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Abstract

This dissertation considers two different issues in macroeconomics. The first chap-

ter reconciles the savings rate profile with the earnings profile by education. The

second chapter tries to uncover the health production function.

In the first chapter, I reconcile the savings rate profile with the earnings profile

by education. The permanent income hypothesis suggests that an individual with

a steeper income profile should save a lower fraction of his income. However,

life-cycle profiles of the savings rate in U.S. data are at odds with this prediction.

College graduates, who on average experience a much steeper income profile than

non-college graduates, exhibit a higher savings rate profile. To reconcile this, I

incorporate imperfect information about deterministic (ability, skill) and stochas-

tic (shock) components of earnings profiles into a life-cycle model of consumption

with heterogeneous agents and incomplete markets. I find that the imperfect infor-

mation model is able to achieve a higher savings rate profile for college graduates.

Higher skill heterogeneity for college graduates, which calls for a precautionary

savings motive under imperfect information, accounts for this at the early ages. As

labor market outcomes are realized, this uncertainty is gradually resolved. How-

ever, agents with low ability, who fail to accumulate assets in the early period, are

unable to dissave in the later period. This accounts for the higher savings rate
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for college graduates at the later ages. I also quantitatively assess an alternative

hypothesis, different time preference rates, for the savings rate gap by education.

I conclude that accounting for the savings rate profile that we see in the data

requires an unrealistically large gap between the time preference rates of the two

groups.

In the second chapter, I try to uncover the health production function. Just like

any production or consumption activity, the production of health involves both

time and goods. For example, a typical household in the U.S. spends $3,000 on

health each year and 20 minutes per day on exercise activity. However, most ex-

isting studies that incorporate health accumulation into life-cycle models focus on

the expenditure as the only input for health production. Based on detailed data

from the Medical Expenditure Panel Survey (MEPS) and the American Time Use

Survey (ATUS), I construct the life-cycle profiles of health status, health expendi-

ture, and time allocated to exercise. I find that there are important and interesting

differences in the profile of inputs and output of health: (i) more educated indi-

viduals are persistently healthier, (ii) health expenditures across education groups

are similar, and (iii) more educated individuals allocate persistently more time to

exercise. These profiles imply that the educational gaps in time allocated to exer-

cise might contribute to the educational gaps in health capital. To quantitatively

assess this, I compute a life-cycle model with an augmented health production

function. I find that the higher relative efficiency of exercise to expenditure for

more educated individuals might account for inputs and output of health at the

early ages. However, it does not have much effect at the later ages, since the aging

effect trivializes the education effect in the health production technology.
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1 Why Do College Graduates

Save More? Imperfect

Information about Ability

1.1 Introduction

The permanent income hypothesis suggests that an individual with a steeper in-

come profile should save a lower fraction of his income. However, life-cycle profiles

of the savings rate in U.S. data are at odds with this prediction. College gradu-

ates, who on average experience a much steeper income profile than non-college

graduates, exhibit a higher savings rate profile. To reconcile this, I incorporate

imperfect information about earnings profiles into a life-cycle model of consump-

tion with heterogeneous agents and incomplete markets.

Based on various measures of savings from the Panel Study of Income Dy-

namics (PSID), the Survey of Consumer Finances (SCF), and the Consumer Ex-

penditure Survey (CEX), I establish the fact that college graduates have a higher

savings rate than non-college graduates over the life-cycle. The fact that more
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educated individuals tend to save more is also well known from the previous stud-

ies.1 However, these studies do not offer any coherent explanation for the higher

savings rate profile for the better educated that we observe in the data.

Life-cycle income profile is decomposed into deterministic (ability, skill) and

stochastic (shock) components. Under imperfect information framework, individ-

uals observe their labor income at a given point in time but they don’t observe its

components separately. They have prior beliefs on the components of their earn-

ings profile, which are updated in a Bayesian learning method. The resolution of

uncertainty gradually occurs as labor market outcomes are realized. Individual

consumption decisions depend on the priors of each component. For instance, indi-

viduals who experience permanent increase in their earnings assign the probability

to the case that the increase in their labor income is a temporary one. Instead of

consuming more in response to this increase, they accumulate more assets due to

the consumption smoothing motive. College graduates, despite their steeper labor

income profile on average, face a larger heterogeneity in their skill components.

The pronounced higher skill heterogeneity for college graduates, which calls for

a precautionary savings motive under imperfect information, paves the way for

flipping the savings rate gaps both at the early stage and at the later stage of the

life-cycle.

1In analyzing the decline in the personal savings rate in the U.S. in the 1980s, Attanasio
(1998) uses the CEX and finds that the savings rate is considerably higher for better educated
individuals. Juster et al. (2005) use the PSID to distinguish active and passive savings during
the 1980s-1990s and show that college graduates save more than less educated individuals.
Finally, Dynan et al. (2004) compute the savings rate via a regression of the savings rate on
education using the CEX, SCF and PSID from the 1980s. In their regressions, they control for
various instruments such as labor earnings of the head and wife. They find that more educated
individuals save more.
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Higher skill heterogeneity generates more precautionary savings for college

graduates. This driving force itself is able to obtain higher savings rate for college

graduates at the early stage of the life-cycle. This uncertainty is resolved over

time as labor market outcomes are realized. However, the imperfect information

model is still able to obtain higher savings rate for college graduates at the later

stage of the life-cycle. This stems from the fact that low ability agents, who

expect higher earnings under imperfect information in the early period, fail to ac-

cumulate the assets that they would otherwise. In the later period, these agents

learn that they in fact have low ability in regard to their earnings. However,

they are unable to dissave at the later stage, since they do not have much wealth.

This explains why college graduates save more even at the end of the work period.

I also quantitatively assess an alternative hypothesis, different time preference

rates, for the savings rate gap between education groups. I do computational

analyses with time preference heterogeneity under the perfect information case.

The underlying assumption with this hypothesis is that the schooling decision

critically depends on patience. So college graduates and non-college graduates

might be different in their timing of consumption. Based on the computational

analyses, I show that accounting for the savings rate profile that we see in the

data requires an unrealistically large gap between the time preference rates of

the two groups. Also, I show that a moderate heterogeneity in time preference

rates, which can explain the savings rate gap at the early ages, fails to explain

the savings rate gap at the later ages.2 The failure of the perfect information case

with time preference heterogeneity to explain the savings rate gap at the later

2Dynan et al. (2004) also find little support for theories to explain the positive correlation
between the marginal propensity to save and lifetime income by relying solely on time preference
rates.
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stage of the life-cycle results from the fact that, among college graduates, agents

with low ability, who also have a low time preference rate, accumulate so many

assets in the early period that they dissave too much at the end of the work period.

Labor income risk plays a central role in the savings decision of individuals.

For a life-cycle model with perfect information to explain the savings rate gap

profile by education, one possibility would be that college graduates have sub-

stantially higher uncertainty in their labor income shock process. However, my

empirical analysis shows that there is no such variation in shock process across

education groups.3 The observed heterogeneity in shock process does not have

much explanatory power for savings rate profiles by education.

There are various reasons why it is important to understand the different

savings behavior across education groups. First, it opens a door for optimal cap-

ital taxation across demographic groups, since the tax incidence depends on how

strong the savings motive is. Second, and more directly, it provides an opportunity

to design an optimal mix of college subsidy and taxation. The multi-dimensional

effect of reform proposals can be analyzed more coherently if they are taken into

account in the same framework. Finally, clarifying why college graduates save

more helps us to better understand the wealth inequality in the data as the upper

tail of the wealth distribution is highly concentrated with college graduates.4

Imperfect information has recently been incorporated into macro-labor mod-

3Guvenen (2009), with a different specification than the one in this paper, also shows that
the estimated persistence and variances of income shocks are similar across education groups.

4See the Appendix for the distribution of college graduates in the U.S. wealth quantiles.
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els to explore explanations for different stylized facts. In a study with a life-cycle

model of consumption choice, Guvenen (2007) explains the increasing consump-

tion inequality over the life-cycle. Venkateswaran (2011) uses an imperfect in-

formation setup in a search model to explore the effect of imperfect information

on the cyclicality of recruitment activity. Sanders (2011) studies an occupational

choice model and uses a similar framework to explain worker mobility across dif-

ferent task ratios. In this paper, I investigate a different question, one that seems

puzzling from the standard view of the permanent income hypothesis. I try to

reconcile the savings rate profile with the earnings profile by education.

The study in this paper is based on ex-ante heterogeneity in labor income pro-

files. In the empirical analysis, I show that college graduates, who have steeper

earnings profiles, also have greater heterogeneity in their skill components. Becker

(1975) sets the theoretical basis by emphasizing the heterogeneity in human cap-

ital investments across equally able individuals. Mincer (1974) and Card (1994)

find empirical evidence for the higher rates of earnings growth for more educated

individuals. Previous studies support income profile heterogeneity (Lillard and

Weiss (1979), Baker (1997), Haider (2001)). In a paper with structural estimates

of a dynamic model of schooling, work, and occupational choice decisions, Keane

and Wolpin (1997) draw our attention to the skill components of the labor income

profile by finding that ex-ante heterogeneity accounts for 90% of the variance in

lifetime utility. Guvenen (2007) shows that a basic version of the heterogeneous

income profile model is able to match the increase in consumption inequality over

the life-cycle whereas the baseline of a restricted (no growth heterogeneity) income

profile model is not. Guvenen and Smith (2012) use the joint dynamics of con-
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sumption and income using panel data to conduct a formal structural estimation

and they find that differences in income growth rates are large.

The paper proceeds as follows. Section 1.2 shows the empirical analysis using

the data and the methods for labor income profiles estimation and savings rate

computation. Section 1.3 presents the imperfect information model. Section 1.4

shows the computation results of the model. Section 1.5 considers an alternative

hypothesis, time preference heterogeneity, for savings rate profiles. Section 1.6

concludes.

1.2 Empirical Analysis

This section shows the data analysis for (i) the estimation of the parameters of the

labor income profiles and (ii) the computation of the savings rate. For the former,

I use the 1968-93 waves of the Panel Study of Income Dynamics (PSID). For the

latter with various definitions of the savings rate, I use various data sources: the

1984-89 waves of the PSID, the 1983-89 panel of the Survey of Consumer Finance

(SCF), and the 1980-93 waves of the cross-sectional Consumer Expenditure Sur-

vey (CEX).

1.2.1 Earnings Profile

I estimate the parameters of the heterogeneous income profiles for college and

non-college graduates. First, I present the relevant data. Second, I show the
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statistical method used in the estimation process. Then, I show the estimation

results and the implications.

PSID Data: The PSID is a U.S. panel data set that provides the longest earnings

history for each household. Labor earnings are drawn from data on the male heads

of the family over the 1968-93 period. An individual is included in the sample if

he (i) is between 25 and 64 years old, (ii) has at least 9 years of education, (iii) has

between 520 and 5200 annual hours of work, (iv) earns an hourly wage between $2

and $400 in 1993 dollars, (v) is interviewed for at least three years, and (vi) is the

same head at the time of these interviews. I consider the individuals with 16 years

of education or more as college graduates and with 15 years of education or less

as non-college graduates. There are around 16,000 individual-year observations

for the former and around 48,000 individual-year observations for the latter.

