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1. Introduction

The essential idea of equilibrium search models of labor market behavior is that
wage policy matters. In contrast, the stylized neoclassical competitive model predicts that
firms paying a wage above the competitive equilibrium will disappear; those offering less
will attract no workers. The search approach introduces "friction” via information
asymmetries. Here, firms that offer high wages are more attractive to workers, obtaining
and retaining employees more readily than firms offering lower wages. Other things
eqgual high wage firms generate lower profit per worker but make it up on volume. These
simple ideas about wage policy have been stated in informal ways by several scholars.
Hicks (1932, [1966]) discusses the 'Gospel of High Wages' whereby unusually successful
employers pay high wages to have the "pick of the market" (p.36). Kerr (1954) initiated a
long-surviving, although never mainstream, line of research on empirical correlates of
wage policy that has since become known as "Dual Labor Market" theory. While these
early discussions of wage policy are often colorful, formal content has been given to the
ideas only recently in equilibrium search models by Albrecht and Axell (1984), Burdett
(1990), Burdett and Mortensen (1995), and Mortensen (1990). In competitive models
wage policy doesn't matter because by definition in equilibrium the law of one price holds:
all workers of a given type receive the same wage. Even in simple monopsony models
of the labor market (Card and Krueger (1995)) wage policy does not matter because the
law of one price still holds, albeit at lower than the competitive level. In contrast, search

models generate dynamic monopsony power for employers due to the presence of trade



frictions such as the length of time it takes to find a new job. A firm's wage policy is
important in such models because it directly affects the distribution of income in an
economy. Moreover, in such dynamic monopsony models public policy experiments such
as introducing or changing a minimum wage can have employment effects that are quite
different from those expected in the standard competitive case.

Because equilibrium search models provide a natural interpretation of interesting
labor market phenomena, the estimation of such models has attracted considerable
attention. Eckstein and Wolpin (1990) estimate a version of Albrecht and Axell's (1984)
model; van den Berg and Ridder (1993a,1993b), and Kiefer and Neumann (1993), and
Bowlus, Kiefer, and Neumann (1995) estimate a version of Mortensen's (1990) model.
Although these models differ in the forces of competition generated by firms, each
predicts a disperse price equilibrium to exist. In the Albrecht and Axell model the
equilibrium wage distribution is determined by heterogeneity in reservation wages of
workers. In Mortensen's approach the equilibrium wage distribution is determined by the
technology that matches workers to jobs. This is a pure search equilibrium model, in that
heterogeneity in workers or firms is not required for the existence of a dispersed
equilibrium. To date, efforts at fitting these models to data have not been completely
successful. The tight theoretical structure needed to generate simple estimation
strategies results in a poor match between theory and evidence. “Evidence” in this
context consists of data on the search time to find employment, the wage accepted, and
the duration of the job. While the duration data are in reasonable agreement with the

predictions of the theory, the distribution of earnings is not. This is to be expected: when



wage policy matters, higher wages bring forth greater labor supply to firms, and since
workers prefer higher wages, the distribution function of wages is predicted to have a
thick right tail. However, empirical wage distributions typically have thin right tails, looking
much like income distributions for which Pareto distributions are frequently used to
characterize the upper tail. One explanation for this mismatch between theory and
evidence is that unmeasured differences across workers and jobs can not be ignored. Of
course, unobserved heterogeneity, like dummy variables in a regression, can explain any
divergence between fact and theory. We adopt the approach of introducing
heterogeneity in small doses - so that the essential information basis for wage dispersion
is not completely absorbed into "heterogeneity."

In this paper we provide methods for estimating equilibrium search models using a
non-parametric estimator of heterogeneity. In Section 2 we describe the basic equilibrium
search model due to Mortensen (1990) and Burdett and Mortensen (1995) and we
develop the likelihood function appropriate to data generated by this model. For the case
that we consider, namely a discrete number of firm types having different productivity
levels Pj, j=1,..,, the estimation problem is non-standard, and the likelihood function is
not differentiable. We characterize the MLE for this problem and provide a means of
computing it. The computational method we employ exploits the special structure of the
problem. In the first part of the algorithm we calculate the points of support of the wage
distribution in the presence of heterogeneity; in the second part the profile likelihood
function, conditioned on the points of support of the wage distribution, is maximized with

respect to the remaining parameters in the usual manner. Asymptotic independence of



these parameter blocks guarantees that the stepwise maximum is a global maximum.
The third section contains a Monte Carlo study of the properties of the estimators
we propose using all the data from the search model - unemployment duration, accepted
wages, job spell duration and job transitions. In Sections 4 and 5 we apply this
technology to study the transition between school and work for black and white male high
school graduates using the National Longitudinal Survey of Youth (NLSY). This
application has been of considerable policy interest in recent years, so we use it to
examine how well the search framework can explain empirical patterns found in the data.
The model provides a satisfactory fit to the nonemployment durations following
graduation and the wage offer distribution for the first full-time job for both groups. It has
more difficulty matching the job duration data. Longer nonemployment spells and lower
wages for blacks are captured in the model through a lower arrival rate of offers while
nonemployed and a higher job destruction rate while employed. Three quarters of the
black-white wage differential is explained by differences in the search parameters
highlighting the important role labor market mechanisms can play in explaining wage

differentials. Our conclusions are given in the sixth and final section of the paper.



