit

c12hc

1 2 hc

1 -t ssað Þ 1 bE Vt11 Xit11ð Þj~Xit , c, ‘it 5 p, I , ssa
� 	
 �

,

and we define

~Vtp
~Xit

� �
; wtMit

Citp
~Xit

� �� �12hc

1 2 hc

1 -t SSAitp
~Xit

� �� �
1 bE Vt11 Xit11ð Þj~Xit , Citp

~Xit

� �
, ‘it 5 p, I itp

~Xit

� �
, SSAt,p

~Xit

� �� 	
:

(30)

The details of solving this model depend on the three values of ~Vt‘ð~XitÞ
as well as ϱt. We discuss the details in appendix A. In the case in which all

(29)
31 In this sense, our main goal is to test the robustness of our model to inclusion of part-
time work rather than explain part-time work per se.

32 Note that now the ~Xit includes the health status Sit defined previously.
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three options may be chosen,33 the model is like an ordered probit with
cutoffs

‘t 5

0, εit < ε*t1 ~Xit

� �
,

p, ε*t1 ~Xit

� �
< εit < ε*t2 ~Xit

� �
,

1, εit > ε*t2 ~Xit

� �
,

8>><
>>:

where

ε*t1 ~Xit

� �
5 log

~Vt0
~Xit

� �
2 ~Vtp

~Xit

� �
ϱt

 !
2 ai0 2o

2

j51

aj1 Mit 5 jf g,

ε*t2 ~Xit

� �
5 log

~Vtp
~Xit

� �
2 ~Vt1

~Xit

� �
1 2 ϱt

 !
2 ai0 2o

2

j51

aj1 Mit 5 jf g:

The expected value function still has a closed form, but it is complicated
and given in appendix A.
C. Estimation and Investigation
Parameter estimates from our extended model with health, disability, and
a part-time option are presented in table 5. The fit of the model is pre-
sented in figure 6 and table 2. Including health and part-time leads to
a similar fit for the base profiles A–F, and the additional moments for
health in G and part-time enrollment in H fit well. We fit both the age
profile of the relationship between health and labor supply and the slight
increase in part-time work before retirement.34

We conduct two sets of experiments to investigate the importance of
health and the part-time option on life-cycle labor supply. First, as either
health or human capital could potentially explain retirement,35 to con-
trol for health we simulate a counterfactual in which there was no health
change. We eliminate the importance of health for individuals over 50 in
two different ways—(1) we do not allow their health to worsen and
(2) we eliminate the interaction between health and preferences for work.
Specifically, the first experiment restricts the health status an individual
had at age 50 to remain for the rest of their life. In addition to fixing the
health status at age 50, for individuals with bad/disabled health status at
and after age 50, the second experiment assumes that their taste for leisure
33 There are combinations of parameters, state variables, and tastes in which part-time
would not be chosen for any realization of εit.

34 This is something Iskhakov and Keane (2021) had trouble matching.
35 Note that this is not to say they are not separately identified. The extra moments we

use identify the importance of health.



000 journal of political economy
does not change with age. That is, we assume that the taste for leisure is
now

g ai0,Mit , Sit , εitð Þ 5 exp ai0 1o
2

j51

aj1 Mit 5 jf g 1 a0
hS 1 a1

hS � 50 1 εit

 !
, 8 t > 50: (31)

We then re-solve the modified model and simulate the life-cycle profile
for each individual using the same estimates from the aforementioned

(31)
TABLE 5
Estimates in the Extended Model with Health, Disability, and Part-Time Option

Parameter Symbol Estimate Standard Error

Human capital depreciation d .094 .001
Human capital production function: I factor aI .117 .006
Human capital production function: H factor aH .090 .004
Standard deviation of human capital innovation jy .048 .002
Consumption: constant relative risk aversion hc 3.968 .034
Consumption shifter: coefficient on t (�10) J1 .195 .008
Consumption shifter: coefficient on t2 (�102) J2 .103 .003
Consumption shifter: coefficient on t3 (�103) J3 2.033 .001
Consumption shifter: coefficient on married J4 1.704 .066
Leisure: standard deviation of shock jε .453 .022
Leisure: spouse not working a1 2.259 .011
Leisure: spouse working a2 2.694 .045
Leisure: excellent health a0

