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Abstract
The standard static model of the e¤ect of welfare program participation on labor
supply is estimated allowing the e¤ect of participation to be heterogeneous in the
population and allowing the program participation decision to be endogenous and to
exhibit incomplete takeup. A reduced form model is estimated with nonparametric
methods to determine the distribution of the marginal treatment e¤ect over the range
of participation rates generated by the instruments, which are measures of the
non-…nancial costs of program participation. The results show that those with small
negative labor supply e¤ects of program participation enter …rst and, as participation
expands, individuals with greater labor supply disincentives are drawn into the
program. A structural model is speci…ed and estimated which demonstrates that
marginal wage and income elasticities change with the participation probability.
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There is a long and extensive literature on estimating the e¤ects of welfare programs on
labor supply.

Studies in the early 1970s estimating labor supply equations with

cross-sectional data to forecast the e¤ects of welfare programs (Cain and Watts (1973))
were followed by results from a series of negative income tax experiments (Burtless
(1987),Mo¢ tt and Kehrer (1981)).

A literature using more sophisticated econometric

methods to handle the selectivity of welfare participation developed in the 1980s (Burtless
and Hausman (1978),Hausman (1981),Mo¢ tt (1983)) which was followed by a literature of
reduced-form estimates of the e¤ects of speci…c welfare reforms in the 1980s and 1990s
(Gueron and Pauly (1991),Grogger and Karoly (2005)).

Reviews of these literatures have

been published by Danziger et al. (1981), Mo¢ tt (1992), and Blundell and Macurdy
(1999). For the most part, the parts of this literature which aim to estimate the e¤ects of
welfare tax rates and guarantees on labor supply have found them to be in the expected
direction, negative in both cases. More recently, progress on dynamics and human capital
e¤ects of welfare programs have been studied (Blundell et al. (2016)).
Heterogeneity in labor supply response has, however, not been a source of major
interest in this literature, yet the importance of heterogeneous response is increasingly
recognized in other literatures. The older estimates of welfare e¤ects using the standard
static model typically assumed constant coe¢ cients, for example, although this was
occasionally relaxed, as in the Burtless and Hausman (1978) study, where the coe¢ cient on
nonlabor income was allowed to be heterogeneous but in a restrictive parametric form.
The literature on nonlinear budget constraints of which the Burtless-Hausman paper was a
part (including, as previously referenced, Hausman (1981) and Mo¢ tt (1983)) did allow
heterogeneous preferences in the additive error terms which were assumed to include
preference heterogeneity and therefore a¤ected utility on di¤erent segments of the
constraint, so heterogeneity did have an impact on which segment to locate on but not on
the change in hours of work from welfare participation for a given change in tax rate and
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bene…t level. More recent structural models of labor supply responses to welfare programs
typically have only a small number of heterogenous components and assume homogeneity
for most parameters of interest. In reduced form models, a more direct focus of
heterogeneity was the subject of the work of Bitler et al. (2006) and a follow-up paper by
Kline and Tartari (2016), which demonstrated that some of the welfare reforms of the
1990s induced positive e¤ects on labor supply and negative e¤ects on others, depending on
the initial level of hours of work.
This paper focuses on heterogeneity in the labor supply response to what is termed a
"classic" cash welfare program, which is de…ned as a program with a standard textbook
structure o¤ering a lump sum bene…t for those who do not work, and where the bene…t is
taxed away as earnings rise at a constant rate (i.e., a negative income tax). While there
are no existing programs of this type in the U.S., they nevertheless are of great historical
importance and have important policy lessons for current programs.

In the most

important historical program in the U.S., the Aid to Families with Dependent Children
(AFDC) program–the program which is studied here–the tax rate on earnings was 100
percent prior to 1967, when it was lowered to 66 percent, and the tax rate was then raised
back to 100 percent in 1981 (the program was abolished in 1996). The basic bene…t grew at
di¤erent rates in di¤erent years and in di¤erent states as well. In a heterogeneous response
model, all these reforms can have very di¤erent e¤ects, depending on the distributions of
the heterogeneity of the parameters of the model and on which portions of those
distributions are a¤ected by the reforms.

As another example, heterogeneity of response

a¤ects one of the oldest ambiguities in the welfare reform literature, which is the ambiguity
in the e¤ect of a reduction in the tax rate on earnings or labor supply, as from a negative
income tax, which has both positive e¤ects and negative e¤ects in di¤erent parts of the
distribution. A constant-parameter model is likely to generate quite di¤erent predictions
of whatever the net e¤ect is than would a heterogeneous coe¢ cient model (and this is
demonstrated below), again illustrating the fundamental policy relevance of the question.
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In a structural model with heterogeneous parameters, a conventional selection bias
problem arises just as it does in reduced form models, where those who participate in the
program have di¤erent values of the counterfactual than those who do not. The only
di¤erence is that in a structural model, those who participate not only have di¤erent levels
of labor supply than those who do not but also di¤erent responses to going onto welfare.
The conventional approach to this problem in reduced form models is to assume the
existence of valid exclusion restrictions, and the same method will be applied here.
However, just as in most of the reduced form literature, the excluded variables only sweep
out part of the distribution of unobservables and hence only the responses to those on the
margin can be identi…ed and estimated. This leads to a simple application of the concept
of a marginal treatment e¤ect (MTE), because the goal is to identify the labor supply
response of those who are moved on or o¤ the program by di¤erent shifts in the program
parameters (change in the basic bene…t, in the tax rate, and di¤erent magnitudes of their
changes). The marginal treatment concept was introduced explicitly as a random
coe¢ cient model by Bjorklund and Mo¢ tt (1987) following on the suggestion of such a
model by Heckman and Robb (1985). The most extensive work analyzing the MTE
concept has been conducted by Heckman and Vytlacil (1999), Heckman and Vytlacil
(2005), and Heckman et al. (2006), but the idea has now been applied in a number of
di¤erent settings.1

The di¤erence between most of those applications and the application

here is that the goal here is to introduce the MTE concept into a structural model–albeit
only the simple static labor supply model–and to show which parts of the distribution of
wage and income elasticities are a¤ected by movements on and o¤ the program.
The model used here also incorporates the important feature of almost all welfare
programs of incomplete, or partial, takeup. The percent of eligible families who participate
in U.S. welfare programs is almost always far below 100 percent, which means that the
1

