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ABSTRACT

Human capital theory providesthe generally accepted interpretation of
the relationship between earnings and labour market experience,
namely that general human capital tends to increase with experience.
However, there are other plausible interpretations e.g. search models
generally predict that more time in the labour market increases the
chance of finding a better match and hence tends to be associated with
higher earnings. In this paper we show how asimple search model can
be used to predict the amount of earnings growth that can be assigned
to search with the residual being assigned to the human capital model.
We show how asubstantial if not the larger part of therisein earnings
over thelife-cyclein Britain can be explained by asimple search model
and that virtually all the earnings gap between men and women can be
explained in thisway. Overall, the evidence suggests that we do need
to rethink our interpretation of the returns to experience in earnings
functions.
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MOVIN' ON UP:
INTERPRETING THE EARNINGS-EXPERIENCE PROFILE

Alan Manning

INTRODUCTION

Since at least the work of Mincer (1958) there has been a generally
accepted interpretation of the correlation between earnings and |abour
market experience, namely that it reflects the fact that more
experienced workers have larger amounts of general human capital
(possibly, depending on the version of the theory, after current
Investments in human capital have been deducted S see Ben-Porath
(1967)). So deeply engrained is this belief that apparent increases in
the returns to experience observed in the United States (Katz and
Murphy, 1992) and the United Kingdom (Schmitt, 1995) are
interpreted as evidence of an increase in the returns to human capital
and play an important role in the diagnosis of the cause of therisein
wage inequality as being a shift in relative labour demand against the
less-skilled. But, there are few direct tests of the hypothesis for the
simple reason that independent measures of productivity rarely exist.

Thiswould not be apotential problem if the human capital model
wasthe only plausible explanation for the earnings-experience profile
but it is not. Burdett (1978) presents a search model in which the
digtinctive feature (at the time) was that employed as well as
unemployed workers engaged in job search. Although it was not the
main subject of his paper, he pointed out that his model predicted that
“older workers... receive higher wages rates, on average, because they
have obtained more job offers and the more job offers a worker
receives, the greater the probability a ‘high’ wage rate job will be
found” (p.219). Some evidence supportive of thisview isto be found
in the literature on the earnings losses suffered by displaced workers
whichtypically findsthat more experienced workerssuffer greater wage
losses even after controlling for job tenure (Ruhm, 1991; Jacobson,
Lalonde et al, 1993). There is one part of the existing literature



that isworried that estimates of earnings functions might be biassed by
search or ‘job-shopping’. Topel (1986), Abraham and Farber (1987),
Altonji and Shakotko (1987), Marshall and Zarkin (1987), Topel
(1991) and Altonji and Williams (1992) present different ways of
tryingto derive ‘true’ earningsfunctions. But thisliteratureis not very
satisfactory as the answers obtained seem very sensitive to the precise
method used and it has concentrated on possible biasin the estimated
returns to tenure when the underlying logic also suggests a potential
problem with the estimated return to experience.

In this paper we take a different approach from that literature. As
we show below, the shape of the earnings-experience profile predicted
by the search model depends on labour market transition rates: the rate
at which workers move out of employment, into employment and the
rate at which they change jobs. Asthese transition rates are observable
one can compute the earnings-experience profile predicted by the
search model and compare it with the actual, interpreting the residual
as the part of the profile that can be ascribed to the human capital
explanation (or any other theory that takes one's fancy). What we
show, using data from 20 years of the UK General Household Survey
and Labour Force Survey, isthat the search model can explain alarge
part of the earnings-experience profile for both men and women, that
it can explain al the gap in the profiles between men and women and
that the rise in the returns to experience seemsto be the result of arise
in the returns ascribed to search as much as the residual.

The plan of the paper isasfollows. Inthe next section we outline
a simple search model of the labour market and derive the predicted
relationship between earnings and experience. The second section
describesthe British earnings experience profile and the third through
fifth sections then consider how well the model can explain UK data.
Finally, we consider some extensions to the model.



1. THERETURNSTOEXPERIENCEINASIMPLE SEARCH
MODEL

L et us assume that the labour market has a distribution of wage offers
and that firms can be characterised by their position in the wage offer
distribution which we will denote by F. We are deliberately vague
about the origin of thiswage distribution e.g. one could justify it using
amodel of equilibrium wage dispersion along the lines of Burdett and
Mortensen (1989) or a model of rent-sharing in the presence of
employer heterogeneity along the lines of Pissarides (1994). But what
Isimportant is that there is a wage distribution facing a given worker.
In the interests of simplicity we assume that jobs never change their
position in the wage offer distribution. One can think of the wage
offered by ajob at position F in the wage distribution as being given
by w(F,a) where aiis the labour market experience of the worker®. In
a pure search model where there is no ‘true’ return to labour market
experience the function w(F,a) will be independent of a.

A couple of points are in order here. First, we will follow the
bulk of the empirical literature in measuring a as potential |abour
market experience i.e. age minus age when left full-time education.
Both the human capital and the search models would suggest that
‘true’ labour market experience would provide more explanatory
power: we do not pursue this here as our data sets (in common with
most others available to researchers) do not contain such information?.
Second, we will refer to the dependence of w(F,a) on a as the ‘true
returns to experience with the implication that they represent the
returns to general human capital. But it should be remembered that
thereis no direct evidence for this and there are other stories one could
tell based on incentives and monopsonistic discrimination that could
also explain why firms make wage offers that depend on experience.

Individualsare assumed to enter the labour market at experience
0 and they exit the labour market at a rate d(a). We assume that
unemployed individuals of experience a receive job offers at a rate
?,a), and employed workers at a rate ?,(a) and that all job offers are
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drawn at random from the wage offer distribution. We assume that all
job offers are acceptable to the unemployed (assuming heterogeneity
In reservation wages would make matters more realistic but much more
complicated) but that employed workers only accept anew job offer if
itisfrom afirmthat is at a position in the wage distribution above the
position of their current firm. This means that the rate at which
workersin afirm at position F leave for other firmsis given by ?,(a)(1-
F). Wea so assumethat workersleave employment for unemployment
at arate d(a). Because of the existence of on-the-job search the
distribution of wagesamong workerswill differ from the distribution of
wage offers so let us denote by G(F,a) the fraction of workers of
experience awho are employed in firms at position F or lower in the
wage offer distribution.

To close the model, we need to make some assumption about
labour market entrants. From the theoretical point of view perhapsthe
easiest assumption is to assume that these workers all initially enter
unemployment so that u(0)=1 in which case we will have G(F,0)=F (G
should be interpreted as a limit in this case). But, in practice not all
labour market entrants are unemployed because of job search before
they enter thelabour market so that wetreat u(0) asexogenously given.
However, we maintain the assumption that G(F,0)=F so that the
distribution of wages among labour market entrants is the wage offer
distribution. The justification for thisis that labour market entrants
have had so little time in the labour market that the probability of them
having received more than one wage offer isnegligible. Given this set-
up, let us derive G(F,a) for other experience levels.

It is useful to start with unemployment rates. Define U(a) to be
the level of unemployment among workers of wage a and u(a) to be
the unemployment rate among workers of age a.  Obviously
u(@=[U(a)/L(a)] where L(a) is size of the labour force of agea. We
must have:

. Ua , uala . U@,
a(a) o) & ot 1@ % d(a)u(a) (1)



Astherate at which workersexit unemployment is (?(a)+d.(a)) and the
rate at which they enter unemployment is d, (a), we must have:

U@ - d@LE@&u@)] & [?@%d@Iu@ (2

Substituting thisinto (1) leads to;
G(@) * d(@[l&u(a)] & ?(a).u(@) (3)

which ssimply says that the change in the rate of unemployment is the
difference between inflows and outflows. One can seefrom (3) that the
labour market exit rate, d., plays no role. Asthiswill continue to be
the casein al thedistributionsderived below (asit isassumed to bethe
same for al workers, irrespective of employment status or wage), to
economize on algebrawe will assume it is zero in what follows: thisis
without loss of generality.
The following Proposition derives G(F*a).

Proposition 1. The distribution function of wages conditional on
experience G(F,a) satisfies the following differential equation:

MG(F*a) . ra) 5 7, (@u(@) .
ia &? (a)[1&F]G(F*a) % —&u(a) [F&G(F*a)] (4)
which has as a unigue solution:
mG(S)B(S)dS )
G(F*a) & F = &F.2
Ja)

where:



als) / 1&u(s)
B(s) /7 ?(s)(1&F) (6)

S

m[a(s))%B(s))] ds)

Qs 7/ e°

Proof: See Appendix A.

