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Abstract

In this paper we consider the basic self-selection model for the
effects of education, training, unions; and other activities on wages.
We show that past models have ignored "heterogeneity of rewards"” to the
actiyity--i.e., differences across individuals in the rate of return to

the activity~-as a source of selection bias. We model such heteroge-

neity, show how its presence can be tested, and draw out its implications

for the wage and welfare gains to the activity. An empirical application

provides strong support for such heterogeneity.




THE ESTIMATION OF WAGE GAINS AND WELFARE GAINS
FROM SELF-SELECTION MODELS

Economists are often interested in estimating the effect of various :
types of choices on wages. In labor economics, applications frequently
have been made in four areas: (1) education, (2) unions, (3) manpower
training, and (4) migration. Researchers on these subjects have become
increasingly concerned with the potential self—selection that may arise,
mainly because the decisions are made by the individuals themselves. In
general, self-selection has been regarded as a disturbing problem for the
issue under examination, for ordinary least sQuares (OLS) or otherwise
unad justed estimates of the parameters of interest are biased if self-
selection isApresent. The usual remedies have been to control for self-
selection either by applying the techniques developed by Maddala and Lee
(1976), Heckman (1978, 1979), and Lee (1979) (see also Barnow, Cain and
Goldbergér, 1980), or by trying to avoid the problemlby using panel data.
Examples of-the first approach are Willis and Rosen (1979) and Kenny et
al..(1979) for education, Lee (1978) for unions, Nakasteen and Zummei
(1980) for migration, and Mallar, Kerachsky, and fhornton (1980) for a
jobs program. Examples of the second approach are Kiefer (1979), Bassi
(forthcoming), and Nickell (1982) for manpower training.1

In this paper we demonstrate tﬁe importance of the selection mecha-
nism per se in these types of problems. Our primary goal is to
demonstrate the implications of interpretiﬁg tﬂe self-selection model as

a basic model of consumer demand. In the context of the consumer—demand

medel we show that selection bias occurs because population heterogeneity




causes. different individuals to make different choices—-the total popula-
tion of individuals divides.itself into participants and nonparticipants
(college attendees and nonattendees, trainees and nontrainees; union
members and nonunion meﬁbers, etc.). Our most important point is that
population differences arise either because of what we term
"heterogeneity-of rewards"—-that is, heterogeneity in the rate of return
to the activity--or becausé of “hetgrogeneity of costs” to undertake the
activity (both monetary and nommonetary) or both.2 We then show that
this distinction has important implications both for the econometric spe-
cificatioﬁ of the model and for the interpretation of the results--in |
particular, for the appropriate estimation of (1) the wage gain to the
activity and (2) the welfare gain of the activity. The presence of costs
creates a wedge between the welfare gain and wage'gain. Our initial
point that the selection mechanism is important per se follows from the
fact that the estimation of welfare gains requires structural estimates
of the selection model. Wage gains, even if obtainable by OLS of the
wage~equation, afe not enough.

The idea of heterogeneity of rewards, which is perhaps our most
important idea, corresponds in regression terms simply to a random coef-
ficients model. We allow the return to education or manpower training.
or some other activity to vary across individuals. We then explicitly
model the endogeneity of education (or the decision to participate in a
training program) by allowing it to be a function of the random coef-
ficient, or the reward. Thus, rather than specifying an ad hoc equation
for education choice, we relate education choice directly to the parame-

ters in the earnings function. This generates a set of cross—equation




constraints between the earnings equation and the education-choice
equation which we impose in the estimation.' |

The presence of heterogeneity in the return also has strong implica-
tions for public policy, for it implies that those already participating
are, in general, those with the highest return. Expanding the par-—
ticipant population-—-such as by providing educational subsidies or higher
stipends to trainees——draws into the activity those who get less out of
it. One of the strengths of our modei is that it makes this point expli-
cit. Indeed, with our model we can estimate both the mean rewards for
those currently participating as well as the reward for those who would

participate if the costs of participating were lowered.

In the next section we present our model. Then we provide aﬁ empiri-
cal illustration, using the cése of manpower training. Our empirical
results indicate rather dramatically that heterogeneity of rewards are

present. We end with suggestions for future research.

I. HETEROGENEITY IN SELF-SELECTION MODELS

As a point of_departure we let the individual maximize the utility
Afunction U(Yi - ¢iT), where T is a dummy variable for participation in
the activity, ¢i denotes the costs of participating in the activity for
iﬁdividual i, and Y denotes the wage. We assume that ¢i captures Both
monetary costs and a monetized utility component. Let oy be the earnings

gain from participation. Thus, the individual participates in the

activity if
U(Yi + a, - ¢i) > U(Yi) or o, > ¢i

where Yi is now interpreted as earnings in the absence of participation.




This simple analog with demand theory éuggests two sources of heteroge-

neity that might divide the population into participants and

nopparticipants: (1) heterogeneity in rewards (04) and (2) heteroge-
neity in costs or preferences (¢1)- In terms of elementary demand theory

it is obvious that people make different choices if they either face dif-

ferent “"prices” in the budget constraint, a;, or have different utility

functions or different costs, in our case ¢j.