For recent work on extrapolating estimating marginal treatment e¤ects to larger supports of the distribution, see Brinch et al. (ming) and Kowalski (2016). For work on marginal treatment e¤ects in dynamic
treatment models, see Heckman et al. (2016).
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takeup decision has to be modeled simultaneously with the labor supply decision (Mo¢ tt
(1983)). Models that assume that all eligible individuals receive the bene…t and hence are
on the envelope of their budget sets represent a speci…cation error since eligible
nonparticipants do not actually face those sets. There is obviously heterogeneity in takeup
which may be correlated with hetereogeneity of labor supply responses and hence it must
be incorporated. In addition, methodologically, it is incomplete takeup that connects
models of welfare e¤ects to the treatment e¤ects literature because, if takeup is complete,
there is no participation decision separate from the labor supply decision.
The study here is of the AFDC program prior to the 1990s reforms and hence …ts the
classic welfare program model. Estimates of a static labor supply model with endogeneous
takeup which allows full unobserved heterogeneity in substitution and income e¤ects shows
their distributions to have signi…cant dispersion. The estimated model is used to
demonstrate the impact of the 1967 reduction in the welfare tax rate, the 1981 increase in
that tax rate, the changes in the basic bene…t that occurred over the 1970s and 1980s, as
well as illustrating the heterogeneous impacts of a negative income tax (i.e., a simple
reduction in the welfare tax rate) in general. The estimates are shown to be very di¤erent
than those obtained from a homogeneous response model.
The paper is organized as follows. The …rst section lays out the simple static labor
supply model when takeup is endogeneous and all responses are heterogeneous. The
analysis demonstrates that marginal treatment e¤ects–that is, the net labor supply
response from increasing or decreasing the caseload and hence drawing individuals onto or
o¤ of the program–are ambiguous in sign and can be either increasing or decreasing in the
level of the takeup rate. The second section introduces the data and estimates marginal
treatment e¤ects in a reduced form model where participation in the program per se has
heterogeneous e¤ects. The third section reestimates a structural static model of labor
supply and shows how marginal treatment e¤ects work through the distributions of the
wage and income elasticities. The fourth section (to be completed) uses the estimated
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model to simulate the e¤ects of historic reforms of the AFDC program (1967 and 1981
changes in tax rates, changes in guaranteed bene…t levels, etc.) as well as hypothetical
reforms that involve manipulation of the welfare program parameters. The last section
suggests directions for future research, including the extension to dynamic models and to
more complex welfare programs that those with the classic NIT form.

I

Adding Heterogeneity to the Canonical Static
Labor Supply Model of Transfers
The canonical static model of the labor supply response to transfers with incomplete)

takeup (Mo¢ tt (1983)) posits utility to be

U (Hi ; Yi ; i )

(1)

i Pi

where Hi is hours of work for individual i, Yi is disposable income, Pi is a program
participation indicator,

i

is a vector of labor supply preference parameters, and

scalar representing …xed costs of participation in utility units.

i

is a

The separability of Pi from

the U function is for analytic convenience and is not required for any of the following
results. Allowing for …xed costs of participation–in money, time, or utility, with the exact
type unspeci…ed–is required because many individuals who are eligible for transfer
programs do not participate in them. If this were not the case, then all individuals would
locate on the boundary of their budget sets and program participation would be
automatically determined by the choice of H, meaning that there would be no separate
participation decision.
The individual faces an hourly wage rate Wi and has available exogenous non-transfer
nonlabor income Ni . The welfare bene…t formula is Bi = G

tWi Hi

rNi (assuming, for

the moment, that the parameters G, t and r do not vary by i) and hence the budget
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constraint is

Yi = Wi (1

t)Hi + G + (1

(2)

r)Ni if Pi = 1

Yi = Wi Hi + Ni if Pi = 0

The resulting labor supply model is represented by two functions, a labor supply function
conditional on participation and a participation function:

Hi = H[Wi (1

Pi = V [Wi (1

tPi ); Ni + Pi (G

t); G + Ni (1

r); i ]

Pi = 1(Pi

(3)

rNi ); i ]

V [Wi ; Ni ; i ]

i

(4)
(5)

0)

where V is the indirect utility function and 1( ) is the indicator function. Nonparticipants,
those for whom P is negative, are of two types: low-work individuals for whom a positive
bene…t is o¤ered and a utility gain (in V ) could be obtained but who do not participate
because

i

is too high, and high-work individuals for whom the utility gain (in V ) is

negative and who would not participate even if

i

were zero (these individuals are above

the eligibility point, or "above breakeven" in the terminology of the literature). Figure 1 is
the familiar income-leisure diagram showing three di¤erent individuals who respond to the
transfer program constraint by continuing to work above the breakeven point (III), below
breakeven but o¤ the program (II), and below breakeven and on the program (I’; I is the
pre-program location for this individual).
The response to the program for individual i is

4i ( i ) = H[Wi (1
which is a heterogeneous response if

t); G + Ni (1

i

r); i ]

H[Wi ; Ni ; i ]

varies with i. The response 4i includes both
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(6)

responses from below breakeven and above breakeven. Individual values of 4i will never
be identi…ed by the data, but the mean of those values over some populations or
subpopulations can be. Letting

S

( )

= set of

S = sup

(7)

s:t: Pi = 1 conditional on

(8)

the mean e¤ect of the transfer program over the entire population, participants and
non-participants combined, conditional on the budget constraint, is
e = E(4i Pi j Wi ; Ni ; G; t; r)
4
=

Z Z

S S

where G( i ;

i)

4i (

i

j Wi ; Ni ; G; t; r)dG( i ;

(9)

(10)

i)

( )

is the joint c.d.f. of the two heterogeneity components. Note that the two

sets S are functions of the budget constraint parameters, which is not made explicit.
Letting S be the unconditional support of , the participation rate in the population is

=

Z Z

P = E(Pi j Wi ; Ni ; G; t; r)
1fV [Wi (1

t); G + Ni (1

r); i ]

V [Wi ; Ni ; i ]

(11)
i gdG( i ;

i)

(12)

S S

and the mean labor supply response among those who participate is

e P =1 = 4=P
e
4
i

(13)

The marginal response to a change in program participation, which is often interpreted as
e
the mean 4 of those who change participation, is @ 4/@P
. These e¤ects have been
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discussed extensively in the treatment e¤ects literature and are de…ned within the
econometric model in the next section.
The distribution of

i

a¤ects the mean response in the population in two ways: …rst, by

a¤ecting the distribution of 4i across the population–that is, the distribution of response if
all individuals participate–and, second, by altering which of those individuals participate
because

i

appears in eqn(4). The distribution of

i

a¤ects mean response only through

the latter mechanism, by altering the composition of the participant population; this
feature will lead to an exclusion restriction in the econometric model below.
e 4
e
e
While 4i , 4,
Pi =1 , and @ 4=@P must be negative according to theory, how they

change as the participation rate changes is less clear and requires making a distinction
between di¤erent sources of change in participation. How the e¤ect varies with a change in
participation induced by a change in

i;

for example, is ambiguous in sign because the

magnitude of 4i has no determinate relationship to the magnitude of the non-cost portion
of the utility gain of going onto welfare, dV = V [Wi (1

t); G + Ni (1

r); i ]

V [Wi ; Ni ].

