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Abstract

In conventional search models where workers are allowed to sample job offers from some
distribution, job mobility can play an important role in shaping the wage profile of workers.
This paper attempts to quantify the role of voluntary and involuntary job mobility in accounting
for the evolution of the wages of individual workers over time. Using results from record-value
theory, a branch of statistics that deals with the timing and magnitude of extreme values in
seugences of random variables, I show how we can use wage data to pin down the distribution
from which workers search. Applying this insight to wage data in the NLSY dataset, I show
that the wage losses of displaced workers can be largely explained in terms of the foregone gains
from previous job search, leaving little room for match-specific human capital.
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Introduction

Search theory has long maintained that a key challenge for workers is to secure a good job among
those jobs potentially available to them. That is, if otherwise similar jobs pay different wages to
the same worker, then workers will have to actively seek out those jobs that offer them particularly
high wages. Various explanations have been cited as to why workers might be rewarded more on
some jobs than on others, such as the notion that workers are simply better suited to certain
jobs, or the notion that some frictions in the labor market (including search frictions themselves)
lead firms to pursue different wage policies. But regardless of the precise reason for why workers
earn different wages on different jobs, once we accept this presumption, it naturally follows that
job mobility can play an important role in shaping individual wage profiles. On the one hand, if
workers can search for better matches than those they already occupy, they will be able to achieve
more rapid wage growth by moving to better jobs as those come along. At the same time, if recall
of past offers is not possible, involuntary mobility forces workers who already secured a high-paying
job to start over at a lower average wage than on the job they just lost. The purpose of this paper

is to quantify the role of mobility in shaping the wage profiles of workers over time.

Conceptually, we can think of workers searching from a distribution of wages as accumulat-
ing “search capital” by securing consecutively higher-wage jobs. Analogously, if workers cannot
recall previous offers, involuntary job loss will force workers to resume searching from scratch,
effectively losing any search capital they previously accumulated. This interpretation is useful for
distinguishing between job search and theories that emphasize match-specific human capital, i.e.
skills that workers can acquire which are specific to their current job and are of no value to rival
employers. Both search capital and match-specific capital imply that workers can earn higher
wages by accumulating more capital, and both imply that involuntary job loss will cause them
to lose any previously accumulated capital when they start their next job. But whereas search
capital is accumulated by changing jobs, match-specific human capital can only be accumulated
by remaining on the same job. For policy analysis as well as for predicting the effects of various
shocks on labor markets, it will be important to distinguish between these two types of capital as

sources of wage growth.!

While labor economists have devoted a great deal of effort to quantifying the role of match-

specific human capital in overall wage growth, there is relatively little work quantifying the role of

"Workers could also accumulate general human capital, i.e. skills that are valued on all jobs, which will not be
lost if a worker is forced to leave his current job. My analysis below will allow for this possibility as well.



search capital. Instead, most of the recent empirical work on search models has focused on their
ability to explain the cross-sectional distribution of wages at a given point in time.? By contrast,

this paper considers the ability of search models to account for wage dynamics.

To be more precise, this paper builds on the observation that the contribution of search capital
to wage growth depends on the shape of the distribution of potential wage offers. That is, the
shape of the distribution workers sample from uniquely determines how much a worker will gain or
lose on average when he changes jobs. Gauging the potential of job mobility to affect wage growth
thus reduces to estimating the underlying offer distribution. In principle, we could recover this
distribution from the wages of workers on their very first job. However, once we realistically allow
for unobserved heterogeneity and earnings shocks, this approach would yield a convolution of the
true offer distribution and the distribution of these unobservable terms. Nevertheless, building
on results in record-value theory, a branch of statistics that deals with the timing and magnitude
of extreme values in sequences of random variables, I show that we can potentially recover the
offer distribution even without observing the component of the wage over which workers search.
Record-value theory has been previously used by statisticians to study, among other things, record
temperatures, record athletic performances, road congestion, and ruin probabilities.® But there is
also an obvious connection between record theory and job search: if workers always move to jobs
that offer higher wages, their wage at any point in time will be the record highest offer since their
last involuntary job change. This observation offers a way to relate observed wages back to the

underlying offer distribution they were sampled from.

Using data from the National Longitudinal Survey of Youth (NLSY), I argue that wages are
consistent with workers searching from a distribution of log wage offers that is exponential, i.e.
from a distribution of wage offers that is Pareto. 1 then show that the amount of search capital
workers are likely to have accumulated given their work history can account quite well for their
wage losses when displaced, while match-specific human capital explains a relatively small share
of this loss. Thus, search considerations on their own (together with general human capital) can

reasonably explain the wage dynamics of men early on in their careers.

Turning to related work, my paper is most closely related to Topel and Ward (1992), who

also investigate the role of mobility in contributing to the wage growth of young men. But their

2Mortensen (2002) offers a recent survey of this literature.

3 An entertaining survey on the various applications of record statistics is provided in Glick (1978).



approach is more descriptive. In particular, they estimate the fraction of actual wage growth
that can be explained by job mobility, as opposed to estimating an offer distribution. Moreover,
their estimates combine voluntary and involuntary mobility. More recently, Keith and McWilliams
(1995) examine the relationship between mobility and wages and distinguish between voluntary
and involuntary turnover. However, my model suggests the relevant measure of cumulative search
is the number of voluntary job changes since the last involuntary job change, not the number of
voluntary job changes over a worker’s entire history as they assume. Also related is Flinn (1986),
who estimates a search model based on Jovanovic (1979). Below, I impose similar assumptions
on wages as in his paper. But the nature of search in my model is different from his. First,
Flinn assumes workers can only observe the quality of their match with noise, while I assume they
observe it perfectly. More importantly, he assumes workers must quit to generate a new offer,
while I assume workers can search on the job. Finally, my paper is related to work on returns to
job seniority such as Altonji and Shakotko (1987), Abraham and Farber (1987), Topel (1991), and
Altonji and Williams (1997, 1998). Since both search capital and match-specific human capital
contribute to wage growth, estimating the role of one is complementary to estimating the role
of the other. However, since previous work focuses on more established workers who presumably
have more incentive to invest in match-specific human capital than the mobile young workers in

my sample, my estimates for the returns to tenure may not be directly comparable to theirs.

The paper is organized as follows. Section 1 presents an empirical model of job search that can
be used to formalize the notion of search capital. Section 2 develops the connection of the model
to record-value theory and lays out the methodology for identification. Section 3 describes the

data. Section 4 reports the empirical results. Section 5 concludes.

1. A Model of Job Search

I begin with a theoretical framework that formalizes the ideas set forth in the Introduction. The
framework is deliberately designed to yield the familiar semi-log wage equation that has been
frequently used in previous work. In some of the work I cite below, this equation is simply
imposed as a primitive assumption. However, generating it explicitly in a search model will allow

me to eventually derive restrictions on the unobserved match-specific component in this equation.

Standard models of search typically assume that each job offer specifies a constant wage for the
duration of the match. In such an environment, a worker will naturally prefer a job if it offers

him a higher wage than on his previous job. While this assumption is convenient for theoretical



analysis, it needs to be modified to have any hope of according with empirical observations on
wage data. For example, wages (both nominal and real) frequently change over the life of a job.
In addition, a non-negligible fraction of workers who change jobs voluntarily accept offers that pay
a lower wage than they previously earned. Building on Flinn (1986), I now describe a model that

can accommodate these observations.

Let w;;¢ denote the wage of individual ¢ on job j at date ¢. Job j can denote any arbitrary job,
not just the one the worker is employed on. When necessary, I will use the notation j () to refer
to the job the worker is employed on at date ¢. Flinn (1986) assumes w;;; can be decomposed into
two distinct terms: one that is specific to a worker-employer pair, and one that does not depend

on the employer j. More precisely, the wage is multiplicatively separable in two terms, i.e.
wije = Oyt - iy (1.1)
Flinn further imposes the following restrictions:

®ijt = €exXp (013) (12)
Oy = exp(o; + 8Xit + e4t) (1.3)

The first assumption, (1.2), states that the match-specific term ©;;; does not vary over the duration
of the match. The virtue of this specification is that it retains the main features of traditional
search models without requiring that the wage be fixed on each job. In particular, since changes in
®,, affect wages on all jobs in the same way, the worker will prefer the employer with the highest
0;, just as in the traditional model he prefers the employer offering the highest constant wage. An
additional virtue of this specification is that it allows for the possibility that workers voluntarily
move to jobs that pay less than what they earned in their previous jobs. This would occur if the
time-varying term ®;; fell at the same time a worker happens to switch to a match with a higher
0;;. Although the worker earns a lower wage on his new job than he previously earned at his old

job, he would have earned an even lower wage had he stayed on his original job.

For each worker 7, we can summarize the distribution of 0;; across potential employers j by a
cdf F; (-). T assume this distribution is continuous and identical across workers 7, i.e. F;(-) = F'()
for all 7. I will refer to 0;; as match quality, although one could equally interpret differences in 0;;

across employers as heterogeneity in wage policies, in line with Burdett and Mortensen (1998).

Note that the assumption that ©,;; is time-invariant denies a role for match-specific human

capital, since any wage growth on one job must automatically carry over to other jobs as well. So

4



as not to rule out match-specific human capital from the outset, I generalize this setup to allow
;¢ to depend on the amount of time 7;; worker 7 has spent working on job j by date ¢. In

particular, suppose there exists some constant v > 0 such that
Oyt = exp (0;5 + v 1ij¢) (1.4)

where once again 6;; ~ F' (-). Under (1.4), at each date ¢ it will be optimal for the worker to choose
the job offering the highest ©;;;. This is because wages grow at the same rate on all jobs, so that
if ©;5+ > ©,; at date ¢ for two jobs j # j', the same inequality will hold at any date beyond ¢.
This result hinges on the assumption that returns to tenure in (1.4) are linear. For more general
specifications, a job that offers a higher wage than some other job at one point in time might offer
a lower wage at another point in time, and we would need to know the rate of time preference,

interest rate, and utility function of the worker to determine which job is preferable.*

Assumption (1.3) states that the match-independent term ®;; consists of three components:
¢;, which captures fixed worker attributes such as schooling or ability; X, which captures time-
varying worker attributes, i.e. labor market experience; and ¢;, which denotes a stochastic earnings
shock but can also encompass measurement error. Flinn (1986) assumes e;; is i.i.d., while Topel
and Ward (1992) argue it is Ae;; that is i.i.d.® As will be clear below, my approach only requires
that F (Ae;) = 0. Substituting in (1.3) and (1.4) and taking logs yields the familiar semi-log wage

regression that has been used to model wages in previous work, i.e.
Inw;je = BX5 + 1550 + ¢; + 055 + i (1.5)

As noted earlier, the virtue of deriving this wage equation explicitly in a search setting is that this

will allow us to derive explicit restrictions on 6;;, as will be shown below.