One can give afairly simple intuitive explanation for the differential
eguation (4). Thefirst term on the right-hand side representsthe rate
at which currently employed workers receive wage offers which would
take them to a firm with a position above F in the wage offer
distribution. The second term represents the employees who have
come from unemployment. The term ?,u/(1-u) is the number of new
entrantsrelativeto the employed. [F-G] representsthedifferenceinthe
distribution of wages between the new entrants and the existing
workers.

Turningto the closed-form analytical solution (5) one can readily
check that G(F*a) is a strictly increasing function of F with G(0*a)=0
and G(1*a)=1 for all a (the last result follows because 3(s)=0 when
F=1). For a0 and O<F<1 one can check by inspection that G(F*a)<F
so0 that the distribution of workers across firms always strictly
dominates (in the sense of first-order stochastic dominance) the
distribution of wage offers. Given our assumption that the distribution
of wages among labour market entrants is equal to the wage offer
distribution this implies that the least experienced workers aways do
worse then more experienced workers: aswe shall seethisis consistent
with the data.

We might beinterested in how the function G(F*a) varieswith the
labour market transition rates. We can prove the following
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Proposition.



Proposition 2:

)
NG(Fa) . 0O for a#tv
Ma(v)
(7)
MG(F*a) > 0 for a>v
Ma(v)
i)
NG(Fa) . 0O for a#tv
MI3(V)
(8)
MG(F*a) < 0 for a>v
MI3(V)

Proof: See Appendix A.

What this proposition says is that anything that increases the arrival
rate of job offers when employed will improve the wage distribution of
workersand anything that increasestheratio of new entrantsto existing
workerswill decreaseit. Aswe shall see below this result will be of
use in explaining why women have lower returns to experience than
men as the rate at which women enter employment from non-
employment is higher than for men.

So far we have shown that the wage distribution must improve on
entry to the labour market. But, one might also wonder if one can
prove astronger result, namely that the wage distribution is monotonic
In experience. A sufficient (but by no means necessary) condition for
thisis provided in the following Proposition.

Proposition 3: If a(a) is non-increasing (3(a) is non-decreasing in a,
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then MG(F*a)/Ma<0 for all 0<F<1 and for all a$0.

Proof: See Appendix A.

Put in intuitive terms, this means that we can be sure that the wage
distribution is improving monotonically with experience if the arrival
rate of job offersdoes not fall with experience and the entrant rate does
not rise. This Proposition also provides clues for when the
monotonicity might fail. 1f women of particular experience levelstend
to leave employment to have children and then re-enter the labour
market at some later date we might expect to see the proportion of
entrants rising for some experience levels and hence we might expect
to see the wage distribution worsening at that time for the reason that
they will tend to re-enter the labour market at low wages.

One might wonder how well apure search model can explain the
broad features of the earnings-experience profile. Burdett (1978)
showed, for amodel in which ?,=0 and thejob offer arrival rate for the
employed was constant, that the pure search model predicted earnings
to be an increasing, concave function of experience. We have already
provided a generalisation of the increasing part of this result in the
previous proposition so one might wonder whether one can prove
anything about concavity. If a and 3 are constant then it is simple to
show that the earnings function in the pure search model must be
concave. But, in general the model does not predict concavity and, as
we shall see, thisisvery desirable asthe empirical earnings profilesare
not everywhere concave.

S0, let us now move on to the data. We will start by simply
looking at some stylized facts about the earnings-experience profilein
the UK.



2. THE EXPERIENCE EARNINGS PROFILE IN THE UK

The earnings data we will use in this study come from the UK General
Household Survey for 1974592. From the point of view of studying
earnings functions, the GHS has one serious disadvantage, namely that
It isnot possibleto construct atrue hourly wage after 1978 becausethe
guestions on overtime hours were discontinued. Different researchers
have dealt with this problem in different ways. Some have used only
weekly earnings as their wage measure and, to avoid the problems
caused by the importance of part-time work among women, have
restricted attention to men. Others have used weekly earnings and
restricted attention to workers who categorize themselves as full-time:
this has the disadvantage of ignoring part-time women, a group who
are growing in importance. In this paper we use as our earnings
measure the usual weekly earnings divided by usua weekly hours
excluding overtime i.e. we use an incomplete adjustment for hours.
This may seem rather curious but we will argue that it is the best of a
set of imperfect alternatives for the following reasons. First, the job
search model suggests that we need a ranking of jobs. while it is
reasonable to assume that all workers prefer, other things equal, jobs
with higher hourly wages, it is not reasonable to think that all workers
prefer jobs with longer hours (85% of part-time workers who are not
sick or studentsin the 1995 Labour Force Survey say they do not want
afull-timejob). So the hourly wageislikely to give abetter indication
of the relative attractiveness of jobs than weekly wages. The other
justification for the use of this earnings variable isthat the bias induced
by ignoring overtime hours seems to be small. For the years before
1978 when we can computea‘true’ hourly wage measure and compare
it with ours, the correlation between the two is 0.975 after taking out
time effects. Thereason for the very close correlation isthat overtime
hoursare arelatively small fraction of total hours (usual hours average
about 35 hours, overtime hours under 3) and even then the correlation
of overtime hourswith hourly earningsisvery weak. Hence, wewould
argue that the advantages in being able to include part-time women
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workers and doing some correction to weekly earnings for hours
variation is better than doing no correction at all even though it would
obviously be desirable to have a better hours measure.

Figure 1 presents the earning-experience profile for men and
women inasingle year; 1983. To show that thisisafairly typical year,
Figure 2 presents (on asmaller scale) the profilesfor each year. Inthis
and all later work, log wages have been adjusted to be on the same
scale by taking out time effects (time being measured by the month)
and normalized so that the earnings of labour market entrants are zero.
There are several features of these profiles worthy of discussion.

First earnings grow rapidly in the years after labour market
entrance and then decline more slowly asis generally drawn. But the
guadratic relationship between log earnings and experience that is
commonly estimated is not agood fit to the profile. A ssimilar point has
been made by Murphy and Welch (1990) for the United States. They
found that aquartic provided an adequate fit to the data. If oneinsists
on fitting a polynomial to the data (and inspection of Figure 1 does not
sugges that thisis likely to be a particularly good specification) this
does not seem to be a high enough order for British data; for each year,
one typicaly finds that powers up to the eighth are statistically
significantly different from zero. Thereason for this differenceisthat
there do seem to be significant differences in the profile between the
UK and the US. In the US male earnings seem to peak at around 30
years of experience (asimilar finding being reported by Mincer, 1974,
for an earlier period). In the UK earnings seem to peak somewhat
earlier (at around 15 years of experience for men and 10 for women)
and earnings growth prior to that point is very fast.

The second feature of Figures 1 and 2 worth noting is the
difference between men and women. On labour market entry the
earnings growth of men and women are very similar but the profiles
diverge aswe increase years of experience, though less so in the later
years than the earlier. In addition, the earnings profile for women
seemsto have a‘bump’ period from 10 to 15 years of experience when
earnings seem to fall very rapidly though this bump isless pronounced
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in later years. One implication of thisis that although the profile is

concave for men over the whole range of experience, it is convex over

part of the range for women.

These figuresdo not tell us about the comparison of the level of
wages of men and women on labour market entry (as these are
normalized to zero for both groups). There was a significant positive
differencein mean earnings between men and women on labour market
entry in 1974S5 (consistent with the fact that the Equal Pay Act only
came fully into force in 1975) but the difference is insignificantly
different from zero after that date and actually slightly negative in the
|ater years.

There have also been changes in the returns to experience over
time. Thisisrather hard to seefrom Figure 2, so Figure 3 presentsthe
earnings for different experience levels relative to labour market
entrants over time. Because this is all relative to workers of one
experience level we aso present in Table 1, average earnings by
grouped experience categories. From thistable one can seetherisein
the earnings of more experienced workers (both male and female)
relative to those with 0S5 years of experiencesin about 1984° and also
the rise in female earnings relative to men and the fact that the peak in
women’'s earnings now seems to be noticeably later in their [abour
market career.

