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Abstract

In recent decades, the US wage structure has been transformed byisang college premium,
a narrowing gender gap, and increasing persistent and transitoresidual wage dispersion.
This paper explores the implications of these changes for ssssectional inequality in hours
worked, earnings and consumption, and for welfare. The framerk for the analysis is an
incomplete-markets overlapping-generations model in wdii individuals choose education and
form households, and households choose consumption and intraxilgt time allocation. An
explicit production technology underlies equilibrium prces for labor inputs di®erentiated by
gender and education. The model is parameterized using micdata from the PSID, the
CPS and the CEX. With the changing wage structure as the only pmitive force, the model
can account for the key trends in cross-sectional US data. We alsssass the role played by
education, labor supply, and saving in providing insurance aget shocks, and in exploiting
opportunities presented by changes in the relative prices di®erent types of labor.
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1 Introduction

The structure of relative wages in the US economy has undergoaeamajor transformation in
the last three decades. Wage di®erentials between collegedgites and high-school graduates
dropped in the 1970s, but have risen sharply since then (Katz and #ar, 1999). The wage
gap between men and women has shrunk signi cantly (Goldin, 2006Within narrow groups
of workers de ned by education, gender and age, the distribath of wages has become much
more unequal. This increase in residual wage dispersion re°eat€reasing volatility in both
persistent and transitory shocks (Juhn, Murphy and Pierce, 1993Gottschalk and Mox=tt,
1994).

Over the same period, the US economy experienced large changethe distributions of
labor supply, earnings, and consumption. Women's hours worketkelative to men's, almost
doubled between 1970 and 2000. Conditional on working, crassstional variation in hours
remained stable for men, but narrowed markedly for women. Therrelation between wages and
hours increased sharply, especially for men. Finally, but peabs most importantly, dispersion in
measures of household consumption increased much less than disiparin household earnings
(Krueger and Perri, 2006; Attanasio, Battistin and Ichimura,2007)?

A vast literature addresses the sources of changes in the wage rilsition (for surveys, see
Acemoglu, 2002; Hornstein et al., 2006). However, much less resbhahas been devoted to
exploring whether this transformation has important macroeonomic and welfare implications.
In this paper, the primitive forces behind changes in the wagstructure are conceptualized as a
combination of exogenous shifts in the relative demand forstinct types of labor di®erentiated
by gender and education, coupled with exogenous variatioms persistent and transitory id-
iosyncratic productivity risk. We rst ask whether the observed chnge in the wage structure,
de ned this way, is quantitatively consonant with observed chages in the distributions of labor
supply, earnings and consumption. We then address the welfarmaplications of changes in the
wage structure, and investigate how endogenous changes in &br allow households to both
insure against additional risk, and to take advantage of new ogptunities presented by shifts
in relative demand.

Answering these questions requires an economic model delivgnomedictions for hours, earn-
ings, consumption and welfare, given wages as inputs. The standianacroeconomic framework
for studying distributional issues is the class of heterogeneoagents incomplete-markets mod-
els developed by Bewley (1986)mrohoraglu (1989), Huggett (1993), Aiyagari (1994), and
Rfos-Rull (1995). Workers in these models are subject to uninaite idiosyncratic labor mar-

1All these facts will be documented in Section 2 based on data from the Consumers Exmditures Survey
(CEX), the Current Population Survey (CPS), and the Panel Study of Income Dynamics (PSID).



ket shocks, but can borrow and lend through a risk-free bond to smth consumption.

The prototypical incomplete markets model adopts the “ctionof the \bachelor household".
However, the decline in the gender wage gap and the rise in femphrticipation have potentially
large e®ects on inequality and welfare that can only be undeosid by explicitly modeling
two-person households. Furthermore, wages and hours workeck atharacteristics recorded
at the individual level, while consumption and welfare are ftyically measured at the level
of the household. This presents an obvious challenge for thechalor model as a lens for
interpreting micro data. We therefore model households asmorising two potential earners,
facing imperfectly correlated shocks. This model provides aapping from individual wages
to the within-household allocation of market hours, which in@irn determines household-level
income, consumption and, ultimately, welfare.

The life-cycle of individuals in the model is as follows. Firsthey choose education, given
an idiosyncratic cost of attending college. Then they form h@eholds comprising husbands
and wives. Couples move through the rest of the life-cycle taper. During working age, the
family chooses consumption, asset holdings and labor supply ofttbh@pouses. Retirement is
“nanced through savings and a simple public pension system.

Another important feature of the model is an explicit producion technology that aggregates
capital and four types of labor input, de ned by gender and ediational attainment (as in Katz
and Murphy, 1992; Heckman, Lochner, and Taber, 1998). The pas of di®erent types of labor
input are equilibrium market-clearing outcomes, where botllemand and supply change over
time. Changes in labor demand for college relative to hightsmol graduates and for women
relative to men are modeled as exogenously time-varying wieig in the aggregate production
technology, which we label \skill-biased" and \gender-biaseéddemand shifts. Changes in the
supply of di®erent labor inputs re°ect the cumulative e®ects afidividuals' optimal education
choices and households' choices of hours worked for both spouses.

The four distinct exogenous forces driving wage dynamics { ikand gender-biased demand
shifts, and changes in the volatility of persistent and transitoy individual-speci ¢ productivity
shocks - are parameterized to reproduce, respectively, thesebved rise in the skill premium,
the observed decline in the gender wage gap, and the increasethe persistent and transitory
components of residual wage dispersion estimated from the Paistudy of Income Dynamics
(PSID) for 1967-2003.

The advantage of being explicit about the underlying techrlogy is that we can conduct two
sets of counter-factual experiments. First, we activate the egenous forces driving the wage
structure one at a time, to shed light on the role of each time-vging component in explaining
the evolution of cross-sectional inequality. Second, by vang the set of choice variables for



individuals (savings, labor supply, female participation, emliment), we can isolate the roles of
di®erent behavioral responses in mediating the welfare e®edtshese changes.

Overall, the quantitative experiment is successful in that thealibrated model, coupled with
the estimated changes in the wage structure, can account for maimportant trends in our
cross-sectional data.

First, the model accounts for three quarters of the observedse in relative hours worked
for women. The key driving force is the narrowing gender waggap (as in Jones, Manuelli
and McGrattan, 2003). The model misses the rise in female hours the period 1965-1975,
suggesting non-wage factors were at work at that time.

Second, because of the modest individual labor-supply eladycithe model predicts little
change in the dispersion of hours worked for men, as in the datdowever, it also predicts stable
dispersion in female hours worked, contrary to the decline obiged in the data. Con°icting
forces are at work: more volatile idiosyncratic shocks tend tmcrease inequality, while the
smaller gender wage gap reduces inequality in female hoursvéwds the level for men.

Third, the model successfully replicates observed dynamics ihet correlation between in-
dividual wages and individual hours, for both men and women. r&nsitory shocks, which are
largely self-insurable through savings, induce individuals taork more when wages are tem-
porarily high. Thus, the rise in the variance of transitory shock pushes up the wage-hour
correlation. Rising relative demand for female labor is alsenportant: as women's share of
household earnings rises over time, shocks to male wages coméaee a smaller impact on
household consumption, implying smaller o®setting wealth e®ects hours worked.

Fourth, the model generates increases in household earningsl &onsumption dispersion
in line with the US evidence. Skill-biased (and gender-biasedgmand shifts a®ect inequality
in earnings and consumption symmetrically, since households dot adjust savings much in
response to such permanent changes in the wage structure. In gast, changes in the variance
of wage risk have very di®erent e®ects on earnings and consumpiicequality, re°ecting self
insurance through labor supply, borrowing and saving. In the ndel, more volatile transitory
shocks have very little e®ect on consumption dispersion, whilegger persistent shocks increase
consumption inequality only about half as much as earnings eqguality.

Finally, the model can explain one third of the slowdown in agggate labor productivity that
began in the early 1970s, and two thirds of the acceleration sm 1995. These changes entirely
re°ect behavioral responses to changes in the wage structure. the earlier period, women's
relative hours are rising, thanks to gender-biased demand dkif These women earn less per
hour than the average working man, which translates into ddoing average productivity. In
the 1995-2005 decade, productivity growth re°ects a large“iow to the labor force of college



graduates, whose relative wages are rising thanks to skill-bidsdemand shifts.

Given the model's success in replicating key trends in cross-sentl dispersion, we feel con-
“dent in using it to assess the welfare costs of observed changes i thage structurez We nd
that (ex-ante) welfare costs vary dramatically across cohast such that early cohorts entering
the labor market in the 1970s and early 1980s lose up to 0.5 pemtof permanent consumption
relative to the 1965 cohort, while later cohorts are in factelft better o®, in expected terms, as
a result of structural change in labor markets. However, there great dispersion in expected
welfare e®ects conditional on education. For example, houskts comprising two high-school
graduates who enter the labor market in 1990 expect a loss et 3.7% of permanent con-
sumption relative to the 1965 cohort.

The set of counter-factuals in which we shut down various mamg of adjustment to struc-
tural change shed further light on the sources of welfare gaiasd losses. Welfare losses are
primarily due to bigger persistent shocks, while gender-biasead especially skill-biased de-
mand shifts are welfare improving. We nd that savings and labosupply are the most impor-
tant adjustment margins used by households to mitigate the advee e®ects of larger persistent
volatility. We also conclude that, over the past thirty years, UShouseholds have been able to
take great advantage of the opportunities presented by gendeiased and skill-biased demand
shifts by increasing female participation and college enroient, respectively.

The rest of the paper is organized as follows. Section 2 descslbiee stylized facts of interest.
Section 3 presents the model, and de nes the equilibrium. Semnt 4 describes the calibration
and estimation strategy. Section 5 contains the main results dhe macroeconomic and welfare
consequences of the changing wage structure. Section 6 cotietu In the Appendix, we describe
the CEX, CPS and PSID samples, and the estimation of the statisticalage process.

2 Stylized facts

This section describes the salient facts motivating our exesd. Statistics on wages, hours
and earnings reported in this section are all computed from ¢éhCurrent Population Survey
(CPS) March Files (1967-2005). Statistics on household consption are based on Consumer
Expenditure Survey (CEX) data (1980-2003). Enrollment datare taken from the US Census
Bureau. Our sample comprises married households where the husthas 25-59 years old.
Appendix A contains a detailed description of the underlying mero data, the handling of

2There is a small but growing literature on the implications of rising inequality for the distribution of
household consumption and welfare. The question was rst addressed by Attanasio an®avis (1996) and,
subsequently by Blundell and Preston (1998), Heckman, Lochner, and Taber (1998Krueger and Perri (2003,
2006), Blundell, Pistaferri, and Preston (2008), and Guvenen and Kuruscu (2007 At various points in the
paper, we compare and contrast our methodology and results to the existing liteature.
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measurement issues, and sample selection critetia.

College premium and enrollment. Panel (A) of Figure 1 plots the evolution of college
wage premium for men and women in the United States over the ped 1967-2005. The male
(female) college wage premium is de ned as the ratio betwedmetaverage hourly wage of men
(women) with at least a college degree and the average hourhage of men (women) without
college degree. In the late 1960s, male college graduatesiedraround 45% more than men
without a college degree. Over the 1970s, the college-high@thwage di®erential declined to
30%. Since the late 1970s, the male college premium has besmg, reaching 90% in 2000.
The dynamics of the college wage premium for married womeneaqualitatively similar, with
a more prolonged fall over the 1970s and a smaller rise since 198hile the college premium
was almost identical across sexes in the late 1960s, it is now substly lower for women
(65% versus 90%). These magnitudes are consistent with those doeuted in the literature
(see Katz and Autor, 1999, Table 3; or Eckstein and Nagypal, 200Bigures 6 and 7).

Panel (C) shows that college enroliment rose remarkably for tomen and women over the
same period. The fraction of women aged 25-29 with a collegegoee almost tripled, and in
the mid 1990s women's enroliment rates overtook merf's.

The simultaneity of the increase in the relative supply and retave price of college-educated
labor indicates a growth in aggregate labor demand favoringpllege graduates, which, following
the literature, we label a \skill-biased demand shift". Techniogical change and, to a lesser
extent, increased openness to trade have been identi ed as th@imexogenous drivers of this
shift (see, among others, Katz and Murphy, 1992; Krusell et al. 090; Acemoglu, 2002j.

Gender gap in wages and hours worked.  Panel (B) depicts the dynamics of the gender
wage gap, de ned as the ratio of male to female wages. The gendap stayed constant around
1.65 until the late 1970s and then declined rapidly to 1.35 b®003. The rise in relative female
wages coincided with a surge in relative female hours: panel)(Bhows than in the late 1960s
women worked 30% as much as men, while since the 1990s womeraskat hours have been
almost 60% of men'$. The trends in panels (B) and (D) are in line with existing estimges.

3In our sample 75% of households where the head is 40-45 years old are couples, witgie and divorced
households accounting equally for the rest. Thus, our sample contains most of the & population.

4Men's college enrolliment shows a slower upward trend, and a large deviation ale trend around the mid
1970s which is hard to explain through price movements. Some authors attribug this temporary surge in college
enrollment to the incentives provided by the Vietnam War draft deferment rules for male college students and
the Gl Bill bene ts for war veterans who took on college training programs (Card and Lemieux, 2001).

5In the existing literature the leading explanation for this shift is the rapid a doption of new information and
communication technologies (ICT) which raised the relative productivity of more educated labor (\skill-biased
technical change"). A less prominent role is attributed to falling demand for unskiled-intensive goods produced
in the US due to greater openness to trade with developing countries abundant in unskilledabor.

6As common in the literature (e.g., Blau and Kahn, 2000), we report the full-time gender gap, where full-time



Goldin (2006, Figure 6) and Blau and Kahn (2000, Figure 1) rept virtually the same path as
panel (B) for the gender wage gap, and Jones, Manuelli and Mc&tan (2003, Figure 1) show
a similar rise in relative hours worked for married women.

We interpret these trends using a supply-demand logic similar tinat applied to the college
premium: since relative female wages and hours rose at the samed, a \gender-biased demand
shift" in favor of female labor was operative over this periodAn increase in the demand for
women could be driven either by changes in technology favog occupations in which women
have a comparative advantage, or by changes in social norms kimgy quali ed women more
willing to seek high-paying positions, and employers more witi to hire them.’

Wage inequality. Panel (A) of Figure 2 plots the variance of log hourly wages fanen and
women over the 1967-2005 peridd.Interestingly, the increase is quite similar across genders,
around 20 log points (or 0.20) over the entire period. Thisse in cross-sectional wage inequality
has been well documented in the literature. For example, Katand Autor (1999, Table 4B)
document a similar increase for men and women, around 15 log sifrom 1970 to 1995.

The rising college premium (i.e. between-educational-grpunequality) accounts for a siz-
able part (around 1/3) of the increase, but rising residual (wiiin-group) inequality explains
the lion's share. This fact has been well known since the seminabrk of Juhn, Murphy, and
Pierce (1993). Changes in the college premium are, by de mti, permanent shocks once the
education decision has been made. However, as rst pointed out Bottschalk and Mox=tt
(1994), rising residual inequality can be either persistent oransitory in nature. In Section 4.1,
the panel dimension of PSID is used to estimate a statistical modfr cross-sectional residual
male wage dispersion in order to distinguish the persistent from ¢htransitory components.
This decomposition of residual inequality is a key input of ouexercise.

Labor-supply inequality. While there is a growing literature on the dynamics of wage
inequality, this paper is one of the rst to explore the dynamis of dispersion in hours worked,
and in the correlation between wages and hours. Panel (B) ofdtire 2 plots the variance of log
hours worked by gendef. Here, in contrast to the skill premia and wage inequality, both lie

work is de ned to be 2000 hours per year or more. This criterion is used because womamne more likely to be
employed part-time, and part-time work carries a wage penalty (see e.g. Manningrad Petrongolo, 2007).

’Goldin (2006) discusses the sources of the labor demand shift that has occurred sindeet1960s { what she
calls the \quiet revolution". She points to the impact of WWII in showing employ ers that women could be
pro table and reliable workers; the role of contraceptives in allowing womento plan their careers and to become
viable candidates for high-paying jobs like lawyers or managers; the structural lsift towards the service sector
with its more °exible work schedule; and, nally, the role of anti-discriminati on legislation.

8The cross-sectional moments plotted in Figure 2 (as well as Figures 4, and 6-1are demeaned in order to
visualize di®erences in trends. Means are reported in square brackets in the legend.