For example, those with greater gains dV may be those with greater marginal utilities of
consumption and hence those with smaller marginal utilities of leisure; it is the relative
marginal utility of consumption and leisure that matters. An increase in participation
induced by a reduction in

will draw new individuals onto welfare whose values of dV are

smaller than those of initial recipients (for any given value of , participation is positively
selected on dV ), but those smaller values of dV could be associated with either greater or
smaller labor supply reductions. Thus, one central question of the analysis can only be
determined empirically.
Participation rate expansions induced by changes in the budget constraint, on the other
hand, have quite di¤erent e¤ects because they induce changes in mean labor supply
reductions for those initially on welfare as well. An expansion of the generosity of the
program, for example, will increase participation and necessarily increase mean labor
e and 4
e P =1 will necessarily become more negative as
supply reductions. Thus 4i , 4,
i
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e
participation rises. However, this gross marginal response, @ 4=@P
–that is, not holding the
budget constraint variables …xed–cannot be interpreted as the mean response of those

brought into the program because it will include not only their responses but also the mean
increase in labor supply reductions of those initially on the program. But the correlation
between 4i and dV will still be at play in this case because it will determine whether the
labor supply reductions of the new entrants are greater or smaller than those of the initial
recipients after both face the same new budget constraint. Consequently, heterogeneity in
response may make the increase in labor supply reductions arising from budget constraint
expansions greater or smaller than would be predicted if responses had been assumed to be
homogeneous and unchanging as the program expands. These e¤ects will be separately
identi…ed in the econometric model in the next section.

II

Reduced Form Model
The model to be estimated is that in eqns(3)-(5). However, it is useful to …rst estimate

that model in reduced form before proceeding to the structural model, for the approach to
the estimation of marginal treatment e¤ects is clearest in the reduced form case. Therefore
let Hi be a function of Pi as in (3) and assume that all budget constraint and other
covariates have been conditioned out. Likewise, condition out all observables in (4) except
for an observable proxy for …xed costs, Zi . An unrestricted model with full individual
heterogeneity can be written as follows:

i Pi

(14)

Pi = m(Zi ; i )

(15)

Pi = 1(Pi

(16)

Hi =

where

i

and

i

i

+

are scalar random parameters and

0)
i

is a vector of random parameters.

All parameters are allowed to be individual-speci…c and to have some unrestricted joint
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distribution. A separate model of this type exists for each individual i. The function m
can likewise be unrestricted and can be saturated if Zi is assumed to have a multinomial
distribution, although we shall discuss restrictions on
the distribution of

i.

below. The object of interest is

i

Selection in this model can occur either on the intercept ( i ) or the

slope coe¢ cient ( i ) because both may be related to

i

and, in fact, the theoretical model

implies that they must be because the participation equation contains the parameters of
the labor supply function.

Assuming that the three parameters in (14)-(16) are mean

independent of Zi , we can condition both equations on it to determine what is identi…ed
and estimable:

E(Hi j Zi = z) = E(

i

j Zi = z) + E(

i

j Pi = 1; Zi = z) Pr(Pi = 1 j Zi = z)

E(Pi j Zi = z) = Pr[m(z; i )
What we wish to identify is E(

i

(17)

(18)

0]

j Pi = 1; Zi = z) (if we can identify that, we can also

integrate over the support of Zi to obtain the mean of

i

conditional only on

participation). Identi…cation requires that Zi satisfy two mean independence requirements,
one for the intercept and one for the slope coe¢ cient:

A1: E(

A2: E(

i

i

j Zi = z) =

(19)

j Pi = 1; Zi = z) = g[E(Pi j Zi = z)]

(20)

where g is the e¤ect for those on the program (i.e., the e¤ect of the treatment on the
treated) conditional on Zi , and depends on the shape of the distribution of

i

and how

di¤erent fractions of participants are selected from di¤erent portions of that distribution.
While the …rst assumption is familiar, the second may be less so. The usual assumption in
the literature is that the two potential outcomes,
Zi ; which implies that

i

i

and

i

+

i

, are fully independent of

is as well. Eqn (20) is a slightly weaker condition which states
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that all that is required is that the e¤ect of the treatment on the treated be dependent on
Zi only through the e¤ect of the participation probability. If this were not so, di¤erent
values of Zi would lead to di¤erent conditional means of

through some other channel,

i

which would rule it out as a valid exclusion restriction.
The "monotonicity" condition of Imbens and Angrist (1994) constitutes, in this model,
a restriction on

i

and can be expressed as

Pi (Zi = z) P (Zi = z 0 ) is zero or the same sign f or all i f or any distinct values z and z 0
(21)
Inserting the two assumptions into the main model in eqns (17)-(18), and denoting the
participation probability as F (Zi ) = E(Pi j Zi ), we obtain two estimating equations
Hi =

+ g[F (Zi )]F (Zi ) +

Pi = F (Zi ) +
where

i

and

i

i

i

(22)

(23)

are mean zero and orthogonal to the RHS by construction. No other

restriction on these error terms need be made, as this is a reduced form of the model. The
…rst equation merely states that the population mean of Hi equals a constant plus the
mean response of those in the program times the fraction who are in. The implication of
the model is that preference heterogeneity is detectable by a nonlinearity in the response of
the population mean of Hi (taken over participants and nonparticipants) to the
participation probability. If responses are homogenous and hence the same for all
members of the population, the function g reduces to a constant and therefore a shift in
the fraction on the program has a linear e¤ect on the population mean of Hi . If the
responses of those on the marginal vary, however, the response of the population mean of
Hi will depart from linearity. This feature of the heterogeneous-response treatment model
has been noted by Heckman and Vytlacil (2005) and Heckman et al. (2006), and eqn(22)
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follows from their work. However, here it will form the basis of the estimation of the
model and the conditional mean function in eqn(22) will be estimated directly.
Nonparametric identi…cation of the parameters of the model– and the function g at
every point F –is straightforward and has been extensively discussed in the literature. F is
identi…ed at every data point Zi from the second equation from the mean of Pi at each
value of Zi (ignoring sampling error). If there is a value of Zi in the data for which
F (Zi ) = 0, then

is identi…ed from the mean of Hi at that point and hence g is identi…ed

pointwise at every other value of Zi and hence F .