Consider now one specification that has been used in the research in

the four areas mentioned at the beginning of this paper:3

Y, = X8 +al, +e, : ¢S
T, =1 4if T* > 0
i i
(2)
T, =0 if T* € 0
1 -
% = .
Ti Win + vy , (3

where Y; is the wage of individual i; Xj is a vector of wage determinants
and B is its associated coefficient vector; T; is a dummy variable for
education (e.g., high school or college), union status, manpower—training
participation, or .residence; Tf' is a latent variable determining‘the
dichotomous variable T;; Wi is a vector of variables affecting T4 and n
is its associated coefficient vector; and €5 and v; are error terms. We
shall formulate our models in terms of a dummy variable, T;, throughout,
but it will be clear that the analysis‘would carry through equally if
T; were continuous.

The model in (1) - (3) implies a specific form of self-selection. It

is obvious that the wage gain, a, is constant and equal for all. 1Im




terms of demand theory all individuals face the same price of non-
participation. Hence some dispersion or.hetérogeneity inApreferences or
other costs must be present. Therefore we can only interpret Win and

v, in the'choice equation as observed and unobserved costs, respectively.
This follows because the specification of the choice equation in terms of

our framework should instead be:%

* .
T, =a -W,n - v,,
1 1 1

*
where Ti is the net reward. The assumption of homogeneous rewards is in

our view rather restrictive. In all the applications we have mentioned
it can be argued. that every individual is unique in terms of his skills
and labor-market situation. Therefore it is reasonable to allow the wagé
gains to differ between individuals. A straightforward specification

allowing for both observed and unobserved heterogeneity would be:
a, = ZiG + u, ' (é)
where Zi is a vector of observed variables, § is its coefficient vector,

and ug is an error term. Reformulating the model with (4) gives us the

following:
Yi = XiB + aiTi + si | (5)
*
T, = 14if T, > O
i i
(6)
. %
T, =04if T, € O
i i
N .
Ti = ai - ¢l (7
a, = Zi6 + u. (8)




o, =W + vy (9)
E(e;) = E(u;) = E(vy) =0

E(vi) - ci E(ui) - oi E(si) = o”

E(eiui) =0,y E(eivi) = Gev E(uivi) = cuv

In reduced form the model comes down to:2

Y, =XB +Z8 +e, +u, if T, =1 (10)
Y, = X8 +e, , if T, =0 (1)
&
T, =1 L ifE T > 0
1 : 1
(12)
3
T, =0 , if TN <0
1 3
¥ = 2.6 -W.n +u, - 13
i - % TR SR ' (13)

Here we have let both rewards and costé be a function of a vector of
observed variables (Z and W respectively) and its own iﬁdividual error
term.A The relative importance of & and 05, on the one hand, versus n and
63, on the other hand, provides the empirical basis for judging whether
heterogeneity of rewards or costs is more important. The test for
heterogeneity of rewards is the test of the full model (10)-(13) against
a model with the restrictions oy = 0gy = Oyy = 0 and § = O except for a
constant. The test for heterogeneity of costs is the test of the full

model against one with the restrictioms 0y = 0gy = 0yy = 0 and n = 0

except for a constant.0




This formulation of the préblém alters in a rather interesting
fashion~thé interpretation of the estimated parameters from that usually
given. First, note that there is no longer a single "effect” of the
program since rewards are heterogeneous. Of course, we can speak of a
mean reward, or the reward for an individual with a given characteristics
vector Z;. This could be calculated from the estimated parameter vector
8. The "average" reward ;s, we assume, that to which the usual constant-
parameter estimate in the original equation (1) must correspond. But

note that it could easily be negative, zero, or positive but small.

Since an individual chooses T=1 only if the unobserved component ug is

sufficiently high, there is no reason for the mean reward to be positive.
This obviously has major implications for the interpretation of the wage
coefficients in previous studies. A more relevant measure of the rate of

return in the mean size of the reward conditional upon choosing T=l:

*
E(ai| T, >0, 2.8, Wn) =25 + E(uil u, = v, > 2.6 + W)

(14)

2,8 + (o, fo _IE(s)/(1-F(s))]

yu=v' u-v

where s = (—ZiG + Win)ou_v,‘and f and F are the standardAnormal density
and distribution functions, respectively (we have assumed normality for
the errors). This expression is, we argue, the appropriate measure of
the expected wage gain from the activity T.

Likewise, note that the T: quantity in equation (6) is simply the
dollar amount of the net feward (net of costs, that is). At mean values
or any other values of Zi and Wi in the population, it may be negative

even if the reward oy is positive. But we can use it to determine the




dollar gain from the activity T if an individual undergoes it, for T: is
just the amount by which income must be reduced in order to leave the
individual indifferent to participation (i.e., at the same utility levei
in either case). This value corresponds in consumer—demand theory to the
compensating variation, or "willingness to pay"” for the activity. This
consumer—surplus measure can be calculated as:

E(T*; | T%; > 0, 248, Win) = 23§ - Wyn + B(uy = vy | vy = vi > ~Z48 + Win)

(15)
= 238 = Win + 0y [£(8)/(1 = F(s))]

where again s = (-Z46 + Win)/oy-y. This welfare gain will equal the wage
gain only in the special case Oy = Oyy, ﬁ =0 (i.e., no gosts).