Next, I describe the assumptions that govern how workers choose jobs. At the beginning of each
period, an employed worker is forced to leave his job with probability s € (0,1). Otherwise, he

can stay on his current job. That same period, with probability p € (0,1) the worker learns of a

*Specifically, when ©;;; = exp (0s; + g (Tij¢)) for some increasing function g (-), a worker with a match of quality
0 and tenure T' will set a reservation cutoff 8* (#,7") and accept a new match if and only if its match quality exceeds
0. If g () is linear, 8* (0,T) = 0 + g (T'), regardless of the discount rate and interest rate. When g (-) is not linear,
though, it will often be impossible to obtain a closed form expression for 6*.

®Topel and Ward estimate the autocovariance of the residual in the regression Alnw = H (X,T)+ Ae and argue
¢ is approximately a random walk with drift. They note that “about 95% of the within-job residual variance in mea-
sured quarterly wages is associated with the systematic component; the remainder is accounted for by measurement
error or other transitory shocks to measured earnings.” Abowd and Card (1989) obtain similar results.



new job, whose match quality 0 is drawn from /7 (-). The worker observes # on the new job — in
contrast to Flinn’s model where he can only observe the sum 6 4+ ¢ — and chooses whether to stay
on his current job (alternatively, unemployed) or accept the new offer. Once a job is declined, it
cannot be recalled. This specification is consistent with conventional assumptions in the literature,
e.g. Pissarides (2000). T will classify a job change that occurred because the worker had to leave

his employer as involuntary, and a job change that was initiated by the worker as voluntary.

An important feature of the search technology above is that workers can receive offers while
employed, i.e. they can engage in on-the-job search. This feature gives rise to the notion of search
capital introduced earlier. Formally, define the stock of search capital for a given worker as the
quality of his current job 0,;(). For an unemployed worker, this value will be set to the minimum
value in the support of F'(-). As specified, the model implies that each voluntary job change
increases the stock of search capital. This is because as long as returns to tenure are linear, a
worker will prefer a new job j’ to his previous job j if and only if ©;;1 > ;5. Since the worker
has no previous tenure on the new job j, it follows that 0,5 > 0;; +vT55 > 6;;. Hence, each
voluntary job change will add a (random) increment to the stock of search capital. If the worker
is involuntarily displaced, the absence of recall implies the previous value of 0, will be reset to

the minimum possible value, so that any previously accumulated search capital will be lost.

In sum, the model suggests two ways a worker can increase his wages over time. The first is to
increase ®,;. This can be viewed as investment in general human capital, since it allows the worker
to earn higher wages on all jobs. The second is to increase ©;;, which can be achieved in two
ways: building up tenure 7;;; with a given employer j, or searching through the offer distribution
to arrive at an employer with a high 0;;. In contrast to investment in ®;, any gains in ©,;; will
be lost when a worker is involuntarily displaced. The purpose of the empirical work below is to

quantify the role of these channels in accounting for the wage changes of young men.

2. Empirical Methodology

To be sure, previous work has already attempted to quantify some of the sources of wage growth
discussed above. For example, Altonji and Shakotko (1987), Abraham and Farber (1987), and
Topel (1991) begin with an equation of the form (1.5) and proceed to estimate the returns to
experience 8 and seniority ~. All three recognize the importance of match quality 6;;. However,
rather than attempt to gauge its role in shaping wage dynamics, they treat it as a nuisance for

estimating 3 and v. For example, the first two papers devise instruments uncorrelated with 0;; to



estimate these coeflicients. But they do not then use their estimates to infer the role of mobility.
Topel proposes an alternative two-step method for estimating ¢ and -, which yields much larger
estimates for « for the same sample used in earlier work, but he too ignores the subsequent
implications for the role of 0;; in accounting for wage growth. By contrast, my approach is focused
on estimating the role of unobserved match quality 0;; directly, and treats the task of assigning

values to 8 and v as an intermediate step towards that goal.

As noted in the Introduction, quantifying the role of search capital essentially boils down to
estimating the offer distribution #'(-). In simpler search settings, identifying F'(-) is trivial. For
example, in a related model that abstracts from unobserved heterogeneity, Mortensen (2002) sug-
gests using the empirical wage distribution for workers on their very first job. This approach would
not work here; even with estimates of 5 and ~, we would only be able to isolate the sum 0;;+¢; +c5,
so that we can only identify a convolution of /" (-) and the distribution of these additional terms.
Nevertheless, I show that when v = 0, we can uniquely pin down F'(-). Intuitively, given two
distinct distributions /' (), the rate at which a worker accumulates search capital - i.e. the rate at
which wages rise with the number of voluntary job changes — will be sufficiently different between
the two that we can distinguish between them with enough data. Unfortunately, my proof cannot
be easily adapted to the case of v > 0. Still, I show that even when ~ > 0, we can easily check if

I7(-) is at least consistent with particular functional forms.

In order to establish these results, I first recast the search model above as a record model.
Building on insights from record-value theory, I then show how one can potentially identify the
offer distribution F'(-) from wage data. Lastly, I point out an overidentifying restriction of the

model that can be used to further assess the validity of this estimate.

2.1. Record Statistics and Job Search

I begin with a brief introduction to record-value theory. Given a sequence of random variables, an
element in the sequence is defined as a record if it exceeds the realized value of all observations
that preceded it in the sequence. Statisticians have devised models to analyze the occurrence of
records in sequences of random variables, and have used them to study various applications such
as weather patterns (e.g. using the frequency of record temperatures to detect global warming).

However, these models have not been utilized much in the economics literature.®

8One exception is Kortum (1997), who considers a model in which innovation involves drawing from a distribution
of technologies. A successful innovation is one that is more productive than all techniques that came before it.



The first model of records was developed in Chandler (1952). He assumed an infinite sequence
of random variables {6,,},~_; in which each of the individual observations is i.i.d. He then defined

record times within this sequence as follows. Let M7 = 1, and for any integer n > 1, let
My, =min{j:0; > 0u, ,}

The n-th record, which is denoted by R,, is just the value of #,, at the n-th record time, i.e.
R, = 0y1,. As an illustration, consider the following sequence of daily temperatures at a given

location as measured on the same date each year:
{65, 61,68,69, 63,67, 71, ...}

The first observation is trivially a record, so M7 = 1 and Ry = 65. The next observation that
exceeds this value is the third one, so My = 3 and Ry = 68. The very next observation exceeds
this value, so M3 = 4, and R3 = 69, and similarly My = 7 and Ry = 71. Thus, the sequence of
records {R, },° is given by {65,68,69,71,...}. Note that each record can be alternatively viewed
as an order statistic, i.e. R, is the maximum of a sample of M,, draws, but where the sample size
M, is random. Thus, a record will have the same distribution as a mixture of order statistics.
But since this mixture is over an infinite number of possible distributions, a record statistic may
not inherit the properties of its corresponding order statistics. For example, as demonstrated in
Nagaraja (1978), the moments of a record may not exist even when the moments of the associated
order statistics exist for any finite sample size. For this reason, record statistics have emerged as

a distinct but parallel branch of extreme-value theory from order statistics.

For the classical record model above, statisticians have been able to derive the distribution of
record times M,,, the distribution of the number of records within a given sample size, the distri-
bution of record values R,, for a given parent distribution F'(-), and the asymptotic distribution of
record values R, (if it exists). More recently, statisticians have tackled more complicated record

processes, e.g. when observations are no longer i.i.d. For excellent surveys of these results, see
Arnold, Balakrishnan, and Nagaraja (1992, 1998) and Nevzorov and Balakrishnan (1998).

It is easy to see why record-value theory might be useful for analyzing search models. Empirically,

we often collect data only on jobs a worker accepts. Hence, in contrast with temperature data where

Kortum remarks on the connection between his model and record theory. However, most of his analysis uses results
from order statistics rather than record statistics, since he essentially conditions on sample size rather than on the
number of previously successful innovations. Another exception is Munasinghe, O’Flaherty, and Danninger (2001),
who analyze the number of track and field records in national and international competitions to study the effects of
globalization, and remark on the likely applicability of record theory in economics, including job search.



we can measure the temperature each year regardless of its value, wage data is only collected if the
present wage offer is more attractive to the worker than all previous offers. In other words, available
wage data only corresponds to record-setting values {R,} ° |, not the sequence of observations
{O0m},,_,. But by explicitly recognizing this record structure, we might still be able to relate wage
data back to the offer distribution from which workers draw offers. Conversely, given an offer
distribution, we can compute how much a worker should gain on average as he accumulates search

capital using the appropriate record statistics for repeated draws out of this distribution.

2.2. Identifying the Offer Distribution

I now examine whether the record structure implicit in the search model can be used to identify
I7(-). Since workers cannot recall offers they previously turned down, the search process is reset
each time a worker is forced to leave his job. Thus, let n denote the number of jobs a worker
has held since his last involuntary job change, or else since he first entered the labor market. Let
Oit = 0; j(r) denote the quality of the match on job j (), and similarly Ti; = T ;) as the time
the worker spent on that job by date ¢. Finally, let 07, reflect the fact that j (%) is the worker’s
n-th job. First-differencing (1.5) to get rid of unobserved heterogeneity, and using the fact that

AX; = Ty = 1 if a worker remains with the same employer, we obtain

G+~ + Acy if same job
Alnwy = B—~Tit1+ (0?;“1 — QZt—l) + Ags  if voluntary change (2.1)

B—=Tt 1+ (01% — thl) + Aegt if involuntary change

I begin with the case where v = 0, i.e. where there are no returns to seniority. Let M denote the
(random) number of offers the worker receives between consecutive involuntary job changes, and
let m =1, 2, ..., M index individual offers. Define 8,,, as the value of § on the m-th offer. Since the
worker will only change jobs if he encounters an offer with higher match quality, it follows that
07 L R, i.e. the match quality on the worker’s n-th job will have the same distribution as the
n-th record from a sequence of i.i.d. draws from /(). The wage changes of workers who change

jobs, either voluntarily or involuntarily, thus contain a difference between record values.