2. Equilibrium Search Models

To characterize labor market transition data we use the equilibrium search model
set out in Mortensen (1990). We summarize the homogeneous version of it briefly here.
The primitives of the model are (1) the offer arrival rate for unemployed workers, Ao, (2)
the arrival rate of offers while employed, A1, (3) the job destruction rate, , and (4) the
productivity level of firms, P. In the model workers, taking the wage offer distribution of
the firms as given, solve the standard search utility maximization problem and adopt a
reservation wage strategy. Following Mortensen and Neumann (1988) a worker's

reservation wage while unemployed is:
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where F(w) is the wage offer distribution, Kg=A¢/d and K;=A1/d, and b is the value of non-
market time. Unemployed workers see jobs arrive at rate Ao, and they accept the first job
that offers more than their reservation wage. While employed at wage w, a worker's
reservation wage is also w. Job offers arrive at rate A; for employed workers, and jobs
are destroyed at rate &. In the homogeneous version firms are identical with productivity
level P, face constant returns to scale in production, and maximize profits by choosing the
wage to pay. The balancing condition which equates supply and demand is that firms will
offer higher wages if and only if they can expect to get an additional number of workers to
cover the lower per worker profits. Higher wages attract more workers to a firm and allow

firms to retain the workers longer. Mortensen (1990) shows that the unique equilibrium



wage offer distribution is:
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The development so far has considered the case where all firms have identical
productivity, P. Bowlus, Kiefer and Neumann (1995) and Koning, Ridder and van den
Berg (1995) point out that this implies from (3) that the density of wage offers, is
increasing over its support. But, as noted above, empirical wage distributions typically
have a thin right tail.

The observed empirical distribution of wages can be made consistent with the
equilibrium search model if within a market there are differing levels of productivity across
firms and if firms with especially high productivity are relatively rare.* Heterogeneity in
firm productivity can be introduced in two ways. Following Bontemps, Robin and van den
Berg (1996) one could assume P is continuously distributed. Alternatively, following
Bowlus, Kiefer and Neumann (1995) heterogeneity can be viewed as arising from a finite
number of firm types, Q. Either approach can fit the wage distribution, but there are
advantages and disadvantages of the approaches in other respects. The disadvantage

of assuming a continuum of firm types is that the assumption creates a direct map

1
Unobserved between market heterogeneity in productivity levels has also been used to reconcile the shape of observed empirical
wage distributions with that implied by the search model (see Koning, Ridder and van den Berg (1995)).



between the distribution chosen to represent productivity and the resulting wage
distribution due to the competition faced on either side by any one firm. A one-to-one
mapping exists between productivity and wages. The model is then less clearly a search
model - in that there is no longer pure search wage dispersion. Thus, it is difficult to
assess the role of information in the operation of labor markets. The advantage of
assuming a continuous distribution function is that it makes the estimation problem
standard.

The advantages of modeling heterogeneity as discrete are twofold. First, while
allowing for some flexibility in the shape of the wage offer distribution, it retains the key
model element of search induced wage dispersion. Second, the classification of workers
into different levels of productivity generates testable economic implications that will be of
use when paired worker-firm data are available.> A disadvantage is that discrete
heterogeneity results in a likelihood function that is discontinuous in some of the
parameters and whose estimation is non-standard. Non-standard estimation issues arise
frequently in the application of dynamic programming models and can be handled.

Because we find the advantages of the discrete specification compelling enough to
justify a trial application, we pursue the discrete heterogeneity approach in this paper. To
this end, assume that there are Q types of firms with productivity P; <P, <...<Pq. The
fraction of firms having productivity P; or less is y; = y(P;). The equilibrium wage

distribution, following Mortensen (1990), is:

2 The Danish IDA dataset currently follows a sample of 1000 firms and reports earnings and labor market transitions for all workers
at those firms.
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where wyj is the lowest wage that will be offered by a firm of type j and wy; is the highest
wage paid by a type-j firm.

Several restrictions are implied by the model. First, w1 =r, and wyj = Wiji1, | =
1,..,Q-1. Second, F(wy) =V, j=1,...,Q. Define Bj = [(1+K1(1-y))/ (1+K1(1-y,.1))]2 and
observe that 0 < B; < 1 [0j. Then, from the condition F(wy;) = y; it follows that

Wy —BjWyy

Pj = T (6)

]
Equation (6) implies that if we know K1, r, wy and y;, j = 1,..,Q, we can estimate the
unobserved productivity levels, P;.

The stochastic processes induced by the model described above completely
characterize labor market histories, whether complete or incomplete. The data to be
explained are the duration of unemployed search, D1, the wage received on an accepted
job, w, the length of that job, D,, and whether the job ends because it was lost (C=1) or
left (C=0). According to the theory unemployed search duration is exponential with

intensity parameter Ao. The marginal distribution of accepted wages is f(w) given by
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where I(x) is the indicator that the event x occurs. The theory also predicts that
conditional on the wage rate received, w, the density of job duration, f(D,[w), is
exponential with intensity parameter (o + A1(1-F(w)) where F(w) is given in equation (4).

Finally the probability that a job ends by being lost rather than left, Pr(C=1Cw), is

0
PHC = W) = S . a=Fw) ®
The likelihood function for this segment of the labor market history is:
((6) = A, exp(=A,D,)f W)expt 6 +A, L-F W))D,)5° A,[1- Fw))"™. 9)

We patrtition the parameters of this model into three groups as: 6 = < 04,6,,0; >

where

01 = < Wh1, WH2, .., WhHo-1 >

8, =<r, WhHo >

B3 = <Ag, A1, 0>,
Observe that the likelihood function is continuous but not differentiable in Wyz,...,Wng-1,
which can be seen from the distribution function of wages shown in equation (5).
However, the cut points wy;, j=1,..,Q-1, are points of discontinuity of the density and the
results of Chernoff and Rubin (1956) show that maximum likelihood estimates of
discontinuity in density converge to their true value at rate N. Therefore asymptotically, to

12

order N, the variability in estimates of wy; is unimportant and can be ignored. We

provide empirical evidence on this conclusion in a small sampling experiment below. In



our application, we use the bootstrap to provide standard errors for these parameters.
The likelihood function (9) with wy; treated as known remains non-standard because the
range of the random variable, w, is from r to wyg and these are parameters of the model.
Kiefer and Neumann (1993) propose the estimators

r=min{w,}, S=max{w,} (10)

A

for r and wno. The estimators  and § are super-efficient but in finite samples they are

not necessarily the MLE's for r and wyg. However, asymptotically they are the MLE's and
the theory of local cuts (Christensen and Kiefer (1994)) justifies conditioning on them. As
van den Berg and Ridder (1993a) note, these estimators are sensitive to measurement
error, but at least for the case of classical measurement error their performance is
actually improved in small samples.3

A characterization of maximum likelihood estimators for wy; j=1,..,Q-1 in wage data
is given by the following theorem. The result is that the MLESs for these parameters occur
at observed wages.
Theorem 1.