he 2.259 .012
Leisure: bad health a0

hb .270 .019
Leisure: bad health time trend a1

hb .011 .001
Leisure: disabled a0

hd 2.947 .088
Leisure: disabled time trend a1

hd .016 .001
Part-time utility: constant a0

ϱ 21.314 .043
Part-time utility: coefficient on t (�10) a1

ϱ .251 .014
Part-time utility: coefficient on t 2 (�102) a2

ϱ 2.013 .001
Bequest weight b1 29,080,438 2,396,900
Parameter heterogeneity:
Leisure: mean of intercept ma0

25.867 .069
Leisure: standard deviation of intercept ja0

2.319 .091
Human capital productivity, mean mp 1.826 .042
Human capital productivity, standard deviation jp .652 .028

Correlation between a0 and p r 2.548 .023
Initial human capital level at age 18:
Intercept g0 2.207 .200
Coefficient on a0 ga0

.293 .017
Coefficient on p gp 1.013 .092
Standard deviation of error term jH0

.010 .017
Additional Social Security Application effects:
Effect of resource constraint (�103) b62 .272 .023
Effect of health insurance: constant (�103) b65 .012 .001
Effect of health insurance: coefficient on t (�103) b65t .289 .026

x2 statistica (df 5 291) 913
Note.—Indirect inference estimates. Estimates use a diagonal weightingmatrix. The joint
distribution of (a0, p) is a parametric discrete distribution with nine points determined by
these five parameters, using a nine-point Gauss-Hermite approximation.

a This is the J-statistic. The critical value of the x2 distribution is x2
ð291,0:01Þ 5 350.
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extended model with health and the part-time option.36 The labor sup-
ply profiles of these two experiments are plotted as the long-dashed lines
in figure 7. If the health condition does not change with age, workers do
supply more labor, in both experiments. The average difference in labor
supply between the first counterfactual and the simulation from the ex-
tendedmodel is 13.3%.Whenwe assume that the taste of leisure does not
vary with age for all health status, the difference in labor supply between
the second counterfactual and the simulations from the extendedmodel
is only slightly larger, 14.2%. Therefore, the main feature driving the re-
sults is health status itself, not the parameterization of the utility function.
Overall, these experiments imply that in our extended model health is a
factor influencing retirement but not the primary driver. This result con-
firms findings in the previous literature. French (2005) estimates that the
changes in health attribute to roughly 10% of the drop in the labor force
participation rates between ages 55 and 70, and the contribution to hours
worked by workers near retirement is much smaller. Blau and Shvydko
(2011) also report that health deterioration is an important but notmajor
cause of retirement.
The small effect arises from the fact that bad health is relatively un-

common, not from the fact that it does not affect retirement. To see this,
we show that at the individual (as opposed to aggregate) level, disability
does induce an immediate and permanent decline in labor supply. We do
FIG. 7.—Sensitivity to health preferences: employment rates. This figure shows the life-
cycle labor supply with alternative counterfactuals about health. “Baseline” in both panels
is from our extended model. “Fixed at 50” refers to the experiment where the health status
(A) or the health status and taste for leisure (B) remains as age 50. “All Excellent,” “All
Good,” “All Bad,” or “All Disabled” refers to the experiment where the health status
(A) or the health status and taste for leisure (B) becomes excellent/good/bad/disabled
permanently at age 50, respectively.
36 We are assuming that agents have rational expectations and are aware that their health
status will not change. We have also simulated models in which they are not aware that their
health status will remain fixed—it does not change the basic message.
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this by assuming that a worker’s health status becomes excellent (or good/
bad/disabled) permanently at age 50. Similar labor supply profiles are
plotted in figure 7. These counterfactuals illustrate that upon becoming
disabled, which is permanent, most workers will retire immediately and
permanently.
In the second set of experiments, we investigate the effect of having a