Remark 1: The search model above differs from the classical record model in that rather than

observing an infinite sequence {0, },~_,, we get to observe a sequence {0, }i\n/‘[:l of random length.



In the Appendix, I show that M has a geometric distribution, i.e.
1 m—1
Pr(M=m) = < p(l=>s) > u
p+(1-p)s p+(1—p)s

(1-—a)" ta

The number of offers a worker receives before being laid off is therefore finite with probability 1, in
contrast to the classical model where the number of observations is infinite. Bunge and Nagaraja
(1991) already analyzed several implications of this setup. As they point out, since we may not

always observe n records in our sample, the distribution of record values is implicitly conditioned

M

on observing that many records. That is, if N denotes the number of records in {6}, 1,

any

analysis of the n-th record is conditioned on the event that N > n. Bunge and Nagaraja (1991)
a(—Ina)" !
(1-a)n!
proceed to derive an explicit expression for the joint distribution of the first n records conditional

show that if M is geometric, N will be a truncated Poisson, i.e. Pr(N =n) = , and

on N > n for any parent distribution /' (-). W

The observations above allow us to rewrite equation (2.1) for voluntary job changers as
Alnwy = BAX; + (Rpy1 — Ry) + Ay (2.2)
Taking expectations conditional on observing at least n 4+ 1 records, we have
E(Alnwy — BAXy | N>n)=E(Rpy1 — R, | N >n) (2.3)

Note that from (2.1), we can identify the returns to experience 3 off of the wage gains of job
stayers. Thus, we can recover the conditional expectations F (R, 11 — Ry | N > n). I now argue
that these moments uniquely establish the shape of the parent distribution F'(-). That is, by
observing the average wage gain among all workers who move from their first job to their second
job, from their second job to their third job, and so on, we can uniquely identify the shape of the

offer distribution /7 (-). First, though, I need the following lemma:

Lemma: Consider a sequence {0,,}_, where M ~ geo(a). Let {R,}"_, denote the records of
this sequence. If F(|0,,]) < oo, then E(Ry41 — Ry | N >n) <ocoforn=1,2,3,..

Armed with this lemma, I establish the following result:

Proposition:” Consider a sequence {0,,}2Y_| where ,, ~ F(-) such that F(|0,,]) < oco. If

I am indebted to H. N. Nagaraja for suggesting the proof of this Proposition.

10



M has a geometric distribution, the sequence {E (R,41 — R, | N > n)},° , uniquely characterizes

the distribution /' (-) in the set of continuous distribution functions, up to a location parameter.

Remark 2: A related result for the case where Pr (M = co) = 1 was established by Gupta
(1984). He showed that under additional regularity conditions, the sequence {E (Rp11 — Ry)}
exists and uniquely characterizes F'(-) in the set of continuous distribution functions, up to a
location parameter. However, the proposition above involves conditional moments, since we are
not always assured of reaching the n-th record, and thus requires a different method of proof than
in Gupta. Interestingly, it turns out that the characterization result in the geometric random
record model is more general than in the classical record model, i.e. it is also true for subsequences

of record spacings whose indices satisfy the Miintz-Szdsz criterion, something that is not true in

the classical record model. For details, see Nagaraja and Barlevy (2002). B

Remark 3: The proposition above ensures that the sequence {E (Rn41— R, | N >n)} ",
maps to a unique continuous distribution [/7(-), up to a location parameter. However, its proof
does not offer a way to readily construct [7(-). In practice, I proceed in the opposite direction: I
begin with a candidate distribution [7(-), and then check whether the expected record spacings
for this distribution are consistent with the empirical moments estimated from the data. To the
extent that the two are consistent, we can use the proposition above to conclude that the offer
distribution must take the same shape as our candidate distribution, since any other continuous

distribution would have necessarily failed this test (at least given enough data). W

The proposition above establishes that we can uncover the distribution of 6 from observations
on Af; + Ae;. The reason we can overcome the confounding Ae;; term is that we can assign each
observation to a record number n. Since the value of n is identified from job mobility rather than
from A6l + Aegy, it is related to Af; but not to Ag;. This additional information is enough to

allow us to isolate the distribution of #, even though we cannot observe Af directly.

As noted above, my empirical implementation involves checking whether the data is consistent
with a candidate functional form for /(). One of the distributions that figures prominently in

record-value theory, and is thus an obvious candidate, is the exponential distribution
F(z)=1—e /A
for some A > 0. In this case, the average record margin is independent of n, i.e.

E(Rpi1— Ry | N>n)=A

11



for n = 1,2,3,... This result is due to the memoryless property of the exponential distribution,
which states that if a random variable X is exponential, Pr(X >z +y | X > y) = Pr(X > z) for
all z,y > 0. Hence, to check if F'(-) is exponential, we only need to examine whether the average
wage gain for voluntary job changers net of returns to experience varies with n. What makes
the exponential case especially convenient is that we don’t even need to estimate the parameter
a=s(p+(1—-p) s)f1 to carry out this test.® But the exponential case is not just convenient; it
is also of a priori empirical relevance. In particular, if  is exponential, the distribution of wages
from which workers search will be Pareto. The Pareto distribution arises repeatedly in empirical

distributions of earnings, and so is a natural one to consider here as well.”

Next, consider the case of positive (but linear) returns to tenure, i.e. v > 0. Once again, we can
relate the wage gains of voluntary job changers to record moments. In particular, let ¢,, denote
the number of periods between when the worker started working on his first job (for which n = 1)
and when he received his m-th offer. Define a new variable 5m = Om — Ytm. The distribution of

O is a mixture of affine translations of /' (-), i.e.
. [o0)
Pr(0, < x) = Pr(tm =s) - F(z +vs)
s=m—1
Recall that the worker will only switch to a new job if the difference in match quality between the
new job and his old job exceeds the cumulative returns to tenure on his old job. This is equivalent
to the condition that the current value gm exceeds all past realizations 51, ...,gm,l. Thus, just as
in the case of v = 0, a worker will change jobs if and only if he encounters a record value within an

appropriately defined sequence of random variables. If we define l~?/n as the value of the n-th record

M

m_1, a little algebra reveals that the wage gain of voluntary job changers net

in the sequence {f,}

of returns to experience is now equal to
E(Alnwy — BAXy | N>n) = E(Rp1 —Rn | N>n) + 7 (2.4)

Once again, then, we can use wage data to construct conditional moments from a record process.

In contrast to the case where v = 0, the individual observations gm are no longer independent

®Even though we don’t need to estimate o in this case, we still implicitly use the assumption that o is the same
for all agents. This is because I have not established that the proposition above extends to the case where a varies
across agents, i.e. I have not shown that record moments uniquely identify F'(-) when M is a mixture of geometrics.
Even if this characterization result is not true, we could still in principle disaggregate the data by o and identify the
distribution from individual subgroups.

9Neal and Rosen (2000) discuss the prevalence of the Pareto distribution in earnings data. Mortensen (2002) cites

work using Danish data that specifically seeks to estimate a wage offer distribution, based on a different approach
than the one presented here, and likewise reports evidence of a Pareto tail.
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nor identically distributed. However, the distribution of each gm can still be summarized in
terms of a single parent distribution [7(-), so there is some hope that record moments might be

useful for recovering the distribution of interest.'®

Unfortunately, the argument for the i.i.d. case
cannot be adapted to this more general case, and thus we are no longer assured that the sequence

{E(Rpy1 — Rn | N > n)}2°, can pin down the shape of the offer distribution £ (-).!!

Despite this complication, there is still a simple way to check the particular hypothesis that F'(-)
is exponential. In fact, we can proceed in exactly the same way as when v = 0. Recalling that
AX; = ATy = 1, a regression of Alnw;;; on AXy; for job stayers would yield a coeflicient for 3
that combines returns experience and returns to seniority, i.e. B = 3+ ~. At the same time, the

memoryless property of the exponential distribution implies that
E(Ryy1— Ry | N>n)=\

Thus, if /() is truly exponential, the average wage gains of voluntary job changers net of the
(incorrectly) estimated returns to experience B will appear not to vary with n. But again, we
need to keep in mind that we have not established there isn’t some other distribution for which
E(ﬁnﬂ — Ry | N > n) is also constant for all n (at least in the limit when time is continuous; as
noted in the footnote above, in discrete time I (-) is not uniquely identified in the set of continuous
distributions). In other words, the test involves a necessary condition for F'(-) to be exponential,
and it is not clear whether this condition could also be sufficient, at least under some additional

assumptions.

2.3. Overidentifying Restrictions: the Wage Losses of Involuntary Job Changers

Assuming we can use the procedure above to obtain an estimate of F'(-), it would be desirable

to come up with an overidentifying test that can be used to further establish the validity of our

10Tn the case of non-linear returns to tenure, we can similarly define some gm so that a worker will change jobs
if and only if he encounters a new record within the sequence {0, }%[:1. In this case, not only are the individual
observations not i.i.d., but the distribution of each observation depends on whether a record was set on the previous
observation. This variation on the classical record model was previously explored in Pfeifer (1982).

UTn fact, as the model is formulated, record moments cannot uniquely identify all continuous distributions when
v > 0. First, for distributions with bounded support, the number of records we observe is finite, so there will
not be enough moments for unique identification. Even with infinitely many records, we cannot uniquely identify
distributions whose support is bounded from below. Let  denote the infimum of the support of such a distribution.
The shape of the distribution in the interval [8, 8 + ] will matter for E(Rl) but not for E(Rn | N>n)forn>2
Thus, we cannot distinguish between two distributions that differ only within this interval and share the same value
for E(R;). These problems would go away in the limit when time is continuous; however, the continuous-time
formulation is sufficiently involved that it is best left for a separate paper.
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estimate. Since the above methodology uses the wage gains of voluntary job changers, a natural
candidate for such a test is the wage losses of involuntary job changers. In particular, given an
estimate of v and the offer distribution F'(-), we should be able to compute the implied average
wage loss for an involuntary job changer, i.e. E(A®;j;), and then compare this to the average

wage loss in the data as a consistency check on our estimate.