One can summarize these facts as:

1)  For menthe profileis concave with very rapid earnings growth in
thefirst yearsafter labour market entry and agentle declineinthe
|ater years.

i)  For women the profile shows less of an increase than for men and
has a convex portion with a ‘bump’ at around 10S15 years of
experience.

li)  The gap between the male and female profiles has fallen over
time.

IvV)  There has been arise in the returns to experience.

Armed with these stylized facts, let us now attempt to evaluate how
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well they can be explained using the search approach.
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3. EXPLAININGTHEEARNINGS-EXPERIENCE PROFILE

The theoretical discussion above has al been in terms of the
distribution of workers of particular experience levels across firms at
different positions in the wage distribution. But if we want to discuss
how well thetheoretical model explainsthe earnings-experienceprofile
we need to introduce the wages actually paid. As before we denote by
w(F,a) the log wage paid to a worker of experience a by a firm at
position F in the wage offer distribution. Given this the expected log
wage will be given by:

1

E(wa) - mvv(F,a)dG(F*a) (9)
0

From (9) it should be apparent that there are two reasons why earnings
might vary with experience. First, there are ‘true’ experience effects,
namely that wages offered by firms vary with experiencei.e. an effect
through w(F,a) and, secondly, there are the effects associated with job
search i.e. the effects through G(F*a). There is no reason why the
same approach could not be used to look at other moments or
percentiles and we do consider the variance briefly below.

The aim of this paper isto try to disentangle the pure experience
effect from the search effect. The way wewill do thisisto write (9) as.

1 1
E(wa) - m[vv(F,a)&w(F,O)]dG(F*a) % mvv(F,O)dG(F*a) (10)
0 0

wherewe will interpret the first term asthe ‘true’ return to experience
and the second term (which can be interpreted as the average wage
received by workers of experience a if the wage offer distribution
remained the same) isthe contribution of search. If w(F,a)=w(F)+?(a)
then the first term will simply be ?(a): thisis the case where the ‘true’
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return to experience is the same at al points in the wage offer
distribution so that there is a single measure of the ‘true’ return to
experience. Where w(F,a) does not satisfy this condition the formula
in (10) estimates the ‘true’ return to experience is a weighted average
using the distribution of workers across the wage offer distribution as
weights.

The strategy for the decomposition in (10) isthe following. We
will compute the second term using information on the wage
distribution of labour market entrants® to estimate w(F,0) asit is our
assumption that G(F*0)=F and estimates of G(F*a) based on labour
market transition rates. The first term on the right-hand side of (10)
(whichwewill interpret asthe ‘true’ return to experience) will then be
estimated astheresidual part of the actual profile not explained by the
search model. Notethat we cannot estimate w(F,a) directly aswhat we
observe is the distribution of wages across workers not across job
offers.

At this stage it isworth considering the implications of assuming
(asis commonly done) that the wage distribution depends not just on
(F,a) but also on job tenure. The important point to note is that this
doesnot alter the interpretation of the second termin (10) asthe wage
one would expect if there were no true returnsto experience or tenure.
The reason for thisis that labour market entrants must, by definition,
have tenure zero so that the wage distribution used to estimate w(F,0)
can be interpreted as the wage offer distribution for workers with zero
experience and tenure. However, the interpretation of the residual in
the earnings profile must now be interpreted as the joint effect of
experience and tenure and there is no way to disentangle the two
components (though see Hartog and Teulings, 1996; Manning, 1997,
for such attempts).

Our estimates of thetransition rates aretaken from the annual UK
Labour Force Survey conducted in the spring every two years from
1975 to 1983 and annually thereafter. This contains information on
current labour market status and also a retrospective question on
labour market status a year ago and whether there has been a change

15



in employer for those who report being in employment in both years.
Since the start of the panel aspect of the Labour Force Survey in 1992
one can check the accuracy of the retrospective questions: overall it
seems to be of the order of 95%. So, they seem to be fairly accurate.

We used these questions to estimate the labour market transition
rates for each year of experiencein each year. Asthe information on
labour market statusis only available at discrete pointsin time and the
model we have presented has been in continuoustime thereis an issue
of how we infer the underlying transition rates from the data that we
have. One possibility is to use the predictions of a continuous time
model for the discrete observations to estimate the continuous time
transition rates making some assumption about how thetransition rates
vary as experience variesthrough the year. For estimating (?,,d,) there
Is no problem with doing this but matters are more difficult for the
arrival rate of job offers when employed, the reason being that ?, isthe
arrival rate of all job offers, not just the arrival rate of better job offers
S0 that one needs to adjust the rate at which workers change jobs for
the distribution of workersacrossfirmswhich will itself changethrough
time. This adjustment is computationally extremely cumbersome in
continuous time. So, we adopt a simpler approach and use a
discretized version of the model which is described in Appendix B
where we also describe how we estimatethetransition rates. For (?,,d)
we have worked out the difference between this ssmple method of
computing transition rates and the rates derived from amodel based on
continuos time and the discrepancies are small. Thereason for thisis
that the discrete time approximation will be good if ayear is a period
of time over which it is rare to have more than one labour market
transition and, while there are some people who have a large number
of moves (and these people are obviously much more important in
statisticsbased on flows) most people moveonly rarely. Evidencefrom
the British Household Panel Study for the early 1990s suggest under
2.5% of individuals have more than two labour market states in the
course of ayear (and this overstates the mobility for our purposes asit
distinguishes between unemployment and inactivity). Hence the
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discrete time approximation is likely to be a good one.

Figure 4 presents information on the transition rate from
employment to non-employment for men and women at different
experience profiles over the years. The main features of the data are
that male employment to non-employment rates are quite constant over
the life-cycle though were noticeably higher in the early 1980s. For
women the transition rates in the earlier years show a ‘bump’
associated with having children but, by the early 1990sthis has all but
disappeared and the transition rates are very similar to those for men.
Figure 5 presents similar information for the transition rate from non-
employment to employment: this tends to decline with labour market
experience and be higher for women than men though again the
convergence between the sexes over time is very striking.  Finally
Figure 6 presents information on the job-to-job mobility rate: these
seemto aways have been very similar for men and women and decline
with experience. Note that thisjob mobility rate is not the same thing
asthe job offer arrival rate of the model becauseit is not corrected for
the wage offer distribution.

We used these transition rates and the discrete time version of (4)
(which isgiven in Appendix B) to compute G(F*a). In doing thiswe
are making an implicit steady-state assumption. In computing the
G(F*a) for a worker with 30-years of experience this year what is
relevant isthe transition rate for aworker with 29 years of experience
last year rather than this year. For some years we obviously do have
this information but the biannual nature of the LFSin the early years
together with the fact that we only have 20 years of data mean that
there would be much information that is missing. The steady-state
assumption may not be too bad as one can see from Figures 4S6 that
the pattern of transition rates is broadly the same over the sample
period but one should be aware of the potential problems caused by it.

To illustrate the predictions of the model Figure 7 presents
estimates of G(0.5*a) i.e. the proportion of workers of experience a
paid below the median wage for labour market entrants. As can be
seen the model predicts a decline for men which is very sharp in the
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first few years after labour market entry and then flattens off and a
‘“bump’ for women caused by their tendency to leave paid employment
for domestic reasons.

We now turn to the predictive power of the model. Figure 8
presents the actual earnings-experience profile compared with the
predicted from the pure search model for women and men (note that
these graphs only show the actual profile in 1976, 1978, 1980 and
1982 as the LFS was not conducted in these years). In order to
Increase the sample size (and hence the precision of our estimates) the
actual earningsdistributionsiscomputed using two pooled years of the
General Household Survey and the year given in Figure 8 refersto the
second of the two years’. Everything is measured relative to labour
market entrants (as we have nothing which explains the level of their
earnings) so the predicted and actual are constrained to coincide for
labour market entrants. The overall impression is how much of the
rise in earnings is explained by the pure search model. Particularly
strikingis the fact that the pure search model traces out the ‘bump’ in
the profile for women which it predictsisthe result of women leaving
paid employment to have and bring up children. One might wonder
about the precision of these estimates. Appendix B describes how we
computed the standard error for the predicted wages. Typicaly the
standard error for the estimate of the actual wage is in the range of
0.04 to 0.06 and the standard error for the predicted wage starts off
around 0.06 and then rises to amaximum of 0.1 (some actual estimates
arereported in Table 2).