" Finally, some comments on the role of selection bias in our full
model are warranted. The term sélection bias generally.refers to the
bias of the OLS estimates of the parameters B and § in the wage equation
that arises if the error terms of these equatioﬁs are correlated with the
error term of the choice equation. In our full model it appears that if
there is unobserved heterogeneity of rewards, the error term u; will
appear in both equations. Hence selection bias will be present. It is
also important to emphasize that this source of selection bias cannot be
avoided by using panel data and working with first differences——that isy
by formulating the dependent variable as the difference in earnings from
one time period to another. Such a model can be exactly represented by
(10)-(13), with Y; replaced by AY; and by reinterpreting €5 as the dif-

ference in the level errors in two periods.7




On the other hand, there is also selection bias in the B and 6 coef-
ficients if the unobserved costs, v, are correlated with the error term
in the earnings equation, Ei' This is the more usual case of selection
bias. It will be eliminated by employing a first—-difference technique if
v, is correlated only with some permanent component in the level error.
However, note that even if there is ﬁo such correlation, the complete
self-selection model (10)-(13) must still be estimated if we want to com-
pute our measure of consumer surplus. Hence we conclude that the self;
selection model is important per se irrespective of any bias of OLS esti-

mates of the wage equation.

Identification and Estimation

The identification conditions in the full model (10)-(13) are vir-
tually identical to those'in the Lee (1979) model and therefore need

little discussion. From our two earnings equations.(IO) and (11), it is

)

clear that the coefficient vectors B and 6 are identified, as are their

. 2 2 2 L
error variances, (G€ + Zoeu + du) and o - In equation (13) the vector of
parameters n is identified only if there is at least one variable in

Zi that is not in LA (a similar condition appears in the Lee model). The

\ . . 2 2
variance in the.same equation, (Gu - zcuv + cv) is' also identified,8 as

are the covariances between the error in equation (13) and those in
equations (10) and (11). From these composite variances it can be shown

that some normalization is necessary for complete model identification.?

We have chosen © = 0.10 Subject to this normalization we can identify

uv

(o g (0]

Ogs Oys > P and Peye

eu’

The estimation of the model is also no more or less difficult than

the estimation of the usual self-selection model. The model can .be
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estimated with either. full-information or limited-information techniques.
In the first case the log likelihood function is maximized with respect

y O, O__):

the ) o}
to unknown parameters (B, 6, n, e» O O cu’ ey

v

L = Til log P, + Tiolog P,

wherell
P, = Prob(ei +u, = Yi - XiB - ZiG, u, - v, > Win - ZiG) .
By = Prob (ei = Yi - XiB, u v, < Win - ZiG)..

The evaluation of P, and P, in terms of normal probabilities and

densities is shown in Appendix A.
In the limited-information case a three-step method can be used (Lee,

1979). 1In the first step a reduced-form version of equation (13) is

estimated with probit:

%
Ti =1 if Ti >0
%
T, =041f T, € 0
i i
*— -~
Ti = ViY + u; vy

where Vi is the union of the vectors Zi and Wi' In the second step an

augmented earnings equation is estimated with oLS:12

Yy o= KB+ TZi8 Ty oAy (1-Ty) FEy

i

where
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= E(V1 (Y [Oymy) )/ [1=F (V5 (Y JOyey) ]

A =
Ag = =£(-Vi(Y/ouey))/F(-Vi(Y/oy—y))
Oe+u,u—v
V1 = ~9__
u=-v
E —
Yy = 0,u v
u-v

The results give consistent estimates of B and 6. In the third step a

modified equation is estimated with probit:

]
1]

*
1if T, >0
i

*
04if T, < O
i

3
i

* N :
T, = ¢(2,.8) +cW.,n +u, - v,
i i i i i

where ¢ = 1/0u_v. Since the coefficient on (Zig) is one over the
standard deviation, the parameter vector n can be obtained by dividing it
into the probit coefficient vector (éﬁ).

This4provides estimates of all the coefficients. The composite
variance parameters are also obtainable: o0y_y from the aforementioned
"e" coefficient, Ogqy y-y and Og y-y thence from the estimates of b, and
wz, and OZ and 0§+u by a procedure explained in Lee (1979). (Note that
the last two estimates are not needed for evaluation of the wage gain and
welfare gain.) The underlying yariance parameters are then obtainable
from these composites (see n. 9).

The full-information technique is to be preferred for many reasons,

most of all because it is more efficient than the limited-information

v




12

technique. Also, the cross—equation restrictions for common parameters
are directly imposed in the full-information case. In addition, the OLS
standard errors in the limited-information case are inconsistent; correct
estimates can only be obtained at some effort. This last point is par-—
ticularly important for us, for we wish to test the sigﬁificance of
heterogeneity of rewards and costs. A correct significance test cannot

be performed from the limited-information estimates.

‘II. AN EMPIRICAL APPLICATION

A. Data and Empirical Specification

To illustrate the model, we have applied it to the government manpower
training program in Sweden. The program provides classroom and other
forms of training in a large variety of fields. The purpose of the
training is to raise the future earnings of the participants and at the
same time provide the expanding sectors of the economy with trained
labor. Although unemployment or risk of becoming unemployed is the com-
mon eligibility criterion, some of the courses are open to anyone. The
data are from the Swedish Level of Living Survey (see ngsanovic,

1979), a longitudinal data base from a representative sample of the
Swedish population. The sample size in the survey is about 6,500 per-
sons, interviewed in 1974 and 1981. The data base provides information
about personal characteristics and traditional human capital wvariables
such aé schooling, experience, and the wage level for those who were
employed at the time of the interview. Recently the data base has been
supplemented with register data from the National Labor Market Board con-

taining information on those individuals who undertook manpower training
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provided by the Board. Information is now available on the persons in
the sample who started manpower training from 1976 onwards; 470 persons
in the total sample started manpower training from 1976 until May 1982.