Again, T begin with the case where v = 0. In this case, the only reason an involuntary job
changer should suffer a wage loss (net of returns to experience) is if the match quality on his new
match is lower than on the job he just left. The match quality for a worker who is forced to
leave his n-th job will correspond to the n-th record from a sequence of i.i.d. draws from F'(-)
with a geometric number of observations. Here, we would want to condition on the event that the
total number of records N in the sequence is equal to n, since we know that the n-th job is the
worker’s last. Similarly, the match quality on his new job corresponds to the first record from such

a sequence, conditional on N > 1. But this condition is trivially true. Thus, we have

E < AT wy — BAXy| ’ Ny i = n) — E(R, | N=n)— E(Ry) (2.5)

By an extension of the analysis in Nagaraja and Barlevy (2002), we can establish that the se-
quence {E (R, | N=n)— E(R;)},- uniquely characterizes F'(-) within the set of continuous
distributions, up to a location parameter. Thus, these wage losses constitute a legitimate overi-
dentifying test on F'(-) when v = 0. However, these moments generally depend on the mobility
parameter «, even when /(-) is exponential. To avoid having to also estimate «a, I follow an
alternative route of deriving a lower bound for the expression on the right-hand side of (2.5) that
is independent of . This allows me to proceed without having to separately identify «. But the
disadvantage of this approach is that it yields a weaker test that can reject only certain alternative

distribution functions /7 (-).

To construct this bound, let 6,,.,, denote the maximum of the first m elements of a sequence of
random variables. By conditioning on the number of offers M between consecutive separations,

we obtain
E(Ry | N=n)=> wmnF Omm | M =m, N=n)
m=n

where Wy, = Pr(M =m | N = n) denotes the fraction of all workers involuntarily separated from

their n-th job who received exactly m offers before separation. Since for any m > n, we have
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It then follows that F (R, | N =n) > E(0p.n). Thus, a lower bound on the average wage loss net
of the returns to experience is given by £ (0., — 01.1). If 0 ~ exp (1/X), it is well-known that

n
1
E (Onn) = /\Z c= Ag (n)
=1
Thus, if 6 is distributed as an exponential, we should see
E < |Alnwy — BAXq)| ’ Net = n) >\ (g(n) — 1) (2.6)

where A is estimated from voluntary job changers. This inequality will be the overidentifying

restriction I will focus on in my empirical analysis.

Similarly, one could compute the expected wage loss for a displaced worker when ~ > 0. In this
case, the average wage loss can be expressed in terms of moments of the record process }~?,n defined
above. However, as I argue below, returns to tenure in my sample of young workers appear to be
quite small, so that the case of v = 0 should provide a good first approximation. To preview my
results, the average wage losses of involuntary job changers in the data are indeed quite close to
the lower bound in (2.6) when I use the estimate of A from voluntary job changers. This finding
suggests that wpy = 1, since this is when the bound in (2.6) is exactly binding. At first glance, it
might seem surprising that most workers on their n-th job appear to have received exactly n offers.
However, there are several explanations that can account for this result. First, a relatively high
separation rate s, as is true among young workers, would tend to shift the steady-state distribution
towards lower values of m for a given n. Intuitively, a higher separation rate makes it more difficult
to observe a worker that has accumulated too many offers, since they are likely to be displaced
before they accumulate enough such offers. In addition, the fact that the sample covers the first
few years in the labor market biases the distribution towards putting more weight on lower values
of m for a given n, simply because workers have not been in the labor market for enough time to

accumulate many offers.

Another explanation, which is specific to the exponential distribution, involves the fact that for
a given m, the difference g (m) — g (n) = ‘ i % will be quite small for large n, at least when m
is not much larger than n. Thus, wy, :ZEn;rriight serve as a good approximation in some cases
even if wy,, > 0. Finally, suppose s and p vary over the duration of the match. In particular,
suppose s starts high at the beginning of a match but declines over time, while p starts out low
but rises over time. This would tend to minimize the odds of observing a worker who accumulated

many offers before he was separated, particularly for lower values of n. Both assumptions seem
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plausible. On the one hand, various jobs involve an initial probation period when the worker is
more likely to be laid off. At the same time, job-shopping considerations such as Jovanovic (1979)
suggest workers are more likely to leave for a new match the longer they have been employed,
since they have more precise information about the quality of the match and thus have a lower
option value of staying with a job. However, under these assumptions, the number of offers M a
worker receives before being separated will not be distributed as a geometric, and the proposition
above may not apply. In particular, an exponential /' (-) would still imply that average wage gains
should not vary with n, but it might no longer be the case that this is the unique distribution for

which this is true.

3. Data

To implement the analysis above, I need a dataset with detailed work-history data that can be
used to construct n. In addition, since job mobility is highest when workers first enter the labor
market, it seems wise to focus on young workers; this both maximizes the sample of job changers,
and suggests the incentive to invest in match-specific human capital is low. These considerations
suggest using the National Longitudinal Survey of Youth (NLSY) dataset. The NLSY follows a
single cohort of individuals who were between 14 and 21 years old in 1979. At the time I assembled
my dataset, data was available through 1993. In each year, respondents were asked questions about
all jobs they worked on since their previous interview, including starting and stopping dates, the
wage paid, and the reason for leaving the job. To mitigate the influence of mobility due to non-wage

considerations, e.g. pregnancy or child-care, I restrict attention to male workers.

With the exception of n, my variables are standard. For the wage, I use the hourly wage as
reported by the worker for each job, divided by the GDP deflator (with base year 1992). T also
experimented with using the CPI, but the results were similar. To minimize the effect of extreme
outliers, which are likely to be due to coding errors, I trimmed observations for which the reported
wage was less than or equal to $0.10 or greater than or equal to $1000. This eliminated 0.1%
of all wage observations. To construct a measure of potential experience, I dated each worker’s
entry into the labor market at his birthyear plus his reported years of schooling (highest grade
completed) plus 6. However, if an individual reported working on a job prior to that year, I dated
entry at the year in which he reports his first job. This raises the concern that my results could be
affected by summer or after-school jobs. But such jobs are only a small part of my sample, and,
for reasons explained below, these jobs are unlikely to enter into my calculations of the conditional

record moments F (Rp41 — Ry, | N > n). Table 1 provides summary statistics for my sample.
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The one novel variable in my analysis is the number of jobs n a worker has been employed on since
his last involuntary job change, and so it merits some discussion. The determination of whether the
worker left his job voluntarily or involuntarily is based on the reason cited by the worker for leaving
his job. For jobs that stretch out over multiple interviews, workers will sometimes offer different
reasons for leaving the same job in different surveys. In these cases, I used the explanation cited in
the last year the worker reported being on the job. Although the precise wording of the question
varies from year to year, roughly speaking, a voluntary job change corresponds to a self-reported
quit while an involuntary job change corresponds to a layoff, discharge, or end of a job. This relies
heavily on the accuracy of the reported reasons. However, one can view the empirical work as a
way to validate the accuracy of these self-reports, since the wage gains of voluntary job changers
and the wage losses of involuntary job changers are likely to be inconsistent if the reason for job

change are systematically misreported.

Several complications arise in constructing n from work-history data. First, a non-trivial fraction
of workers in the NLSY hold more than one job at a point in time, which raises the question of
how to deal with overlapping jobs. In this regard, I use the analysis in Paxson and Sicherman
(1996) that argues the primary reason workers hold multiple jobs is that they are constrained
to work a maximum number of hours on each job. Suppose workers are equally constrained on
all jobs and can work on only one job full time. However, workers can receive additional draws
from the distribution F(-) and work on those jobs on a part time basis. If we observe a worker
already employed in job A who takes on a second job B, two outcomes are possible. First, the
worker might leave job B and continue to work on job A. If secondary jobs are only available on
a part-time basis, this does not provide us with any information on match quality on the worker’s
primary job. I therefore ignore job B in my analysis, i.e. it is as if the worker had never taken on
a secondary job. The other possibility is that the worker leaves job A and remains in job B. This
implies an opening for a full-time position must have opened up at some point on job B. Since
I assume secondary jobs are drawn from the same distribution /(-), job B is just another draw

from I'(-), and so I treat it the same way as a new job that starts only after job A ends.

Out of the 52,827 jobs in my original sample, the procedure above identifies 8,232 as secondary
jobs. To check if this classification is sensible, the NLSY asks workers to rank their jobs each year
in terms of which is their primary job. Of the 8,232 jobs I identify as secondary jobs, 72% are
never ranked as the primary job in any year, and only 9% are identified as the primary job in each

year the job is reported, most of which involve only a single observation.

After eliminating secondary jobs, I order remaining jobs according to their starting dates. Start-
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ing with the first time a worker reports an involuntary job change, I assign his next job a value
of n = 1. If the worker reports leaving his n-th job voluntarily, the next job is assigned a value
of n + 1. If the worker reports leaving his job involuntarily, I reset this number to 1. If no reason
is offered for leaving the job, I must wait until the next involuntary job to reassign n. Out of
the 44,595 jobs that remain after eliminating secondary jobs, I was able to assign a value of n for
26,929, or 60%. In an attempt to raise this number, I also tried to identify entry into the labor
force and assign n = 1 to the first job the worker accepts to overcome the left-censoring problem.
However, the number of observations identified this way was small, and adding it to my sample
had no effect on my results. Thus, I only report results for the case where n is assigned after an in-
voluntary job change. As alluded to above, this has the advantage that it is more likely to exclude
summer and after-school jobs, since we assign n only after we observe at least one involuntary job
change. While a significant fraction of my observations could not be assigned a value of n, recall
from equation (2.1) that the wage changes of job stayers do not depend on n, so I can still use

some of the data for which no value of n could be assigned.

To conform with the timing of my model, I chose one job per worker each year. To be included in
the sample, the worker must have reported working on that job within two weeks of the interview
date. This insures that observations are gathered on a regular basis, in accordance with my timing
assumptions. The choice of an annual horizon is merited by the finding in Topel and Ward (1992)
that there is a “strong tendency for within-job earnings changes to occur at annual intervals.” In
cases where the worker is employed on more than one job at the time of the interview even after
eliminating secondary jobs (i.e. he has yet to move full time to his new job), I use the job that
began first. Thus, a job is identified as the primary job only in the first year the worker is observed
to work exclusively on that job. Proceeding this way yields a sample of 56,962 observations on
25,424 jobs for 6,139 workers. Since first-differencing requires me to use at least one lag, and since
not all of the observations have the requisite data on wages, education, or dates of employment,

my final sample is a little more than half the size of the original sample.