If no such value is in the data, then g

can only be identi…ed subject to a normalization or multiple variables of g can be
identi…ed. For example, the LATE of Imbens and Angrist (1994) is identi…ed by the
discrete di¤erence in H between two points zi and zj divided by the di¤erence in F
between those two points. A marginal treatment e¤ect is a continuous version of this and
requires some smoothing method across discrete values of Z, and is computed by
@H=@F = g 0 (F )F + g(F ). Here, the g function will be approximated by a nonparametric
but continuous function which implicitly means that interpolation between the data points
identi…es the pointwise derivatives in the MTE.
Introducing exogenous covariates, let Xi denote a vector which includes Wi , Ni , and
sociodemographic characteristics (age, education, family composition, etc.), all of which
a¤ect labor supply when o¤ welfare. Let Xi denote a vector which augments Xi with the
welfare-program variables G and t, which will a¤ect labor supply on welfare; Xi will shift
the function g, the e¤ect of welfare on labor supply. The vector Xi will a¤ect the
probability of participation as well, thus shifting F .

While extensive interaction is in

principle possible by estimating the model separately for every set of values of these
covariates, a less ambitious and more conventional approach will be taken here, which is to
introduce index functions of covariates and to allow these index functions to a¤ect the
means of , g, and F , and to be additively separable with Z.
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With this formulation, the

model specializes to

Hi = Xi

+ [Xi + g(F (Xi + Zi ))]F (Xi + Zi ) +

Pi = F (Xi + Zi ) +

i

i

(24)

(25)

which leaves only the functions g and F unspeci…ed. For g, we will estimate its shape with
sieve methods but will assume normality for F .2 With these two functions speci…ed, we
will employ two-step estimation of the model, with a …rst-stage probit estimation of
eqn(25) and second-stage nonlinear least squares estimation of eqn(24) using …tted values
of F from the …rst stage. Standard errors are obtained by bootstrapping.

III

Application to AFDC, Data, and Reduced Form
Results

The last signi…cant U.S. welfare program to provide NIT-style cash bene…ts without
restrictions imposed from work requirements, time limits, or other nonmonetary rules was
the Aid to Families with Dependent Children (AFDC) program prior to 1994, so this is the
program we study and which many others have studied in the past literature. Extensions
to other programs are discussed in the Conclusions when future work is discussed. We use
data from the Survey of Income and Program Participation (SIPP), which is a set of
rolling, short (12 to 48 month) panels which are representative samples of the U.S.
population. We use all waves of panels interviewed in the Spring of each year 1989-1993
(only Spring to avoid seasonal variation) and pool them into one sample, excluding
overlapping observations by including only the …rst interview when the person appears in
more than one year (to avoid dependent observations, which would complicate the
2

Equations (24)-(25) are equivalent to the classic Lee (1979) two-regime switching regression model but
without the bivariate normal distribution assumptions in that model.
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estimation). Eligibility for AFDC in this period required su¢ ciently low assets and income
and, for the most part, required that eligible families be single mothers with at least one
child under 18. Our sample is therefore restricted to such families, similar to the practice
in past AFDC research. To concentrate on the AFDC-eligible population, we restrict our
sample to those with completed education of 12 years or less, nontransfer nonlabor income
less than $1,000 per month, and between the ages of 20 and 55. The resulting data set has
5,151 observations.
The variables we use for estimation are average hours worked per week in the month
prior to interview (H) (including zeroes), whether the mother was on AFDC at any time in
the prior month (P ), and we construct covariates for education, age, race, and family
structure. The hourly wage is omitted because it is only available for workers and is
assumed to be proxied by demographic characteristics, especially education. However,
nontransfer nonlabor income is explicitly included among the covariates. The AFDC
guarantee for a family of four in the individual’s state of residence is also included. AFDC
tax rates on earned and unearned income are not included because uniform levels were
imposed on the states by the federal government over this period, both equal
approximately to 100 percent.3 The names, de…nitions, and means of the variables used in
the estimation appear in Appendix Table A1. Thirty-one percent of the sample was on
AFDC in the month prior to interview.
The exclusion restrictions (Z) are selected to proxy costs of participation in AFDC.
There is a large social work literature on the use by states of non-…nancial and
non-monetary mechanisms to keep AFDC caseloads down and to do so strategically, with
the most common mechanism simply to deny eligibility as frequently as possible using
subjective interpretations of the eligibility rules (Brodkin and Lipsky (1983), Lipsky
(1984), Kramer (1990)). A quality control program operated by the federal government
sent auditors each year to each state to determine whether states were erroneously
3

The nominal tax rate was 100 percent but the e¤ective tax rate di¤ered somewhat from this because of
various exemptions and allowances, including a four-month window when the tax rate was 67 percent.
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assessing eligibility and denying applications. The error rates assessed in the program are
available by state and year.The various error rates were pretested in OLS estimations of
the welfare participation equation and, from this exercise, two emerged as consistently
signi…cant and with the expected sign, namely, negative on welfare participation rates: the
error rate made by the state resulting in incorrect denial of eligibility and the percent of
applications denied because of a failure on the part of the applicant to comply with all
procedural requirements, which is a common indicator of the amount of paperwork and
bureaucracy imposed on prospective recipients. Both error rates vary dramatically across
states, from 2 percent to 11 percent for the …rst error rate and from 1 percent to 35 percent
for the second error rate. Conditional on other individual characteristics, the F-statistics
for these two variables are approximately 11 in the OLS welfare participation equations.
Further details are given in Appendix A.
For estimation of marginal treatment e¤ects, the overall power of the instruments is
more complex than in the standard linear IV case because the instruments need to move
the welfare participation probability (F above) around not just on average but at every
value of that probability.

This issue is important in the data here, as illustrated in

Figures 2 and 3. Figure 2 shows a histogram of predicted welfare participation rates from
probit estimation of that function, including both exogenous variates X as well as the
instruments Z. The support of the distribution is concentrated at H = 0 but is also fairly
good at ranges below about .50 but not above that.
driven by the X vector.

However, much of this variation is

Figure 3 provides instead an indication of the explanatory power

of the Z vector alone, showing the variance of the residual [Fb(X; Z)

Fb(X; Z)] plotted

against deciles of the distribution of Fb(X; Z). The instruments have reasonable

incremental explanatory power for participation in the range (0.3, 0.8) but little power
outside that range. Therefore it is unlikely that these instruments will have much power in
estimating the MTE below 0.3 or above 0.8.
For the initial results we set

= 0 (hence no interactions of X with participation) and
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estimate the hours equation by OLS, regressing hours on X and P . OLS gives a response
estimate of -22.7 (s.e.=.50), which is only slightly smaller than the raw mean di¤erence
between participants and non-participants of -25.1, implying that conditioning on X has
little e¤ect. Next we estimate eqn(25) assuming a constant g, which is equivalent to the
homogeneous-e¤ect model and equivalent to 2SLS, though using probit for the …rst stage
instead of the linear probability model. The estimate of the program e¤ect is -38.5
(s.e.=3.6), a bit larger than the OLS estimate, suggesting that OLS is slightly biased
downward. Full coe¢ cient estimates are shown in Appendix Table A-2.
To obtain the greater information yielded by marginal treatment e¤ects, the g function
is speci…ed as a series function with cubic splines as the bases of the function:

g(F ) =

0+

J
P

j M ax(0; F

3
j)