Statistical Model: I assume that log labor earning profiles are quadratic in

working experience (Mincer (1974)). This specification makes the interpretation

of the coefficients more straightforward, since the individual fixed effect is assumed

to be quadratic in experience as well. In addition, this assumption is fairly empir-

ically innocuous in the sense that higher order polynomials in experience do not

improve the fit much (Heckman et al. (2003)). I run the regressions separately

for college and non-college individuals. For notational simplicity, I suppress the

education subscripts. The log labor earnings of an individual i at year t, yi,t, is

specified as follows.

yi,t =

deterministic︷ ︸︸ ︷
(γ0,t + γ0,i) + (γ1,t + γ1,i)xi,t + (γ2,t + γ2,i)x

2
i,t +

stochastic︷ ︸︸ ︷
zi,t + εi,t (1.1)
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where xi,t is the potential experience calculated as (agei,t−max(schoolingi,t, 12)−

6). γ0,t, γ1,t, γ2,t are means of skill levels and allowed to be time varying. The time-

dependent life-cycle components capture the skill-biased technological change that

has been occuring for the last three decades; this change is well established in the

previous studies. γ0,i, γ1,i, γ2,i are individual fixed effects in intercept, linear, and

quadratic components of the skill. These skill components are distributed across

individuals with means of zero, variances of σ2
γ0
, σ2

γ1
, and σ2

γ2
, and covariances of

σγ0γ1 , σγ0γ2 , and σγ1γ2 .

The shock components are modeled as an AR(1) process

zi,t = ρzi,t−1 + ηi,t (1.2)

plus a purely transitory shock. The innovations ηi,t and εi,t are assumed to be

independent of each other, over time, and the skill components, with zero mean,

and variances of σ2
η and σ2

ε .

After obtaining the residuals from a regression of log labor income on the

quadratic polynomial in experience, I apply the minimum distance estimation

method (Chamberlain (1984)) to get the second-order moments of the income

residuals. The estimation method is based on minimizing the distance between the

elements of the empirical covariance matrix of income residuals and its counterpart

implied by the specification. The source of identification is the variance-covariance

matrix of the residuals. I use the autocovariances up to the 25th order, where

the aim is to use as much available information as possible. The variances and

covariances of the residuals for an individual with an experience of x at any year

of observation can be obtained as follows:
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var(yi,t − yt) = σ2
γ0

+ σ2
γ1
x2 + σ2

γ2
x4 + 2[σγ0γ1x+ σγ0γ2x

2 + σγ1γ2x
3] +

σ2
η

x−1∑
j=0

ρ2j + σ2
ε

cov(yi,t+n − yt+n, yi,t − yt) = σ2
γ0

+ σ2
γ1
x(x+ n) + σ2

γ2
x2(x+ n)2 +

σγ0γ1(2x+ n) + σγ0γ2(x
2 + (x+ n)2) +

σγ1γ2(x(x+ n)2 + x2(x+ n)) + ρnσ2
η

x−1∑
j=0

ρ2j

Through these formulas, I obtain the direct averages of innovation variances,

σ2
η and σ2

ε . An alternative would be to allow heteroskedasticity in them, obtain

time-variant estimates, and use the averages of the estimates. However, the latter

process would entail grouping the residuals according to time as well, which would

lead to very few observations in each moment equation. On the other hand,

applying the former process brings about more observations for each equation

that is used to estimate the second-order moments. More specifically, I solve

min
c

[∑
i

(di −m(c))

]′
W

[∑
i

(di −m(c))

]

where W is the weighting matrix, d is the vector of elements of the variance-

covariance matrix of income residuals, and m is the corresponding model variance-

covariances depending on the parameters c to be determined. I do the estimation

in two stages depending on the weighting matrix used. In the first stage, I use
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the identity matrix as the weighting matrix. In the second stage, after obtain-

ing the first stage estimates ĉ, I use W = L−1 as the weighting matrix, where

L = var(di −m(ĉ)) is the covariance matrix weighted by the number of observa-

tions that contribute to each moment. After obtaining the second stage estimates

c̃, I obtain var(c̃) = (G′WG)−1(G′WLWG)(G′WG)−1, where G = ∂(di−m(c))/∂c

is the Jacobian of the vector of moments and L is again obtained with the second

stage estimates c̃.

Empirical Findings: An OLS regression of log labor income on the quadratic

polynomial in potential experience gives the time variant estimates of γ0,t, γ1,t,

and γ2,t. The time averages of these estimates5 are used as the average levels for

the skill components, γ0, γ1, and γ2. Table 1 presents the education dependent

means of skill components.

At the beginning of the life-cycle, labor income growth for college and non-

college graduates turns out to be 6% and 4%, respectively. Note that there are

lessening effects depending on the level of experience due to the quadratic com-

ponent. However, they are small relative to the linear component, especially at

low levels of experience. On average, college graduates have steeper labor income

profiles than non-college graduates.

Table 2 presents the estimates of the variances and covariances of skill compo-

nents. The variance of the intercept component in skill, σ2
γ0

, for college graduates

is around 1.5 times as high as the one for non-college graduates. More important,

5See the Appendix for the implications with the obtained time-dependent estimates.
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the dispersion of the linear component in skill, σ2
γ1

, for college graduates is 2.5

times as high as the one for non-college graduates. Also, the dispersion of the

quadratic component in skill, σ2
γ2

, for college graduates is more than 3 times as

high as the one for non-college individuals.

However, the shock process does not vary much across education groups. Ta-

ble 3 shows the estimates of the shock process by education. The persistence

parameter of the AR(1) process, ρ, turns out to be 0.835 for college individuals

and 0.844 for non-college individuals. The variance of persistent innovation, σ2
η,

turns out to be a little higher for college individuals, whereas the variance of the

purely transitory component, σ2
ε , becomes a little higher for non-college individ-

uals. Overall, the estimation results of the shock components are not likely to

generate different savings motives across education groups.

Figure 1 plots the log labor income profiles for different skill groups within

each education group. Panel A plots the profiles for college graduates with an

average level of skills (solid line) and with one standard deviation in the linear

skill component (dashed lines). Panel A also plots the profiles for non-college

individuals with an average level of skills (dash-dot line) and with one standard

deviation in the linear skill component (point lines). Panel B plots the same pro-

files but with one standard deviation in the quadratic skill component. These

figures show that the skill components overlap across education groups and skill

heterogeneity is much higher for college graduates. Notice that the effect of the

quadratic component on income inequality grows more rapidly as the cohort gets

older but it remains secondary to the effect of the linear component, especially at
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the beginning of the life-cycle.

Table 4 decomposes the total log earnings inequality into its skill and shock

components. This decomposition shows that the increase in income inequality over

the life-cycle is mainly driven by skill heterogeneity for both education groups.

The increase in income inequality is much higher for college graduates. Higher

skill heterogeneity leads to this. The share of the skill components in total income

inequality increases from 33% to 66% for college graduates. The corresponding

shares for non-college graduates are 32% and 53%.

I further decompose the skill heterogeneity into its intercept, linear, and quadratic

components. Table 5 shows the decomposition. Among the skill components, the

effect of the intercept component goes down over the life-cycle. The quadratic

component plays a non-trivial role toward the end of the working period but its

effect is small at the early stage of the life-cycle. However, the linear component

plays a substantial role in earnings heterogeneity both at the early and at the

later stages of the life-cycle.

1.2.2 Savings Rate Profile

This section shows samples in detail from various surveys for savings rate compu-

tations. Using the various definitions of saving from the PSID, the SCF, and the

CEX data, I robustify the fact that college graduates save a higher share of their

income than non-college individuals. Education and age of the households are

determined according to the head. For the sample, I include male heads only for
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comparability with the data used in the estimation. I also include female heads for

the robustness check (not reported) and obtain similar savings rate profiles. The

sample selection process is similar to the one described in the estimation analysis.

PSID Data: I use the first two waves, 1984 and 1989, of the wealth data from

households with the same characteristics that are used in the estimation. Savings

rate is computed as the change in real net worth between 1984 and 1989 divided

by five times the average of total real household after-tax income in 1983, 1984,

1985, 1986, 1987, and 1988. Since this variable spans several years, it is likely to

be a less noisy measure of average saving than a one-year measure. Net worth is

calculated as the sum of the net value of the main house, vehicles, farm and busi-

ness, other real estate, checking and savings accounts, stocks, and other assets. I

classify ages according to 1984. For instance, a 59-year-old individual means that

he is 64 years old in 1989 and retired. Households that save or borrow more than

their after-tax income, which correspond to 5% of the data, are considered outliers

and are dropped from the sample. My sample includes 568 and 1,487 individuals

for college and non-college individuals, respectively.

SCF Data: The SCF is a triennial interview survey of U.S. families that contains

high quality information about assets and liabilities as well as total income before

taxes for the calendar year preceding the survey. For savings rate calculations, I

use the 1983-89 SCF panel, which contains 1,479 households that were surveyed

in 1983 and then again in 1989. The age groups are classified according to 1983.

Hence, I classify the last age group as those ages 45 to 58. Households that save or

borrow more than their after-tax income are considered outliers and are dropped
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from the sample. The outliers correspond to around 10% of the data. My sample

includes 1,836 observations, which implies 612 households since each household’s

data are repeated three times with different random draws of imputed variables.

The savings rate variable is defined as the change in real net worth between

1983 and 1989 divided by six times the average of total real household income in

1982 and 1988. Similar to the definition in the PSID, this variable is a less noisy

measure of average savings than a one-year measure. Net worth is calculated as

the value of financial assets (transaction accounts, certificates of deposit, savings

bonds, bonds, stocks, investment funds, retirement accounts, cash value of life in-

surance and other managed assets), primary residence, other real estate, vehicles,

business equities, and other nonfinancial assets minus credit card debt, real estate

debt, vehicle debt, business loans, home loans, and other consumer loans.

CEX Data: Harris-Sabelhaus extracts of the CEX, available from the NBER,

are used for computations of the savings rate. The processed data collapse the

hundreds of spending, income, and wealth categories into a consistent set of cate-

gories across all years, so the data are useful for analyzing the average individual

savings rates using all available years. About 5,000 households have been inter-

viewed in each quarter since 1980 in the CEX survey. Each household remains

in the survey for four quarters and then is rotated out and replaced with a new

household. It has detailed expenditure data which makes it possible to construct

different definitions of consumption and therefore of saving. The harmonized data

are available up to 2002. Available surveys from 1980 to 1993 are used in order

to have a fair comparison with the data used in the estimation analysis of the
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labor income profiles. I also look at whole surveys from 1980-2002 and the results

(not reported) show that savings rate patterns are similar across education and

age groups. A household head is included only if he is interviewed for a full year

and is a complete income reporter. Furthermore, households that save or borrow

more than their after-tax income are considered outliers and are dropped from

the sample. The outliers correspond to around 5% of the sample for each case. I

am left with around 16,000 households.

Four different measures of the savings rate are defined in the CEX data. The

first one, CEX(1), defines the savings rate as the change in net worth divided by

after-tax income. Net worth includes both housing and non-housing assets and

liabilities.6 The other three measures define the savings rate as the difference

between consumption and after-tax income divided by after-tax income. These

three measures are different in the sense that they use different definitions of

consumption. The first of these, CEX(2), uses consumption as total household

expenditures. The second one, CEX(3), equals total household expenditures plus

rental equivalence for homeowners minus expenditures on new and used vehicles,

mortgage payments, expense of handling life insurance, and expenditures on fur-

niture and other durable household goods. This definition considers expenditures

for houses and vehicles as part of saving. I further subtract expenditures on health

and education from CEX(3) in order to obtain the last measure of the savings rate,

CEX(4). CEX(4) considers health and education as investments in human capital.

6Non-housing assets and liabilities include change in checking accounts, saving accounts,
stocks, bonds, own firm and businesses, private pension and other retirement contributions,
vehicle loans, installment credit, and amount owed to the consumer unit.
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Savings Rate Gap by Education: The average savings rate by age and edu-

cation for each sample is presented in Table 6. Using different definitions of the

savings rate and various data sources, we can observe from the results that col-

lege graduates save more than non-college graduates for all age groups considered

during the work period.

In the early stage of the life-cycle, the 25-34 age cohort, college graduates save

more than non-college graduates by two to eight percentage points. In the later

stage of the life-cycle, the 55-64 age cohort, the former group still saves a higher

fraction of their income than the latter group by two to nine percentage points.

Between these two age groups, during middle age, a higher savings rate for college

graduates prevails.

