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Abstract

This paper compares the sources of wage growth of young male workers in two countries with
very different labor market institutions, the United States and Germany. The author first develops
a simple method for decomposing wage growth into components due to general human capital
accumulation, firm-specific human capital accumulation, and job search. The empirical analysis
uses data from administrative records (Germany) and the National Longitudinal Survey of Youth
(United States) for cohorts entering the labor market in the late 1970s and early 1980s. Although
the two countries differed substantially in mobility rates, they were similar in the sources of wage
growth, with general human capital accumulation being the most important single source and job
search accounting for an additional 25% or more of total wage growth. There is no evidence that
returns to firm-specific human capital accumulation were higher for German apprentices than for
U.S. high school dropouts or graduates.
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This paper compares the sources of wage growth of young male workers in two coun-
tries with very different labor market institutions, the United States and Germany. The
author first develops a simple method for decomposing wage growth into components
due to general human capital accumulation, firm-specific human capital accumulation,
and jobsearch. The empirical analysis uses data from administrative records (Germany)
and the National Longitudinal Survey of Youth (United States) for cohorts entering
the labor market in the late 1970s and early 1980s. Although the two countries dif-
fered substantially in mobility rates, they were similar in the sources of wage growth,
with general human capital accumulation being the most important single source and
job search accounting for an additional 25% or more of total wage growth. There is
no evidence that returns to firm-specific human capital accumulation were higher for
German apprentices than for U.S. high school dropouts or graduates.

I n their early phases, labor market careers
are characterized by manyjob switchesand
rapid wage growth. According to Topel and
Ward (1992), workers in the United States
typically switch firms about six times during
their first ten years in the labor market, and
over that period their wages grow by an aver-
age of roughly 66%. An important question
is how much of total wage growth can be
attributed to optimal job search.

In this paper I first propose a simple
method for decomposing total wage growth

*Uta Schonberg is an Assistant Professor at the De-
partment of Economics, University of Rochester. She
thanks Joseph Altonji, Rachana Bhatt, Gordon Dahl,
Christopher Pissarides, and seminar participants at the
SED in Florence for useful comments.

A data appendix with additional results, and copies
of the computer programs used to generate the results
presented in the paper, are available from Uta Schon-
berg, University of Rochester, Department of Economics,
Harkness Hall, Rochester, NY14627. Email: utas@troi.
cc.rochester.edu.

into three components: general human
capital accumulation, firm-specific human
capital accumulation, and job search. Ithen
compare the sources of wage growth ofyoung
men in two countrieswith very differentlabor
market institutions, the United States and
Germany. The U.S. labor market is typically
considered to be one of the most flexible
labor markets in the advanced world. The
German labor market, in contrast, is often
viewed as the prototype of a heavily regu-
lated labor market, characterized by severe
firing restrictions, centralized wage-setting
institutions, and generous unemployment
insurance coverage.

I focus on the following questions. First,
does wage growth due to firm-specific hu-
man capital accumulation play a more im-
portant role in Germany than in the United
States? One reason this might be the case
is that German workers expect to stay with
their employer longer than U.S. workers
do, and thus have a stronger incentive to
invest in (specific) human capital (see, for
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example, Harhoff and Kane 1997; Acemoglu
and Pischke 1998). Second, does the lower
firm mobility in Germany result in lower
job-search-related wage gains for German
workers than for U.S. workers?

The empirical analysis is based on a survey
data set, the National Longitudinal Survey
of Youth, for the United States, and an
administrative data set, the IAB-Beschiftig-
tenstichprobe, for Germany. Both data sets
cover cohorts that entered the labor market
in the late 1970s and early 1980s. They are
well suited for the analysis of job mobility
and wage growth, as they allow observation
of workers’ entire work history from labor
marketentryonward, including all job-to-job
and job-to-unemployment transitions.

A Framework to Identify Wage Growth
Due to Job Search and Human Capital

The framework I employ for identifying
wage growth due to job search and human
capital accumulation is in the spirit of search
models with on-the-job search developed by
Burdett (1978),Jovanovic (1979a,1984), and
Mortensen (1988). Workers either work or
are unemployed. Their wages differ both
within and across firms. Some of the varia-
tion may be due to match-specific productiv-
ity: two workers with the same ability in the
same firm, for example, may earn different
wages because one is better matched with
the firm—and thus more productive—than
the other. Alternatively, the variation may
reflect inter-firm variation in productivity.
Finally, as shown by the growing literature on
equilibrium search models, similar workers
may be paid different wages even if firms are
homogeneous, due to search frictions (for
example, Burdett and Mortensen 1998). In
this paper I make no attempt to distinguish
among these cases. The model I employ as-
sumes that workers do not know the location
of the firm where they are most productive,
and that they are continually searching for
a good match, both on- and off-the-job.
Unemployed workers accept a job offer if
the value of the job exceeds the value of
unemployment. Employed workers accept
an outside offer if the value of the new job
exceeds the value of the old job. On-the-job

search thus leads to endogenous job-to-job
transitions and allows workers to achieve
better matches over time.

I allow workers’ wages to be subject to
shocks. Such shocks may occur as a result
of new information workers and their em-
ployers glean about the quality of the match
while workers “experience” the job, as in
Jovanovic’s (1979a) model. Alternatively,
wages may be affected by productivity shocks
that are firm-wide in nature. The presence
of productivity shocks leads to endogenous
job-to-unemployment transitions: the arrival
of disappointing news aboutajob match may
reverse the worker’s perception of the job as
preferable to unemployment.

In such a framework, how wages are de-
termined is still in question, as firms do not
need to pay wages equal to productivity in
order to attract workers. Rather than add
to the literature on that question, I simply
assume that log-wages linearly depend on
firm-specific human capital as well as on
match quality.! Suppose that the log-wage
of worker i in firm j at calendar time ¢ can
be written as
(1) Inw, =a(e) +P(T,) +v,+u,
Here ¢ and t denote actual experience and
firm tenure, respectively. General and firm-
specific human capital accumulation are
represented by a(¢) and (). Alternatively,
B (t) may reflect wage growth by tenure due
to deferred compensation, as in Lazear
(1979) or Salop and Salop (1976). Note that
all workers accumulate the same amount of
general and firm-specific human capital.?
The time effect y, captures aggregate wage
growth. Suppose the error term u,, can be

!'Some justification for this approach is provided by
Woodcock (2003), who showed that in a model with
learning about match quality and Nash bargaining,
but without on-the-job search, equilibrium wages are
linear in a person-specific component, a firm-specific
component, and the posterior mean of beliefs about
match quality.

?Also note that firm-specific human capital accumu-
lation does not depend on the quality of the match.
Jovanovic (1979b) presented a model in which workers
invest more in firm-specific human capital accumulation
the better their match.
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decomposed as

(2) u, =/f+ mij(‘clﬁ) +e,

Here f is a fixed worker effect, representing
workers’ time-invariant ability that is equally
valued at all firms; ml.j(r) denotes the (ex-
pected) quality of the match and is allowed
to vary with tenure at the same firm; and
g, 1s an 1.i.d. wage shock, representing, for
instance, measurement error. In addition to
aggregate wage growth, three distinctsources
of wage growth are implied by the two equa-
tions: general human capital accumulation,
a.(e); firm-specific human capital accumula-
tion or deferred compensation, (t); and
on-the-jobsearch—wherebyworkersachieve
better matches with time in the labor mar-
ket—captured by the term ml,j('c).

Defining Wage Growth Due to
Job Search and Firm-Specific
Human Capital Accumulation

It is useful to start with a comparison of
the wage growth of stayers, job-tojob movers,
and job-to-unemployment movers. Taking
first differences of equation (1), for those
who stay with the firm, yields

Aln w,, = Ao(e,) + Ay, +
AB(T,) + Aml.j(‘c. ) + Asij.

ijt it
Clearly, the fixed worker effect drops out of
the first-difference equation. Suppose that
transitory wage shocks do not affect work-
ers’ decision to move. This is the case if the
shocks purely reflect measurement error.
Itis also a reasonable assumption if workers
are not credit-constrained, and thus are able
to insure against transitory income shocks.
Under this assumption, the average wage
growth of stayers with tenure T equals

E[A In wl stay] = Aa(e) + Ay, +
E[Am(T) + AP (T)Istay].

Similarly, the average wage growth of workers
with tenure T - 1 in the last period who move
from job-to-job (j#) and job-to-unemploy-
ment (jtu) equals

E[AIn w |]l7] = A()L(e) + AYt‘l'
E[my(o) - (ml_j(r - 1) _ B(T _ 1))|]tj]

and

E[AIn w] jtu] = Aa(e) + Ay, +
Elm, (0) - (m (v 1) = B(x - 1))ljtul.