Let {W\} be the set of observed wages from a sample of size N drawn from
the wage distribution described in equation (7). Denote the parameters

corresponding to points of discontinuity of this distribution as wy;, j = 1 to Q-

1. The maximum likelihood estimator for wy;, denoted Wiy isa (Q-1)

element of Wy.

In small samples the extremum estimators are biased - r is overestimated and s is underestimated; this bias disappears
asymptotically. However, classical measurement error adds noise to each observation so that the observed sample minimum is
likely to have negative measurement error, and conversely for the sample maximum. This partially offsets the bias in the extremum
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Proof.

It suffices to consider the case of a single cutpoint, ® . Write the likelihood for

wage data as

(@) = Z[ln(l/ 2;) =V An[(R - wW(R- 1

+ Z@[ln((1 +K,) 1 2k,) =1/ 2In[(P, = w)(F, - O)]]

Here P, and P, are functions of © and © is a single kink point in the distribution. The
argument is as follows: if © does not occur at an observed wage, then the first and

second order conditions for a maximum must be satisfied at ©. We show this is not
possible. It suffices to do this for the case where © is the only unknown parameter as we
show the second derivative is positive - so in the multiparameter case a diagonal element
of the Hessian would be positive, violating the second order condition. Differentiating

twice and using 0P1/0©® = 1/(1-B;) and 0P,/0© = -B,/(1-B,) gives

2lgq = WZ) [(P- w)? + (Pi- R)?](1- By)”
+ W; [(P2- W)* + (P, ©)"(-B./(1- B))’
+V;9 [(P.- ©)%(B./(1- BY)
+W; [(P.- ©)*(B./(1- B) + 1)

>0

Theorem 1 tells us that there is no purpose looking for solutions to normal equations for

estimator.
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estimates of the points of discontinuity; the estimates are observed values of wages,
which are the points of discontinuity of the likelihood function of the sample. Though our
theorem and proof focus on the leading case of wage data (the most relevant, and
necessary, source of information on the wage distribution), experience has shown us that
the addition of duration data, etc. does not affect the main result. Many variations are
possible with different data configurations. For Q known there are N!/(N-Q+1)!(Q-1)!
potential estimates of wy;, which can be a large number. Finding the maximum of the
likelihood function can be done by a grid search in low dimensions, although for Q > 3 this
becomes time intensive for samples of the size typically used in panel data - that is, N =
500-1,000. For example, for Q=3 and N=500 there are N(N-1)/2 =124,750 distinct
combinations of wy; and wy, possible. The N(N-1)/2 elements are the upper off-diagonal
elements in a matrix array of W x W where search is restricted by the order relation wy,; >
wyi. This triangular array is replaced in higher dimensions by the suitably restricted sub-
matrices with wy; > wy; for j > 1< Q. Not all of these ordered points are admissible. To be
admissible we must have P; > P; whenever j > |. Mortensen (1990) shows that P; > P;
W > Wi, but the converse is not true as can be seen from manipulation of equation (6).
Equation (6) provides the solution to P = A*Wy , where P is an Qx1 vector of
productivities of the Q firm types, and Wy is an (Q+1)x1 vector of wage cut points -Wy(1)
=1, Wh(2) = wni, etc. When P is not ordered, the estimate of wy; that generated P is not
admissible, and the likelihood function need not be evaluated at that point.

The likelihood function shown in (9) can be maximized using an iterative procedure
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with two steps in each iteration. In the first step of the algorithm the function is

I(61| 6,, és) maximized using Simulated Annealing (Szu and Hartley (1987), Otten and
Ginneken, (1989), Kirkpatrick et. al.(1983)) to obtain an estimate of 6, ,él. In the smooth
maximization step él is used to maximize I(03| éz, él) using a Newton-Raphson
procedure. These steps are iterated until convergence occurs. Since the estimator él
converges at rate N (Chernoff and Rubin, 1956) it is asymptotically independent of ég.
The estimator é2 is also superefficient (and a local cut) and asymptotically independent

of é3. Thus, iterative separate maximizations lead to a joint maximum of the likelihood

function on convergence. In the Simulated Annealing step we use a maximum number of
iterations that depends on the number of points of support of the heterogeneity

distribution, Q, with a "wrong" acceptance probability of .05 for a unit step in the wrong
direction. On the smooth part of the function we maximize I(93| él ,éz) using Gauss's

OPTMUM procedure with a stopping criteria of a change in function value less than 10°.
So far we have treated Q, the number of points of support of the heterogeneity
distribution, as known. The choice of Q in this framework is similar to choosing the points
of support in the Heckman-Singer (1984) estimator of a mixing distribution. As yet there
is no formal test for choosing the correct level of Q. Certainly one could consider
conditional moments tests, choosing the first Q that produces a set of estimated moments

within a given tolerance range of the sample moments. In our experience the quasi-
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likelihood ratio test - -2*Alogl < Xos - appears to work reasonably well as a criterion for
choosing Q. We describe our experience with this rule with a small Monte Carlo study in

Section 3.