9By construction, this statistic excludes women who do not participate. We de ne an individual as a
nonparticipant if he/she works less than 260 hours in the market, i.e. a quarter & part-time work. None of the



levels and the trends are rather di®erent for men versus wometiours inequality is much higher
for women, and female hours inequality declines throughothe period, while it is basically °at
for men.

Panel (C) reports the cross-sectional correlation between legages and log hours by gender.
This correlation rises until the late 1980s. The rise for men is ane pronounced, around 0.25
versus 0.15 for women. In the 1990s and beyond, the correlatic stable for men, while it
declines somewhat for women.

The variance of individual log earnings (not plotted) can be&eomputed residually given the
moments discussed above as the sum of (i) the variance of log wad@psthe variance of log
hours, and (iii) twice the covariance between log wages andyltours.

Household earnings and consumption inequality. The variances of household log
earnings and equivalized log consumption are plotted in pangD) of Figure 2.1° Household
earnings inequality rose steadily by 23 log points over the ged, driven by increases in wage
inequality and in the wage-hour correlationt!

The second line in this plot is the variance of log household agalized consumption. The
CEX data, assembled by Krueger and Perri (2006), are consistenthvailable only since 1980.
We use the same de nition of consumption as Krueger and Perri: espditures on nondurable
goods, services and small durables, such as household appliancks gervices from housing
and vehicles (this variable is labelled ND+). As previously dagnented by Cutler and Katz
(1991) and Johnson and Shipp (1997), consumption inequalityaicks earnings inequality quite
closely in the 1980s. Slesnick (2001) and Krueger and Perri (B)Quncovered the surprising
divergence between the two series in the 1990s and beyond.

Overall, between 1980 and 2003, household log earnings dispmr rises more than twice as
much as log consumption dispersion: 17 versus 7 log points. Congdale results on trends in US
consumption inequality for the 1990s are reported by Attanasj Battistin and Ichimura (2007),
and Blundell, Pistaferri, and Preston (2008), notwithstandiig di®erences in the methodologies
used to organize the data.

Model inputs and targets. The facts just described form the basis of the quantitative

key trends in hours is sensitive to this threshold: however, the lower the threshold, thehigher is the level of
measured inequality.

Owe follow Krueger and Perri (2006) in using the Census scale to construct adult equidant measures of
household consumption. Equivalizing earnings is of less importance: the increase ihd variance of household
log equivalized earnings is 0.20, i.e. just 3 log points lower than our benchmnla series.

Evidence on the within-household correlation between male and female wages is mixedlhe CPS data
show an increase concentrated in the 1980s, while PSID data display some swindsit no clear trend over the
sample period. See Technical Appendix T-2 for a short discussion, and Figure T-4 for a @i of this moment
in both data sets. We return to this point in Section 4.1 when discussing the asaamptions on the female wage
process.



analysis of our paper. Some facts serve as inputs to the modetdaothers as targets for the
model. The college-high school wage di®erential and the cg#eenrollment rate allow us to
infer a time-path for skill-biased demand shifts, our rst input. $milarly, the male-female wage
and hours di®erentials enable us to derive a time path for gesrdbiased demand shifts, the
second input. As we have already explained, time paths for theanances of persistent and
transitory idiosyncratic wage shocks, our third and fourth inpts, are estimated using PSID
data.

The aim of the thought experiment is to assess the extent to whicthese changes in the
wage structure, taken as exogenous, can account for observedrades in the distribution of male
and female hours worked (gender di®erentials in average hguvariances of hours, and wage-
hour correlations), in household earnings inequality, and, ally, in household consumption
inequality. These moments are our targets.

3 Economic model

We begin by describing the model's demographic structure, gegences, production technolo-
gies, government policies, and nancial markets. Next, we outkinthe life cycle of the agents
and de ne a competitive equilibrium.

3.1 Preliminaries

Time is discrete, indexed byt = 0; 1;:::; and continues forever.

Demographics  The economy is populated by a continuum of individuals, equg many
females and males. Gender is indexed gy2 f m;f gand age isdenotedby 2J " f 1;2;:::;J0.
Prior to age J, individuals survive from agej to j + 1 with age-dependent probability3’. At
each date a new cohort of measure one of each gender enters t@memy. Since the cohort
size and survival probabilities are time-invariant, the modeage distribution is stationary.

Life-cycle The life cycle of individuals is comprised of four stages: eduia, matching,
work, and retirement. In the rst two stages, the decision unit is lhe individual. In the second
two stages the decision unit is the household, i.e. a pair of sposse&ince our focus is mostly
on labor market risk, we simplify the rst two stages of the life cyle by letting education and
matching take place sequentially in a pre-labor market peribof life labeled \age zero". Thus
agents enter the labor market as married adults at age= 1, retire at agej = jR; and die with
certainty if they reach agej = J:

Preferences  We let u(c; X;) be the period utility function de ned over market consump-
tion ¢ and a non-market (or home) gooc;. Both ¢ and x; are public goods for the household.
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This assumption implies that we do not need to distinguish betweeutility at the level of the
individual spouse and utility at the level of the household, or étween unitary and collective
models of household behavior. Furthermore, viewing the falypias a unitary decision maker
enjoying utility from public goods represents the smallest podse deviation from the standard
single-agent \bachelor" model that predominates in the lifeycle consumption-savings liter-
ature. The non-market goodx; is jointly produced withsmale and female non-market hours
according to the constant returns to scale technology 1 n{";1; n{ , Wheren? 2 [0; 1]
denotes hours worked in the market by the spouse of gendgt?

Technology There is one nal market good produced by a representative rm usy ag-
gregate capitalK; and aggregate labor inputH, according to a Cobb-Douglas production tech-
nology Z,K ®Hl ® where®is capital's share of output, andz, is a time-varying scaling factor.
Output can be used for household consumptio@;; government consumptionGy; investment
I, or net exportsN X: Capital depreciates at rate+.

We follow Katz and Murphy (1992) and Heckman, Lochner and Talvg1998) in modeling
aggregate laboH, as a CES aggregator of four types of labor inputi?®, indexed by gender
g and education levele2 E “ f h;lg; whereh denotes high education and low education:

3 - 3 T K
1 i El’pjl

Ho= L5 R e OHn Ty s ey sum T
According to this speci cation, male and female exciency unitsfdabor, conditional on sharing
the same education level, are perfect substitutes, while the stecity of substitution between
the two di®erent education groups igL

The technological parameters © and , & capture exogenous skill-biased and gender-biased
demand shifts in favor of college-educated labor and femasbbr, respectively:?

Government  The government taxes labor and asset income at °at rateg{; ¢?) and
pays out a xed pension bene thto retirees. The government budget is balanced every period:
once the pension system has been nanced, any excess tax revenuesspent on non-valued
government consumptionG;.

Commodities, assets and markets At each datet, there are ve traded commodities:
a nal good and four types of labor services, as described above. iAslimrohoraglu (1989),

2Following Greenwood and Hercowitz (1991), we do not distinguish explicitly between time devoted to
leisure and to home production. In many instances, the distinction between the two ifuzzy (e.g., in the case
of childcare, cooking, gardening, shopping). Greenwood and Hercowitz's view is thatime [...] has no intrinsic
worth on its own [...], but instead derives its value from what can be done with it." (page 1192).

BThe term (1§ ?)=,f creates a time-varying wedge between the wages of men and women with the same
human capital. Jones, Manuelli and McGrattan (2003) model this wedge as a \ta" on the female wage in the
household budget constraint. They calibrate this sequence by matching the observed gender preum, exactly
as we do. From the viewpoint of an agent in the model, these alternative stitegies are equivalent.

9



Huggett (1993), Aiyagari (1994), and Rfos-Rull (1995), nanclanarkets are incomplete: agents
trade risk-free bonds, subject to a borrowing constraint, but doot have access to state-
contingent insurance against individual labor-income risk. fie interest rate on the bonds is set
internationally and is assumed to be constant and equal to Agents have access to annuities {
insurance against the risk of surviving. An intermediary pools sawgs at the end of each period,
and returns pooled savings proportionately to individuals o are still alive at the start of the
next period, at actuarially-fair rates* All markets are perfectly competitive.

3.2 Life cycle

We now describe the four stages of the life-cycle in detail.

3.2.1 Education

At the start of life (age zero), individuals make a discrete ediuation choice between pursuing a
college degreeq= h) or a lower schooling degreee(= ). The utility cost of attending college

- is idiosyncratic, and is drawn from the gender-speci ¢ distrittion F9. This cost captures,
in reduced form, cross-sectional variability in scholastic tate, parental background, access to
credit, and tuition fees.

When individuals decide whether or not to go to college theyoasider their draw for the
cost, -, the college wage premium they expect to command in the laborarket, and the value
of being highly educated when entering the matching stage: tWipositive assortative matching,
acquiring a college education increases the probability ofemting a college-educated, and thus
high-earning, spouse. LeM? (e) be the expected value, upon entering the matching stage at
date t, for an individual of genderg who has chosen education level The optimal education
choice for an individual with educg 2tion cost is
@y N MM

I otherwise

where € (9 denotes the gender-speci ¢ education decision rufe. Let ¢f be the fraction of

M2 (1)

5

(@)

M While the assumption of perfect annuity markets is widely used in the literature for its convenience (it allows
one to abstract from bequests), we acknowledge that it is not realistic. Howver, since bequests are typically
received at a stage of the life-cycle when wealth is already sizeable, they are not amportant insurance channel
against income shocks, which is the main theme of our paper.

50ur simple model for education acquisition is consistent with the key empirical paterns: (i) a positive
correlation between education and scholastic ability/parental background (ie. low - ), (ii) a positive correlation
between education and wages, and, therefore, (iii) a positive correlation betweemeasures of ability/background
and wages. In the model,; does not have a direct e®ect on earnings, it impacts earnings only through education.
The debate on whether there are returns to ability above and beyond education is ongoingFor example, in a
recent paper, Cawley, Heckman and Vytlacil (2001) argue that measures of cogie ability and schooling are so
strongly correlated that one cannot separate their e®ects on labor market outcomesithiout imposing arbitrary
parametric structures in estimation (e.g., log-linearity and separability) which, when tested, are usually rejected.

10



individuals of genderg choosing to attend college in period. Then

¢ = FI(MY(h)i MP(1) 2 [0;1]: 3)

3.2.2 Matching

Upon entering the matching stage, individuals are charactemd by two states: gender and
education @;e : Following Fernfindez and Rogerson (2001), individuals of ppsite gender
are matched stochastically based on their educational level. et %4" Iem;ef 2 [0;1] be the
probability that a man in education group €™ is assigned to a woman belongin@g to group at
time t. Symmetrically, matching probabilities for women are derted 14 ‘e ;em .

The expected values upon entering the matching stage for mehtagh and low education
levels can be written, respectively, as:

M (h)
M (1)

Y (h;h) VO (h;h) + %47 (h; 1) VO (h; 1) 4)
WD VEGD+ A (h) VP h);

whereV? I e e ¢ is expected lifetime utility at date t for each member of a newly-married (age
zero) couple comprising a male with educatioe™ and a female with educatione’ . Similar
expressions can be derived for the functiorMI (e).

The enrollment rates from the schooling stagey; together with the matching probabilities,
14, jointly determine the education composition of newly-forme households. For example, the
fraction of matches of mixed type ;1) at da;e t is given by

Qv ()= 1i d ¥ (;h); 5)

where the equality is an aggregate consistency condition. L&p denote the cross-sectional
Pearson correlation between the education levels of husbanadawife. One can show that

m . . m ~f
wom 1 LA i d'd
@i g)d 1iq

(6)

The correlation % is a measure of the degree of assortative matching. We treat thaerrelation
as a structural parameter of the economy.

Finally, since our focus is on labor market risk, we abstract fro shocks to family com-
position. Thus, matching takes place only once, and marital wons last until the couple dies
together 16

18Calibrated equilibrium models of marriage and divorce have been developed to asss the determinants of
intergenerational mobility (see e.g. Aiyagari, Greenwood, and Guner, 200Q)and to assess the role of changes
in family composition on macroeconomic magnitudes (Cubeddu and Rfos-Rull, ZiB). As a rst step towards
understanding the implications of household composition for changes in cross-seatial inequality, in Section
5.3 we consider a single-earner \bachelor" version of the model.
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3.2.3 Work

Individuals start working at agej = 1 and retire at agejR. During this phase of the life cycle,
they allocate their time between market work and productiorof the non-market goodx;. Labor
services supplied to the market are indexed by the gender-edtion pair (g; € ; and each labor
input commands a type-speci ¢ competitive pricg® per exciency unit.

An individual's endowment of exciency units per hour of markework (or individual labor
productivity) depends on experience and on the history of idsyncratic labor productivity
shocks. Thus, at timet, the hourly wage for an individual of agg and type (g; e is

|g§;}e £ pXP (L g) + ytg; 7)

price per unit  exciency units

whereL (j) is a deterministic function of age andy; is the stochastic individual-speci ¢ com-
ponent of (log) labor productivity.’

Men and women face the same experience pro le and the same stodeagtocess for id-
iosyncratic productivity. We modely; as the sum of two orthogonal components: a persistent
autoregressive shock, and a transitory shock. More precisely,

Yo = ¢tV (8)

t

1
N

=
+

wherev, and ! ; are drawn from distributions with mean zero and variances) and |, re-
spectively. The sequences, };,; g capture time variation in the dispersion of idiosyncratic
transitory and persistent shocks. At agg = 1, the initial value for the persistent component is
drawn from a time-invariant distribution with mean zero and \ariance, . Shocks are positively
but imperfectly correlated across spouses within a household. eWill defend this model for
idiosyncratic productivity in Section 4.1. In what follows, br notational simplicity, we stack
the two idiosyncratic componentsf " ,; v;g for an individual of genderg in the vector yf 2 Y,
and denote her/his individual exciency units by" (j; y?).

Households trade the risk-free asset subject to a borrowing limi. Asset holdings are
denoteda; 2 A~ [a;1). One unit of savings delivers 33 units of assets next period,

re°ecting the annuity-market survivors' premium.

70ur model assumes a return toage rather than to actual labor market experience. This choice is made out
of convenience: accounting explicitly for the return to experience would add two continuas state variables (one
for each spouse), making the problem signi cantly harder to solve. This simpli caion is unlikely to matter for
men's choices, since the vast majority participate throughout working life aryway. In the literature there are
di®erent views on the role of labor market experience for women's work decision®livetti (2006) argues that
increases in returns to experience have had a large e®ect on women's hours worked in thet lthree decades.
In contrast, Attanasio, Low and Sanchez (2008) nd small e®ects.
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The problem of the household can thus be written as follows
3 :

h 3 ‘i
Ve €éjanyyr = max u(cox)+ BB Vir @%e) +1iauy i Yin
Cr;at+1 ;n{" Ny
.subjectto h i 3 f, fi
G+aw = [1+@i rlar@i ) N (A A R s S F A
xc = x 1j n™1j n|
a«a , & &, 0 n"nl2[01]; (9)

where the value functionV; de nes expected discounted utility at timet as a function of the
state variables for the household problem: educatio®(; € ), agej, wealth a;, and the vectors
of male and female productivity y{“;yI ). Preferences and the asset market structure imply
that there are neither voluntary nor accidental bequests.

The expected lifetime value for each spouse in a newly-formedusehold,V?; is given by
3 i

0 [ . Af ¢ — M. f.q-0-vM-y,f .
Vt em,e —E Vt € ,e,l,oayt !yt '
where the zero value for the fourth argument re°ects the assumiph that agents enter the

working stage of the life cycle with zero wealth, and where thexpectation is taken over the
set of possible productivity shocks at age oné.

3.2.4 Retirement

Since retirees do not work, the only state variables for a reéid household [ , jR) are age and
wealth. Retirees receive lump-sum social-security bene bsevery period until death. Bene ts
are taxed at rate¢". The problem of a retired household is

Vi(j;ar) = max u(c;x)+ 3 WV (j +1;841)

Ct at+1
subject to
at+an = [+ rla+(Li b
Xy = X(1;1)
1, & G, O A+(gij+1) » O (10)

Note that the entire time endowment of each spouse is devoted togauction of the non-market
goodx;. The last inequality implies that agents cannot die in debt?

8The assumption of zero initial wealth is consistent with the absence of bequests iequilibrium. We analyzed
the empirical distribution of "nancial wealth for individuals aged 23-25 in the US from the 1992 Survey of
Consumer Finances. We found that median wealth is negligible for this age group @000), with no signi cant
di®erences across the two education groups. Details are available upon request.

