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Abstract

We show that the aggregate Frisch elasticity of labor supatygreatly
exceed the corresponding individual-level parameter, wadllustrate the
“anatomy” of the former in terms of intensive and extensivargins. The
methodology consists of using micro data from the PSID tstroit a panel
of individuals and an aggregate time series obtained byeaagting these
individuals each year. These two data sets represaatly the same sample
at different levels of aggregation, and we use them to ifletite parameters
of two distinct MaCurdy-type micro and macro equations. \We . micro
elasticity of about 0.1 and a much larger macro elasticigt tanges from
1.1to 1.7. There is no cdiict between the two estimates: the micro one
reflects only the intensive margin while the macro onféects, in addition,
the much more volatile extensive margin. Furthermore, egggion of only
continuously employed individuals allows us to providelalde estimate of
the intensive margin elasticity in the range 0.3-0.4. Tilniglies an extensive
margin elasticity in the range 0.8-1.4. These findings ssigt@t micro
evidence is not a benchmark for assessing how large thehrelasticity of
labor supply should be in a model of the aggregate economy.
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1 Introduction

In this paper we provide an empirical reconciliation of roiend macro labor sup-
ply elasticities. Our goal is to show that the aggregatechriasticity of labor
supply is much larger than the corresponding individue¢llelasticity and yet is
fully consistent with it. From analyses of panel data it idl\weown that individual
hours are relatively wage inelastic in the short run. This i®often regarded as a
challenge to the benchmark real business cycle (RBC) mbdet¢ott, 1986). The
RBC methodology rests on Lucas’s (1980) suggestion to daarmeters from
census information and panel data, but the model requisgstigregate labor be
elastic in order to generafiictuations that are consistent with business cycle facts
(Kydland and Prescott, 198Prescott, 2006). This is not necessarily a challenge
because the micro and macro Frisch elasticities of labgplglugre conceptually
different objects. The micro parameter is the elasticitynolividual hours con-
ditional on being employed whereas the macro parameteeislfsticity of total
hours, which réects variations in hours per worker as well as in the employme
level (Heckman, 19938rowning, Hansen, and Heckman, 1999). In other words,
the aggregate elasticityftects both the intensive and extensive margins.

We contribute to this line of research by estimating muguedinsistent micro
and macro Frisch elasticities of labor supply for the sanmufation. By “mutu-
ally consistent” we mean that the two estimates are baseleosaime micro data
and the same specificatiaie only difference is the level of aggregation. Specifi-
cally, we estimate two distinct, MaCurdy-type (after Ma@yr1981) labor supply
equations. The first, the micro equation, relates indivithoars to the individual
wage rate and is estimated using data from the Panel Studycofrle Dynamics
(PSID). The second, the macro equation, relates aggregats to the aggregate
wage rate and is estimated in a time series obtained by agagrgghe single waves
of the PSID each year. We find a micro elasticity of about Oslmall value in line
with benchmark microeconometric estimates, and a mucledargcro elasticity
in the range 1.1-1.% Two additional results are worth emphasizing. First, the us
of microdata allows us to decompose the macro elasticityiiriensive and exten-
sive margins for the whole sample and for subgroups of isterd/hen looking
at subgroups, we document that individuals who are non-epege, married or
cohabitating with partners who work, and/or low educated‘ararginal workers”
who make aggregate labor much more elastic than at the ¢hdil/level. We find
mixed evidence about women. Second, by focusing on the apadbgroup of
continuously employed individuals (for whom the extensnargin is inactive) we

!For samples that are more representative of the US popujat®estimate the aggregate elastic-
ity to be in the range 0.6-1.1. However—as discussed inldatei in the paper—this range should
be regarded as a lower bound for the US economy.



provide an estimate of the intensive margin that presuntahpves, via aggrega-
tion, most of the bias affecting estimates on disaggregda¢al Such an estimate
is in the range 0.3-0.4. The fact that this is larger than timeesponding estimate
on disaggregated data confirms that the bias is towards zero.

This paper contributes to a large and expanding literailine.first generation
of microeconometric estimates of the Frisch elasticityabior supply ranges from
about 0 to about 0.2 for men and from about 0 to about 1 for edmiomer?
The macroeconomic evidence is far less numerous and sormeuiticting. In
their seminal paper, Lucas and Rapping (1969) estimateaati@ty of 1.4. At the
other extreme, Mankiw, Rotemberg, and Summers (1985)trdjecintertempo-
ral substitution hypothesis altogether, but they expidiicus on the “labor input
per member of the adult population” (p. 235)—that is, anrieige margin. The
importance of including the extensive margin as well is lyidiustrated by Alo-
goskoufis (1987), who rejects the intertemporal substitutiypothesis fofluctu-
ations in hours per worker but cannot reject the same hypistfa fluctuations in
aggregate employment. This is not surprising, given thatbillk of the cyclical
adjustment of total hours occurs via adjustments in the eynpent stock (Hansen,
1985 Kydland, 1995 see also our own computations in Section 2).

The necessity of reconciling the large aggregate elastisisumed in calibra-
tion studies with the small elasticity estimated in micimsametric studies led to
the development of variants and extensions of the benchRB€kmodel in order
to better accommodate the data. A precursor is the seminél efdydland and
Prescott (1982) based on nonseparability of leisure agrdifit points in time. A
prominent position in the field is occupied by the indivisithbor model (Roger-
son, 1988Hansen, 1985), where people can either work a fixed numbenwstor
not work at all. In that model, all labor changes take pladbaextensive margin.

A second generation of empirical studies reduces the eilgsgiap by arguing
that benchmark micro regressions are misspecified. Exarikide the omission
of: home production (Rupert, Rogerson, and Wright, 200€iyal expectations of
wage changes (Pistaferri, 2003), time devoted to accuimglatiman capital (Imai
and Keane, 20Q4Wallenius, 2011), nonseparability of consumption anduless
(zZiliak and Kniesner, 2005), and liquidity constraints (Beij and Flodén, 2006).
Although it is very important to obtain a correct estimatette micro elasticity,
our work shows that the elasticity gap, per se, is not an is€inetty, Friedman,
Manoli, and Weber (2011) review the empirical evidence @nititensive and ex-
tensive margins elasticities generated by quasi-expetaheariations. The in-
tensive margin elasticity they report (0.3-0.5) is in linghaour estimate based

2See the surveys of Pencavel (1986), Killingsworth and Heak(1986), Card (1994), and Blun-
dell and MaCurdy (1999).



on continuously employed workers (0.3-0.4). However, &ttt in combination

with our estimate of the aggregate elasticity implies aemsive margin elasticity
in the range 0.8-1.4, substantially larger than the coomdipg estimate reported
by Chetty, Friedman, Manoli, and Weber (0.2-0.3).

A few studies have performed a similar exercise startingnfeocalibrated mi-
cro elasticity. Chang and Kim (2006) combine the indivisitdbor assumption
and the heterogeneity of reservation wages in an incompiat&ets model. As-
suming an individual elasticity of 0.4, they find an aggregalasticity of about
1. Rogerson and Wallenius (2009) assume an individualiglgstanging from
0.05 to 1.25 and find that the corresponding macro elastiaitges between 2.25
and 3 in a model where the mapping between hours of work arat Edyvices
is initially flat. Our paper can be regarded as the empirical counterpéresé
calibration studies.