3. Monte Carlo Results

To examine the behavior of the estimator described in section 2 we conducted a
small Monte Carlo analysis. Samples of size 500 were generated according to the true
model and 500 replications were performed. The true model is specified as Ag = 0.03, A1
=0.01, 6=0.0035, Q=3, r = 100, wyy; = 179, wyyp, = 377, w3 =677.35,y1 = .3, y. =.7. The
model was estimated for Q= 1,...,7, and the number of break points was selected by
comparing minus twice the loglikelihood difference associated with increasing Q by one
(this statistic is denoted V) with the .05 critical value of )(2(1). We denote the Q chosen by
this criterion as Q". As we noted above, the sampling distribution of V is unknown. It is
clear that the likelihood function is nondecreasing in Q. Note that the Neyman-Pearson
lemma applies, so V is the right criterion function to use. What remains unknown is the

distribution of V and therefore the appropriate critical values.

For 500 replications the marginal distribution of the estimated Q is given in Table
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Table 1
Sample Distribution of Q
True value of Q =3

Q = 1 2 3 4 5+
h(Q) = .000 .000 368 398 234

Using this criterion Table 1 indicates a tendency towards overfitting the points of support
for the wage distribution. Note that this is the opposite of the pattern typically found in
using the Heckman-Singer estimator. In fact, Heckman and Singer (1984) find that the
estimator typically chooses a small number of points of support. As Table 1 shows, in this
Monte Carlo experiment we never underfit Q and 63% of the time we choose a value
greater than the true value of Q. This bears further investigation and suggests increasing
our critical values.

The obvious question is how does the choice of Q affect the estimates of the
parameters of the model, in particular Ao, A1, and 3. Table 2 shows the sampling
distribution for these parameters with Q chosen according to the criterion we have given.
Thus these are marginal quantities (with respect to Q). As the table shows the mean
values of these estimates are dead on. Furthermore the sampling variation is very small.

For example, 95% of the sampling distribution of A; lies between .009 and .011, and for &

between .0031 and .0038.°

* The estimates of the reservation wage r and the highest wage wq are unaffected by the choice of Q.

® The estimate of Ao does not depend upon the value of Q.
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Table 2
Sample Distribution of Ag, A1, and &

Parameter Mean 5th %-tile 95th %-tile
Ao 0.030 0.028 0.033
A1 0.010 0.009 0.011
) 0.0035 0.0031 0.0038

If we use a value of Q greater than the true value of Q, Q°, we find that this has a
relatively small effect on the parameters. For example, the root mean square error for A;
increases by 2.4% if we compare the estimates implied by Q with those produced using
Q°. However, the root mean square error for & decreases by 2.2% using the same
comparison, which implies that very little is lost on average by overfitting Q. In contrast,
although we would never choose to underfit the distribution by following this criterion, had
we chosen Q equal to 2, for example, the root mean square errors for A; and & double

compared to Q*. Thus the "loss" associated with overfitting Q seems minor.

4. The Transition From School to Work
We apply the estimation procedure described above to a sample of wage and
duration data from the NLSY for black and white male high school graduates who did not

continue on in formal education.® We collected information on: (1) the non-employment

® The sample includes only those individuals who receive a high school diploma. GED recipients are dropped.
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spell between graduation and the first full-time job, (2) the wage accepted on the first full-
time job, (3) the job spell length, and (4) whether the job was left (a quit) or lost. Two
important, practical measurement issues arise in studying the transition between school
and work. One involves the timing of when a job is found, and, consequently,
measurement of non-employment spells. The second issue is the definition of a job: How
should one distinguish full-time employment from casual, stop-gap jobs? Obviously, the
definition of a full-time job affects measurement of job search duration, so we begin with
our definition of full-time employment.

Nonemployment durations

We define the first full-time job as the first recorded employment opportunity that:

(a) consists of thirty-five hours or more a week;

(b) lasts at least one month (four weeks), and

(c) starts within three years after high school completion.
To make sure we have the first full-time job spell after graduation we include only
individuals who finished high school after January 1, 1978." If the first full-time job spell
happens to surround the education completion date, it is used as the first spell only if the
individual holds the job longer than two months after the education completion date. This
eliminates summer jobs and temporary jobs held while in school. Nonemployment
durations then consist of the number of weeks between the start of the first full-time job

and the respondent’s high school graduation date. Consequently, the spell of job search

may actually contain one or more spells of part-time employment. This focus on full-time

7 Reconstructing employment histories prior to 1/1/78 is not possible in the NLSY.
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employment is standard in the literature.®

Even with the restriction of employment to full-time jobs a substantial number of
nonemployment spells have weeks of search equal to zero; i.e., the individuals were
employed prior to finishing their education. In the data 22% (44/199) of black high school
graduates had zero search duration, as did 32% (149/465) of white high school
graduates.g Eckstein and Wolpin (1995), who also study the school to work transition
using NLSY data, measure spell duration in quarters and treat these spells as having a
duration of 1 quarter.10 This procedure artificially produces the appearance of duration
dependence even when none is present, and in fact can produce the appearance of
negative duration dependence when the data actually are drawn from a distribution
characterized by positive duration dependence. This problem is, of course, the classic
problem of initial conditions. When an individual starts searching for a job is unobserved,;
a search duration is partially observed only if a job is not found by the end of formal
education, and in this case only the forward recurrence time, Tg, is observed. Completed
spells of search, T, are random variables characterized by observed measurements Tc
=Tg + T, Where Tg, is a realization of a backward recurrence time. The problem is that
Tg is unobserved.™*  As is well known ( Billingsley (1961), Cox and Lewis (1966),

Heckman and Singer (1986)) the distribution of forward recurrence times is not in general

8 See for example, Eckstein and Wolpin (1995), p. 269. We use the same data source as Eckstein and Wolpin, although our data
come from the 1992 version of the NLSY while they use data through 1986.

9 In addition, 70 white and 80 black high school graduates were dropped from the sample because they had not found a full-time
j100b within three years of graduating.

Eckstein -Wolpin do not state how they treated such spells. We infer that they are given the shortest duration of 1 quarter from
the text on page 269 and the plots of the Kaplan-Meier survival functions on pages 271-3.