Pwith a slight abuse of notation, we include only a subset of the individual states & arguments ofV, in the
retiree's problem, since the other state variables are irrelevant during retiremeh
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3.3 Equilibrium

The economy is initially in a steady-state. Unexpectedly, agéndiscover that the economy will
experience a period of structural change, with the changedljusummarized by the sequences
for skill-biased a%)d gender-biaged demand shifts and for varizes of the stochastic wage com-
ponentsf, (g Lo, 8 v 1. Agents have perfect foresight over the future evolution of
these sequences.

Let Bo and By be the Borel sigma algebras ok and Y, and P (E) and P (J ) be the power
sets ofE and J . The state space is denoted b “E 2£J £A£Y 2 with generic elements.
Let § s be the sigma algebraois denedas8& " P(E)- P(E)- PJ)-Ba-By-B y and
(S; 8s) be the corresponding measurable space. Denote the measure afskbolds on §;85)
in period t as', and the initial stationary distribution as * .

Given! , and sequencetZ.g, f%g, andf, g, a competitive equilibriumis a sequence of dis-
counted valuesf M{ (e)g; decision rules for education, consumption, hours worked asdvings
fed (-);c(s):nd(s);au (s)g; value functionsfV, (s)g; Tm choices fHI*®; K g; pricesf p?®g;
government expenditured G,g; individual college graduation rates by gender and cohoftfg;
matching probabilities f ¥4g; and measures of households ,g such that, for all t:

1. The education decision rulef (- ) solves the individual problem (2) andcf is the fraction
of college graduates of gendey determined by (3).

2. The matching probabilities’§ satisfy equation (6) and the consistency conditions
"4 (hih) =g [ Y4 (h; h) @i a)AEh)=q Ve (h;1)

11
et 1 d Rk @ @WED= 1 d Aen: D

Moreover, the discounted utilities at this stageM? (e), are de ned in (4).

3. The household decision rules; (s) ;n{ (s) ; a.+1 (s) and value functionsV, (s) solve the
household problem (9) during the work stage, and (10) during tieement.

4. Capital and labor inputs are allocated optimally, i.e.K; and HZ*® satisfy

3
1i ® . i
— Hi¢ . h h S .
r = ®Zt Ko i * d‘n =- t 1| (12)

o1
where -8° (1i ®)Z, £ HI" FH{+(1j ,F)H™ "andH is given by (1).

. R
5. The domestic labor markets clear, i.e. for allg; € pairs, H® = seome (YD) NP () dty.
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6. The dF?mestic good market clearsG; + Kg | (17 DK+ G+ NX = ZKKEH} ©, where
Ci = G (s)d, is aggregate consumption.

7. The world asset market clears. This requires that the change net foreign asset position
betweent and t + 1 equals the ¥§art current account: A1 | Ke) i (Ari Ky) =
NX¢+r(Aci Ky), whereAwg = g aw (S)dt, is aggregate domestic wealth.

P . .
8. The government budget is balanced3;+(1 j ¢") b diy = GArA+ N o PUHES
s .
' ¢
9. Foralls~ e"¢€;jacy™yl 2 S, and S'R:EmE EL£IJEAEY"EY' 2 §g;
wheref1g 2 J, the measures , satisfy*,,; (§ = Qi (s;S) d*, with
n 0

Qi (s;9) = IfemZEm ef 2B j+12Jar4 (S)2AQ Pr ym-l 2 YmiYIu 2 ijy{n;yI 3

SHINA

The initial measure at agej = 1, for example for the (h; h) type, is obtained as
. ¢ n (0}
1, 'fhg;fhg;f1g;fog; Y™ Y = " (h;h)Pr yM 2 Y™yl 2 YT =1 ;

and so on for all other education pairs.

4 The computational experiment

Experiment design  The rst objective of the paper is to study the implications of tansfor-
mations in the wage structure for the dynamics of cross-sectidnaequality in individuals' and
households' earnings, consumption, and labor supply. In partitar, we want to assess the ability
of our model to reproduce the observed changes in a set of crossiceal neé)ments of intgrest,
with changes in the wage structure parameters, i.e. the sequerfc .9~ ,7;,°5;,V;,1 . as
the only time-varying input. The sequencef, (g is parameterized so that it reproduces the
rise in the skill premium, the narrowing of the gender gap, andhe increase in transitory and
persistent residual wage inequality, respectively.

In addition, we calibrate the distributions for education cgts so that the model broadly
replicates the empirical time paths for college enrollimerity genderf’g. This ensures that
when applying the matching probabilitiesf ¥4g from equation (11), the model will also replicate
the cross-sectional composition of households by education olserin the data.

We set the path for the aggregate scaling factaZ; so that, in the absence of any behav-
ioral response (i.e., assuming no changes in total e®ective holarseach type of labor input),
the dynamics of, ; would leave average output and labor productivity constant tathe initial
steady state levels. We make this choice because we want to remagmostic about the precise
microfoundations underlying the dynamics in the componestof, {; and thus we want to avoid
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hard-wiring productivity changes in a particular direction into the design of the experiment.
Of course it is quite possible that some of the much-talked-abotdrces that have propelled the
observed dynamics in ; { e.g. the fall in the price of ICT capital for skill-biased demad shifts
{ have also directly increased economy-wide TFP and thus wetta Any such gains would need
to be added to the behavior-induced e®ects that we quantify logv.

We now turn to the parametrization of the model.

4.1 Parametrization

Some parameters are set outside the model, while others are mstied within the model and
require solving for equilibrium allocations. The parameteralues are summarized in Table 1.

4.1.1 Parameters set externally

Demographics  The model period is one year. After schooling choice and houskhtorma-
tion, individuals enter the labor market at age 25, the media age of rst marriage for males
in the midpoint of our sample, 1982. They work for 35 years, anctire on their 60" %rtgday,
which implies that j R = 35. Agents die by age 100, sd = 75: Mortality probabilities 3! are
from the National Center for Health Statistics (1992).

Production technology The capital share paramete®is set to Q33 and the depreciation
rate £ to 0:06 (see Cooley, 1995). The constant world pre-tax interest ratdas set to Q05. These
parameter choices imply a capital-to-output ratiok=Y = ®=(r + 1) = 3, a reasonable value for
the US. We follow Katz and Murphy (1992) in setting the parametept measuring the elasticity
of substitution between education groups to :43.

Tax rates Following Domeij and Heathcote (2004), the tax rates on laboand capital
income are set tog" = 0:27 and¢? = 0:40, which implies an after-tax return to saving of 3%.

Matching probabilities The correlation between husbands' and wives' education level
%is constant, and set to @17, which is the average in our PSID sample for newly-formed
households (i.e., aged 25-35). Given the model's equiliomuenrollment rates and the tar-
get education correlation%;equation (6) identi es the conditional probability ¥§" (h; h). The
remaining three matching probabilities follow from equatns (11). The observed rise in ed-
ucational attainment implies substantial changes in the matdng probabilities. For example,
across steady-state®f" (h; h) rises from 043 to 0:79.

Productivity shocks The mapping between observed individual hourly wages and in-
dividual labor productivity is not immediate in our model, for two reasons. First, there are
four di®erent types of labor in the model, and over time theirelative prices change. These
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dynamics induce changes in observed wages that do not corregppdo changes in the number
of exciency units of labor supplied per unit of time. In particdar, as is clear from equation
(7), one must Tter out changes in pricegp{*® to isolate changes in exciency units.

Second, an individual's wage is observed in the data only if ghe works enough hours
to qualify for inclusion in our sample (260 hours per year). Thiselection problem is acute
for women, especially in the rst part of the sample period. Sinca# the model males and
females are assumed to have the same stochastic process for labodyetivity shocks, it can
be estimated using only wage data for males, for whom selection issuare relatively minor
given their strong labor force attachment?

Let w;;; be the hourly wage of individuali of agej at time t. We run an OLS regression
on PSID data of male hourly wages on a time dummy, a time dummwteracted with a college
education dummy (), and a cubic polynomial in potential experience (age minugears of
education minus ve)L (j):

Inwj = _? + _tleu +L(J)+ Vi (13)

This speci cation is consistent with the wage equation (7) in thestructural model. The esti-
mated polynomial functionL peaks after 29 years of labor market experience at around tei
the initial wage, and then declines by roughly 1% per year uittretirement. The residuals of
equation (13) are a consistent estimate of the stochastic laborqatuctivity component, since
education is predetermined with respect to the realizationsf y;;; .

As described in equation (8)yi;: is modelled as a the sum of transitory plus a persistent
component, with time-varying variances. The choice of this atistical model was guided by
three considerations. First, the autocovariance function fowages (across ages) shows a sharp
drop between lag 0 and lag 1. This pattern suggests the presené@ @urely transitory compo-
nent which likely incorporates classical measurement error images. Second, there are strong
life-cycle e®ects in the unconditional variance of wages: iaresample, there is almost a two-fold
increase in the variance between age 25 and age 59. This suggestexistence of a persistent
autoregressive component in wages. This component is modelesdan AR(1) process. Third,
the nonstationarity of the wage process is captured by indexgnthe distributions for produc-
tivity innovations by year rather than by cohort, following the bulk of the literature which
argues that cohort e®ects are small compared to time e®ects ic@mting for the rise in wage
inequality in the United States (e.g., Juhn, Murphy, and Piece, 1993; Heathcote, Storesletten,
and Violante, 2005).

201 ow, Meghir, Pistaferri (2007) provide evidence on this. Attanasio, Low, and Sanchez (2008) make the
same symmetry assumption and nd that it implies the right magnitude for the female wage variance, under
the model's selection mechanism. As we will document later, our model has the sammplication.
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In Appendix B, we discuss identi cation and estimation of the wag@rocess in detail. Our
estimation method is designed to minimize the distance betweemodel and data with respect
to the variances and covariances of wage residuals acrosssddinti ed by year and overlapping
ten-year age group. We use the Equally Weighted Minimum Distare estimator proposed by
Altonji and Segal (1996) based on Chamberlain (1984), which fsequently employed in this
type of analysis. Since one cannot separately identify the vance of the genuine transitory
shock from the variance of measurement error, we assume that tharance of measurement
error is time-invariant, and use an external estimaté! Based on the PSID Validation Study
for 1982 and 1986, French (2002) nds a variance of measurementor in log hourly wages of
0:02 averaging across the two surveys. Expressed as a percentage ofélsalual wage variance
in our sample, measurement error accounts for®%6 of the total.

Our ndings are summarized in Figure 3 and Table 2. Panel (B) of iure 3 shows that
residual wage dispersion (i.e., within male experience/edugan groups) increased steadily over
this period, and that the estimated model provides an excelie t to the data. Comparing
this picture to panel (A) in Figure 2 one concludes that the risen this residual component
accounts for around 2/3 of the total change in wage dispersioaffraction in line with existing
estimates: Katz and Autor (1999) estimate this fraction to be clee to 60%.

Panel (C) of Figure 3 displays the variance of measurement errdghe variance of genuine
transitory shocks, {; and the cumulated variance of persistent shocks: these three camngnts
sum to the total residual variance in panel (B). The variance afansitory shocks grows steadily
throughout the period, while the cumulated variance of the grsistent component is °at until
the late 1970s and is growing thereafter, especially duringe early 1980s. Consistent with this
pattern, panel (D) shows that the variance of persistent shockg doubles during the 1975-1985
decade. The point estimate for the initial (age 1) variance dhe persistent component,  is
0:124 and shocks to this component are very persistent: the estimatediraual autocorrelation
coezcient %2is 0973 (see Table 2). The table also reports bootstrapped standardas for all
our estimates. In general, standard errors are small and the trés signi cant. As inputs for
the model, we use Hodrick-Prescott (HP) TTtered trends of the estiated sequences, ;| g,
with the HP smoothing parameter equal to ten.

The correlation structure for shocks within the household is #only remaining aspect of the
wage process to consider. The correlation in the initial persestt productivity draw between
husband and wife (which is almost a xed e®ect, given the high pestnce) is set equal to the
correlation of education levels, i.e.,:817. Our preferred interpretation for this assumption is
that when matching, agents sort positively with respect to wage irrespective of whether wage

21The strategy of using independent estimates of measurement error to separate the twoomponents is
common in the literature (e.g., Meghir and Pistaferri, 2004).
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di®erences re°ect education or the initial draw for the persistecomponent?? The cross-spouse
correlations for transitory shocks and for innovations to paistent shocks are set to a common
and constant level that reproduces, in equilibrium, the avege observed correlation between
wage growth for husbands and wives. This empirical correlatip corrected for measurement
error, is 015, which the model replicates when setting, as a structural pameter, the shock

correlation to 0:13423

4.1.2 Parameters calibrated internally

Utility costs of education We impose that the gender-speci ¢ distributionsF9 for the
utility cost of attending college are log-normal, In » N (*9; A%); and we choose means?land
variancesA? to match enroliment rates by gender in the initial and “nal stealy-states. The
empirical counterpart for the initial steady state is the fration of 25-54 year-olds who were
college graduates in 1967: 1% for men, and &% for women. The empirical counterpart
for the nal steady state enrollment rate is an estimate of the fration of college-graduate
25 year-olds in 2002: 26% for men and 317% for women. Intuitively, 19 determine average
enrollment levels by gender, whilé¢ regulate the gender-speci ¢ elasticities of enrollment rates
to increases in the college wage premium. The fact that coleegnrollment has increased more
for women than for men (recall panel (C) in Figure 1) impliesdss dispersion in the distribution
of female enrollment costs relative to that for men (see Table).1

When we simulate the economy, the model's enrollment rates aach datet are those deter-
mined in equilibrium by the calibrated time-invariant cost dstribution together with equation
(3). By construction, the implied enroliment rates t the broad trends documented in panel
(C) of Figure 124

Preferences The period utility function for a household is:

cti® o xli¥
) = N :
u(c; x) 1 A1i 7 (14)

22The initial persistent draw does not appear explicitly in our expressions for mathing probabilities, but
sorting in this dimension is implicit in expected match values.

23These two choices for within-household shock correlation are supported by existiy studies. Hyslop (2001,
Table 3) estimates the correlation between husband and wife "xed e®ects (which includes eduim) to be
0:572 and estimates the correlation of persistent shocks to be:054 over the 1980-1985 period in a sample of
married households. Attanasio, Low and Sanchez (2008) use the Hyslop estingafor the correlation of shocks
within the household, and thus choose a value very similar to ours.

24The model enrollment rates do not reproduce the spike in male enrollment in the mid 180s (see panel (C)
of Figure 1) discussed in Section 2. With a time-varying cost distribution we caild have replicated enrollment
rates year by year. We chose not to add this extra dimension of nonstationarit to the model given our focus
on changes in thewage structure Thus our simulations underestimate the college-biased demand shift in the
1970s. Howeverskill prices are correct since the model is calibrated to match the empirical college premium
year by year.
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and the production technology for the non-market good has éhsymmetric CES form:
£ - - I
x= (Li n™M ¥+ (L n)n T (15)

First, note that even though we do not explicitly model xed coss of work or indivisibilities,
our preference speci cation allows for labor supply adjustmesntalong the extensive margin: if
the wages of two spouses are suzciently di®erent, the lower wage sp®will chose zero market
labor supply, and focus exclusively on producing the non-markgood.

Estimates of relative risk-aversion between one and two are comn in the consumption
literature (see Attanasio, 1999, for a survey), so we sét = 1:5. We set the utility weight
of non-market time relative to market consumption toA = 0:335 to match average household
hours worked in the market, estimated to be 30% of the time endment (assumed to be
151 365 = 5;475 hours per year per individual) over the sample period.

Given our functional forms and parametric restrictions, mar&t consumption, the husband's
non-market hours and the wife's non-market hours all enter parably in household period
utility. Moreover, ¥ serves two purposes. First, the intertemporal elasticity of substition
for individual non-market time is exactly 1=% hence%regulates the Frisch elasticity of labor
supply2® Second, £%is the static elasticity of substitution between male and femaléme in
producing the non-market good. Consequentlyawill determine the allocation of time within
the household. In particular, when the optimal division of tine is interior for both spouses,
relative hours are given by ) u e q ] . n “@ﬂ |

1j nm Ya wi

Thus the extent to which within-household wage di®erentialsdnslate into di®erences in market

(16)

hours is increasing in £%

We set % = 3. This value satis es three criteria. First, this choice exady replicates
the empirical ratio of average female to average male hours @48 (averaged over the entire
period). Second, the implied mean Frisch elasticity of labor gply for men is Q48 and the one
for women is 1462¢ These values are well within the range of gender-speci ¢ micrstienates
(see Blundell MaCurdy, 1999, for a survey of micro estimates, abmeij and Flodgn, 2006, for
an argument based on liquidity constraints for why micro-estimtes may be downward biased).
Third, with this choice the model almost exactly replicates he empirical correlation ofj 0:11
between changes in male wages and changes in female hourkeepver the sample period’

25Recall that the Frisch elasticity of labor supply is (1=%(1 i n9)=n9.