1.3 Model

This section outlines the life-cycle model of consumption with heterogeneous

agents, incomplete markets, and imperfect information, where the information

problem is about an individual’s earnings profile.

1.3.1 Imperfect Information Model

Demographics: The economy is populated by overlapping generations of indi-

viduals of age j = 1, 2, ..., jR, ..., J , where jR is the mandatory retirement age
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and J is the maximum life span.7 Each period a continuum of individuals are

born with population growth rate n. Each individual i is born with a completed

level of education denoted by ed. Each education group consists of individuals

with various skill levels denoted by sk. Each individual has one unit of time as

an endowment in each period. The conditional probability of surviving from age

j − 1 to j is ψj. The time-invariant distribution of generation j can be obtained

by µj = ψj

1+n
µj−1. The capital market is incomplete: the individual is allowed to

borrow assets up to a.

Preferences: Individuals do not derive utility from leisure and therefore supply

their labor endowment inelastically throughout the working period. All individu-

als have identical preferences on consumption good, c.

u(c) =
c1−σ

1− σ
(1.3)

where σ is the coefficient of relative risk aversion. Each newborn individual’s aim

is to maximize the present discounted value of his expected lifetime utility.

E

 J∑
j=1

βju(ci,j)

 (1.4)

where β is the subjective discount factor.

Labor Endowments: Individuals’ log labor endowment profiles, {yi,j,ed,sk}jR−1j=1 ,

are heterogeneous in terms of deterministic (ability, skill, ex-ante) and stochastic

(shock, ex-post) components.

yi,j,ed,sk = γ0,ed + γ1,ed,skj + γ2,edj
2 + zi,j + εi,j (1.5)

7For notational simplicity, I suppress the individual time t subscripts. I use them only if
necessary.
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zi,j = ρzi,j−1 + ηi,j (1.6)

where γ0,ed and γ2,ed are education-specific means of the intercept and quadratic

skill components. They are allowed to be education variant, but within each ed-

ucation group, skill heterogeneity is not allowed in them. Skill heterogeneity is

allowed to exist in the linear component with γ1,ed,sk ∼ N(γ1,ed, σ
2
γ1,ed

).

The stochastic component of income is modeled as a persistent AR(1) process

with persistence parameter ρ plus a purely transitory shock. The persistent inno-

vation ηi,j and transitory innovation εi,j are assumed to be independent of each

other, over time, and the skill component, with zero mean, and variances of σ2
η

and σ2
ε .

Bayesian Updating: Workers observe their labor income each period but not

the components separately. They start with prior beliefs on each component.

After each income realization, they update their priors, obtain their posteriors, and

construct their next period prior beliefs. Their updating process is implemented

in a Bayesian learning fashion. I use the state-space representations of the Kalman

filter for the Bayesian learning equations as follows. For notational simplicity, I

suppress the education and skill subscripts from the relevant vectors. Let Hj =

[j; 1], Vi,j = [0; ηi,j] and

F =

 1 0

0 ρ

 Si,j =

 γ1,ed,sk

zi,j

 P =

 σ2
γ1,ed

0

0 σ2
z


The income process can be represented as yi,j = HjSi,j + εi,j. Let Q and R be

variances of Vi,j and εi,j. Let Sei,j denote prior means and Pj denote prior variances
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as follows:

Sei,j =

 γe1,ed,sk,i,j

zei,j

 Pj =

 σ2
γ1,ed,j

0

0 σ2
z,j


Evolutions of prior means and prior variances can be represented as follows:

Sei,j+1 = F
[
Sei,j +Gj(yi,j −HjS

e
i,j)
]

(1.7)

Pj+1 = F
[
Pj −GjH

′
jPj

]
F ′ +Q (1.8)

where Gj = PjHj[H
′
jPjHj + R]−1 is the Kalman gain. Note that Pj evolves in a

deterministic manner and independent of individual realizations of labor income.

Finally, expected earning has a normal distribution conditional on agents’ beliefs

yei,j+1|Sei,j+1 ∼ N(H ′j+1S
e
i,j+1, H

′
j+1Pj+1Hj+1 +R) (1.9)

Firm Production: There is a representative firm that operates with a constant

returns to scale production technology.

Y = F (K,N) = AKαN1−α (1.10)

where α is capital share, A denotes the level of technology, N is the aggregate

labor efficiency, and K is the aggregate capital, which depreciates each period at

rate δ.

Government Services: There is a social security tax τ imposed on labor income

to fully fund the pay-as-you-go social security system. Retired agents of education
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ed and skill sk obtain retirement benefit bed,sk. The retirement benefit is a constant

proportion of the agent’s lifetime earnings from labor income, which is given as:

bed,sk =
κ

jR − 1

jR−1∑
j=1

yj,ed,sk (1.11)

where κ is the pension replacement ratio and yj,ed,sk is the average earning at age

j, education ed, and skill level sk. The government also collects all the assets of

deceased agents and distributes them to each surviving individual in all genera-

tions as an equal amount of accidental transfer tr.

1.3.2 Recursive Formulation

This section describes the individual’s problem in a dynamic programming fashion.

A working individual from generation j, with education level ed, and skill level

sk has state variables {aj, yj,ed,sk, Sej}, where aj is the asset holdings carried into

the period, yj,ed,sk is the observed log labor income, and Sej denotes priors on

unobserved components of income, γe1,ed,sk,j and zej . Then, the worker’s recursive

problem for j ≤ jR − 1 is as follows:

Vj(aj, yj,ed,sk, S
e
j ) = max

aj
u(cj) + βψj+1E[Vj+1(aj+1, yj+1,ed,sk, S

e
j+1)|yj,ed,sk, Sej ]

subject to

aj+1 + cj = aj(1 + r) + (1− τ)exp(yj,ed,sk)w + tr

aj+1 ≥ a

and Bayesian updating equations (7)-(9). Expectation is taken with respect to a

conditional distribution of yj+1,ed,sk. During the retirement period, there are no
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labor earnings and hence no information problem. A retired individual’s state

variables at a point in time diminish to only aj. The retiree’s recursive problem

for j ≥ jR is as follows:

Vj(aj) = max
aj

u(cj) + βψj+1Vj+1(aj+1)

subject to

aj+1 + cj = aj(1 + r) + bed,sk + tr

aj+1 ≥ a

1.3.3 Equilibrium

Let x ≡ {a, y, Se, j, ed, sk} be the individual state vector with asset a > a, ob-

served labor income y ∈ [y, y], priors on components of labor income Se, age

j = 1, 2, ..., J , education level ed ∈ [ed, ed], and skill level sk ∈ [sk, sk]. Given the

survival probabilities {ψj}Jj=1 and labor income probabilities π(y′|y), a stationary

recursive competitive equilibrium is a set of: (i) value functions V(x), (ii) decision

rules {c(x), a(x)}, (iii) prices {r, w}, (iv) aggregates {N,K}, (v) fiscal variables

{τ, tr, bed,sk}, and (vi) time-invariant distributions µ(x) such that:

1. Given the prices and fiscal variables, the individual’s decision rules optimally

solve the value functions.

2. The input markets are competitive: r = FK(K,N)− δ and w = FN(K,N).

3. Markets clear:

K =
∑
X

aµ(x)
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N =
∑

X|j<jR

exp(yj,ed,sk)µ(x)

F (K,N) =
∑
X

c(x)µ(x) + (δ + n)K

4. Distributions are consistent with individual behavior:

µ(x′) =
∑
X

1a′=a(x)1S′e=Se(x)Π(y′|y, Se, j)µ(x)

5. Social security benefits equal taxes:

τwN =
∑

X|j≥jR

bed,skµ(x)

6. The accidental transfer satisfies:

tr =
∑
X

(1− ψj)aµ(x)

Since this economy does not feature aggregate shocks, preferences are of the

CRRA class, the prior means never exceed the bounds of the components of labor

income due to the Bayesian updating, there exists a unique stationary equilib-

rium, and any initial distribution eventually converges to the unique invariant µ

(Huggett (1993)).

1.4 Results

In this section, I present the performance of the imperfect information model.

First, I show the parameterization strategy. Second, I show the computation re-

sults. Third, I re-do the computational analysis for the cases in which there is no

information problem and compare the results.
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1.4.1 Parameterization

Education-specific skill level parameters are obtained from estimation results. Ta-

ble 7 shows the parameters of the labor income profiles by education that are used

in the computation of the model.

I keep the shock component parameters the same across education groups,

since the data analysis shows that estimates are almost similar. Also, I focus on

the pure effect of the educational gap in skill heterogeneity on the savings rate

gap. As explained so far, heterogeneity is allowed in the linear component of

skill. Therefore, parameterization for labor income profiles does not consider the

heterogeneity in the intercept and quadratic components of skill. Covariances are

taken to be zero between the skill components. Given all these, I shrink the linear

skill heterogeneity for each education group.

Other parameters of the imperfect information model are summarized in Table

8. The model period is set to one year. The individuals are assumed to be born

at the real age of 25 (corresponds to j=1) with an exogenously given level of edu-

cation: the college share of the population is picked to be 30%, as observed in the

data. All individuals are assumed to be employed until the mandatory retirement

age at jR = 41 (real age of 65). The maximum life span is chosen as J=56, which

corresponds to the real age of 80.

Conditional survival probabilities {ψj}Jj=1 are taken from the U.S. Life Tables

2005. The population rate n = 0.3% is pinned down by the retirees/workers

population ratio, which is 20% in the data. The capital market is incomplete
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and individuals are not allowed to borrow, a = 0. The coefficient of relative risk

aversion is set to σ = 2, which is commonly used in the macro literature and

implies an intertemporal elasticity of substitution in consumption of 0.5. The

subjective discount factor β = 0.998 is calibrated to match the capital/output

ratio of 3. The firm’s technology level A = 0.8422 is pinned down to normalize

the unit efficiency wage to one. The depreciation rate of capital δ = 0.0637 is

picked to match the investment/output ratio of 20%. The capital share in the

production function α = 0.36 is picked to be standard. The social security tax

rate turns out to be 10% to clear the pay-as-you-go social security system. The

accidental transfer tr = 0.07 clears the accidental transfer market. Retirement

benefits are education and skill dependent. There are 7 skill cohorts within each

education group. These are within -3 to 3 standard deviations of the average linear

skill. The retirement benefits are: bcol = [0.22, 0.30, 0.43, 0.65, 1.02, 1.69, 2.90] and

bncol = [0.22, 0.26, 0.32, 0.39, 0.49, 0.62, 0.79].

1.4.2 Model Performance

At Table 9, I summarize the average savings rate by education group over the

life-cycle from the data and the model.

The imperfect information model is able to obtain a higher savings rate for

college graduates by 2 percentage points at the early stage of the life-cycle. This is

within the range of savings rate gaps observed in the data. During middle age, the

imperfect information model performs well. It is able to obtain the educational

savings rate gap that we see in the data. At the last stage of the work period, col-

lege graduates still save more than non-college graduates by 2 percentage points,
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which we observe in the data.

Figure 2 plots the evolution of the prior variance of the linear component in

skill. For both education groups, the resolution of uncertainty is gradual. For

instance, 50% of the initial uncertainty is resolved at age 35 for college graduates;

95% of the initial uncertainty is resolved at age 55 for the same education group.

Figure 3 plots the real profiles of average earnings for each education group

with their 95% confidence intervals of prior beliefs in skill. Belief profiles are con-

structed according to the prior variance at the age of 25, 45, and 60. We observe

that uncertainty is gradually resolved and the prior intervals shrink over the life-

cycle.

To better understand the performance of the imperfect information model, I

re-do the computation analysis under different cases. First, I consider the per-

fect information case in which the earnings profiles are exactly the same but this

time agents have full information about the components of the earnings profiles.

Second, I consider the deterministic income case in which the deterministic com-

ponent of the earnings profiles are the same but this time there are no shock

components. Table 10 compares the results of these two cases.