A related work that employs survey data is Gourio and Nou@D®2, who
use 14 years of monthly observations (National Longitudiavey of Youth data
from 1979 to 1992) to estimate the aggregate elasticity ahdzard rate of the
distribution of reservation wages. Their estimate is®1The basic idea in Gourio
and Noual is the same as in Chang and Kim (2006) and in thigpiber is more
elastic at the aggregate than at the individual level bexafisnarginal workers
who move into and out of employment in response to wage clsangeere are
important differences between this work and ours. Firstur@and Noual shut
down the intensive margin, so one cannot tell how their eggncompares with
the underlying micro elasticity. Second, estimating twadvedy equations allows
us to avoid making distributional assumptions and calibgaparameters. Third,
the data sources are different. Despite these importaimictions, it is remarkable
that the magnitude of the macro estimates that we and thejpecare similaf.

The remainder of this paper is organized as follows. In 8a@i we illustrate
the importance of the intensive and extensive margins asxligé the statistical
relations between the micro and macro elasticities we astinSection 3 describes
the data set, compares key sample statistics with US datatfre US Census and
the Current Population Survey (CPS), and illustrates ogrexggation procedure.
Section 4 describes how the parameters of interest arefiddntand Section 5
presents our results. Section 6 concludes.

3Browning, Hansen, and Heckman (1999) observe that theémtgoral elasticity of substitution
is typically larger at higher frequencies than at lower frexcies.

“Mulligan (1998) usesross-sectional data from the Current Population Survey to estimate the
intertemporal elasticity of substitution for employed naerd for all working-age men, employed or
not. In the basic specification, he finds elasticities of Gd%he former and 1.41 for the latter.



2 Intensive and extensive margins

The indivisible labor case (Rogerson, 1988&nsen, 1985) accommodates in an
extreme way the evidence that labor supply adjustmentseagttensive margin
(variations in employment) dominate those at the intensieggin (variations in
individual or average hours). As in Hansen (1985), if we defyn, the number
of individuals employed at timeé and byh; the average number of hours these
individuals work, then aggregate laborfis = n;h;. By taking logs, the variance
of the log labor input can be decomposed as follows:

var(In Hy) = var(lnng) 4+ var(Inhy) + 2cov(Inng, In hy). (1)

The share of the total variation that is duertpo(i.e., the ratio ofvar (Inn;)
to var (In Hy) in this equation) provides a measure of the importance oéthe
tensive margin. For Hodrick—Prescott (HP-) detrendedteugrUS data ranging
from 1955 to 1984, Hansen (1985) finds that employment clsaagmount for 55%
of the variation in total hours, whereas hours per workepaatfor only 209>
We update this empirical exercise using more recent dafa/®o©ECD countries.
Specifically, we collect annual data for the United Statemdcla, Japan, France,
and the United Kingdomwe then use these data to compute the standard devia-
tions of detrended log employment, log hours per worker, lagdotal hours as
well as the contribution of the macro extensive and the miatemsive margins to
the total variance of detrended log total hours. The resuiseported in Tables
1 and 2, for three different filters. Table 1 shows that themsive margin is sys-
tematically more volatile, except for Japan and, when fiigethe series through a
first difference, France. Table 2 reports the corresponigdicigence, computed as
in the Hansen decomposition—that is, our equation (1).

Blundell, Bozio, and Laroque (2011) use micro data from Eeathe United
Kingdom, and the United States to construct bounds for th&iboition of changes
in the participation rate and in hours per worker to changdsours per person
between 1977 and 2007 for different demographic groupss iEha different de-
composition than the one discussed previously, yet thaiyais also indicates that
participation always dominates hours per worker as a safreariation in hours
per person in the United States, for all age/gender grouahel United Kingdom
this is true only for women above age 30 and (marginally) fdrmoen in France,
it is true for young and old men as well as for prime-age women.

5This pattern is observed in several countries: in HP-fitterarterly manufacturing data for
1960-1989, Fiorito and Kollintzas (1994) find that the Wtitsgtof employment deviations from the
smooth trend always exceeds the corresponding volatilibhours per worker.



Table 1
Standard deviation of the labor input and its components.
Employment ¢) Hours per worker/f) Total hours . x h)

Aln HP;o9p HPg25 Aln HPigp HPg25 Aln HPigg  HPs.25
USA 159 143 1.03 062 0.56 040 197 1.78 1.32
Canada 1.67 1.68 1.03 059 054 0.37 196 2.05 1.29
Japan 0.93 0.78 0.47 098 0.99 062 149 1.25 0.88
France 1.09 1.23 0.72 1.18 1.06 0.70 1.60 1.59 0.95
UK 162 1.96 112 122 115 0.72 250 2.83 1.63

Note: All figures represent standard deviations of detrendedéoigs. The filters are first-
differencing (AIn), and Hodrick—Prescott with smoothing parameter 1P;() or 6.25
(HPs.25). OECD annual data, 1970-2009, total civilian employment

Table 2
Shares of the variance of the labor input (ref. Table 1) actzmlifor by its components
Employment () Hours per worker/)

Aln HP100 HPs 25 Aln HP100 HPs 25
USA 65.1% 64.5% 60.9% 9.9% 9.9% 9.2%
Canada 72.6% 67.2% 63.8% 9.1% 6.9% 8.2%
Japan 39.0% 38.9% 28.5% 43.3% 62.7% 49.6%
France 46.4% 59.8% 57.4% 54.4% 44.4% 54.3%
UK 42.0% 48.0% 47.2% 23.8% 16.5% 19.5%

Note: The incidence of employment on the total variance of theedeled labor input is
computed from equation (1) asir (Inn;) /var (In Hy) and the incidence of hours per
worker asvar (In hy) /var (In Hy). See note to Table 1 for definition of the filters.

The concurrence of intensive and extensive margins iredaat two elastici-
ties are relevant to understanding aggregjaigtuations of the labor input. By the
individual, micro elasticity we refer to the real wage dilast of individual hours
conditional on being employethy the aggregate, macro elasticity we refer to the
real wage elasticity of total hours. It is understood thaieth cases the marginal
utility of wealth is kept constant, so these are Frisch mltigts. In a regression
framework one immediately sees that the wedge betweendudivand aggregate
elasticities réects the response of employment to changes in wages. Hetfigefo
we use lowercase for individual variables and uppercastéocorresponding ag-
gregate quantities. Denote byand £ the micro and macro elasticities of labor

6



supply, respectivelyby w;; andW, individual i's and the aggregate wage rates at
time ¢, respectively and byh;; hours worked by individuad at timet. Consider
the following MaCurdy (1981) regressions:

(individual)  Alnhy = &+ eAlnwy -+ vi, )
(aggregate) AlnH, = K+EAImW,+ V. (3)

Here A denotes the first-difference operatérand K are constants, anH,
denotes total hours worked at timeas before. We postpone until Section 4 the
discussion of the structural interpretation of these egnatand until Section 3 the
definition of the aggregate wage rate. The underlying pdjoul&lasticities can be
written as follows:

_ cov(Alnh,Alnw)
° var (Alnw) ’ @

micro intensive margin

cov(Aln H,Aln W)

£ = var (Aln W)
_ cov (Alnh, AlnW) L v (Alnn,Aan). (5)
var (Aln W) var (Aln W)
macro intggsive margin extensive margin

That is, themicro elasticity (4) consists of a single term that captures a€djus
ments in the intensive margin (individual hours) by indiéds employed in two
consecutive periods and for whofiln 2 and A In w are observed. We label this
the “micro intensive margin”. In contrast, tmaacro elasticity (5) is the sum of
two terms. The first féects the covariance between the rates of change in hours
per worker and in the aggregate wage rahels it represents a “macro intensive
margin”. The second termftects the covariance between the rates of change in
employment and in the aggregate wage rate, so it represengxtensive margin.

