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In this paperwe specify and estimatéfe-cycle labour supply model that incorporates many
key feature®f the (U.S.) economic environment that have not heretofore been unified in a single
framework: These features includeuman capital accumulation, an active extensive margin,
saving andequestsa realistic specification of the Social Security syst@maccounting for
private pensions and health expenditures, and a realistic specification of thegiwedees
structure. By accounting for all these features, we develop new insightwin taxes affect
life-cycle labour supply. For instance, we find that labour supply elasticities vianpantant
ways withageyeducation and the tax structure itself.

Our'woerkwas originallymotivated by the well-known controversy over the magnitfde
labour supply elasticities. The conventionéddomamong economists, at least until recently,
was thatFrisch and Hicks elasticities are quite sratleast for mefsee, g., MaCurdy (1981),
Browning et al (1985), Altonji (1986) and Blundell and Walker (1986)). Recently, this consensus
has come under attack from two direns

A line"ef,work starting with Imai and Keane (2004hd represented recently Keane
(2015),arguesthatthe failure of most of the male labour supply literature to account for human
capital has led to sevedewnward bias in Frisch and Hicks elasticity estimates

At the same time, a line of research dating badkdgerson (198&rgues that failure to
account for.the extensive margin (participation decisions) led the male labour sigoptyie to
understate labour supply elasticities. Some important papers in this line of rese&iomaeé
and Kniesner(1998), French (200Bjescotet al 009) and Rogerson aidallenius(2009)?

! While we use US data, our basiodelling approach could be applied to any developed country by stibgtin
country specific tax and social security rules.

2We won't be discussing female labour supply in this paper.iZ et because we view it as any less important.
Rather, as Kane (2011) noted in an extensive review of the literatunes dippears to ba rather broad consensus
that female labour supply is quite elastic. So tliereally no “female labour supply controversy”speak of We
conjecture the reason the female literaterals tdind large elasticities is not that women differ fromen in their
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Thus, in the past decade, much of the economics profession has shifted toward a view
that labour supply elasticities are larger than was previously thought. But, as né&teaneyand
Rogerson (2012), there is not yet an agreementhyn Is ithuman capal, theextensive margin
or some other factdhat led prior work to understate elasticit€dearly, abetter understanding
of themechanism that drive labour supply responses is important for many reasmsas
assessing welfare effects of tax chas and determining the optimal design of the tax system.

Thémaingoal of the present paper is to develop and estimate a unified afdifiel
cycle labour'supplyn which both the extensive margin and human capital mechaairgns
operative. Tis is an important exercise for several reasons

First, even amongst economists who believe labour supply elasticities arghargehas
emerged seme controveray to whether the huan capital or extensive margironels provide
a better account of the dataee, e.g., Wallenius (2011). Secoitds important to understand
how the two mechanisms interact to affect labour supply behavior. For example, does the
introduction_of human capital primarily affect elasticities on the intensive or extensive margin?

Thirdgpwhile both the extensive margin and human capital mechagesmesate labour
supply elasticities that vary by age, theactpatterndiffer greatly As Keane (2015) explains,
models with.endogenous human capital (and interior solutions) predict that lapplyr s
elasticitiessshould grow with addn contrast, models with an extensive margin (and no human
capital) predict a Lshape for elasticitiesDoes one or the other pattern predominate in the data,
implying that one or the other mechanism is of primary importance? Or do the two rsethani
interact to,generate a more complex pattern than either would generate on its own?

Fourthythe two types of model also make different predictions for effects ocapentn
vs. transitory tax changes. The extensive margin model implies transitory tax effects are greater
than permanent taeffects (consistent with conventional wisdom). Big with human capital

permanent tax.effects can be larger than transitory (see Keane (2015) for further discussion).

preferences and/er constraifddthough they certainly dolRather, it is because the female literature has long
viewed thesdata through the lens of models that emphasize the extaasgie and/or human capital investment.
See, for exampldieckman and MaCurdy (1982) aBdkstein and Wolpin (1989).

® The basic poinis'that for young workers the opportunity cost of time is muchtgrehan the wage, because
youth have substantial returns to work experieAsea result, young workers will be will relativalysensitive to

the direct wage component of compensation.

* The basic point is that, given fixed costs of wdtks not optmal to work a low level of hours. Instead, workers
jump from zero hours to substantial positive hours when thewéfge passes the reservation wadgnce both
young and old workers tend to be close to indifferent betweewariitng at all and workingubstantial positive
hours—the young because their offer wages tend to be low, the olddeetizeir reservation wages tend to be high.
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Thus, while both human capital and extensive margin models generate labour supply
elasticities that are substantially greater than canwead wisdom suggests, they do so in very
different waysAs a resultjt is of considerable interest to develop a model that contains both
mechanisms, and tpuantitativelyassestabour supply behavior in this unified framework.

The reasoihat life-cycle labour supply models have not previously incorporated human
capital, saving.and the extensive margin is purely computational. Imai and Keane (2684) not
that it was'very-difficult to estimate a model with both human capital and assets as state
variables,"while"also allowing for choice of hours and the possibility of corners@uBut
given the present level of computer speed, the problem is fedsibdet, we can go further:

We arerals@able to incorporate another important feature of the economic environment:
Social Security retirement benefits and “retirement” decisions. Computationally dahisaier
extension, as the accumulated level of retirement benefits is an addibotialous state
variable(along with assets and human cdpitaurthermore, fetirement is an additional
decision variableThat is becauseinder US Social Security rulé'setirement” is not a decision
to stop working, but rather a decision to start collecting berdfienceforth, we refer to this
decisionas*claiming benefits.Additional important features of the economic environment that
we account.for (albeit in a very simple way) are private pension benefits and medical costs.

Bothstatic andifle-cycle labour supply models have been criticized in the past for the
assumption that workers can adjust hours continuously in response to changes inxgages/ta
(see e.g., Moffitt (1984), Dickens and Lundberg (1988n Soest et al (1990agsvik and
Stregm (1992);"Aaberge et al (1993 the data, it isvell-known that hours tend to “bunch up”
at a few at'a;few key points (e.g., 35, 40, 45 hours per week). An inability to adjust hours
smoothly between such points (due to demand side/technological constraidjgstment cosks
may well dampen labour supplgsponses to wage/tax changes.

In this paper we address this issue in two ways: First, we incorporate a search structure
where job offers, and involuntary separatiarsive probabilistically Thus, involuntary job
losses may.account for part of teriation in hours and employmeithis is important, as it
means the'medel does ritirce” all of the observed variation in hours/employment to be

explainedasoptimal responses to wage/tax changes. Seeamdssume that workers canly

® From age 62 onward one can work and collect Social Securitytaimeously. The tax treatment of benefits and
earnirgs in this case is rather complex, and we incorporate that imadel.

This article is protected by copyright. All rights reserved



choose from among six discrete levels of hours, thus capturing the well-known buwsfching
hours in the datasiven this feature, the model can capture the idea that hours may be
unresponsive to small changes in after wages.

A final important feature of the model is that we incorpopaitgyressive taation The
life-cycle laber. supplyiterature from MaCurdy (1981) onwards, has mostly ignored progressive
taxes(exceptions are Blomquist (1985) and Ziliak and Kniesner (1988pnji (1986) argued
that this'should not create too great a problem, astgeagar tax changes tend to be too small to
have muchmpacton yearto-year changes in aftéax-wages(see Keane (201)1)

Nevertheless, the literature on static labour supply models has shown thatadftagt
changes cande very differantan environment witl progressive taxystemthanwith a flat-
rate tax. In'particular, asasnoted by Hausman (1981, 1985), under a progressivértectse
uncompensated taohanges will have effecmilar to those oEompensated changes. This is
becauseheyalter “virtual’ non-labour income in a way that approximates Hicks compensation
(see alsavlaCurdy (1992), Blomqgust (1983)). Dynamic structural models of labour supply have
ignored thisymechanisnithus, a key open question is the extent to which a progressive tax
structure amplifies Marshallian elasticities in a dyrasetting.

Given our estimated model, we conduct two types of simulatiérs; we construct a set
of hypothetical tax experiments that generate the “textbbacshall and Hick®lasticities
implied by the model,e. compensated/uncompensated effecfgeananent/transitory changes
in the tax rate o labour earnings. Second, we perform a set of more realistic tax experiments that
involve plawusible changes in the U.S. progressive tax structure.

As we'll'see, the respoasflabour supply to changes in the progressive tax structure can
be very different from what one might predict based solely on knowledge of the Hicks and
Marshall elasticitiesThe point that elasticities are not invariant parameters, but depend on the
tax structure.and the nature of tax changes, was striestegstatic setting bidausman (1981),
Blomquist,(1983), and other eadgntributors to the structural labour supply literature.

Finally; we perform additional simulations to gain a better understanding of hnanhu
capital affeets,labour supply elasticities on the intensive vs. extensive ntdegi ve consider
versions of oumodel where returns to human capital are shut down or reduced.

The paper is organized as follows: In Sectiamelpresent our lifeycle labour supply
model. Section Bescribes the solutioim Section 3ve describe the datndestimationmethod.
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We combine data from th@urrent Population SurvefPS, Health and Retirement Survey
(HRS), Consumer Expenditure Survey (CEX) and Medical Expenditure Panel SMERS,
asno one of these data sets contaithshe information we requir€stimation is by method of
simulated moments (MSMWWe present our estimation results in Secsidn and discuss model
fit in Sectiond;, Wereportour tax change experiments in Section 6, while Section 7 reports
experiments where we change the importasfandogenous human capital (and examine how
this effects'intensive vs. extensive margin elasticiti@sgtion8 concludes.