Although the overall fit is quite good, there are still substantial
residualsin certain parts of the profile which should be interpreted as
the ‘true’ returns to experience. These rise very sharply in the early
part of the worker’ s career but then decline gradually actually ending
up negative implying that the oldest workers have a level of human
capital below that of labour market entrants.

To provide a better idea of the contribution of the search
component and the residual to earnings growth, Tables 2a and 2b
present estimates of the actual gain, the predicted gain and the residual
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at different years of experience over the sample period together with
the computed standard errors. Even at 5 yearsof experiencethe search
model explains at least 40% of the earnings gains. We can also use the
information in thistableto examinethe hypothesisof anincreaseinthe
‘true’ returns to experience. In the conventional analysis the actual
returns are used which, as we saw earlier in Table 1 and can be seen
again here, did seem to rise in the early 1980s. But with our
decomposition we want to look at theresiduals. Thesedo seemtorise
in the early 1980s (which is when the search model performs worst)
but, by the early 1990s the residual seems to be back where it was in
the late 1970s. It isin the component predicted by the search model
that the rise in the returns to experience can be found.

One can also ask how well the search model can explain
differences in the returns to experience between men and women.
Figure 9 shows the difference in earnings at different experience levels
and the predictions of the pure search model (the decomposition is
constructed so the actual and predicted coincide at zero experience).
What is striking isthat virtually al the differences can be explained by
the search model i.e. by differences in transition rates. This also
suggeststhat the reason for the narrowing of the earnings gap between
men and women islargely, if not wholly, the result of the narrowingin
transition rates that we saw earlier. Notethat thisis not saying that the
model can explain earnings differences between men and women on
labour market entry but, as noted earlier, these disappeared in the mid-
1970s so that the difference in the returns to experience is now
virtually all of the gender pay gap.

4. FURTHER RESULTS: DIFFERENT EDUCATION
GROUPS
So far, we have lumped all education groups together. In this section

we look at different levels of education. Because of the need to have
consistency over time we divide into three levels of education: those
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who left full-time education at age 16 or before, those who left after 16
but before 21 and those who left at 21 or later (the Labour Force
Survey has no information on qualifications until 1979). We will refer
to these education groups as low, medium and high respectively. For
all of the sample period there are relatively small number of
observations in the GHS in the medium and high groups respectively.
S0, we group 6 years together, making three periods which we will
refer to as early (1974S79 inclusive), middle (1980S85) and late
(1986592). With separate results for men and women thisleadsto the
six figures which are in Figures 10aS10f.

The main differences in the profiles across education groups is
that the profile seemsto beflattest for the medium education group and
steepest for the lowest education group. Interms of the prediction of
the search model one can see that the model does worst in the early
1980s for all education groups (as we saw before) but that the search
model does better at explaining the profile the higher the education
level. For the highest education group, the search model seemsto do
an amazingly good job in fitting the actual profile. This differencein
fit across education groups is largely because of the differencesin the
shape of the profiles rather than because of differences in the
predictions of the search model.

What possible explanation for thisis there? One interpretation
might be that the higher the age at which an individual leavesfull-time
education, the less of their human capital is provided at work. For
many of the workers who left education early, what skills and
gualifications they have achieved will often have been achieved while
in work (e.g. apprenticeships). However it is much rarer, for example,
for university graduatesto attain further qualifications once they arein
employment. If thisis correct, our results are consistent with the fact
that human capital does increase rapidly in the first years after |abour
market entry for those workers who left school at the earliest
opportunity.
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5. THEACTUAL AND PREDICTED VARIANCE PROFILE

So far we have concentrated on how well the search model can explain
the variation in the first moment of the wage distribution with
experience as this is the aspect of the earnings-experience profile that
Is most commonly explained. But, as already mentioned, one could
apply the same methodology to trying to explain other aspects of the
wage distribution and doing so might be expected to givefurther insight
into the adequacy of the search model. So, in this section, we look at
the actual and predicted variance of earnings. The actual variance can
obvioudly be written as:

Var(wta) - mvv(F,a)ZdG(F*a)&lmvv(F,a)dG(F*a)]z (11)

The variance predicted by the pure search model, on the other hand,
will be given by:

mvv(F,O)sz(F*a)&lmvv(F,O)dG(F*a)]Z (12)

The difference between the two (the residual) does not have as simple
an expression asisthe case for the mean so is not written here. Figure
11 presents the actual and predicted variance-experience profiles for
our year. Thereseemto beno particularly striking differences between
men and women. The actual profile also does not seem to vary greatly
with experiencethough thereis someevidence of afall inthefirst years
after labour market entry. This contrasts with the findings of Dickens
(1996) who, using a different data set, found that the variance of
earnings isfirst increasing and then constant over the life-cycle. There
are a number of possible explanations for the differences. First,
Dickens restricts attention to those aged 22559 so misses the first 6
years of the labour market for those who left education at the earliest
opportunity. Secondly, Dickens uses age alone as the experience
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variable as there is no information on education in his data set. This
does appear to make some difference: if we draw the profilein our data
using age as the experience variable there is some dight increase over
the life-cycle after an initial dip thoughitisnot aslarge asin Dickens

study. The intuition for this is the following: university graduates
entering the labour market at the age of 21 do so at wages quite similar
to those who have been in the labour market since the age of 18 so the
variance at age 21 isquite low. But the graduates rapidly overtake the
earnings of the less-educated group and the variancerises. But, if one
conditionson experience this does not occur as people of all education
groups have rapid earnings increases on entry into the labour market
(though some more than others S see previous section).

Turningtothe predicted variance, thereoverall predicted variance
Ispretty closeto the actual though there are anumber of yearsinwhich
the predicted variance is substantially above the actual . The predicted
variance tends to have a shallow u-shape for men but a slightly more
complicated shape for women. Overall, the pure search model does
not do too badly in explaining the variance profile. Thisis consistent
with a model in which we can write w(F,a)=w(F)+?(a) in which case
the search model will accurately pick up movements in the variance
profile over the life-cycle evenif there are substantial ‘true’ returnsto
experience.

6. EXTENSIONSAND MODIFICATIONS

One should be aware of certain assumptionsin our simple search model
that may make it appear to perform better or worse than really does so
let us consider likely sources of bias. First, our assumption that jobs
never change their position in the wage offer distribution means that
job mohbility is probably given an exaggerated role in wage growth
(though it is unclear whether the model would perform better or worse
with some within-job wage mobility as jobswill go up aswell as down
the wage offer distribution). Secondly, the assumption that workers
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only care about wages mean that the ‘only way isup’: if workers also
care about non-wage attributes then some job-to-job mobility will
mean workers move down the wage offer distribution S this effect will
tend to reduce the prediction of earnings growth in the search model
and, given that the main weakness of the search model isitsinability to
predict very rapid earnings growth in the earliest years, make it fit the
dataworse. Going in asimilar direction isthe fact that any ‘noise’ in
the wage distribution of labour market entrants e.g. because of
unmeasured worker heterogeneity or measurement error will tend to
Increase the search model’ s prediction for wage growth as variance in
the wage offer distribution is exploited by the process of job mobility.

Asthisis an issue of some importance, let us consider how we
might try to get some idea of the potential problems caused by it. The
discussion that follows should be interpreted broadly asit involves a
number of approximations. Suppose that we can write the log wage
of labour market entrant | as:

Wo ° %% %% & (13)

where ?, isafixed effect, ?,is measurement error and e, measures the
position in the wage offer distribution of the job that the worker has.
In this set-up the distribution of e can be exploited by the individual in
the process of job search but the individual heterogeneity and the
measurement error cannot be. Suppose that each of the individual
components of (13) is independently normally distributed with mean
W, for the first component and mean zero for the others (thisiswithout
loss of generality) and standard deviations (s,,s,,S.) respectively.
These assumptions mean that the overall log wage distribution for
labour market entrantswill be normal aswell, an assumption that is not
too at variance with the facts.

Suppose that we assumed (mistakenly) that al the cross-section
variance in wages can be exploited by the process of job search. An
alternative way of representing the wage distribution for labour market
entrantsin (13) is:
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wF0) * p, % SWF&l(F) (14)

where |, isthe mean of the wage distribution for entrants, s,, isthe
standard deviation, F(F) istheinverse of thedistribution function for
the standard normal and F the position of the individual in the overall
wage distribution.