In Figure 1, I report the distribution of n for all 56,962 observations in Figure 1. Figure la
shows the fraction of jobs for which I could not assign a value to n. This value falls from 84% in
1979 to 29% in 1993. This ratio stabilizes at this level, reflecting the fact that a non-negligible
fraction of workers do not report an involuntary job loss over the duration of the sample. Figure
1b shows the distribution of n for those jobs where n could be assigned. The graph suggests the
distribution of n settles down after 10 years, with about 40% of all observations associated with

n =1, 25% with n = 2, 15% with n = 3, and virtually all remaining observations with n < 7.
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The average value of n for all observations where n could be assigned rises from 1.2 in 1979 to
2.4 by 1993. Note that few observations involve a very large value for n. This is consistent with
a standard result in record-value theory that records from a sequence of i.i.d. draws should be

relatively rare (and even rarer if v > 0).

The fact that few workers have a high value of n underscores the importance of distinguishing
between voluntary and involuntary job changes. Topel and Ward (1992) look at cumulative mobil-
ity, and estimate that 96% of workers were employed on more than one full-time job after 10 years
of potential experience, and half held more than 6 jobs. If these job changes were all voluntary,
this would suggest significant cumulative search experience. But Figure 1b reveals that when we
take into account that some job changes are involuntary, even after 10 years, a significant fraction

of workers should essentially be viewed as being on their first job.

4. Empirical Analysis

I now proceed to use the data above to implement the approach laid out in Section 2. I begin with
data on voluntary job changers to test the hypothesis that [7(-) is exponential. I then examine
whether the wage losses of involuntary job changers are consistent with this estimate of /(). I

close with a brief discussion of the results.

4.1. Is the Offer Distribution Exponential?

Recall from Section 2 that a distinguishing feature of the exponential distribution is that the
average wage gain for a voluntary job changer is independent of n. To determine if this condition
is satisfied in the data, define for each integer n > 1 the variable D} "+ Which equals 1 if the
worker was observed to be on his n-th job at date £ — 1 and on his n 4+ 1-th job at date . In
addition, define Dy =", D} M+ Which equals 1 if the worker changed jobs voluntarily between

dates t — 1 and ¢.

Recall from Section 2 that when F'(-) is exponential, we can proceed as if v = 0. Thus, we can
set 7 in (2.1) to zero. In addition, I allow ®;; to contain a quadratic term in potential experience to
capture concavity in the wage-experience profile. This implies that the wage growth of job stayers

and voluntary job changers can be combined into the following single equation

Alnwy = BAX; + B, AXE + 6Dy + Zm Sn D o, (4.1)
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where

(Re—R1 | N>1)
n=FE(Rpt1—R, | N>n)—29¢
=9 ((Rurr— Ra) = (5 +6,)| DP" ™ + Ay

The coefficient ¢ is equal to the average increase in match quality for workers who voluntarily quit
their first job, and 6 + 6,, is equal to the average increase in match quality for workers who quit
their n-th job for n > 2. If F'() is exponential, then 6, = 0 for all n > 2, and § is the mean of
I (-). Conversely, if v truly is 0, the analysis in Section 2 implies that if 6, = 0 for all n > 2, then,

up to a location shift, /'(-) is exponential with mean 6.

Combining job stayers and voluntary job changers allows us to obtain unbiased estimates for
B, By, 8, and 8, using ordinarily least squares (OLS). While the error term 7;, in (4.1) has zero
mean, it is not homoskedastic, since the variance of 7,, will be greater for job changers than for
job stayers. In the special case where F' () is exponential and Ae;; are 1.i.d., the heteroskedasticity

takes on a particularly simple form,

oA, if D, =0 (job stayers)
or = (4.2)
o4+ X% if D;=1 (job changers)

[N

where 02 denotes the variance of variable 2 and A denotes the mean of the exponential distribution.
For alternative distributions F'(-), the difference R, 11 — R, (conditional on N > n) will not be
identically distributed across observations, and the heteroskedasticity of n;, can be quite arbitrary.
For this reason, I account for heteroskedasticity by computing robust (Huber) standard errors that
do not require knowing the underlying structure for heteroskedasticity. Robust standard errors
have the advantage of also addressing any potential serial correlation in Ae;. 1 did experiment
with estimating (4.1) using feasible generalized least squares (FGLS) under (4.2), and it yielded
nearly identical estimates.'? The formulation of (4.1) makes it easy to check whether the wage
gain of those who voluntarily left their n-th job differs significantly from the gain of those who
left their first job, i.e. whether 6, = 0 for a given n. Of course, the true test for whether /' (-) is

exponential requires simultaneously testing whether &, = 0 for all n > 2.

1276 be precise, I first estimated (4.1) using OLS and then used the residuals from this regression to estimate oA,
and 0%,. I then re-estimated (4.1) by weighted least squares using these variances. In principle, 0 ag should equal
A, the average wage gain for a voluntary job changer. In practice, it is equal to 0.13, while the average gain from
voluntary job search is 0.07, although the former is not very precisely measured. One potential explanation for the
large point estimate of g ap is heterogeneity in A across workers, which is discussed below.
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The results are reported in Table 2. Since there are few observations for workers with very high
values of n, I confine my analysis to n < 7. The number of workers who are observed to change
from their n-th to their n + 1-th job is reported next to the corresponding dummy variable. The
first column of coeflicients in Table 2 reports estimates for 8 and (3, based only on job stayers.
The second column combines job changers and job stayers to report estimates for 3, 3,, 6, and J,.
Note that the estimates for 8 and (3, are sensitive to combining stayers and voluntary changers,
although neither change is statistically significant. The point estimate for é suggests that the
average worker who moves from his first job to his second job gains about 7% on average. The
estimated coefficients 6, for 2 < n < 7 are all indistinguishable from zero at the 5% level, i.e. we
cannot reject the hypothesis that a worker gains 7.0% on average when he moves from his n-th job
to his n 4 1-th job for 2 < n < 7. In part, these low {-statistics are due to the small sample sizes
for high values n. But it is noteworthy that when sample sizes are greatest, the §,, are estimated
to be near zero with a relatively high degree of precision. To test the joint hypotheses that 6,, = 0
for all n > 2, I use a robust Wald test that allows for heteroskedastic errors. As reported in the
last column of Table 2, the probability that the ['-statistic is greater than or equal to the value I
calculate is over 70% under the null hypothesis. Thus, I fail to reject the null that 6, = 0 for all n
in the sample. The average wage gain per voluntary job change of 7.4% is on par with Topel and

Ward’s estimate of an average wage gain of 9.4% per job change among young workers.'

Since the failure to reject the hypothesis that F'(-) is exponential could be due to the weak
power of the test, I consider additional tests to check the hypothesis that F'(-) is exponential. A
key feature of the exponential distribution is that (R,41 — Rjy) is independent of R,,. In fact, as
demonstrated in Pfeifer (1982), this feature uniquely identifies the exponential distribution even
in richer settings in which observations are no longer identically distributed. Thus, if /' (-) is
exponential, any variable Z;; that is correlated with R, should not help to predict the wage gain

of the worker. This implies that if we estimate
Alnwi = BAXt + BoAXE + (8 + 82 7i) Dy + my (4.3)

we should observe 67 = 0 if I (-) were truly exponential.

Table 3 reports the results for several candidate Z;; that are likely to be correlated with R,,. In

13Since Topel and Ward combine voluntary and involuntary job changes, it is surprising that their estimate is
higher than the one I obtain for only voluntary job changers. This concern is mitigated, although only in part, by
the fact that the majority of recorded job changes appear to be voluntary (roughly two thirds of all job changes are
reported as voluntary in the NLSY), and that a large share of workers who change jobs involuntarily leave a job
where n =1 as opposed to a higher value of n for which the loss would be greater.
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all cases, I use deviations from the sample mean of the variable Z. The first column of Table 3
considers n itself. This is equivalent to the test reported in Table 2, except that the effect of n is
restricted to be linear. The coeflicient on 7 is clearly negligible, echoing the results in Table 2. The
second column examines whether the wage gains of voluntary job changers vary systematically with
age. In the absence of involuntary job changers, age would be positively correlated with match
quality. While this is mitigated by involuntary job changes (when recall is not possible), it might
still be correlated enough with R, to make for an informative test. As can be seen from the
table, age is statistically insignificant in predicting the wage gains for voluntary job changers. I
experimented with using a spline in age to see whether there might be some non-linear relationship
between age and the average wage gains of voluntary job changers, but this specification also proved

statistically insignificant.

Column (3) considers potential experience, which is arguably a better proxy for R, than age,
although it too might be only weakly correlated with R, given workers experience involuntary job
changes. The coefficient on potential experience is negative, in line with the findings in Topel and
Ward (1992) that the average wage gain per job change declines with potential experience. But this
coefficient is statistically insignificant at conventional levels. Since potential experience is a linear
combination of age and education, I also allow the two terms to enter separately to see whether
these results might be masking or reflecting differences across education groups. The results in
column (4) confirm the inability of age to predict the wage gains of voluntary job changers, but

suggest that wage gains do vary significantly by education.

The observation that wage gains vary by education groups is incompatible with my assumption
that all workers face the same essential search problem. One possibility is that workers face the
same offer distribution F'(-) but that workers with different educational backgrounds face different
search probabilities p and s. In this case, the distribution of n will differ across education groups,
so that the average match quality of a random job changer with a higher educational background
will be different from one with a lower educational background. This would provide evidence
that [7(-) is not exponential, since it would imply that workers gain different amounts on average
depending on the current value of R,. But if this were really the reason for why wage gains vary
systematically across education groups, we should have also observed differences in average wage

gains by n, contrary to the results in Table 2.

A more likely explanation is that workers from different education groups sample from different
distributions /' (-). In principle, we could still carry out the analysis described in Section 2 for each

education group separately. However, the sample sizes in the NLSY make this impractical. This
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raises the question of how much we can learn from aggregate data. In particular, can we conclude
from the fact that the average wage gain across all workers does not vary with n that I (-) is likely
to be exponential for each education group, albeit with different means? While it is true that if
I7(-) is exponential for each group then the average wage gain within each education group would
be constant for all n, it might not be true that the average wage gain across education groups is
constant for all n. In particular, it will not be true if the distribution of educational attainment
among voluntary job changers varies with n. To assess the importance of these composition effects,
Figure 2 illustrates the distribution of educational attainment in my sample for workers who move
from their n-th to their n + 1-th job for various n. There are somewhat more workers with low
educational attainment among those who quit their first job than among those who quit their
second job. But this difference is small, and the composition across voluntary job changers are
nearly identical for n > 2. This suggests composition bias should play only a minor role, so that the
fact that the average wage gain across all workers is constant across n is a necessary condition for
each /' (-) to be exponential. However, the converse is not true: the average wage gain within each
group might differ by n, so that each group must face an offer distribution that is not exponential,
but these differences could still potentially cancel out across education groups. Such a coincidence

seems unlikely, but there is nothing that inherently rules it out.