part-time option by simulating a counterfactual that removes this option.
Figure 8 presents the profiles of labor supply and the human capital. It
appears that removing the part-time option does not change the retire-
ment pattern significantly, suggesting that the more flexible labor supply
arrangement is not a major factor in understanding retirement.
VII. Changes in Tax and Social Security
The above sections show that the model fits the life-cycle profiles of labor
supply and log measured wages in the data well. In this section, we use
the model to predict how changes in the tax or Social Security systems
would affect behavior in labor supply, human capital investment, and
the resulting log wage profile. We conduct nine counterfactual policy ex-
periments that reflect various changes in tax and Social Security rules:

i) Increase taxes proportionally by 50% (e.g., from 10% to 15%).
ii) Eliminate the Social Security earnings test.
iii) Increase the NRA from 65 to 67.
iv) Reduce Social Security benefits by 20%.
v) Make the Social Security benefit less progressive.
vi) Make the Social Security benefit depend on the monthly earning

of the last working year.
FIG. 8.—Sensitivity to part-time option: turn off the part-time option. Panel A presents
labor supply over the life cycle, while panel B presents human capital levels. “PT&Health”
refers to the extended model with health, disability, and a part-time option. “No PT” refers
to the experiment that removes the part-time option.
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vii) Eliminate Social Security taxes.
viii) Eliminate Social Security benefits.
ix) Eliminate the Social Security system (both taxes and benefits).

It is important to recognize that we are focusing onmen with exactly 12 years
of education. A full evaluation would require incorporating the other de-
mographic groups as well as accounting for equilibrium effects on wages.
The results of these experiments are summarized in columns 2–10 of

table 6, where panel A is for the extended model with health and part-
time work and panel B is for the baseline model. All numbers are sum-
mations or averages throughout the life cycle (from age 18 to 80). Since
we put more credibility on the extended model, we focus on panel A.37

Column2 shows the result from thefirst experiment. A tax hikehas both
substitution and income effects. The substitution effect discourages labor
supply, while the income effect encourages labor supply. Our first experi-
ment indicates that in our extended model with health and part-time, the
income effect dominates the substitution effect and an average individual
provides a modest 0.84% more of the total lifetime labor supply, or four
additional months over the life cycle.38 Most novel is the effect on human
capital investment, which increases by 0.76%, leading to a 0.84% increase
in the human capital level and a 0.16% increase in themeasured log wages.
The magnitude of the change in investment and human capital is sim-
ilar to the change in labor supply. Investment can increase for two reasons:
it almost mechanically increases when labor supply increases but also in-
creases directly (conditional on working). We find that the orders of mag-
nitude of the two effects are similar but that the second is the larger of the
two.
The direct effect of taxes discourages human capital investment, but the

increase in labor supply (and in particular delayed retirement) increases
human capital investment. The effective labor increases by 0.94%, and
the pretax wage income increases by 1.51%.39 Annual consumption reduces
by 3.2%. Note that these effects are averaged across the life cycle. Figure 9A
shows how the effects change at different ages.
37 To make these two models comparable, we keep the SSDI and Supplemental Security
Income benefit unchanged in all experiments.

38 In our model, leisure and consumption are separable. In the simplest static form of
that model without human capital, whether the income or substitution effect dominates de-
pends on whether hc is larger or smaller than one. We estimate hc to be around four, which is
well within the estimates in the literature, so it is not surprising that the income effect dom-
inates the substitution effect.

39 Other papers have looked at the effects of taxes and human capital with this type of
model. Examples are Heckman, Lochner, and Taber (1998b, 1999) and Taber (2002). These
experiments are quite different, as labor supply makes a large difference here so the results
are not directly comparable.
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Themanner inwhich Social Security rules affect labor supply andwages is
of central interest to policy makers. The remaining eight experiments are
devoted to answering these questions. In the first five, wemanipulate the cur-
rent Social Security rules (cols. 3–7), while in the last three we decompose the
distortionary effects of the current Social Security system (cols. 8–10).
First we remove the Social Security earnings test, which is effective be-