Our basic mbdel can be formulated bothviﬁ terms of wage levels and
first differences. 1In order to maintain comparability with recent
American studies of manpower training (especially Kiefer, 1979; and
Bassi, forthcoming) we have chosen the latter formulation, even thouéh it
has the disadvanfége'of reducing the sample substantidlly. The sample
characteristics are presented in Appendix B. Our outcome variable 1is the
difference of tﬁe log of wages between 1981 and 1974.13

For our X, Z, and W variables, we have only the standard choices.
Among the X variables we have only included truly predetermined
variables——experience, schooling, age, and sek. Experience and schooling

are measured prior to training to avoid endogeneity problems with

training.14

The exact same variables are included in Z, for we have no strong
arguments for excluding any of them.l5 Our a priori éssumption is that
the skills provided by the courses are more useful for those with little
general schooling and little experience. The ability to learn might also
vary with ége. Earlier studies ﬁave also shown that the gains are higher
for women even though the reason is nof clear (see Bassi, forthcoming).
We will also experiment with health status and a dummy variable for
immigrants amoﬁg the Z variables.

The costs aré more difficult to specify since items like preferences
for schooling, foregone income, and size of the training stipend are mnot
included in our data. However, it can be argued that agé should be

included because it determines the length of the horizon. Also, women
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may have a shorter planning horizon than men because their labor-force
activity is more intermittent. We will therefore test age and sex as

cost determinants.
B. Results

The maximum—-likelihood estimates of the full model are shown in
column (1) of Table 1. The first five rows show the coefficients on the
variables affecting the reward to participation in the program. Older
individuals and those with more education have significantly lower
rewards. Neither experience nor sex has a significant effect. Other
variables tried in the equation (health status and immigrant status) were
also insignificant. The next rows show two cost parameters. Both are
quite insignificant, presaging a finding that reoccurs throughout—-that
costs are weakly significant, if at all. Howéver, note that the point
estimate of'the costs is negative rather than positive at all rele-
vant‘ages. Although insignificant, what we have termed "costs™ could in
fact include some benefits—-namely, any benefit not captured by current
earnings like more pleasant jobs. Other benefits could include stipends
from participation in the program, nonmonetary rewards to participation,
and other such items.

The following coefficients show that several étandard earnings deter-
minants are significant in our model as well. Increased age and
experience have negative effects on the growth rate of earnings, as has
been found in most past studies of earnings profiles. Women have higher
wage growth, possibly because of various policy measures to decrease
discrimination against women. Those with more schooling have lower

earnings growth, possibly the result of decreasing returns to education.
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Table 1

Estimates of Full Model

Full-Information

Maximum Likelihood Earnings
(FML) Equation Three—Step
(1) 2) (0LS) Estimates@
Rewards (Zd8):
Constant | .023 .004 L 724% -3.324
(.441) (.441) © (.255) (2.840)
Age -.025% -.025% .022% -.237
(.013) (.013) (.008) (.126)
Experience -.016 -.016 .014 -.171
(.012) (.012) (.009) (.109)
Female -.056 . —.032 .256% -.879
(.127) (.156) (.082) (.667)
Schooling -.081% A -.079% -.013 -.783
(.030) (.030) (.017) (+457)
Costs (Wp):
Constant -.322 ' -.328 - -5.577
(.272) (.285) ' .
Age ' .003 .002 - .018
(.010) (.010)
Female - .033 - -
(.128)
General Earnings
Growth (XB):
Constant 1.074% 1.074% 1.083 4.203 -
(0.119) (0.124)
Age e 004* -0004* --004* u0025
(.002) (.002) (.001) (.002)

—~table continues-—




16

Table 1, continued

Full-Information

-table continues-—

Maximum Likelihood Earnings .
(FIML) Equation Three-Step
&) 2) (OLS) Estimates?®
Experience ~.005% ~.005% -.005% -.001
(.002) (.002) (.001) (.002)
Female .038% .037% .034% .065%
(.016) (.016) (.016) (.018)
Schooling -.007% -.007% -.008% .010%*
(.004) (.004) (.002) (.005)
Covariance Matrix
O .315% .315% —— 3.83
’ (.005) (.004)
Ou .986% . 969% - ©10.99
(.207) (.218)
Oy .228 2197 - --b
(.692) (1.794)
Peu’® -.238 -.220 - -1.98
(.524) (.547)
peyd -.673% -.673 - —--b
(.239) (+473)
Composite Variances
O (e+u) .961% .951% — 2.00
(.113) - (.132)
(0.185) (.187)
P (e4u) (u-v) .973 - W972 - 5.36
(.013) (.019)
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Table 1, continued

Full-Information

Maximum Likelihood Earnings
(FIML) Equation Three-Step
D) (2) (OLS) Estimates?
Pe (u-v) -.081 -.081 —_ -.46
: (.865) (.860) .
Log likelihood -908.28 -908.18 - -

Asymptotic standard errors in parentheses.