Under the perfect information case, college graduates save less than non-college

graduates by 1.1 percentage points at the early stage of the life-cycle. Also, during

middle age, the perfect information case is far from explaining the savings rate

gap by education. Furthermore, perfect information fails to generate a higher
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savings rate for college graduates at the end of the work period. In the age cohort

of 55-64, college graduates save a lower share of their income than non-college

graduates by 1.5 percentage points.

Under the deterministic income case, where there is no uncertainty at all,

college graduates initially save less than non-college graduates by 2.3 percentage

points. Again, during middle age, the deterministic income case is far from ex-

plaining the savings rate gap patterns that we observe in the data. Finally, at

the later stage of the life-cycle, college graduates still save less than non-college

graduates by 0.8 percentage point.

Now, I explain in detail why the imperfect information case matches the sav-

ings rate profiles that we observe in the data, while the perfect information case

fails. To analyze this, I compare the perfect information case with the imperfect

information model by looking at the skill decomposition of the educational savings

rate gap in Figure 4 for the early ages and in Figure 5 for the later ages.

In Figure 4, I plot the results for the early stage of the life-cycle, the 25-34 age

cohort. Due to the higher skill heterogeneity, the imperfect information model is

able to generate more precautionary savings motives for college graduates with

high skills. At the low skill levels, individuals expect higher earnings in the fu-

ture. Hence, the imperfect information model generates less of a savings rate gap

between education groups at the low skill levels. On average, the perfect infor-

mation case generates a -1.1-percentage-point savings rate gap between education

groups, while the imperfect information model achieves a 2.0-percentage-point
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savings rate gap. This establishes the fact that the imperfect information model

is able to achieve the savings rate gap that we see in the data at the early ages.

In Figure 5, I plot the results for the later stage of the life-cycle, the 55-64 age

cohort. At the high skill levels, the imperfect information model and the perfect

information model generate similar savings rate gaps between education groups.

This happens because almost all of the uncertainty is resolved and the two models’

performance converges from the view of high skilled agents. The distinction be-

tween these two models comes from the low skill groups. The perfect information

case generates a much lower savings rate for college graduates. This is because

the earnings of low skill agents peak at the early age. They save a higher fraction

of their income under perfect information to smooth their consumption. However,

this is not the case for the imperfect information model. Under the imperfect in-

formation model, low ability agents, who expect higher earnings in the future, do

not accumulate assets at the early ages. Even after these agents learn that they

are, in fact, low ability, they are unable to dissave since they do not have much

wealth. On average, college graduates save more than non-college graduates by

2.1 percentage points under the imperfect information model, whereas the perfect

information case generates a -1.5-percentage-point educational savings rate gap,

in conflict with the data. This establishes that the imperfect information model

is able to generate a savings rate gap even at the end of work periods.
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1.5 An Alternative Hypothesis: Time Prefer-

ence Heterogeneity

In this section, I quantitatively assess an alternative hypothesis, different time

preference rates between education groups. I let education groups have different

discount factors under the perfect information case. The underlying story behind

this hypothesis is as follows. With greater investment in education and other

forms of human capital, college graduates might be considered farsighted group.

Being farsighted, they might choose more rapid growth in their consumption pro-

files over the life-cycle. This would make them inclined to save more during the

work periods. Under the perfect information model, I allow college graduates to

have a higher discount factor than non-college graduates and try to see how much

time preference heterogeneity we need to explain the savings rate profiles that we

observe in the data. I summarize the results of this computational analysis in

Figure 6.

Figure 6 plots the savings rate gap obtained under the perfect information

model over the discount factor gap by education groups for both early ages (solid

line with triangles) and later ages (dotted line with circles). At ages 25-34, the

perfect information model requires a 1-percentage-point difference in the discount

factor to obtain 2-percentage-point savings rate gap. With 2-percentage-point

difference in the discount factor, the perfect information model is able to ob-

tain around a 5-percentage-point higher savings rate for college graduates. In

this respect, a reasonable heterogeneity in time preference rates between the two

education groups is able to obtain the savings rate gap at the early ages under
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the perfect information model. However, the perfect information model with time

preference heterogeneity fails to explain the savings rate gap at the later ages. For

the time preference rate heterogeneity hypothesis to achieve a just positive savings

rate gap between college graduates and non-college graduates, we need more than

a 3-percentage-point difference in the discount factor between education groups.

Even though this much heterogeneity is not able to explain the savings rate

gap at the later ages, this much of a gap in the discount factor is unrealistically

large and more than the estimates found in previous studies.8 For the perfect

information model to obtain a 2-percentage-point higher savings rate for college

graduates at the later ages, we need much more than a 4-percentage-point dif-

ference in discount factors between education groups. These analyses establish

that the time preference heterogeneity hypothesis fails to explain the savings rate

profiles we observe in the data.

For further explanation to why this is the case, I will consider and compare

the results of a 1-percentage-difference in the discount factor under the perfect

information case with the results of the same discount factor under imperfect in-

formation model. Table 11 summarizes the savings rate profiles for these two cases.

Note that these two cases obtain the same savings rate gap at the early ages.

However, at the later ages, the imperfect information model performs much bet-

ter. While the imperfect information model with identical time preference rates

8Cagetti (2003), in an analysis of wealth accumulation over the life-cycle, estimates that
college graduates have a higher discount factor by 1.3 percentage points. Gourinchas and Parker
(2002), in a life-cycle analysis of consumption, estimate that college graduates have in fact a
lower discount factor by 2 percentage points.
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across education groups is able to achieve a 2-percentage-point savings rate gap,

the perfect information model with a 1-percentage-point gap in the discount fac-

tor, β, obtains a -0.9-percentage-point savings rate gap.

The failure of the time preference heterogeneity hypothesis to explain the sav-

ings rate profile is examined further in Figure 7 and Figure 8, where I plot the

educational savings rate gap over the skill groups as I did before. I include the

performance of the perfect information case with time preference heterogeneity.

Figure 7 shows that while both cases obtain a 2-percentage-point savings rate

gap between education groups, the underlying dynamics are different. The differ-

ence in the time preference rate leads the savings rate gap profile to shift up over

the skill cohorts, whereas the imperfect information model flattens the profile.

These differences in dynamics lead to the predominance of the imperfect infor-

mation model at the later ages. Figure 8 plots the savings rate gap over the skill

groups for the 55-64 age cohort.

Figure 8 shows that time preference heterogeneity is unable to change the

failure of the perfect information model to explain the savings rate profile by

education groups. It obtains a similar profile over the skill groups since it is still

the perfect information model and low ability agents are able to dissave because

of the assets they accumulated before. However, under the imperfect information

case, as explained before, low ability agents, who expect higher earnings in the

future, fail to accumulate assets at the early ages and hence are unable to dissave

at the later ages. This establishes the fact that the imperfect information model
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alone is able to achieve the savings rate profile by education at both ends of the

work period while the different time preference rate hypothesis fails to explain the

savings rate profile by education at the later ages.

1.6 Conclusion

The fact that college graduates, who on average have steeper earnings profiles,

exhibit a higher savings profile over the life-cycle is puzzling from the aspect of

the permanent income hypothesis in a life-cycle model with perfect information.

However, a life-cycle model with imperfect information, where the information

problem is about the earnings profile, is capable of reconciling the odd evidence

we see in the data. Higher skill heterogeneity for college graduates, which calls for

a precautionary savings motive under imperfect information, is able to generate

a higher savings rate profile for college graduates over the life-cycle. At the early

ages, the higher skill uncertainty itself is able to obtain a savings rate gap by

education. As labor market outcomes are realized, this uncertainty is gradually

resolved. However, within the dynamics of the imperfect information model, low

ability agents are unable to dissave at the later ages. This is due to the fact that

they expect higher earnings in the future under the imperfect information model.

This generates higher savings rate for college graduates at the later ages. To sum-

marize, the imperfect information model is able to generate the savings rate gap

profile that we see in the data. The imperfect information model provides us with

an environment to explain the positive correlation between permanent income and

the savings rate.

I quantitatively test the alternative hypothesis that college graduates are more
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patient than non-college graduates. The computation analysis shows that while a

reasonable gap in time preference rates between the two groups is able to obtain

a higher savings rate for college graduates at the early ages, it fails to obtain a

higher savings rate at the later ages. The different time preference rate hypothesis

fails to reconcile the savings rate profile with the earnings profile by education.

For future work, it would be interesting to endogenize labor supply choice un-

der the imperfect information model and explore the working hours profile by

education groups. It would be interesting to separate precautionary savings and

precautionary hours under such an imperfect information framework.
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2 Uncovering the Health

Production Function Using

Life-Cycle Profiles

2.1 Introduction

It is well-known that exercise can reduce morbidity from many diseases (U.S. De-

partment of Health and Human Services 2002). Millions of Americans suffer from

chronic diseases that can be prevented through regular exercise.1 This situation

has substantial economic consequences for the U.S.2 Despite its high economic

value, exercise as a health investment has been one of the understudied factors in

the macro-health literature.

1The National Health Interview Survey 2002 reports that 12.6 million people suffer from
coronary heart disease, 1.1 million people suffer from heart attack, 50 million adults (27% of
adults) are obese, 107,000 people are newly diagnosed with colon cancer each year, 17 million
people have diabetes (about 90% of which is type 2, which is associated with obesity from
inactivity), and 300,000 suffer from hip fractures.

2According to the National Institutes of Health 2000, the estimated total cost of major
chronic diseases is: $183 billion for heart attack, $117 billion for obesity and overweight, $157
billion for cancer, $100 billion for diabetes, and $65 billion for arthritis.
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Just like any production or consumption activity, the production of health in-

volves both time and goods. For example, a typical household in the U.S. spends

around $3,000 on health each year and around 20 minutes per day on exercise ac-

tivity. However, most existing studies that incorporate health accumulation into

life-cycle models focus on the expenditure as the only input for health production.

To explore the effects of exercise on health, I try to uncover the health production

function using life-cycle profiles of inputs and output of health.

Uncovering the exact nature of the health production technology is impor-

tant for evaluating health policies, often designed to alleviate the financial stress

of households and government agencies. Most health insurance plans have de-

ductible and copayment provisions (Gruber (2002), (2005)). Out-of-pocket ex-

penditure makes up a considerable share of total health expenditure. Medicare

does not cover prescription drugs. Depending on the substitutability between

the health expenditure and exercise, changes in government health insurance pro-

grams might lead to reallocation of inputs in an agent’s health investment.

Based on detailed data from the Medical Expenditure Panel Survey (MEPS)

and the American Time Use Survey (ATUS), I construct the life-cycle profiles of

health status, health expenditure, and time allocated to exercise. I find that there

are important and interesting differences in these profiles: (i) more educated indi-

viduals are persistently healthier, (ii) health expenditures across education groups

are similar, and (iii) more educated individuals allocate persistently more time to

exercise. These facts imply that the educational gaps in exercise contribute to the

educational gaps in health capital. To quantitatively assess this contribution, I
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calibrate a life-cycle model with an augmented health production function. Com-

putation results suggest that more educated individuals have a higher relative

efficiency of exercise to expenditure. However, this accounts for educational dif-

ferentials only at the early ages. As agents get older, the aging effect trivializes

the education effect in the health production function.