There is an intuitive analogy between the micro and macemsive margins.
The analogy is immediate and precise for the extreme cashighwmployment is
constant and all workers work the same number of hours attine iourly wage
in the cross section. In this case, if we take the aggregate wate to be some
average of the individual wages, then



cov (Alnh,Alnw)  cov (Alnh,Aln W)

var (Alnw) T var (AlnWw) ° ©

that is, the micro and macro intensive margins coincidehiméxtreme case, em-
ployment does not vary and so we would have (Alnn, Aln W) = 0; hence
the two elasticities would coincide as well (i.€.= ¢). In other words, in general
there is a wedge between micro and macro elasticities beozurkers are hetero-
geneous and because employment varies in response to aiggvwerge changes.
We will later compare the micro and macro intensive marginadgregating only
individuals who work in every period—a group which we lababfitinuously em-
ployed”. This way we can estimate a macro intensive elagtibat is the direct
counterpart of the micro elasticity: by considering onlytiouously employed in-
dividuals, one shuts off the extensive margin completetys @lso makes clear that
the wedge between micro and macro estimates is not due tdesaaiection—that
is, to the fact that we observe the individual wage rate imaloen sample only if
hours are strictly positive. Correcting the ensuing biag. (&y employing Tobit
or Heckit estimators) adjusts for the nonrandomness ofah®pfe used in estima-
tion but not for entry and exit decisions. To capture these must refer to an
aggregate labor supply function (Heckman, 1993). This iatwlr macro regres-
sion does: by taking total hours as the dependent varial@dearerable to capture
fully the importance of both the extensive and intensivegima:. As observed by
Browning, Hansen, and Heckman (1999), this is why Lucas amgpRg (1969)
found a much larger intertemporal elasticity of substimtof leisure than did the
vast majority of empirical studies during the following deles: when considering
total hours, Lucas and Rapping included entry and exit. Aulsey to illustrate
this point is by representing total hours at titas the sum of four distindtows
generated by four groups, which we label “stayers” (those work at timet and
at timet — 1), “entrants” (those who did not work at tinte— 1 but do work at
timet), “leavers” (those who did work at time— 1 but do not work at time), and
“outsiders” (those who work neither at timeor at timet — 1):

ns ny netnf Ny
Ho=> ha+ > hi+ >, ha+ > hit . (7)
=1 i=n+1 i=n;+1 i=ng+nf+1
N e’
stayers entrants leavers outsiders

Heren; is the number of individuals who are employed at titrend at time
t — 1; n is total employment at timg n/ is the number of individuals who were
employed at — 1 but are not employed at time and V; is population size at
time ¢t. The first term on the right-hand side (RHS) is the aggregader|supply



of stayers. The extensive margin is inactive (between tilmed andt) for these
individuals, whose behavior is what the micro elasticitptoaes. The second and
third terms represent movements along the extensive mapgiople who move
into employment (entrants) and out of employment (leaviers) given period.
Finally, the fourth term represents the outsidee will later inspect thesows

in the data and their correlation with wages to illustratev lspecific subgroups
contribute to amplifying the aggregate elasticity.

3 Data and aggregation

Our analysis is based on individual-level data from the PSE58-1997 waves.
We adopt the following dating convention: a year in the datais determined
by the period a variable refers to, not the period in whichdam were collected
(the latter is referred to as “wave”). For instance, the 1@@8e collected labor
market data referring to year 1967, the 1969 wave collededrl market data
referring to year 1968, and so on. Therefore, in our datarsettuns from 1967
to 1996. We stop at the 1997 wave because PSID data weretedllaonually

through 1997 but only every other year afterwards. The letrfirequency after

the 1997 wave poses the problem of interpolating missing. datorder to avoid

arbitrary choices in interpolation, we use only the annuatipn of the panel.

Work information is available only for the household “hedd&fined in the PSID
as the adult male householder, if present) and his “wifefijge as the female
cohabitor). Therefore, our observations fall in one of éhego categories. This
seemingly minor point is actually important for the intexf@tion of our estimates
in relation to the US economy, as we discuss below. Our fimapsaconsists of
24,461 individuals forming an unbalanced panel that sp@iygars. Depending on
the year considered, 48-49% of these individuals are matt§5-52% females.

3.1 Sample selection

The construction of the final data set follows HeathcoteriPand Violante (2010
hereafter HPV) who use PSID and other data to study the éwolof economic
inequality in the United States. In particular, a recordigcdrded if the implied
hourly wage is below 50% of the federal minimum wage in foroemy a given
year. Wages are set as missing if information on hours isingsand vice versa.
Nominal quantities are diated using the urban Consumer Price Index and are ex-
pressed in constant 2009 dollars. Given the different guest hand, our sample
selection criteria depart from HPV in two respects. Fits¢ytestimate top-coded

5The last two terms on the RHS are, of course, sums of zeros.



wage rates by fitting a Pareto distribution. We prefer not skkenany distribu-
tional assumption and simply discard observations for twianage information is
censored. In the PSID, this is amounts to only a handful oéolagions (on the
order of 0.5-0.7% of employed individuals). Second, we hgesb-called core
sample of the PSID for our baseline analysis. The core samptamposed of two
distinct initial samples of households as well as the newsbbalds formed out of
these. The two samples are a cross-sectional nationakserfiedive sample (the
SRC sample) and a sample of low-income families located itropelitan areas
(the SEO sample). HPV use the SRC group in order to maximzedgpresenta-
tiveness of their sample. Yet for us, maximizing sample &izebtain consistent
(relative to the underlying population) means of hours aades is more important
than minimizing the bias from a nonrepresentative sampl@rihciple, represen-
tativeness is irrelevant to our undertaking: we seek tonedé and compare the
micro and macro elasticities of a given population—not sea&ly the actual US
population—using observational data. Such an exercisesaff does not require
a representative sample. This is our first level of analylsiewever, it is of ob-
vious interest to know whether or not our estimates arebiglifor calibrating an
aggregate model of the US economy. Toward this end, we alsducd our anal-
ysis at a second, more representative level. We do this inatteonative ways.
First, we drop the SEO sample and use the SRC sample onlyHiR\inSecond,
we apply sample weights to the core sample. Two importarticieted caveats
should be kept in mind when viewing the resulting estimatesepresentative.
First, as HPV also notice, the SRC sample was necessarilyeshgtruction—
representative at the end of the 1960s, but not necessardfterwards. Second,
sample weights in the PSID were produced to correct for tit@lif1967) un-
equal sampling probabilities between the SRC and SEO sanifitereafter, sam-
ple weights have been regularly revised—to correct foredéfitial attrition and
changing demographics—by comparing them with key propostiof the Current
Population Survey. Of course, this ensures represematgeonly along the di-
mensions captured by such key proportions. These cavesilfuatrated next.