26The elasticity for women in the model declines from 177 in 1967 to 123 in 2005. This fall is consistent with
the "ndings of Blau and Kahn (2005), who document a decline in married women's labor spply elasticities
between 1980 and 2000

2IThe raw correlation is j 0:087 and when correcting for measurement error it is lowered tg 0:11. The
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Satisfying these three criteria is an important indicator of he model's ability to capture
household behavior. The rst and second results show that one cancaant for gender di®er-
ences in average hours and in the sensitivity of hours to chamsg@ wages without introducing
any asymmetries in how male and female non-market hours enfareferences, or in the process
for individual wage shocks. The third result provides an implic empirical validation for the
degree of within-household risk-sharing that the model delixe through the joint labor supply
decision. We conclude that this simple two-parameter¥4; 4 model of non-market work can
account surprisingly well for the salient features of time allcation within the household?®

As emphasized by Storesletten, Telmer, and Yaron (2004), agentmust have a realistic
amount of wealth for the model to feature the appropriate ammt of self insurance through
savings. In the 1992 Survey of Consumer Finances, the ratio of eage wealth to average pre-
tax earnings was 3.94 (Dfaz-Gim&nez, Quadrini, and RfostR1997, Tables 6 and 9). With
~ = 0:969 our model matches this ratio in 1992 This value for ~ implies that the model
economy has, on average, a small negative net foreign asset positfin 1992 foreign-owned
assets are 9% of the domestic capital stock).

Borrowing constraint The ad-hoc borrowing constrainta is calibrated to match the
proportion of agents with negative or zero wealth. In 1983hts number was 15%5% (Table 1 in
Wol®, 2000). The implied borrowing limit is 20% percent of me&aannual individual after-tax
earnings in the initial steady state.

Pension benets  The US social security system pays old-age pension bene ts based on
a concave function of average earnings. Several authors halecumented that the implied
risk-sharing is signi cant (e.g., Storesletten et al., 2004). Bpficitly including such a system
in our model would be computationally expensive, since two iedes of accumulated earnings
would have to be added as state variables. Here, we adopt a simplstylized version which
captures the redistribution embedded in the US system. In partidar, all workers receive the

correction assumes that hourly wages inherit all measurement error from hours, anthat the variance of these
errors is Q02 as estimated by French (2002). The correlation in the model over the same p&rd is j 0:10.

280ur separable speci cation between market and non-market goods implies that the stati elasticity of
substitution (SEP) between the two goods varies across households, and our choicex £ and 3% imply that
this elasticity is generally less than one (derivations are available uponequest). Real business cycle models
with a representative stand-in household sometimes assume larger static etasties in order to increase internal
propagation (e.g., Benhabib, Rogerson, and Wright, 1991). However, a lagvalue for the SEP at the micro level
in our model would imply implausibly high volatility for individual market ho urs and an implausibly negative
intra-household correlation of market hours. As the recent literature on the Fiisch labor supply elasticity has
emphasized (e.g., Chang and Kim, 2006) \small" values for elasticities at the ritro level are not necessarily
inconsistent with \large" equilibrium values at the aggregate level.

29In comparing average household wealth across model and data, we exclude the wealtlehiest 1% of house-
holds in both, since the very richest households in the SCF are missing in both the $ID and in our model (see
Section 5 and Storesletten et al., 2004, for more discussion).
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same lump-sum pensiorl, the value of which is such that the dispersion of discounted lifene
earnings plus pension income in the nal steady state of our ecang is the same as in an
alternative economy featuring the actual US Old-Age Insurancgystem. The implied value for
bis 245% of mean individual after-tax earnings in the initial steagl state.°

a

© -y
Skill and gender biased demand shifts We compute the sequences, 7;, ¢ dening

exogenous demand shifts in favor of educated workers and wonso that the model's time

paths for the equilibrium male college wage premium and geeidwage gap exactly match the
trends in their empirical counterparts, where these trends arde ned by applying an HP Tter

with smoothing parameter equal to ten to the raw data presentedth Section 2. Panel (A) of
Figure 3 shows that the implied paths for, ? and , & are qualitatively similar to those for the

skill premium and the (inverse of the) gender gap.

Table 1 summarizes the calibration strategy and parameter vas. The Technical Appendix
T-1 outlines the computational algorithm for solving and simtating the model economy.

5 Results

This section presents the results of our numerical simulations.irBt, we simulate the calibrated
benchmark economy, when all elements of the vectgr are time-varying. We compare the
model-implied paths for the cross-sectional moments of intesteto their data counterparts. For
this comparison we focus on changes over time by demeaningvaltiances and correlations. To
properly comparelevelsof inequality across model and data would require a carefulgatment
of measurement error and preference heterogeneity. Howevene can safely comparé&ends
in inequality as long as the variances of measurement error capreference heterogeneity are
stationary (see Heathcote et al., 2008a).

In a set of decomposition experiments we change the componeoits ; one at a time, holding
the other components xed at initial steady-state level$! This allows us to assess the extent
to which the predicted dynamics are primarily attributableto (i) skill-biased demand shifts (ii)
gender-biased demand shifts, (iii) changes in the variance adigistent shocks, and (iv) changes
in the variance of transitory shocks.

Finally, we run a set of counterfactual experiments assessing theportance of the various
decision margins households use to respond to changes in the wsiyecture: self-insurance
through borrowing and saving, individual labor supply, fema participation, and education.

30See Technical Appendix T-1 for further details.
3lFor each of these decompositions, we compute a new path for the scaling fact@ following the same
strategy described in Section 4.
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5.1 Macroeconomic implications

We compare theoretical moments computed from simulated mddgutput to the corresponding
empirical moments computed from the CPS (for wages, hours, aedrnings) and from the CEX
(for consumption) 32

Life cycle  Although the focus of the exercise is on changes in cross-sectlanaquality
over time, it is useful to check the performance of the modelailg the life-cycle dimension.
Thus, we begin by reporting the life-cycle dynamics in the meaand variance of household
earnings and consumption for the cohort which is 25-29 yearklan 1980 {the initial year of
the consumption sample{ and we compare it to the 1980 cohort irhé model (Figure 4). The
model slightly overestimates the rise in mean household earnggfter age 45, but it replicates
the other life-cycle facts remarkably well. We now turn to tle performance of the model along
the time dimension.

Female college premium Panel (A) of Figure 5 describes the evolution of the female
college premium (conditional on participation) in model ad data. Recall that the model is
calibrated to replicate the path for the male college premm. Panel (A) indicates that the
model is able to replicate the fact that the female college emium has grown somewhat less
than the corresponding male premium over the sample period (seigure 1). Recall that female
college enroliment increases more than male enrollment owbis period. Thus, towards the
end of the sample women college graduates tend to be youngearirhigh school graduates in
the cross-section, and this negative experience gap delays tlse in the female skill premium.
Panel (C) indicates that, not surprisingly, the dynamics of tle college premium are almost
exclusively attributable to skill-biased demand shifts. Labor dmand shifts favoring women
have a small positive e®ect on the college premium, because worrendisproportionately high-
school graduates in the 1970s and 1980s, and thus increasingdemabor force participation
reduces the relative supply of skilled labor.

Relative hours worked Panel (B) of Figure 5 plots average female hours worked rei
to average male hours worked. The model accounts for rouglthree quarters of the increase in
relative female hours over this period. Panel (D) indicatethat the dynamics of relative hours
are entirely driven by a narrowing wage gap (see also Jones, Matiuand McGrattan, 2003).

32Recall that to estimate the time-varying parameters f , ;g we used data from the PSID, since our identi ca-
tion scheme relies on the panel dimension. We chose to use CPS data for the model exation because the CPS
sample is much larger than the PSID and CEX samples (see Table A-1), and thus &nds in empirical moments
are more easily discerned. In the Technical Appendix T-2, we compare the time-paths forlathe moments
of interest across the PSID and CPS. Although there is more noise in the PSID sas, re°ecting the smaller
sample, lower frequency trends are generally very similar to those in the CPS.
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We nd evidence of positive selection in the model. The gender gdor average observed
wages is smaller than for o®ered wages, because low-wage womeneddo high-wage men tend
to not work full time. Blau and Kahn (2006) provide empiricalsupport for this type of selection
in the US in the 1980s and 1990s, using a wage imputation proceddor women working few or
zero hours. Over time, as increasing female wages induce lessdpctive women to work, the
selection e®ect weakens in the model. The fact that the gap in o@ekwages narrows rapidly
(relative to the gap in observed wages) helps explain why the mel generates such a surge in
female market work.

The nding that the model accounts for the bulk of the increasen female hours over
the period, and essentially the entire increase after 1980, rmmportant since it means that our
framework can address the implications of the transition frorthe traditional single-male-earner
household towards the current dual-earner prototype. At theame time, the fact that our model
falls short of replicating the increase in female hours in the960s and early 1970s suggests a role
for alternative supply-based explanations during this perih such as cultural change (Goldin
and Katz, 2002; Fernfindez and Fogli, 2005), rapid techngjical progress in the home sector
(Greenwood, Seshadri, and Yorukoglu, 2005), and declinesdhildcare costs (Attanasio, Low,
and Sanchez, 2008).

Wage inequality Figure 6 shows the evolution of the cross-sectional variance @il
wages for men and women. Model and data align well in both caseBor men, this result
con rms that, when fed back into the model, our statistical deamposition of the wage process
into components attributable to age, education and persistéand transitory shocks aggregates
back up to reproduce the time series for cross-sectional inegtoaf?

For women, the close alignment between the model and data serfer wage inequality o®ers
ex-post support for our assumption that the processes for male arehfale wages are symmetric.
Panels (C) and (D) indicate that skill bias, persistent shocks, andransitory shocks all play
important roles in accounting for the dynamics of wage ine@lity over this period.

Hours inequality Figure 7 displays the variances of log male and female hours. éh
model successfully replicates the fact that the level of cross-8enal dispersion in female market
hours is much higher than for male market hours, even though pyreference speci cation
and wage process treat male and female leisure symmetricallyhel'reason is that the Frisch
elasticity for market hours is decreasing in average hours wed. Given the gender wage gap,
within-household ezxcient allocations typically imply less maket work for the wife, so women's

33There are several reasons the match is not perfect: (i) the data plotted is fronthe CPS, while our process
for residual wage dispersion is estimated from the PSID; (ii) the joint distributions over age and education in
model and data do not perfectly align year by year; and (iii) the inputs for the wage process are smoothed to
“Tter out high-frequency °uctuations.
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market hours are more sensitive to wage changes.

Over time, the model generates a small rise in hours inequalifypr men, compared to
an essentially °at empirical time pro le. Panel (C) indicates that this rise is driven mostly by
stronger transitory shocks. For women, however, the model preth a °at pro Ie for the variance
of hours, in contrast to the observed decline in hours inequalifpanel (B)). This re°ects the
existence of several o®setting forces (see panel (D)). Largemsaory and persistent shocks
drive up dispersion in female hours. At the same time, the narrongy gender gap increases
average female hours, thereby reducing the average Frischstigity for female labor supply
and hours variability. To better understand how a narrowing gnder gap works to reduce
inequality in female hours, note that if the gender wage gap wee to vanish entirely in our
symmetric model, the distribution for female market hours wod become identical to that for
males3*

Wage-hours correlation Figure 8 plots the cross-sectional correlation between the in-
dividual log wage and individual log hours. As documented in $&on 2, there is a dramatic
rise in the wage-hour correlation for men in the 1970s and 1380The model reproduces both
the magnitude and the timing of this increasé?®

Panel (C) of the gure indicates that each component of the wagprocess is important for
determining the overall evolution of the wage-hour correteon. Given our assumption on risk
aversion ¢ > 1), wealth e®ects cause individual hours to move inversely witiminsurable wage
changes, whereas market hours will move in step with wage chasghat can be insured either
through saving or through intra-household time reallocation In the context of our model,

34A closer examination of the CPS data indicates that, mechanically, the main reasn for the decline in
women's hours dispersion is the increased clustering at full-time work (i.e., 20 hours per year). This decline
could be articially in°ated by heaping (i.e., rounding-o®) in hours reports, a typical bias of retrospective
surveys. However, part of it is certainly genuine. One way to reproduce this trend wouldbe to extend the
model, either by allowing for a part-time penalty in o®ered wages, or by restigting the hours decision to, say,
zero, part-time, or full-time. In such a model, women would tend to work either relatively few hours or full-time.
A narrowing gender gap would then push more and more women into the full-time categry.

35The average level of this correlation is positive in the model, but negativen the data. In large part, the low
number in the data re°ects measurement error (the \division bias"): if an individual's report of hours worked
is too high (low), their imputed hourly wage, computed as earnings divided by hours, $ automatically too low
(high). The CPS o®ers two alternative ways to estimate hours worked, based tovdi®erent questions, one about
\usual weekly hours worked this year", and the other about \hours worked last week". The rst question should
provide a more accurate estimate for total hours worked in the previous yearbut it was only asked beginning
with the 1976 survey. Because we want to measure hours in a consistent way asour entire sample period, we
use the rst question. However, for the post-1976 period we computed moments Ilo ways. Reassuringly, the
implied trends in the wage-hours correlation are essentially identical, both ér men and for women. However,
consistent with the conjecture that the usual-weekly-hours variable is less subject taneasurement error, we
found that the sub-sample correlation increases by 18 when hours are computed this way. Assuming that
earnings are measured perfectly, so all measurement error in wages comes from tguand using our external
estimate for measurement error in wages of 02 (see Section 4.1), implies a measurement-error-corrected wage-
hour correlation of 0:10; which signi cantly narrows the gap between data and model.
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the secular upward trend in the college premium has been laigeininsurable (conditional on
educational choice), and has reduced the wage-hour corteda. However, this e®ect is more
than o®set by the positive impact of more volatile transitory shds { which are straightforward
to insure through precautionary savings { and by the e®ect of gder-biased demand shifts.
Labor demand shifts towards women drive up the correlation h@een male hours and male
wages because the larger is the fraction of household incomé&ibtitable to the female, the
smaller is the impact of a shock to the male wage on household comgion, and thus the
smaller the wealth e®ect on male hours.

The path for the female wage-hour correlation is °atter thanhe correlation for men, both in
the model and data. As women's share of household earnings ha&n, household consumption
has responded increasingly strongly to female wage shocks, aneésh larger wealth e®ects
moderate the increase in the wage-hour correlation. This alsxplains why the wage-hour
correlation for women is higher than for men, both in the modeand the data: on average the
wealth e®ects associated with wage changes are smaller for wamen

The variance of individual earnings predicted by the modelnpt plotted) lines up closely
with the data for both men and women. In both model and data, th increase in male earnings
inequality is larger than the increase in wage inequality, wbh mathematically re°ects an
increasing wage-hour correlation.

Household earnings and consumption inequality Figure 9 shows the time paths for
the variances of household earnings and household consumptidine variance of household log
earnings is one moment for which the CPS and the PSID are not fall agreement, particularly
towards the end of the sample, where inequality rises more rdhj in the CPS2® The increase
in household earnings inequality generated by the model (1dd points) lies in between the CPS
and PSID series, and is closer to the PSID, as might be expecteden that we use the PSID
to estimate time variation in the wage structure. The rise in hosehold earnings inequality in
our CEX sample also lies in between that observed in the CPS andetiPSID.

Panel (C) indicates that the dynamics of household earningsspersion are primarily driven
by increases in the variances of transitory and persistent shockEhe model-generated rise in
household earnings inequality is smaller than the rise in indlual wage and earnings inequality
because shocks at the individual level are imperfectly coradééd within the household, and
household earnings can be further smoothed by reallocatingure between husband and wife.
Furthermore, demand shifts in favor of women reduce incentg for women to specialize in
the non-market sector, increasing scope for within-householasurance over time, and further
mitigating the rise in household earnings inequality. The rel of skill-biased demand shifts is

36We discuss the source of this discrepancy in the Technical Appendix T-2.
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muted by the imperfect correlation of education within the lousehold, and by the fact that the
skill bias in labor demand drives down the wage-hour correian (recall Figure 8).

Panel (B) describes the dynamics in the variance of householdgl consumption (ND+).
The data show a modest increase in consumption inequality overef1980 to 2003 period. The
increase in consumption inequality generated by the model ignry similar to that observed in
the CEX.