(26)

j=1

where the

j

are preset spline knots. Cubic splines are the most commonly used order in

the literature but because they typically are ill-behaved in the tails, they are commonly
forced to be constant below the lowest knot and above the highest, which requires a slight
modi…cation in (26) (Hastie et al. (2009), pp.145-146). Fit is gauged by the generalized
cross-validation (GCV) statistic, which is simply the sum of squared deviations adjusted
for degrees of freedom. See Chen (2007) for consistency results for sieve models.
The object of interest in the estimation is the MTE, which is @H=@F . Estimation of
(24) with

= 0 for spline speci…cations with 3, 4, 5, and 6 knots generates the MTEs and

95 percent con…dence intervals shown in Figure 4. The GCV for all four are extremely
close, di¤ering only at the 4th signi…cant digit, so all …t the data about the same. But all
of them also show the same general pattern of non-monotonic MTEs, with labor supply
disincentives rising then falling as participation rises.

The 95 percent con…dence interval

bands show that the estimates are signi…cantly di¤erent from zero only in the middle range
of participation probabilities, which may be because the instruments have low power in
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those ranges, as noted above. The central range where the estimates re signi…cant di¤ers
across the speci…cations but is approximately from .10 to .15 at the bottom to .60 to .80 at
the top.

The maximum work disincentive is large and over 40 hours per week, although

the con…dence bands range down to 35 or so. But most of the disincentive e¤ects are lower
than this, down to around 20 hours at low participation rates and down to around 10-15
hours at higher participation rates, all only while in the 95 percent signi…cance band.
Why the MTE should follow this particular pattern cannot be determined without
some structure imposed on the model (see the next section) but a plausible hypothesis is
that when the …xed costs of participation are high and hence participation rates are low,
those who participate at those who would have been at H = 0 in the absence of the
program and who will not reduce hours after joining the program yet who have a high
marginal utility of consumption relative to leisure.

As participation costs fall, those with

higher hours of work and more initial take-home income, and who therefore have less need
for additional consumption, could be those who put more marginal value on leisure instead.
It is less clear why work reductions would begin to fall as costs fall even further. One
possibility is that such families have both low H but larger sources of income not
measurable in the data and hence omitted, who have less need to participate in the
program in the …rst place and who, when joining, have both small marginal utilities of
leisure and consumption and obtain little extra total utility from participation.
Estimates with

6= 0 allow the e¤ect of participation on labor supply to di¤er by

characteristics. Estimates are shown in Table 1. Those with higher levels of education,
who have larger family sizes, and face higher welfare guarantees have greater work
reductions when entering welfare. Those who are older, who have higher nonlabor
incomes, and are in states with higher unemployment rates have smaller work reductions.
In addition, these results, taken together with the other estimates of the model, allow a
rough determination of the consistency of the results with the static labor supply model if
education is taken as a proxy for the wage and if its estimated e¤ects as well as those for
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nonlabor income and the welfare guarantee are considered together. For a classic NIT with
a 100 percent tax rate, the e¤ects of changes in wages, nonlabor income, and the welfare
guarantee on hours of work are portrayed in Figures 5-7. An increase in the wage raises H
o¤ the program (assuming substitution dominate income e¤ects), lowers the probability of
being on the program, and increases the work reduction from going onto the program since
hours are always reduced to zero from the non-program level. An increase in the level of
nonlabor income reduces hours of work o¤ the program, reduces the probability of being on
the program, and reduces the work reduction from going onto the program. An increase in
the welfare guarantee has no e¤ect on H o¤ the program, increases the probability of
participating in the program, and increases the work reduction since those newly brought
onto the program have higher H o¤ the program. These e¤ects are summarized in Table 2
by the parameter vector in the model where they appear. Tables 1 and A-2 show that
these signs coincide in every case with estimates from the model.

IV

Structural Model

Despite the correspondence of signs of the budget-constraint-related coe¢ cients in the
reduced form model, a structural model would identify those e¤ects precisely by showing
how heterogeneous parameters of the utility function are correlated with program
participation as participation expands. Moreover, a structural model of labor supply would
allow a superior estimation of the e¤ects of di¤erent changes in the budget constraint, such
as welfare guarantees and tax rates, for di¤ering changes in those parameters will a¤ect
di¤erent parts of the preference distribution and hence have di¤erent e¤ects. Accordingly,
this section reports estimates of a structural model with marginal treatment e¤ects and the
next section will use the estimates to show the di¤ering e¤ects of varying welfare policies.
However, the labor supply function conditional on participation will be fully speci…ed.
Assume the quadratic utility function (Keane and Mo¢ tt (1998)):
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UH =

iH

iH

2

+Y

2

iY

(27)

iP

where H=hours of work, Y =income, and P =a welfare participation indicator and where
concavity of the function requires
i,

i,

and

i,

i

0,

0, (1=2Y )

i

i

0. The three parameters

which map into the intercept, wage e¤ect, and nonlabor income e¤ect in the

labor supply function, are allowed to be fully heterogeneous, implying that the labor
supply response to any change in any budget constraint parameter will also be
heterogeneous. In line with the approach of most of the literature on similar models, we
should group the data on H takes into categories for nonwork, part-time work, and
full-time work, and will evaluate the budget constraint options at the three weekly values
of 0, 20, and 40. Denote the value of Y at each by YH . If the individual is on welfare,YH
will be higher by the value of the welfare bene…t. For purposes that will be clearer below,
de…ne a new hypothetical welfare participation dummy P 0 , which is a dummy indicating
whether we are calculating income including the welfare bene…t or not. It will di¤er in
some instances from whether someone is actually on welfare, which is still denoted by P .
Denote utility conditional on P and P 0 and at the three hours values as:

U0 (P 0 ; P ) = Y0 (P 0 )
U20 (P 0 ; P ) =
U40 (P 0 ; P ) =

i (P )20

i (P )40

2
0
i (P )Y0 (P )

i (P )400

+ Y20 (P 0 )

i (P )1600

(28)

iP
2
0
i (P )Y20 (P )

+ Y40 (P 0 )

2
0
i (P )Y40 (P )

iP

iP

(29)
(30)

where the values of the a, , and y are allowed to be di¤erent for those on welfare and o¤.
Let YH (P 0 ) = W H + N + P 0 BH with BH = M ax(0; G

WH

N ). Now de…ne the three

indicator variables =1 if H is observed at each of the three points: I0 (P ) = 1 if H = 0,
I20 (P ) = 1 if H = 20;and I40 (P ) = 1 if H = 40: Then the labor supply equation can be
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written