For all three groups under consideration—
stayers, job-to-job movers, and job-to-unem-
ployment movers—average wage growth has
two common components: wage growth
due to general human capital, Aa(e), and
aggregate wage growth, Ay, Wage growth
for stayers additionally reflects wage growth
due to firm-specific human capital accumu-
lation or deferred compensation, AB(t),
and the change in the quality of the match,
E[Am (T)Istay]. I expect the latter term to
be po]sitive, as workers who receive a higher
wage shock are more likely to stay. Accord-
ing to most search models, job-to-job movers
lose their firm-specific human capital, but
improve the quality of their match. Job-
to-unemployment movers, in contrast, not
only lose their firm-specific human capital,
but may also become less well matched at
the new job.

How can one define wage growth due to
job search alone? For a worker with tenure
T - 1 at the old job, a natural way to do so
is as follows:

Wage growth search =
Pr(stay) E[Aml.j(r) Istay]
+ Pr(ji) E[m, (0) - m, (T - 1)1ji]
+ Peru)E[mij,(O) - mij(‘c - 1) ljtu].

In order to obtain wage growth due to search
by actual experience, unconditional on
tenure, one has to average over the tenure
distribution by experience.

Wage growth due to job search thus con-
sists of three parts. First, the expected match
quality of stayers may improve since matches
that turn out to be a disappointment are de-
stroyed.? Second, the expected match quality

*In Postel-Vinay and Robin (2002), wage growth due
to job search also shows up partly as within-job wage
growth, although productivity does not change over
time. Postel-Vinay and Robin (2002) allowed firms to
respond to outside offers. Hence, ifaworker encounters
a firm that is willing to pay a higher wage than her cur-
rent wage, but her productivity is lower at the outside
firm than at her current firm, she stays with the current
employer and receives a wage increase.
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of job-to-job movers typically increases, since
a move occurs only if the value of the new
job exceeds the value of the old job, taking
into account the loss in firm-specific human
capital. Third, job-to-unemploymentmovers
may lose search capital in addition to firm-
specific human capital.

Turning to wage growth due to firm-spe-
cific human capital accumulation over the
lifecycle, anatural way to define this source of
wage growth, for a worker with tenure 7, is

wage-growth—specific human capital =
Pr(stay) AB(t) — Pr(move)B(t - 1).

Again, in order to obtain wage growth due
solely to firm-specific human capital accumu-
lation by actual experience, unconditional on
tenure, one has to average over the tenure
distribution by experience.

Wage growth due to firm-specific human
capital accumulation consists of two parts.
First, wages of stayers grow by A (t) due to
firm-specific human capital accumulation.
Wages of movers, in contrast, decline by
P(t — 1), as these workers lose the stock of
firm-specific human capital when switching
employers. Note that this definition differs
from the concept of the return to tenure.
While the return to tenure measures how
much a worker can expect his wage to grow
with tenure at the same firm, relative to his
outside option, I estimate how much a labor
market entrant can expect his wage to grow
due to firm-specific human capital accumula-
tion with time in the labor market.

Estimation of Wage Growth Due
to Job Search and Firm-Specific
Human Capital Accumulation

How can one estimate wage growth solely
due to job search, using these definitions?
Suppose we have estimates for aggregate wage
growth and wage growth due to general hu-
man capital. Estimating wage growth due to
job search then boils down to disentangling
wage growth due to firm-specific human
capital accumulation and learning about
match quality, for workers who stay with their
employer. In this paper Imake no attempt to
distinguish between these alternative sources
of within-job wage growth. Instead, I first

assume that all within-job wage growth (on
top of wage growth due to general human
capital accumulation and aggregate time ef-
fects) is due to firm-specific human capital
accumulation. In other words, I assume that
there is no learning about match quality, so
that all wage growth due to job search shows
up in the wage growth of movers. This pro-
vides a lower bound for wage growth due to
job search, as long as E[Am, (r) Istay] >0 and
B(t-1) >0. I compute this lower bound as
follows. For each wage observation, I first
subtract estimates for the return to general
human capital, &(e), and aggregate wage
growth, {:

In w, =Y, - e): =
+E

7, = B(x) + [+ m ()

ijt’

—a(e)).

where Eiﬂ: €+ (y,— 1, + (a(e)
I then compute

(3)  wage growth search, lower bound =
K
2_1 Pr(move) £ [A In i[}iﬂlmove].

I provide an alternative estimate for wage
growth due to job search by assuming that
there is no firm-specific human capital
accumulation, so that all wage growth for
stayers—in addition to aggregate wage growth
and general human capital accumulation—
reflects learning about match quality. This
provides an upper bound of wage growth
due to job search as long as AB(t) > 0. This
upper bound is equal to total wage growth
minus aggregate wage growth and general

human capital, and results in 2 E[Aln w w,, 1.
This estimate can be mterpreted as what a
worker would lose if his job ended for purely
exogenous reasons and he had to search
from scratch. Such a worker loses not only
his firm-specific human capital, but also his
search capital.

Wage growth due to firm-specific human
capital accumulation can be estimated in a
similar way. First, I compute average wage
growth of stayers, adjusted for aggregate wage
growth and wage growth due to general hu-
man capital accumulation:

E[A lnﬁiﬂlstay] =AB(T) + E[Ami],(r) Istay].
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I'then obtain the cumulative log-wage growth
due to firm-specific human capital accumu-
lation as

(4) wage-growth—specific human capital =
1o

El Pr(stay),E[A Ind, |stay].

This provides an upper bound for wage
growth due to firm-specific human capital, for
two reasons. First, wage growth of stayers—
net of aggregate wage growth and general
human capital accumulation—reflects not
only firm-specific human capital accumula-
tion, AB(t), but also wage growth due to
learning aboutmatch quality, E[Amij(t) Istay].
Second, it does not take into account the loss
in firm-specific human capital for workers
who switch jobs.

Identifying Returns to General
Human Capital Accumulation, o.(e)

Estimating (1) by OLS, controlling for
firm tenure and aggregate wage growth, is
likely to yield an upward estimate of a.(¢) for
at least two reasons. First, Cov(e, ml.].(r) T, v,)
> 0: workers achieve better job matches with
time in the labor market. Second, Cou(e,
Jit,y) > 0: more able workers may become
unemployed less often and thus have more
actual experience. I follow Dustmann and
Meghir (2005) and use involuntary firm
switchers to identify returns to general hu-
man capital accumulation. The idea is that
these workers lose their search capital and
have to search from scratch, thus mitigating
the problem of a positive correlation between
experience and match quality. I proxy an
involuntary job loss with a job-to-unemploy-
ment transition.

There are several problems with this strat-
egy. First, it may not be true that job-to-un-
employment movers lose all search capital if
that group includes voluntary job switchers.
Such may be the case, for instance, because
workerswho enter unemploymenthave ajob
lined up already.*

‘Also note that unemployed job search may be more
efficient than on-the-job search (for example, Kahn
and Low 1982).

Second, the search problem may be dif-
ferent for more experienced workers, for
instance because young workers accumulate
general and firm-specific human capital ata
faster rate than do older workers. Third, job-
to-unemployment movers may be less able,
onaverage, than randomly selected workers.”
This is a serious problem particularly if the
return to human capital accumulation is
heterogeneous, that is, if more able workers
accumulate more general human capital.®
Even with homogeneous returns to human
capital accumulation, the selection of work-
ers into unemployment is problematic if it
changes over the life-cycle.

Iacknowledge thatI cannot fully deal with
these problems. In order to get some idea
of how severe the bias might be, I check the
robustness of my results with respect to (a)
alternative definitions of a job-to-unemploy-
ment transition and (b) the inclusion of
proxies for workers’ ability.

I also acknowledge that some skills may
be neither purely general nor purely firm-
specific, but partially transferable across
firms. In particular, firm switchers can retain
industry- or occupation-specific skills if they
find employment in their previous industry
or occupation. I leave the comparison be-
tween the returns to industry and occupation
tenure in the U.S. and Germany for future
research.

In line with much of the literature on the
returns to human capital accumulation,” my
approach does notallow for the depreciation
of general human capital. If workers lose

°One reason for the negative selection of (job-to-
unemployment) movers is asymmetric information
between incumbent and outside firms (Gibbons and
Katz 1991). Neal (1998) presented a model in which
more able workers are less likely to switch jobs because
they invest more in specific human capital.

*Heterogeneous human capitalaccumulation implies
that past wage growth predicts future wage growth.
Hence, residuals from a wage growth regression should
be positively correlated, atleast athigherlags. Consistent
with results reported in the literature (for example, Mc-
Curdy 1982; Abowd and Card 1989; Topel 1991; Topel
and Ward 1992; Meghir and Pestaferri 2004), I find
no evidence for a positive correlation, suggesting that
heterogeneityin the rate of human capital accumulation
is not a serious problem.