The counter-factual experiments in which only one componenf the wage process is time-
varying shed light on the mapping from earnings inequality taconsumption inequality. A
comparison of panels (C) and (D) reveals that demand shifts hauantitatively similar impacts
on earnings inequality and consumption inequality. This re°es the fact that agents respond
to changes in relative demand primarily by changing educatn choices and the allocation of
market work within the household, rather than by adjusting sawigs. Similarly, Attanasio and
Davis (1996) nd that low-frequency changes in relative wagebetween educational groups lead
to similar changes in relative consumptior’

In contrast to demand shifts, changes in the variance of wage riklave very di®erent e®ects
on earnings and consumption inequality, re°ecting self insurae through savings. When only
the variance of transitory shocks is time-varying, the increse in the variance of consumption
over the 1965-2003 period is just 9% of the increase in the var@@ of household log earnings.
This con rms that transitory shocks can be smoothed e®ectively thithe risk-free asset. Iso-
lating the impact of increasingly volatile persistent shocks digers an increase in consumption
inequality 59% as large as the increase in earnings inequalifThus households in the model
achieve a degree of self-insurance even against highly persisséocks, which is consistent with
empirical evidence to the e®ect that permanent income shockdyopartially translate into con-
sumption growth (see, for example, Blundell, Pistaferri, and feston, 2007). In the benchmark
simulation, when all dimensions of the wage structure are timearying, the increase in con-
sumption inequality is 38% as large as the increase in earningequality, a ratio consistent
with the available data.

Krueger and Perri (2006, Figures 2 and 5) decompose the rise imnsumption inequality
into changes within and between groups. They document that Ieof the rise in consumption
inequality was due to residual (within-group) inequality, ad that the Huggett (1993) version
of the standard incomplete-markets model delivers too largen increase in residual dispersion,
whereas their debt-constrained economy delivers too littleThey conclude that the amount of

3’Demand shifts in favor of educated labor induce a change in consumption inequality evethough they are
assumed to be foreseen (after 1965). This is because high-school graduates whe afrworking age when demand
starts favoring college graduates cannot avoid low permanent income and consumiph levels. Moreover, even
when the upward trend in skill-biased labor demand is foreseen, an individual who drag/a very high schooling
cost - will optimally choose to remain unskilled and su®er low lifetime income.
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insurance available to households in the US economy is somewharbetween the two models.

Our model, which has many more channels of self insurance thametHuggett model, gen-
erates an increase in within-education-group consumptionaguality that is precisely half of
the total. However, in the data the rise of the within-group comonent occurs mostly in the
1980s, whereas in our model it grows smoothly throughout the 9@ as well. One possible in-
terpretation of this nding is that households' borrowing constaints were relaxed in the 1990s,
which is the main argument of Krueger and Perri (2006).

Wealth inequality Our model does not capture the empirical level of wealth ineqlity.
In 1992, the Gini coezxcient of wealth for married households wa076 (Dfaz-Gim&nez et al.,
1997), compared to b7 in the model. The discrepancy is particularly large at theery top:
the richest 1% of the population holds 5% of aggregate wealth the model, compared to 30%
in US data. This is a common shortcoming of incomplete-marketmadlels (see Castaneda, Dfaz-
Gimgnez, and Rfos-Rull, 2003, and Domeij and Heathcote, 200dr alternative calibration
strategies that generate realistic wealth inequality). Exelding the wealthiest one percent of
households, the model replicates the stability of wealth conatation in the data over this
period: the Gini coezcient for household-level net worth in tle Survey of Consumer Finances
increased by 0.018 between 1983 and 1998 (Wol®, 2000, Table Bjlevover the same period
our model predicts a decline of 0.007.

Labor productivity Panel (A) of Figure 10 plots aggregate labor productivity (otput
per hour) in the model relative to the detrended dat&® Recall that our computational experi-
ment is designed so that all changes in labor productivity origate from behavioral adjustments
to the varying wage structure. The model generates a declinelabor productivity in the 1970s
and a sharp rise after the mid 1990s { two key features of the a@uUS data.

Panel (B) decomposes productivity dynamics. Demand changeséring female labor reduce
aggregate labor productivity, since they shift the pool of wdeers disproportionately towards
women who, on average, earn less per hour than men. In contrasgreased demand for skilled
workers shifts the pool towards college graduates who, on eage, earn more than high-school
graduates. In the 1970s, when the gender gap is narrowing rapiche rst force dominates.
In subsequent decades, the second force gradually takes ovemmsvth in the college premium
accelerates and college enrollment rises. While the upwarceird in enroliment implies a net
gain in aggregate productivity over the entire sample perigamedian wages (not plotted) decline
substantially, primarily because the median worker is always lsigh school graduate. Panel (B)

38The data series is \Output Per Hour of All Persons: Nonfarm Business Sector”, series ORNFB in FRED,
http://research.stlouisfed.org/fred2 . The data plotted in Figure 10 are deviations from a linear trend
applied to the log of the original series from 1967 to 2005.
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also shows a sizable productivity gain due to the rise in transitgruncertainty. Transitory
shocks are relatively insurable, and since labor supply is °exél households optimally time
market hours to exploit (transitory) periods of high wages?

5.2 Welfare implications

The ability of the model to account for cross-sectional dynanscover the sample period en-
courages us to consider the welfare implications of the estited changes in structural labor
market parameters.

Methodology For households entering the labor market in yeat, the average welfare
gain associated with changes in the wage structure is measuredtlas percentage increase in
lifetime market consumption required to make households in aebchmark cohort indi®erent
between entering the labor market (behind a veil of ignoraeg in the benchmark year versus
entering in yeart. Recall that the only reason welfare will di®er across cohortslecause of time
variation in , ;. We also compute expected household welfare conditional oreteducational
composition of the household.

We take 1965 as the benchmark year. This is the year when newarmation is revealed
about the dynamics of the vector, {, so our welfare numbers are not a®ected by surprise e®ects
concentrated in a short period of time. Moreover, using the 196cohort as the baseline for
our welfare comparison rather than initial steady state cohost (those entering the labor force
in 1929 or earlier) will allow us to compare our welfare numig with other estimates in the
literature (see below). All our welfare calculations factom education costs, which is important
because enrollment increases over time in response to demandshiffavor of college graduates.

Let U (c X) be expec&ed lifetime utility per member of a newly formed hesehold of
education composmon e"; ¢ belonging to cohortt, where the expectation is over the set of
possible equmbrlum sequences for consumption of the marketcanon-market goods, €; x) ~
fCy 145 Xty 14 gJ 1 Recall that the average education cost paid by college graahes of gendeg
is the expected value of conditional on- being less than the threshold  below which college
is the optimal education choice. Thus the equivalent-varteon welfare gain for households of
type (e"; € ) is the value A that solves:

Z 49 Z .9
X o .dF ¢ X *To6s .dF ¢
f
2Ue (X)) i lfeo=ng —g = 2U1965 1+ A)c;x) i It e9=ng g
g2f m;f g 0 q g2f mif g 0 Ghoes
17)

39The larger the Frisch elasticity, the larger the productivity gain from a rise in transitory dispersion. See
Heathcote, Storesletten, and Violante (2008b) for a thorough analysis of thé point in a partial insurance model
admitting closed-form solutions.
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The average welfare gain across all household types is de nedagimilar equation where
the terms involving lifetime utilities and education costs ee now population-weighted sums
across the di®erent types. For example, values and expected sdimgy costs for type ;1) in
cohort t are weighted byg"¥4" (h; 1).

Attanasio and Davis (1996) and Krueger and Perri (2003) estinba stochastic processes for
consumption (and leisure) using CEX data, and evaluate the walfe e®ects of rising inequality
with standard CRRA preferences. In a similar vein, Storeslette(2003) evaluates the welfare
implications of changes in the empirical CEX distributions bconsumption and leisure. These
studies report welfare losses between 1% and 2% of lifetime canption. This empirical
approach has the advantage that no assumptions have to be made markets, technologies,
or agents' choice sets. However, it has several drawbacks relatio our structural approach,
which lead these authors to overestimate welfare losses.

First, absent a structural model, it is not possible to connect chrages in relative wages to
changes in average productivity. Thus papers following thempirical approach are forced to
exclude \level e®ects" by detrending the data. In our structudamodel, skill- and gender-biased
demand shifts change average productivity through their e®smn human-capital accumulation
and female participation, while a rise in transitory wage voldity leads to higher productivity
through modi ed labor supply decisions. All these \level e®ects" areaptured in our welfare
numbers. A related point is that only a structural model can isa@te the role of changes
in the wage structure (rather than changes in the tax code or ber factors) in explaining
time variation in the distributions of hours and consumption.The advantage of being explicit
about what drives changes in inequality is that di®erent drers will have di®erent e®ects on
average productivity and welfare (we return to this point wken exploring changes in di®erent
subcomponents of the wage structure).

An additional problem with the Attanasio and Davis (1996) appoach is that when comput-
ing welfare e®ects, they average over education groups, butchaked the weights on the two
groups over time. Thus their welfare calculations tend to exggerate welfare losses, because
they do not incorporate the fact that infra-marginal agentscan choose to switch from the low-
to the high-education group when the college premium risé%.The wage gains and switching
costs of agents who exercise this option do appear in our weéfaralculation in equation (17).

4070 illustrate this point, consider an example: Suppose there are two groups inhte population, low-skilled
and high-skilled, and suppose the di®erence in consumption between the groups increases betweand t + 1.
This would, from an ex-ante viewpoint, induce a welfare loss between and t + 1. However, if households can
switch from the low- to the high-skill group by paying a cost, then the appropriate welfare comparison would
put di®erent weights on the two groups att and t + 1 (and subtract the average incurred switching cost from
the utility of the switchers). Since switching is optimal for the switchers, this latter welfare calculation will
imply a smaller welfare loss.
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Notwithstanding these advantages to our structural approach,ne important caveat is that
our welfare results are sensitive to the assumed path for the scaifactor in the aggregate
production technology,Z;: Recall that the path for Z, is chosen such that changes in; do not
impact productivity, absent a behavioral response. Supposer®moment, that allocations were
chosen by a benevolent utilitarian planner. Following a chage in, ¢; the planner could always
replicate the initial allocation; hence any response on the gaof the planner would be welfare-
improving, by a revealed-preference logic. In an incompkimarkets environment, however,
skill- or gender-biased demand shifts, as well as increased dispan of individual productivity,
have important distributional e®ects that cannot be ignoredn the welfare calculus. Since
demand shifts favoring women tend to reduce inequality, thesaociated distributional e®ects
are positive and thus such shifts are likely to be welfare-impving. By contrast, demand shifts
favoring college-graduates increase inequality, and it isnalear a priori whether gains from
increased productivity will outweigh the negative distributonal impact. We now turn to our
“ndings.

Average (ex-ante) welfare Panel (A) of Figure 11 plots the average welfare change
for cohorts entering the labor market in years , 1965. Cohorts entering before the early
1980s experience welfare losses up tb% of lifetime consumption. Cohorts entering after
1983 experience welfare gains, and the gains are increasingrdime. For example, the cohort
entering the labor market in 1990 enjoys a welfare gain, réize to the 1965 cohort, of 09%.

Panel (C) of Figure 11 plots the contribution of each compome of structural change (persis-
tent and transitory shocks, skill-biased and gender-biased denthshifts) to the overall welfare
e®ect. Larger transitory shocks have trivial distributional e®#s, since they are easily insur-
able. The implied welfare gains { due to increased labor prodtivity { are small and evenly
distributed across all cohorts, including the 1965 cohort. Thkiis why the gains from transitory
uncertainty are negligible for subsequent cohorts relativeot1965 cohort*

The large increase in the variance of persistent shocks is the maource of welfare losses
for the typical US household. Since these shocks are so durable®bustock savings are of
limited use as an insurance device. If one were to focus only dretwelfare e®ects of the rise in
residual wage variability (transitory plus persistent shocks), e would conclude that changes
in the wage structure led to welfare losses of around0®o of consumptiorf:?

41Relative to living their entire life in the initial steady state, the 1965 cohort enjoys an expected welfare gain
of 0:7%; of which 0:3% is due to larger transitory shocks.

42This was, in fact, the conclusion we reached in Heathcote, Storesletten and Violdaa (2004). There the wage
process also included a xed individual e®ect and, as a result, the persistent component hadaer durability:
the autoregression coezcient’awas 094. The 2% welfare loss obtained in our early draft was the result of both
components (time-varying xed e®ects and persistent shocks). Here, we have absttad from "xed e®ects and,
not surprisingly, the estimated AR(1) component is more persistent: Y= 0:97.
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Increased relative demand for female labor reduces averagledr productivity in the market
sector, because it increases hours worked by women who earn leastmen, on average. At the
same time, a more even allocation of time within the househol®ectively increases productivity
in the home sector, and also improves within-household risk shagi of individual wage shocks.
As expected, the positive e®ects dominate. For example, the fae¢ gain from the gender-
biased demand shifts is equivalent t0:@% of consumption for the 1990 cohort.

Panel (C) indicates that skill-biased demand shifts generatesizable welfare gains for the
average US household. Both demand shifts favoring graduatesh (ecrease in, °) and bigger
persistent shocks (an increase ip; ) imply increased cross-sectional consumption inequality
(see Figure 9, panel D). However, the two phenomena have oppesitplications for welfare.
This asymmetry arises because in response to the skill-biased denhahift, individuals have the
opportunity to avoid the low-wage outcome through a behavial response: inframarginal agents
change their education decision, relative to the initial stedy state, in favor of college. The
dramatic rise in college enrollment witnessed in the US (and reghted in the model) indicates
that many households took advantage of this opportunity. Mdwanically, in the calculation of
average welfare, the weight on households with at least one legke-graduate spouse rises in
each successive cohort, with positive and sizable implicationsr faverage labor productivity
and welfare.

Our estimates of the welfare gains from skill-biased demand gkitlepend on the size of the
education costs. In particular, welfare gains will be smalleihe larger are education costs on
average, and the more rapidly costs per student rise with enroient.*3

Within and between group welfare e®ects Panel (B) shows welfare changes condi-
tional on household type. As long as a household has at least ondlege educated member,
it is signi cantly better o® in expected terms, relative to the 965 cohort. By contrast, the
high-school/high-school households, accounting for 65% of albuseholds in 1990, experience
a remarkable welfare loss of:3% of lifetime consumption. Panels (C) and (D) reveal that
the losses for these low-skilled households, relative to other lseholds, are driven by adverse
labor-demand shifts?*

43We conducted two simple experiments to examine how the education costs a®ect our welfamambers. First,
we assumed that all additional college attendees during the transition have the sam utility cost of going to
college, where this cost is equal to the average cost in the initial steady statgan upper bound to the gains from
skill-biased demand shifts. Second, we assumed that costs rise over time such thestery additional college-goer
is indi®erent between going to college or not { this is a lower bound. Average welfargains in our model lie
roughly midway between these two bounds: for example the bounds for average weltafor the 1990 cohort are
i 1:3% and 28%, while the model value is 09%.

44In contrast to skill-biased demand shifts, gender-biased demand shifts bene t every houseltbin the model,
because we focus on married couples. If we had single men in the model, they would unambously lose from
the growth in the relative demand for female labor.
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Within education groups, we nd large heterogeneity in ex-posivelfare e®ects which are
driven by di®erences in histories of persistent and transitory stikcs. For example, 29% of
high-school/high-school households in the 1990 cohort expaice a welfare gain ex post, not
withstanding the large expected welfare loss for this group.he 90-10 di®erential in the distri-
bution of ex-post welfare gains for this household type is B%6.

5.3 Insurance and opportunities

The observed changes in the US wage structure have ampli ed theks households face in the
labor market, but they have also o®ered new economic opportties by raising the relative
wages of women and of individuals who obtain a college educat In this section, we use
our model to study how US households have modi ed their economibaices to mitigate the
adverse e®ects of rising uncertainty and to take advantage ofese new opportunities.