H = 20[I20 (1)P + I20 (0)(1

P )] + 40[I40 (1)P + I40 (0)(1

= [20I20 (0) + 40I40 (0)] + f20[I20 (1)

I20 (0)] + 40[I40 (1)

P )]
(31)

I40 (0)]gP

and now compute the mean of H conditional on the instruments, Z (i.e.,the reduced form
in terms of the structural parameters):

E(HjZ) = 20E[I20 (0)] + 40E[I40 (0)] + f20[E(I20 (1)jP = 1)
+ 40[E(I40 (1)jP = 1)

E(I20 (0)jP = 1]

E(I40 (0)jP = 1)]g Pr(P = 1jZ) (32)

using the identifying assumption that Z only a¤ects labor supply through welfare
participation, and the …rst two terms assume that Z does not a¤ect labor supply of people
o¤ welfare. We will plug in the predicted probability from the …rst stage for Pr(P = 1jZ)
and then estimate this conditional mean equation with nonlinear least squares.
All that remains is to express the expected value of the six indicator variables in terms
of the underlying model parameters: E[I20 (0)], E[I40 (0)], E[I20 (0)jP = 1], E[I40 (0)jP = 1],
E[I20 (1)jP = 1], and E[I40 (1)jP = 1]. Each of these denotes the probability of choosing
one of the three hours points conditional on welfare participation and is determined by the
maximum of the three values in (28)-(30), and the maximal value will depend on the values
of an individual’s preference parameters

i,

i,

have untruncated, latent distributions N ( (P );

and
2

i.

Assume that these parameters

), N ( (P );

2

), and N ( (P );

2

), where

(P ) = g0 + g (F hat)P + X

(33)

(P ) = g0 + g (F hat)P + X

(34)

(P ) = g0 + g (F hat)P + X

(35)

where g (F hat), g (F hat), and g (F hat) are the same spline functions employed in the
20

reduced form model (but without an intercept) and where we let the g coe¢ cients be
di¤erent for each of the three parameters , , and . Thus the key feature of the reduced
form model, allowing the preference parameters to depend on the fraction of the population
participating in the program, is retained in the structural model by allowing the means of
the untruncated distributions of those parameters to depend on that fraction.
To maintain concavity of the utility function, the distributions of the three parameters
will required to operate only in the permissible ranges

i

0,

i

0, (1=2Y )

i

0.

The actual distributions of the three parameters will therefore follow truncated normal
distributions with well-known truncated means and variances involving the parameters of
the untruncated distributions. The expression of the six conditional mean functions in
terms of the underlying parameters is straightforward and can be computed by integrating
over the values of the three parameters over their permissible ranges. The expressions are
given in Appendix B. This completes the speci…cation of the model.4
Nonlinear least squares estimates of eqn(32) using the spline speci…cation for natural
cubic splines with three knots, the minimal speci…cation used in the reduced form model,
proved unstable because the data could not support that degree of nonlinearity on the
coe¢ cient on the predicted probability.5 Omission of the spline speci…cation for the
parameter
in the

i

i

and

was su¢ cient to stabilize the estimates and to identify the spline coe¢ cients
i

speci…cations. The estimated coe¢ cients themselves are not easily

interpretable, as is often the case in models with nonlinear parameters, so the implied
results for gross wage elasticities and income elasticities are shown in Figure 8 and 9.
Figure 8 shows that the wage elasticity rises from -.02 at P = 0 to about 1.0 at P = :30
and then falls down to about .65 at P = 1. Standard errors are not yet available but,
given the reduced form results, the estimates in the approximate P range of (.25, .65) are
4
A detail not speci…ed here is that some individuals have high enough wages that they are not eligible
for a bene…t if H = 20 or H = 40. In those cases, alternatives are deleted from the choice set and the
relevant probabilities are slightly di¤erent than those given here.
5
These estimates also omit X from the regression. A …rst-stage wage-equation estimate is used for W .
Accounting for selectivity and joint estimation of the wage equation will be conducted in future work.

21

most likely to be reliably estimated and to be signi…cantly di¤erent from zero.6

This

concave pro…le of the wage elasticity matches the concavity of the reduced form, implying
that those who join the program in the middle range of the distribution have greater wage
elasticities and hence greater labor supply reductions than those who join at earlier or later
stages.

Figure 9 shows that the income elasticity montonically falls as participation rises,

starting at approximately -.37 at P = 0 and rising to about -.08 at P = 1. In the middle
range, the elasticity is about -.15. These are not large elasticities compared to those in the
past literature. The mild decline in the wage elasticity as participation rises, which should
lead to smaller labor supply reductions of the marginal entrant, as outweighed by the
greater-sized rising wage elasticities.
The implication of these marginal elasticities for labor supply reductions over the
participation range are shown in Figures 10-12, which show the probabilities of working
H = 0, H = 20, and H = 40 for participants, both if they are on the program and the
counterfactual values if they were to be o¤, as well as the di¤erence between them, which
represents the labor supply e¤ect of program participation. Figure 10 shows that the e¤ect
of program participation on the probability of not working at all at P = 0 is about a .32
increase in that probability. As participation rises, those who enter the program are
increasingly drawn from those who would have had H = 0 in the absence of the program
and hence are necessarily also more likely to have H = 0 after program participation as
well. The di¤erence does not change dramatically as participation rises, however, and
‡attens out at around P = :70 and even declines, although the estimates in that range may
be less reliable than at lower ranges (s.e.’s again not shown). To some extent, this implies
that labor supply reductions are not far di¤erent from constancy at the H = 0 margin,
although their growth, even though mild, is consistent with the evidence for the growth in
labor supply reductions found in the reduced form analysis. The results in Figures 11 and
12 show that participants are slightly more likely to be drawn from a counterfactual
6

These are uncompensated wage elasticities. Compensated elasticities are always positive and larger.
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H = 20 level as participation rises but less likely to be drawn from a counterfactual H = 40
level.

Together with the H = 0 group, this implies that, as participation rises, those with

lower and lower counterfactual labor supply levels are drawn into the program.

But the

labor supply reductions themselves, indicated by the di¤erence between the probabilities of
working H = 20 or H = 40, grows with participation at the H = 20 margin but declines at
the H = 40 margin.

The net e¤ect of these changes is shown in Figure 13, which shows

the H weighted labor supply reductions as participation rises. The …gure has the same
general shape as that in the reduced form analysis, but the hours reductions are smaller
and peak later in the participation range.

V

Simulations of Alternative Welfare Reforms
This program examined here, the AFDC program, had a relatively low caseload in the

1960s. It grew dramatically from the late 1960s through the 1970s, rising from 1 million in
1965 to 3.7 million in 1980. The takeup rate in 1980 was about the same as it is in the data
used here, which are from the late 1980s (about a one-third takeup rate).