See, for example, Altonji and Williams (2005), Topel
(1991), and Dustmann and Meghir (2005).
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labor market skills while not working, any
wage loss of job-to-unemployment movers
reflects not only the loss of search capital
and firm-specific human capital, butalso the
depreciation of general human capital. In
a similar vein, I perform the decomposition
of total wage growth by actual experience
as opposed to potential experience. While
I make no attempt to estimate the deprecia-
tion rate of general human capital due to
unemployment, I do compare U.S. and Ger-
man workers in terms of actual experience,
as well as in terms of the average duration of
the unemployment spell. Talso check to see
how the wage growth of job-to-unemployment
movers and the return to general human
capital change if I control for the duration
of the employment gap.

Data Description and Variables

This section briefly describes the two data
setsused in the empirical analysis. Details on
the definition of variables and sample con-
struction can be found in Appendix A (Ger-
man data) and Appendix B (U.S. data).

German Data

The data from Germany are a 2% sample
of administrative social securityrecords. The
data are principally available for the years
1975-2001. However, in order to make the
data as comparable as possible to the U.S.
data, I discard information for years after
1994. Furthermore, since the U.S. data
include individuals born between 1957 and
1964 only, from the German datasetI dropall
individuals born before 1957 or after 1964.

The dataare well suited for an analysis of the
jobsearch process. First, their administrative
nature ensures that wages, unemployment,
and employment are measured accurately.
Second, wages can always be matched to a
particular employer, and are never averaged
across jobs—which is necessary to identify
wage growth due to job search.

The data are representative of all indi-
viduals covered by the social security system,
roughly 80% of the German work force. They
exclude the self-employed, civil servants, and
individuals currently fulfilling their compul-
sory military service. Asin many administra-

tive data sets, the data are right-censored at
the highest level of earnings that are subject
to social security contributions. Top-coding
isabout 1% for the low- and medium-skilled,
butreaches close to 25% for university gradu-
ates. For this reason, the empirical analysis
focuses on the low- and medium-skilled.

I restrict the sample to men who entered
the labor market in or after 1975. This al-
lows me to construct precise measures of
actual experience and firm tenure. Since
East and West Germany differ substantially
in the level and structure of wages, I drop all
workers who were employed at least once in
East Germany.

I then organize the data in two ways. I
use quarterly data to analyze firm mobility.
Since for firm stayers wages are available
only once per year, I use yearly data to study
wage growth. I discard part-time work from
my sample.

U.S. Data

The U.S. data, covering the years 1979-94,
come from the 1979 National Longitudinal
Survey of Youth (NLSY79). I drop informa-
tion for years after 1994 because valid wage
information was typically available only every
two years after that date, due to the NLSY’s
switch to a biannual interview schedule in
1994. The NLSY has several advantages over
other commonly used data setsin the United
States, such as the Panel Study of Income
Dynamics (PSID) and Current Population
Survey (CPS). Most important, the NLSY
focuses on young workers. Asin the German
data, I observe the respondent’s complete
work history—including job-to-job and
job-to-unemployment switches—from labor
market entry onward. Moreover, unlike in
the PSID, in the NLSY wages are never aver-
aged across jobs.

For each respondentI construct the labor
market history from the work-history file,
which contains week-by-week longitudinal
work records. From this file, I select the
respondent’slabor force status and job num-
ber at the beginning of each quarter. To this
data set I match the educational histories of
respondents (enrollment status as well as

highest grade completed).
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Table 1. Correlation between a Transition into Non-Employment and a Layoff.

Job-to-Job Job-to-Non-Employment Total

Quit 4,990 4,004 8,994
77.96% (55.48%) 56.38% (44.52%) 66.61%

Layoff 1,411 3,098 4,509
22.04% (31.29%) 43.62% (68.71%) 33.39%

Total 6,401 7,102 13,503
47.40% 47.40% 100%

Notes: The table shows the cross-tabulation between a job-to-job/job-to-nonemployment transition, based on
the time between two jobs, and a quit/layoff, based on workers’ response when asked why they left the job. The
latter variable is missing in 27.84% of the cases. Percentages refer to the relative frequency of the cell within its
column (within its row). A chi-squared test rejects the hypothesis that the two variables are independent at the

1% level (p-value = 0.000).

A major problem in using the NLSY con-
cerns the type of employment status that
should be included in the analysis. In the
German dataset, I onlyobserve “regular” em-
ploymentstatus, covered by the social security
system. In the NLSY, in contrast, all kinds of
employment positions are reported, regard-
lessof whether the respondentwas enrolled in
school, or for how long and how many hours
per week he worked at each job.

Hence, counting all jobs reported in the
NLSY is likely to overstate mobility in the
United States compared to Germany. In
order to avoid this problem, I consider only
those jobs thatare held after completion of a
transition from non-work to work. My main
definition follows Farber and Gibbons (1996).
According to this definition, a transition
from non-work to work takes place when the
worker was not working for at least one year,
followed by at least two consecutive years in
which he was working. A worker is classified
as working when he has worked a minimum
of 30 hours per week during each of at least
26 weeks in a calendar year.

It may be argued that working part-time
jobs while at school is more common in
the United States than in Germany, for (at
least) two reasons. First, the German ap-
prenticeship program is often credited with
institutionalizing—and thus smoothing—the
transition from school to work (for example,
Ryan 1999). Second, more generous unem-
ployment benefits in Germany may reduce
workers’ incentive to accept part-time jobs.
Hence, the restriction above may discard too
many jobs in the United States, and thus bias

the comparison between the United States
and Germany. For this reason, I repeat the
empirical analysis using a less stringent defi-
nition of labor market entry. According to
this definition, a transition from non-work
to work takes place when the worker was not
working for atleast one year, followed by only
one year in which he was working. As an ad-
ditional robustness check, I also determine
how my results change when part-time jobs
are not dropped.

My sample is then constructed as follows.
There are 6,398 men in the NLSY79. I dis-
card respondents belonging to the military
sample. Since my empirical analysis distin-
guishes between education groups, I keep
the supplementary samples of poor whites,
blacks, and Hispanics. This leaves me with
5,579 individuals. Of those, 374 (194) have
never entered the labor market, based on the
first (second) definition of labor market en-
try. My final sample consists of 3,807 or 4,014
men, based on the firstand second definitions
of a labor market entry, respectively.

As with the German data, I use quarterly
data to study firm mobility, and yearly data
to study wage growth.

Variable Definitions

In both the German and U.S. data, work-
ers sometimes leave their current employer,
and return to the employer a couple of
weeks later. I consider these workers stayers;
movers are those who have permanently left
their employer.

I classify a transition as a job-to-unemploy-
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Table 2a. Means and Standard Deviations of Selected Variables: Germany.
(Annual Data)
Variable Low Medium High
No. Workers 13,715 57,810 10,241
Fraction 16.77% 70.70% 12.52%
No. Observations 80,288 340,851 44,453
Age at Labor Market Entry 18.334 20.737 24.915
(1.935) (1.814) (3.588)
Foreign 34.20% 4.76% 5.20%
Potential Experience 5.743 4.885 5.607
(4.267) (3.431) (4.180)
Actual Experience 4.795 4.239 3.449
(3.802) (3.134) (2.900)
Tenure 2.948 2.864 2.299
(2.988) (2.557) (2.101)
Total Wage Growth 0.090 0.058 0.085
(0.239) (0.165) (0.196)
Wage Growth, Stayers 0.062 0.042 0.058
(0.158) (0.110) (0.125)
Wage Growth, Movers 0.169 0.111 0.179
(0.372) (0.270) (0.325)

ment transition if the worker started the
new job at least four weeks after his old job
ended. I thus do not distinguish between
unemployment and out of the labor force.
It is important to stress that not all of these
workers are looking for work; some have gone
back to school, and others are in the military.
Moreover, in the German data set, some of
these workers may actually be self-employed
or working as civil servants.

In both data sets, it is in principle pos-
sible to distinguish between unemployment
and out of the labor force. In the NLSY, I
observe whether an individual is looking
for work on a weekly basis. In the German
data set, I observe whether a worker receives
unemployment benefits. While I do some
robustness checks using this alternative
definition, I prefer to base the definition
of a job-to-unemployment transition on the
time away from work, because the alternative
definition islikely to measure different things
in the two data sets.

It may also be argued that (involuntary)
layoffs and (voluntary) quits proxy better for
whetheraworkerloses or gainssearch capital
than do job-to-job and job-to-unemployment
transitions, and should thus be preferred.

In the NLSY, individuals are asked why they
left a job. Table 1 shows that the two vari-
ables are correlated, but far from perfectly:
among workers with a job-to-job transition,
about 78 % say they quit the job, compared to
56% of workers with a job-to-unemployment
transition. Note that information on the
reason a worker has left the job is missing in
27% of the cases, casting some doubt on the
validity of this variable. No similar variable
is available for the German data set.