The wage growth predicted by the search mode isthen given by:

mW(F,O)dG(F,a)&m\/\/(F,O)dF - SWmF&l(F)dG(F,a) (15)

Now consider the correct estimate of wage growth due to the result of
the search model. One can think of an individua as being
characterised by a position in the ability distribution, F,, apositionin
the measurement error distribution, F,, and aposition in the wage offer
distribution F,. The first two will always be uniformly distributed
across the population while the distribution of the latter will change
with search. Analogously to (14), we can then write:

W(F,F,F,00 " p, % SFF,) % s, FF) % s FY(F) (16)

The first three components will not vary with experience so that the
‘true’ wage growth predicted by search will be:

mW(F,O)dG(F,a)&m\/\/(F,O)dF - SemF&l(Fe)dG(Fe,a) (17)

Comparison of (15) with (17) showsthat (conditional onthe normality
assumption) thereisavery ssimplerelationship between thetruereturns
to experience predicted by the search model and the returns predicted
by the model which assumes that all wage variation can be exploited
through search. Oneis asimple multiple of the other, the ratio being
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given by theratio s./ s, i.e. theratio of the standard deviation of the
wage offer distribution to the standard deviation of total wages.’

Now let us consider how we can get an estimate of thisratio. If
wages for labour market entrants are given by (13) then for workersin
employment in the next year who have had no intervening period of
unemployment we will have:

\Nil ) ?i % ?il % eIl (18)

where the distribution of e, will, from our assumed model of search,
have a very particular relationship to the distribution of e,, namely it
IS censored at e, with:

e, - €, with probability

182 (0) %?eF[ 3]]
S

(19)

e
" e ,e$e, with probabilityf[—'o]

Se

Appendix C proves certain facts about the distribution which can be
used to derive the following:

Var(w,) -~ sg % sg % sé / sfv

Var(w,) = s2%s5%s 1&?‘3(0)2
1 7 D (20)
S2?,(0)?
Y Var(w)&Var(w,) "
P
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so that knowledge of the variances of log wages for labour market
entrants at entry and one year later (for those in continuous
employment) can, together with knowledge of the job-to-job mobility
rate from transition rates, be used to get an estimate of s, This can then
be compared with the overall variance in entrants’ wages. Data on the
variances was obtained from the British Panel Study (asit isimportant
to have asample of individualsin continuous employment) which gives
the variance at |abour market entry in the early 1990s as 0.49 and one
year later as 0.42. A reasonable value for ?,(0) isabout 0.8 when (20)
then implies that s.=0.58 as compared to avalue of s,=0.7. While
these computations have a back-of-the-envelope quality to them, this
would suggest that there our computed returns to experience as a
consequence of search are possibly not a wild over-estimate of the
truth. So far, we have emphasized a bias in our approach which
will tend to overstate the contribution of search. But we have also
made simplifying assumptions which will tend to worsen the
contribution of the search model. The assumptionthat job arrival rates
for the employed are the same at al points in the wage offer
distribution implicitly assumes that search intensity is the same. Y et,
we would expect search intensity to be concentrated in workers with
the worse jobs as the potential for gain is greatest there. Embodying
thisin our search model would tend to increase the predicted rate of
earnings growth. It is also quite likely that the job destruction rate
varies with the position in the wage offer distribution as lower-paid
workers do seem to be at greater risk of job loss. Again, this would
tend to increase the predicted rate of earnings growth in the early years
in the job search model asworkers who reach the higher rungs on the
ladder are less likely to fall off.

Thisdiscussion has hinted that there are useful waysin which the
search model could be modified but it isunclear whether these changes
would make the model fit better or worse.

7. CONCLUSIONS

26



In this paper we have argued that simple search or ‘job-shopping’
model can do surprisingly well in interpreting the earnings-experience
profile. It does extremely well in explaining differencesin the profile
between men and women. We should not be surprised by these results
as the literature on displaced workers (see, inter alia, Jacobson et al
1993, and Ruhm, 1991) suggest that losing your job leads to lower
earnings even once one has controlled for lost job tenure and the
search model simply formalizes this unsurprising fact. These results
suggest that labour economists should be much more cautious than
they commonly are in interpreting returns to experience purely as
returns to human capital: perhaps we should think of part of it as
returns to search capital.

However, there are also dangers in exaggerating the differences
between the two views. Inthe model we have presented above search
capital is destroyed completely whenever a worker loses ajob while,
in contrast, human capital theory would emphasize that general human
capital would not be lost in this situation. But both views would
emphasize the importance in differences in transition rates between
men and women in accounting for the gender gap: the difference is
more in the ‘spin’ that would be put on the mechanism behind the
story. The human capital story would emphasi ze that women who have
taken time out of the labour market have less human capital, hence are
less productive and receive lower wages. The search model would
suggest they are no less productive themselves but that they aretend to
be in the less well-paid jobs (which could be less productive
employers).

There are useful extensions that could be done to the approach
used in this paper. Earnings functions usually condition not just on
experience but also on job tenure (as well as other factors) which is
often interpreted as the returns to specific human capital so that the
wage paid should perhaps be written as w(F,a,t) wheret isjob tenure.
The function w(F,a) we have used here should be interpreted as being
thisfunction after we have marginalised with respect tojob tenure. But
it would be very useful to work with job tenure included and one can
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use the approach derived in this paper to compute the predictions of a
search model for the correl ation between wages experience and tenure.
We have not done this here for the reasons that it complicates matters
very considerably and that the datawe have used contains only banded
information on job tenure. But, it would be interesting to know how
well the search model does in explaining the correlations between
wages and tenure and Manning (1997) considers this extension.
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ENDNOTES

One might wonder about the possible dependence of wages on
tenure: we return to thisissue below.

However, the two theories do differ in their predictions about
what function of experience might be most useful in predicting
wagese.g. the human capital model would ook for some measure
of the stock of human capital while the pure search model would
suggest that the current length of time in employment might be
more useful.

It should be noted that Gosling, Machin and Meghir (1994)
suggest that the apparent risein thereturnsto experienceisinfact
a cohort (i.e. birth date) effect. It is difficult to distinguish the
two hypotheses as once one has a term in cohort squared thisis
eguivalent to including experience multiplied by atime trend.

If the pure search model was correct then one could also use the
distribution of wages among those workers entering employment
after aperiod of non-employment to estimate w(F,0). We do not
do this here as there is no particular reason to believe that the
pure search model is correct and we do not have the relevant data
for all yearsin the GHS.

Though one should note that given an estimate of G(F*a) one
could use this function and the distribution of wages across
workers to provide an estimate of w(F,a).

This corresponds, approximately, to the fact that the Labour
Force Survey, taken in the spring of the year refersto transitions
since the previous spring.

| am grateful to Coen Teulings for drawing my attention to the
possibility of doing this.
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TABLE 1. The Changing Returnsto Experience

Men Women

6510 | 11S15 | 16525 | 26S35 | 36545 | 6510 | 11S15 | 16525 | 26S35 | 36545

1974 | 044 |053 |056 |056 |045 [029 |019 |017 | 013 | 0.08
(0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.03) | (0.03) | (0.02) | (0.02) | (0.02)

1975 | 041 |049 |054 |050 |044 |020 |013 |012 | 011 | 005
(0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02)

1976 [ 043 |049 |053 |052 |043 [023 | 014 | 013 |012 |008
(0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02)

1977 | 044 |053 |057 |055 |043 |029 |020 | 016 | 018 |012
(0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02)

1978 | 042 |049 |056 |052 |040 |027 |026 |[015 | 017 | 0.09
(0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02)

1979 (043 |049 |052 |052 |041 [027 | 018 | 014 | 013 | 0.09
(0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02)

1980 [0.46 |050 |057 |056 |044 |029 | 020 |011 | 015 | 0.06
(0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02)

1981 (049 |059 |061 |057 |051 [029 | 023 | 011 | 010 | 0.07
(0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.02) | (0.03) | (0.02) | (0.02) | (0.02)

1982 | 045 |062 |061 |062 [046 |034 | 023 |016 | 014 | 0.06
(0.02) | (0.02) | (0.03) | (0.02) | (0.02) | (0.03) | (0.03) | (0.02) | (0.02) | (0.02)

1983 | 042 |056 |056 |054 |047 |034 |030 | 017 | 014 | 0.09
(0.02) | (0.03) | (0.02) | (0.02) | (0.02) | (0.03) | (0.03) | (0.02) | (0.02) | (0.02)