The fact that a more educated individual is a more efficient producer of health

has been mentioned in previous studies (Grossman (1975), (2000), (2008), Fuchs

(1982), Kenkel (1991)). While the strong positive correlation between education

and health capital might stem from the causality from health to education at the

early stages of life or a third variable such as differences in the rate of time pref-

erence, this paper depends on the causality from education to health. Grossman

(1975) combines these three alternative, but not mutually exclusive, explanations

and finds that there is still a pure positive causality from education to health.3

This efficiency can take two forms: (i) productive efficiency, which implies that

a more educated individual obtains higher output from a given amount of inputs

and (ii) allocative efficiency, which pertains to the situation in which education

increases the information about the true effects of inputs on health. Kenkel (1991)

analyzes the latter and shows that more educated individuals are more likely to

choose healthy life-styles: they are less likely to smoke, less likely to heavily con-

sume alcohol, and more likely to participate in vigorous activity. Cutler and

Lleras-Muney (2006) consider various mechanisms for the relationship between

education and health. They argue that obvious economic explanations such as

occupation and income can explain only a part of the education effect. They sug-

3In fact, in his estimation, the effect of schooling on health turns out to be 3%, compared to
a 5.5% percent effect of schooling on the wage rate.
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gest that higher levels of education lead to different thinking and decision-making

patterns.

In his seminal paper, Grossman (1972) sets up the theoretical foundations of

demand for health inputs. An individual’s health is considered as a stock that

depreciates at an age-dependent rate. It can be improved by investment, which

can take place in a variety of ways, e.g., consumption of medical services, nutri-

tion, and occupational choice (Cropper (1977)). Palumbo (1999) takes medical

expenses as uncertain and explains the slow dissaving of the elderly. In a general

eqilibrium overlapping generations model, Attanasio et al. (2008) explore Medi-

care financing where health expenditure is taken as an exogenous process. Jeske

and Kitao (2009) endogenize health insurance decision but treat health expen-

diture as an exogenous shock. De Nardi et al. (2010) explore the roles of risky

medical consumption in the savings of single retired agents. Halliday et al. (2009)

endogenize the medical expenditure and investigate the underlying reasons that

lead to increased medical consumption over the life-cycle. Ozkan (2011) separates

curative and preventive medical expenditures to explore the hump-shaped age

profile of medical expenditures of the poor relative to the rich. However, none of

these papers consider exercise as an input into health investment. Khwaja (2007)

analyzes the effects of Medicare on individual health incentives and finds small

levels of moral hazard in exercise among the elderly due to Medicare. He models

exercise only at the extensive margin because of the data limitations of the Health

and Retirement Survey. He does not exploit the intensive margin, which is asso-

ciated more with the substitutability between inputs of health investment. Podor

and Halliday (2011) explore the effect of health status on the allocation of time.
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They find a positive effect of health on market production and a larger effect on

non-market production. In this paper, I explore the contribution of exercise to

health differentials.

The importance of time allocated to physical activity has been emphasized

in different frameworks. Russell et al. (2007) study time spent on a variety of

health-related activities and report that exercise makes up the vast majority of

total time spent on health. Saffer et al. (2011) find, in their estimation, that

the racial-ethnic-gender differentials in non-work physical activity contribute to

the health gradients. Mullahy and Robert (2008) explore the effect of time con-

straints on physical activity and find that educational attainment is positively

related to time allocated to exercise on weekends/holidays, but not on weekdays,

which implies that the higher opportunity cost of time may be most acutely felt

during weekdays. Wolin et al. (2008) suggest that low levels of discretionary time

may serve as a barrier to physical activity among socio-demographically diverse

populations.

At retirement, the opportunity cost of spending time on exercise declines, since

individuals no longer forgo wages to engage in it. This generates a discontinuity

in time allocated to exercise. Such discontinuities can be found in previous stud-

ies that analyze exercise over the business cycle. Colman and Dave (2011) find

that recreational exercise tends to increase as employment decreases. Aguiar et

al. (2011) look at the time allocation during recessions and show that individuals

allocate 5% of forgone market hours to their time investment in their own health

care. For the same reason, Ruhm (2000) documents that recessions are good for
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individuals’ health.

The rest of the paper is organized as follows. Section 2.2 shows the empirical

analysis. Section 2.3 presents an intuitive static framework and sets up the full

dynamic model. The parameterization strategy is shown in Section 2.4. Section

2.5 shows the model’s performance. Section 2.6 concludes.

2.2 Empirical Analysis

This section describes the data used to construct the life-cycle profiles of inputs

and output of health. For health capital and health expenditure, the Medical

Expenditure Panel Survey (MEPS) is used. For time allocated to exercise, the

American Time Use Survey (ATUS) is used. In what follows, I describe each

sample in detail.

2.2.1 Health Profiles

To construct the life-cycle profiles of health capital and health expenditure, I

use the 1996-2009 waves of the Household Component (HC) of the Medical Ex-

penditure Panel Survey (MEPS). The MEPS-HC is a nationally representative

survey of the U.S. civilian noninstitutionalized population and collects detailed

data on health status, health expenditure, demographics, health insurance cover-

age, income, and employment at both the individual and the household levels. I

categorize the individuals as either employed or retired. An employed individual
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is included in the sample if he (i) is not self-employed, (ii) is actively working (not

absent, not unemployed), (iii) is between 25 to 64 years old, (iv) has at least 12

years of completed education, (v) has weekly work hours between 4 and 84, and

(vi) earns an hourly wage between $2 and $200 in 2010 prices. A retired indi-

vidual is included in the sample if he (i) is not disabled, (ii) is between 65 to 80

years old, (iii) has at least 12 years of completed schooling, (iv) has reported zero

wage income, and (v) has reported zero weekly work hours. I further decompose

each group into college graduates (16 years of schooling or more) and high-school

graduates (15 years of schooling or less). I am left with around 34,000 employed

college graduates, 70,000 employed high-school graduates, 3,400 retired college

graduates, and 8,500 retired high-school graduates.

For health capital, I use the self-reported health status (1. excellent, 2. very

good, 3. good, 4. fair, and 5. poor health). This measure of health capital is a

categorical variable and depends on an individual’s subjective evaluation of the

state of his own health. Following Grossman (1975), I rescale this variable by re-

gressing the work-loss days on a set of dummy variables representing each health

status category. Specifically, the production function of healthy time is given by

h = 365−WLD = 365−BH−C , where h is healthy days in a given year, WLD is

work-loss days, B and C are positive constants, and H is health capital. Solving

this for H will result in H = B1/CWLD−1/C . To express the stock of health in an

index number form with H1 = 1, write H2/H1 = (WLD1/WLD2)
1/C , etc.

Using the first wave of the MEPS-HC data, I obtain WLD1/WLD2 = 0.87,

WLD1/WLD3 = 0.51, WLD1/WLD4 = 0.31, WLD1/WLD5 = 0.19. C is as-
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sumed to be equal to one as in Grossman (1975). Hence, the rescaled health

status turns out to be H1 = 1, H2 = 0.87, H3 = 0.51, H4 = 0.31, H5 = 0.19. In

addition, I construct a standard classification of the healthy ratio. As prevalent

in the literature, an individual is considered to be healthy if the health status

measure is excellent, very good, or good and unhealthy otherwise.

Figure 10 shows the life-cycle profiles of healthy ratios and the rescaled health

index for each education group. Both variables show that the more educated

are persistently healthier than the less educated over the life-cycle. The averages

are presented in Table 14. Considering the rescaled health index, college grad-

uate workers’ health status is 0.82 on average, whereas it is 0.76 for high-school

graduate workers. Corresponding levels for retired individuals are 0.71 and 0.65,

respectively. The standard healthy index shows qualitatively the same patterns

in terms of the health status gap between education groups. Of the workers, 96%

of college graduates are considered healthy, whereas 93% of high-school graduates

are considered healthy. The corresponding healthy proportions for retired agents

are 86% and 81%, respectively. Table 14 also provides the average health levels

for men and women. A persistent health status gap across education groups can

be observed within each gender cohort as well.

For the health expenditure variable,4 I use the total health expenditure, which

is the sum of spending on office visits (26%), inpatient stays (26%), prescriptions

(20%), outpatient care (12%), dental (9%), emergency room visits (3%), others

4Simple averaging for each age group might overpredict the age effect on health expenditure.
However, Jung and Tran (2010) separate the pure age effect from cohort and time effects and
find no difference in biases across education groups.
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(e.g., vision and home health care)(4%). Total health care expenditures are fi-

nanced by out-of-pocket funds (20%), private insurance (56%), Medicare (15%),

Medicaid (2%), and others (e.g., veteran’s benefits, tricare and worker’s compen-

sation) (7%). While private insurance dominates other sources of financing for

total health expenditures for employed agents at 69%, Medicare is the dominant

source for retirees’ expenditures at 55%. Note that out-of-pocket payments are

similar: 21% for employed and 18% for retired. Table 15 provides the expendi-

tures as well as percentages for each type and each source of health expenditure

for the total sample, for employed agents, and for retired agents.

Figure 11 shows the life-cycle profiles of health expenditure for each education

group. College graduates spend slightly more on health care at the beginning

of the life-cycle. From middle age on, they spend as much as high-school grad-

uates do. Among retired agents, the health expenditure gap between education

groups fluctuates. Therefore, we do not observe persistent differentials in health

expenditure across education groups. This leads to a search for better explanatory

power for the persistent gap in health levels by education over the life-cycle. Table

14 provides health expenditures by education, employment, and gender. College

graduate workers on average spend $2,800, whereas high-school graduate workers

spend $2,580. The corresponding expenditures for retired agents are $8,330 and

$8,000, respectively for each education group. Educational gaps in health expen-

diture turn out to be fairly narrow provided that there is a persistent health status

gap across education groups over the life-cycle.
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2.2.2 Exercise Profiles

To construct the life-cycle profiles of time allocated to exercise, I use the 2003-2011

waves of the American Time Use Survey (ATUS). The ATUS is the first federally

administered survey on time use in the United States. The survey measures how

people divide their time among life’s activities. Individuals are randomly selected

from a subset of the existing sample of the Current Population Survey. I use the

Participation in Sports, Exercise, and Recreation (1301–) category to obtain the

average time spent engaging in exercise. In order to combine multiple years of

ATUS data from the single-year data files, I use the variable tu06fwgt to weight

the 2003 to 2005 data and the variable tufinlwgt to weight 2006 and later data. I

categorize the individuals either as employed or as retired. An employed individ-

ual is included in the sample if he (i) is not self-employed, (ii) is actively working

(not absent, not unemployed), (iii) is between 25 to 64 years old, (iv) has at least

12 years of completed education, (v) has weekly work hours between 4 and 84, and

(vi) earns an hourly wage between $2 and $200 in 2010 prices. A retired individual

is included in the sample if he (i) is not disabled, (ii) is between 65 to 80 years

old, (iii) has at least 12 years of completed schooling, (iv) has no wage income,

and (v) has reported zero weekly work hour so. I further categorize each group

into college graduates (16 years of schooling or more) and high-school graduates

(15 years of completed schooling or less). This sample selection gives me around

21,000 employed college graduates, 28,000 employed high-school graduates, 3,000

retired college graduates, and 8,700 retired high-school graduates.

Figure 12 plots the life-cycle profiles of time spent on exercise for each edu-

cation cohort. We observe that college graduates allocate time to exercise per-
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sistently more than high-school graduates. Table 16 shows the averages. College

graduate workers engage in exercise 18.5 minutes per day, whereas high-school

graduate workers spend 12.8 minutes per day in exercise. College graduate re-

tirees exercise 22.8 minutes per day and high-school graduate retirees exercise

14.6 minutes.

Figure 13 separates the extensive and intensive margins. Participation ra-

tios for college graduate workers and high-school graduate workers are 23% and

13%, respectively. For retired, the corresponding ratios are 28% and 17%. Con-

ditional on participation, average minutes spent in exercise per day by college

graduate workers and high-school graduate workers are 80.8 minutes and 99.7

minutes. Conditional on participation, average minutes spent in exercise per day

by college graduate retired and high-school graduate retired are 80.5 minutes and

84.3 minutes. While the more educated participate in exercise more than the less

educated, conditional on participation the former spends less time than the latter.