*Significant at 10 percent level.

aStaﬁdard errors of n vector and covariances not obtainable in this method.
bEstimated 03 = -26.72. |

Coey = Teu/(0e0y)

dpev Oey/ (0e0y)
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The estimates of the covariance matrix are in some sense the most
important, since the main hypotheses to be tested in the paper are
related to them. As the results show, unobserved heterogeneity of
rewards (G;) is highly significantly determined, while unobserved hetero-
geneity of costs (cv) is insignificant.at conventional levels. Thus our
preliminary judgment is that heterogeneity of rewards is more important
than heterogeneity of costs. The covariance terms show that‘unobserved
earnings growth (€) is negatively correlated with both heterogeneity of
rewards and costs, although insignificantly in the former case. The com-
posite variances show that the error term in the selection equation is
Weakly‘negatively correlated with the error term in the nonparticipant
earnings equation but strongly positively correlated with the error term
in the participant earnings equation.

The estimates in the second column show the result of testing the
identification of the cost parameter veétqr. As will be recalled, these
parameters are identified only if some variables in Z are mnot in W. On
the hypothesis that women may have shorter time horizons than men and may
havé different costs, the female dummy was tested in the cost vector. As
the results indicate, its coefficient was very insignificant and a 1ike—
lihood ratio test éannot reject a zero coefficient. Apparently the
results are not sensitive to simple changes in the identification of
those costs.

The third and fourth columns show the results of using simpler tech-
niques. Ignoring selection bias altogether and estimating the earnings
equation with OLS yields coefficients on the Z variables that are far
from their FIML values. The last column of the table shows that esti-

mates from the three-step technique are also quite far from the FIML
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valqes. Indeed, not only are the coefficient magnitudeés often
implausible; but the estimated variances are sometimes negative and the
estimatéd correlation coefficients are sometimes greater than one in
absolute value.l® We have not conducted any systematic examination of
the reasons for these results, but they may be related to the rather low
trainee participation rates in the sample (about 5 percent). The three-
step technique may be particularly unreliable when such a small tail of
the distribution is being fitted.l7/

Table 2 shows thé results of testing several of the restrictions
regafding heterogeneity in which we are interested. The first column
replicates the results from column (1) of Table 1. The second column
tests the restriction‘that all cost parameters are zero (OV = pev =1 =
0). A likelihood ratio test indicates that the restriction is rejected
at the 90 percent level but cannot be rejected at the 95 perceant level.
Thus the four cost parameters are, as a whole, barely significant. Note
that in this case the wage gain equals the welfare gain, for par-
ticipation is determined solely by the reward. Thus we can also
conclude that the difference between the welfare gain and the wage gain
in the full model is only barely significant.

In the next column we test the restriction that there is no unob-
served heterogeneity of rewards (Ou =Py 0). A likelihood ratio test
overwhelmingly rejects this restriction (x2 = 56). Note too that this
restriction has a large effect on the § parameters. This means that
merely interacting T with other variables will not give correct
estimateé. Next we further restrict the model by having no observed

heterogeneity of rewards—-that is, we restrict the model to have only a

constant wage effect of participation. The OLS estimates of this model,
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Table 2

Estimates of Restricted Models

No Conmplete Homogeneity
Full Unobserved of Rewards
Specification No Heterogeneigy
(FIML) " Costs® of Rewards FIML OLS Thr'ee--Stepd
Rewards (ZS)
Constant .023 .176 . 626% .096 045 1.688
(.441) : (.328) (.324) (.286) (.036) (.353)
Age ~.025% -.025% -.008 - - -
(.013) (.010) (.008)
Experience -.016 ~.012 -.003 - - -
' ©(.012) (.010) (.004) '
Female -.056 -.054 .011 - - -
(.127) (.117) (.036)
Schooling -.081% -.069% -.025 - - -
(.030) (.024) (.022)
Costs(Wn)
(.272) (.358) (.287)
Age .003 —— .002 .001
(.010) (.008) (.002) - 011
General Earnings
Growth(XB)
Constant 1.074% 1.016% 1.078% 1.090%* 1.107 . 857
(.119) (0.047) (0.133) (0.064)
Age -.004% -.003% -.004% -.004%  -,004% -.0001
' (.002) (.001) (.002) - (.002) (.001) (.002)
Experience -.005% -.004% -.005% ~ -.005% -.,005% -.005*
(.002) (.002) (.002) (.002) (.001) (.001)
Female .038% 041% .045% .044% L044% L044%
(.016) (.016) (.016) (.016) (.016) (.016)
Schooling -.007% ~-.006% -.007% -.008%* -.008%* ~.008%*
(.004) (.003) (.004) (.002) (.002) (.002)

(table continues)
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Table. 2 (cont.)

d

No Complete Homogeneity
Full Unobserved of R.ewardsc
Specification No Heterogeneiﬁy

(FIML) Costs?  of Rewards FIML  OLS  Three-Step

Covariance Matrix

O¢ .315% .321% .323% .321% - 3.180
(.005) (.003) (.003) (.003)

4 .986%* .94 6% - - - -
(.207) (.101)

Oy .228 - .338 - - -
(.692) (.299)

Peu -.268 - A477% - - - - -
(.524) (.065)

Pev -.673% - .037 .083 - -.238
(.239) (.872) (.404)

Composite

Variances

O (e4u) .961% +841% .323% .321% - 3.180
(.113) (.028) (.003) - (.003) :

S (u-v) 1.012% . 945% .338 --© - -
(0.185) (.101) (+299)

P (e+u) (u-v) .973% «942% -.037 -.083 - .238
(.013) (.010) (.872) (.404)

Pe (u-v) -,081 - 477% -.037 -.083 - -- .238
(.865) (.065) (.872) (.404)

Log -908.28 -912.91 -936.03 -947.43 -_ -

Likelihood

Asymptotic standard errors in parentheses
*Significance at 10-percent level

ao’ =p =n =
€
b = oo =

0

€y = Pegu = 0, § = constant.
All n coefficients relative

to oy = .338.

dstandard errors on co-
variances and on n vector

not obtainable in this method.
eNot estimated; oy normalized
at .338.