™ |n principle the backwards recurrence time could be measured, but to our knowledge this has not been done in any of the data
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the same as the distribution of completed spells, the only exception is the exponential
distribution. There is no simple fix for this data problem. Discarding the first observation
as Billingsley suggests is not an option as there are no repeat spells of transiting from
school to work. In what follows we maintain the assumption that search durations are
exponentially distributed, but recognize that the observed measurements are left-
censored. That is, only individuals with a positive forward recurrence time contribute
information on nonemployment durations in the likelihood function. Based on the
estimates obtained under this specification we test whether the data can reject the

exponential specification and, if so, why.

sets used to study the transition from school to work.
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Job Duration

Job durations are recorded as the number of weeks from the starting date of the
job to the ending date of the job or survey, whichever comes first. If the latter, then the
spell is right-censored. Because we follow individuals through the 1992 wave of the
NLSY, the censoring rates are low - less than 10% for both blacks and whites. Individuals
are coded as leaving the first job if they leave it for another job without an intervening
spell of nonemployment, and as having lost it if they transit into nonemployment.12 Itis
possible for a nonemployment/job spell series to be inadmissible. This occurs if either
one of the spells has an erroneous start or stop date.”®* These spell series are excluded
as well as those with job spells that are not in the private sector and those with missing
wages or hours.

Wages

Wage data in the NLSY are categorized according to time rates: hourly, daily,
weekly, bi-weekly, monthly, and annually. Each time a respondent is questioned about a
job, wage information is collected. For this study the first wage reported for a job is used
as the accepted wage offer. All wages are converted into weekly wages and reported in
1990 constant dollars. Some care needs to be taken with the wage information reported
by the NLSY. Several cases can be found where a respondent reports a time rate that
does not agree with the pay rate. To identify these problem responses we cross-checked

all time and pay rate responses against upper and lower bounds collected for males of

2
Respondents with less than two weeks between the end date of their first job and the start date of the next are coded as having
left to make a job-to-job transition.
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the same age and education from the Current Population Surveys (CPS) for 1979-1992.*
Those respondents with wages that do not fall within the acceptable ranges are dropped

from the sample. Wages greater than $600 per week are also dropped from the sample.

Comparison of Survivor Functions: ESF vs. Exponential
1 — Data=blhs

1 % 3 5 65 78 91 104 17 130 13 "156

Comparison of Survivor Functions: ESF vs. Exponential
Data=WHHS

i) % 3 5 a5 .78 91 104 17 1% 13 "156
Unemp duration in weeks

Figure 1
Nonemployment Duration

Sample Characteristics: Durations and Accepted Wages.

The raw data on durations and accepted wages are informative about the
underlying search process. In Figure 1 we show the survivor function for nonemployment
durations for black and for white high school graduates. In each case we plot the Kaplan-

Meier estimate of the survivor function along with the survivor function for an exponential

13 A few spells in the data have no start and/or no stop dates and a few have start dates which are greater than their stop dates.

14 We use the 5th and 95th percentiles from the set of hourly wages for paid hourly workers from the March outgoing rotation groups for
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random variable with the same mean duration. The visual impression one gets from
these data is that there is slight drop off in the hazard rate in the second quarter of non-
participation - from 13 to 26 weeks - but that overall for both groups the exponential
specification does not appear at odds with the data. We will return to this point in section
5 below where we formally test this proposition. In comparing blacks and whites we find a
substantial difference in mean nonemployment durations. On average, black high school
graduates spend 45 weeks searching for full-time employment after graduation while
whites spend 37 weeks. Taken together with the higher tendency of whites to already be
employed at the time of graduation (32% versus 22%), black males experience a more
difficult time making the transition to work.

Figure 2 shows the empirical distribution of accepted wages for high school
graduates by race. Along with the histogram of wages we have drawn the frequency
function for a log normal distribution with the same mean and variance as the underlying
data. In both cases the data suggest that the wage distribution is less skewed to the right
than a simple log normal. The mean accepted wage for white high school graduates is
$291.70 and for black graduates is $255.08. Thus we find a substantial black-white wage
differential of 13% even among first jobs. Given the age of the respondents (14 to 21) at
the start of the survey in 1979, the majority graduate from high school between 1978 and
1984. This period covers the 1980-1982 recession. Examining wages in the year these

first jobs started, we find no significant effect of the recession for either blacks or whites.

each year. This avoids wage conversion problems also present in the CPS. The lower bounds are quite close to the minimum wage.
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However, as pointed out by Eckstein and Wolpin (1995), whites who graduate during the
recession have significantly lower wages on their first jobs.™ Further analysis of this
effect in our sample reveals this result stems not from a cycle effect but rather from a
general decline in wages over the sample period.16 This decline fits with evidence from
Juhn, Murphy and Pierce (1993), although in these data it appears to be too large.
Further investigation of this patterns seems warranted but is both beyond the scope of
this paper and the NLSY data.’

One indicator of specification problems in a stationary search model is the
presence of correlation between accepted wages and search duration.® For white
high school graduates the correlation between accepted wage and measured search
duration is -0.072, with a marginal significance level of 20%. Similarly, for black high
school graduates the correlation is -0.149, with a marginal significance level of 6%.
Thus these data do not suggest evidence of a changing reservation wage or of
unmeasured worker heterogeneity, both of which would generate correlation between

accepted wages and search duration.

5 R
Wages for blacks are also lower but not significantly so.

Regressing wages on either the starting year or the graduating year reveals a significant downward trend for both black and
white high school graduates over this time period.

Given the panel nature of the NLSY and the original age constraints, 1984 effectively contains the last cohort of high school
%raduates. Thus it is difficult to distinguish between trend , cycle and other unobservable effects.