Four distinct channels of behavioral response are consideredvisgs, °exible labor supply,
female participation, and college enrollment. To isolate # role of each channel, we run a
series of counterfactuals in which we \freeze" one margin ofljastment at a time. In each case
we adopt the benchmark parametrization, including the berunark sequence$, ;g and f Z,g:
Thus each counter-factual simulation exhibits a di®erent setf @quilibrium price sequences,
fpdeg:

Savings: We begin by solving the economy under the restriction that houkeld asset hold-
ings are zero each period, and compare the outcomes to the damark economy with access
to credit markets.* The results are displayed in Figure 12. Agents now use labor supyg a
substitute for savings to respond to wage shocks and to smooth congiian, lowering (raising)
market hours in response to higher (lower) wagé8.This strategy translates into a substantially
lower wage-hour correlation and lower earnings dispersionah in the baseline economy (see
panels (A) and (C) in Figure 12). Absent savings, cross-sectional desigion in household con-
sumption must equal dispersion in household earnings. Thus the savings economy features
both a higher level of consumption inequality and a larger imease in consumption inequality
than the benchmark economy (panel (B)). Households enteringpe labor market after the mid
1980s su®er a welfare loss in the no-savings economy of around pewcent of lifetime con-
sumption relative to the 1965 cohort (panel (D)), in stark contast to the welfare gains that
accrue to these cohorts in the baseline model.

Labor supply: We then compare the benchmark economy to one without a °exibthoice

4SIn this counterfactual economy, the entire aggregate demand for capital is sasi ed by foreign assets.
46The quantitative study by Pijoan-Mas (2006) also nds that households make anple use of work e®ort as
a self-insurance mechanism in order to mitigate the welfare costs of market incopleteness.
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of hours - at each date men and women are forced to work theirspective average hours in the
initial steady state of the benchmark model. Fixing hours workd has little e®ect on the level
of earnings inequality, because empirically the wage-houorcelation is close to zero anyway.
However, xing hours increases the level of consumption ineqitglby shutting down wealth
e®ects that reduce (increase) hours and thus earnings for higow) consumption households.
The additional welfare losses, relative to the baseline modelreaabout the same as for the
savings channel, indicating that labor supply and savings aregeally valuable adjustment
margins. In the rigid labor supply economy, the ratio of mean vedth to mean earnings is 9.0%
larger than in the benchmark model (averaging across the 198800 period), as households
rely more heavily on precautionary savings to smooth shocks.

Female labor force participation: In our next alternative economy we constrain women's
hours to be zero in every period, while allowing men to chooseurs freely. Absent female
participation, the shift in the wage structure would be detrinental: from the 1985 cohort and
onwards, the welfare loss would be four to ve percent lower than the benchmark economy.
The main reason is that the shrinking gender wage gap makes itryecostly to exclude women
from the labor market. Moreover, ruling out female particigtion reduces the extent to which
more volatile shocks can be self-insured via intra-householdalecation of time.

Interestingly, this alternative economy still generates ahd half the observed increase in
female college enroliment since 1970, even though women'sngays are always zero by as-
sumption. The reason is that going to college increases the patility of matching with a
college-educated partner. Rising relative wages for coleegducated men therefore increase the
return to education for women through the \marriage market"

Education choice: To examine the role of education choice as a means for expilogt
the new opportunities o®ered by a rising skill premium, we congidan economy in which the
fraction of college graduates is xed at the initial steady stat level. The model reveals large
welfare losses when agents cannot adjust their education clesc the welfare loss from changes
in the wage structure would be 7.4% for the cohorts born in 199@elative to a gain of 0.9%
in the benchmark economy. This is due to three forces. First, ¢hrise in college attendance
in the baseline model has a negative general-equilibrium e®en the college premium, which
partially o®sets the positive e®ect of increased demand for cgdevorkers. The no-education-
choice economy assumes away any such supply response, implyingrgelaincrease in the
college premium after 19887 Without this powerful force at work, the increase in consumptin

47 According to the model, the rise in the male college premium would be twice as lge in the absence of
increased college enrollment: an increase from 1.3 to 2.6 between 1977 and 208@mpared to an increase from
1.3 to 1.9 in the data and in the benchmark economy.
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inequality would be twice as large (see panel (B)). Second, the economy with no schooling
choice, the individuals who optimally change decisions inviar of college in the benchmark
economy miss out on the opportunities o®ered by a higher cokegremium. Third, there is a
positive externality associated with higher enroliment, re°eing the fact that - absent perfect
assortative matching - individuals do not fully internalize he welfare gains associated with a
higher-quality pool in the matching market.

In summary, the four channels of adjustment explored here { sawjs, °exible hours, female
participation, and enroliment { are all quantitatively imp ortant. In terms of alleviating the
adverse e®ects of rising consumption inequality, the four chagla appear to be roughly equally
important: closing any of them would imply about twice the incease in consumption inequality
compared to the baseline model. However, in terms of overall Neze, female participation
and college choice matter much more than saving and °exible labsupply, since they allow
individuals to take advantage of the opportunities createdoy the dynamics of gender and
skill-biased demand shifts.

6 Conclusion

Since the early 1970s, the US economy has experienced a drameliange in the wage distri-
bution along several dimensions. First, the college premium doled. Second, the gender gap
halved. Third, residual individual wage variability incressed substantially due to a rise in the
variance of persistent shocks - concentrated primarily in the980s - and a steady increase in
the variance of transitory shocks.

In this paper, we studied the macroeconomic and welfare imgditions of all these changes
through the lens of a version of the neoclassical growth modeltwincomplete markets and
overlapping generations. Our model extends the prototypitancomplete-markets framework in
several dimensions, adding an education choice, a model of taenfly in which husbands and
wives face imperfectly correlated persistent and transitory sitks to wages, and a production
technology incorporating labor inputs di®erentiated by gefer and education.

The payo® from adding all these features is twofold. First, wean provide a detailed de-
scription of the transformation in the US wage structure and of & impact on the distribution of
consumption, hours, earnings and welfare. Second, we can stiyv US households have mod-
i ed their economic decisions (i.e., college attendance, fdynlabor supply, and precautionary
saving) to respond to changes in the macroeconomic environrhen

We argued that the model can account for most of the key trenda cross-sectional US data
on hours, earnings and consumption. Each dimension of the wageusture plays an important
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role. Rising transitory wage instability is a key determinant 6 the growth in the wage-hour
correlation and in household earnings inequality. Larger dkpremium and more volatile per-
sistent shocks account for the dynamics in consumption inequgli The narrowing gender gap
explains most of the rise in relative hours worked by women, aradso drives convergence across
men and women in higher moments for individual hours.

When we calculated the welfare e®ects of the observed changethé wage distribution, we
found that couples comprising two high-school graduates wehit harshly. For these families,
the cohort who entered the labor market in 1990 was 3.7% wors® ohan the 1965 cohort in
terms of lifetime consumption. However, every other familyype experiences welfare gains, and
on average the 1990 cohort was better o® than the 1965 cohoyt®9 percentage points. This
welfare gain contrasts with the conventional view that risingnequality led to large welfare
losses (e.g., Attanasio and Davis, 1996; Krueger and Perri, 200Dur welfare estimates are
less pessimistic because they are derived in the context of a stu@l equilibrium model that
incorporates behavioral adjustment in response to exogenoadbr market changes.

In extending the standard incomplete-markets model, we geradly opted for the simplest
modeling choices, in part because solving for equilibrium traitional dynamics is numerically
challenging. However, the model invites re nement in varioudimensions to address a large set
of issues that are not the focus of the present paper.

First, one could pursue alternative models of the family. We asmed that market and
non-market goods are public goods within the family, becaughis constitutes the smallest
deviation from the standard bachelor-household model, and teuse we found that this e®ec-
tively unitary model of the household can successfully replicatkey features of time allocation
within the household?® By contrast, models of the family based on the \collective" paadigm
or on cooperative bargaining emphasize how the distributiorf control of resources within the
household can in°uence the distribution of private consumptioand leisure. For example, Lise
and Seitz (2007) nd evidence that, in the U.K., the closing of th gender gap induced a decline
in intra-family consumption inequality, with positive implications for welfare.

Second, our model of household formation is fairly rudimenmta Since 1970, Americans
have become less likely to marry across education groups, andrendikely to divorce. By
endogenizing choices at the matching stage one could inveatgywhether the rise in the college
premium, and other changes in the wage structure, can explainese trends in family structure.

Third, we made some stark assumptions on the information set of thegents: they have

48Given our separable preference speci cation, we could have chosen to dene individual utilitpover con-
sumption and leisure, both private goods, and to represent the household utility finction as an equally weighted
average of each spouse's individual utility. Appropriately recalibrated, this dternative would imply identical
allocations across the initial and "nal steady states, but since it would alter the cost-benet calculation of
education, welfare calculations would be a®ected.
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no advanced information on idiosyncratic persistent and trantiry wage °uctuations, but have
perfect foresight at the aggregate level over the future vamces of these shocks and the evolution
of the college and gender premia. The greater the fraction @fiture wage changes that is
foreseen, the smaller should be the impact of rising residual wadspersion on consumption
inequality. Our model generates realistic increases in consption dispersion both over the
life-cycle and over time, indicating that the consumption d& are consistent with the view that
idiosyncratic wage °uctuations are mostly unforeseen by indiduals. Nonetheless, it would
be interesting to extend the analysis to consider the implicains of alternative information
structures.
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Table 1: Summary of Parameterization

Parameter Moment to match Value
Parameters set externally
© .2
3l age-speci ¢ survival rates (U.S. Life Tables) see text
° micro-estimates of intertemporal elasticity of substitution 1:50
% intra-family correlation of education at ages 25-35 (PSID) 0517
® capital share of output (NIPA) 0:33
+ depreciation rate (NIPA) 0:06
v} elasticity of substitution between college and high-school graduates 43
r risk-free interest rate 003
nied labor income and capital income tax rates 027,0:40
L@G) male hourly wage life-cycle pro Te (PSID) see text
f,{ I male hourly wage residuals dynamics (PSID) see Table 2
Parameters calibrated internally
M. Am male college enrollment in initial and nal steady-state 296, 0:88
Al female college enrollment in initial and "nal steady-state 222:0:31
N ratio of average wealth (for poorest 99%) to average labor income :069
A average household market hours B35
Ya ratio of average male to female market hours K3)
b redistribution (of lifetime earnings) through U.S. pension system 0245
ndo 15:5% of households have zero or negative wealth i 0:20
. tso ratio of average male college to high-school wages see Figure 1
, ? ratio of average male to female wages, full-time workers see Figure 1
Zi9g average post-tax earnings equal to one, absent behavioral response see text
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Table 2: Parameter Estimates of Wage Process

Persistent Component Transitory Component
Estimate S.E. Estimate S.E.

s 0.9733 (0.0066)

, 0.1242 (0.0067)
Noer 0.0076 (0.0024) Ve 0.0389 (0.0121)

! \
e (000%9) L Qom1  (oo110)
o 0.0087 (0.0044) % 0.0317 (0.0093)
o 0.0074 (0.0043) v 50328 (0.0096)
g 0.0219 (0.0067) T 0.0489 (0.0098)
g 0.0065 (0.0038) T 00375 (0.0092)
e 0.0030 (0.0022) VT 0.0490 (0.0093)
i 0.0094 (0.0050) VT g0aT1 (0.0086)
o 0.0067 (0.0042) T 0.0626 (0.0102)
o 0.0083 (0.0038) T 0.0472 (0.0099)
e 0.0132 (0.0047) T 0.0547 (0.0121)
o 0.0075 (0.0039) VT 0.0580 (0.0117)
e 0.0171 (0.0052) P 0.0620 (0.0101)
e 0.0118 (0.0052) V00566 (0.0113)
e 0.0179 (0.0046) Y 00611 (0.0095)
e 0.0180 (0.0066) S 0.0663 (0.0102)
o 0.0208 (0.0061) V00510 (0.0096)
- 0.0158 (0.0058) V00511 (0.0096)
o 0.0249 (0.0053) VR 00754 (0.0111)
o 0.0045 (0.0039) Y 50683 (0.0109)
o 0.0226 (0.0048) Y 50762 (0.0110)
o 0.0144 (0.0055) Y 00606 (0.0104)
4o 0.0054 (0.0047) T 0.0648 (0.0098)
o 0.0182 (0.0058) VY 00703 (0.0103)
= 0.0078 (0.0054) T 0.0661 (0.0111)
e 0.0303 (0.0072) R 00734 (0.0100)
e 0.0087 (0.0055) R 00772 (0.0130)
o 0.0114 (0.0063) V00681 (0.0110)
g 0.0163 (0.0069) Ve 00581 (0.0117)
g 0.0190 (0.0049) V00714 (0.0115)
e 0.0219 (0.0068) T 00774 (0.0123)
o 0.0216 (0.0049) 0 00787 (0.0111)
o 0.0212 (0.0079) 00,0872 (0.0131)
+ 2000 : : + 2000 : :

Note: Minimum Distance estimates of the parameters of the wage process in equation )8 Standard Errors
(S.E.) are obtained by block-bootstrap based on 500 replications. See Appendix Br details.
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Figure 1. Cross-Sectional Facts. Sources: CPS for panels (A), (BD); U.S. Census Bureau
for enrollment data in panel (C).
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Figure 2: Cross-Sectional Facts. Sources: CPS for panels (A), (BL) and earnings data in
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equivalized through the Census scale. Sample means in squarackets in the legend.
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(A) Skill and Gender Bias (B) Residual Variance of Log Male Wages
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Figure 3: Panel (A): Results of the internal calibration for ski- and gender-biased demand
shifts. Panels (B)-(D): Results of the estimation of the residualvage process in equation (8)
from PSID data. The estimation method is discussed in Appendix B. €& also Table 2 for
the point estimates and the bootstrapped standard errors. Thisigure displays all the four
components of thef , ;g sequence.
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(A) Female College Wage Premium (B) Female / Male Hours Worked
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Figure 5. Model-data comparison and decomposition. Evolutioof the female college wage
premium and of female-male relative hours worked.
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(A) Variance of Log Male Wages

(B) Variance of Log Female Wages
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Figure 6: Model-data comparison and decomposition. Evolutioof male and female log wage
dispersion.
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(A) Variance of Log Male Hours
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Figure 8: Model-data comparison and decomposition. Evolutioof male and female correlation
between log wages and log hours.

51



(A) Variance of Log Household Earnings
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Figure 9: Model-data comparison and decomposition. Evolutioof dispersion in households

log earnings and log consumption.
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Figure 10: Model-data comparison and decomposition. The empal series for aggregate labor
productivity (output per hour) is constructed as log-deviatons from a linear time trend.
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(A) Average Welfare Gain (B) Welfare Gain by Household Type
(Relative to 1965 Cohort) (Relative to 1965 Cohort)
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Figure 11: Panels (A)-(C): Average welfare gain and decompasn. Panel (B): Welfare gains
by household type. Panel (D): Decomposition for families wherboth spouses are high-school
graduates.
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(A) Variance of Log Household Earnings

0.45

0.4}
0.35}
0.3}
0.25}
0.2k

0.15

0.1}

0.5f

-0.5

1970 1980
Year

1990

2000

(C) Male Wage-Hour Correlation

I mm 9 omm

oy -.n.nggnl‘-"!".’;h.‘-l
°® X4
... ' ,
e0e® , -
4
4
4
= L ; . -
1970 1980 1990 2000
Year

(B) Variance of Log Household Consumption
0.45 - : . .
Baseline
0.4¢ . -
= = = No Saving Decision
0.35¢ = No Hours Decision
0.3l * No Female Participation|:
= =1 No Education Decision
0.25} § i i i 1
-
0.2} _ ot
0.15 " —.-:n':l"'\-¢‘
-y - "] g > B
S LT U - Attty ‘
0.1f g
1970 1980 1990 2000
Year
(D) Average Welfare Gain
(Relative to 1965 Cohort)
of 7 IR T ]
5 0 *\_/_/
i) aw,
=4 %o, N, - - -
§' 21 ,.’...G,l:./.:.:..‘..-------1-1-"-'!'
2] e N
S 4t ..'/05,.'.oooocooo'oooo".'
o N,
5
@ S,
5 8 v
> .10 | i
~ U
) 1970 1980 1990 2000

Year of Labor Market Entry

Figure 12: Counterfactual experiments to study the role of hsseholds' behavioral responses to
the shift in the wage structure. The line labelled \Baseline" réers to the benchmark economy.
\No Saving Decision": economy where household wealth is alwagsro. \No Hours Decision":
economy where male and female labor supply is xed. \No Female aipation": economy
where women do not work. \No Education Decision": economy wheithe fraction of men and
women with college degree is constant at the initial steady-d&level.
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A Data description

Our sources for individual and household level data are the Panel Study of Income Dynamics ID), the
Current Population Survey (CPS), and the Consumer Expenditure Survey (CEX). Since allthree data sets are
widely used for microeconometric, and more recently, for quantitative macroecoomic research, we shall only
brie°y describe them here.