22

commonly used in past studies, give low (.045) and insignificant wage
gains. The FIML estimates, which allow for self-selection via the costs,
give higher (.096) but still insigﬁificant wage gains. Note too that the
estimate of the correlation across equations in this model is low and
insignificant (.08). An analyst who has estimated this model alone might
conclude that there is no selection bias (perhaps because a first-—
difference technique has been employed), but in fact that correlation is
an average of positive and negativé composite correlations in the full
model (.973 and -.08l, weighted toward the latter because 95.8 percent of
the sample are nonparticipants). Finally, it is interesting to compare
the FIML estimates with the results from the widely used three-step
method. The differences are agaiﬁ surprisingly large. Our conclusion is
that the efficiency gains of the FIML method are important in modeis like

ours.

C. Implications for Wage and Welfare Gains

Using the parameter estimates from our full FIML specification, we
can calculate the expected wage and welfare gains from participating as
given in equations (14)-(15) above. The results are shown in Table 3.
The first entry indicates that a participant with the Z and W character-
istics of the mean individual in the total popﬁlation would have a wage
gain of approximately 6.5 percent. The mean wage gain of those who do
not participate is negativé, as should be expected--this is part of the
reason that such individuals do not participate. The mean welfare gain
from participation is equal to about a 40 percent increase in the wage.
Ihe welfare gain is larger than the wage gain because, in our applica-

tion, mean costs are estimated to be negative. There is nothing
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necessary in this result; and we expect that positive costs would occur
in other applications and that therefore the welfare gain would be
smaller than the wage gain.

The standard error on the wage gain is fairly 1arge, equal to .402.
This may seem at odds with our above results in the significance of
heterogeneity of rewards, but the two findings are quite compatible,Aas
illustrated in Figure 1. The mean reward in the population is -2.11, but
the fraction participating (about 5 percent) occupies only the small |
uppér tail of the reward distribution (the shaded region).l8 The con-
ditional mean in that tail is not far from zero, partly because the con-
ditional variance in the tail is naturally large, and partly because in
our application we have estimated negative mean costs, as already
mentioned--hence many individuals participate even though they have nega-
tive wage gains (although a few have very large wage gains).19
Nevertheless, the likelihood ratio tests reported above indicate that the
wage—gaiﬁ distribution as a whole is a good explainer of participation
and the wage gain from participation. A model which collapsed the
distribution on the mean would be significantiy worse.

The diagram in Figure 1 also shows how our model can be used to pre-
dict the effect on ea;nings of changing the participant population. For
example, lowering costs——such as by paying stipends to a training program
or providing scholarghips for education—-would shift Wn to the left (as
shown by the arrow) and enlarge the number of participants. Those
brodght into the program obv;ously would have smaller wage gains than
those already in--hence the mean wage gain must fall. Mathematically,

the effect on the mean wage gain of changing costs is:
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Wage Gain ' 26
(218+u) (-2.11)

=l
)
o

.065
(~.21)

Figure 1
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' o 2
9E(Z8 + u, } T, =1, 2,8, Wn) L o £(s,;) £(sy) s o
CICIED) T = F(s,) 81

! - F(sy)]

where the notation can be seen in the notes to Iable 3. This expression
must be positive because the term in curly brackets is positive (it is
‘the expectation of (Tz/du—v) conditional upon its being positive).

A related question with a somewhat different answer is what the
effect on mean wages in the total population would be. if costs were
lowered and participation expanded, i.e.; whether economy-wide produc-

tivity would increase. Expected wage growth in the total population'is:

E(Awi] X.B, 2,8, W,n) = X,B + Prob(T ;=L)E[Z,6 + uil T, =1, 2,6, Wn]

X8 + [1 = F(s;)][2,8 + (5-/0,_ YE(s;)/(1 = F(s,))].

Hence
PEMW, | X,8, 2,6, W,n)/3(W.n) = —£(s;)[(Z;8)0° + (W,;n)0>]/0>
i AU A i i i v i u'’ Tu-v’

This effect ié a weighted average of rewards énd costs, and hence is
gmbiguous in sign. In particular, the sign can differ between groups
with different Z and W characteristics. In our sample, since the mean
wage gain and mean costs are both negative, the expression is positive—-
hence lowering costs and increasing participation would lower mean wége
growth. This is again because negative costs imply that many par-
ticipants who are on the margin have negétive wage gains. If costs were
instead positive, subsidizing them would bring in participants with
positive wage gains and hence could improve mean economy-wide wages. The

strength of our model is that these effects can be caiculated explicitly.
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The rest of the results in Table 3 are also of some interest.
Evaluating wage and welfare gains at the mean characteristics of the par-
ticipant population gives higher values of both (almost 100 percent
higher in the case of wage gains). As shoﬁld be expected, those who par-
ticipate have the Z characteristics for which rewards are higher.
Likewise, as also shown in the table, nonparticipants have charac-
teriétics for which the wage gains are more negative. A "high-reward”
population—--the young, the inexperienced, and those with less schooling——
have wage gains of almost 20 percent, almost double those of the mean
participant. Finally, the.table results for the three-step technique
confirm the lack of robustness indicated in Tables 1 and 2. The wage and

welfare gains implied by the parameters are extreme and implausible.