Finally, in the fifth column of Table 3, I examine whether the wage gains for voluntary job
changers vary with the completed tenure on the job the worker voluntarily left. This tenure
variable is likely to be correlated with the quality of the match 6;; on the job the worker left,
since workers will tend to stay longer in matches of higher quality.'* The results imply that we
can reject the null hypothesis that tenure on the job the worker left is uncorrelated with the wage
loss at the 1% level. While this result is troubling, there is an alternative interpretation of the
negative correlation that is consistent with the underlying offer distribution being exponential.
Recall from Jovanovic (1979) and Flinn (1986) that if workers and employers only get to observe
0;; with noise, then workers will be more likely to leave their job the longer they stayed with that
job, other things equal. This is because the option value of remaining in a match declines the
more certain they are about the quality of their match. Thus, workers who spent more time with
their previous employer would be less selective in accepting new offers, and their wage gains would

appear smaller on average.

Y However, as noted by Topel (1991), this is not necessarily true once we condition on potential experience. This
is because within a set amount of time, workers who voluntarily changed jobs more frequently are likely to have
both low tenure and high match quality. Since the NLSY follows a single cohort with roughly similar experience,
this caveat is certainly warranted. But my test only requires that my measure be correlated with match quality, not
that it be positively correlated.
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In sum, the average wage gains of voluntary job changers do not appear to vary significantly
with measures that are likely to be correlated with previous match quality, such as the number
of jobs n the worker previously worked on or the time since the worker entered the labor market.
This observation is true for the exponential distribution, and in some circumstances uniquely
characterizes this distribution. However, the small sample sizes raise questions about the power of
these tests, and the fact that wage gains are related to the tenure on the worker’s previous job is
inconsistent with the assumption that /" (-) is exponential in the basic version of the model. But as
noted in Section 2, the wage losses of involuntary job changers offer an additional over-identifying

restriction that can be used to check if F'(-) is exponential. I now turn to this prediction.

4.2. Accounting for the Wage Losses of Displaced Workers

Given an offer distribution F'(-) and an estimate the returns to tenure «, we can directly compute
the average wage loss of a worker displaced from his n-th job as implied by the model. Comparing
this to the average losses in the data should therefore offer a consistency check on our estimate of
I (-). I begin with the task of estimating the returns to seniority -, and then turn to the task of

computing implied average wage loss given the distribution /' (-) estimated above.

As noted above, previous authors have already tackled the question of estimating returns to
seniority, although the results are still in dispute. Early work by Altonji and Shakotko (1987) and
Abraham and Farber (1987) found fairly modest returns to tenure. Subsequent work by Topel
(1991) challenged these results and proposed an alternative methodology which reveals much more
substantial returns to tenure. Altonji and Williams (1997) have recently attempted to reconcile
the two approaches, and argue that estimates lie somewhere inbetween those reported in the two
papers, albeit closer to the original smaller estimates. All of the papers above use data from
the Panel Survey of Income Dynamics (PSID), which involves older and more established workers
than the ones I consider. For example, the average potential experience in my sample is 9.8 years,
compared with about 20 years in the papers cited above. This distinction is important, since
young workers are more mobile and thus have less incentive to invest in skills specific to any one
particular job. For this reason, we would want to directly estimate average returns to tenure in

the NLSY rather than rely on any of these previous estimates.

One exception that does look at NLSY data is Altonji and Williams (1998). They develop an
alternative Bayesian approach to estimate returns to tenure, and include the NLSY dataset as part

of their analysis. They find statistically significant but economically small returns to tenure. As
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such, assuming v = 0 would appear to provide a reasonable first approximation to the true ~. To
confirm this, I now turn to the methodology advanced in Topel (1991), which seems to yield the
largest estimates for returns to tenure. As I argue next, even this approach yields modest returns

to tenure in my sample.

Topel’s approach uses the fact that we can rewrite Xy = X + T3, where Xop; denotes the
experience of the worker when he first started working on job j (¢). Using this, we can rewrite the

wage equation as
Inwy = BXoit + (B + ) Tie + B X3 + &5 + Ost + =3t (4.4)

But as can be seen in (2.1), we can easily obtain an unbiased estimate of 3 + ~ from the wage
growth of job stayers. Thus, Topel suggests a two stage regression, where in the first step we
estimate 8 4+ v and (3, from the wage growth of job stayers, and in the second stage we regress
Inw; — (6 +~) Ty — ﬁQXZ-Qt on Xg;. Topel reasons that X, is likely to be positively correlated
with 6;, since workers are more likely to arrive at good matches over time. Hence, the second
stage estimate for 3 should be biased upwards. On the other hand, Altonji and Williams (1997)
argue that Xo; is likely to be negatively correlated with ¢,, implying the estimate for 3 should be
biased downwards.!®> To account for the latter, I allow for individual fixed effects in the second-
stage regression. As to the former, as noted in Altonji and Shakotko (1987), involuntary job loss
will weaken the correlation between potential experience and match quality, suggesting the bias is
likely to be small. This is affirmed by evidence in Figure 1 that the distribution of n settles down
to an invariant distribution, which suggests that time spent in the labor market is likely to be only

weakly correlated with search capital in my sample.

Table 4 reports the results of the two-step approach. The first entry reports the estimate of
B + 7, which is just the coefficient on AXj;; from column (1) of Table 2. The point estimate is
given 0.0794. By comparison, Topel (1991) estimates this at 0.1258. Since Topel estimates 3 at
0.0713, the only way for my sample to accord with his estimates of the returns to experience is
if v in my sample is small. This observation is important, since as Altonji and Williams (1997)
note, even though “recent literature has been quite divided on the value of seniority, almost all
research suggests that the return to general labor market experience is large” (p234). Indeed, as

reported in the second entry of Table 4, my estimate for 3 in the second stage regression is given

15 Topel (1991) also mentions this possibility, but argues its role is small in his sample. But this is more likely to
be a problem in the NLSY dataset, which follows a single cohort over time. In particular, within a fixed cohort,
better workers are more likely to obtain more schooling and thus have less potential experience.
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by 0.0740, which is similar to Topel’s estimate. The implied point estimate for ~ is 0.0054, i.e. half
a percentage point per year. If anything, this estimate is even smaller than reported in Altonji and
Williams (1998). Still, the standard error of this estimate (which is corrected to reflect sampling
error in the first stage regression) implies v is significantly different from zero at the 5% level.
But the magnitude is clearly small enough that we can probably abstract from these returns in

estimating the wage loss of involuntary job changers.

The second row in Table 4 reports my estimated returns to tenure and potential experience
at different horizons. Returns to tenure are by assumption linear and thus grow at a constant
rate over time. The estimated returns to experience appear concave, and their magnitudes are
consistent with those reported in Altonji and Williams (1998). For example, the cumulative
returns to experience according to my estimates are 0.327 and 0.568 log points after 5 and 10
years, respectively, compared to 0.321 and 0.560 in Altonji and Williams (1998). Topel’s (1991)
estimates for the cumulative returns to experience in the PSID are somewhat smaller, at 0.268
and 0.414, respectively. But at low levels of experience, where my estimates are likely to be more

precise given the young age of workers in my sample, the two estimates are quite close.

Table 4 therefore suggests that assuming v = 0 might be reasonable for my sample, so that
the bound I computed in Section 2 under this assumption provides a good approximation of the
true lower bound. Before turning to this bound, though, notice that I can use Topel’s approach
to test an additional assumption implicit in my model, namely that returns to tenure are linear.
In particular, we can add a ’yQATZ% term to the first stage regression and check whether v, is
significantly different from zero. This is reported in the last line of Table 4. The coefficient v,
does prove to be significantly different from zero at the 1% level, suggesting returns to tenure
do accumulate at a non-linear rate, in violation of my assumptions. But again, the magnitudes
involved are relatively small, especially since tenure on most jobs in my sample is short, in which

case no returns to seniority should still provide a reasonable approximation.

Recall from Section 2 that when ~v = 0, we can use bounds on conditional record moments from
an exponential parent distribution F'(-) with mean X\ to generate the following restriction on the

average wage loss for workers who lose their n-th job:

n

B ( [Anw - BAXy — B,AXE| | Nt =n) = (Zl —1)

. 1
=1

Ag(n) —1) (4.5)

Once again, then, let D?’l equal 1 if the worker was on his n-th job at date £ — 1 but was on a job
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where n =1 at date ¢. In the case where v = 0, we can rewrite (2.1) as
1
Alnwy = BAXs + BpAX5 = | 6n DY + 1y (4.6)
where

6n = E(Rn ’ Nt,1 = n) — E(Rl)
Mo = 3 _[(Rn—Ry) =6, D" + Aey

n>1
We can thus estimate 6,, using OLS and then confirm whether 6,, > A (g (n) — 1) as implied by the

model.

Figure 3 displays the point estimates for each &, graphically, together with a 95% confidence
interval for each estimate and the value of the lower bound A (g (n) — 1) for A = 0.0737. Although
my standard error bands are quite wide given the small sample sizes involved, for two values of n
we can reject the null hypothesis that workers do not experience any wage losses at the 5% and
10% significance level, respectively. This provides some evidence that involuntary job loss involves
some loss of search capital. But the most striking aspect of Figure 3 is that actual average wage
losses are quite close to the lower bound. This suggests there is little evidence to suggest that
wage losses fail to satisfy the lower bound imposed by the model. Moreover, to the extent that
observed wage losses exceed this bound, it is not by a wide margin. This last observation confirms
that returns to tenure cannot be very large, since the wage losses of involuntary job changers net
of returns to experience @ that accord with most previous estimates are never much more than

what is already implied by forgone search capital.

To formally test the bound restriction in (4.5), it will prove convenient to renormalize the dummy

variables D™! by multiplying them by (g (n) — 1) for each n > 2. That is, we can rewrite (4.6) as

Alnwy = BAXy + B,AX% — 51D — Zngn [(g (n) =1)- DY 41y (4.7)
where

bn ifn=1
n =
Sn(gn) =11 ifn>2

It follows that

5120 ifn=1
bn>A(g(n)—1) < (4.8)
Sn >\ ifn>2
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Note the difference between workers who are separated from their first job and workers who are
separated from a job where n > 2. The lower bound for workers who lose their first job is
independent of the underlying distribution. Instead, the bound is equal to £ (01.1) — £ (01.1),
which is equal to 0 for any /'(-). On the one hand, this implies that workers who are displaced
from their first job afford a way to test an implication of the model that is independent of the
underlying distribution of match quality, albeit a weak one. At the same time, it also implies
that the wage losses of these workers cannot be used to identify A, and thus are not useful for

distinguishing whether the underlying distribution /" (-) is exponential.