1. A Modelof'tabor Supply, Human Capital Accumulation and Retirement

The decision period in our model is annl&t t denote age and period. Agestart
making labeursupply and savings decisions after they leave school. Weasdlestimatéhe
model separately for dropouts, high school graduates and college graduaiegialldecision
making age is 16, 18 and 22 for these three types of workers, respectively.

Agents’choicesetdepends on their age. From tivae of entering the labaumaket
until age 61, agents make annual dexis about consumptian and work hour#;. Beginning
at age 62,qapplication f&ocial SecuritfSS)retirement benefitss an additional optiorNote
that one may elect to receive SS benefits but still continue to work, so recefpbehsfits and
retirement-from the labour force are not necessarily liffked.

We-assume thddy age 75 all agents musiaim SS and must also retire from the labour
force. Thus, from age 75 until death agents only choose consunigbdality is probabilistic,
but to simplify solution of the model we assume a terminal period when all agents enfasgedi
93 for college"graduates, age 90 for high school graduates and dropouts). This allows us to obtain
the solutionsby‘backsolving.

1.1. Utility(Function
We, assume the samer-period utility functiorasin MaCurdy (1981) and Imai and

Keane (2004)..Suppressing the individual subscrye have:

w@elhy) = & — b, " )

t
a az

Herea; < 1 anda, > 1 are parameters, ahg is a typen specific aiste for workwheren = 1,2.

®If one delays the takep of SS benefits until after age 62, then benefits increaserding to a formula we discuss
later. If one works while receiving SS then benefits mayked according to a formula we also discuss later.
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Agents also get utility from bequests, according to the function:

3ln(AT+1 + ¢) —-1- 3ln(q,’>) if Ap,1 >0
B(AT+1) = (AT+1+¢)3
¢

otherwise )
Higher values o reduce thenarginal utilityof bequests.This is the same function used by
Imai and Keane (2004), who chose it because it is continuously differentiable and cancave i
assets, evenér1=0. It strongly discourages negative bequests, but does not rule them out.
1.2.The Wage Process and Human Capital Investment

The wage ratey; is determined by human capiteluman capital at ages denoted;,

and it evolves with age according to the process:
kesr = gke, he, ) sy = Inkyyq = Ing(ke, by, t) + Ingpyq (3)

lng(kt, ht' t) = AO + Allnkt + AZ maX(ht - E, 0) + A3 maX((ht - E )2, O) (4)

+24(t — to(e)) + As5(t — to(e))?

Equation:(Jsays that human capitaltatl depends on lagged human capital, hours worked at
aget, and agd, as well as a shock.;. The functiong(-) governs the deterministic part of the
process mapping current human capital, work hours and age into next period’s. According to
equation 4), the increment to human capital is a quadratic in hours of work. However, hours
must exceed the threshdido be productive in producing human capital.

Equation (4 alsoallows for pure age effecon human capital. Indeediif = 13 = 0 our
model reduces:to a standard exogenous wage-path model. This is important, as iteréans w
not force observed wage growth to be explained by work experience. In the quadratic in age, the
termt,(e) = 16, .18 or 22 is the age of entering the labour force for drojpigiit school and
collegeworkers respectively. Finally, 04 < 1 captures depreciation.

The shocks to the human capital production process are given by:

"We normalizep to the value of 30,000 used by Imai and Keane (2004).
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log(s,) ~N (—iaz, a) (5)
Agents face a discrete choice of ppssible levels of annual hours:

he [0, 500, 1000, 1500, 2000, 2500] (6)

Wages aregiven by:

ke if hy > 1500
We {.85kt if h, < 1500 (7)

Thus, the \agedsequal tohuman capital if the agent works 1500 hours or more. There is a 15%
penaltyforiworkingless than 1500 hourg/e do not attempt to estimatee part-time penalty,
but rather calibrate it based on consensus estimates in the literature (see Keane (2011)).
1.3.Fixed Caosts of Work

Crucially, the model includes fixed costs of work. This is important for generating
corners solutions where workers choose not to work. Specifically, we hayeeitat wage

incomelEy)rissgiven by:
E; =w¢* max{h, — fcy, 0} — fep - 1(he > 0) (8)

Herefc,, is.a monetary fixed cost of work, afid, is a time fixed cost of work (also known as a
startup time).This nonlinear wage schedule is similar to the idea in Rogerson and Wallenius
(2009) and-Prescott, Rogerson and Wallenius (2009), and is central to their stany fabor
supply elasticities should be much higher on the extensive margin than on the intemgime ma
Indeed, a key motivation of our work is to develop a model that includes both human capital
investment, as in (3)-(4) and an operative extensive margin, which is generadgd by (
1.4.Job Offer Probabilities

In each period, an agent has a probability of receiving a job béfepjob, = 1if a
person has a job offer and 0 otherwise. The offer probability is specified as affexitiion of

lagged participation and age. In particular, we specify a logit with latent gjdexgiven by:
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pjob; = m! + m? (t —t') * I(t < t") + m?2(¢t — 30)I(t < 30) + m?3(t — 30)I(t > 30)
+m?*(t — 50)I(t > 50) + m?5(t — 59)I(t > 59)

9)
+m3°(1 = pe_q) + m31 (1 = pe_)I(t > 30)

+m32(1 — pe_y)(t — 40)I(t > 40) + m33(1 — p._,)(t — 59)I(t > 59)

wherep.; =l(hgy > 0) is an indicator for lagged worljob, = 1iff pjob{ + {sffere > 0,
whered, ¢ r.r. iS drawn from logistic distributiorDefine . (p,_1,t) = Pr[pjob, = 1|p,_4,t |.

The firstset of termsn (9), with coefficientsm?* throughn?, define a spline in age with
notches at30:40, 50 and 59The second group of terms, with coefficiemt§ throughm®?,
allows the-prebability of receiving an offer to depend on lagged employment status, in a way that
varies with ageFor example, we would expect workers in their 60s who were not employed in
the previous peériod to have a difficult time finding a job, would be capturetdby 0. Recall
that weestimate the model separately for dropouts, high school graduates and collegegraduat
so the parameters of the job offer function will differ freely between the tgmmups.

Our main motivation for including job offers to avoid the strong assumption that all
fluctuations.in.hours of work can be explained as voluntary responses to wage changes. Such an
assumption may bias labosupply elasticity estimates, particularlypifobabilities of job offers
and involuntary separations are state dependent.
1.5.Social Security Benefits

TheUS Social Security system works as follows: Peopezomeeligible to start
collecting SS+“retirement benefits” at ag2. They can delay, with (roughly) actuarially fair
adjustmentsyuntil age 70. One can keep working while receiving SS benefits, sngl&is”
and “retirement” are two distinct decisioh®t ss be a 1/0 indicator for claiming SS benefits.

Social'Security benefits are based on “Average Indexed Monthly Benefits” (AIME). This
is a person’s average earnings over their top 35 year&IME; denote the value of this state

variable at agé Structural modelling of S8 extremely challenging, because, in order to keep

8 The first notch’ is set at age 23 for dropouts and high school workers, and 26lliege graduates.
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track of how thAIME; state variable evolves over time, one must save all 35 previous highest
earnings, which is obviously infeasible. Instead, we use a method due to Frenchg§2Q05),
(2008) and French and Jones (2011) taayamate the evolution cAIME;.

To explain the approximation, consider first the case of a person who has not yet worked

a full 35 yearsLet N(t) denote the number of years the person has worked as bf age

Z‘E’:to(e) wehepr _ Zil%o(e) Wr—1he—1Pr-1 + wehept — AIMEt_l + WeheDe (10)

AIME, =
35%12 35%12 35%12 35%12

Thus, ifN(t) <85, one can updat&ME; just by addingw:h:p:/3512) to AIME..;. However,
onceN(t) >'85the problem is more difficulaswe need to drop the minimum earnings year and
then addW:hp:/3512). Specifically, we have:

AIMEp=AIME,_; — ming, o V;;Zipzr + V;;Ztlpzt (11)

The difficulty Is that we need to have all 35 valuesgi, for p, > 0 saved in memory in order
to know which=ene is the minimufiThe approximation due to French (20@lgu (2008) and
Frenchland-Jenes (2011) replace9 (ith:

Wtht—AIMEt_l*lz}
35%12

AIMEt == AIMEt_l + max {O, (12)

In words,AIME is updated byetting earnings at ageepla® anaverageyear of previous
earnings, providedrh; is above average. Otherwi8&ME is left unchanged. In general, this will
tend to understate growth in AIME, because we drop an average year rather thaeshgdaw
But in practicesthe approximation appears to be quite acclrate.
Social'Securitypenefits are determined by applying a highly progressive tax structure to

AIME to.ebtain what is known as thgrimary insurance amount” (PIAThis is the SS benefit

° This is an extremely formidable computational penbl(35 state variables!), and there is no simjidk that can

solve it. For examplegne might conjecture it would be good enough to keep track of justaveovariablesAIME

and the lowest previous earnings level. Inddleid would be enough information to updaiME once. But then,

after the lowest year to is dropped, one finds one nedd®to the second lowest year, as it become the new lowest
year. And so the proposed solution unravels.

1 There is a maximum annual contribution amount (see Appendixud)ydignore it here to conserve on notation.
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thata person receiaf he elects to begin receivingSatthe“normal” retirement ageThe PIA
formula differs by birthyear(see Appendix A). In 2015 therimula was:

PIA = 0.90 of AIME up to $826
+0.32 of AIME from $826 to $4,980 (13)
+0.15 of AIME over $4,980

A person’s year of birtalsodetermines the normal retirement agiich we denote bgj .
Normal retirement age wa$ @or those born up until 1937, but will gradually increase to 67 for
those bornsind2960 or later. The benefit is reduce@doly retiremenandincreased folate

retirementSg lettingtg denote actual retirement ages have:

SSinc* = f(PIA, tg,tV) (14)

If one delaysretirement benefits increase at a (roughly) actuarially fair rate up until‘dge 70.