I distinguish three education groups,
which I'label low, medium, and high. For the
United States, low-skilled workers are high
school dropouts with less than 12 years of
schooling; medium-skilled workers are high
school graduates with at least 12 years of
schooling, but less than 16; and high-skilled
workers are university graduates with more
than 16 years of schooling. For Germany, I
distinguish among workers who enter the
labor market without postsecondary qualifi-
cation (low-skilled), workers who completed
an apprenticeship (medium-skilled), and
university graduates (high-skilled). It isim-
portant to stress that the education groups
may not be directly comparable across
countries; for instance, the skills brought to
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Table 2b. Means and Standard Deviations of Selected Variables: United States.
(Annual Data)

Main Definition of

Alternative Definition of

Labor Market Entry Labor Market Entry
Variable Low Medium High Low Medium High
No. Workers 530 2,353 911 588 2,476 931
Fraction (unweighted) 13.97%  62.02% 24.01% 14.72% 61.98% 23.30%
Fraction (weighted) 9.70% 58.44% 31.87% 10.10% 58.75% 31.14%
No. Observations 4,101 19,846 7,092 4,347 20,671 7,376
Age at Labor Market Entry 20.294 20.074 22.452 19.423 19.267 21.396
(3.164) (3.166) (2.881) (2.887) (2.782) (3.012)
White 70.78% 75.37% 89.96% 69.47% 74.74% 89.76%
Potential Experience 6.351 6.744 6.111 6.696 7.141 6.759
(4.064) (4.137) (3.789) (4.184) (4.230) (4.031)
Actual Experience 5.331 5.591 5.046 5.308 5.603 5.107
(3.554) (3.633) (3.264) (3.573) (3.649) (3.299)
Tenure 2.505 2.854 2.956 2.423 2.788 2.887
(2.589) (2.731) (2.571) (2.567) (2.716) (2.559)
Total Wage Growth 0.037 0.052 0.081 0.034 0.053 0.092
(0.390) (0.401) (0.400) (0.396) (0.403) (0.412)
Wage Growth, Stayers 0.017 0.038 0.058 0.016 0.039 0.056
(0.341) (0.314) (0.326) (0.340) (0.310) (0.327)
Wage Growth, Job-to-Job 0.063 0.077 0.137 0.055 0.076 0.167
(0.447) (0.521) (0.534) (0.454) (0.520) (0.542)

Notes: By the main definition, a transition from non-work to work takes place if the respondent was not working
for at least one year, followed by at least two consecutive years of working. By the alternative definition, a transi-
tion from non-work to work takes place if the respondent was not working for at least one year, followed by only

one year of working.

the labor market by apprentices in Germany
are likely to differ from those brought to the
labor market by high school graduates in the
United States.

Actual experience and tenure are mea-
sured in years, and exclude part-time work.
For apprentices, I measure experience and
tenure from apprenticeship completion
onward. I thus treatapprenticeship training
the same way as university education.

In the German data set, wagesrefer to daily
wages; in the U.S. data, I use hourly wages.
Wages are deflated by the Consumer Price
Index, using 1980 as the base year.

Tables 2aand 2breport the meansand stan-
dard deviations of the main variables used in
the empirical analysis. For the United States,
I distinguish between the two definitions of a
labor marketentry. Notsurprisingly, workers
are younger atlabor market entry—and thus
have more potential experience—when the
second, less stringent, definition of a labor

market entry is used. Means of the other
variables are similar for the two definitions.

Results

Unless otherwise stated, results for the
United States are based on the main defini-
tion of a labor market entry. I discuss dif-
ferences in the results between the two
definitions at the end of this section. Since
Iinclude the supplementarysamples of poor
whites, blacks, and Hispanics in the NLSY,
all results are weighted using the sampling
weight provided by the NLSY.

Actual versus Potential Experience

I begin by comparing U.S. and German
workers in terms of actual experience by
time in the labor market. Table 3 reports
the average actual experience by potential
experience and education. For the United
States, I distinguish between the two defini-
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Table 3. Potential versus Actual Experience.
(Standard Deviations in Parentheses)

United States

Main Definition of

Alternative Definition of

Germany Labor Market Entry Labor Market Entry
Low Medium High Low Medium High Low Medium High
1 0.682 0.820 0.722 0.836 0.749 0.757 0.784 0.699 0.708
(0.369)  (0.294) (0.385) (0.243)  (0.322)  (0.325) (0.258)  (0.326)  (0.328)
3 1.835 2.253 1.932 2.447 2.410 2.456 2.131 2.102 2.117
(1.099)  (0.845) (1.172) (0.515)  (0.584)  (0.679) (0.709)  (0.758)  (0.848)
5 2.965 3.788 3.052 3.992 4.021 4.150 3.568 3.595 3.597
(1.792)  (1.337) (1.898) (0.907)  (0.930)  (1.028) (1.175)  (1.208)  (1.363)
10 5.884 7.729 5.677 8.039 8.178 8.338 7.460 7.577 7.539
(3.609)  (2.589) (3.238) (1.833)  (1.759)  (1.769) (2.209)  (2.193) (2.156)

Notes: The table reports average actual experience by potential experience. Quarterly data. For the United
States, entries are weighted using the sampling weights in the NLSY. By the main definition, a transition from non-
work to work takes place if the respondent was not working for at least one year, followed by at least two consecutive
years of working. By the alternative definition, a transition from non-work to work takes place if the respondent
was not working for at least one year, followed by only one year of working.

tions of labor market entry. Notsurprisingly,
workers accumulate more actual experience
according to the first, more stringent defini-
tion. Regardless of the definition of labor
market entry, workers with low and high
levels of education have less actual experi-
ence in Germany than in the United States
throughout the life-cycle. This result has to
be interpreted with some caution, for several
reasons. First, many workers in Germany
satisfy their compulsorymilitaryservice after
they enter the labor market. Second, work-
erswho previously were covered by the social
security system may now be self-employed
or work as civil servants. Both show up as
an employment gap in my data. With this
in mind, it is not surprising that the median
non-employment spell duration is substan-
tially larger in Germany than in the United
States (for example, 47 weeks for German
apprentices and 13 weeks [first definition]
or 15weeks [second definition] for U.S. high
school graduates).

Job-to-Job and Job-to-
Unemployment Mobility

Next, I turn to differences in mobility
rates between the two countries. Figure la
plots quarterly mobility rates, that is, the

probability that a worker who is employed
at the beginning of the quarter permanently
leaves his current employer by the end of the
quarter. During the firstsix months following
labor market entry, mobility rates tend to be
similar in the two countries. However, later
on, firm mobility is substantially higher in
the United States for all education groups.
Forinstance, during the 5th year in the labor
market, the quarterly mobility rates of those
with low, medium, and high education are,
respectively, 16.89%, 13.09%, and 9.02% in
the United States, but only 8.62%, 5.77%,
and 5.85% in Germany. In both countries,
better-educated workers are less likely to
switch firms.

These differences in mobility rates imply
thatafter 10yearsin the labor market, workers
with low, medium, and high education have
on average worked for, respectively, 5.82,
5.38, and 4.46 firms in the United States,
compared to 3.52, 3.25, and 2.94 firms in
Germany.

Figures 1b and lc distinguish between
job-to-job and job-to-unemployment transi-
tions. In both countries, job-to-unemploy-
ment transitions—defined asa gap of atleast
four weeks between the end of the old job
and start of the new job—are more common
than job-to-job transitions for all education
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Figure 1a. Quarterly Firm Mobility Rates by Potential Experience and
Education: Germany versus the United States.
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Figure 1b. Quarterly Job-to-Job Mobility Rates by Potential Experience and
Education: Germany versus the United States.
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Figure Ic. Quarterly Job-to-Unemployment Mobility Rates by Potential
Experience and Education: Germany versus the United States.
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Table 4a. Wage Growth by Actual Experience: Germany.
(Standard Errors in Parentheses)

Low Medium High
Cross-Section D Cross-Section D Cross-Section
N= 80,288 N=067537 N =340,851 N = 248,786 N =44,453
No Year Year No Year Year No Year Year
Dummies Dummies Dummies Dummies Dummies Dummies
1 0.168 0.144 0.160 0.108 0.096 0.088 0.184 0.144
(0.004) ##* (0.004) #** (0.004) #%#* (0.001) #** (0.0071) ##* (0.001) *#* (0.004)#*% (0.004)***
3 0.441 0.382 0.389 0.230 0.194 0.174 0.366 0.276
(0.005) ##* (0.005) #** (0.006) *#%* (0.001 ) ##* (0.0071) ##* (0.002) ##* (0.005)#**  (0.005)***
5 0.563 0.479 0.472 0.314 0.256 0.231 0.468 0.345
(0.005) ##* (0.005) ##* (0.007) #s (0.002) ##* (0.002) ##* (0.002) ##% (0.006)*##  (0.007)
10 0.714 0.570 0.550 0.457 0.358 0.344 0.533 0.363
(0.005) ##* (0.008) (0.010) ##* (0.003) (0.004) ##* (0.004) % (0.013)##%  (0.014)%**

Notes: There are separate regressions for each education group. Censored regression for university graduates.
For each education group, the first column controls for foreign status and actual experience dummies only. The
second column additionally includes calendar year dummies. Standard errors allow for clustering at the individual
level. Column (3) reports estimates from a first difference regression in which time effects have been pre-estimated
from a wage level regression. Here, the reported standard error is the standard deviation of the block bootstrap,
treating each individual as a sampling unit. 50 repetitions are used.