The interpretation of the correlation depends upon the alternative one has in mind, but all stationary search models with
homogeneous workers predict that the correlation should be zero.
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Figure 2
Accepted Wages

In addition to differences across blacks and whites in nonemployment durations
and accepted wages, differences also emerge in job spell durations and transition
patterns. The mean job spell duration (including censored spells) for white high school
graduates is 114 weeks while it is only 85.4 weeks for black high school graduates. Of
those job spells that end within the sample period, 71% end in a transition to
nonemployment for black graduates. The comparable figure for white graduates is only
55%. A further implication of search models is that the expected duration of a job spell

is positively related to the accepted wage. This pattern is also found in these data -
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pozw = 0.258 (with msl=0.0002) for black high school graduates and pp,w = 0.107
(with msl= 0.021) for white high school graduates, although the overall levels of
correlation (especially for whites) are surprisingly weak. We return to this issue in
section 5.

We also examine the employment outcomes of workers who start jobs before
their education is completed. In these data 44 of 199 black high school graduates and
149 of 465 white high school graduates have such employment. Accepted wages, on
average, are the same whether the job began before schooling ended or not. For
blacks the difference between the group means is $7.15, while for whites the difference
is $5.44. Compared to mean weekly earnings of $255 for blacks and $291 for whites,
these differences are both statistically and practically small. On average, black high
school graduates worked 23.4 weeks prior to graduating. Similarly, white high school
graduates worked 34.8 weeks before school ended. This leads to a marginally
significant difference in mean job spell durations. For blacks, those who started
employment before they completed schooling stayed with their first employer 29 weeks

longer (t=1.33), while for whites the difference in job durations was 20 weeks (t=1.40).

5. Estimation Results
Tables 3 and 4 contain the estimation results for white and black males,
respectively. In both cases a large improvement in the log likelihood function occurs

when heterogeneity is introduced. As in Bowlus, Kiefer and Neumann (1995), the value
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of the log likelihood function stabilizes as Q gets larger. Using our criterion the optimal
choice for Q is 4 for whites, and either 3 or 4 for blacks. For ease of comparison of wage
distributions we choose a value of Q =4 in both cases. Examining the behavior of the
parameter estimates over Q we find that they converge as well. At levels of Q beyond the
optimal choice, the differences in the parameters across Q are insignificant. This is
primarily due to the inclusion of duration and transition data, in addition to wage data, in

the log likelihood function.

Table 3
Estimates for White Male High School Graduates

Ao A1 d LogL
0.026878 0.004079 0.005143 -7064.67
(.001542) (.000301) (.000302)

0.026878 0.006947 0.004612 -6932.55
(.001542) (.000497) (.000291)

0.026878 0.007877 0.004445 -6905.17
(.001542) (.000562) (.000287)

0.026878 0.008041 0.004409 -6898.73
(.001542) (.000574) (.000287)

0.026878 0.008119 0.004395 -6897.58
(.001542) (.000581) (.000287)

0.026878 0.008321 0.004364 -6895.67
(.001542) (.000596) (.000286)
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Table 4
Estimates for Black Male High School Graduates

Q Ao A1 e} LogL

1 0.022258 0.003207 0.008448 -3064.56
(.001798) (.000450) (.000694)

2 0.022258 0.006940 0.007730 -2958.37
(.001798) (.000923) (.000674)

3 0.022258 0.007472 0.007634 -2939.99
(.001798) (.000971) (.000673)

4 0.022258 0.008001 0.007551 -2938.17
(.001798) (.001065) (.000671)

5 0.022258 0.008165 0.007519 -2936.45
(.001798) (.001078) (.000670)

6 0.022258 0.007978 0.007532 -2935.97
(.001798) (.001080) (.000672)

Comparing the estimates across the two groups reveals that blacks face a

significantly higher arrival rate of offers while unemployed, A,, and a significantly higher
job destruction rate, d. Interestingly A,, the arrival rate of job offers while employed, is

not different for young black and white males. These results imply much lower relative

competition levels for blacks than whites.” The values of k, =A,/3 and k, = A,/ 0

for white males are 6.10 and 1.82, respectively, while for black males they are 2.95 and

1.06. Table 5 shows the estimates of r, wyy;, y and P;, j=1,..,Q’, for both groups. Itis

!9 The ratios of the job offer arrival rates to the job destruction rate, ko and ki1, can be viewed as the relative competition levels firms face
for workers.
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interesting to note that black and white men have similar reservation Wages20 and similar
degrees of heterogeneity in productivity . However, as stated before, blacks earn 87.4%
of whites in this sample. This wage differential arises because job destruction is higher
for blacks®! and because of differences in productivity. The higher outflow of blacks
means the effective competition for them is almost half that for whites (compare K;S)
giving firms more monopsony power in the black labor market and lowering their wages.
In addition, a higher job destruction rate slows the rate at which blacks are able to move
up the wage distribution through job-to-job transitions. The difference in the values of k;
accounts for approximately three-quarters of the black-white wage differential.’? The
remainder stems from differences in the productivity distribution. Even though average
productivity is higher in the black labor market ($520 versus $486), the white distribution
produces higher average wage offers. The higher mean comes primarily from the high
value of P, for blacks.?® However, a job offer from this firm type is highly unlikely, and so
mean wage offer differences are primarily driven by the higher values for whites at low
productivity firms, the lower fraction of P; firms for whites, and the higher fraction of P,

firms for whites. Thus, while

This is likely due to the choice of high school graduates, our wage screening procedure, and a binding minimum wage during
this period.

The large difference in the arrival rates of offers while unemployed, Ao, only affects the wage offer distribution through the
reservation wage. If blacks and whites had the same value of non-market time, b, then a lower value of A for blacks would imply a
lower reservation wage for blacks and would add to the explanation of any wage differential. However, in the presence of a binding
minimum wage that avenue is eliminated.

There is a $37 difference in mean wages. Holding reservation wages constant the search model predicts the mean wage offer
for blacks would increase by $25 if blacks faced the whites’ value of k1 and the mean wage offer of whites would decrease by $29 if
whites faced blacks’ k1.