A fimal'eomplication is the taxation of earnings while receiving SS ben€hkitsis
known as‘théEarnings Test.’A full description of the rules is complicated (see Appendix B).
Basically;sif'one earns above a threshold, a fraction of benefits is withheld, but is credited back at
a laterage This was ag&0 until 2000 (covering most of our sample), but it was changed to the
normal retirement age theafter. Letting SSincdenote SS benefits net of withholding, we have:

SSinep= SSinc* — 6 - BW (w;h,, t,SSinc*, tg) (15)
whereBW) is the amount of benefits withheld, tg is the person’s birth year arts a parameter

The return.ef.ts “tax’ (at age 7@r the normal retirement agis)approximately actuarially fair,

conditional.erthe persorexpecing to live to 80+and a fairlylow discount rateWe estimatehe

1 Obviously, nodeling SS is a major source of complication. It adds tate variables (AIME and retirement age)
and a decision variable (claiming benefits). Butdhal of our paper is not to model $8r se We incorporate SS
because we expect it may have important effects ocwyiéée labour supply and savings. Thus, ignoring SS may
lead to severe bias in estimating labor suppltieiies. For example, suppose that wages falhien in their 60s

due to depreciation of human capital. SS retirement bebefitsme available at the same time. A model that
ignored SS could attribute the whole drop in labour forceqgiaation for men in their 60s to falling wages, and thus
exaggerate labour supply elasticities. This is whyfeel the added complexity of including SS is tvathile.
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parameter) € (0,1) which captures how peopderceivethe tax/refundlf 6 = Oit is perceived as
actuarially fair,and the tax is ignore@ut if 6 = 1 thenagents treaBW-) as a straight tax.
1.6.Private Pensions

Aside from Social Securifyanother important consideration is private pensions. In
contrast to.Sprivate pension rules are person specifiaking it difficult if not impossible to
capture their camplexity. Instead we adopt a simple reduced form specification. We assume that,
from age 55there isa probability of receiving a private pension that depends on age, education,

and lagged pension statwpén.;). The probability is given by a logit model with latent index:
dpen; =g, + q,t + qst? + qut3 + qsHS + q(HS = t) + q,(HS = t?) (16)

+qgcollege + qq(college * t) + qqo(college = t?) + q,,dpen,_,

We estimatg€16)'on the HRS, and report thresultsin AppendixC. If a persorgetsa pension
we assume thegetthe mean conditional on theiducation level. The values, denokseh, are
$8992 for.dropouts, $14,617 for high schgrdduatesand $23,565 for college graduates.
1.7.Unemploeyment Benefits

Agents in our model may receive an unemployment bensfi if they do not work. We

assumehe following simple benefit rule:

B if h,=0,hi_;>0,s5;,=0

. (17)
0 otherwise

ubt={

whereB is a'parameter to be estimated. While we ref@& &g an'unemployment benefitjt is
net of any norpecuniary rewards frommployment (see Keane and Wolpin (1997)). Tines,
would expecB to understatactual employment benefit levels.
1.8.Medical Expenditures

Our model also accounts in a simple way for medical expendifumes). We feel this is
important for two reasons. Firgixpectednedical costs are an important aspedifefcycle
planning. Secondn order to fit asset paths at older ages it is quite important to account for

medical costs, particularly as the US Medicare system covers only about 50% of the medical
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costs 6 people who are 65+. Thus, we fit the following simple function to out-of-pocket
expenditure®f males inthe 19962009 Medical Expenditur@anelSurvey(MEPS):

med, = ¢; + ¢t + c3t? + ¢, I (t = 65) (18)

We report the estimates of this function in Appendix D.
1.9. The"Progressive Tax Structure

An‘important feature of our model is that we account for the progressive taxsruc
In order to calculate a person’s tax liability, we need to calculatetaisaxable incomé€Tl;):

TI, =max{w:h; + Cap, + tSSinc; + Pen, — med, — SD, 0} (19)

HereCap is.capital incomgetSSinc, is taxable Social Security incomand SD is the “standard

deduction.”, Capital income is given by:
Cap; = max {;—fr, 0} (20)

We assumerthat if a person has negative assets then he has no taxable asset income
Note thatby entering gross earninggh; in (19), rather than earnings net of fixed costs
E:, we assurathe fixed cost of workin (8) are not tax deductiblén reality somdraction of
fixed costs may be deductible, busimplifies the analysis to abstract from this. Conversely,
equation (19).assumes that medical expenses are deductible. In practice they are only deductible
if they are sufficiently large, but it again simplifies the analysis to abstract frori this.
Thetaxable part of Social Securitybased on a rather involved formula that basically
takes half 0SSing, adds this to total income from other sources, and, based on the result,
determines what part &Sing is taxable. We describe the algorithm in Appendix B.
WEe assume thstandard deductiof8D) is equal to the 1999 level of $70500f course,
same people itemize, buhts is a clos@approximation to the mean deductidaimedby people

2\We experimented both with droppinged from (19) and with replacing:h;, with E;, and found that our results
were not sensitive tthese changes.
13 Specifically, this is the sum of t1$#300 standard deduction and the $2750 personal exemption.
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in our CPS datd® Finally, we approximate the progressive tax structure by using the CPS to fit
the equation:

In(Tax;) = —3.9543 + 1.2263 - In (T1;) (22)

The function provides an excellent fit to the data, as we show in Appendix E.
1.10.The Intertemporal Budget Constraint
We-are-now in a positiaio write the law of motion for assets, which is:

Ay =1 +1)(A; + E; + SSinc; + Pen, + ub, — ¢, — med; — Tax;) (22)

HerekE; is earnings net of fixed costs of work, which is given by equatio (@) interest rate
is set at05. This discount factas set tgs = 1/(1+) = .9524.

Note that we abstract from any special treatment of capital income. As can be seen from
(19) to (22);.werassume it is taxed at the same rate as labour and other forms of income. The cost
of an extrasunit’otonsumptiortoday in terms of next period asset1 + r[1 — t(TI;)] where
the marginal tax rat(T1;) = dTax, /0TI, is a function of taxable income. With a progressive
tax structure; higher inconteads to a lower aftéax interest rate, so the price of consumption is
lower Blomquist (1985))As a resultceteris paribusagents would like toonsume more at
ages when income is higher, which of course is during the prime earning years.
1.11.SurvivalkRrobabilities

Letz,denote the mortality rate at ageo (1) is the probability of survival from age
to aget+1/We obtain survival probabilities for malessm the US Life Tables for 2000 reported
in Arias (2002)We also use the results in Brown, Liebman and Pollet (2002) to adjust these
mortality rates for education, obtaining specific rates for dropouts, high school igadod
college graduates. For computational reasons, we assunadl ttudliege workers die with
certainty at.age 93, while alopout and high school people aiéh certaintyat age 90This
enables us+to. backsolve our mofitem a particulaage
2. Solution of the M odel

1n order to make this comparison we used US Census Bureau calmitstiaxable incomes of CPS respondents.
Combining this with the totahctome data we can back out an estimate of deductions for each responden
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In our model both the choice set and the state variables change at three points in time.
These are age 55, when agents may start to receive private pensions, age 62, when the may start
to receive Social Security and age Wien we assume that all agents retire and must start to
receive Social Securitff they have not already done so). Thus, we describe the solution of the
model infive.stages. Recall that we specify three different working lives for the three education
groups: Dropout: ages 16-90; High school: ages 18-90; College: ages 22-93.

StageA. Age(16,18, or 22p4: Statevariables H{A;, k;, AIME;_{,p:—1}
From the Initial age of entry into the labour market through age 54 there are thiess sur

uncertainty: wage shocks, job offers and mortality. Thus we &gvected value functions

EsEpjoti(At' ke, AIME,_1,p¢—1,€) = Ec{Je(Pr—1, )V (Ar, ke, AIME,_4, g|pjob, = 1)

+(1 = Je (-1, )V (As, ky, AIME, 4, €|pjob, = 0)}
where:

V(At, kt,AIMEt_l, €|p]0bt = 1)
= g}é}l):{u(ct» he) + Bl EVip1(Agyr keyr, AIME) + (1 — 1) 6B (Ary1)] }

V(At, kt’AIMEt—li SIp]Obt = O)
= mc.’;lx{u(ct, 0) + Blr EVip1(Apsr, k1, AIME) + (1 — 1) 6B (Aes1)] }

StageB. Age 55-61State variables £4;, ki, AIME;_,,p;_1, dpen;_,}

At age 55 agents may begin to receive private pensions. A pension arrives stochasticall
probability denoted bppen. This probability is determined by equation (16). Thus, there are
four sourcessof uncertainty: wage shocks, job offers, pension receipt and mortalitgveve

EsEdpentEpjoti(At' kt) AIMEt—lf Pe-1) dpent—l: 8):

E{ppen,[J:(pe-1, t)V (A, k¢, AIME,_4, |pjob, = 1,dpen, = 1)
+ (1= Je (D=1, )V (As, ky, AIME, 4, €| pjob, = 0,dpen, = 1)]
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+(1 — ppeny)[J:(Pe-1, )V (Ap, ke, AIME,_4, e|pjob, = 1,dpen, = 0)
+ (1 = Je(Pe-1, )V (As, ky, AIME, 4, €|pjob, = 0,dpen, = 0)]}

where:

V(A kpALME;_ , €|pjob, = 1,dpen;)
= gg%)f{u(ct; he) + Blm EVey1(Agsr, kerq, AIME) + (1 — 1 )6B(Arv1)] }

V(As, kipAIME,_4, €|pjob, = 0, dpen;)
= mCaX{u(Ct' 0) + BImtEViy1(Ary1, ke, AIMEY) + (1 — 7 )0B(Ars1)] }
t

StageC. Ages 62-74: Stateariables= {A;, k;, AIME_;,p;—1,dpen;_,,SS;_1,agess}

During this age range the agent is choosing each year whether to apply for SS.bddaddialso
making choicesyabout labour supply and consumption. And there continue to be four sources of
uncertainty, (asin stage B). This is by far the most computationally diffiegjé sif our model.