3.2 Definitions and comparison with Census and CPS data

We report in Figure 1 selected demographic characteristitte (combined) three
PSID samples we employ at the two aforementioned levelsalysis (unweighted
core sample, SRC sample, and weighted core sample) alomgheitorresponding
characteristics of the US population as derived from Cedates

10
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Fig.1.Demographic characteristics in the PSID samples and in $1€ éhsus. “Marriage”
includes cohabitation in the PSID but refers only to legaiage in the Census. Hispanics
are individuals of any race who report “Hispanic” as ethnigio. Sources: Bureau of the
Census (Current Population Survey) and authors’ calanatirom the US Census 1%
samples extracted from the IPUMS USA database (Rugtas 2010)
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The figure shows that the weighted PSID series, unlike theeigiied one,
closely tracks such demographics as age, fraction of etiegduate$,and (most
notably) percentage of Blacks. For other characteristich @s gender and the
number of children per family, weighted statistics repmelaational figures well
at the beginning of the survey but less so (and in some instaworse than the
unweighted sample) during the following years. The mosbiggliscrepancy con-
cerns the fraction of Hispanics and, as a consequence gitteofr of non-Hispanic
Whites. The discrepancy for the fraction of adult populatibat is married is
partly explained by the different definitions in the Censnd the PSID: contrary
to the former, the latter classifies as “married” cohabitatpersons of opposite
sex, regardless of whether they are legally married of not.

Figure 2 illustrates key labor supply and wage statisticgsstracted from the
CPS and from the PSID samples we use. The variables of insgeeannual earn-
ings, annual hours, hourly wages, and the employment ratmirkgys are defined
as gross labor income, and hourly wages are constructeceasitib of annual
earnings to annual hours of work for paythe employment rate is defined in the
standard way as the number of workers relative to the pdpulaf interest® The
figure shows that both the weighted PSID sample and the SR€asydbe track
the CPS earnings statistics quite accurately in the 1988sptat the two ends of
the time interval we consider. In contrast, average annualshare systematically
higher in the CPS than in the PSID, a difference that likefleats the different
wording of the survey questions (howsially worked per week in the CPS versus
hoursactually worked per week in the PSID). As a consequence, there is some
discrepancy in the average hourly wage, which is estimagdtidratio of annual
earnings to annual hours. The most notable discrepancyebat®SID and CPS,
however, concerns the adult population employment rate réason is that the
PSID contains complete labor market information only fousehold heads and
wives—therefore, our analysis has to be based on thesedndls—whereas the
CPS contains this information for all family members. Thghler employment
rate in the PSID samples we use implies that household headdsiges are more
likely to be employed than other adult family members. In swile earnings in
the weighted PSID sample are roughly in line with those in@RsS, the former

"The survey question about educational attainment is netceaknually to “heads” and “wives”.
We classify an individual as a college graduate if he or shents to be a college graduate after age
23 in any wave, and similarly for high school graduates.

8Beginning with the 1983 wave, one can distinguish (to sontergx between marriage and co-
habitation in the PSID. However, we ignore this informationrder to retain comparability between
pre- and post-1983 marital status.

9This may lead to “division bias” (Borjas, 1980), an issue ftiak we return later in the paper.

For comparison with the CPS, we compute the employment oatadult individuals only be-
cause very few household heads and wives are under age 1S8RSiD.
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overrepresents people with a higher-than-average attthim the labor market,
which may lead to underestimating the extensive margirtivelto the US popu-
lation. It is important to bear this fact in mind when assegshe relation between
our estimates and the underlying parameters for the US exgradthough the ap-
plication of sample weights or the use of the SRC group madkesample more
representative than the unweighted core sample, this isa@gtee that the macro
elasticity we estimate using the more representative ssanpélds a better esti-
mate for the US economy. We present estimates for the thifeeatit samples but
do not take a stand on this issue since our goal is to show haworand macro
elasticities differ despite being generated by the sanee dat

Although the statistics presented in this Section refeinéoli967—1996 period,
in estimation we do not use the 1992-1996 period. The reasoetailed in
the Appendix, are the important changes occurred in thesguaiter 1991. Such
changes make the 1992-1996 portion of the data not reliabtauf purposes.

Real earnings per worker Annual hours per worker

1700 1800 1200 2000

30000 350004000045000

T T T T T T T T T T
1960 1970 1980 1990 2000 1960 1970 1980 1990 2000

Real hourly wage Employment rate pop 18+

16 18 20 22 24

w
» 4
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1960 1970 1980 1990 2000 1960 1970 1980 1990 2000

CPS —e—— P3ID (unweighted)
—=—— PSID (SRC) --—e--- PSID (weighted)

Fig. 2. Earnings, wages, and hours in the PSID and in the CPS. Earpieigworker
are gross annual wages and salaries per employed individuasdual hours are average
number of hours worked for pay. The hourly wage is the ratiearhings per worker to
annual hours per worker. Real 2009 US dollardiédter: CPI-urban).
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3.3 Aggregation

The key step in our analysis is aggregation of individuatsum the panel to con-
struct the aggregate time series. We take a straightforagybach to aggregation.
Since the macro Frisch elasticity refers to the responsgaregate labor, it is nat-
ural to aggregate hours by simple summation:

Ht = Z?il hit1 (8)

with notation as in Section 2. Since movements in employmentalso relect
variations in sample sizéy;, we will control for such variations as a robustness
check. As for the aggregate wage rate, there is no obviouzgagmr. The sim-
plest aggregation procedure consists of taking the avepegavorker wage as the
relevant aggregate wage rate. That is:

W = nt_l Z:L;l Wit, (9)

wherew; is the individual hourly wage at time Aggregatell; is easy to inter-
pret: the wage rate of the representative agent is the average. However, het-
erogeneity suggests weighting individual wages by hourkedh In other words,
we might prefer to use the following, alternative aggregedge rate:

W/ = Ht_l Y ity higwi, (10)

which is tantamount to computing the average wage as theeatiintal earnings to
total hours (rather than the average ratio of individuahiggys to individual hours).
Blundell, Reed, and Stoker (2003) discuss the possiblesggtion bias asso-
ciated with changes in aggregate wage rates expressed @san (10). There
are two sources of such bias that are relevant here: vargatiothe distribution
of hours and variations in the composition of employment: iRstance, if some
workers work fewer hours at a constant wage rate, then thregaige wage rate (10)
changes, even if the underlying individual wages are urgb@nAnd if low-wage
individuals leave employment while the wage rates of those ®emain employed
stay the same, then the average wage (9) increases. It istanpto make sure
that our results are not affected by aggregation bias in svafgng these lines.
Blundell, Reed, and Stoker use British data from the Familydaditure Survey to
show empirically that predicting wages of nhonworkers wiite &id of a Heckman-
type selection correction procedure—and then taking tiees@e log hourly wage
as the measure of the aggregate wage rate—removes vidllalfithe aggregation
bias affecting aggregates (9) and (10). That is, by emptpthe log wage rate

In W/ =n; 1370 In(Wy) (11)
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in the macro regression, wheig; is the selectivity-corrected wage rate, Blundell,
Reed, and Stoker obtain a time series for aggregate wageslalsaly tracks the
series resulting from correctind/’’ for aggregation bias. In our analysis we will
employ all of these three measures of the aggregate wage-+siitg), (10), and
(11)1* 1t turns out that our results are largely insensitive to thisice.