I further decompose the groups into men and women, since they go through

different biological processes. Within each cohort, men outspend women in exer-

cise time. However, the trend is similar even within each gender. Whether male or

female, the more educated participate in exercise more than the less educated, and

conditional on participation, the former spends less time than the latter. Overall,

it turns out that the more educated spend more time in exercise on average than

the less educated. Table 16 provides more summary statistics for the total sample

across education groups and for men and women separately.
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2.3 Model

This section outlines the life-cycle model with an augmented health production

function. I start by building an intuitive static framework to show that the edu-

cational differentials in exercise at both the intensive and the extensive margins

can be rationalized by heterogeneity in the relative efficiency of exercise to expen-

diture. Then, I show the general equilibrium overlapping generations model.

2.3.1 An Intuitive Static Case

Consider a worker who derives utility from non-medical good c and health status

h. He is endowed with one unit of time to allocate either to work n or to exercise

e. He earns wage w per unit of time spent at work. He is exogenously given health

insurance: he allocates copayment share q of his earnings to his medical expendi-

ture m. His medical consumption and time spent on exercise jointly determine his

health capital with the production function h = f(m) + γg(e), where f and g are

increasing and concave functions in their arguments and γ is the relative efficiency

of exercise to expenditure. His one-period problem is to maximize (c+ h) subject

to his budget constraint (c+ qm = wn), his time constraint (n+ e = 1), and the

health production function. Rewriting his problem:

max
m,e

[w(1− e)− qm+ f(m) + γg(e)]

Conditional on participating in exercise, first-order conditions will be

q =
df(m)

dm
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w = γ
dg(e)

de

Now consider two individuals from different education groups who are other-

wise the same with w2 > w1. First-order conditions indicate m2 = m1 and e2 < e1,

and hence h2 < h1. The more educated worker, whose opportunity cost of time

is higher, spends less time on exercise and has a lower health status. Now, in

addition assume γ2 > γ1 and consider w2

w1
= γ2

γ1
. The second optimality condition

gives e2 = e1 and hence h2 > h1. One can show that there exists {γ1, γ2} with

w2

w1
> γ2

γ1
> 1 such that in optimization e2 < e1 and h2 > h1. The presumption

that the better educated individual has higher productive efficiency in health pro-

duction might give results more consistent with the data, from which we observe

that conditional on participation, better educated individuals spend less time on

exercise but obtain more health capital.

Now consider an individual’s decision to participate in exercise. The worker

with wage w will spend positive time on exercise if γg(ẽ)−wẽ ≥ 0, where ẽ denotes

the optimal choice given {γ, w}. Let the better educated worker be w2 ∈ [w2, w2]

and the less educated worker be w1 ∈ [w1, w1]. Let w∗s be the cut-off wage at which

the individual of education level s is indifferent between being inactive or active.

Under the condition that the median wage for the better educated individual is no

less than the median wage for the less educated, which is a realistic assumption,

for the better educated to participate more in exercise, w∗2 > w∗1 should hold. If

the productivity of exercise on health is invariant across education groups, then

0 = γg(ẽ2)− w∗2 ẽ2 < γg(ẽ2)− w∗1 ẽ2 ≤ γg(ẽ1)− w∗1 ẽ1
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which is a contradiction, since the cut-off constraint is not satisfied for the less

educated group. Once again, if we have γ2 > γ1, the cut-off rules are likely to be

satisfied for both education groups and the more educated individual participates

more in exercise. Note that the higher productive efficiency for the more educated

individual contributes to the higher participation in exercise and, conditional on

participation, less time spent on exercise, which is consistent with what we ob-

serve in the data.

2.3.2 Dynamic Framework

This section develops the general equilibrium overlapping generations model where

agents face uncertainty in their survival and labor productivity. Health affects

utility only, i.e., the consumption motive, in the model. The completed level of

education and health insurance are exogenously provided to the agents. Choices

of consumption, labor supply, and the input mix of health investment are endoge-

nously determined in each period.

Demographics: The economy is populated by overlapping generations of indi-

viduals of age j = 1, 2, ..., jR, ..., J , where jR is the mandatory retirement age and

J is the maximum life span. Each period, a continuum of agents are born with

population growth rate pop. Each agent is born with a completed level of educa-

tion s. The conditional probability of surviving from age j − 1 to j is ψj. The

time-invariant distribution of generation j can be obtained by µj = ψj

1+pop
µj−1.

The capital market is incomplete: the individual is allowed to borrow assets up

to a.
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Preferences: The individual’s preference is over non-medical consumption c,

leisure l, and health capital h. The period utility function is specified as

u(c, l, h) =

(
c1−σc

1− σc
+ φs,j

l1−σl

1− σl

)
hθ (2.1)

where σc is the coefficient of relative risk aversion in non-medical consumption,

σl implies the Frisch elasticity, φs,j is the education- and age-dependent utility

obtained from leisure, and θ determines the impact of health on utility. Note that

individuals obtain utility from health itself. This is consistent with Grossman’s

(1972) notion of a consumption motive of health care. Each newborn agent’s

problem is to maximize the present discounted value of his expected life time

utility

E

 J∑
j=1

βju(cj, lj, hj)

 (2.2)

where β is the subjective discount factor.

Labor Productivity: The agent’s log labor efficiency profile {ys,j}jR−1j=1 consists

of ex-ante and ex-post components.

ys,j = g0,s + g1,sj + g2,sj
2 + z (2.3)

z′ = ρzz + ε (2.4)

where g0,s, g1,s, g2,s are education-dependent ex-ante components. z is the ex-post

component modeled as an AR(1) process, with ε ∼ N(0, σ2
ε ) being the innovation
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to the labor productivity and ρz being the degree of persistence of the innovation.

Time Allocation: Each agent has one unit of time as an endowment in each

period. A typical worker allocates his endowment to paid work n, leisure activity

l, and exercise e. Hence, the time constraint for the worker is given as:

1 = n+ l + e (2.5)

A typical retired agent’s time constraint is 1 = l + e.

Firm Production: There is a representative firm that operates with a constant

returns to scale production technology:

Y = F (K,N) = AKαN1−α (2.6)

where A denotes the level of production technology, N is the aggregate labor ef-

ficiency, and K is the aggregate capital, which depreciates each period at rate δk.

Health Accumulation: Gross health investment f(m, e) depends on medical

expenditure m and exercise e. I assume a flexible CES specification for the gross

health production function.

f(m, e) = γ(mρ + γj,s,re
ρ)η/ρ (2.7)

where γ denotes the overall technology of health production and γj,s,r determines

the relative efficiency of exercise to expenditure, which depends on age, education,

and retirement. The health capital accumulation follows

h′ = (1− δj)h+ f(m, e) (2.8)
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where δj is the age-dependent depreciation rate of health capital.

Health System: There is a private competitive firm that periodically collects a

premium pw from each worker and pays the (1−qw) share of the worker’s health ex-

penditure; hence, qw is the copayment that each worker pays upon usage of health

care. Given the coinsurance share, the private health insurance firm chooses the

amount of premium that needs to be collected to satisfy the zero profit condition

(1 − qw)Mw = pwL, where Mw is the total health expenditure of all workers and

L is the total labor force.

At retirement, each agent starts using the Medicare health system. The system

entails a beneficiary premium pr to be collected each period and a copayment ratio

qr. In addition, in order to fully finance the Medicare system, there is a federal

tax τfed imposed on workers’ labor earnings. Note that part of the federal tax can

be considered a Medicare tax. Medicare is self-financing, so that the government

has to solve for a federal tax that satisfies (1− qr)Mr = prU + τfedwN , where Mr

is the total medical expenditure of retired agents and U is the population share

of retirees.

Government Services: There is a Social Security tax τss imposed on labor

income to fully fund the pay-as-you-go Social Security system. Retired agents of

education s obtain retirement benefit bs, which is a constant proportion of the

agent’s lifetime earnings from labor income:

bs =
κ

jR − 1

jR−1∑
j=1

ys,j (2.9)
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where κ is the pension replacement ratio and ys,j is the average earning of age

j and education type s. The government also collects all the assets of deceased

agents and distributes them to each surviving individual of all generations as an

equal amount of accidental transfer, tr.

2.3.3 An Agent’s Recursive Problem

The individual worker’s problem is given recursively as follows:

Vj,s(a, z, h) = max
n,a′,m,e

u(c, l, h) + βψj+1Ez′ [Vj+1,s(a
′, z′, h′)|z]

subject to

c+ pw + qwm+ a′ = (1 + r)a+ (1− τss − τfed)wnexp(ys,j) + tr

h′ = (1− δj)h+ γ(mρ + γj,s,re
ρ)η/ρ

ys,j = g0,s + g1,sj + g2,sj
2 + z

z′ = ρzz + ε

1 = n+ l + e

a′ ≥ a

The corresponding problem for the retired agent is:

Vj,s(a, h) = max
a′,m,e

u(c, l, h) + βψj+1Vj+1,s(a
′, h′)
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subject to

c+ pr + qrm+ a′ = (1 + r)a+ bs + tr

h′ = (1− δj)h+ γ(mρ + γj,s,re
ρ)η/ρ

1 = l + e

a′ ≥ a

2.3.4 Equilibrium

Let x ≡ {a, z, h, j, s} be the individual state vector with asset a ≥ a, labor

productivity z ∈ [z, z], health capital h ∈ [h, h], age j = 1, 2, ..., J , and education

level s ∈ [s, s]. Given the survival probabilities {ψj}Jj=1 and labor productivity

shock process π(z′|z), a stationary recursive competitive equilibrium is a set of: (i)

value functions V(x), (ii) decision rules {c(x), a(x), n(x),m(x), e(x)}, (iii) prices

{w, r}, (iv) aggregates {K,N}, (v) health insurance system {pw, pr, qw, qr}, (vi)

fiscal variables {τss, τfed, bs, tr}, and (vii) time-invariant distributions µ(x) such

that:

1. Given the prices, health system variables, and fiscal variables, agents’ deci-

sion rules optimally solve the value functions.

2. The input markets are competitive:

• w = AFN(K,N)

• r + δk = AFK(K,N)

3. Capital, labor, and good markets clear:
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• K =
∑
X a(x)µ(x)

• N =
∑
X|j<jR n(x)weys,jµ(x)

• ∑X c(x)µ(x) +
∑
X m(x)µ(x) + (δk + pop)K = AF (K,N)

4. The private health insurance system is self-financing:

• pw
∑
X|j<jR µ(x) = (1− qw)

∑
X|j<jR m(x)µ(x)

5. The Medicare is self-financing:

• pr
∑
X|j≥jR µ(x) = (1− qr)

∑
X|j≥jR m(x)µ(x) + τfedwN

6. The Social Security system is self-financing:

• τsswN =
∑
X|j≥jR bsµ(x)

7. The accidental transfer satisfies:

• tr =
∑
X(1− ψj)a(x)µ(x)

8. Distributions are consistent with agents’ behavior:

• µ(x′) =
∑
X 1a′=a(x)1h′=h(x)π(z′|z)µ(x)

2.4 Parameterization

This section describes the parameterization strategy used in the computation of

the model. The calibration process turns out to be successful in obtaining salient

features of the data. Table 17 summarizes the model parameters.
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Demographics: The model period is set to one year. The agents are assumed to

be born at the real age of 25 with an exogenously given level of education: 30%

of the newborns are college graduates. All agents are assumed to be employed

until the mandatory retirement age, which occurs at jR = 41 (real age of 65).

The maximum life span is set at J = 56, which corresponds to the real age of

80. Conditional survival probabilities {ψj}Jj=1 are taken from the U.S. Life Tables

2005. The population rate pop = 0.3% is pinned down by the retirees/workers

population ratio which is 20% in the data. The capital market is incomplete and

agents are not allowed to borrow, i.e., a = 0.