While some of

this growth was the result of growth in the eligible population, it was mostly a result of
growth in takeup. The …ndings here imply that the labor supply reductions in 1965 were
smaller than those in the later years and, in fact, the marginal labor supply e¤ects were at
their peak at the time of the data implied here. However, the caseload fell after reforms of
the program in 1996, and today the caseload is about the same as it was in 1970, and the
takeup rate is even smaller because the size of the single-mother population is smaller.
The marginal labor supply reductions from any increase in today’s population are therefore
likely to be much smaller than they were 30 or 40 years ago.
[More to come]
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VI

Summary and Conclusions

In this paper we have modi…ed the traditional static labor supply model of the e¤ect of
income transfers to allow for heterogeneous response, implying that changes in welfare
generosity have not only direct e¤ects on labor supply of participants but which also
change the composition of the caseload and hence change mean work disincentives through
compositional e¤ects. Using a modi…ed version of the conventional treatment e¤ects model
and estimating the distribution of the unobserved response heterogeneity with series
approximation methods, the results show that the marginal treatment e¤ect on hours of
work is U-shaped, …rst negative then positive. This implies that an increase in
participation brings into the program individuals who have increasingly larger work
disincentives than those initially on the program but eventually brings in those with
increasingly smaller work disincentives. A structural model shows that wage and income
elasticities vary with the margin of participation and that those with lower and lower labor
supply levels are drawn into the program as participation expands, but that the sizes of the
reductions increase up to a participation rate of about .70, after which they fall.
These methods can be applied to more complex welfare programs, with time limits and
work requirements, with modi…cation, and dynamic models are also possible.
Methodologically, the incorporation of hetergeneous parameters into structural models in
general should be an area of future work.
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Appendix A
Means and Data Sources

The means and standard deviations of the variables used in the analysis are shown in
Table A-1. The sources of the state-level variables are as follows. The AFDC guarantee is the
monthly maximum amount paid for a family of four in the state, and is obtained from
unpublished data provided to the author by the U.S. Department of Health and Human Services
for all six years 1988-1993. The state rate of incorrect denial of eligibility was obtained from
unpublished tables provided to the author by the U.S. Department of Health and Human Services,
compiled from the federal AFDC quality control program. The state percent of applicants denied
for failure to comply with procedural requirements was obtained from the issues of Quarterly
Public Assistance Statistics published quarterly by the U.S. Department of Health and Human
Services, data which were also obtained originally from the federal AFDC quality control
program. Fluctuations from year to year in the two quality control variables were smoothed out
by computing a weighted mean of each for each state over the 1988-1993 years.

Appendix Table A1
Means and Standard Deviations of the Variables Used in the Analysis

Variable Name

Variable Definition

Total sample

P=1

P=0

Hours

Average hours of work per week in the
month prior to survey

21.8
(19.7)

4.5
(11.2)

29.6
(17.5)

P

Dummy variable equal to 1 if individual
was on AFDC anytime in the month prior
to survey

.31
(.46)

--

--

Age

Age in years at survey date

32.6
(9.0)

30.8
(7.9)

33.4
(9.4)

Education

Years of education at survey date

10.9
(1.9)

10.5
(2.0)

11.1
(1.9)

Family size

Number of individuals in the family at the
survey date

3.3
(1.4)

3.4
(1.5)

3.3
(1.4)

No. Childress Lt 6

Number of children less than 6 in the
family at the survey date

.70
(.85)

1.1
(1.0)

.51
(.72)

Black

Dummy variable equal to 1 if respondent
is black

.34
(.48)

.45
(.50)

.30
(.46)

Appendix Table A1 (continued)

Variable Name

Variable Definition

Total sample

P=1

P=0

Nonlabor income

Nontransfer nonlabor income in the
month prior to survey

389.2
(303.0)

75.0
(192.7)

407.1
(411.0)

Welfare G

State monthly AFDC guarantee for a
family of four

419.2
(212.5)

440.0
(210.0)

409.0
(213.0)

Eligibility Denial

Percent of applicants incorrectly denied
eligibility

4.93
(1.67)

4.77
(1.59)

5.00
(1.71)

Percent of applications denied for failure
to meet procedure requirements in the
state

14.7
(8.8)

14.1
(8.3)

15.0
(9.1)

--

5,151

1,600

3,551

Pctdenied

Sample size
Notes:

Standard deviations in parentheses
All dollar-valued variables are deflated by a 1990 price index using the GDP-based personal consumption expenditure deflator.

Appendix Table A2
Full Estimates for OLS and Basic 2SLS Specifications

OLS

2SLS

-22.7
(0.5)

-38.5
(3.6)

Education

1.2
(0.1)

1.0
(0.2)

Age

0.8
(0.2)

0.1
(0.0)

Black

-1.8
(0.4)

-1.1
(0.6)

No. Children
Lt 6

-1.1
(0.3)

0.1
(0.5)

Family size

-0.2
(0.2)

0.1
(0.3)

Nonlabor
income

-0.2
(0.0)

-0.1
(0.0)

Unemployment
Rate

-0.6
(0.1)

-0.4
(0.2)

Constant

18.3
(1.9)

26.9
(3.1)

Gamma
Beta

Nu

--

Education

--

-0.09
(0.01)

Age

--

-0.01
(0.00)

Black

--

0.25
(0.05)

Appendix Table A2 (continued)

OLS

2SLS

No. Children
Lt 6

--

0.26
(0.03)

Family size

--

0.10
(0.02)

Nonlabor
income

--

-0.01
(0.00)

Welfare G

--

0.05
(0.01)

Unemployment
Rate

--

-0.06
(0.01)

Constant

--

0.44
(0.21)

Elig. Denied

--

-0.06
(0.01)

Pctdenied

--

-0.54
(0.27)

Delta

Notes:
Standard errors in parentheses
2SLS corresponds to Table 1, Column (1)

VII

Appendix B

Rather than integrating out over all three preference parameters, it is easier to make
use of univariate normal distribution functions for one of the parameters conditional on
the other two and then integrate out those other two. To this end, each of the six
probabilities will be written as probabilities over

i

conditional on

two will be integrated out. De…ne the following cuto¤ values for
i

i
i

and

i

and the latter

conditional on

i

and

that will de…ne the sign of the three requisite utility di¤erences:

A20;0 (P 0 ; P ) = f 400 i (P ) + [Y20 (P 0 )
[Y202 (P 0 )

Y20 (P 0 )]

Y202 (P 0 )] i (P )g=20

A40;0 (P 0 ; P ) = f 1600 i (P ) + [Y40 (P 0 )
[Y402 (P 0 )

(36)