An important advantage of aggregating the individual uisitthat averaging
makes it more likely that measurement errors and other @nedisle factors at the
micro level will be removed. An example is “division bias"high arises when in-
dividual wage rates are estimated as the ratio of earningsts (Borjas, 1980). If
hours are reported with error, then the estimated individizesticity is attenuated.
Another example is measurement error in reported earnifigehke (1995) shows
that the dynamics of such error in the PSID cannot be ignotedeaindividual
level. In particular, measurement errors in earnings arnallecorrelated, which
also leads to attenuation bias in panel estimates. Thereiftferring the inten-
sive margin from aggregated micro data enables us to rerhevéely downward
bias from the estimated micro elasticity and provide a beisémate of the inten-
sive margin. As we argue later, this is possible if we aggeegaly continuously
employed workers.

4 Estimation

As anticipated in Section 2, we follow a standard approadahbor economics and
estimate the following equations, which we label the miand enacro MaCurdy
(1981) equations, respectively:

Alnh;y = rk+eAlnwy + vy, (2)
AlnH;y = K+EAImW, 4V, (3)

with notation as in Section 2. Equation (2) can be derived stsugtural equation
from a standard life cycle model with time-separable pesiees, period utility
over consumption and workh given byU (ci, hit) = u(ci)—a(1+e= 1) "L (hy) e,
and an intertemporal budget constraint. Hers the intertemporal Frisch elastic-
ity of labor supply (see Blundell and MaCurdy, 1999). Equat{3), however,
has no straightforward structural interpretation in tewhsinderlying micro pa-

When employingV"’ we perform selection correction using Wooldridge’s (198%ension to
panel data of the Heckit estimator. See Wooldridge (2016, $8.9.2) for a practical illustration.
The variables used to predict employment at the first stagage, gender, education, race/ethnicity,
marital status, and number of children.
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rameters. This iftects the well-known fact that, in the presence of heterogene
wages, generally, individual labor supplies do not aggeetia the labor supply
of a representative worker (Muellbauer, 1981). Therefaedo not attempt here

a derivation of¢ in terms ofe and other structural parameters. Instead, we limit
ourselves to these two observations:iis a well-defined elasticity of aggregate
labor, and (ii) as illustrated in Section 2, there is a statistiedhtion betweerf
ande that has economic meaning in terms of intensive and extensargins.

The question arises of whethéf; is the appropriate dependent variable in
the macro equation. After all, changes in this variablent not only changes
in sample composition, but also changes in aggregate lalpmlys One way of
neutralizing the former component is to normalize totaldsday sample size. Such
a normalization is common in aggregate studies that conpapalations whose
size changes in spaéé.By analogy, it seems appropriate in our sample because
we are comparing waves whose size changes in time becausigtafraor other
processes like those described in Section 3. Denoting sasige at time by
N, we will impose such normalization in fexible way by includingA In N,
as an additional RHS variable in equation (3). We will prégesults from this
additional specification as a sensitivity check, since thremalization would apply
to the macro equation only and so would violate the micro+mé&somorphism”
that constitutes the key to our empirical exercise.

Equations (2) and (3) are estimated via instrumental viesato account for
the endogeneity of wages. Since we implicitly operate intmal expectations
framework, regressor lags are used as instruments. Toeeostrespondence be-
tween our micro and macro estimates, we use exactly the setnernents in both
cases. Thus, the autoregressive terms enter the micro enuabro first-stage
equations with exactly the same lags, although aggregatiay change the dy-
namics pertaining to each individual component (Granger Mewbold, 1986).
This possibility is another reason to first-difference tlag¢ad first differences re-
duce differences in persistence. We apply the fixed-effestsstage least-squares
(2SLS) estimator to equation (2). Heneg, should be interpreted as containing
an individual fixed effect, though our notation does not mtie explicit. As a
consequence, our estimates have the standard interpret@ghort-run labor sup-
ply responses to productivity shocks. Equation (3) is est#th using the 2SLS
estimator. In both cases, the chosen instruments are thagexfifth lags of (re-
spectively) the individual and aggregate wage rates.ungnts are in levels rather
than in differences for the efficiency reasons outlined bgllano (1989):3

125ee, for instance, Rogerson (2006).

Bwith a few exceptions, our results are robust to the chosenben of lags. Inclusions the
third, fourth, and fifth lags improves the result of the J@sd so increases the reliability of the
instruments.
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5 Results

5.1 Full sample

Our main results are reported in Tables 3, 4, and 5. Theseaiocadtimates of the
individual elasticity (column [1]) and of the aggregatestieity (columns [2]-[7])
for the unweighted core sample (Table 3), the core sampleapiplication of sam-
ple weights (Table 4), and the SRC sample (Table 5). The ggtgeslasticity is
estimated using three alternative measures of the aggregafe rate: the log av-
erage wagel W), the log hours-weighted average watel{’’), and the average,
selectivity-adjusted log wagén(17”), as explained in Section 3.3. We also check
the sensitivity of the macro estimate to the inclusion\di (V;) as an additional
right-hand-side variable (columns [5]-[7]), as descrie8ection 4.