*Statistically significant at the .10 level; **at 0.05 level; ***at the .01 level.

groups, particularly at low experience levels.
Exceptduring the firstsix monthsin the labor
market, German workers are less likely than
their U.S. counterparts not only to move
from job to job, but also to move from job
to unemployment. For instance, during the
fifth year in the labor market, the quarterly
job-to-unemployment transition rate of the
low-, medium-, and high-skilled is 9.83%,
6.87%, and 4.10% in the United States,
compared to 4.97%, 2.19%, and 1.99% in
Germany. Interestingly, in both countries,
across education groups the differences
in job-to-unemployment mobility rates are
much larger than the differences in job-to-
job mobility rates.

Overall Wage Growth

Estimates of wage growth by actual experi-
ence in Germany and the United States are
reported in Tables 4a and 4b. The results in
the first set of columns do not condition on
calendar year effects. Overall wage growth
is roughly similar for German apprentices
and American high school graduates. Both
groups experience wage growth of about
50% in ten years.

The second set of columns additionally

control for calendar year effects. In Ger-
many, year effects are positive and of similar
magnitude for all education groups. As a
result, returns to experience decline for
all education groups when year dummies
are included in the wage regression. In the
United States, in contrast, year effects are
negative for high school dropoutsand gradu-
ates, and positive for university graduates.
This is consistent with the well-documented
increase of returns to education in the United
States in the 1980s. When year dummies are
included in the wage regression, wage growth
by experience for high school graduates and
dropoutsrises, while for university graduates
it falls. Conditional on year dummies, wage
growth is considerably higher for American
high school graduates than for German
apprentices. Workers with low education
experience higher wage growth in Germany
than in the United States in their early years
in the labor market, but not later. The same
holds for university graduates.

To make sure that wage growth by actual
experience is not biased because more able
workersaccumulate more actual experience,
the third set of columns in Table 4a and 4b
report results from a first difference regres-
sion. This cancels out the fixed worker effect.
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Table 4b. Wage Growth by Actual Experience: United States.
(Standard Errors in Parentheses)

Low Medium High
Cross-Section D Cross-Section D Cross-Section D
N=4,101 N=3571 N=19846 N=17,494 N=7092 N=6,181
No Year Year No Year Year No Year Year
Dummies Dummies Dummies — Dummies Dummies  Dummies
1 0.029 0.036 0.085 0.089 0.103 0.117 0.132 0.099 0.125
(0.031) (0.034) (0.023) #s#* (0.012)##% (0.014)*** (0.009)%*** (0.019)##* (0.020)*** (0.015)***
3 0.190 0.239 0.263 0.268 0.288 0.291 0.344 0.264 0.291
(0.038)##% (0.047)*#* (0.034)*** (0.014)*#* (0.018)*** (0.016)*** (0.022)#%% (0.029)*** (0.025)***
5 0.247 0.323 0.379 0.367 0.385 0.392 0.477 0.375 0.412
(0.038)*** (0.051)*** (0.042)*** (0.016) *#* (0.024)*** (0.020)*** (0.027)##% (0.039)*** (0.037)***
10 0.371 0.545 0.546 0.529 0.587 0.552 0.704 0.595 0.596

(0.046)##% (0.070) %% (0.057) %+

(0.022) %% (0.036) *** (0.029)***

(0.086)##% (0.065) %% (0.059) %+

Notes: Separate regressions for each education group. For each education group, the first column controls
for race and actual experience dummies only. The second column additionally includes calendar year dummies.
Standard errors allow for clustering at the individual level. Column (3) reports estimates from a first difference
regression where time effects have been pre-estimated from a wage level regression. Here, the reported standard
error is the standard deviation of the block bootstrap, treating each individual as a sampling unit. 50 repetitions

are used. Entries are weighted using the sampling weight provided in the NLSY.

Due towage censoring,I donotreportresults
for university graduates in Germany. In or-
der to control for aggregated wage growth,
I pre-estimate time effects from a wage-level
regression. I then regress wage growth,
adjusted for aggregate wage growth, on the
differenced actual experience dummies.® In
both countries, the results are similar to and
not statistically different from those based
on wage levels.

Wage Growth of Stayers, Job-to-Job
Movers, and Job-to-Unemployment Movers

How much of the overall wage growth
is due to general and firm-specific human
capital accumulation, and how much is due
to job search? For a first pass, I compare the
wage growth of stayers, job-to-job movers, and
job-to-unemploymentmovers. Iregresswage

T have tried estimating time and experience effects
jointlyin a first differenced regression. Due to the high
correlation between experience and time in both data
sets, the estimates for time and experience effects are
verynoisy. Standard errorsare smallerwhen afunctional
form for time and experience effects is assumed. Pre-
dictions for total wage growth based on these estimates
are quantitatively similar to the ones reported here. I
prefer, however, not to impose a functional form on
time and experience.

growth, measured as the difference between
the log-wage in two periods, on a constant
and the difference in experience squared,
separately for the three groups of workers.
Table 5 reports the results.

I find the same pattern in both countries.
Stayers experience lower wage growth than
job-to-job and job-to-unemployment movers
during their early years in the labor market.
Wage growth declines with experience for all
education groups. The decline is stronger
for movers than for stayers, and particularly
strong for job-to-unemployment movers.
Thisisin line with findings by Mincer (1986)
and Perticara (2002). The most important
difference between the two countries is that
the wage growth of job-to-unemployment
movers relative to that of stayers is higher in
Germany than in the United States. These
patterns are robust with respect to the inclu-
sion of the duration of the employment gap
(last panel of Table 5) aswell as to alternative
definitions of a job-to-unemployment transi-
tion (not reported).

Wage Growth Due to
General Human Capital

In estimating wage growth due to general
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Table 5. Wage Growth of Stayers, Job-to-Job Movers, and Job-to-Unemployment Movers.
(Standard Errors in Parentheses)

Germany United States
Low Medium Low Medium High
Stayers N=48,957 N=216,226 N=2024 N=10,996 N =4,286
Constant 0.120 0.065 0.042 0.071 0.103
(0.002) *#* (0.000) *#* (0.017) = (0.006) *#* (0.009) #*#*
Aexp? —-0.006 —-0.003 -0.002 —-0.003 -0.004
(0.000) *#%* (0.000) *** (0.001)** (0.000) *#* (0.001) *#*
Job-to-Job N=11,444 N = 54,065 N =513 N =2,675 N =995
Constant 0.251 0.147 0.174 0.164 0.231
(0.006) *#* (0.002) ##* (0.035)*#%  (0.021) ##* (0.032) s
Aexp? -0.012 -0.006 —-0.008 —-0.006 -0.007
(0.000) *#* (0.000) *#* (0.003) ** (0.002) (0.003)
ob-to-Unemployment N=6,172 N =12,794 N=1,034 N = 3,823 N =900
ploy
Constant 0.284 0.182 0.106 0.139 0.223
(0.007) s (0.004) *#* (0.083)***  (0.015)*%*%* (0.033) *#*
Aexp? —-0.018 -0.014 -0.007 —-0.010 -0.016
(0.001) ##* (0.001) *#* (0.003) ** (0.002) # (0.004) #*#*
+ Unemployment Duration =0, =12, =1, =3, =
JTU + Unemploy D N=6,217 N = 12,750 N =1,034 N = 3,823 N =900
Constant 0.242 0.145 0.156 0.149 0.214
(0.009) *#* (0.005) *#:* (0.085)***  (0.016) *** (0.036) *#*
Aexp? -0.017 -0.012 -0.007 -0.010 -0.016
(0.001) ##* (0.001) *** (0.003) ** (0.002) s (0.004)

Notes: Separate regressions for each education group. Standard errors are clustered at the individual level.
*Statistically significant at the .10 level; **at 0.05 level; ***at the .01 level.

human capital accumulation, I specify the
latter as a polynomial of order 2, but results
are similar if a different functional form is
used. As discussed early in the paper (in the
“Framework” section), I use wages of job-to-
unemployment movers to identify returns to
general human capital accumulation.
Tables 6a and 6b report the results. The
first set of columns control for calendar
year effects, citizenship (Germany), and
race (United States) in addition to actual
experience and actual experience squared.
In Germany, the return to general human
capital accumulation is somewhat lower for
apprentices than for university graduatesand
workers without post-secondary education.
For instance, an apprentice can expect his
wage to grow due to general human capital
accumulation by about 18% in 5 years and
24% in 10 years, compared to 25% and 30%
forauniversity graduate. With the exception
of university graduates, the return to general

human capital accumulation is higher in the
United States than in Germany. Forinstance,
for high school graduates in the United
States, wage growth due to general human
capital accumulation is 26% in 5 years and
39% in 10 years.