We considerfour cases:

(i) Those who haven’t applied for SS benefits and whoiveaejob offer have a choice set with

12 discrete options (6 levels of hours and whether to apply for SS) along with consumption :

V(A: ke, AIME L, €|pjob, = 1,dpen;, ss;_, = 0)
= max {u(c, hy) + BImEVip1(Apsr, kesr, AIME,, dpen,) + (1 — m)6B(Arr1)] 3

Ct, ht,SSt

(i) Those wheshaven't applied for SS benefits and do not receive a job offer have a ehoice s
with only twe-discrete options (whether to apply for SS). If they do not apply they réoeive
unemployment benefit, but if they do apply they do not:

V(A ke, AIME;_,,e|pjob; = 0,dpen;, ss;_, = 0)
= max{u(ci|hy = 0) + BlmiEViyy(Arsq, key1, AIME,, dpeny) + (1 — ) 6B (Ary1)] }

Ct,,SSt
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(iif) Once a person has applied for Social Security, they can still work if theiyeexgb offer,

giving 6 discrete labour supply choices along with consumption:

V(A ki, AIME; 4, ageg, €|lpjob, = 1,dpen;,ss;_; = 1)
= gla}lf{u(ct: he) + Bl EVii1(Apyr, keyr, AIME, agess, dpen,) + (1 — ) 6B (Ag1)]}

Hereagess€[62,75] is the age when the person appliedSocialSecurity. Onceéhe person
appliesage;s becomes a timevariant state variable that affects the person’s benefit level.
(iv) Thosewho‘have already applied for Social Security and who do not receive a job gffer onl

choose cansumption:

V(A ki, AIME Ly, age, €|pjob, = 0,dpen;,ss;_; = 1)
= mclex{u(ctlht = 0) + BlmEViy1(Arsr, Kevr, AIME,, agegs, dpeny) + (1 — ) 6B (Ag+1)] }

StageD. Ages 7589 (or 92):Statevariable{A,, AIME,, dpen;_,,ages}
We assume-agents must retire and start to collect SS benefits at age 75, if they have not already
done soSofromrage 75 onward the only choice is consumption, and only one source of

uncertainty“is'whether one receives a private pension. The value function is given by:

V(A4;, AIME7,, agess, dpen;_)
= Eqpen, [mC?X {u(ce) + BlmiEVip1(Ap1, AIME7,, agess, dpen,)

+ (1 —m)6B(Ar41)] }]

StageE. Terminal PeriodAge 90 (or 93)Statevariable {Ar+1}
We assume all'agents have a terminal value function given by (2), the bequest funttion tha

depends‘on terminal assatsd parameter. We backsolvethe model from this terminal stage.
3. Estimation and Data construction
Having solved the model assdussedn section 2we can simulate a sample of artificial

agents, andstimate the model by method of simulated moments. That is, we seek to minimize
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2
Z Z <xk,t,model - xk,t,data>
t S€k.tdata

k

wherex; ¢ moaer @8N X ¢ 4q:q Are statisticon variablek at aget taken from the simulated and
actual datasrespectivelgndsey, . 44:4 is the standard error from actual dathe model is
estimatedseparately for eaodf the three education grosipRecall thatve assume there are two
discrete types of taste for work within each education group (see equation (1)).

We fit the model to eleven types of momeiktsly...,11), which we now describe:

1) Average employmemtte at each age (i.e., framl6, 18 or 22 ta=74).
2) '‘Averageannual hours conditional on work=(6, 18 or 22 ta=74).

3) Median full4ime hourlywage =16, 18 or 22 td=74).

Thedata formomentsl to 3 aretaken from the CPS 1996-2005 (male househehts or
malespouse of head). The annual howasable isbased on questions about usual hours
worked and weeks worked last year. If someone workghess250 hours a year, we

treat him as not workg. Wages are converted to 1999 dollars, and ‘tiale” in 3) is
defined.as working more than 35 hours a week and 40 weeks a year. Observations with

an hourly wage below $1.52 or above $152 are excluded.
4)Average consumptioni£16, 18 or 22 ta&=89or 92.

Data is taken from the CEX for 2002-2006. We define consumption as total household
expenditure net of medical costs. As the CEX unit of observation is a household, we
apply.a household equivalence scale to adjust to the individual level. We use the square
root scaleSome cells with small sample sizzggrouped togethespecificallyt = 16-18

andt =71-75, 76-80, 81-89 (or 92). This leaves, e.g., 66 moments for high school types.
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5) Percent who Aply for Social Security benefis {=62,..,75)

Data is taken from thElRSfor 1992-2012 We usemale respondents wiveere< 55 and

not yet retired when thegnteredhe HRS study who were born in 1937 or earlier, who
report.SS retirement incomand who do’t report Social Security disability incom@ur
simulation assumes a birth year of 1934, so we chose the actual data to include men who
wereborn near that date so they faced similar SS 1©dédis. with small sample sizes are

grouped-together, specifically= 68-69,t =70-71 andt = 72-75 giving 9moments

6) Standard deviation of hours=(16, 18 or 22 t¢=74).

7) Standard deviation of hours conditional on wadrkl, 18 or 22 ta=74).

8) 'Standard deviation of log of the hourly wagée (t=16, 18 or 22 td=74).

Moments6 to 8 are based on the same CPS data fmsdd= 1 to3. The data are grouped
inte:12 fiveyear intervals, so items& contribute 12 moments each. Before constructing
thesstandrd deviations of hours, the CPS data on hours are grouped into the same six
discrete categories used in the model. Thata5@s classified as 0, whil251-750is
classified as 50(and so on, until 2251+ is classified as 2500. Work by Keane and
Wolpin“(1997) and Imai and Keane (2004), among otlieids that roughly half the
standard deviation of reported (logages islue tomeasurement errofo account for

this, we divide the standard deviation of the log hourly wage by two.

9) Transition rateProbability of working conditional on woirkg last year
10) Transition RateProbability of working conditional on not workingstyear
Thetransition rategn 9) and 10) arérom CPS datdrom 1996 to 2005 (as k=1 to 3).

We use the€CPS questions about the preceding week anthshgear. For “last yedr
“employed”is based on the same definitiaain k=1 to 3 For “preceding week
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“employed” includeghosewho report any paidork, including those who have jobs but
werenot at work. The data are grouped into 12 fpear intervals to reduce noise.

11) Standard deviation of consumption

Thedatais a subst of tratused ink=4. We useonly consumer units observed for 9+
months'to calculate annual consumption. For units obséovéess thara year, we scale
up eonsumption to 12 months. Based on prior estimates, we divide the standard deviation

by two to account for measurement error. The data are grouped in }#divertervals.

In summary, we have selected moments that capture means/medians, standard deviations and
transition rates.for the key variables in our model (employment, hours, wages, coosangti
retirement).The'model is fit tB26, 320 and 302 data moments for the dropout, high school and
collegegraups respectiely. As we discussed in Section 1, we also use HRS data to fit the
process for private pensions, MEPS data to fit the process for medical expenditures, and CPS

data to fitithe tax function. These data are described in more detail in Appebgdizesd E.

4. Parameter Estimates

Theparameter estimates are reported in Table 1. The model contains 27 free parameters
that we estimate separately for each of the three education groups. We view this as a very
parsimonious structure, given the amount of data the model attempts to fit. Giveruteeohat
our model, thgparameter estimates are of secondary interest relative to the policy simulations.
But here we_highlight some of the more important estimation results.

Given.the utility function in (1), if we wer® abstract from human capital, fixed costs of
work, progressive taxes and other complicati¢ins model would generatige following(age
invariant)elastieities: Frisch #/(a,-1), Hicks = 1/é&,-a;) and Marshall =a;/(az-a;). Our
estimates o&; anda, are similar for all three education groups, véth~ 0.25 and a, = 1.5.

These values imply that Friset2, Hicks = 0.80 and Marshall = 0.20. In Section 6ve will
compare these figures with the actual elasticities implied by the model.

In the humareapital process, the main point of interest is the parameter A,, the
coefficient on work hours, which is 0.0039 for high school dropouts, 0.0048 for high school

graduates, and 0.0059 for college graduates. Thus, the returns to work experienceear®igreat
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more educated worker®ur estimates imply small effects of age itselhaiman capitalThe
annual depreciate rate of human capital;(jlis 9.4% for college types, and 8% for high school
and dropout types.

As for fixed costs of work, the time fixambst €ci,) rangesfom 107 hours for the
dropouts to.12 hours for the college graduates. This means that one must work at least that
many hours per year before earning any income. The monetary fixed cost of work is esatmated t
be about $700to $800 pegay.

Thereare two notable aspects of the job offer probability function. First, theeipter
increases substantially with education (from 2.48 for dropouts to 2.96 for college gsaduate
Thus,ceteris paribusmore educated workers have a higher prditabif receiving an offer.

Second, the'coefficien{ar™) on the indicator for lagged unemploymentp) are large and
negative,ndicating the chance of receiving an offer is much lower if one was not empfoyed i

the previous periodrhus, in our model, the shadow price of time exceeds thetakevage for

three reasens: (i) working increases human capital, (ii) working increases the probability of a job
offer in thesnext period, and (iii) working leads to accrual of SS benefits.