1984 [051 |066 |067 |065 |057 [039 | 034 | 024 | 021 | 017
(0.03) | (0.03) | (0.02) | (0.02) | (0.03) | (0.03) | (0.03) | (0.02) | (0.02) | (0.03)

1985 | 054 |067 |072 |071 |062 |032 | 036 |023 | 015 | 013
(0.02) | (0.03) | (0.03) | (0.02) | (0.03) | (0.03) | (0.03) | (0.02) | (0.02) | (0.03)

1986 | 056 | 067 |073 |071 |059 [035 | 038 | 026 | 022 | 013
(0.03) | (0.03) | (0.02) | (0.02) | (0.03) | (0.03) | (0.03) | (0.02) | (0.02) | (0.03)

1987 | 050 |065 |071 |070 |061 |033 | 031 | 026 | 020 | 0.12
(0.03) | (0.03) | (0.02) | (0.02) | (0.03) | (0.03) | (0.03) | (0.02) | (0.02) | (0.03)

1988 | 049 |063 |075 |068 |057 |032 | 026 |034 | 015 | 013
(0.03) | (0.03) | (0.02) | (0.03) | (0.03) | (0.03) | (0.03) | (0.02) | (0.02) | (0.03)

1989 053 |065 |074 |069 |061 [030 | 032 | 025 | 018 | 0.11
(0.03) | (0.03) | (0.02) | (0.02) | (0.03) | (0.03) | (0.03) | (0.02) | (0.02) | (0.03)

1990 | 053 |063 |068 |069 [060 |031 | 033 |028 | 021 | 013
(0.03) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03)

1991 049 |062 |071 |068 |056 [035 | 036 | 027 | 020 | 0.15
(0.03) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03)

1992 | 051 |063 |069 |067 [055 |038 | 031 |034 | 023 | 013
(0.03) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03) | (0.03)




TABLE 2a: Actual, Predicted and Residual Returnsto Experience

Women

5 year

15 year

25 year

35 year

45 year

a

P

r

1975

0.61
(.04)

0.39
(.06)

0.21
(.07)

0.49
(.04)

0.38
(.06)

0.10
(.07)

0.45
(.05)

0.40
(.06)

0.05
(.07)

0.45
(.03)

0.49
(.06)

-0.04
(.07)

0.43
(.04)

0.54
(.06)

-0.11
(.08)

1977

0.60
(.03)

0.30
.(05)

0.30
(.06)

0.52
(.05)

0.33
(.05)

0.18
(.07)

0.48
(.04)

0.37
(.05)

0.10
(.06)

0.48
(.04)

0.44
(.05)

0.04
(.06)

0.39
(.03)

0.47
(.05)

-0.07
(.06)

1979

0.57
(.03)

0.27
(.03)

0.30
(.04)

0.48
(.03)

0.28
(.03)

0.20
(.05)

0.43
(.04)

0.30
(.03)

0.13
(.05)

0.47
(.03)

0.37
(.04)

0.10
(.05)

0.35
(.03)

0.37
(.04)

-0.02
(.05)

1981

0.69
(.03)

0.20
(.04)

0.49
(.05)

0.52
(.05)

0.25
(.04)

0.27
(.07)

0.58
(.04)

0.33
(.05)

0.25
(.06)

0.52
(.04)

0.38
(.05)

0.14
(.06)

0.42
(.06)

0.40
(.05)

0.02
(.08)

1983

0.59
(.03)

0.22
(.04)

0.37
(.05)

0.52
(.07)

0.22
(.04)

0.30
(.08)

0.49
(.05)

0.28
(.04)

0.21
(.06)

0.43
(.07)

0.31
(.04)

0.13
(.08)

1984

0.70
(.03)

0.26
(.04)

0.43
(.06)

0.68
(.05)

0.25
(.04)

0.43
(.07)

0.58
(.05)

0.27
(.04)

0.31
(.06)

0.55
(.06)

0.31
(.04)

0.24
(.07)

0.54
(.05)

0.29
(.04)

0.26
(.07)

1985

0.61
(.03)

0.31
(.05)

0.30
(.06)

0.62
(.05)

0.28
(.05)

0.34
(.07)

0.55
(.05)

0.35
(.04)

0.20
(.06)

0.58
(.06)

0.40
(.04)

0.19
(.07)

0.40
(.05)

0.36
(.04)

0.03
(.07)

1986

0.66
(.04)

0.34
(.05)

0.32
(.06)

0.72
(.06)

0.33
(.05)

0.39
(.08)

0.61
(.05)

0.37
(.05)

0.24
(.07)

0.64
(.06)

0.41
(.05)

0.23
(.08)

0.38
(.05)

0.38
(.05)

-0.00
(.07)

1987

0.66
(.04)

0.36
(.05)

0.30
(.06)

0.69
(.05)

0.37
(.05)

0.32
(.07)

0.54
(.05)

0.38
(.05)

0.16
(.07)

0.63
(.05)

0.46
(.06)

0.17
(.07)

0.48
(.09)

0.43
(.06)

0.06
(.10)

1988

0.67
(.04)

0.39
(.05)

0.28
(.06)

0.86
(.08)

0.36
(.05)

0.50
(.09)

0.63
(.05)

0.39
(.05)

0.24
(.07)

0.63
(.05)

0.45
(.05)

0.18
(.07)

0.43
(.03)

0.38
(.05)

0.05
(.06)

1989

0.65
(.04)

0.47
(.05)

0.19
(.07)

0.65
(.05)

0.49
(.06)

0.16
(.08)

0.60
(.05)

0.55
(.06)

0.05
(.08)

0.54
(.05)

0.64
(.06)

-0.11
(.08)

0.41
(.05)

0.61
(.06)

-0.19
(.08)

1990

0.76
(.04)

0.46
(.05)

0.30
(.06)

0.66
(.05)

0.47
(.05)

0.18
(.07)

0.58
(.04)

0.53
(.06)

0.05
(.07)

0.63
(.05)

0.61
(.06)

0.02
(.08)

0.43
(.08)

0.57
(.06)

-0.14
(.10)

1991

0.57
(.05)

0.41
(.05)

0.16
(.07)

0.68
(.05)

0.49
(.05)

0.20
(.07)

0.65
(.06)

0.54
(.06)

0.11
(.08)

0.51
(.06)

0.61
(.08)

-0.10
(.08)

0.40
(.08)

0.56
(.06)

-0.16
(.10)

1992

0.64

(.04)

0.37
(.05)

0.27
(.07)

0.65
(.06)

0.38
(.05)

0.28
(.08)

0.64
(.06)

0.44
(.05)

0.20
(.08)

0.49
(.04)

0.48
(.06)

0.00
(.07)

0.35
(.06)

0.41
(.06)

-0.06
(.08)
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TABLE 2a

M en

5 year

15 year

25 year

35 year

45 year

a

p

r

p r

1975

0.60
(.03)

0.41
(.05)

0.19
(.06)

0.83
(.03)

0.96
(.08)

-0.13
(.08)

0.93
(.03)

1.18
(.10)

-0.25
(.10)

0.80
(.03)

1.14
(.13)

-0.34
(.13)

0.72
(.03)

1.14|-0.42
(1.95)|(1.95)

1977

0.86
(.03)

0.35
(.06)

0.51
(.06)

1.04
(.02)

0.85
(.08)

0.19
(.08)

1.08
(.03)

1.05
(.09)

0.03
(.09)

1.07
(.03)

111
(.09)

-0.04
(.10)

0.86
(.04)

1.11]-0.24
(.09) |(.10)

1979

0.80
(.02)

0.34
(.04)

0.47
(.05)

0.98
(.03)

0.75
(.06)

0.23
(.06)

0.94
(.03)

0.90
(.06)

0.04
(.07)

0.90
(.03)

0.93
(.07)

-0.02
(.07)

0.75
(.03)

0.94 |-0.19
(.07) | (.07)

1981

0.01
(.03)

0.24
(.05)

0.68
(.06)

117
(.03)

0.60
(.07)

0.56
(.07)

1.15
(.04)

0.79
(.08)

0.36
(.09)

1.15
(.04)

0.87
(.09)

0.28
(.10)

1.04
(.03)

091 0.14
(07) | (.07)

1983

0.81
(.03)

0.23
(.05)

0.58
(.06)

1.13
(.05)