PSID: The PSID is a longitudinal study of a representative sample of U.S. individuals (nen, women, and
children) and the family units in which they reside. Approximately 5,000 households vere interviewed in the
“rst year of the survey, 1968. From 1968 to 1997, the PSID interviewed indiNduals from families in the sample
every year, whether or not they were living in the same dwelling or with the same peple. Adults have been
followed as they have grown older, and children have been observed as they advance thgh childhood and into
adulthood, forming family units of their own (the \split-o®s"). This property makes the PSID an unbalanced
panel. Since 1997, the PSID became biennial. The most recent year available, at the tienof our analysis, is
2003. In 2003, the sample includes over 7,000 families. The PSID consistswatrious independent samples. We
focus on the main and most commonly used, the so-called SRC sample, which does not reguieights since it
is representative of the U.S. population. Questions referring to income and labosupply are retrospective, e.g.,
those asked in the 1990 survey refer to calendar year 1989.

CPS: The CPS is a monthly survey of about 50,000 households conducted by the Bureau of théensus for
the Bureau of Labor Statistics. The sample is selected to represent the civiliamon-institutional population.
Respondents are interviewed to obtain information about the employment staus of each member of the house-
hold 16 years of age and older. The CPS is the primary source of informatioon the labor force characteristics
of the U.S. population. Survey questions cover employment, unemployment, earnings, hosirof work, and other
indicators. A variety of demographic characteristics is available, including ag, sex, race, marital status, and
educational attainment.

In our investigation, we use the Annual Social and Economic Supplement (so-called Mah Files) in the
format arranged by Unicon Research. Computer data Tes are only available staing from 1968, and the latest
year available, at the time of our research, was 2006. In all our calculatios, we use weights. As for PSID,
guestions referring to income and labor supply are retrospective.

CEX: The CEX is a survey collecting information on the buying habits of American consumes, including
data on their expenditures, income, and consumer unit (household) characteristics. The datara collected by
the Bureau of Labor Statistics and used primarily for revising the CPI. The data are collected in independent
quarterly Interview and weekly Diary surveys of approximately 7,500 sampé households (5,000 prior to 1999).

We use the data set constructed from the original CEX data by Krueger and Perri (20®) and available on
the authors' web sites. As is common in most of the previous research, their datases only the Interview survey
which covers around 95% of total expenditures Frequently purchased items such as pemal care products and
housekeeping supplies are only reported in the Diary survey. The period covered by theuata is 1980-2003.
CEX data before 1980 is not comparable to the later years. Households who areaslsi ed as incomplete income
respondents by the CEX and have not completed the full set of "ve interviews are excludedWe refer to Krueger
and Perri (2006) for additional details on the data construction.

Variable de nitions: The calibration of the model and its evaluation are based on a set of cross-seotial
“rst and second moments constructed from both PSID and CPS. The key variables of iterest are: gross (i.e.,
before-tax) annual labor earnings, annual hours, hourly wages and household consumeti. We always construct
hourly wages as annual earnings divided by annual hours worked. Nominal wages, eangis, and consumption
are de°ated with the CPI and expressed in 1992 dollars.

In PSID, gross annual earnings are de ned as the sum of several labor income compoteincluding wages
and salaries, bonuses, commissions, overtime, tips, etc. Annual hours are de ned &nnual hours worked for
money on all jobs including overtime".

In CPS, gross annual earnings are de ned as income from wages and salaries includingyfar overtime,
tips and commissions. Annual hours worked are constructed as the product of weeks wad last year and hours
worked last week. Until 1975, weeks worked are reported in intervals (01-13, 14-26,...,50-52). To recode weeks
worked for 1968-1975, Unicon grouped the data in a few years after 1975 bptervals and computed within-
interval means. These means from the later years were applied to the earlier year3he variable \hours worked
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last week at all jobs" is not ideal, but it is the only one continuously available since 1968 and comparable across
years. Starting from the 1976 survey, CPS contains a question on \usual weeklhours worked this year". As
discussed in the paper, even though levels di®er, trends in mean hours, in their variance aim the wage-hour
correlation, which are the focus of our study, are virtually equivalent acros the two de nitions.

In CEX, gross annual earnings refer to the amount of wage and salary incomedfore deductions received in
past twelve months. Since we noticed that in the Krueger-Perri “Te there were some mising values for earnings,
we merged earnings data from the CEX Public Release Member Tes (provided to us by Omo Attanasio)
into the Krueger-Perri Te and use the former observations whenever earnings data were resing in the original
Krueger-Perri Te. Annual hours worked are de ned as the product of \number of weeks worked ful or part
time by member in last 12 months" and \number of hours usually worked per week ly member".

Our benchmark de nition for consumption is the same as Krueger and Perri, i.e. the sum okexpenditures
on nondurables, services, and small durables (such as household equipment) plus imputed dees from owned
housing and vehicles. Each expenditure component is de°ated by an expenditure-speci ¢, quartepsci ¢ CPI.
Household expenditures are equivalized through the Census scale. We label this varigdND+. In the paper, we
also report statistics based on nondurable consumption only (variable ND in Kueger and Perri). See Krueger
and Perri (2006) for further details.

Sample selection: The objective of our sample selection is to apply exactly the same restrictionto PSID,
CPS and CEX. We select married households with no missing values for gender, age, aeducation where: 1)
the husband is between 25 and 59 years old, 2) annual hours of the husband are at leg&$0, 3) conditional
on working, the hourly wage (annual earnings divided by annual hours) is above Haof the minimum wage for
both spouses, and 4) income is not from self-employment.

The marital status restriction is needed in order to be consistent with the theorrtical model. Restriction 1)
is imposed to avoid severe sample selection in the hours and wage data due to lgaretirement. Restriction 2) is
imposed since 260 hours per year (one quarter part-time) is our de nition of labofforce participation. Restric-
tion 3) is imposed to reduce implausible outliers at the bottom of the wage dstribution which is particularly
important since we use the variance of log wages as a measure of dispersi@ee Katz and Autor, 1999, for a
discussion on the importance of trimming earnings data at the bottom). Restiction 4) is imposed since the
presence of self-employment income makes it ditcult to distinguish between the labor andhe capital share,
particularly in CPS and CEX, and to deal with negative labor income.

Table A-1 details the sample selection process in the three data sets, step by step.h& nal sample has 43,123
household/year observations in PSID, 600,326 household/year observations in C®and 21,556 household/year
observations in CEX.

Top-coding:  After imposing our selection criteria, there are only 6 top-coded observations irthe nal
PSID sample. Since we found that none of the statistics are a®ected by those few valyege did not make any
correction for top-coded values. Roughly 2.1% of the earnings values in the "nal CPSasnple are top-coded.
Top coding of earnings in CPS changed substantially over the sample period. Wefow Autor and Katz (1999)
and multiply all top-coded observations by a factor equal to 1.5 up to 1996 and mee no correction after 1996,
when top-coded observations take on the average value of all top-coded observatignsy demographic group,
instead of the threshold value. We tried with other factors, for example 1.75as suggested by Eckstein and
Nagypal (2004), and our "ndings remain robust. In the "nal CEX sample there are 362 top-coded observations,
i.e. around 1.7% of the total. Since the top-coding changes virtually in the same ®ays as in CPS, including the
change of approach after 1996, we used the Autor-Katz strategy for CEX as wkl

Comparison across PSID and CPS: Table A-2 shows that{over the period where they overlap (1980-
2003){the three samples are remarkably similar in their demographic and educatin structure by gender. Also
means of wages, earnings and hours, by gender, are extremely similar in the three dasets. Finally, average
food consumption expenditures in PSID are very comparable to the CEX estimate.

Enroliment data:  The data on college enrollment that we use for the calibration of the model refer @
the percentage of individuals 25-29 years of age who have completed college, by gendad gear from 1940
to 2006. The source is Table A.2 of the Educational Attainment section on the US. Census Bureau web site,
www.census.gov/population/www/socdemo.
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Table A-1: Sample Selection in PSID, CPS and CEX

PSID (67-96, 98, 00, 02) CPS (67-05) CEX (80-03)

#dropped # remain #dropped # remain #dropped # remain
Initial sample of married households { 68,860 { 1,312,864 { 40,605
Age of husband 25-59 10,274 58,586 354,256 958,608 11,604 29,001
Hours worked of husband at least 260 1,927 56,659 138,269 820,339 430, 27,571
Wage husband above half minimum wage 1,215 55,444 87,466 732,893 315, 25,255
Wage wife above half minimum wage 1,723 53,721 32,021 700,872 290 24,353
Income husband not from self-employment 8,784 44,937 28,330 672,542 5178 22,496
Income wife not from self-employment 1,814 43,123 12,216 660,326 940 21,556

Table A-2: Comparison Across PSID, CPS and CEX Samples

Average age of men

Average age of women

Fraction of male college graduates
Fraction of female college graduates
Average earnings of men (1992 $)
Average earnings of women (1992 $)
Average hours worked by men
Average hours worked by women

Average hourly wage of men (1992 $)
Average hourly wage of women (1992 $)
Average household earnings (1992 $)

Average food consumption (1992 $)

PSID CPS CEX
39.15 40.94 41.26
37.0 38.62 39.2
0.31 0.31 0.31
0.24 0.24 0.24
39,674 40,182 38,441
15,097 14,199 15,570
2,223 2,252 2,225
1,258 1,227 1,286
18.09 18.44 17.49
9.55 9.33 0.83
54,772 54381 54,011
4,626 { 4,082
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B Identi cation and estimation of the wage process

B.1 Statistical model

As discussed in Section 3.2 of the main text, we posit the following statiécal model of the log wage residuals
for individual i of agej at time t: For all j;t

Yijt = Tije t Vit + Vijs
.

where wjx » 0;," is a transitory (i.e., uncorrelated over time) component capturing measurement eror

in hourly wages, vijx » (0;,{) is a transitory component representing genuine individual productivity shock,
and ", is the persistent component of labor productivity. In turn, this persistent component is modelled as
follows. For all j;t> 1

’ it = 1/z,i;j int1t P

where! i1 » (0;, t). Forall t, at agej =1, ~ i 1. IS drawn from the time-invariant initial distribution with
variance, . We assume that! jj; ;W ; Vijez and”;. 1., are orthogonal to each other, and i.i.d. across individuals
in the population.

n Forallj, gft=1the distribution of labor productivity is assumed to be in its steady-state with variances

TR 11 " This assumption is made to maintain consistency with the model's solution ad simulations.
n 0

V.

Note that some of the variancesf }’;}{ g are time-varying while others | 7;, are not. We restrict the

variance of measurement error, ¥ to be constant for identi cation purposes and, as explained in the main text,
we use an external estimate to identify its size.

B.2 Identi cation: an example

We now describe the identi cation procedure for the case wherd = 1;2;4 andj = 1;2;3: This is a useful

example to illustrate our case where, after a certain date, the PSID survey becomes dnnual and data for

some intermediate years ( = 3 in the example) are missing. Let” denote the (1£ 10) parameter vector
Y d s s b b s, Y. The key challenge is to identify parameters at datet = 3:

De ne the theoretical moment
mjt;t «n()=E (yi;j;t CYi +nit + n): (B-1)

The expectation operator is de ned over all individualsi of agej at time t present both att and att+ n. In
our simple example, we have a total of 12 such moments that we can construct fne available data.
The covariance between period =1 and t = 2 for the entry cohortofagej =l att=1s

1 £i, ¢i, ¢o 2
M= E Tppat Vg Tiopt Vizz =%,
and the same covariance between periol=2 and t =4 is
£j ¢i, Ca .
M3a=E “i12% Viz pgat Viza =%,
This pair of moments identi es (¥; ,' ):
At t = 1; the variance for the entry cohort
h. i
i, ) :
rﬂll:E i;1;1+Vi;1:1 =, +,\{
identies , } given knowledge of,
From variance of the age groupj =2 attime t=1
2 hi . ¢2I ’ | v
ml;1:E 21t Vi :1/35 ot
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we can identify | '1 given knowledge of the initial variance, " and of ,1:
At t = 2; the two variances for age groupg =1;2

1 - hi' ¢2I _ 7 \%
mz, = E Tppt Vi =, 0t
. i
2 — I, - ’ ! \%
ms, = E T+ Vizz = B+ 5+ Y
identify |y an
At t= 4 we can construct the three variances
1 _ h|, ¢2| _ - Y
Mzs = E TppatVina =, t+ .4
. i
2 _ I, _ ‘ !
Mmzs = E Tioat Viza o =Y, o+ 4t
. i
|, ,
mg;4 = E i34t Viza = 4, +1/§>!3+,L+,Z:

As usual, the variance of the entrant cohort identi'es , , given knowledge of the initial variance, "1 Comparing
the variance of new cohorts with the variance of age 2 cohorts identi es identify, L, the variance of the current
persistent shock. Finally, the variance of the agg = 3 cohort contains the variance of the persistent shock that
hit at the previous date, and this allows identi cation of | g
Two remarks are in order. First, we can identify , '3 in spite of lack of data for t = 3 because the! shock

hitting individuals at time t = 3 persists into t = 4, a date for which observations are available. Thus comparing
wage dispersion between a new cohort and an old cohort &t = 4 allows us to identify , 5 since there are no
cohort e®ects. Second, in general, one cannot separately identify persistent and transiyoshocks in the last
year of the sample. Here we can, thanks, once again, to the assumption of no cohort e@ut the initial variance

The only parameter left to identify is , %: Transitory shocks att = 3 do not show up in moments at any
other t, and thus we need to impose a restriction to complete our identi cation. There areseveral possible
choices. We opt for assuming that the cross-sectional variance of wages in the pdation in the missing years is
a weighted average of the variance in the year before and in the year after. lour speci ¢ example, if we letmy
be the cross-sectional variance of log wages at time then we assume thatnis.z = (2.2 + y.4) =2: Given our
knowledge of all the parametersf%; , ;, 1 0, 2 i, 3 g one can reconstruct the cross-sectional variance component
due to the cumulation of the persistent shocks up tot = 3: The di®erence between the total variance and the
part due to persistent shocks identies residually the transitory component, %:

B.3 Estimation

Parameter vector:  We have available survey data for 1967-1996, 1998, 2000 and 2002. Ewémough, theo-
retically, the variance of the persistent shocks, L is identi ed in the missing years, in practice the fact that the
lack of data occurs towards the end of the sample substantially reduces the amountf anformation available to
estimate such parameters. Moreover, as explained, identi cation in the missingears hinges on the no-cohort
e®ects assumption. Therefore, we choose to take a cautious approach and estimaﬁe only for those years
when data are available. In simulating the model, we assume that the variancefahe persistent shocks for the
missing years is a weighted average of the two adjacent years.

Moreover, as we have explained above, separating the variances of persistent atrdnsitory shocks in the
last year of the sample hinges also upon the, arguably restrictive, assumptionf no cohort e®ects. Therefore,
we choose not to estimate these two variances for 200But rather we use the 2002 survey only to improve our
estimation of the structural variances up to (5000 (by constructlng covarlances btween 2002 and: the previous
years). To sum up, we estimate¥s; , ; and | 1gg75 5, 1006;. 1998:s 2000 » 19675 *1%s» 1996 1998;. 2000; TOF @ total
of L = 66 parameters. Denote by” the (L £ 1) parameter vector.

Empirical moments: Every year t, we group individuals in the sample into 10-year adjacent age cells
indexed by j, the rst cell being age group \29" containing all workers between 25 and 34 yeas old, up until
the last cell for age group \54" with individuals between 50 and 59. Our sample éngth and age grouping imply
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T =33and J =26: Let m't;t +n (") be the theoretical covariance between wages in the two age-group/year cells
determining the triple (j;t;n ) ; exactly as in (B-1). For every pair (j;t), let hi(j;t) be the maximum number of
moments involving individuals of agej at time t that can be constructed from the sample (taking into account
the fact that some years are missing).
The moment conditions used in the estimation are of the form
h i
E (Titn ) Bt OBy wnteni mJt;t+n (")

where Yt Is an indicator function that equals 1 if individual i has observations in both periods/age groups
determined by (j;t;n ) and zero otherwise. The empirical counterpart of these moment conditions becomes

l'hjt;t+n i mJt;t+n(" ):0

1 P |j;t;n

where m{;Hn = & Bt OBy +nt+n is the empirical covariance between wages for individuals of age

ljitn
j at time t and wages of the same individualsn periods later. Note that I, = iI=1 fitn  since not all
individuals contribute to each moment.