Finallythe parametef that captures perceptions of the “earnings test” is close to zero
for collegesand high school workers, implying they do not view it as a tax. But for dropouts we
obtaingd =040, implying they do not believe the refund is even dlo$®ing actuarially fair.

This may be because the dropouts have a shorter life expectancy, or are more concerned about

shortrun liquidity constraints

5. Data Patterns and Modél Fit

In this Section we describe the fit of the model. Along the wayals@describe some
key patterns in the dathn Figure 1 we sethatthe model provides a good fit to variation in
average hours.of work, both in terms of the Gfele paths and the level differences across
education groups\otice that for college works, hours rise rather quickly over the first ten
years of thesworking like (e.g., from about 1600 at age 22 to 2200 at age 32), remain fairly flat
until roughlyrage 50, and then begin a decline that starts slowly at first but aceeletat 60s.
Thehigh school and drop out groups follow very similar patterns, except that (a) the peak level
of hours is lower for the less educated, and (b) the decline in hours starts at a youfmethage

less educated (e.g., at roughly age 40 for the dropouts).
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Figures 2 and 3 decompose life-cycle hours paths into extensive (i.e., employment) and
intensive (i.e., hourgivenemployment) margins. The model provides quite a good fit to both
variables A striking pattern is that hours conditional on employment are very flat over most of
the life-cycle. They do rise substantially over about the first 10 years of the working life (e.qg.,
from about. 1750 at age 22 to 2250 at age 32 for college whrBetshours are then remarkably
flat until about.age 55. There is a decline from roughly 55 to 65, followed by another flattening
out. Strikingly,"men whocontinue tovork at 65+still tendto work about 1500 to 1750 hours.

Thus;the steep drop in averagaifwat ages 50+ that weesn Figure 1 is driven
primarily By the'decline in participation that we see in Figure 2. This pattesimaiswe would
expect in asamodedith fixed costs of work and a nonlinear earnings schedule, as emphasized by
Prescotet al(2009),Rogerson and Wallenius (200&ndWallenius (2011)

Figure 4reports how the model fits the median full-time wage rate by age and education
group. A keyfeature of the data, which the model captures well, is the much steepeagege
profile for more educated workers, suggesiyngater retursito work experiencés Imai and
Keane (2004)=notehis hasimportant implications for labour supply elasticities (see below).

Figure'5'reports how the model fits average consumption. This is consumption for the
individualmen in our sample, adjusted for family compositioravizzquivalence scal&¢ction
3). Aside.from the level differences between education groupsyaisestriking pattern is that
college workers have a pronouncedrpushape in consumption over the life-cycle, while the
path fordropouts is very flat. The model captures these featureshtigii.school workerdave
amore modestly humped consumption profiien college graduate®nefailure of themodel is
that it generates excessively smooth consumption for high school workers over theldé?

Figure 6 plots model predictions for the age of claiming Social Security. For high school
and dropout workers the fit is quite good. We capture the large spike in elaaéms 62 (the first
age of eligibility) and weapturethat nearly everyone claims by 65. A small weakness of the
model is that we generate that almost no one delays past 65, while in the dataradetdoe
In the dataycollege workers tend to claim Social Security later. The model sapispattern,
but it exaggeratgit. Specifically,we fail to capture the spikia college workerglaiming Social

Security at age 62 (about 33% in the data vs. 9% in the modelyesgxhggerate the spike at

15We have been unable to determine why this problem occurs, butiwetdiegard it as serious enough to warrant
complicating the model to try to correct it.
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65 (40% vs. 30%J° It is important to emphasize, however, tHatming Social Security is not
equivalent to leaving the labour force, and Figure 2 shows we capture the timing of lab®ur forc
exit for all three education groups quite accurately.

Figure 7 shows how the model fits the standard deviation of hours of Reckll that
the model divides work hours into six discrete categories, so the standard deviataarizes
the dispersion.of hours acrabese categories. There are three notable patterns, (i) dispersion
generally increases with education, ii3persion grows with age, and (iii) the peak in dispersion
is later formere educated workers. The model captures these pattertis well.

In Figure 8 we see two notable patterns for the standard deviation of log: f@ge is
greater by.about .05 log s for college workers timafor high school and dropowiorkers and
(ii) after growingvery slowly over most of the working lifeyage dispersiostarts to grow
sharply at about age 55+. The model misses this sharp growth in dispersion at aldemage
over-estimateghe standard deviation fdrigh school workers by about .05 log points.

Figure 9plots thestandard deviation of consumption. Overall, the model provides a good
fit, both tosthesinverse U-shapkfé-cycle paths antb level differences across education groups.
But it somewhat overstateke degree of dispersion for dropouts.

Finally, Figures 10 and 11 repothefit to two key transition rates, thveork-to-work rate
and the nen-work to work rate. In Figure w8 sedhat thework-to-work transition rate is very
high for all three education groups from labour market entry through to about age 45 (i.e., about
90% to 95%)But from the late 40s through to the 70begins a sharp declinEor instance, by
age 65 thevorksto-work transition ratéalls into the 60% to 70%ange for all threeducation
groups.Thesmodel captusthis decline qualitatively, but it fails to capture its magnituoie.
coursethenumber of older people who workferly small,so thevariarces of the moments

involving this transition rate a@gh. Thus the model does not put mwekighonthese errors.

®\We did not see.missi the peak at age 62 in Social Security claims for college vealsea serious enough
problem teswarrant complicating the model to treépture this detail.

" The standard deviation of hoursnditionalon working follows a “bathtub” shape over thiedtycle, dropping

for roughly 10 years after labour force entry, stayiag dintil about age 55, and then growing sharply at older ages.
There is also a clear ranking by education, with the stamtsidtion at the bottom of the “bathtub” ranging from
about 500 hours for dropouts to 400 hours for college types. The nagtales these shapes and level differences
(across groups) very well. But it systematically undegstétie standard deviation for all groups by about 100 hours.
So, in contrast to mosgtior work (that has largely ignored nonlinear earnings schedutbassumed continuous
hours choice), our model errs on the side of making the houribudiign slightly too concentrated (rather than too
dispersed).
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In contrast, the fit to nomrork to work transitions that we see iigére 11strikes us a
very impressive, especially at older ages. This statistic does not have thenpsbbking based
on small sample sized older ages. An obvious feature of the data is that the probability a non-
working individualtransitionsto work is much greater fanore educated workershe
probability that a non-working individual transitions to watko declines steeply with age,
particularly.after about age 40. The model captures these patterns quite well

6. Tax Policy"Experiments
In this Section we use the model to simulate several different tax policy changes.
6.1. Simple:Flat, Tax Experiments
First, we consider the introduction ohaw5% flat rate tax on all labour income. This means we
modify the tax function in (21) to be:

Tax, = exp(—3.9543 + 1.2263 - In (T1;)) + 0.05 - w;h; (23)

Of course, thisfis not a (politically) realistic change in the tax rule. We cori@R)recause it
allows ustte.calculatérisch,Hicks and Marshall elasticities for our modé&lkey motivation of

our work.is'to develop an understanding of how these elasticities behave in a modeltwith bot
human capital investment and an active extensive margin.

We consider 3 types of tax chan@®) transitory (2) permanentincompensated, ard)
permanent€ompensatéithese generate the Frisch, Marshall and Hicks elasticities, respectively.
We assumesthé transitory tax changes are unanticipated and uncomp&naatedll consider
bothpermanent tax chang#sat occurat thevery start of theworking life (regime shifts)and
permanent tax changes that occur as surprises at later ages. We describe how weetbalculat
compensation.needed to obtain the Hicks elasticity in Appendix F.
6.1.1.TheFrisch dasticity

Figure™2 plots our calculations the Frisch elasticity by ag&he most striking aspect
of the figurevis,simplyhat theFrisch variesubstantiallywith age. In the standard lHgycle

model (MaCurdy (1981) the Frisch elasticity is a constant. And, given our estipraterence

18 This gives a good approximatido the Frisch elasticity. But it is a bit of an enestimate as even transitory tax
changes have small income effects.
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parameters, that constant should bat4() ~ 2. Keane 2015) shows that if human capital is
added to the standard model the Frisch is dampened at young ages and increases with age. But in
our model, which also includes the extensive margin and otherdeathe Frisch varies with
age in a much more complex way. Some key features of Figure 12 are worth noting:

Firstythe Frisch elasticity is much lower for more educated workers. Setgodng
ages the Frisch oscillates quite substantially for all three groups. Third,dughly age 25 to
60 the Frischris'fairly stable for dropouts, hovering in the 1.0 to 1.3 range. In contrast, tsexhibi
a pronounced'U-shape for high school and college workers. For example, for high school types it
falls from 0.90 at age 25 to only 0.46 at age 35 back up to 0.94 at age 60. Fourth, at ages 60+ the
Frisch goes well above 1.0 for all three groups.
6.1.2 TheHicks 'and Marshall kasticities

Next,weturn to Hicks and Marshall elasticitiesor@ider a permanebfo taxincrease
that is in effect for a person’s entire life (i.e., a tax regime shift). We are interested in the effect
ontotal lifetime hoursThis may be called a “loagun” effect, because it allows for human

capital investment to adjust over the {dgcle. The uncmpensated (Marshallian) elasticities are

0.33, 0.19'and0.22 for dropout, high school and college workers, respectively. The compensated
(Hicks) elasticities are 1.01, 0.65 and 0.74. To put these figures in perspective, tardmai

Keane (2004) model imigls a Hicks elasticitpf 1.30, averaged over all education groups. The
values we obtain here are smaller, but stilich larger than most of the prior literature (e.g., the
Keane (2010) survey finds an average Hicks elasticity of 0.31).