Preferences: The subjective discount factor, β = 0.988, is calibrated to match

the capital/output ratio of 3. The coefficient of relative risk aversion in non-

medical consumption is set to σc = 2, which is commonly used in the macro

literature. The utility parameter of leisure is specified as φs,j = (1 + 1hsφs −

1colφs)(φ0 + φ1j + φ2j
2). These parameters are pinned down by the working hour

profiles by education over the life-cycle. The results turn out to be φ0 = 0.22,

φ1 = −0.006, φ2 = 0.00006, and φs = 0.3. The leisure parameter, σl = 4.44, is

determined such that the Frisch elasticity of the average worker’s labor supply

turns out to be 0.4 as in the ranges of estimates obtained in the literature. The

utility effect of the health status, θ = −0.02, is pinned down by the average health

status of the workers, which is 0.78 in the data.

Labor Productivity: The skill components of the log labor productivity {g0, g1, g2}

are jointly pinned down by the average wage of the workers at the beginning age

of 25, 55, and 64. This gives {1.9, 0.033,−0.0006} for high-school graduates and
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{2.2, 0.05,−0.0009} for college graduates. Shock components are taken to be the

same for both education groups. The persistence parameter of the innovation

to labor productivity, ρz = 0.9, and the standard deviation of the innovation,

σε = 0.17, are picked so that I obtain wage dispersion profiles over the life-cycle

for both education cohorts as close as possible.

Firm Production: Capital share, α = 0.36, is standard in the literature. The

depreciation rate of capital, δk = 0.0637, is pinned down by the investment/output

ratio of 20% as in the data. The technology level, A = 0.8422, is picked to nor-

malize the unit efficiency wage to 1.

Health Investment: For illustration purposes, I pick ρ = 0.8, which implies

that the elasticity of substitution between expenditure and exercise is 5. The

focus here is to see how great the effect of exercise on health can be with a high

degree of substitutability between the inputs of health. In addition, η = 1 is

assumed for the sake of simplicity.

The overall technology parameter for health production, γ = 0.35, is cali-

brated to obtain the average level of medical expenditure of all agents, which is

$3, 240 in the data. The relative efficiency of exercise to expenditure is specified as

(1+1colγs−1hsγs)(γ0+γ1j+1retγr). The parameters of relative efficiency of exer-

cise, {γ0, γ1, γs, γr}, can be calibrated to match the exercise profiles by education

over the life-cycle. The ones used in the computation are γ0 = 20, γ1 = −0.09,

γs = 0.25, and γr = −14.
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The depreciation rate of health capital is assumed to be age and retirement

dependent: δj = d0 + d1j + d2j
2 + 1retdr. These parameters {d0, d1, d2, dr} =

{0.1, 0.002, 0.00015, 0.05} can be pinned down by the profiles of health capital

over the life-cycle. In the model’s computation, d0 and dr are very sensitive to

health-related utility and exercise parameters. Hence, these values are used for

illustration purposes.

Health Insurance: The copayment ratio, qw = 0.2, is picked due to the fact that

out-of-pocket health expenditure contributes to one fifth of workers’ total health

expenditure. The health insurance premium, paid by each worker each period,

pw = $2, 700 is obtained to guarantee the zero-profit condition for the insurance

firm.

The copayment share of health expenditure, qr = 0.2, that retirees have to pay

is picked to represent the total out-of-pocket shares of old-age medical expendi-

ture. Each period, pr = $1, 500 is collected from each retired agent as a premium

for the use of the Medicare system. The rest of the total Medicare cost is financed

by a federal tax on labor income, which turns out to be τfed = 8%. This is associ-

ated with the fact that almost half of the Medicare system is financed by federal

government outlays, which are mainly obtained from the taxation on labor income.

Government Services: The pension replacement ratio, κ = 0.40, is widely

used in the literature. The government provides retirees with retirement benefits

bhs = $15, 000, bcol = $25, 000, which are the κ share of average earnings of high-

school workers and college graduate workers. τss = 10% clears the pay-as-you-go
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Social Security system. Finally, an equal amount of tr = $2, 100 is transferred to

each agent as an accidental bequest.

2.5 Results

This section shows the performance of the benchmark model. To have a fair eval-

uation, I recompute the model with the same parameters but with no educational

difference in the relative efficiency of exercise to expenditure (γs = 0) and compare

it with the benchmark model.

Figure 14 plots the life-cycle profiles of time allocated to exercise for both

cases. Panel A shows the profiles for the benchmark model where college grad-

uates have a higher relative efficiency of exercise to expenditure. On average,

college graduates allocate more time to exercise than high-school graduates. Dur-

ing the working period, the education groups allocate more time to exercise almost

persistently. During the retirement period, college graduates still spend more time

on exercise than high-school graduates. Panel B plots the profiles obtained from

the model with the same relative efficiency of exercise across education groups.

In this case, college graduates allocate persistently less time to exercise over the

life-cycle, which contradicts what we observe in the data. The higher opportunity

cost of time for college graduates leads to a different input allocation in health

investment. Taking into account the performance of the model with the same

efficiency of exercise, the higher relative efficiency of exercise to expenditure for

college graduates plays an important role in explaining the life-cycle profiles of

exercise by education that we observe in the data.
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Figure 15 plots the life-cycle profiles of health expenditure for each education

group. The higher relative efficiency of exercise for college graduates plays a sub-

stantial role in explaining the health expenditure profiles at the early ages. The

benchmark model generates similar health expenditure across education groups

on average at the early ages, which is what we observe in the data. In con-

trast, the model with the same efficiency of exercise generates persistently much

higher health expenditure for college graduates at the early ages. In this respect,

the benchmark model performs much better in explaining the health expenditure

profiles at the early ages. However, both cases result in a similar educational

gap in health expenditure at the later ages: college graduates persistently spend

more on health care than high-school graduates. In this respect, the benchmark

model fails to account for the similar health expenditure profiles across education

groups at the later ages. This happens because the aging effect on the efficiency

of exercise trivializes the education effect in the health production technology at

the later ages.

Figure 16 plots the profiles of health status by education. College graduates,

who have a higher consumption motive of health, possess more health capital than

high-school graduates. Educational differentials in the relative efficiency of exer-

cise contribute to the educational gaps in health capital at the early ages. Even

with the similar health expenditure across education groups, college graduates

possess more health capital at the early ages. However, at the later ages, both

cases result in a similar educational gap in health status profiles: college grad-

uates are persistently healthier. At the later ages, the higher relative efficiency
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of exercise for college graduates does not have much effect on health status. As

mentioned before, the education effect on the efficiency of exercise becomes more

obsolete as the agents get older.

2.6 Conclusion

Most of the existing studies that incorporate health accumulation into life-cycle

models focus on expenditure as the only input for health investment. I augment

the health production function by incorporating the time allocated to exercise. I

find that, at the early ages, the model is compatible with the features of the data

that have been at odds with the standard life-cycle models: (i) college graduates

are persistently healthier, (ii) health expenditures are similar across education

groups, and (iii) college graduates allocate persistently more time to exercise.

The key to obtaining these profiles is that college graduates have higher relative

efficiency of exercise to expenditure in the health production function. The un-

derlying story with this driving force might be the fact that college graduates

have more information on the true effects of health inputs. However, as agents

get older, the aging effect on exercise trivializes the education effect in the health

production function. Hence, there is still room for improvement in the model to

account for educational differentials at the later ages.

Uncovering the health production function is important for evaluating health

policies. The financial consequences of health reforms depend on how individuals

allocate their time to health-related behaviors. Educational differentials in the

time allocated to exercise contribute to the educational differentials in health sta-
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tus. Depending on the substitutability between health inputs, government policies

might lead to the reallocation of health investment choices. For future work, it

would be interesting to analyze various health reforms in a realistically calibrated

life-cycle model with an augmented health production function.
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A Appendix

A.1 Characteristics of Wealth Distribution and

College Share

In this section, I show the characteristics of wealth distribution and the shares

of college graduates in wealth quantiles. All households are from any education

level and any age, whereas Primary households consist of individuals 25-64 years

of age with a completed education level of 9 years or more.

Table 12 shows that there is a high concentration of college graduates in the

upper tail of the wealth distribution. The wealth-richest top 1 percent families

have 25.88 percent of the wealth in the U.S. Of this group, 61.11 percent have a

college degree. Given that the overall college graduate share is 21.13 percent, this

implies a high concentration of college graduates in the wealth-richest group in

the U.S. For households in the 95-99 quantile, which possess 24.24 percent of the

wealth, the college graduate share is 50.93 percent. As we move to the lower tail of

the wealth distribution, the college share diminishes. For the primary households,
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the college share in the wealth distribution is similar. For the wealth-poorest

quantile, the college share is only 12.50 percent for the primary households.

A.2 Skill-Biased Technological Change

In order to see the implications of the skill-biased technological change that oc-

curred during the 1980s, using the estimates of the common components, I com-

pute the ratio between the present discounted value of life-cycle earnings for col-

lege workers and the counterpart for non-college workers (worker-earnings-ratio

(WER)) as given by

WERt =

∑40
x=0

1
(1+r)x

Y col
t,x∑40

x=0
1

(1+r)x
Y ncol
t,x

where Y ed
t,x = exp

(
γed0,t + γed1,tx+ γed2,tx

2
)

for ed being either college or non-college

graduate and for t = 1968, 1969, ..., 1993. I use the annual interest rate as 4% in

this calculation. Figure 9 shows that the skill-biased technological change is an

increasing ratio from 1980 onward. The WER ratio increases from 1.4 in 1980 to

almost 1.8 in 1993.
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Table 1: Means of Skill Components

Parameter Description College Non-college

γ0 intercept 10.17*** 9.91***
(0.11) (0.08)

γ1 linear 0.061*** 0.040***
(0.013) (0.007)

γ2 quadratic -0.00116*** -0.00076***
(0.00036) (0.00016)

p-values: ***<0.01, **<0.05, *<0.10

Table 2: Variances of Skill Components

Parameter Description College Non-college

σ2
γ0

variance of intercept 0.246** 0.157***
(0.122) (0.036)

σ2
γ1

variance of linear 0.0025** 0.0010**
(0.0011) (0.0004)

σ2
γ2

variance of quadratic 0.0000013*** 0.0000004***
(0.0000005) (0.0000001)

σγ0γ1
intercept-linear covariance -0.0182 -0.0072**

(0.0143) (0.0029)
σγ0γ2 intercept-quadratic covariance 0.00039 0.00011*

(0.00042) (0.00006)
σγ1γ2

linear-quadratic covariance -0.000054** -0.000018**
(0.000026) (0.000008)

p-values: ***<0.01, **<0.05, *<0.10
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Table 3: Shock Process

Parameter Description College Non-college

ρ persistence of AR(1) 0.835*** 0.844***
(0.152) (0.049)

σ2
η variance of persistent 0.052 0.044***

(0.034) (0.014)
σ2
ε variance of transitory 0.067** 0.075

(0.032) (0.055)

p-values: ***<0.01, **<0.05, *<0.10

Table 4: Decomposition of Earnings Heterogeneity

Group Age Total Skill Shock

College 34 .350 .115 (33%) .235
44 .413 .174 (42%) .238
54 .482 .243 (50%) .238
64 .693 .454 (66%) .238

Non-college 34 .327 .103 (32%) .224
44 .361 .133 (37%) .228
54 .403 .175 (43%) .228
64 .481 .253 (53%) .228

Table 5: Decomposition of Skill Heterogeneity

Group Age Total Intercept Linear Quadratic Covariances

College 34 .115 .246 .25 .013 -.394
44 .174 .246 1.00 .208 -1.280
54 .243 .246 2.25 1.053 -3.306
64 .454 .246 4.00 3.328 -7.120

Non-college 34 .103 .157 .10 .004 -.158
44 .133 .157 .40 .064 -.488
54 .175 .157 .90 .324 -1.206
64 .253 .157 1.60 1.024 -2.528
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Table 6: Savings Rate Profile in the Data

Data Age College Non-college Gap

SCF 25-34 11.2 9.4 1.8
35-44 18.5 7.6 10.9
45-58 13.7 11.5 2.2

CEX(1) 25-34 3.9 2.1 1.8
35-44 6.1 2.9 3.2
45-54 6.6 4.4 2.2
55-64 10.5 5.8 4.7

PSID 25-34 15.2 7.3 7.9
35-44 15.0 7.3 7.7
45-59 19.0 9.9 9.1

CEX(2) 25-34 13.6 6.8 6.8
35-44 14.9 10.6 4.3
45-54 17.1 13.7 3.4
55-64 20.3 14.9 5.4

CEX(3) 25-34 24.8 19.4 5.4
35-44 26.3 23.3 3.0
45-54 29.5 26.5 3.0
55-64 31.2 25.2 6.0

CEX(4) 25-34 29.2 23.8 5.4
35-44 31.2 27.7 3.5
45-54 35.6 31.1 4.5
55-64 36.0 30.3 5.7

Table 7: Parameters of the Earnings Profile

Parameter Description College Non-college

Skill γ0 intercept 10.2 9.9
γ1 linear 0.06 0.04
γ2 quadratic -0.0012 -0.0008
σ2
γ1

variance of linear 0.0004 0.0001

Shock ρ persistence 0.85 0.85
σ2
η variance of persistent 0.05 0.05
σ2
ε variance of transitory 0.07 0.07
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Table 8: Other Parameters of the Model

Parameter Description Value Source-Target

J max life span 56 age 80
jR retirement age 41 age 65
σ risk aversion 2 standard
β discount factor 0.998 K/Y = 3
α capital share 0.36 standard
δ depreciation rate 0.06 I/Y = 0.2
A firm technology 0.84 norm. wage = 1
τss soc. security tax 0.10 clears soc. sec.
tr acc. bequest transfer 0.07 clears acc. beq.