III. SUMMARY AND CONCLUSIONS

In fhis paper we have extended the basié self~-selection model--
appropriate for estimating the effect on earnings of education, training,
unions, or migration¥~incorporate heterogeneity of rewards in returns
to the activity. We show that such heterogeneity can be neatly specified
in a model that has a close relationship to basic consumer demand theory,
and that the welfare gain to the activity can be estimated in the model.
We also demonstrate that the notion of heterogeneity of rewards has
strong implications for public policy, for it implies that bringing more
people into the activity lowers the mean rate of return. One of the
strengths of our model is that it makes these points explicit and

provides the means to calculate directly the effect of changing the cost
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Table 3

Expected Wage and Welfare Gains?

Three-Step
FIML Technique
Total Population 2, W:
Exp. Wage GainT=1 .065 5.306
(.402) --b
Exp. Wage Gain_, ~2.177 ~24.791
. (.919) (10.143)
Exp. Welfare GainT=1 .343 3.643
' 4 (.353) (3.297)
Exp. Welfare Gaing_, ~-1.969 -14.809
(.934) (9.126)
Participant Population E,ﬁ:
Exp. Wage GainT=1 ' .103 4.821
(.427) - --b
Exp. Welfare Gaing_; 434 4.023
(.384) (3.583)
Non-Participant Population Z,ﬁ:
Exp. Wage Gaing_, -2.189 ~24.902
o (0.920) (10.162)
Exp. Welfare Gain,l,=0 -1.981 -19.929
(0.941) (9.139)
High-Reward Population Z,ﬁ:c
Exp. Wage GainT=1 .187 4.110
(.484) ~-b
Exp. Welfare GainT=1 .534 , 4.922
(.453) © (4.215)

—-table continues-—
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Notes to Table 3
‘8Standard errors in parentheses.

. . e o = =
Exp. Wage Gain = B(Z,;8 +u| T} >0, Z;5, W,n)

T=1
- Ep 4 (Gi/cu_v)kl, A = £()/11 - F(s)]
s = (Win - 215)/0u_v
Variance = 03[l + (02/0, (A = 1))

Exp. Wage Gain E(Z;8 +u|TH <0, Z;8, W)

T=0

- 2 '
= Zié - (ou/ou_v)kz, AZ = f(s)/F(s)
, 2,2, 2 2
Variance . =0 [1 (cu/ou_v)(s)\2 + kz )]
- *lT* >0, 7,6, W
Exp. Welfare GalnT=l = E(T{ 1 ~4 y 230, Win)

= ZiG - W + Ou—vkl_

Varianc = 62 1 + 8y -2 2)
a ¢ u—v( St 1

. k| % - -
Exp. Welfare Gain, . = E(Ti' T, <0, Z,;8, W;n)

T=0
= 2,8 - W - ou_vkz
. " _ 42
Variance = Gu_v(l skz Az)

bNegafive variance.

CAge = 20, Experience = 2, Schooling = 9, Female = .44.
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structure on participation probabilities and mean rewafds of
participants. Our empirical application to a Swedish manpower training
program provides strong evidence of the existence of heterogeneity of
rewards. |

Therg are several areas of additional research on this topié. First,
it would be interesting to incorporate uncertainty into the model, for
participation decisions are presumably based upon some guess about the
future returns-——the actual return is not known. Another extension would
be the incorporation of involuntary nonparticipation into the model,
such as would occur if an individual desires to be a member of a union
and cannot get a union job, or if an.individual desires to enroll in an
educational or training program but cannot.20 "Finally, it would of
course be interesting to see this model applied to wage equations for

education, unions, migration, and other training programs.
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NOTES

lxjefer and Bassi employ a first-difference technique to eliminate
selection bias. Their stochastic model is a special case of a larger
class of panel data models that assume fixed effects. See Chamberlain
(1982) for a discussion of such models. In this paper we will only be
concerned with the first difference technique. Note also that the
manpower~training application of Ashenfelter (1978) uses panel data.
However, selection bias is avoided in that model only if selection is
based soley upon lagged earnings, an observable variable. The more
serious problem arises when selection is affected by unobservables, the
case we are concerned with here. See Barnow, Cain, and Goldberger (1980)
for a discussion of this distinction.

2This distinction was made in an earlier paper by Moffitt (1981).

3For example, this is the model discussed by Barnow, Cain, and
Goldberger (1980) and used by Kiefer (1979) and Bassi (forthcoming).

470 put it differently: dif there 1s no heterogeneity of costs or

preferences, and if the rate of return is constant (and positive), why do

not all individuals participate? The common statement that bias arises
because participation is correlated with "ability" and because "ability”
is in the linear error term €; cannot be correct, for €; cancels out in
the comparison of earnings with and without participation.