Nextywelook at how the Hicks and Marshall elasticities vary with ag&igure 13, we
consider thessame permanent 5% tax increase considered abovey ng ptot theHicks
(compensatedesponse by ag€or all three education groups, the lifetime hours redunds
concentrate@at young and especially older ag&s.Keane 2015 discusses, the lifeycle model
with human, capital implies that the Hicks elasticity should rise with age (as human capital
concerns become less important), while the extensive margin model predicts a large Hicks
elasticities.for'both young and old workers (who are close to indifferent betwekingvand
not working). Ihe pattern we see in Figure 13 appears to be a compromise between the t
models. For high school and college workiéies Hicks elasticity is bitlarger for young
workers than for prime-aged (3®) workers, but the increaseagfe 55+ izery dramatic, just
as in Imai and Keane (2004). But for dropouts, for whom returns to human capital are always
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small, we see a more symmetriesbape that looks very much like the patterns predicteteby
extensive margin models of Prescott et al (2009) and Rogerson and Wallenius (2009).

The Marshallian elasticitiesver the life cycle arplotted in Figure 14We see the same
basic pattern as for the Hicks elasticity. What is notable is that, given that the already modest
Marshallian.elasticities of lifetime hours are concentrated among young and especially older
workers, the Marshallian elasticities for males in the 30 to 50 age range are really quite small.
Thus, nething'in our results contradicts the standard finding that uncompensateduapbur s
elasticities forprime age men are very small.

6.1.3 Surprise tax changes

Next, we consider surprise permanent tax changesabccur partway into the
working lifes"'The top panel ofable 2 reportshe short-run impaaif tax changes that occur at
variousdifferentiagesBy “short-run” we mean the impact in the year the tax change accurs
This holdshuman capitalixed, as ithas not had time to adjust to the changed environréat.
find average (over all ageshortrun Hicks elasticitiesf 1.31, 0.69 and 0.65 for dropouts, high
school and-college workers respectivétythe CPS 1996-2005 data we used in estimation, the
percentage fram dropout, HS, and college graduates are 22%, 55% and 23%. So our estimates
imply a'shert-run Hicks elasticity of roughly 0.82 in the population.

Onerreason it i;iteresting to examine the immediate or “skrort” impact of permanent
tax changes is that thiseates a point of comparison witle growing literature on tax reform
experimentskor instanceChetty (2012) pools estimates from many existing studies, most using
the shortrunreffects of tax reforms as the source of identification, and obtains a Hicks elasticity
of 0.58. Thissis’a below our estimate, but that is not surprising given that many of the lstudies
examines(focus on prime age malwbko have riatively low elasticities

Keane 2015) notes that, in a model with human capital, it is theoretically possible for the
Hicks elasticity.to exceed the Frisch. An interesting result in the top panabte Z is that this
happens agveryage for college warkers. For example, at age 25, the shantelasticity with
respect to.ascompensated permanent tax change is 1.56, while that with respecisitoayttax
change is 1:09. This illustrates how the desire to continue to acquire human camitahslahe
labour supply response of college workers.

The bottom panel of Table 2 reports the long-impactof tax changes that occur at
several different ages. Given human capital accumulation, we would expect theta¢gebe
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than shortun impacts (aa higher &x rate reduces human capital accumulatiboy example,

the Imai and Keane (2004) model implies an average (over all ages) of the shortksuin Hic
elasticity of 0.70 rising to 1.30 in the long run. But the situatiere is more complex, because

the Hickselasticity varies in a more complex way over the life cycle, and can sometimes be very
large at young.ageBor example, as we seelable 2, short-ruiicks elasticities are very large

for college:workers at around age Z86us, the shostun elasticitywith respect to a permanent

tax increase’is1.56, while the long run elasticity is only 0.75. However, once we gejepast a

the general'pattern that long run effects are greater than short run effedisldoes

6.2.Changesan,the Baseline Tax Structure

We now consider more realistic tax experimehtd involve changing parameters of the
baseline tax functiofR1). As the tax structure is progressive, the rate depends on the taxable
income level. For examptee tax ors20k of taxable income is $3606 (or 18%), while that on
$100K is $25,950 (or 26%). This gives an idea of the degree of progressivity implied by (21).

In ourfirSt experiment, we increase the constant term in (21)48c8643 to -3.7048.
This corresponds to an across-teard 28% increase in the tax rate on taxable inddme.
Labour supply ksticities araypically reported with respect fpercentage changes in the after
tax rate(1-z); not thetax rate £). A 0% increase in the tax rate corresponds-t6-&(1-7)%
decrease in the aftéax rate?® Thus, the percent changeriis invariant to the level of income,
but, under-a progressive structutiee percent change in {d is not. To dealith this, wereport
elasticites evaluated at average vaoé (1-7) for simulatedvorkers. Appendix G describes
three metheds of averaging that generate similar results, savégust give results from our
preferred method.

Our model implies uncompensated (iMarshallian) elasticities of lifetim@tal hours of
0.58, 0.39,and.0.35 for dropout, high school and college workers, respectively. It is interesting
that these values are roughly twice as large as what we found in {taféatperiment (0.33,
0.19, 0.22) Fhe reason is the mechanism emphasigdddusman (1981, 1985). In a world with

progressiveitaation, adecrease in the aftéax rate on taxable income generates an increase in

19 Under the experiment the tax on $20k of taxable income increa$d§28 (i.e., from 18% to 23.1%), while that
on $100k increases $33, 290 (i.e., from 26.1% to 33.3%).

2 For example, it = 20% then the 28% increase in tax rates in our experimenspornes to a 7% decline in the
aftertax rate, while ifr = 30% the decline is 12%.
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virtual norrlabour income (by pivoting the budget constraint). This induces an income effect that
augments the Marshaln elasticity. To our knowledge, this is the first time this effect has been
shown to be quantitatively important in a dynamic setting.

The compensated (Hicks) elasticities &re7, 0.82 and 0.8for dropout, high school and
college workers, respectiwelThese figures are ¥to 26% greater than what we foundtime
flat-tax experiment (1.01, 0.65, 0.74), and much greater than tygailceds of the Hicks elasticity
in the literatureRecall that our utility function estimates impdarshalland Hicks elasticities of
roughly 0.20"and 0.80 in a fléx, linear earnings function world with no human capital. Thus,
our results suggest that accounting for these features of the economic envinorageifies the
Marshall anddicks elasticitesin an economically significant way.

Next we change the slope coefficient in (21) to simulate an increase the progressivity
of the tax structureSpecifically, we increase the sepoefficient in (21) from 1.2263 to 1.2534.
At thelow taxable incomedvel of $10,000 this has the same effect as our preiiortesase in
the intercept. That is, it raises the tax rate by 28% and lowers thé¢saftate by 5%. However,
at thehighertaxable income level of $100k we now raise the tax rate by 37% and reduce the
aftertax rate by 13%. The marginal tax rate at $100k increases from 26% to 35%.

Our.model implies uncompensated (i.e., Marshallian) elasticities of lifetime total hours
of 0.71, 0.47 and 0.43 for dropout, high school and college workers, respedihedg. are more
than 20% greater than elasticities we obtained by changing the intercept, whecalséacrates
by 28% across the board, holding the degree of progressivity fikedcdmpensated (Hicks)
elasticitieghatwe obtain are 1.34, 0.93 and 1.03 for dropout, high school and college workers,
respectively:ikhese are roughly 15% greater than what we obtaialkeliniy progressivity fixed.

We alsatried increasing the degree ofqgressivity even further by setting the slope
equal to 1.2658T his raigsthe tax rate at $100k from 26% to 41%. Given this tax structure,
Marshallian elasticities increase to 0.75, 0.52 and 0.50 for the three education groleps, whi
Hicks elasticitiesncrease to the very substantial levels of 1.40, 1.00 and 1.26, respectively.

Theseexperiments illustrate the point stresselddane and Rogerson (2012), and earlier
by Hausman (1981), Blomquist (1983), that labour suplalgticities are not invariant
parameters, but depend on the tax structure and the nature of tax changes. We see how labour
supply becomes more elastic under a more progressive tax structure, and that increases in

progressivity generate more substantial declines in labour supply than we would exgrect gi
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knowledge of the utility function parameters aléhe.
6.3.Labour Supply on the Intensive vs. Extensive Margins

In this sectionywe decompose the elasticitf total hours into elasticities on the intensive
vs. extensive margin3his decompositiorhas beetthe subject o€onsiderable interest the
literature— see, ., Kimmel and Kniesner (1998) aktosa, Fuster and Kambour(®014).
Figure 15 shows the results of the introduction of a compensated 15% flat rate tax on labour
earnings. Thatis, in equation (23) we set the coefficiem;bpequal to 0.152

Foridropouts, the participation elasticity has a pronounced U-shape. It is over 1.5 in the
teens, drops to a trough of about 0.50 in the 30s, and then rises above 1.0 at 55+. In contrast, the
elasticity of hours (conditional on worlg quite flat over thevhole life-cycle, hovering in the
vicinity of 0:70+(except for values over 1.0 at 16 to 17). These patterns are lwoasilstent
with the predictions of the extensive margin models of Prescott et al (2009pgacsén and
Wallenius (2009). At both young and old agaerkers are close to the margin of indifference
between working and not working (as productivity is low and/or health is gaothermore,
human capitalsaccumulation is rastimportantfactor for these workers (see Figure 4), so it has
little impact onrthe lifecycle elasticity patterns

Butithe elasticity patterns for high school and college workers are very different. For
them, extensSive margin elasticities are trivially small at young ages, and reach essentially zero
just a few yearsto the working life. But their participation elasticities begin to grow sharply in
the 50s, and surpass 1.0 in the early 60s. The intensive margin elasticities of high school and
college workers also grow sharply at 60+. These patterns are broadlyeransith the human
capital modeldescribed by Kearg#9(5). Given that human capital is important for both high
school and college workers (see Figure 4), their labour supply is relatively ingetwsthe
aftertax wage rate at young ages. But once they reach and 50s and 60s, the returns to human

capital investmenbecome negligible, so their labour supply elasticities increase markedly.