tween ages 62 and 70. In the second one, we delay NRA by 2 years: the
new NRA is age 67 in this counterfactual experiment, while it is age 65
in the baseline model.40 In the third one, we reduce the Social Security
benefit proportionally by 20%. The results are presented in columns 3–5
in table 6 and in figure 9A. Removing the Social Security earnings test
between ages 62 and 70 has a smaller effect on most variables; delaying the
NRA by 2 years has a larger impact, and reducing the generosity of the
Social Security benefit has the largest impact on most variables. For in-
stance, in the extended model they increase the labor supply by 0.02%,
0.42%, and 0.53%, respectively. We again find that changes in investment
and human capital are of similar orders of magnitude as the change in
labor supply (though which is largest varies across the counterfactuals).
One important feature is that while the largest changes in the labor sup-
ply happen later in the life cycle when the policy change is directly effec-
tive, the policy influences choices over the whole life cycle, as indicated in
figure 9A. In terms of understanding the economics behind the effects,
delaying the NRA is particularly interesting as the direct effect does not
occur until later in life. We can see that it induces higher human capital
investment (both directly and through employment contributing roughly
the same amount), resulting in persistently higher human capital levels
and therefore higher wages at older ages. As seen in figure 9A, the wage
difference is small before age 60 but increases substantially after that, reach-
ing 2% around age 67. Our results are echoed in Gohl et al. (2020), who
estimate a related effect directly and find that employed women aged 53–
60 increase their human capital investment substantially when the early-
retirement age is increased from 60 to 63 in Germany. Ignoring such a hu-
man capital or wage response in experiments involving retirement policy
will most likely introduce bias. The budget calculation in table D3 shows
that these three experiments reduce the Social Security deficit by 0.4%,
27%, and 43%, respectively.
In the next two experiments, we introduce more dramatic changes to

the current Social Security rules. In column 6 of table 6, wemake the Social
Security benefits less progressive by totally flattening the benefit formula
in equation (C4),
40 Note that when we do this we adjust the claiming “norm” captured in eq. (4) to 67 as
well. We have also run this counterfactual without changing this. It yields results that are
qualitatively similar but larger in magnitude.



FIG. 9.—Policy experiments: change taxes or Social Security benefits. For each panel, the
lines represent the difference between the counterfactual experiment versus the simulated
values from the extendedmodel over the life cycle, either in levels (Δ) or percentages (%Δ).
Each line comes from a different policy experiment described above. “Increase tax 50%”
refers to increasing taxes proportionally by 50%. “No ET” refers to no Social Security earn-
ings test. “NRA5 67” refers to moving the NRA to age 67. “Reduce SS 20%” refers to reduc-
ing Social Security benefits by 20%. “Linear PIA” refers to a flat Social Security benefit.
“AIME5last wage” refers to changing the formula so that Social Security benefits depend
only on the last wage before claiming. “NoSS taxes” refers to eliminating Social Security taxes.
“No SS benefits” refers to eliminating Social Security benefits. “No SS system” refers to elim-
inating both taxes and benefits.
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PIAit 5 l � AIMEit ,

where l 5 0:4475 is chosen such that the Social Security benefit is close
to budget neutral in the extended model with health and part-time op-
tion.41 A less progressive Social Security system induces more investment
in the human capital and slightly more labor supply (1 month). In col-
umn 7, we modify the calculation of AIME—for example, equation (C5),

AIMEit11 5 wt1 lt < 1f g 1 AIMEit1 lt 5 1f g
such that the AIME depends on the monthly earning of the last working
year only. This induces human capital investment to be redistributed
more toward Social Security claiming ages, and overall it reduces labor
supply by 1.6 months. This case leads to a large increase in human capital
investment—much larger than the effect on labor supply. This makes sense
as this policy directly rewards human capital accumulation rather than in-
directly by affecting labor supply.
In the last three experiments, we decompose the effect of the current