0.47
(.06)

0.66
(.07)

1.05
(.05)

0.57
(.06)

0.48
(.08)

0.98
(.04)

0.57
(.06)

0.41
(.08)

1984

0.89
(.03)

0.27
(.05)

0.61
(.06)

121
(.04)

0.53
(.06)

0.68
(.07)

1.15
(.05)

0.62
(.06)

0.52
(.08)

1.10
(.05)

0.64
(.06)

0.46
(.08)

0.97
(.05)

0.57 | 0.39
(.06) | (.08)

1985

0.96
(.04)

0.32
(.05)

0.65
(.07)

1.24
(.04)

0.60
(.06)

0.64
(.07)

1.23
(.04)

0.70
(.07)

0.53
(.08)

1.21
(.05)

0.74
(.07)

0.47
(.09)

1.10
(.06)

0.72| 0.39
(.07) | (.09)

1986

1.01
(.04)

0.30
(.05)

0.70
(.07)

1.24
(.03)

0.60
(.06)

0.65
(.07)

1.27
(.04)

0.71
(.07)

0.56
(.08)

1.29
(.05)

0.76
(.07)

0.54
(.08)

1.02
(.05)

071 0.31
(.07) | (.08)

1987

0.90
(.04)

0.31
(.05)

0.58
(.06)

1.23
(.04)

0.61
(.05)

0.62
(.07)

1.20
(.04)

0.69
(.06)

0.51
(.07)

1.18
(.05)

0.73
(.06)

0.45
(.08)

1.05
(.06)

0.70| 0.34
(.06) | (.09)

1988

0.01
(.04)

0.37
(.05)

0.54
(.07)

1.32
(.05)

0.61
(.07)

0.72
(.08)

1.30
(.05)

0.64
(.07)

0.66
(.08)

1.16
(.06)

0.67
(.07)

0.49
(.09)

1.06
(.05)

0.62 | 0.44
(.07) | (.09)

1989

0.93
(.04)

0.40
(.05)

0.52
(.06)

1.24
(.04)

0.73
(.06)

0.51
(.07)

1.26
(.05)

0.83
(.07)

0.42
(.09)

1.18
(.06)

0.88
(.07)

0.29
(.09)

1.06
(.05)

0.83| 0.23
(.07) | (.09)

1990

0.85
(.05)

0.39
(.06)

0.47
(.08)

1.07
(.04)

0.69
(.08)

0.38
(.09)

1.10
(.05)

0.79
(.09)

0.31
(.11)

1.08
(.06)

0.80
(.10)

0.28
(.11)

0.92
(.08)

0.79] 0.13
(.09) |(.12)

1991

0.86
(.04)

0.39
(.07)

0.47
(.08)

1.13
(.04)

0.78
(.09)

0.35
(.10)

1.10
(.06)

0.89
(.10)

0.21
(.12)

1.13
(.06)

0.93
(.10)

0.20
(.12)

0.86
(.06)

0.90 |-0.04
(.10) | (.12)

1992

0.83
(.04)

0.31
(.06)

0.52
(.07)

1.13
(.04)

0.58

(.07)

0.55
(.08)

1.15
(.05)

0.66
(.08)

0.49
(.09)

1.00
(.06)

0.71
(.08)

0.29
(.10)

0.79
(.07)

0.68 | 0.11
(.08) | (.11)

Notes:

1.

A isthe actual average wage, p isthe predicted and r theresidual. Standard errors computed by

the method described in Appendix B are reported in parentheses.
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APPENDIX A

Proof of Proposition 1

Denote by J(F*a) the proportion of the population of experience athat
Isinafirm of position F or less. Obvioudy [1-u(a)]G(F*a)=J(F*a) so
that knowledge of J(.) and (4) allows usto derive G(.).

The derivative of J(F*a) with respect to a will be equal to the
inflow to thisgroup minusthe outflow. Astheinstantaneous separation
rateis[d,(a)+?.(a)(1-F)] the outflow will be given by [d, (a)+7.(a)(1-
F)]J(F*a). Theinflow comesfrom those workerswho are unemployed
who get awage offer that islessthan F. Therate at which this happens
Is?,(a)Fu(a).

Putting this information together we have that:

MI(F*a)

" &[d %? (1&F)].J(F*a) % 2 .F.u(a) (21)

Now, as (1-u)G=J we have that:

MG(F*a) . W(a) G(F*a) % 1  MJ(F*a)
Ma 1&u(a) 1&u(a) Ma

(22)

which, using (3) and (21) can be re-arranged to yield (4).
To derive the closed-form solution note that given the definitions
of (a,3,G) one can write the differential equation (4) as.

MG(F*a)&F] .
Ma

&FR(a) & [a(@)%R(@)][G(F*a)&F]  (23)

which can be written as:

m[a(s)%rS(s)] ds

M([G(F*a)&F].e° ) . &FB(a)erg[a(s)%sz)]ds (24)
Ma
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which, given the definition of Gcan be written as.

W[G(F*a)&F].Ga)) .
Ma

&F(a)d(a) (25)

Which, together with the initial condition G(F*0)=F leads to (5).

Proof of Proposition 2
Asapreliminary, note from (6) that:

WES) « NAS) - o it s
Ma(v) MI3(V)

(26)

Ma(v) MI3(V) A9 1T s

By inspection of the formulain (5) we can see that a(v) and 3(v) have
no effect on G(F*a) if vda. So, let usrestrict attention to v<a. Then by
differentiating (5) we have (making extensive use of (26)).:

MG(F*a) . &F

[G(a)mG(S)B(S)dS & G(a)mG(S)B(S)dS] > 0 (27)
v 0

Ma(v) Qa)?
and:
Mﬁr(s:)a) ' (;;z'[ G(a);G(SW(S)ds% qaQqy) & G(a)r;G(S)B(S)ds]
(28)
' %-[e(v) & r;G(S)B(S)ds]
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Let us consider the term in the large brackets in the final line. When
v=0 thisis strictly positive as G0)=1. Taking the derivative of it with
respect to v we have that:

(29)

M[ G(v)&mG(s) }(s)ds
° " [a(v)uB(v)]dy) & Bv)Ev) > 0

Mv

so that the term is increasing in v. Hence it must always be strictly
positive making the expression in the last line of (28) as a whole
negative.

Proof of Proposition 3
If we differentiate (5) with respect to a we obtain:

a qa)?

NG(F*a) . _&F [G(a)ZB(a) & [a(a)%e(a)]e(a)me(s)ﬁ(s)dSJ
0

(30)

0

. F )
@[ [a(a)%B(a)]mG(s)B(S)dS&G(a)B(a)]

Let us define the term in the large brackets in the last line of (30) as
Z(@). Itisthe sign of Z(a) which determines the sign of the derivative
of G with respect to a. Obvioudly Z(0)<0 (which issimply our earlier
result that initially the wage distribution must improve). So if we can
show that Z’ (a)#0 then we have proved the result. Differentiating Z(a)
we have:
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ZN(a) " [a)%B)]mG(s)B(s)ds % [a%R]R & RIG & RAE
0

" [@%B] Q9R(9ds & RIG (31)

0

)0 )
. a/OB)Z(a) " aR&Ra
a%lM3 a%l3

Ja)

where the second line follows from the fact that G =(a+3)G and the
fina line from (30). AsZ(0)<0if Z(a)>0 for some ait must cross the
axis from below. But if Z(a)=0, the final line shows that, under the
conditions stated in the Proposition, Z’(a)#0 so thisis not possible.
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APPENDIX B
TheDiscrete Time Version of the M odel

There are two types of discretization that we are going to do to
implement the theoretical model. First, we are going to model timein
discrete periods (ayear) and, secondly (for computational reasons) we
can only consider a finite number of values of F. Let us start with
considering the implications of discrete time.

In the discretized version of the model we assume that workers get
at most one job offer per year or get their job destroyed once so that
(?,d,,?) now refer to probabilities and hence must be less than one.