These estimates may suffer from an “abil-
ity bias,” as more able workers may be less
likely to become unemployed. Toinvestigate
that possibility, I next include in the wage
regression the number of prior job-to-job
and job-to-unemployment switches as a
proxy for workers’ ability. The second set
of columns in Tables 6a and 6b report the
results. In Germany, the number of prior
job-to-unemployment switches negatively af-
fects starting wages of job-to-unemployment
movers, and the negative selection increases
with education. The inclusion of job-to-job
and job-to-unemployment transitions leads
to higher returns to general human capital
accumulation for all education groups, but
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Table 6a. Returns to General Human Capital Accumulation: Germany.
(Standard Errors in Parentheses)

Low Medium High
JTU Controls All JTU Controls All JTU Controls All
N=12694 N=12,694 N=37,609 N=20,041 N=20,041 N=115_868 N=3019 N=3019 N=12,466
Experience 0.060 0.070 0.075 0.045 0.064 0.071 0.078 0.097 0.111
(0.004)*** (0.004)*** (0.002)*** (0.003)##* (0.003)*** (0.001)%*** (0.009) *#* (0.009)*#* (0.003)**
Experience* —-0.003 -0.004 —-0.003 -0.002 -0.003 —-0.003 -0.004 —-0.005 —-0.006
(0.000)*#* (0.000)*** (0.000)*** (0.000)##% (0.000)*** (0.000) *** (0.001)*#% (0.001)*** (0.000) ***
No. Prior JT] 0.002 0.002 -0.009 -0.009 -0.034 -0.024
(0.003) (0.001)* (0.001)** (0.001)*** (0.006) 5% (0.002) %3
No. Prior JTU -0.017 -0.024 -0.032 —0.041 -0.040 —-0.061
(0.002)#** (0.001)*** (0.002)#** (0.001)%*** (0.007)##% (0.003) ***
Predictions
1 0.056 0.066 0.071 0.043 0.061 0.067 0.067 0.091 0.1065
(0.004)*** (0.004)*** (0.002)*** (0.003)*** (0.003)*** (0.001)%*** (0.008) *#* (0.008)*** (0.003)*#*
3 0.149 0.172 0.194 0.116 0.162 0.184 0.176 0.242 0.279
(0.009)*** (0.010)*** (0.005)*** (0.007)*## (0.007)*#% (0.003) *** (0.019)*## (0.019)**% (0.007)***
5 0.216 0.245 0.288 0.172 0.237 0.276 0.250 0.351 0.403
(0.012)*% (0.013)*** (0.008)*** (0.009)##% (0.010)*** (0.004) *** (0.024)*#% (0.025)*** (0.010) ***
10 0.266 0.283 0.403 0.239 0.305 0.399 0.281 0.440 0.498
(0.017)%%  (0.019)%#% (0.011)*** (0.014)**%* (0.014)*** (0.005)*** (0.039)#** (0.043)*** (0.013)%***

Notes: Separate regressions for each education group. Censored regressions for university graduates. For each
education group, regressions in the first (JTU) and second (Controls) columns use wages following a job-to-un-
employment transition. Regressions in the third column (All) use wages following a job-to-job as well as a job-to-
unemployment transition. Column (1) controls for foreign status, actual experience, actual experience squared,
and calendar year dummies. Columns (2) and (3) additionally control for the number of prior job-to-job and
job-to-unemployment transitions. Standard errors allow for clustering at the individual level.

*Statistically significant at the .10 level; **at 0.05 level; ***at the .01 level.

particularly so for university graduates. In the
United States, in contrast, there is evidence
for a negative selection of job-to-unemploy-
ment movers only among university gradu-
ates, and the inclusion of prior job switches
increases the return to general human capital
only for this education group.’

For comparison, the third set of columns
in Tables 6a and 6b report estimates using all
new jobs, that is, jobs following both job-to-
joband job-to-unemployment transitions. As
argued by Topel (1991), this is likely to lead
to an upward bias in the return to general
human capital accumulation, as job-to-job
movers may accept new offers because of a
higherwage. With the exception of U.S. high
school graduates, estimates using allnewjobs
exceed those using only jobs following a job-

“However, due to the large standard errors, the dif-
ference is not statistically significant at conventional
levels.

to-unemployment transition. Iinterpret this
asevidence thatjob search playsanimportant
role in both countries.

These results are robust with respect to
controlling for the duration of the non-em-
ployment gap. They are similar if I define
a job-to-unemployment transition based on
whetheraworkerislooking for work (United
States) or receiving unemployment benefits
(Germany).

Wage Growth Due to Job Search and Firm-
Specific Human Capital Accumulation

To analyze the wage growth contribution
ofjob search and firm-specific human capital
accumulation, I begin by computing a lower
bound for wage growth due to job search,
defined by equation (3). The empirical
implementation is as follows. My depen-
dent variable is equal to the worker’s wage
growth, adjusted for aggregate wage growth
and general human capital accumulation, if
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Table 6b. Returns to General Human Capital Accumulation: United States.
Low Medium High
JTU Controls All JTU Controls All JTU Controls All
N=1,349 N=1349 N=2265 N=4852 N=4852 N=29085 N=1,035 N=1035 N=2352
Experience  0.028 0.021 0.054 0.066 0.066 0.058 0.039 0.061 0.092
(0.026) (0.026) (0.021)** (0.012)##% (0.013)*** (0.010)*** (0.029) (0.030) %% (0.020)
Experience?  0.002 0.002 0.000 -0.003 -0.003 -0.002 -0.002 -0.003 -0.004
(0.002) (0.002) (0.001) (0.001)*#% (0.001)*%** (0.001)%* (0.002) (0.002) (0.002) **
No. Prior JTJ 0.020 0.012 0.002 0.013 -0.011 -0.010
(0.015) (0.014) (0.009) (0.007)* (0.025) (0.016)
No. Prior JTU 0.001 -0.006 -0.004 -0.011 -0.082 -0.102
(0.009) (0.009) (0.006) (0.005) * (0.016) %% (0.012) %
Predictions
1 0.030 0.023 0.053 0.063 0.063 0.056 0.037 0.060 0.087
(0.024) (0.025) (0.020) ** (0.012)*#%* (0.012)*** (0.009)#** (0.027) (0.028)%*%*  (0.019)**
3 0.103 0.083 0.159 0.173 0.173 0.157 0.098 0.162 0.237
(0.063)*  (0.063) (0.051) % (0.030)##% (0.031)*** (0.025)*#* (0.068) (0.071)%%  (0.049)
5 0.192 0.162 0.262 0.263 0.262 0.246 0.145 0.238 0.353
(0.088)** (0.088)*  (0.073)%%* (0.042)*#* (0.045)*** (0.036)*** (0.092) (0.097)##% (0.069)
10 0.489 0.440 0.509 0.393 0.392 0.409 0.192 0.317 0.495
(0.103)*#% (0.106) *** (0.096)*** (0.059)##* (0.062)*** (0.052)*** (0.114)*  (0.120)*** (0.090)***

Note: Separate regressions for each education group. For each education group, regressions in the first (JTU)
and second (Controls) columns use wages following a job-to-unemployment transition only. Regressionsin the third
column (All) use wages following both a job-to-job and a job-to-unemployment transition. Column (1) controls for
race, actual experience, actual experience squared, and calendar year dummies. Columns (2) and (3) additionally
control for the number of prior job-to-job and job-to-unemployment transitions. Standard errors allow for clustering

at the individual level. Entries are weighted using the sampling weight provided by the NLSY.
*Statistically significant at the .10 level; **at 0.05 level; ***at the .01 level.

he switches employers, and zero otherwise.
I regress this variable on the differenced
experience dummies. To account for the
fact that aggregate wage growth and general
human capital accumulation are estimated
at an earlier stage, I bootstrap standard er-
rors, allowing for clustering at the individual
level.

I then compute wage growth due to firm-
specific human capital and learning about
match quality, defined by equation (4).
Here, my dependent variable is equal to the
adjusted wage growth if the worker stays with
his employer, and 0 otherwise.