High values of P often result in the estimation when the estimated value of k1 is low and relatively high wages are present in the
data.
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Table 5
Estimated Support Points of the Wage Distribution
White Males Black Males
Parameters Q=4 Q=4
r 145.54 143.79
Wh1 284.29 253.16
Vi 0.5825 0.6315
P 372.66 344.55
W2 365.63 281.83
Y2 0.8046 0.7563
P2 484.18 411.10
Whi3 472.29 373.26
V3 0.9427 0.9301
P3 682.18 618.22
Whia 597.16 598.47
Ya 1 1
P4 1164.92 2060.84

productivity differences are important, the greater presence of the wage differential is
explained in this model by differences in labor market competition across the groups.

Asymptotic standard errors for Ao, A1, and d are shown in parentheses in Tables 3
and 4. Table 6 provides bootstrap standard errors for Ao, A1, and & using the white high
school graduate sample, based on 100 replications for the parameters corresponding to
Q*. We note that the standard bootstrap may not provide the correct coverage

probabilities in this case because we have estimated the endpoints of the distribution
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(Bickel and Freedman (1981)). Beran and Ducharme (1991) and Swanepoel (1986)
show that this problem can be avoided by undersampling in the bootstrap. That is,
instead of drawing N bootstrap observations with replacement from the sample of N
observations, one needs to draw M < N. Unfortunately, the asymptotic bounds on the
sequence needed do not provide any aid in choosing M in application.24 To provide
some feel for how to choose M we ran a small Monte Carlo experiment to bootstrap the
distribution of the maximum from a sample of N observations. The distribution was
U(0,1). We set N=500, and drew a sample. We bootstrapped from this sample setting
M at 100,200,..,500. We examined the sampling distribution of the maximum value,

Xny , and the normed and centered statistic defined by
RM,N = M( X(N) - X(*M))/ >§N) [11]
The sample maximum has density function g(x) = NxX'™ and Ry is asympotically

distributed as extreme value 1 in the case of the unit uniform. Here X', is the first
order-statistic from the resample of M observations and X is the sample maximum
observation.

In this experiment we find that the 90 and higher percentiles of Ry line up very
well for the sample maximum, even for M/N =1 for sample sizes of 500. For the
centered and normed maximum this agreement fades as the ratio of M/N exceeds 70%.

In Table 6 we report standard errors corresponding to M=N; i.e., no under-sampling.

Results using a 30% undersampling scheme are similar, although the standard errors

4
Swanepoel's bound requires that the sequence My must satisfy O(N®) < My < 0((N1+E)/Iog(N))1’2, which is of little use in choosing
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are a little larger.

In Table 6 we also compare the standard errors from the Hessian for the regular
parameters to those from the bootstrap. They line up well, showing that the asymptotic
standard errors are a good approximation. As noted, above the bootstrap standard
errors are the only ones available for the change-point parameters. Note that, as
expected, these parameters are quite precisely estimated.

Diagnostics

With estimates of the model in hand we can ask how well does this simple model
fit the data. For non-employment spells the issue is whether the assumption of
exponentiality can be rejected. Figure 1 above suggests no great discrepancy, but we
proceed to a formal test. Within groups the duration of recorded search is exponential
with intensity parameter Ao SO a natural test would be White’s Information Matrix test,
which in this context can be shown (Kennan and Neumann (1988)) to test whether the
variance equals the mean squared. There is substantial evidence that the finite sample
distribution of the IM test is poorly approximated by its asymptotic distribution for samples
of the size used in most economic studies, (i.e., N <50,000). However, Horowitz (1994)
has shown that bootstrap-based critical values eliminate essentially all of the size problem

with this test. We bootstrapped the IM test for exponential search spells using 1,000

Table 6a
Comparison of Hessian and Bootstrap
Standard Deviations For White Male NLSY Sample

M for a given sample.
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Parameter Hessian Bootstrap Bootstrap
s.d.'s x (10 cV
Ao 1.542 1.844 0.068
A 574 0.736 0.097
0 287 0.425 0.095
Table 6b
Bootstrap Standard Deviations of Cut Points
Parameter S.D. Parameter S.D.
r 3.638 Py 21.767
Wh1 28.782 P2 57.484
Wh2 43.857 Ps 97.972
Wh3 50.611 Py 157.307
Whg4 4.941 -- --

replications and obtained marginal significance levels of 0.549 for white high school

graduates and 0.492 for black high school graduates. Thus, in both cases we cannot

reject the hypothesis that waiting times are exponential. This is not surprising. In the

data the mean observed duration is 45.6 weeks for blacks and the standard deviation is

43.7 weeks. For whites, comparable figures are a mean of 37.8 weeks and standard

deviation of 38.9 weeks. Therefore, a test that looks at whether the variance equals the

mean squared will not find evidence against it in these data. For example, the standard

chi-squared based 95% confidence interval (which is based on, and sensitive to, a

normality assumption) yields confidence intervals of 38.7 to 52.5 weeks for the standard
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deviation of search spells for blacks, and 33.4 to 41.1 weeks for whites. Of course, this
conclusion would be reversed if we treated the zero duration spells as having 1 week
duration. Using that convention results in a mean “duration” of 35.7 weeks for blacks with
a standard deviation of 42.8 , and for whites a mean of 26 weeks and a standard
deviation of 36.4 weeks. Both the bootstrapped White IM test and the classical chi-
square test for the standard deviation equal to the mean strongly reject the hypothesis.

These tests look only at the relation of the mean and variance. To pursue these
diagnostic issues further we examine the slope of the hazard function. To do so, we fit a
Weibull model to the duration data and test whether the estimated shape parameter,p,
differs significantly from 1. The results are shown in Table 7 for only duration greater
than zero (Durl) and durations defined as Dur2 = Durl +I(Durl==0)*1. For both groups
using only durations recorded as positive, the shape parameter is estimated to be .92,
which is fairly close to 1. For blacks the asymptotic confidence interval straddles 1.0,
while for whites it is, to two decimal points, right on the line.