The first three columns of Table 5 report results for testing the hypothesis given by (4.8). The
coefficients are estimated using OLS, with robust standard errors to adjust for heteroskedasticity.
For n = 1, the point estimate for 51 is close to its theoretical bound of zero, and we cannot reject
the null that 51 > 0. For n = 2, 4, and 7, the point estimate of gn is actually quite close to
the theoretical lower bound of A = 0.0737. Note that for all 2 < n < 7, we fail to reject the
null hypothesis in (4.8) at the 5% level (using a one-sided test), even in the most extreme cases
where the point estimate for gn is negative. A joint Wald test of (4.8) for all n < 7 also passes
at a comfortable level of significance. Thus, the wage gains associated with voluntary job changes
line up with the wage losses observed among involuntary job changes, in the sense that both are

consistent with F'(-) being exponential with mean 0.0737.

If we further maintain the hypothesis /'(-) is exponential, we can get a more efficient test of
whether the average wage losses of involuntary job changers are consistent with the average wage
gains of voluntary job changers. In particular, if /7 (-) is exponential, regressing the wage losses of
involuntary job changers on (g (n) — 1) should yield an upwardly biased estimate of A, while the
wage gains of voluntary job changers should yield an unbiased estimate for A\. Moreover, given
the relatively high rate of involuntary job turnover among young workers, which would imply low
values for o, we would expect the bias in the first regression to be small, so that both approaches
should yield very similar estimates for A. Columns 4-9 of Table 5 report the estimate for the
coefficient on > (g (n) — 1) Dy,1 over different values of n. In general, my estimates are actually
lower than 0.0737, the estimate I get for voluntary job changers. However, if I limit attention to
n < 2, where sample sizes are largest, the estimate for A among involuntary job changers exceeds
0.0737. But even when I include all observations, the coeflicient for A is not statistically different
from this value. Thus, the wage losses we observe among involuntary job changers are consistent
with the exponential distribution that is suggested in the previous section, although admittedly

sample sizes in my dataset are too small to definitively assess the model’s fit.
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4.3. Discussion

To recap, the analysis above suggests that a search model with no recall in which workers draw log
wage offers from a fixed exponential distribution can reasonably account for both the wage growth
of workers who change jobs voluntarily and the wage loss of workers who change jobs involuntarily.
The fact that a search model can replicate the dynamic path of wages complements recent work
that argues search models can successfully replicate other dimensions of wage data, namely the
cross-section of wages. Moreover, the fact that my results suggest a Pareto wage offer distribution

accords with previous work that suggest this distribution has a Pareto tail.

At the same time, my results appear to conflict with certain established results in the literature.
For example, McCall (1990) and Neal (1999) argue, using the same NLSY data, that young workers
tend to search in stages, first settling on an occupation and then searching for an employer within
an occupation. It might therefore seem surprising that displaced workers have to start from scratch
each time they lose their job, since they already learned about which occupation they are most
suited for and would only search in that occupation once displaced. But upon further inspection,
my results might not be as inconsistent with these findings as might seem at first. This is because
workers tend to settle on an occupation fairly quickly; for example, Neal reports that 70% of
workers who leave their first job in a given career change to a different career, but only 20% of
those who leave their second job in a given career change to a different career. If the majority of
workers in my sample are already searching for a job within a given career, it is not surprising that
they would appear to resume searching from scratch when they are displaced. This is particularly
relevant given the way I construct my sample; since I only assign n if the worker experienced some
turnover, specifically at least one involuntary job change, the workers in my sample are more likely

to have already learned something about which career they are most suited for.

The fact that workers who are displaced from their first job (where n = 1) appear to suffer very
little, i.e. 61 == 0, is interesting in its contrast to evidence of large and persistent losses documented
for displaced workers by Ruhm (1991) and Jacobson, Sullivan, and LaLonde (1993), among others.
Of course, these papers focus on established workers, who are both more likely to be on a high
quality match and might have invested a fair amount in match-specific human capital, so there is
nothing contradictory about the fact that workers with n = 1 suffer very little from involuntary
job loss. For workers with n > 1, by contrast, the model does imply involuntary job loss will
involve some wage loss on average, a point that is largely confirmed by the point estimates. Given

an estimate of the offer distribution F'(-), we can directly compute these losses, as well as how
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long it takes a worker to rebuild forgone search capital, to get a sense of how important search
capital might be in accounting for the wage losses of more established workers. For the exponential
distribution I estimate above, the average wage loss among workers with n > 4 (who make up about
20% of the sample) is at least 10%, in line with estimates in some of the papers cited above. As
for the persistence of these losses, note that the number of offers it takes a worker until he finds
a match of quality 0 has a geometric distribution with a success probability of 1 — F' (). For the
exponential case, it follows that (1 — F7(0)) ' = exp (0/)). Since 0 is the log of the wage paid on
a given job, it follows that the average number of offers is linear in the wage level. In other words,
on average it takes twice as many offers for the worker to get a job that pays a wage that is twice
as large. Thus, rebuilding search capital may not necessarily be particularly quick given the offer

distribution is so heavily concentrated towards the low end of the support of the distribution.

5. Conclusion

This paper attempted to gauge the empirical relevance of models in which workers search for high
paying jobs by repeatedly drawing offers from a fixed offer distribution. In particular, it shows how
one can use wage data to identify the offer distribution if the data were in fact generated by such
a model. The results suggest that the same distribution we identify from voluntary job changers
is consistent with the wage losses we observe for involuntary job changers given their previous
work history. In fact, at least among the young workers in my sample, it appears as if search
considerations can account for almost all of the wage growth among young workers beyond that
which can be attributed to general human capital. This finding seems reasonable; young workers
have less incentive to invest in match-specific human capital than older and more established
workers who anticipate lower future mobility, and there is already some evidence, albeit contested,

which suggests returns to tenure are small even among established workers.

While the particular application emphasized in this paper concerns quantifying the role of search
capital, once we identify the underlying offer distribution F'(-), we can potentially use it to carry
out various simulations and policy experiments. For example, in Barlevy (2002), T use the offer dis-
tribution identified in this paper to estimate the effects of macroeconomic shocks on the allocation

of workers and their implications for aggregate productivity.

More generally, the analysis above demonstrates the natural connection between search models
and record statistics. My particular analysis exploits characterization theorems that can relate

record moments back to a unique parent distribution. But record-value theory contains a wealth
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of results that could similarly be used in analyzing search models. For example, results on the
frequency of records in models with and without drift could be used to test for the presence of
tenure effects directly from observations on job mobility, without any reference to wage data. This
relies on the idea that records, and hence turnover, should be more infrequent if workers accumulate
match-specific human capital. This test is analogous to the way statisticians have suggested using
the frequency of record temperatures to detect shifts in the distribution of temperatures that are
indicative of global warming. As for wage data, this paper has largely focused on the case in which
there are no returns to seniority, i.e. where v = 0. In future work, I hope to tackle the more
interesting but also more challenging case of positive returns to tenure, including particular cases

of non-linear returns that are simple enough to analyze tractably.

Beyond job search models, results from record-value theory are likely to be useful for other eco-
nomic applications. For example, as Kortum (1997) already notes, search models can be similarly
applied to studying research and development and patenting activities. Beyond applications that
directly involve search, statisticians have used record models to study optimal stopping rules, as
discussed in some detail in Arnold, Balakrishnan, and Nagaraja (1998). Other non-search applica-
tions include insurance with imperfect commitment, e.g. Beaudry and DiNardo (1991), where the
optimal contract implicitly conditions transfers on the occurrence of record-setting events. Thus,
adapting and extending results in record-value theory can provide economists with useful tools

with which to analyze a variety of dynamic models.
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6. Appendix

Proof of Remark 2: By conditioning on the number of periods before separation, we have

Pr(M=m) = Z(j—riﬂ—l)(l p) M pmel (1 _g) g
_ dmfl o0 i _Sj 8pm71
RO D A ]
o am! [(1—19)(1—8)] sp™ !

dl—p)™ ' L p+ (1 —=p)s | (m—1)!
(m—DA—9)" "

m—D)lp+ 1 —p)s) "

B (1—-s)p m—1 s
 \p+s—ops p+s—ps

= (1- a)mil Qa

which completes the proof. B

Proof of Lemma: According to Bunge and Nagaraja (1991), the probability density function
of the first n + 1 records in the geometric random records model is given by

n

h(T17T27---77“n+1;N>n):f(rnﬂ)il_[l% (6.1)
where f () denotes the pdf of 0,,, F'(-) denotes the cdf of 0,,, and ¢ =1 — .. Next, note that for
any cdf I"(-), the random variable I (R,) has the same distribution as Uy, where U, is the n-th
record in a geometric random record model where 6, is distributed uniformly over [0, 1]. Using
the fact that for the uniform distribution, f(u) =1 and I (u) = u, we can get an expression for
h (uny1; N > n) by integrating out u; through u, in (6.1). Using a standard induction argument,
we can establish that
[—1In (1 - qun+1)]n

n!

h(upy1; N >n) =

Define the inverse cdf F~!(z) for z € (0,1) as sup{y : F(y) < x}. Then the expected value of
| Rn41| conditional on N > n is given by

E(]an ’N>n> - /]F anlf(Ni“T)j) du
e [ 1t @l
[-In(1—9g)]"

= S B (o) <



Since E< | Ry ’ N> n) < E< | Rpi1] ’ N> n), the former is also finite. Since E (| X|) < oo
implies £ (X) < oo, the lemma follows. H

Proof of Proposition: Integrating out (6.1) yields the following densities:

[FIn (1 —gF ()" af (ra)

h(Tn+1,7“n;N>n) = f(rn+1)

(n—1)! 1—qF (rn)
h(rn; N >n) = [1—F(ry)] [—ln(1<; q_Fl():“n))] 1 i]fq;f??)an)

Next, define A = 7,11 — rp,. By construction, A > 0. Using the law of iterated expectations,

E(A| N >n)

E(E(A | rn,N >n))