Tables 7a and 7b report the results. The
first and second columns of the tables show
total wage growth, using estimates from the
third set of columns in Tables 4a and 4b,
and wage growth due to general human
capital accumulation, using estimates from
the first set of columns in Tables 6a and 6b.
The third column reports the lower bound
for wage growth due to job search, while the
fourth column displays wage growth due to

firm-specific human capital accumulation.
The upper bound of wage growth due to job
search can be obtained by adding up wage
growth due to job switching and firm-specific
human capital accumulation.

Job search is an important contributor
to wage growth for all education groups in
both countries. Itis most important during
the first year in the labor market, explaining
roughly one-third of the overall wage growth
for that year. Interestingly, search capital
hardly increases from the fifth to the tenth
year in the labor market for any education
group.

In Germanywage growth due to job switch-
ingis mostimportant for those with low skills,
while in the United Statesitis mostimportant
for those with high skills. Note that these
are the two groups for whom the returns to
general human capital are most sensitive to
the choice to use all new jobs in the estima-
tion, as opposed to new jobs following a
job-to-unemployment transition (see Table
6a and 6b). Possibly most surprisingly, wage
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Table 7a. Sources of Wage Growth: Germany.
(Standard Errors in Parentheses)

Total Firm-Specific

Actual Experience Wage Growth General HC Search: Movers HC

1 0.160 0.056 0.071 0.033
(0.003) (0.004)##* (0.003)*#* (0.003)##*

3 0.389 0.149 0.155 0.086
(0.005) (0.009) s (0.005) ##* (0.007)##*

5 0.472 0.216 0.176 0.082
(0.006) ##* (0.012)** (0.006) **x* (0.009) ***

10 0.550 0.266 0.201 0.083
(0.008) s (0.017)%** (0.007)##* (0.014) %%

Medium

1 0.088 0.043 0.039 0.010
(0.001) (0.008) (0.001) %55 (0.002) %

3 0.174 0.116 0.063 0.005

(0.002) 3 (0.007) (0.002) 33 (0.004)

5 0.231 0.172 0.074 -0.005

(0.002) ## (0.009) #== (0.003) **3* (0.005)

10 0.344 0.239 0.094 -0.004

(0.004)##* (0.014)%** (0.003)*#* (0.012)

Note: For each education group, the first column displays first difference estimates for the total wage growth
by actual experience (Table 4a). The second column reports estimates for wage growth due to general human
capital accumulation (Table 6a). Column (3) reports wage growth due to job switching, computed as the product
of the probability of job switching and wage growth of job switchers, adjusted for aggregate wage growth and wage
growth due to general human capital. Column (4) shows wage growth due to firm-specific human capital accumu-
lation, computed as the product of the probability of staying and adjusted wage growth of job stayers. Reported
standard errors are the standard deviation of the block bootstrap, treating each individual as a sampling unit. 50

Repetitions are used.

*Statistically significant at the .10 level; **at 0.05 level; ***at the .01 level.

growth due to job switching is only slightly
lower for German apprentices than for U.S.
high school graduates.

Within-wage growth, adjusted for aggre-
gate wage growth and general human capital
accumulation, in contrast, playsanimportant
role only for low-skilled workers in Germany
and university graduatesin the United States.
For all other education groups, its influence
is negligible. Is this because my estimates
for general human capital accumulation
are upwardly biased? This seems unlikely,
as the results in Table 7a and 7b are based
on my lowest estimates for general human
capital accumulation; in Tables 6a and 6b,
estimates tend to be higher if the number
of prior job switches as a proxy for workers’
ability is included in the regression.

Finally, wage growth due to general human
capital accumulation is the most important

source of overall wage growth for all educa-
tion groups, particularly during the later
years in the labor market.

Robustness Checks

A disadvantage of my approach to estimat-
ing wage growth due to job search is that it
relies on estimates for aggregate wage growth
and returns to general human capital accu-
mulation. As a robustness check, I provide
an alternative estimate for wage growth due
to job search that does not require reliance
on such estimates. This estimate is based on
comparison of the wage growth of moversand
stayers, and is computed as follows:

wage growth job search =

E
glPr(move)P{Ee[A In wijrlmove] -
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Table 7b. Sources of Wage Growth: United States.
(Standard Errors in Parentheses)
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Total Firm-Specific
Actual Experience Wage Growth General HC Search: Movers HC
Low
1 0.085 0.030 0.065 -0.010
(0.023) #** (0.024) (0.020) ##* (0.011)
3 0.263 0.103 0.151 0.009
(0.034) *** (0.063)* (0.035) #** (0.025)
5 0.379 0.192 0.177 0.010
(0.042) #== (0.088) ** (0.039) ##* (0.034)
10 0.546 0.489 0.166 -0.109
(0.066) *** (0.103) *== (0.052) ##* (0.040)*
Medium
1 0.117 0.063 0.049 0.005
(0.009) *** (0.012) #= (0.009) #= (0.006)
3 0.291 0.173 0.113 0.004
(0.016) *#* (0.030) ##* (0.016) *** (0.013)
5 0.392 0.263 0.123 0.007
(0.020) *** (0.042) ** (0.020) #* (0.018)
10 0.552 0.398 0.125 0.034
(0.029) *== (0.059) # (0.024) #** (0.025)
High
1 0.125 0.037 0.058 0.030
(0.015) %= (0.027) (0.014) % (0.016)*
3 0.291 0.098 0.130 0.063
(0.025) *** (0.068) (0.030) *** (0.037)*
5 0.412 0.145 0.195 0.087
(0.037) (0.092) (0.037) #*#* (0.052)
10 0.596 0.192 0.235 0.168
(0.059) *** (0.114)* (0.047) %% (0.079) **

Notes: For each education group, the first column displays first difference estimates for the total wage growth
by actual experience (see Table 4b). The second column reports estimates for wage growth due to general hu-
man capital accumulation (see Table 6b). Column (3) reports wage growth due to job switching, computed as the
product of the probability of job switching and wage growth of job switchers, adjusted for aggregate wage growth
and wage growth due to general human capital. Column (4) shows wage growth due to firm-specific human capi-
tal accumulation, computed as the product of the probability of staying and adjusted wage growth of job stayers.
Reported standard errors are the standard deviation of the block bootstrap, treating each individual as a sampling

unit. 50 Repetitions are used. Entries are weighted using the sampling weight provided by the NLSY.
*Statistically significant at the .10 level; **at 0.05 level; ***at the .01 level.

E[AIn wiﬂlstay]}
E
= El E[AIn wiﬂ] - E[AlIn wmlstay].

Estimates based on this measure are similar to
those from the lower bound for wage growth
due to job search reported in Tables 7a and
7b. For instance, according to this measure,
wage growth due to job search is 8.32% and
10.51% for U.S. high school graduates, and
8.33% and 10.41% for German apprentices,

after 5 and 10 years in the labor market.
Hence, the finding that wage growth due to
job search is similar for these two groups is
robust with respect to this alternative com-
putational approach.

It may also be argued that my definition
of a labor market entry in the United States
is too stringent, and discards too many jobs.
I check the robustness of my results to the
alternative definition of labor market entry.
This less stringent definition leads to some-



580 INDUSTRIAL AND LABOR RELATIONS REVIEW

what higher total estimated wage growth for
all education groups. For instance, for high
school graduateswage growth due to 10years
of actual experience is 63% according to the
second definition, but only 55% according
to the first definition. However, the relative
contributions of general and firm-specific
human capital accumulation and job search
tend to be similar. My overall conclusions
are thus unchanged.

Finally, I repeat the empirical analysis in
which I discard part-time jobs with less than
10 hours per week, as opposed to part-time
jobswith less than 30 hours per week. By and
large, this does not affect my conclusions.
Results are available on request.

Discussion

Comparison with Existing Literature

How do my results compare with those
in the existing literature? For the United
States, studies that estimate returns to ex-
perience include Topel (1991) and Altonji
and Williams (2005). Both found that the
cumulative log-wage return to experience is
around 40% after ten years. This is in line
with my estimates for high school dropouts
and graduates. Turning to Germany, Dust-
mann and Meghir (2005) reported similar
returns to general human capital accumula-
tion for low-skilled workers, but somewhat
higher returns for apprentices. In line with
my findings, Dustmann and Perreira (2005)
concluded that returns to experience for
the low- and high-skilled are higher than
for apprentices.

The magnitude of returns to tenure is
still very much in dispute. For the United
States, Topel (1991) and Beffyetal. (2005) re-
ported substantial returns to tenure. Altonji
and Shakatko (1987), Abraham and Farber
(1987), and Altonji and Williams (2005), in
contrast, found much smaller returns to ten-
ure. My finding that aggregate wage growth
and general human capital accumulation ac-
count for most of the within-job wage growth
for U.S. high school dropouts and graduates
is consistentwith resultsreported by Connolly
and Gottschalk (2006) and Barlevy (2003). In
line with my findings for Germany, Dustmann

and Meghir (2006) found larger returns to
tenure for low-skilled workers than for ap-
prentices; Dustmann and Pereirra (2005)
also concluded that returns to tenure are
close to zero for apprentices.