Table 3
Micro and macro elasticities: Unweighted PSID core sample
Individual Aggregate
Aln hit Aln Ht
[1] (2] (3] [4] [5] [6] (7]
Aln (wage 0.08* 1.18** 1.20** 1.69** 1.10** 1.01** 1.55*
(0.049) (0.49) (0.47) (0.62) (0.44) (0.39) (0.54)
Aln (Ny) — — — — 0.73* 0.82** 0.76**
— — — — (0.41) (0.32) (0.37)
Constant —0.027** 0.02** 0.02** 0.02** 0.01 0.01 0.01
(0.002) (0.01) (0.00) (0.01) (0.01) (0.01) (0.01)
J-stat 2.72 1.96 5.18 2.64 5.70 5.89 6.43
p-value 0.44 0.58 0.16 0.45 0.22 0.12 0.17
In (wage In w; InWwW  InW InW” InW  InW' InW”
Sample Core Core Core Core Core Core Core
Weights No No No No No No No
Obs. 84,985 20 20 20 20 20 20
Individuals 9,161 — — — — — —

Note: The sample used is the unweighted core sample (SRC and SEHilesanColumn
[1]: individual elasticity. Columns [2]-[4]: aggregateasticity for three alternative mea-
sures of the aggregate wagee equations (9)—(11) in the text for details. Columng3]—
aggregate elasticifgheck of sensitivity to the normalization of aggregate kdayr sample
size. Standard errors are given in parentheses. * Signifidd®% ** significant at 5%.
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As shown in Tables 3-5, individual-level panel estimatesdya conventionally
low individual elasticity of about 0.3¢ In contrast, the aggregate elasticity from
the time series is much larger. Depending on the aggregaje vede employed,
the aggregate elasticity ranges between 1 and 1.7 in theiginied core sample,
between 0.6 an 1.1 in the weighted core sample, and betwéam0.1 in the SRC
samplet® Note that the macro elasticities produced by applying samglights
to the full core sample are virtually identical to those proed by using the SRC,
which is consistent with the similarity between the two slwamlocumented in
Figures 1 and 2.

Table 4
Micro and macro elasticities: Weighted PSID core sample
Individual Aggregate
Aln hit Aln Ht
[1] (2] 3] [4] [5] [6] [7]
Aln (wage 0.10 0.62* 0.59* 1.10** 0.72* 0.74* 1.12*
(0.079) (0.32) (0.33) (0.40) (0.31) (0.31) (0.39)
Aln (Ng) — — — — 0.72 0.72* 0.61
— — — — (0.52) (0.43) (0.47)
Constant N/A 0.01* 0.01** 0.01* 0.01 0.01 0.00
N/A (0.00) (0.00) (0.00) (0.01) (0.00) (0.00)
J-stat 0.28 2.96 5.81 3.81 2.84 6.38 3.63
p-value 0.96 0.40 0.12 0.28 0.42 0.09 0.30
In (wage In w; InW InW InW” InW InW' InW”
Sample Core Core Core Core Core Core Core
Weights Yes Yes Yes Yes Yes Yes Yes
Obs. 69,429 20 20 20 20 20 20
Individuals 6,955 — — — — — —

Note: The sample used is SRC sample. Column [1]: individual eigtiColumns [2]-
[4]: aggregate elasticity for three alternative measuféiseoaggregate wagsee equations
(9)—(11) in the text for details. Columns [5]-[7]: aggregatasticity check of sensitiv-
ity to the normalization of aggregate hours by sample sizandard errors are given in
parentheses. * Significant at 10%s significant at 5%.

0Observe that the micro elasticity produced by the weigh¢gdassion is similar to the one pro-
duced by the unweighted regression but is imprecisely estidn This confirms that weighting re-
gressions (rather than weighting sample statistics) isgdys appropriate and that the unweighted
estimate may be preferred (Winship and Radbill, 1994).

5Excluded from this range are estimates from specificationghich the J-test rejects the instru-
ments.
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Table 5
Micro and macro elasticities: SRC sample

Individual Aggregate
Aln hit Aln Ht
[1] (2] [3] [4] [5] [6] [7]
Aln (wage 0.12** 0.68* 0.49* 1.03** 0.72** 0.54** 1.03**
(0.056) (0.32) (0.29) (0.38) (0.31) (0.26) (0.36)
Aln (Ny) — — — — 0.68* 0.67  0.65*
— — — — (0.39) (0.31) (0.36)
Constant —0.029** 0.02** 0.02** 0.02** 0.01 0.01*»* 0.00
(0.002) (0.00) (0.00) (0.00) (0.01) (0.01) (0.00)
J-stat 3.62 4.43 8.59 3.39 4.29 9.20 2.33
p-value 0.31 0.22 0.03 0.34 0.23 0.03 0.51
In (wage In w; InW InW InW” InW InW' InW”
Sample SRC SRC SRC SRC SRC SRC SRC
Weights — — — — — — —
Obs. 52,920 20 20 20 20 20 20
Individuals 5,390 — — — — — —

Note: The sample used is the core sample (SRC and SEO samples)edkiging sam-
ple weights Column [1]: individual elasticity. Columns £4]: aggregate elasticity for
three alternative measures of the aggregate wsee equations (9)—(11) in the text for
details. Columns [5]-[7]: aggregate elasticitheck of sensitivity to the normalization of
aggregate hours by sample size. Standard errors are giyameéntheses. * Significant at
10% ** significant at 5%.

Tables 3-5 show that the elasticity of aggregate labor suggatly exceeds
the corresponding individual elasticity @xactly the same sample. Hence there is
no corflict between a small micro elasticity and a large macro onessence, the
micro estimate meects the choice of hours by individuals who are employedyn an
two adjacent years, whereas the macro estimate includesmants into and out
of employment in response to aggregate wage shocks.

The point estimate of the aggregate elasticity in Tablesdsamatch the final
number resulting from the massive review of evidence onrlabpply elasticities
summarized by Chetty, Guren, Manoli, and Weber (2011). fldaxiclusion is that
“it would be reasonable to calibrate representative agemronmodels to match
a Frisch elasticity of aggregate hours of 0.75” (p. 474). Gun analysis indi-
cates that this value is reasonable but conservative: 8.@5 elasticity towards
the bottom of the range we identify using sample weights aedIRC sample.
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Furthermore, as discussed in Section 3.2, this range Ibh@iynds below the elas-
ticity of the actual US economy, because the PSID samplewsdtmld heads and
wives likely underestimates the extensive margin. We nlestvsthat the point of

departure from Chetty, Guren, Manoli, and Weber is the edérof the extensive
margin elasticity.

5.2 Continuously employed workers: the pure intensive marm

The crucial difference between intensive and extensivegmaalasticities can be
further appreciated by estimating the macro intensive magparately. To do
this, we consider only individuals who work every year bedawd 967 and 1991.
We call these “continuously employed” workers. By estimgtihe aggregate elas-
ticity of those individuals in our sample who always work-+~fghom the extensive
margin is therefore inactive—we obtain the pure macro gitenmargin, which is
the direct counterpart of the micro elasticity from an aggte perspective. The
comparison between the micro and macro elasticity of cantisly employed in-
dividuals is of special interest because aggregation efgioup removes both the
effect of employment changes on total hours (i.e., the extermargin)and its
compositional effect on the average wage and hours per witke part of the
aggregation bias). For this exercise we use the unweigledsample only: the
SRC sample would be too small to construct an aggregate ébr aspecial sub-
group, and sample weights can be applied reliably only tofulecore sample,
not parts of it. There are 759 continuously employed indigid in our data. The
results are reported in Table 6.