_ E</OOOA h(A]rn,Nzn)dA>

where h (A | rp, N > n) is the density of the difference between the n-th record and the n + 1-th
record conditional on r, and that there are more than n records. Note that

h<A’Tn7N2n) = h<rn+Avrn’N>n)

h(rn | N >n)
_ St d)
1—F(ry)

So that the conditional expectation of A is given by

E(A|ry,N>n) = / A T"+A))dA

B F(r, +A)]dA
B 1—F(ry)
and if we integrate the above expression over r,,, we have
7 + A)| dA
EA|N>n) = <f0 1—F(—:) \d rn,N>n>
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Now, suppose we have two functions Fj and F3 such that
B (RS, RO | N>n) =B (8D, - P | N >n)
for n=1,2,3,... Then we have

oo [ oo (—In(1 —gFy (r))™ " qf1 (r) _
/. [/ “‘F““A”M] (- DU =B (r)) 1 —gFr ()™ =

o[ (=g o))" afs ()
/ [/ “‘FWM)MA] (= DU~ By (ra)) 1 gy (r) "

Rewrite both integrals using the change of variables v = I (ry,) to get

/01 [/000 (1= Fi (7 () + )] dA] tln(l —q)' " a4,

n—1)11-u) 1—qu

/01 [/000 (- F (F21(u)+A)]dA] ()’ _q_,

n—{1-u) 1—qu

Using Lemma 3 in Lin (1987) page 480, we know that if

/0 F(2) (= (1 — 2))" dz = 0

for all n > 1 then f(z) = 0 for all z € (0,1). By a simple contradiction argument, one can show
that this implies that if

[ £ -y ar=o

for all n > 1, then f (x) =0. From this, we can deduce that for any w,
| n-AE @) i [T R )]
0 0

Let t = I, ! (u) + A. Then it follows that for any u,

- —F dt| = - — d
[/F INC t] [ / NS0 t]

Since Fy (-) and I (-) are continuous, nondecreasing, and bounded, it follows that they are both
differentiable almost everywhere. This, in turn, implies that ' (u) and F, ! (u) are differentiable
for almost every u € (0,1). Differentiating with respect to such u yields

a
du

[ By (1 )] S ) = 1= B (B ()] e By ()



Since I (Ffl (u)) = Fy (F{l (u)) = u, it follows that for almost all u € (0,1),

i ) = 2 @)

du u

Integrating out yields

for some constant ¢, which establishes the claim. W



Table 1. Summary Statistics

all invol vol
average education 129 12.3 12.8
fraction of sample:
below HS 0.20 0.30 0.25
HS 0.34 0.34 0.30
some college 0.26 0.23 0.26
college 0.20 0.13 0.19
observations that
involve... al jobs insample
voluntary job change 0.25 0.11
involuntary job change 0.16 0.07
mean median
age 27.11 27.00
experience 9.79 10.00
tenure 3.47 3.00
wage (1992 dollars) $11.28 $9.30
# of obs 34,431
# of individuas 5,404
# of jobs 13,229

Statistics are based on the final sample used in Tables 2-5, except for the number of job
changesinvolving a voluntary job change or an involuntary job change. In that case, both
the number of all jobsin the original NLSY data aswell asin the final sample are reportec



Table 2: The Wage Gains of Voluntary
Job Changers, by n

sample size D ()] 3
AX (constant) 0.0794 0.0828 0.0826
0.0065 0.0063 0.0065
AX? -0.0017  -0.0019  -0.0019
0.0003 0.0003 0.0003
D 1,886 0.0695 0.0737
0.0131 0.0075
D% 916 0.0137 -
0.0227
D* 543 0.0093 -
0.0276
D* 302 -0.0314 -
0.0293
D% 152 0.0670 -
0.0552
D% 75 -0.0149 -
0.0950
D8 55 -0.0161 -
0.0845
# obs 28,015 31,944 31,944
stayers 28,015 28,015
changers 3,929 3,929

F (6,31395) = 0.61
Prob > F = 0.7229

The dependent variable is the difference in log real wages (in 1992 dollars using the implicit GDP deflator). The
independent variables are the differencein potential experience, whichisidenticaly 1, the differencein potential experience
squared, whichisjust 2X-1, a set of dummy variables D™ that equal 1 if theworker moved from hisn-th job to hisn+1-th
job, and a dummy variable D that is the sum of all these dummy variablesfor all n> 1. The column labeled samplesize
denotesthe number of workerswho voluntarily left their n-th job, where number next to D denotes the number of workers
who left their firstjob. The numbersbelow the coefficientsdenote robust standard errors. The F -statistic denotesthe robust
Wal d-stati sticcomparing the unconstrained regressionin column (2) to the constrainedregressionin the column (3) in which

the coefficients on ["™ are set to zero for all n> 2.



Table 3: Explaining the Wage Gains
of Voluntary Job Changers

D @) ©) (4) ()

AX (constant) 0.0826 0.0804 0.0794 0.0780 0.0810

0.0063 0.0063 0.0063 0.0063 0.0063
AX? -0.0019 -0.0018 -0.0017 -0.0016 -0.0018
0.0003 0.0003 0.0003 0.0003 0.0003
D 0.0737 0.0738 0.0738 0.0739 0.0739
0.0094 0.0094 0.0094 0.0093 0.0094
D*n 0.0009
0.0072
D*age -0.0024 -0.0034
0.0027 0.0027
D*exp -0.0032
0.0028
D*educ 0.0120
0.0036
D*tenure,_; -0.0149
0.0049
# obs 31,944 31,944 31,944 31,944 31,944
stayers 28,015 28,015 28,015 28,015 28,015
changers 3,929 3,929 3,929 3,929 3,929

The dependent variable is the differencein log real wages (in 1992 dollarsusing theimplicit GDP deflator).
The independent variables are as in Table 2, with the addition of interaction terms between the dummy
variable D that equals oneif theworker quit and variables such as the number of jobsn theworker hasheld
sincehislast involuntary job change, age, potential experience, years of schooling, and tenure on the job the
worker quit, respectively. The numbers below the coefficients denote robust standard errors.



Table 4: Estimating Returns to Tenurey

linear returnsto tenure

within-job wage experience tenure
growth effect effect
Bty B y
0.0794 0.0740 0.0054
0.0065 0.0061 0.0024
1year 2 years 5years 7 years 10 years
returns to tenure 0.0054 0.0108 0.0271 0.0380 0.0542
0.0024 0.0049 0.0122 0.0171 0.0245
returns to experience 0.0723 0.1411 0.3270 0.4337 0.5680
0.0058 0.0109 0.0226 0.0274 0.0300

non-linear returns to tenure

within-job wage experience tenure tenure
growth effect effect squared
Bty B y Y2
0.0826 0.0661 0.0165 -0.00157
0.0065 0.0067 0.0024 0.00048

Returns to tenure are estimated using the two-step method outlined in Topel (1991). The first stage regression correspondsto
column (1) in Table 2. The coefficienton AX correpondsto the estimate of 3+y reported above, whilethe coefficienton AXPis
denoted by 3, and is not reported here. The second stage involvesregressing the log of the real wage net of (B+y)T + [32X2 on
initial experienceand individual fixed-effects. The coefficienton initial experiencecorrespondsto the estimate of 3 above, and
the differencecorrespondsto the estimateof y above. The standard errorsare adjusted to reflect estimationerror in the first-stage
regressor. In particular, they were computed using the stacking and weighting procedure suggested in Altonji and Williams
(1998). Returnsto tenure and returns to experienceare constructed using the estimated coefficientsy, B, and 3, for different
time horizons. The final panel adds the changein tenure squared as an explanatory variable in the first stage regression, whose
coefficient corresponds toy,, and thisterm is also subtracted from the real wage in the second stage regression.



Table 5: The Wage Losses of Involuntary

Job Changers, by n

D 2 3 4) ®) (6) (7) (8) )
samplesize  Pr(3,>A) n<2 n<3 n<4 n<5 n<6 n<7
AX (const) 0.0829 -- -- 0.0811 0.0807 0.0823 0.0818 0.0815 0.0816
) 0.0062 0.0062 0.0062 0.0062 0.0062 0.0062 0.0062
AX? -0.0019 -- -- -0.0018 -0.0018 -0.0019 -0.0019 -0.0019 -0.0019
0.0003 0.0003 0.0003 0.0003 0.0003 0.0003 0.0003
D*(1-g(n)) - - - 0.0998 00569 0.0656 0.0468 0.0394 0.0437
0.0437 0.0311 0.0271 0.0274 0.0276 0.0261
D 0.0108 (1340) 0.75
0.0157
D?*(1-g(1)) 0.1009 (648) 0.73
0.0437
D3 (1-g(2)) 0.0203 (266) 0.11
0.0435
D**(1-g(3)) 0.0865 (124) 0.59
0.0538
D (1-g(4)) -0.0532 (55) 0.09
0.0941
D*(1-q(5)) -0.0094 (34) 0.22
0.1058
D"**(1-g(6)) 0.0995 (20) 0.65
0.0652
30,502 30,003 30,269 30,393 30,448 30,482 30,502
28,015 28,015 28,015 28,015 28,015 28,015 28,015
2,487 1,988 2,254 2,378 2,433 2,467 2,487

The dependent variable is the differencein log real wages (in 1992 dollars using the implicit GDP deflator). The independent variables are the
differencein potential experienceand potential experiencesquared, together with a set of dummy variables D" that equal 1 if the worker left hisn-th
job involuntarily during the previousyear, and adummy variable D that isthe sum of all thesedummy variablesfor all n> 1, thelatter all multiplied by
1-g(n), where g(n) is the sum of the first n terms of the Harmonic series. The second column denotesthe number of workers who are seen to have left
their n-th job involuntarily. The third column denotesthe probability that the coefficienton D™ exceedsthe theoretical lower bound computed in the
text, which equals O for n = 1 and 0.0737 for n > 2. The last six columns regressthe differencein log wages on the product of the combined dummy
variable D and (1-g(n)) for different values of n.



Figure 1. Summary Statistics forn
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Figure 1a: Proportion of observations where no value for n was assigned

0.90 -
0.80 4
0.70 4
0.60 4

0.50 4

0.40 1 n=1

0.30 4

0'00 ; L L 7 L L L L L L L L L 1
1979 1980 1981 1982 1983 1984 1985 1986 1987 1988 1989 1990 1991 1992 1993

Figure 1b: Share of all observationswith n > 1 tor each level of n
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Figure 2: Distribution of Education for
Voluntary Job Changers
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Figure 3: Change in Match Quality for
Involuntary Job Changers
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