SNote that the equation system (10)-(13) is observationally equiva-
lent to the general Lee (1979) model in which each regime is allowed to
have its own error term with a separate variance, and where free correla-
tion between the choice-equation error term and the two regime error

terms is allowed. Compared to that general model, which has sometimes
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been estimated in the applied literature, our formulation only provides
an alternative interpretation of the various correlations (albeit an eco-
nomically important one). The importance of the interpretation of the
error terms can be seen by comparing our interpretation to the union
model of Lee (1978). Such a comparison has beeﬁ made recently by
Bj6rklund (1983), who shows that in the context of our model Lee's
paraﬁeter estimates have very different implications for the magnitude of
union-wage effects than he supposed.

68oth hypotheses are nesfed in the full model. See notes 9 and 10.

710 see this, note that the earnings obtainable by participating and

by not participating in the activity respectively can be denoted

<
il
1

,—l

1 Ysi + XiB + ZiG + u; + o if Ti

Y

£ YSi + XiB + ey if Ti =0

where t and s represent time periods after and before the activity.

8Note that the variance of the T* equation is identified, unlike that
of a probit equation. The reason is important. The variance is iden-
tified because the wage gain ZiG appears in the T* equation with a coef-
ficient of one. This is our restriction from theory--that the partici—
pation decision must be a direct function of the dollar wage gain. T# is
thus measurable in dollar terms and its scale can be fixed. This also
relates to the.identification condition on the W and Z vectors. In the
Lee model, the same condition appears as a requirement that the coef-
ficients on Y in the selectiop equation be identified-—-the variance can-
not be ideﬁtified and is normalized to one. In our model, the theo-

retical restriction we impose on those coefficients allows us to identify
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the variance instead. This is what allows us to identify the welfare
gain in dollar terms, a crucial contribution of the paper.

9The five identifiable composite variances are:

o't-%-l-‘u. = o‘§ + zo.eu + 0121
e

Gi_v = ci - Zcuv +0
G€+u,u—v = %u T %y + % 7 v
% ,u-v ~ %u ~ %v

The need for normalization can be seen by noting that there are six
unknown underlying parameters in the five equations.

10see normalized tﬁe covariance across the two earnings equations to
be zero. This cannot be the case in our model. Nor would Ocn = 0 be

plausible on a priori grounds.. Hence we set Oy = 0. Note too that our
measures of wage and welfare gains as well as tests for heterogeneity of

rewards and heterogeneity of costs are invariant to this normalization

because these measures and tests only involve the composite variances.

Regardless of the normalization, the test of O " %w = %u = 0 is a test
2 2
for whether (1) Oy = O and 2) 0€+u,u—v = O u-v' The test of o =
. 2
O = %y = 0 is a test for whether (1) Oy = °€+u,u—v - G€,u+v and
2 2
(2) 04y = ¢ Oetu,u-v f % u-v"

11These probability estimates are to be interpreted loosely, for the
probability mass at a single point is zero.

127he two equations could also be estimated separately.




33

13The concept of fixed effect in this model is thus in relative
terms.

Lhrp wage change equations it is common to include the change in
experience and schooling on the right-hand side. In our case we find
that inapproprigte because both variables are endogenous; the choice
beween participation and nonparticipation implies a choice between dif-
ferent changes in experience and schooling.

Note that there is mo identification requirement on X and Z.

167he lambda variables in these equations and those in Table 2 are
all significant at the 10 percent level.

17pnother source of imprecision in the model may lie in our not
having any variables in the selection equation that can be reasonably
excluded from the earnings equation.

18ye assume v = 0 for illustration.

19Such would occur in any case, of course, since v ranges to minus
infinity. But clearly a negative mean cost results in more participaﬁts
with negative wage gains than would be the case if costs were positive.

205ych a specification would lead to a disequilibrium model of par-
ticipation (Moffitt, 1981). The bivariate probit model with partial

observability would be applicable (Poirier, 1980).
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Appendix A
Evaluation of the Likelihood Function
The log likelihood function is:

L =X log(P + I log(P
1 108(Py) + T 1og(Ry)

where ;

)
[

Prodb (Ei + u, = Yi - XiB - ZiG, u, - v, > Win - ZiS)

o
1}

Prob (ei = Yi - XiB, LY < Win - Zid)

Letting f be the unit normal density function and F the cumulative normal
distribution function, the two probabilities can be factored into a con-

ditional univariate c.d.f. and a marginal univariate p.d.f.:

Py =[1 - F(x)] £(z))/0,

Py = F(r,) £(z3)/0,

where

Pef = cef/(°e0f>

pef = Oef/(cscf)

(Y, - X8 - 2,8)/0

z, (Win - Ziﬁ)/cf

W,n - ZiB)/c€
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Appendix A (cont.)

(zy = 020/ (1 - pefz)l/2

1
(25 = pog2g)/(L = p DT
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Appendix B

Sample Characteristics®

Participants NonParticipants
Number in the sample 87 . 2014
Log wage after
training (1981) 3.502 3.561
Change in log wages,
1974 to 1981 .895 ' .790
Age (1981) 35.45 ' 42.07
Years of schooling _
before training (1974) 9.55 . 10.18
Years of work experience
before training (1974) 9.18 14.95
Fraction of women 44 a4

aSample includes only those with wges in both 1974 and 1980, a subset of
the full sample.