For each cell (differentiated by year, sex, experience and,
possibly, education) we have an estimate of the number of people in
each of the cells (employed, employed), (non-employed, employed),
(employed, non-employed) and (non-employed, non-employed) where
the first state refersto the situation ayear ago and the second refersto
the situation now. Obviously these numbers enable usto compute the
non-employment rate for this experience group both now (which we
will denote by u(a)) and ayear ago (which we will denote by u(a-1)).
Let us denote by L, the number of individuals non-employed a year
ago but employed now with similar notation for the other four states
and use L to denote the total sample size. Then our estimates of (?,,d,)
are given by:

L

) w ne d ] en

’ Lne%Lnn ) Lee%Len

(32)

Now consider how we can work out ?,, the arrival rate of job offers
when employed. For those workers who are in employment in both
yearswe have information on whether they have changed employersor
not. Denote by ?(a) the proportion of these workerswho have changed
jobs. So the probability of worker in employment ayear ago changing
jobs but being in employment in both years is given by [1-d(a)] ?(a).
If the distribution of workers with experience ais given by G(F*a-1)
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then it must be the case that:

1
[1&d ()] () * ’?e(a)m(l&F)dG(F*a&l) (33)
0

as only afraction (1-F) of job offers result in a change of employers.
(33) shows that knowledge of ?(a) and G(F*a-1) is enough to enable
computation of ?,(a). But how can we compute G(F*a-1)? Asin the
proof used in Proposition 1 let us denote by J(F*a) the percentage of the
labour force employed at afirm less than or equal to F. In the discrete
version of (21) we have:

JFra) " [1&d(a)&?,(a)(18&F)][1&u(a&L)]G(F*a&1) % F? (a)u(a&l) (3)

from which we can derive G(F*a) by [1-u(@)]G(F*a)=J(F*a).
Substituting (32) into this we have that:

2(a)(1&F) 1[18u(a&1)]

G(Fraa1) 1 Fu DN

G(F*a) * [1&d(a)] [1&u(a)] [1&u(a)]

1&
1

m(l&F))dG(F)*a&l)
0

(35)

Now using (32) and the definition of the unemployment rates we have
that:

[1&d (@)][18u(a&L)] _ L, LW, | . L
[18u(a)] L
?(@u@sl) L. Lw.. . L,
[18u(a)] L~ L L%, LML, (37)

so that (35) can be written as;
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G(Fa) * a)]1a— D)

m(l&F))dG(F *a&1)
0

G(F*a&l) % [1&s(a)]F

(38)

where s(@)=L.J/(L,.+L.) Which has the natural interpretation as the
proportion of current workers who have not entered from non-
employment in the past year.

Equation (38) has a recursive structure and we can start it off
from the assumption that G(F*0)=F and then run it forward.

An additional difficulty from the computational point of view is
the need to evaluate G(F*a) at afinite number of points of F. We
used one hundred values of F evenly spaced from 0.005 to 0.995 (so
effectively we use percentiles). The integral in (36) is then
approximated by:

1 100
%1(1&F)dG(F*a&l) " _Iil Fi[G(Fi*a&l)&G(Fi&l*a&l)] (39)

where F, denotes the value of F at the ith point in the partition and we
adopt the notation that F,=0. Experimentation showed that not much
was gained from moving to afiner partition.

We aso use the same percentiles when computing the wage
distribution. We do this in the following way. All workers in the
relevant cell are ordered by their wage and then assigned a positionin
the wage distribution from 0 to 1. We then estimate the wage at
position F, by linear interpolation using the two wages adjacent to this
point. The outcome of this procedure is an estimate of w(F) in each
cell. We use this distribution for computing all statistics in the paper
so that the mean wage we use is (Sw(F))/100 and so on. Thereis
obviously an approximation error in doing thisbut it ssemsto be small.
For example, the correlation across all cells in al years of the true
mean wage and the mean computed from the discretized versionis0.99
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and for the variance it is 0.97 (note that the variance computed from
the discretized version must always be smaller than the true variation
because the discretized model effectively assumes there is no wage
variation within percentiles).

Computing covariances
In computing the covariance matrices below it isimportant to be aware
of the independence assumptionswe are making. We will assume that
the information on wages is independent of that on transition rates
(they do come from different data sets) and that data on transition rates
and wagesfor different experiencelevelsareindependent of each other.
Given the finite number of values of F considered we can
represent G(F*a) as a vector G(a). Let us denote the asymptotic
covariance matrix of this vector as S;(a). As G(0)=F we must have
Ss(0)=0. Aswe can seefrom (36) G(a) isafunction of G(a-1) and the
scalarss(@) and ?(a). (@ and?(a) are Bernouilli random variableswith
the variance of 5(@) given by s(a)(1-s(a)) divided by the sample sizeand
similarly for ?(a). Let usdenote the variance of s(a) and ?(a) by s?(a)
and s2,(a) respectively. s and ? are independent because s is the
fraction of current workers who were employed last year and ? isthe
fraction of workers employed in both years who have changed jobs.
Then, from (39), the asymptotic covariance matrix is going to follow
the following recursive formula:

S.@ sﬁ(a)( MG(a))( MG(a))) " sﬁ(a)( MG(a) (MG(a)))
Ms(a) Ms(a) M?2(a) J\ M?(a)

(40)

% (M) Se(a&l)( _MG(@)
NG(a&1) NG(a&1),

which can be computed using the initial condition Sg(0)=0.

When we compute the expected wage from the search model
using the decomposition in (10) we obviously need the covariance
matrix for w(F,0). We compute thisin the following way. When we
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discretize, the function w(F,0) is represented by the vector w (whichis
of thesamedimension as G). Aseach element in thisvector represents
percentiles of the wage distribution thereisawell-known formulafor
the covariance matrix for w which we will denote by S,, and whose
individual elements are given by:

F (1&F)

R T

I#] (41)

where f is the value of the density at w and N is the sample size. In
computing this the only problem is to estimate the density. We have
proceeded by assuming that the distribution of entry wages is normal
(an assumption that is accepted using standard normality tests for most
though not all of the years) and computed the density at different
percentiles accordingly.

When we apply the decomposition in (10) we calculate:

= W(G&G

3 " WAG (42)

i&l)
where A isasquare matrix of the same dimension asthe rows of w and
G, with zeroes everywhere except ones on the main diagonal and -1 on
the diagonal immediately to the left of the main one. Given thiswe can
compute:

Var(§ W(G&G,,) " (WA)S,WA) % (AG)S,(AG) (43)

and it isthisthat is reported in the text.
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APPENDIX C
Justifying Equation (20)

It issimpler to derive (20) using a standardised normal so let us define
?=€/s.. For economy of notation let us denote ?,(0) by ?. Given the
assumption on the distribution of e, in (19) we have that:

E(2*%) " [182 % ()12 % 2 A (A2

)
Y

(44)

" [182 % 2F (2], % ?F (2)

using well-known results on the censored normal distribution. Taking
the distribution of (44) with respect to ?,, we obtain:

E(?) 2 F(?(A)d? % 2 f(?)d?

© &2 FOP)d? 4 2 f (27 49

- 2R T 2
m

Vb

where the second line follows from the first as -?f (?)=f ’(?) for the
normal distribution, the third line follows from the second by
integrating by parts.

We must also have:
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Eﬁmg'[mwwH@m%%fwm?

%

(46)
" [1&? % PR (?)]7, % [L&F(?)]
Taking the expectation of (46) with respect to ?,, we obtain:
E(’?f) - (1&’?)’?mF(?)’?2f (?)d? % ?m[l&F (Df (2)d?
- (1&?)&?mF(?)?f J(?2)d? & —Zm[l&F (?)]2d?
(47)

- (m%%%F@%ﬁ@W@&%%
? ?
" (18 % — F(?Pd? % — " 1
(1&2) % — F(2)7d? % -

where the third line follows from the second by integrating by parts.
Combining (45) and (47) and the relationship between ? and eyields
(20).
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Figurel
The Earnings-Experience Profilein 1983
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Changesin the Returnsto Experience Over Time
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Figure 4
Transition Rates From Employment to Non-Employment
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Figure5
Transition Rates from Non-Employment to Employment
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Figure 6

Job-to-Job Mobility Rates
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Figure7
The Predictions of the Search M odel for the Proportion Paid Below the
Median
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Figure 8
Actual and Predicted Earnings-Experience Profiles
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Figure9
Actual and Predicted M ale-Female Wage Differential
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Figure 10a
Actual and Predicted Earnings-Experience Profiles by Education: 1974S79
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Actual and Predicted Earnings-Experience Profiles by Education: 1980S85
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Figure 10c
Actual and Predicted Earnings-Experience Profiles by Education: 1986-92
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Figure lla
Actual and Predicted Variance of L og Wages
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