The micro elasticity of these workers turns out to be esay®d, albeit im-
precisely estimated. The macro elasticity obtained froeirthggregation—our
estimate of the pure macro intensive margin—ranges bet@seand 0.4. Why
are these two estimates different? One possibility is bgtaeity. Recall from
equation (6) in Section 2 that, since the extensive margimow shut off com-
pletely, these two estimates (the micro and the macro ivensargins) would be
the same if all these continuously employed individualsk&drthe same number
of hours at the same hourly wage in each cross section. Thistithe case, of
course. However, the use bf W” as a measure of the aggregate wage should
remove the residual aggregation bias deriving from sucerbgéneity. Another,
more relevant possibility is measurement error. We havéa@er above how in-
accuracies in reported earnings and hours lead to “divisiasi’ when estimating
the wage rate as the ratio of the two. We also mentioned teaethaccuracies
are known to be serially correlated in the PSID. It is well knathat such mea-
surement errors lead to identification failure. In the unata context we consider
here, they unambiguously lead to attenuation bias in theongilasticity—the pa-
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rameters in the micro regression do have a standard staligiterpretatiort® An
important advantage of our aggregation procedure is thaetmeasurement errors
(and, possibly, other unobservable factors) at the misral lre removed from the
variables used in the aggregate regression.

Table 6
Micro and macro elasticities: continuously employed iindlivals
Individual Aggregate
Aln hit Aln Ht
(1] (2] 3] [4]

Aln (wage -0.02 0.30* 0.42** 0.28*

(0.071) (0.17) (0.20) (0.17)
Constant —0.006** —0.006** —007** —0.005*

(0.003) (0.003) (0.003) (0.003)
J-stat 5.52 3.39 2.87 1.66
p-value 0.14 0.34 0.41 0.65
In (wage In w; In W In W’ In W"
Obs. 15,180 20 20 20
Individuals 759 — — —

Note: The sample used are all individuals in the core sample (SRCSEO samples)
who are continuously employed between 1967 and 1991 (ite report a strictly positive
number of hours of work every year). Column [1]: individuldsicity. Columns [2]-[4]:
aggregate elasticity for three alternative measures oatfigegate wagesee equations
(9)—(11) for details. Standard errors are given in paresgbe * Significant at 1096*
significant at 5% or better.

A macro intensive margin of continuously employed indiatiuthat is larger
than the corresponding micro intensive margin is condistéth the presumption
that the latter is subject to a downward bidss has been shown repeatedly in the
literature (see, e.g., Rupert, Rogerson, and Wyigb0Q Pistaferri, 2003Domeij
and Flodén, 20Q6Chetty, Friedman, Olsen, and Pistaferri, 2011, and Walkeni
2011). Our estimate of the intensive margin from aggreg@®iD (i.e., 0.3-0.4)
is in line with the intensive margin estimate from quasiemxmental data reported
by Chetty, Friedman, Manoli, and Weber (2011)—i.e., 0.8—0ret even if our
intensive margin elasticity is larger when estimated attipgregate level, one still
needs a substantial extensive margin to generate macticilesof the magnitude

®The serial correlation of measurement errors in earningd k@urly wages) makes our instru-
ments of no help in correcting such bias in the micro regoessi
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reported in Tables 3-5. Comparing Tables 5 and 7, such éx¢emargin elasticity
ranges from 0.78 to 1.41 in the PSID. The corresponding agtimeported by
Chetty, Friedman, Manoli, and Weber ranges from 0.17 t0.0.28

5.3 Subgroups

Because the extensive margin accounts for the discrepagteyebn micro and
macro estimates in our data, it is of interest to know whichkecs tend to move
into and out of employment in response to aggregate wageyekalVe can exploit
that our time series is derived from micro data and estinfeeggregate elastic-
ity for different demographic and socioeconomic groupsntériest. That is, we
construct separate time series for these groups and réyecaiain empirical exer-
cisel’ Table 7 shows the results. To conserve space, we reporttmlystimated
coefficient and use a single asterisk to indicate that thienat is significantly
different from zero at the 10% level or better. For this eisrave use the same
three measures of the aggregate wage rate used before huheitinweighted
core sample only—for the same reasons we used this samplevbeh analyzing
continuously employed individuals.

The table reveals that, in our sample, the micro elastiditynen is virtually
zero. In contrast, the micro elasticity of women is posiavel significantly differ-
ent from zero (although still small, 0.34), in line with thadings of Mroz (1987).
Prime-age women (i.e., those of age 25-54) have a smalleo miasticity than
women in other age groups. However, we find no consisteneaethat the elas-
ticity of women is also higher at the aggregate lepeint estimates are generally
lower than those for men and imprecise. The individual ml#ists of the remaining
groups are very small and always statistically indistisgable from zero, but the
aggregate elasticity is relatively large for individualst of prime age married
individuals whose partner is employed, and low-educatdiituals. In partic-
ular, the aggregate elasticity we estimate decreaseslghetp education: our
point estimate is quite large for individuals who did not gete high school and
is negative for college graduates.

When estimating the aggregate elasticity for a subgrowretevant aggregate wage rate is the
average real hourly wage of individuals belonging to thagsaup.

BThis is consistent with evidence from other sources. Fomgte, Gourio and Noual (2009) and
Wallenius (2011) find that young workers have a higher aliigtihan the rest of the population, and
French (2005) finds that the labor supply of senior workersase elastic than average.
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Table 7

Micro and macro elasticities: Subgroups

Group Number of individuals Individual elasticity
All individuals 9,161 0.08*
Men 5,189 —-0.01
Women 3,972 0.34*
Prime-age (25-54) men 4,654 0.01
Prime-age (25-54) women 3,538 0.39*
Non—prime-age men 1,453 -0.07
Non—prime-age women 1,125 0.68
Married, partner works 6,523 0.10
Married, partner does not work 2,721 -0.12
College degree 1,780 0.01
High school degree 4,023 0.05
Less than high school 2,357 0.12

Group Aggregate elasticity

All individuals 1.18* 1.20* 1.69* 1.10* 1.01* 1.55*
Men 1.11* 140 1.59* 0.95* 1.13* 1.40*
Women 1.23 4.44 0.36 0.30 0.73 0.42
Prime-age (25-54) men 0.55*  0.69* 0.29 0.65* 0.85* 0.71*
Prime-age (25-54) women 0.05 0.42 0.46 -0.06 0.27 0.41
Non—prime-age men 1.48 193 1.71* 1.16* 1.30* 1.46*
Non—prime-age women 1.43 1.50* 0.83 1.06 1.09 0.93
Married, partner works 2.94 2.96* 2.26* 2.05 0.68 1.22
Married, partner does notwork  0.08 0.33 0.35 0.69* 0.74* 50.6
College degree -1.62* -1.89* -149 -0.26 -0.67 -0.33
High school degree 0.44 1.52 0.71 1.08 1.90 0.77*
Less than high school 3.04 1.72 -2.13 -0.12 1.95 1.15
Wage InW InW InW’ InW W InW”
Aln (N) included No No No Yes Yes Yes

Note: Elasticities for subgroups of the core sample for threeradiive measures of the
aggregate wageee equations (9)—(11) for details. The first column in tipganel (num-
ber of individuals) contains the number of workers in eadbgsoup for the 1967-1991
period. The totals of mutually exclusive categories whasemosition changes over time
may exceed the number of workers. * Significant at 10% or bette
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The higher aggregate labor elasticity of these groups camla seen in the
raw data. Figure 3 illustrates tif®ws that make up the RHS of identity (7) for
the following groups: in the upper panel, men versus womehpgsime-age (PA)
versus non—prime-age (Non-BAh the lower panel, married with working part-
ner (PW) versus married with nonworking partner (PNW) anliege graduates
(College) versus individuals who never attended college ¢bllege). The series
are expressed as shares of the respective sample size easnsg they add up
to 1 conditional on a subgroup. The upper panel of Figure vshbat, as one
would expect, men and prime-age individuals are overwhediwiemployed for
any pair of adjacent years (stayers)—much more so than wamemon—prime-
age individuals. Correspondingly, thews of men and prime-age individuals into
employment (entrants) and out of employment (leaversoavedlative to the other
two groups. The figure’s lower panel shows that married iddils with a work-
ing partner and individuals who did not attend college gateelargerfiows into
and out of employment (although not after the 1970s for tis §roup) than do
married individuals with a partner who does not work andegsl graduates.