Table 9: Savings Rate Profile: Model vs Data

Age College Non-college Gap

SCF 25-34 11.2 9.4 1.8
35-44 18.5 7.6 10.9
45-58 13.7 11.5 2.2

CEX 25-34 3.9 2.1 1.8
35-44 6.1 2.9 3.2
45-54 6.6 4.4 2.2
55-64 10.5 5.8 4.7

MODEL 25-34 7.4 5.4 2.0
35-44 15.5 9.9 5.6
45-54 17.7 12.3 5.4
55-64 11.7 9.6 2.1

Table 10: Savings Rate Profile: Perfect Information vs Deterministic Income

Age College Non-college Gap

Perfect Information 25-34 8.5 9.6 -1.1
35-44 12.7 12.4 0.3
45-54 15.0 13.7 1.3
55-64 4.9 6.4 -1.5

Deterministic Income 25-34 10.2 12.5 -2.3
35-44 19.9 21.1 -1.2
45-54 23.4 22.2 1.2
55-64 12.3 13.1 -0.8
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Table 11: Savings Rate Profile: Imperfect Information vs Time Preference

Model Age College Non-college Gap

II with same β 25-34 7.4 5.4 2.0
35-44 15.5 9.9 5.6
45-54 17.7 12.3 5.4
55-64 11.7 9.6 2.1

PI with ∆β = 0.01 25-34 10.4 8.3 2.1
35-44 15.1 10.4 4.7
45-54 17.0 12.4 4.6
55-64 5.4 6.3 -0.9

Table 12: College Distribution in Wealth Quantiles

0-20 20-40 40-60 60-80 80-95 95-99 99-100 Total
All Share of wealth -.94 1.22 4.91 13.86 30.82 24.24 25.88 100

Share of college 10.71 12.52 18.73 23.77 35.81 50.93 61.11 21.13
Primary Share of wealth -.91 1.48 5.59 14.48 31.38 23.83 24.15 100

Share of college 12.50 14.79 21.14 25.58 39.77 54.10 63.04 23.56
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Table 13: Summary Statistics for the PSID 1968-1993

Year Observation Age Income Wage Education College %
1968 1,114 39.24 38,099 16.50 13.03 21.99
1969 1,155 39.65 39,723 17.24 13.04 21.90
1970 1,386 39.65 39,537 17.37 13.02 22.22
1971 1,479 39.61 38,867 17.60 13.03 22.52
1972 1,559 39.51 39,028 17.96 13.10 23.22
1973 1,690 39.00 40,367 18.25 13.15 24.26
1974 1,834 38.49 40,701 18.27 13.21 24.81
1975 1,975 38.13 38,181 17.56 13.27 25.52
1976 2,047 37.81 36,555 17.10 13.35 26.18
1977 2,166 37.64 38,092 17.55 13.36 26.18
1978 2,298 37.48 38,405 17.58 13.35 25.89
1979 2,440 37.22 38,822 17.89 13.35 25.29
1980 2,570 37.12 37,270 17.22 13.36 24.98
1981 2,674 36.99 35,321 16.62 13.38 25.13
1982 2,779 36.98 34,245 16.15 13.41 25.12
1983 2,788 37.09 34,902 16.56 13.50 26.47
1984 2,874 37.20 35,369 16.62 13.51 26.65
1985 2,978 37,24 36,924 17.03 13.52 26.76
1986 3,061 37.26 36,949 17.11 13.51 26.26
1987 3,129 37.55 37,089 17.06 13.52 26.27
1988 3,216 37.65 37,453 16.93 13.50 26.15
1989 3,292 37.91 37,708 17.08 13.51 25.97
1990 3,338 38.22 37,566 16.81 13.54 26.39
1991 3,731 38.57 36,880 16.54 13.44 24.66
1992 3,620 39.35 36,768 16.79 13.45 24.89
1993 3,280 40.12 39,629 18.25 13.50 25.55
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Table 14: Summary Statistics for the MEPS 1996-2009

Employed College High-School
All Men Women All Men Women

Health Exp 2838 2214 3431 2581 2100 3066
Health Status 0.82 0.83 0.81 0.76 0.77 0.75
Healthy Ratio 0.96 0.96 0.96 0.93 0.93 0.92
Age 41.0 41.4 40.6 42.0 41.0 42.5
Hourly wage 28.3 30.9 25.7 17.7 19.8 15.6
Weekly hour 41.7 44.0 39.5 40.1 42.9 37.3
White 0.83 0.84 0.82 0.81 0.83 0.79
Black 0.08 0.07 0.10 0.14 0.13 0.16
Married 0.66 0.69 0.62 0.62 0.64 0.59
Single 0.22 0.22 0.23 0.19 0.21 0.16
Observations 33815 16186 17629 69732 33451 36281
Retired College High-School

All Men Women All Men Women
Health Exp 8330 8767 7574 8004 8199 7819
Health Status 0.71 0.70 0.72 0.65 0.64 0.67
Healthy Ratio 0.86 0.85 0.87 0.81 0.80 0.82
Age 72.0 72.0 72.0 72.4 72.3 72.5
White 0.89 0.90 0.88 0.90 0.91 0.89
Black 0.05 0.04 0.07 0.07 0.06 0.08
Married 0.71 0.82 0.52 0.62 0.76 0.49
Single 0.06 0.04 0.09 0.03 0.03 0.03
Observations 3369 2090 1279 8496 4101 4395
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Table 15: Types and Sources of Health Expenditure

Type Expenditures Percentages
All Employed Retired All Employed Retired

Total 3239 2675 8099 100 100 100
Office based 852 733 1873 26 27 23
Inpatient 827 611 2690 26 23 33
Prescription 648 523 1724 20 20 21
Outpatient 386 335 830 12 13 10
Dental 301 289 407 9 11 5
Emergency 104 102 128 3 4 2
Other 121 83 447 4 3 6
Source Expenditures Percentages

All Employed Retired All Employed Retired
Total 3239 2675 8099 100 100 100
Out of Pocket 652 560 1454 20 21 18
Private 1816 1851 1516 56 69 19
Medicare 483 22 4455 15 1 55
Medicaid 59 55 95 2 2 1
Other 228 187 580 7 7 7
Observations 115412 103547 11865 115412 103547 11865

Table 16: Summary Statistics for the ATUS 2003-2011

Employed College High-School
All Men Women All Men Women

Exercise, average 18.5 22.1 14.8 12.8 16.4 8.7
Exercise, extensive 0.23 0.25 0.21 0.13 0.13 0.12
Exercise, intensive 80.8 89.4 70.2 99.7 122.8 71.9
Age 41.9 42.4 41.4 43.1 42.2 44.1
Hourly wage 29.8 32.4 27.0 18.7 20.6 16.5
Weekly hour 43.6 46.2 40.8 41.4 44.3 38.3
White 0.83 0.84 0.82 0.83 0.84 0.81
Black 0.08 0.07 0.10 0.13 0.11 0.15
Married 0.67 0.71 0.63 0.62 0.64 0.60
Single 0.21 0.20 0.22 0.19 0.21 0.16
Observations 20778 10075 10703 28416 13288 15128
Retired College High-School

All Men Women All Men Women
Exercise, average 22.8 28.6 16.6 14.6 22.1 10.2
Exercise, extensive 0.28 0.31 0.26 0.17 0.20 0.16
Exercise, intensive 80.5 93.2 64.3 84.3 108.3 66.0
Age 73.4 73.5 73.3 73.8 73.3 74.1
White 0.90 0.91 0.88 0.90 0.89 0.91
Black 0.07 0.06 0.09 0.08 0.09 0.07
Married 0.67 0.79 0.53 0.59 0.72 0.50
Single 0.05 0.04 0.07 0.03 0.04 0.03
Observations 3025 1385 1640 8726 2830 5896
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Table 17: Parameters of the Benchmark Model

Parameter Description Value Source-Target
Demographics

J maximum life span 56 age 80
jR mandatory retirement age 41 age 65

Preferences
β discount factor 0.988 K/Y = 3
σc risk av. in consumption 2 standard
σl utility parameter of leisure 4.44 frisch elasticity = 0.4
θ utility parameter of health -0.2 h25,64 = 0.78
φs,j utility from leisure see text labor supply profiles

Firm Production
α capital share 0.36 standard
A firm technology 0.84 wage = 1
δk depr. rate of capital 0.06 I/Y = 0.20

Health Investment
ρ exp.-exer. substitution 0.8 illustration
η returns to scale in health 1 illustration
γ health technology 0.35 m25,80 = $3,240
γ0 efficiency of exercise 20 e25,64 = 15 mins
γ1 age effect -0.09 e25,44/e45,64 = 1.2
γs education effect 0.25 ecol/ehs = 1.5
γr retirement effect -14 e64/e65 = 0.5
d0 depreciation rate 0.1 illustration
d1 age effect 0.002 h25,34/h35,44 = 1.05
d2 age effect 0.00015 h25,34/h45,64 = 1.08
dr retirement effect 0.05 illustration

Health Insurance
qw worker-copayment 0.2 data
qr retired-copayment 0.2 data
pr retired-premium $1,500 data
pw worker-premium $2,700 clears priv. ins.

Government Services
τfed fed tax 0.08 clears Medicare
τss Soc. Sec. tax 0.10 clears Soc. Sec.
tr acc. beq. transfer $2,100 clears acc. beq.
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Figure 1: Earnings Profile Heterogeneity Implied by Estimates

Figure 2: Evolution of Prior Variance
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Figure 3: Expected Earnings Profile

Figure 4: Savings Rate Gap at Age 25-34
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Figure 5: Savings Rate Gap at Age 55-64
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Figure 6: Time Preference Heterogeneity
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Figure 7: Savings Rate Gap at Age 25-34 with Time Preference
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Figure 8: Savings Rate Gap at Age 55-64 with Time Preference
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Figure 9: Worker Earnings Ratio
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Figure 10: Healthy Ratio and Health Index in the Data

Figure 11: Health Expenditure in the Data
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Figure 12: Time Allocated to Exercise in the Data

Figure 13: Extensive-Intensive Margins in Exercise in the Data
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Figure 14: Time Allocated to Exercise in the Model

Figure 15: Health Expenditure in the Model

Figure 16: Health Status in the Model