Table 7

Specification Tests For Exponential Search Times

Dependent Var/ Group P 95% Upper Limit 95% Upper Limit
Durl

Black HS Graduates .9190 .8089 1.0441

White HS Graduates 9151 .8387 .9985
Dur2

Black HS Graduates .6669 .5964 .7459

White HS Graduates .6255 .5827 .6714

When durations for which we do not have a forward recurrence time (Durl ==0) are
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treated as having 1 week of search, as in Dur2, it is obvious from the table that the shape
parameter reveals a declining hazard rate; i.e., p <1.

We conclude from this that the assumption of exponential search times is not
rejected by the data once it is realized that the observed times are not completed
durations but forward recurrence times from the date of completed education. The claim
that “It is a well established empirical regularity that hazard rates are decreasing with the
duration of search... “ (Eckstein and Wolpin, 1995, p. 263) is not supported by the data
and is based only on a coding convention.

Figure 3 shows the empirical distribution function of wages and the theoretical
cumulative distribution function implied by the parameter estimates for each group. The
overall fit of the wage data is quite good, although for both groups there is a tendency to

over-predict wages in the left talil.

25
See Neumann [1997] for details on diagnostic testing in duration models.
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Predicted and Empirical Distribution Functions
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Figure 3

Of course, closeness is measured here in terms of the distribution function. The
theoretical probability density function increases monotonically on any sub-interval of w,
that is, on any interval where P is constant, and consequently it would not be close to
any data that had a declining density. This caveat aside, Figure 3 shows that the wage
data can be reconciled using only 4 types of firms.

Given the acceptable fit of the model to the wage and nonemployment data, we
turn our attention to the job spell data. Job durations, D,, in the model are exponential
with parameter o + A1(1-F(w)). They are independent but, because of the dependence on
the current wage w, not identically distributed across individuals. Thus, we observe a

mixture of exponentials. To test whether or not this distributional assumption holds we
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note that the following transformation of the data - z=( + A1(1-F(w)))D, - is independently
and identically distributed as unit exponential if all of the job durations are completed
spells. In both high school graduate samples the level of censoring is less than 10%.
Therefore, we ignore the complications in testing brought about by the presence of
censoring. In Figure 4 we test unit exponentiality of the transformed durations using a
graphical test (see Horowitz and Neumann (1989)). If the distributional assumption holds,
then the integrated hazard function of the transformed durations should be a straight line
with slope 1. Clearly in both cases the test fails. More formal tests, such as estimating a
Weibull model, lead to the same conclusion. The graphs indicate that there are too few
long spells in the data. To assess the reasons why the job durations reject the
exponential specifications, we performed a small Monte Carlo experiment using the
estimated values of & + A1[1-F(w)] to generate the transformed unit exponential job
durations. Table 8 shows data for the high school graduate sample and from simulations
of exponential job durations. Mean duration is lower for both blacks and whites and the
guartiles indicate that this holds throughout the mid-range of the duration distributions. In
other words, the actual distribution is skewed to the left, indicating that there are many
more short duration jobs than would be expected. Interestingly, a simple hypothesis such
as “short term jobs are dead-end jobs with low wages” is not supported by the data.
White high school graduates have a correlation between wages and job duration that,
while positive, is only half that predicted by the model, and black high school graduates

job duration is more correlated with the wage than would be expected.
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Table 8. Monte Carlo Results of Distribution of Job Spell Durations

Whites Blacks
Sample Monte Carlo Sample Monte Carlo
Mean 110.97 128.69 88.69 93.04
25th %-tile 20 35 18 26
50th %-tile 50 85 37 63
75th %-tile 131 174 84 128
Corr(D ,,w) 1073 .2696 2575 1841

It is possible that the poor fit of the job duration data is due to the estimates of &
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and A, being unduly influenced by the wage data. To estimate the arrival rates one needs
unemployment durations, job durations and wages. However, one need not impose the
model’s implied structural form of the wage offer distributions, as identification only
requires an estimate of the empirical distribution function of the wage offer distribution
F(w).?° Re-estimating & and A, using the empirical distribution function of wages yields
estimates that are very close to those of Q=4 for whites (A; =.007898 and & =.004420)
and Q=3 for blacks (A1 =.007588 and 6 = .007603). Tests of the distributional
assumptions using these parameters do not overturn the results found above. Thus, high
school graduates spend less time in their first job given their wages, than implied by the
search model. It may be that the job shopping tendencies of young workers lead to exit
patterns inconsistent with the search model’s rule of only voluntarily leaving a job if

another with a higher wage is waiting.

6. Conclusions
We have demonstrated that the equilibrium search model with heterogeneity in
firm productivity can be estimated and provides a dramatic improvement in fit with respect
to wage data relative to the homogeneous model. The estimation problem is nonregular,
but its special features can be exploited to design an efficient estimation procedure. A
limited sampling experiment verifies that the estimates are feasible and have reasonable

properties. We provide an application using NLSY data on new entrants in the U.S. labor

Of course, the productivity distribution can not be recovered without using the model’s implied structure of the wage offer
distribution.
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market. Since the model is nonlinear and nonregular we provide bootstrap standard
errors of our parameter estimates. Diagnostic tests show the model provides a
satisfactory fit to nonemployment duration and wage data, but has trouble fitting job
durations. Our results show that nonemployed blacks receive fewer offers than whites
and employed blacks are more likely to lose their jobs. Importantly, employed blacks and
whites receive job offers at the same rate. However, the difference in job destruction
rates is so great that it can account for three-quarters of the black-white wage differential.
These findings underscore the importance of labor market institutions - affecting matching

and job loss - in explaining racial differences in incomes.
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