In sum, the entrants and leavers groups are both dominateeimen, indi-
viduals below 25 or above 54, low-educated individuals, @mdil the end of the
1970s) married individuals with working partners. For theups we are consider-
ing, Figure 4 shows the n@bws (i.e., the difference between entry and exit each
year) in terms of percentage-point deviations from the lRdr(e.g., 0.02 on the
vertical scale corresponds to 2 percentage points wherng@i net flows). Net
entry/exitflows are important because they correspond to the net effihet exten-
sive margin on aggregate labor supply. We superimpose and-#yjthe aggregate
wage rate in percentage deviation from its HP trend (e.92 6n the vertical scale
corresponds to 2% when looking at thege rate). Table 8 reports the volatility of
the netflows series relative to trend as well as their correlatioh wie deviations
of the wage series. Figure 4 and Table 8 together reveal tets.fdirst, devi-
ations from trend of neflows and wages are positively correlated. This is what
one expects if labor supply is elastic along the extensivegimaSecond, the de-
viations for women, non—prime-age individuals, marriedividuals with working
partners, and individuals without a college degree tengtbdih larger and more
strongly correlated with wage deviations than those foeogfoups. As suggested
before, these subgroups can be regarded as the marginaraankderlying the
large aggregate elasticity.
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= legally married or cohabitating individuals whose partisenot working PW = legally
married or cohabitating individuals whose partner is wagki
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Fig 4. Cyclical behavior of neflows and average wage. The figures illustrate the per-
centage deviations of néiows (percentage of entrants minus percentage of leavers) of
various subgroups from the respective HP trends (smoothéngmeter 6.25) as well as
the deviation of the average unweighted wage from its ownreRdt (smoothing param-
eter 6.25). PA = prime age, NPA = non—prime a§&W = partner not working, PW =
partner working.
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Table 8
Volatility of net flows and correlation with wages

Group Std. dev. Correlation
Men 0.007 0.68
Women 0.010 0.44
Prime-age 0.007 0.45
Non—prime-age 0.012 0.55
Married, partner works 0.009 0.28
Married, partner does not work 0.011 0.53
College degree 0.012 0.14
No College 0.010 0.57

Note: The table reports the standard deviation of the percenegatibn of neflows from
the HP trend (smoothing parameter 6.25) for various sulpgrag well as the correlation
between such percentage deviations and the corresporeliragidn of the average wage.

6 Conclusions

This paper provides an empirical reconciliation of micra amacro elasticities of
labor supply. A conceptual reconciliation has long beeerefil (see Heckman,
1993) that is based on well-known differences between @itenand extensive
margin adjustments over the business cycle. We believe malyss illustrates
this fact empirically in a clean and straightforward way. @#&imate MaCurdy
(1981) equations for exactly the same samples at two difféegels of aggregation
and find that aggregation alone leads to a much larger Frisshidity than that
found in the corresponding panel estimate. The latter isubgéween 0.08 and
0.12 whereas the former ranges between 0.6 and 1.7, depandihe sample used
and on the way hours and wages are aggregated. These numbgrairatio of
macro to micro estimates ranging between 6 and 20. Thereasmiiict between
these two estimates, which refer to the same generatingaddtderive from two
“isomorphic” micro—macro specifications. When we aggregatly continuously
employed individuals to correct the micro estimates for sneement errors and
other individual-level unobservables, the intensive rnmegtpsticity increases by a
factor of about 3the extensive elasticity still explains 60—80% of the mignacro
gap in the baseline estimates.

We did not attempt a structural interpretation of the maegre&ssion in terms
of micro parameters. This is an important task for futureaesh, which several
authors have already undertaken (e.g., Chang and Kim,; ZB@ério and Noual,
2009 Prescott, Rogerson and Wallenius, 208®gerson and Wallenius, 2009
Ljunggvist and Sargent, 2011). Instead, we confined oussétvwhat we regard as
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a profound methodological point for macroeconomics anthfieiRBC approach in
particular. Namely, parameter estimates from micro daaat always appropriate
for calibrating an aggregate model economy. This cautioiairdy applies to labor
supply: micro and macro labor supply elasticities diffegnsiicantly at different
levels of aggregation.

APPENDIX

The reason why we only use waves 1968-1992 only is the suladtanmber of changes that oc-
curred in the survey design starting with the 1993 wave. 1893 wave (and in this wave only)
hourly wages are available only for workers paid by the hBar.those not paid by the hour, we need
to estimate the wage rate directly using the ratio of anratadd earnings to annual houis all the
other waves, this estimate is produced by the PSID staff,aldmcorrects errors and imputes miss-
ing values. Although we applied the same selection crigescribed in Section 3, the result is an
artificial upward jump in the wage rate for year 1992 that islent in Figure 2. Furthermore, from
the 1994 wave onward, sample size underwent substantiatieais. Figure 5 illustrates the number
of individuals in our sample (sample adult population) amel €mployment levelthe two vertical
lines mark years 1968 and 1993, respectively. With the aiaepf 1967 (which is not used for
estimation), the dynamics of adult population in the PSIgkklike a normal demographic process.
This happens endogenously because when the offspring oftatRisehold forms his or her own
family, this new unit is included in the survey. However, thenamics takes a strange appearance
after the 1993 wave. First, the 1994 wave included nearlyoagand “new” households that had
been lost to attrition during the previous 25 years but haghtsearched for and brought back into
the survey that year. For this reason (the presence ofuelatinany people with low attachment to
the survey) we observe that the attrition rate during thiedohg two years is higher than the rate at
which new households are formed from existing PSID houstshdtinally, in 1997 the core sample
was substantially reduced owing to a general restructwirige survey. These changes induce vari-
ations in aggregate labor supply that have nothing to do regponses to wage changes. In light of
these issues, we decided to discard the five waves from 1883gh 1997—i.e. years 1992-1996.

Individuals

4000 6000 8000 10000 12000 14000

1960 1970 1980 1990 2000

—=+— Adult Population  ---e-=- Employment

Fig. 5. Sample size and number of workers in the PSID. Thal dimie is the number of adult
individuals (household heads and wives) present in theeguiive dashed line is the number of such
adult individuals who are employed.
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