7. The Impaet'of Human Capital on the Intensive vs. Extensive Margins of Labour Supply

2L Recall that our Uitility function parameters wouldpignMarshall and Hicks elasticities of only 0.20deh80 in
simple flattax world without human capital and the other complicating aspéotsr model.

% There is no unique decomposition of extensive vs. intensive masgiticéles:We can always construct a smalll
enough tax increase that no one ceases to work, or a larghenotggase that everyone ceases to workinegd
several different changes, and found the extensive margircijatgnds to gow with the size of the tax inease.
For increases smaller than 15% wedfessentially no participation response for young high schooldiede
workers.
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In this section waskhow human capital affects labour supply behaviour in a model with
an active extensive margin. From Imai and Keane (2004) and Keane (2015) we already have a
good idea of how human capital affects elasticities in a model with only an intemsigen. But
here we can answer additional questions: For instance, does human capital primarily affect
elasticities_on.the intensive or extensive margins? Or is it important for both?

In orderto addreghese questions we conduct two experiments. In each case we start
from thée' baseline model for college graduates. In one experiment we replace the pacdmeters
the human ¢apital production function for college graduates with those for high school drop
outs? In a second experiment we shut down the endogenous human capital efninelgi
That is, wessetithe returns to experience to zero, and let wages follow a fifth order polynomial in
age.This polynomial provides a very good fit to the liégele wage path. Howevezntirely
eliminating returns to experience significantly redudetime labor supply, so we recalibrate
the taste for leisure parametsp that the model still matches total hours of work over the life
cycle?* We will refer to these two experiments as the “low HC” and “no HC” scenarios.

Figure=16 shows how the experiments affect the life-cycle hours profile. In both
experiments, there is little change in the employment profile. Thus, we only shpiettfear
total hours:Note that, when human capital is eliminated from the rifodeHC"), the lifecycle
hours profile becomes much steeper at young ages, and declines more slowly at older ages (thus
providinga poor fit to tharue life-cycle hours profile)Bear in mindthatwe have kepthe shape
of thewageage profileessentially unchange@hus, f we want torestore the fit of the model to
the hours profileywe would need to reduce the responsiveness of hours to wages by increasing
parameteBs=Of course this would reduce tResch Hicks andMarshadl elasticities.

This is another way of illustrating the argument in Imai and Keane (2004) thag failur
accaunt for human capital leads to downward bias in labour supply elasticities. Buhwe ca

further: From.our results we see tha main effect of ignoring human capital @stimationwill

be downward.bias in intensive margin elasticitigsis is because ignoring human capital

distorts the,shape of the hours profile, but has little effect on the parbaimabfile.

Nextwe consider howeducing the importance of human capital afféat®ur supply

2 These parameters argthrough/s andh (see Table 1C). We leave the skill endowmigninchanged.

% That is, we set the experience coefficiehts 1= 0 and also sét=0. We augment the second order polynomial

in age in equation (4) with terms up to the fifth order, which wetiebyis to 1s. We then resstimatel; andi, to

Jg to fit the wage datalVe then recalibratb; andb, to match total lifetime hours. But we do notagtimate other
parameters, as our goal is to analyze the effect of elimipnahdogenous human capital holding other factors fixed.
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elasticitiesconditionalon parameter estimatdsis worth emphasizing that ithis exercisave

do notrecalibrate thélow HC” and “no HC” modelsn an attempto improve theiffit to the

shape of théife-cyclehours profile, beyond the simple level adjustment in taste for leisure noted
earlier Thisbecause we want to examine tieteris paribuseffect of reducing the importance of
human capitabn labour supply elasticiti€s.

First we/consider the Hicks elasticity on the extengiagticipation)margin.As we see
in Figure 17,for college workers te&tensive margin elasticities arery small at young ages,
and reachressentially zero just a few years into the working lifehéybegin to grow sharply at
55+. However, tis pattern changes substantially when we reduce the importance of human
capital. The extensive margin elasticity grows substantially at young ages (<30isaeduced
at older ages (55+). Thus, without hun@apital, the extensive margin elasticity clearly has the
“bathtub” shape discussed in Keane (2015) as a prediction of extensive margin models.

These results areonsistent with the idea thatithout human capital, both young and old
workers are closetthe margin of indifference between working and not working, so both young
and old werkers have high elasticities (generating the bathtub sBap&)ith humancapital,
the price of'time is well above the current wage for young workers, so they are no losgdoc
the margin.of indifference between working and not working. As a result, returns to human
capital investment substantialigduceextensive margielasticities at young agéS.

Now considethe Hicks elasticity on the intensive mardimterestindy, as we see in
Figure 18, the complete elimination of human capital accumulation has a neglifgbteuetil
age 45. Thenyat older ages, the intensive margin elasticity is reduced in the muoolei wit
human capitalyjust as the extensive margin elasticities were reduced at older ages in Figure 17.

Thus, at young ages the main impact of human capital is to reduce Hicks labour supply
elasticities on thextensivenargin. The arguments in Imai and Keane (2004) and Keane (2015)
indicate thaklasticities at young ages should be dampened by human capital, but why does the
effect occur.almost entirely on the extensive margin? We conjecture this is because of the
discretenessof hours options in our model, a feature introduced to account for the observed

% The effect of including (or ignoring) humaapital in the lifecycle model consists ofi) the impact of human
capital onestimate®f preference parameters, and (ii) the impact of human capithebehaviourof the model
conditionalon preference parameters. We have just discussed (ipoantlrn to (ii).

2 Why does human capital cause extensive margin elasticities & éler ages®ith human capital agents work
more at young ages and accumulate more assets. Because thégswatkyoung ages, workers in thav HC”

and “no HC” scenarios need to work more at older ages (déaltiitg wages) to finance retirement.
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bunching of houré! Intuitively, thelosthuman capital from not working at all at young ages is
substantial, but whether one works 30 vs. 40 hours per week is presumably much less important
Next we consider the Frisch elasticity on the extensiaegin. As we see in Figure 19, in
both the baseline model and the “low HC” model the Frisch elasticity is edlyergia until age
55, at which.point it starts to increase substantially. But in the “no HC” scehariaisch is
fairly sizable at'youn@ges (<25). These results are qualitatively similar to those for the Hicks
extensive 'margin elasticity, but quantitatively human capital is much less influential here.
Finally,"eonsider the Frisch elasticity on the intensive margin. In Figure 2@enbat
reducing the importance of human capital substantially increases the Rtestivie margin
elasticity atyoung ages. Elasticities for the three models get closer over time, but (with minor
exceptions)‘remain larger in the “low HC” and “no HC” models until about age 60. Thus, the
main impact of human capital is to reduce Frisch elasticities on the intensive magrso at

younger agesyith only very modest impacts on the extensive margin.

8. Conclusion

Using data on males frothe CPS, HRS and CEX,eAhave estimated a labour supply
model that.includes both human capital and an active extensive margin, alosgweithlother
key features of the economic environmeunich as progressive taxatj@avingsbequestsand
social security benefits. Wmnclude by summarizing some of goain results

Our.model implies compensated (Hicks) elasticitibtotal lifetime hours with respect to
a (hypotheticaljlat-rate tax mposed on labour earning61.01, 0.65 and 0.74 for dropout, high
school andweellege workers, respectively. Averaging by population shares we obtain an aggregate
Hicks elasticity 000.75. The aggregatdarshallian elasticitis 0.23.

The pogressie tax structure amplifies elasti@s considerably. For instance, aside from
imposing dlat-tax on earnings, walsoimplementa more realistic experiment of proportiolyal
scaling up.all rates in the existing progressive tax strudR@gponses to thexperiment imply
an aggregate Hicks elasticity of 0.91, and an aggregate Maasledisticity of 0.42.

In a*further experimentye increase taxes in a way that increases progressivity of the tax
structure We pivot the tax schedule so the rate at $100k of taxable income increas&s%

to 41%. The labor supply response to this paticgnge implies an aggreg&iecks elasticity of

2" Recall we assume that annual hours are chosen from the §& 500, 1000, 1500, 2000, 2500].
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1.15 and aMarshallian elasticit of 0.57.These results highlight the point emphasized by Keane
and Rogerson (2012) that labour supply elasticitiepairéxed parametersratherthey vary
with a number of factors, including the tax structitself.

As we noted in the introduction, models with endogenous human ¢apithlas Imai
and Keane(2004), predict labour supply elasticities should grow with age. In contrdesis m
with an extensive margin (and exogenous human capital), such as Prescott et al (2009) and
Rogerson‘and"Wallenius (2009yedict a Ushape for elasticities. Our model predicts a more
complex pattern that combines features of both models, analsbaiffers by education:

For high/school dropouts, for whom human capital returns to work experience are small,
the Hicks elasticityollows aU-shapepattern over the lifeycle (see Figure 13Yhis looks very
much like the patterns predicted by extensive margin models. In contrasillége andigh
schooltypes the Hicks elasticity i®nly a bit larger for young workers than for prime-aged
males but itincrease dramatically fromage 55 onward, just as in Imai and Keane (2004).