US Social Security system into the individual effects of the Social Security
taxes and the Social Security benefit. In column 8 of table 6, we keep the
Social Security benefit but eliminate the Social Security taxes (the payroll
taxes);42 in column 9, we remove the Social Security benefit completely
but keep the Social Security taxes; in column 10, we remove the entire So-
cial Security system—that is, both the Social Security taxes and the bene-
fit. Removing the Social Security taxes in the extendedmodel induces an
average individual to supply 3.5% less labor or 17 months. This is not sur-
prising because removing the Social Security taxes is essentially a univer-
sal cut in the tax rate. In our tax hike counterfactual, the income effect
dominates the substitution effect, as is true for the cut in Social Security
taxes as well. Analogously, removing the Social Security benefit induces
more labor supply. The increase in the labor supply is 6.0%,which is higher
than the 3.5% reduction of labor supply in the case of removing Social
Security taxes. The combination of these two effects leads to the results in
the last experiment where both the Social Security taxes and the benefit
are removed. Column 10 indicates that eliminating the current Social Se-
curity system increases average labor supply by 1.2% or 6months over the
life cycle. Such observation is also mentioned qualitatively in Gustman
and Steinmeier (1986) and Rust and Phelan (1997). Figure 9B shows that
the changes in the labor supply and log wages are most pronounced at
old ages when either taxes or benefit is removed in the Social Security
system. In all three experiments, the effects on investment and human
41 The “SS Benefit” in panel A of table D3 is 20.006% in col. 5, close to zero.
42 The income taxes are still effective.
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capital are of a similar order of magnitude as labor supply, except in the
last experiment where the change in investment is much smaller.
Another point worth emphasizing is that in almost every policy coun-

terfactual, the changes in the endogenously determined wage levels are
substantial. This is especially true at old ages (between ages 60 and 75):43

as high as 3%–7% when removing the earnings test, delaying NRA by
2 years, reducing the Social Security benefit, or adjusting the AIME cal-
culation; up to27% when making Social Security less progressive; up to
35% when removing Social Security benefits; up to 220% when remov-
ing Social Security taxes; or up to29% when removing the entire Social
Security system. These are caused by changes in the human capital levels
as a result of higher or lower investment. This makes the importance of
endogenizing human capital clear. Ignoring the human capital investment
channel would generate substantial bias in terms of predicting labor sup-
ply at old ages in similar experiments.
Panel B of table 6 presents the results of experiments from the base-

line model. The responses to the policy changes are qualitatively similar
to the extended model across all experiments.
VIII. Conclusion
This paper develops and estimates a rich life-cycle model that merges a
Ben-Porath-style human capital framework with a neoclassical-style life-
cycle model of endogenous labor supply and uses it to examine changes
in the taxes and the Social Security system. We use it to study life-cycle
labor supply with a particular focus on older individuals, which is typically
referred to as retirement. In themodel, each individual chooses consump-
tion, labor supply, human capital investment, and Social Security applica-
tion. Investment in human capital generates wage growth over the life cy-
cle, while depreciation of human capital is the main force generating a
decline in working for older workers. We show that the parsimonious
model is able to fit the main features of life-cycle measured wages (with
and without fixed effects), labor supply, and retirement. In particular, we
can fit both the large increase in measured wages and small changes in la-
bor supply at the beginning of the life cycle along with the small changes
in measured wages but large changes in labor supply at the end.
Despite the fact that our framework does not rely on age- or time-varying

preference or production function parameters, our model is consistent
with a rather small and empirically plausible labor supply elasticity that rises
with age. To show the importance of depreciation in explaining the re-
sult, we reestimate the model without allowing depreciation on the job and
show that themodel cannot fit the data as well. We also estimate an extension
43 The employment rate is very low after age 75 so the wage comparison is less interesting.



human capital, labor supply, retirement 000
of the model allowing for both health shocks and a part-time option. While
these factors are relevant, they are not the main factors driving retirement.
The model is also robust to several robustness checks in which we vary
preset parameters.
We use the estimated model to simulate the impacts of various policy

changes. While previous work typically takes the wage process as given
and focuses on the retirement decision, we are able to model the effect
of the policy change on the wage process and the labor supply decisions.
As we show in our model, less generous Social Security benefits result in
higher labor supply later in the life cycle, so workers adjust their investment
over the life cycle. This results in a higher human capital level as well as
higher labor supply earlier in the life cycle. Themagnitude of these results
is roughly similar to the change in labor supply. The bottom line is that
modeling labor supply and human capital decisions jointly is critical in
an analysis of the effects of policy changes. While presumably other fac-
tors would be important for explaining other features of labor markets,
endogenous labor supply is critical for understanding life-cycle human
capital investment, and life-cycle human capital investment is critical for
understanding life-cycle labor supply.
Data Availability
Data and the code to replicate the results in the tables and figures can be
found in theHarvard Dataverse, https://doi.org/10.7910/DVN/EHXLE4
(Fan, Seshadri, and Taber 2023).
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