Estimator: The estimator we use is a minimum distance estimator that solves the folloiwng minimization
problem o
minfh i m()IW i m ()l (B-2)

wher%m ?_,nd m (" ) are the vectors of the stacked empirical and theoretical covariances with dimenen
N=" 7. h(j;t),and W is a (N £ N) weighting matrix. In our estimation, N =9;634

To implement the estimator, we need a choice foWW. The bulk of the literature follows Altonji and Segal
(2996) who found that in common applications there is a substantial small seple bias in the estimates of" ,
hence using the identity matrix for W is a superior strategy to using the optimal weighting matrix characterized
by Chamberlain (1984). With this choice, the solution of equation (B-2) reduces to a nonlinear least square
problem.

Standard errors are computed by block bootstrap, using 500 replications. Boatrap samples are drawn
at the household level with each sample containing the same number of households aset original sample.
Resulting con dence intervals thus account for arbitrary serial dependence, heteroskedastiyi and additional
estimation error induced by the use of residuals from the “rst stage regressions

Table 2 reports parameter estimates and standard errors. The results of the eghation are discussed in
detail in Section 4.1.
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and Giovanni L. Violante.
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T-1 Numerical Algorithm

First we describe how we pick the sequence for the scaling variablé,: Then we review the details of the timing
assumptions. Next we describe how we solve for decision rules, how we compute stgsstates and calibrate

the parameters set endogenously. Lastly, we descrige how we handle tge transition psa in which the wage
structure parameters , ; and equilibrium prices p; = p{“;h ;ptm;I ;pI;h ;p{;I are time-varying. In what follows

we denote initial ("nal) steady state variables by the subscript \ &" (\ ag").

T-1.1 Z sequence

The assumption that the economy is open and faces a constant pre-tax world interegtite r implies a constant
capital-to-aggregate e®ective labor ratio, since

i . ’ ¢ K 1 ' 1 > ® 1
r='@ZK&HE® ) L=2z7T7 S+ (T-1)
H. ®
Substituting the expression for K =H; into the equilibrium expressions for pricesp, de neg in equatiog (12)
it is clear that prices for di®erent types of labor are functions of the technology peameters Z;;,?;, ¢ and
n

of the aggregate quantities of the di®erent types of labor suppliedd ; = HM S HM™ R R we denote
these functions byp Z;, S 8H,

Let H ts; s tG; H: , as de ned in (1), be the function de ning aggregate e®ective labor supply. The path
for Z; is assumed such that, given the initial steady state quantities of labor mput, Hy; average individual
after-tax earnings for agents of working age is equal to one at each date. Thisnplies

1 o My Taer @
R—— (1 MA ®ZF° s+ H 5, 8 Ha =1: (T-2)

2 Si<i R d*y
T-1.2 Timing

Prior to 1965 we assume the economy is in an initial steady state in whiclparameters, » and prices p, are
constant. In 1965 new information is revealed and agents revise expectationénstead of thinking that , » and
p. will persist for ever, they now foresee the exact time-varying future paths forf | tgtlzl%5 and fptgtlz1965 :

1



The “rst and last years for which we estimate (,{ ;, ) using our PSID sample are 1967 and 2000 (see
Appendix B) The path for | ; is time-varying for 1967- t - 2000 in such a way that the wage structure in the
model evolves precisely as in the data over this period. Prices are time-varying b&een 1965 and 1967even
though all technology parameters in, ; are constant, because agents adjust their education and labor supply
decisions in anticipation of future changes in the wage structure. This a®ects the rative supplies of di®erent
types of labor, and thus, relative prices.

We assume that by 2021 prices for the four types of labor have converged to their nal steady state values
denoted p.s. These prices are such that the model replicates the observed college premium and gender gap f
2002, the last year of our PSID sample. Adjustment to the nal steady state is $ow because it takes time for
educational composition of the workforce to adjust to the "nal steady state vdues, and while this adjustment
is taking place, the relative supplies of di®erent types of labor are changing.

We need to make assumptions for the path for, ; during the transition period. For t > 2000 we assume that
the wage risk parameters ({;, ; ) are constant and equal to the estimated values for 20Q0denoted (| Vs;, o)
We assume that the path for, S over the period 2000< t < 2021 is such that the relative pricep™ =g™ is
constant at the value that replicates the observed male college premium in 200ZThe path for ? is such that
the model gender premium is equal at each date to that observed in 2002. Note that thesgssumptions imply

that both ,7;, & and p, are time-varying between 2000 and 2021.

Recall that some parameters are calibrated internally, as described in Section.4. In addition to all these
parameter values, agents need to know the sequences for equilibrium pricég.g in order to solve their problems.
In practice, we proceed as follows. We rst solve for initial and nal steady shates to set the internally calibrated
time-invariant parameter values, the steady-state values for the technology peameters,and to solve for the
associated steady—ﬁtate pricesOZ%BZia/en these parameters and prices, we then solee the transition in order to
Tlin the sequence Zi;,; tG (1067 and fptgtsz_g65 :

T-1.3 Decision rules

The household decision problems are standard "nite horizon dynamic programming prol@ms. We start in the
last period of life, J; and work backwards by age. Solving for decision rules in the retirement stagefdhe
life-cycle is relatively simple, since there is no labor market risk and the onlydecision for the household is how
to divide income between consumption and savings. Solving for decisions in the warlg stage of the life-cycle
is more challenging computationally, because the state space is large: for éahousehold type and for each age
we need to keep track of household wealth and of the persistent and transitory stchastic components of the
wage for both the husband and the wife.

We assume that the transitory shocks and the innovations to the persistent component can each take
two values, but we allow the cumulated value of the persistent component to be cdmuous. At each age, we
approximate decision rules for consumption using piecewise tri-linear functions de ned ovewealth and the male
and female persistent components (one function for each possible combinatiasf age and mix of education and
transitory shocks within the household). We make our grid ner at low levels of wealth, and allow the number
of grid points for persistent shocks to increase with age, given that ouestimates indicate a high value for the
autoregressive coezcient’z We use the \endogenous grid" method for Euler equation iteration, as described by
Carroll (2006). The key idea is that at each point in the state space, one conders a grid over current shocks
and next period wealth, and then uses the inter-temporal “rst order condition to compute implied current
wealth. This can be accomplished very quickly, because it avoids having to solva non-linear equation (the
Euler equation) numerically. The method is also well-suited to dealing with borrowing constraints: setting the
value for next period assets at the constraint determines the “endogenous' value faurrent assets below which
the constraint must bind. As explained by and Barillas and Fernandez-Villaverde (20®), it is straightforward
to extend this method to the case where labor supply is endogenous, as in our economy.

For prime-working-age households, the actual number of points on our grid forrdividual states is 253,920
- we solve for optimal consumption and labor supply choices at each of these. Thisumber corresponds to 4
possible education-pairs, 30 values for household wealth, 23 values each for the pistent component for the
husband and the wife, and 2 values each for the transitory component. Of course, thienly gives us decisions
for one cohort at one particular age: we ultimately need to compute decisions for 75ges for each of 93 di®erent



cohorts. The total number of points at which we compute decisions is thus approinately 800 million. To
simulate the economy, we simulate 20,000 households for each education compiasi and for each cohort,
and then create cross-sectional moments by weighting appropriately by education fgen enrollment rates and
matching probabilities) and by cohort (given survival probabilities).

T-1.4 Steady states and internal calibration

i N
It is useful to postpone determining '-m ;=AM Al and to simply assume that therg exist values for these

parameters that deliver the target enroliment rates by gender in the two steady staes, q; qI, o qu : This

way, in what follows, we can avoid salving for the education decisions. 3

We guess values for parameters Zq; Zas;, S:. ;" a;A;b and equilibrium prices pi";pm" : Given

the production technology and the calibration strategy, these guesses are suzcientot construct the remaining
steady state prices as follows. 3 .

First, since the selection issue for men is assumed to be gninor, given guesses 1‘p2“h ;pL”éh and the

observed college premia in 1967 and 2002, we immediately haveod™ ; p : For example, if ! o is the ratio

between the average wage of male college graduates relative to male high-sohgraduates at the start of the
sample, we set

. pmh

p = H—: (T-3)

o
3 I

Second, given the guesses for, &; S, , from (12) we can recover steady state prices for female labor. For

example, in the “rst steady-state
h i .
p=" _pa _ 1i g T
fh ~ 1 G (T-4)
Pa Pa )
In the initial steady-state, the solution to the household's problem delivers a set 6 decision rules, as well

associated value functionsV. andsexpected start-of-working-life valuesVS. Then, we move to the matching

stage. Given the enroyment rates q'; qﬁ, and the target degree of assortative matching?% we can compute

matching probabilities ¥4'; v using the equation de ning the correlation between education levels within the

household (6) and the consistency conditions of the form (5). The same logic applies the nal steady state.

At this point we can simulate the economy to compute cross-sectional moments. & do two simulations,
one for each steady state, and compute the set of statistics that correspond toun target calibration moments
and equilibrium conditions. Since technology parameters and equilibrium prices vary acres steady states, so do
household decisions and cross-sectional moments. We want to calibrate the model ecompto replicate certain
features of the U.S. economy (e.g., mean hours worked) on average across the saenpériod. We implement this
by computing average empirical target statistics across the sample period,ral searching for parameter values
such that these are reproduced in the model when averaging across the two steady statémulations.

To verify that the guesses for prices pﬂ“h ; p[lljh ) are in fact consistent with equilibriumsrequires knowledge of
each argument of the equilibrium pricing functions, since we need to verify thatpg"h =p Za;, 5,8 Ha :The
vector of aggregate e®ective hours worked by each type of labdf »; can be computed within the simulation.
The technology parametersZ. and ,  are part of the guess. However, we still need to compute the implied
value for , >: Since, absent selection, the observed skill premium 4 is equal to the price ratio pﬁ“h :pZ“' ; We can
compute , S using the ratio of the expressions for the marginal products of male skilled andinskilled labor:

m;h S

p — s B S _ :ﬂ _
RTINS (T-5)

1 a =

where "
Gy fh . Gyymh i
cHs +(1j ,2)Ha
CG= 5 (i G) m : (T-6)
5uHﬂ’ +(1| ,n)HU’
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To recap, we guess a vVector Za; Zaa;, &;. S 7 a; A b; g ; plM  : solve the model, and check whether or

not the corresponding eight target calibration moments and two equilibrium conditions for prices are satis ed.

The targets (see Section 4.1) are (i) average no-behavioral-response aftendt earnings equal to one in each
steady state, (ii) replicate gender premium in each steady state, (iii) replicate &erage wealth to average income
ratio, (iv) replicate fraction of households with non-positive wealth, (v) replicate average household hours, and
(vi) generate realistic redistribution from the pension system (see below) If any of these conditions are not

satis ed at the initial guess, we use multi-dimensional Newton-Raphson methods to ugate the guess. Then we
resolve decision rules, and resimulate, iterating in this fashion to convergence.

One parameter (and corresponding calibration target) requires more discussion: thealue for the lump-sum
transfer b received by all retirees. Recall that the goal is to setb so that the dispersion of discounted lifetime
earnings plus pension income in the "nal steady state of our economy is the same as am alternative economy
featuring the actual US Old-Age Insurance system.

To compute US social security system benets for a model household, we rst compute avege monthly
earnings throughout working life (AIME). The AIME value is the input for a for mula that calculates social
security benets as follows: 90 percent of AIME up to a rst threshold (bendpoint) equal to 38 percent of
average individual earnings, plus 32 percent of AIME from this bendpoint to a higherbendpoint equal to 159%
of average earnings, plus 15 percent of the remaining AIME exceeding this last bendpdinThese are the actual
bendpoints of the US social security system in 2007.

Once we have calculated the monthly social security bene ts of husband and wife withinte couple, we
compute household benetsh’S as the maximum between: a) the sum of the two bene'ts, and b) 1.5 times
the highest of the two bene'ts. This rule is called the "spousal benet rule" in the US penson system. We
assume pension bene'ts in the US system are taxed at half the labor income taxate, which is a reasonable
approximation. We repeat this procedure for every household in the arti cial panel and hen compute the
within-cohort variance of the log of lifetime household earnings plus social secugt Next, we perform a similar
calculation given our alternative hypothetical pension system characterized ¥ a lump-sum pension,b. The
desired value forbis the value that equates the dispersion in discounted lifetime income across thvo systems.

The last step in the ste@dy -state stage of the solution method is to computetie education cost distribution
parameters —™ ;=" : A": A" " We do this by st using equations (4) to compute expected values of education
by household type in both steady-states. We then solve a simple set of four nonrlear equations of the form
(3), one for each gender and for each steady-state, to compute the four utility cosparameters. This procedure
allows us to perfectly replicate the target enroliment rates by gender in 1967 an@002.

T-1.5 Transitional dynamics

Once all parameter values are known, it remains to solve for prices from 1965 {ven information about future
changes in the wage structure is r%vealed) to 2020 (the Iast year of transitio).

m: 2020 ml O1966 G 02020
We “rst guess sequences p; " 1065 A i 1065 Vot 1067 . Given these guesses, we can construct
t= t=
prices for each type of labor at each date as §ol|ows (i) for< 1965 prices are given by; (ii) for 1965 - t< 1967
prices for male labor are given by the guessp}™ ,pt ™ while prices for female labor can be determined given

.8 = S using the expression for the gender premium (T-4), (iii) for 1967- t - 2020, p™ can be readily

computed given the guessptm;h and the empirical college premium by applying (T-5), while prices for female
labor are implied by the guess for,tG and equation (T-4), (iv) for t, 2021, prices are given bypas:

Given all the prices, we solve each cohort's problem, beginning with the cohort thaenters the labor force
inyear t = 1965 jR =1929; and ending with the cohort that enters the labor force in year 2021 We then
compute cohort-speci ¢ expected values/; for each household type.

To compute cross-sectional moments, and aggregate e®ective hours for each typelabor, we need to
know the edueation composition of the workforce at each date. For each cohort &therefore guess enrollment

rates, q"; qf . Given these guesses and the target degree of assortative matchifig;we compute matching

probabilities ¥§. Given these probabilities and the valuesV;, we can calculate expected education valueM{:
Finally we use the equilibrium schooling condition (3) to check whether the guessed enliment rates are correct.
Enrollment rates allow us to derive the household composition for each cohort
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Once we have decision rules and household composition for all cohorts, we can simd the economy and
compute time series for the model-impjied gender premium and compare this to its empiridacounterpart. This

is the basis for updating the sequence , tG
To establish whether the guesses for prices are consistent with equilibrium, we- need theck whether the
guessed prices are equal to those implied by applying the functionp Zi;, ts; s tG; H: . To check this we need
n o

the time seriesfZ;gand , ts in addition to aggregate e®ective hours for each type of laboif,H;g. We generate
n o0n o

series forf H{g by simulation, and use these series, along with the (guessed) sequences erf3 , p{“;h and

n (0] n o

p{“;' to compute a time series tS using the time t equivalent of equations (T-5). We then use equation

(T-2) to construct a time series fZ;g such that in the hypothetical counter-factual that H; = H, for all t;
average individual earnings would be time-invariant. We are then in a posiion to compute the model-implied
equilibrium price sequences.

After comparing the guessed price sequences to the model-implied price sequences, we update our ge®s
We then resolve all cohorts problems, resimulate, and check again for market-earing in all labor markets, and
for the appropriate gender wage gap, iterating until convergence.

T-2 Comparison between PSID and CPS

Figures T-1 to T-4 compare the time trends in the key moments of the joint distribution of hours, wages and
earnings in CPS and PSID. The plots show deviations from the means, with means repted in the legend. A
careful analysis of the four "gures demonstrates that overall PSID and CPS data e up remarkably well along
the vast majority of moments, in terms of both trends and levels. The PSID noments are more volatile, due to
the much smaller (by over a factor of 15) sample size.

We "nd that some discrepancies in the trends of a couple of the moments involving womearise towards the
end of the sample, when the PSID data are still in \early release" format: the fenale college premium (Figure
T-1, panel D), and the correlation between male and female log wages (Figure T;4panel D). The trends for
the moments involving men's data are remarkably aligned across the two dataets.

Finally, the trend in household log earnings inequality (Figure T-4, panel B){a crucial moment in our study{
is somewhat °atter in PSID than CPS. Since the trends in male and female earnings digrsion broadly agree
in CPS and PSID, the smaller increase in household earnings inequality in PSID shodlbe attributed to the
decline in the correlation between male and female wages in the 1990s vis-a-ti®e small rise of this correlation
in CPS over the same period. The trend of the variance of household log earnings IBEX lies somewhere in
between PSID and CPS. For example, over the last two decades of available data (18&2003), the CEX data
show a rise of 0.08 log points vis-a-vis an increase of 0.12 in CPS anf @05 in PSID.
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(A) Correlation btw log male wages and hours
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(B) Variance of log household earnings
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