Y02 (P 0 )] i (P )g=20

A40;20 (P 0 ; P ) = f 1200 i (P ) + [Y40 (P 0 )
[Y402 (P 0 )

Y0 (P 0 )]

(37)

Y0 (P 0 )]

Y02 (P 0 )] i (P )g=40

(38)

Then

if f

if f

i

i

U20 (P 0 ; P )

U0 (P 0 ; P ) R 0

(39)

U40 (P 0 ; P )

U20 (P 0 ; P ) R 0

(40)

U40 (P 0 ; P )

U0 (P 0 ; P ) R 0

(41)

Q A20;0 (P 0 ; P )

Q A40;20 (P 0 ; P ) and
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if f

i

Q A40;0 (P 0 ; P ). De…ning

U

= 1=2Y and using the maximal value of Y in the data

to de…ne this upper limit, the six probabilities can be written as follows:

E[I20 (0)] = Pr(I20 (0) = 1)
= Pr[U20 (0; 0) > U0 (0; 0); U20 (0; 0) > U40 (0; 0)]
= Pr(

i

< A20;0 (0; 0);

i

> A40;20 (0; 0)j i ; i ;

1
Pr( i (0) > 0) Pr( i (0) > 0) Pr( U >
Z U 1
R
M axf0; F [(M ax[0; (A20;0 (0; 0)]
=

0

i (0)

i

> 0;

i

> 0,

U

>

i

> 0)

> 0)

(0))=

]

F [(M ax[0; A40;20 (0; 0)]

(0))=

]g

0

f ( i )f ( i )d i d

(42)

i

E[I40 (0)] = Pr(I40 (0) = 1)
= Pr[U40 (0; 0) > U0 (0; 0); U40 (0; 0) > U20 (0; 0)]
= Pr(0 <

i

< M ax[0; A40;0 (0; 0)]; 0 <

i

< M ax[0; A40;20 (0; 0)]j i ; i ;

1
Pr( i (0) > 0) Pr( i (0) > 0) Pr( U > i (0) > 0)
Z U 1
R
fF [(M in[M ax(0; A40;0 (0; 0))
(0))= ]; [M ax(0; A40;20 (0; 0))

i

> 0;

i

> 0,

=

0

(0))=

]]

0

F[

(0)=

]gf ( i )f ( i )d i d

i
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(43)

U

>

i

> 0)

E[I20 (1)jP = 1] = Pr(I20 (1) = 1jP = 1)
= Pr[U20 (1; 1) > U0 (1; 1); U20 (1; 1) > U40 (1; 1)]
= Pr(

i

< M ax[0; A20;0 (1; 1)];

i

> M ax[0; A40;20 (1; 1)]j i ; i ;

1
Pr( i (1) > 0) Pr( i (1) > 0) Pr( i (1) > 0)
Z U 1
R
M axf0; F [(M ax[0; A20;0 (1; 1)]
(1))=

i

> 0;

i

> 0,

U

>

i

> 0)

(1))=

]g

=

0

]

F [(M ax[0; A40;20 (1; 1)]

0

f ( i )f ( i )d i d

(44)

i

E[I40 (1)jP = 1] = Pr(I40 (1) = 1jP = 1)
= Pr[U40 (1; 1) > U0 (1; 1); U40 (1; 1) > U20 (1; 1)]
= Pr(0 <
U

>

i

i

< M ax[0; A40;0 (1; 1)]; 0 <

i

< M ax[0; A40;20 (1; 1)]j i ; i ;

i

> 0;

i

> 0,

> 0)

1
Pr( i (1) > 0) Pr( i (1) > 0) Pr( U > i (1) > 0)
Z U 1
R
fF [(M in[M ax(0; A40;0 (1; 1)); M ax(0; A40;20 (1; 1))]
=

0

(1))=

]

F[

(1)=

]g

0

f ( i )f ( i )d i d

(45)

i

E[I20 (0)jP = 1] = Pr(I20 (0) = 1jP = 1)
= Pr[U20 (0; 1) > U0 (0; 1); U20 (0; 1) > U40 (0; 1)]
= Pr(

i

< M ax[0; A20;0 (0; 1)];

i

> [0; A40;20 (0; 1)]j i ; i ;

1
Pr( i (1) > 0) Pr( i (1) > 0) Pr( U >
Z U 1
R
M axf0; F [((M ax[0; A20;0 (0; 1)]
=

0

i (1)

i

> 0;

i

> 0,

U

>

i

> 0)

> 0)

(1))=

]

F [(M ax[0; A40;20 (0; 1)]

(1))=

0

f ( i )f ( i )d i d

i
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(46)

]g

E[I40 (0)jP = 1] = Pr(I40 (0) = 1jP = 1)
= Pr[U40 (0; 1) > U0 (0; 1); U40 (0; 1) > U20 (0; 1)]
= Pr(0 <
U

>

i

i

< M ax[0; A40;0 (0; 1)]; 0 <

i

< M ax[0; A40;20 (0; 1)]j i ; i ;

i

> 0;

i

> 0,

> 0)

1
Pr( i (1) > 0) Pr( i (1) > 0) Pr( U > i (1) > 0)
Z U 1
R
fF [(M in(M ax[0; A40;0 (0; 1)]; M ax[0; A40;20 (0; 1)]
=

0

(1))=

]

F[

(1)=

0

f ( i )f ( i )d i d

i

(47)

These probabilities can be computed by numerical integration.7
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Table 1
Lambda Parameter Estimates

Education

-1.7
(0.8)

Age

0.5
(0.2)

Black

3.9
(2.9)

No. Children Lt 6

0.3
(2.3)

Family Size

-2.9
(1.0)

Nonlabor Income

4.1
(1.4)

Welfare Guarantee

-0.01
(0.00)

Unemployment Rate

1.4
(0.7)

Notes:
Standard errors in parentheses.

Table 2
Expected Coefficient Signs Under Budget Constraint Interpretation

ë
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ç

Wage (Education)

<0

>0
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Nonlabor income

>0

<0

<0

Welfare Guarantee

<0
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Y
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Slope = -W
Slope = - W(1-t)
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Figure 2: Histogram of Predicted Participation Rates
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Figure 3: Increment Variance Distribution
at Deciles of Baseline F
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Figure 8: Wage Elasticity for Structural Model
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Figure 9: Total Income Elasticity for Structural Model
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Figure 10: Probability of H=0 for different Welfare Participation Choices
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Figure 11: Probability of H=20 for different Welfare Participation Choices
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Figure 12: Probability of H=40 for different Welfare Participation Choices
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Figure 13: Hours-weighted Labor Supply Reduction

-7.5

-8

-8.5

-9

-9.5

-10
0

0.1

0.2

0.3

0.4

0.5

F

0.6

0.7

0.8

0.9

1