We alsocask how much of observed labour supply responses occur on the intensive vs.
extensive margins. Our model implies that for dropouts of all ages|landn over 55, the
extensive margin is very important (seguie 15). But for high school and college men below
ageb5, moestlabour supply response occurs on the intensive margin. Thugnbogiins are
importangdout the extensive margin is relatively more important for less skilled wotkdest,
except forold workers (65+), extensive margin elasticities fabbstantially with education (i.e.,
initial human capital), while intensive margin elasticities increase very modestly (if. at all)

Finally;we examine how endogenous human capital affects labour supply elastitities
the extensives. intensive margiur analysis leads to three key findingstti¢ main effect of
ignoring human capital iastimation's downward bias imtensivemargin elasticitiesin terms
of behaviourof the model (for give preferencésthe main impact of endogenous human capital
is to: 2) substantiallyeduce Hickextensivenargin elasticities at young ages, while increasing
them at old.ages, and Bduce Frisclntensivemarginelasticities, more so at young ages

Conversely, wdind that ignoring human capital does not much affect: 1) estimates of
extensivanargin elasticities, 2) values Blicks intensivemargin elasticitiesor 3) value®of
Frischextensivenargin elasticities. These findings helprify many results in the male labour
supply literature. For instance, work that ignagadogenouluman capital generally finds small
intensive margin elasticities and large extensive margin elasti@geKeane (2a)}). Our
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results show this pattedoes not necessarily impllgatall the“actiori’ in male labour supply is
on the extensive margim fact, this patterrs perfectly consistent withwaorld where human
capital is important and intensive margin elasticities are actually large.

In this paper we havecussed omur model’simplications for labour supply elasticities,
but it could.also be used to address a number of atiportant issues

An ebvieus avenue for further research is to explore the model's implications for shange
in Social Security ruledn a recent paper, Walleni(@013) calibrates sepresentative agent
equilibrium model withintensive and extensive margins, endogenous human capital, and Social
Security. She finds that differences inctad Security systems can explain a large part of the
differencesindabour supply at older ages between the US and continental European c8untries.
It would bevinteresting tase our model teeehow her results are affectég allowing for
workerheterog@naty, as well as factors likprogressive taxatigrprivate pensions and Medicare.

Anotherimportantissue is how progressivaxationaffects income distributionGuvenen
et al (2012).look athe effects of progressive taxation on inequality in a model with endogenous
human capitalsbut no extensive margin. They fimata more progressive tax structure reduces
inequality by eausing high skivorkers to spend less tinmevestingin human capitalOur
mockel includesa non-convexity in the mapping from hours to earnings, which kgelpsrate an
active extensive margimhis non-convexity makes workdessflexible in the choice of hours
conditional on workwhichmaylessertheeffectof progressive taxes on wage inequality.

Other areas where tlmplications of the model could be more fully explored are the
effects of private pensignhealthcare costsMedicarebenefits and unemployment benefits on
labor supplyretirement an@dsset accumulatiott would alsobe worthwhile to more carefully
examine the impact afur assumption of discrete hours levels on the behavior of the model.
Finally, for, policy evaluation, it would obviously be useful to embed our model in anbegumii

setting, as.irvan, der Klaauw and Wolpin (2008ut that represents a formidable challenge.

Michael-P. Keane

University of OxfordandUniversity of New South Wales

2 |n related work, Erosa et al (2014) look at effects ofgpessive taxes, Social Security and disability maxdel
with an extensive margin but no humapital. They also find that differences in Social Securitggare an
important source of lower hours iupe than the US. They find that progressivityasks plays a smaller but still
important role.
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Parameter Estimates

PanelA. Utility function

ai az

ulecgrhp)= Cat—l - n% whereb,, is taste for work of typa, n=1,2
Dropout HS college
ay 0.2529 0.2623 0.2519
a3 1.5049 1.5201 1.4969
b1 0.000220 0.000203 0.000215
bj 0.000130 0.000109 0.000143

Fraction Type 1 0.547 0.508 0.397

PanelB. Bequesfunction

, Acr1+6)3 ,
B(A;41) = 3log(Aisq + ¢) — 1 — 3log(dp) if Ayq >0, (—) otherwise

¢
dropout HS college
¢ 30000 30000 30000
o 35.29 32.66 25.76

PanelC. Human Capitabnd Wage Process

keyr = g(ke he, agecyr) €
In g(ky, hggtdemado + Ay Ink, + A, max(h, — b, 0) + A3 max((h, — h)?,0) + A,(t — to(e)) + As(t — to(e))?

wheret,(e)= 16,18 and 22 for dropgutlS and collegeand hours are divided by 100.

dropout HS College
Ao 0.1677 0.1792 0.2387
Ag: 0.9192 0.9199 0.9065

Ay 0.0039453 0.0047937 0.005947
Az : -0.0000907 -0.0000896 -0.0000933
As:  0.0001260 0.0001251 0.0001350
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As: -0.0000050 -0.0000050 -0.0000038
h: 49.84 50.15 50.45
o 0.118 0.091 0.130

PanelD#Fixed @sts of Work

E; = w, xmax{h; — fcp, 0} — fop - 1(hy > 0)

dropout HS college
fen 107.70 115,51 127.05
fem 723.10 803.66 819.94

PanelE. Probability of ReceivingJob Offer
pjob; = m! + m2(t —t') * I(t < t') + m?2(t — 30)I(t < 30) + m?3(t — 30)I(t > 30)
+m?*(t — 50)I(t > 50) + m?5(t — 59 )I(t > 59)

+m3°(1 = pe_q) + M3 (1 = pe_I(t > 30)
+m32(1 — pe_1)(t — 40)I(t > 40) + m33(1 — p,—_1)(t — 59)I(t > 59)

where t’ = 23 for'dropout and HS, and 26 for college

Dropout HS college

m' 2480 2762  2.964

m#! 0.0536 0.0650 0.0203
m?? -0.0221 -0.0198 -0.0288
m? -0.0230 -0.0209 -0.0286
m** -0.0082 -0.0291 -0.0500
m?° -0.0868 -0.0700 -0.0460
m*° -2.877 -2.500 -2.652
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31
m32

m33

0.000 0.000
-0.0275 -0.0450
0.0009 0.0000

0.758
-0.0070
-0.0150

PanelF. Social ®curity Earnings Test Parameter

SSinc, = SSinc* — 0 - BW (w;hy, t,SSinc”, tg)

Dropout HS College
0 0.403 0.053 0.171
PanelG. UnemploymenBenefit
Dropout HS College
B 2513 1898 2412
Table2

Panel.A: ShortRun Tax Effects inthe Yearthe Tax Change is inplemented

Labour Supply Elasticities at Various Ages

Dropout High School College
Age _ Marshall Hicks Frisch Marshall Hicks Frisch Marshall Hicks Frisch
to(€) 2.30 480 217 0.09 0.15 0.16 0.05 024  0.08
20 0.31 0.77 050 0.28 1.07  0.93
25 0.25 096 1.10 0.23 0.88 0.90 0.37 1.56 1.09
30 0.25 096 121 0.11 0.87 0.88 0.08 067 037
35 0.25 0.83 1.06 0.09 052 046 0.09 038 029
40 0.35 0.89 1.02 0.13 054 050 0.13 041 037
45 0.47 092 1.07 0.18 051 049 0.12 042 037

This article is protected by copyright. All rights reserved



50 0.65 1.02 1.04 0.31 0.68 0.71 0.23 0.53 0.50

55 1.13 139 1.28 0.39 0.63 0.63 0.34 0.64 0.59
60 1.32 153 1.25 0.97 1.21 094 0.80 1.14 0.96
Average ., 0.63 1.31 0.24 0.69 0.22 0.65

Panel B: Effectsof Tax Changen Labour Supply over the Remainder of the Working Life

Dropout High School College

Age Marshall Hicks  Marshall Hicks Marshall Hicks
to(€) 0.33 1.01 0.19 0.65 0.22 0.74
20 0.26 0.93 0.18 0.66

25 0.27 0.95 0.17 0.65 0.20 0.75
30 0.31 1.00 0.19 0.66 0.20 0.72
35 0.39 1.04 0.23 0.69 0.23 0.77
40 0.52 1.15 0.29 0.76 0.29 0.85
45 0.68 1.29 0.39 0.85 0.37 0.95
50 0.96 1.46 0.58 1.03 0.53 1.10
55 1.24 1.62 0.88 1.27 0.82 1.35
60 1.52 1.80 1.39 1.65 1.39 1.86

Note: All elasticities are for a tax change that takes effect unexpectedly at the indicated age. In the case
of the Marshall.and Hicks, the tax change is permanent (and expected to be perigég)enticates the
first year of.the working life, which is 16, 18 or 22 for dropouts, high school wookerdlege workers
respectivelyln.panel A the figures bold indicatecases where the Hicks elasticity exceeds the Frisch in
the shorrun*(ivey; tke shortrun effect of a compensated permanent tax change exceeds that of a transitory
tax change)ln=Panel B, the Figures in bold indicate lifetime effexftchanges in the tax reginfeigure
1

Average Hours by Age and Education
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Hours Conditional on Employmentby Age and Education
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Mean Consumption by Age and Education
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Standard Deviation of Hourgby Age and Education

Standard deviation of hours unconditional on work
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Figure9

Standard Deviation of Consumptiofby Age and Education
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Figure11

Trﬁnsition Rate from N&-Working to Work(by Age and Education
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Frisch Elasticities by Age and Education
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Hicks Elasticities by Age and Education
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Figure 14

Marshallian Elasticities by Age and Education
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Figure 15

Intensive vs. Extensive Margin Elasticities by Age and Education
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Figure 16

Effectsof Reducing or Eliminating Human Capital Effects on Lalio Supply
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Figure 17

Effect of Human Capital Hicks Elasticity— Extensive Margin

Hicks Elasiticities of employment (extensive margin)
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Figure 18

Effect of Human Capital- Hicks Elasticity— Intensive Margin

Hicks Elasiticities of hours conditional on work (intensive margin)
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Figure 19

Effect of Human Capital- Frisch Elasticity— Extensive Margin
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Figure 20

hﬁ‘ect of Human Capital- Frisch Elasticity— Intensive Margin
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