Turning to wage growth due to job search,
my findings for the United States are in ac-
cord with Topel and Ward’s (1992) original
finding that job search accounts for one-
third of overall wage growth. My finding
that university graduates accumulate more
search capital than high school graduates or
dropoutsisfurther corroborated by Connolly
and Gottschalk (2006), who showed thatwage
gains due to job switching are larger for uni-
versity graduates. My findings for Germany
are consistent with von Wachter and Bender
(2006),who concluded, among other things,
that voluntary job mobility is important for
German apprentices.

While a few papers have attempted to di-
rectly estimate wage growth due tojob search,
there is a larger literature on displacement
effects that asks a closely related question:
what is the wage loss a worker suffers if he
loses his job for largely exogenous reasons?
Such aworker loses not only his firm-specific
human capital, but also his search capital.
According to the most recent and compre-
hensive study by Hildreth etal. (2006) for the
United States, the “true” cost of job loss lies
between 12% and 16% of the pre-displace-
mentwage.'’ This fits well with my estimates
forwage growth due to jobsearch. My finding
thatwage growth due to firm-specifichuman
capital accumulation plays only a limited
role for high school graduates and dropouts
further suggests that most of this loss reflects
the loss of search capital, as opposed to firm-
specifichuman capital. Turning to Germany,
Burda and Mertens (2001) found that, on
average, a job loss is associated with a wage
loss of 2-6%), although it is much larger for
workers in the three upper quartiles of the
earnings distribution. Bender et al. (1999)
also found only small losses due to displace-
ment, defined as a job loss due to plant
closure or due to a reduction in firm size of

“They are, however, only 1-2% for a job loss due
to plant closure.
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at least 40%. These estimates are consider-
ably exceeded by estimates for the United
States and by my estimates for wage growth
due to job search. Generous unemployment
benefits thatshelter workers from large wage
losses due to unemployment might account
for these disparate results.

Interpretation

One of the main findings of this study is
that for the low-and medium-skilled, returns
to general human capital accumulation after
10 years in the labor market are about 10
percentage pointslargerin the United States
than in Germany. A possible explanation
for this finding is that collective bargaining
institutions in Germany compress wages of
young workers, relative to old workers. Con-
sistent with this hypothesis is Dustmann and
Schénberg’s (2005) finding that returns to
experience are higher in unionized than in
non-unionized firms.

Second, I find no evidence supporting
the hypothesis that wage growth due to
firm-specific human capital accumulation
is a more important contributor to overall
wage growth for German apprentices than
for U.S. high school dropouts and graduates
(as hypothesized by, for example, Harhoff
and Kane 1997). Theoretically, the impact
of mobility rates on returns to tenure is am-
biguous. On the one hand, workers have a
stronger incentive to invest in firm-specific
human capital when they expect to stay with
the firm longer. On the other hand, as Beffy
et al. (2005) argued based on a model by
Burdett and Coles (2003), firms may offer
higher rewards to seniorityin a high-mobility
country as an incentive.

Third, wage growth due to job search is of
similar magnitude for German apprentices
and U.S. high school graduates, and larger for
German low-skilled workers. Thisissomewhat
surprising, for two reasons. First, collective
bargaining institutionsin Germanyare likely
to compress wages, implying lower gains due
tojobsearch. Second, higher unemployment
benefits in Germany mean that German
workers turn down matches that U.S. workers
accept, also resulting in lower gains due to
job search. So why is wage growth due to job

search not lower in Germany? The answer is
that German workers experience higher gains
from switching firms, for two reasons: they
are less likely than their U.S. counterparts to
become unemployed, and thus less likely to
have to search from scratch (see Figure 1c);
and they lose less than U.S. workers when
they become unemployed (see Table 5).
The reduced probability of unemployment
may be linked to higher firing costs and a
longer advance notice period in Germany.
The longer advance notice period also may
be partly responsible for the lower average
losses when workers become unemployed,
since it gives them more time to search for a
good match, possibly reducing the wage loss
due to alayoff. Alternatively, more generous
unemployment benefits in Germany may
shelter workers from suffering larger losses
due to an involuntary job loss.

Conclusion

The contribution of this paper is twofold.
First, I have proposed a simple method for
decomposing total wage growth into wage
growth due to general human capital ac-
cumulation, firm-specific human capital
accumulation, and job search. Second, I
have compared the sources of wage growth
in two countries with very different labor
market institutions, the United States and
Germany.

Mymain findings can be summarized as fol-
lows. In both countries and for all education
groups, general human capital accumulation
is the mostimportant source of wage growth.
Wage growth due to firm-specific human
capital accumulation and deferred compen-
sation is considerable for workers with low
education in Germany and for workers with
high education in the United States, butneg-
ligible for all other groups. Job search plays
animportantrole for all education groupsin
both countries. Despite much lower mobility
rates in Germany than in the United States,
wage growth due to job switching is roughly
similar for German apprenticesand U.S. high
school graduates. My preferred explanation
for this is that, due to higher firing costs and
higher unemployment benefits in Germany,
German workers are less likely than U.S.



582 INDUSTRIAL AND LABOR RELATIONS REVIEW

workers to become unemployed, and when
they do become unemployed they tend to
suffer smaller losses.

I conclude by pointing out possible exten-
sions for future work. First, I have ignored
occupation- and industry-specific skills, as
well as mobility across occupations and in-
dustries. The importance ofindustry-specific
human capital in the United States has been
stressed by, for instance, Neal (1995) and
Parent (2000).!! Kambourov and Manovskii
(2002) argued that skills are mainly occupa-
tion-specific. Moreover, many firm switches
may in fact involve occupation or industry
switches. An interesting question is thus

"Results found by Dustmann and Meghir (2005), in
contrast, suggest that industry-specific skills are only of
minor importance in Germany.

how much of the wage growth attributable to
search is due to workers finding a firm with
which they are better matched, as opposed
to an occupation for which they are better
suited. Second, my decomposition of overall
wage growth into wage growth due to general
human capital, firm-specific human capital,
and job search is done by actual experience,
and notby potential experience. Future work
may take into account the time German and
U.S. workers spend in unemployment and
out of the labor force. Third, a natural next
step is the structural estimation of a search
model, which would enable researchers to
address questions I could not. For example,
how much worse off would workers be if they
did not have the option to search on-the-job?
And do offer arrival probabilities differ for
German and U.S. workers or across educa-
tion groups?
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Appendix A
German Data

Sample. The sample consists of all workers born
between 1957 and 1964 who entered the labor market
after 1975. Workers who worked at least once in East
Germany are dropped, as are apprentices who com-
pleted more than one apprenticeship. In order to ensure
that I observe workers from labor market entry onward,
I impose the following age restrictions:

e Workers without A-levels (Abitur) at labor market
entry are included in the sample if they were not
older than 15 in 1975 and at most 19 at labor
market entry.

® Workers with A-levels at labor market entry are in-
cluded in the sample if they were not older than
19 in 1975 and at most 21 at labor market entry.

e Workerswithacollege degree (Fachhochschule) at
labor market entry are included in the sample if
they were not older than 23 in 1975 and at most
28 at labor market entry.

® Workers with a university degree (Universitat) at
labor market entry are included in the sample if
they were not older than 23 in 1975 and at most
30 at labor market entry.

For workers who worked before they started an ap-
prenticeship or entered a university, I only consider those
spells after they completed apprenticeship training or
graduated from university.

Table A.1. Which Wages Are
Dropped in the Yearly Data Set?

(Germany)
Actual
Experience Number of
(End of Spell) Firms Spells Kept
0.24 1 Keep
0.32 2 Drop
0.40 3 Drop
1.40 3 Keep, Move
2.39 3 Keep, Stay

Note: First employment spells of worker 284.

Creation of the quarterly and yearly data sel. 1 organize
the datain quarterly and yearly formats. In the quarterly
data, the employment status refers to the beginning of
the quarter. Workers on leave are considered to be out of
the labor force. I use this data set to study mobility.

For firm stayers, new wage information is available
only once per year. I therefore transform the data into
a yearly data set when analyzing wage growth. Here,
my goal is to use wage observations one year apart in
terms of actual experience. I drop all part-time spells
and spells that indicate that a worker is on leave. Table

A.1 lists the number of firms the worker with identifi-
cation number 284 worked for during the first year in
the labor market. This particular worker changed jobs
many times, and for each job, I observe the average
daily wage he earned. I keep only three wage spells: the
first spell at labor market entry, and the spells at which
the worker’s actual experience exceeded 1 and 2 years
for the first time. Table A.2 shows the number of valid
wage observationsin the original (spell) data and in the
yearly data, separately by education group.

Variable Definitions

Education. A worker is classified as an apprentice if
he worked as a trainee for at least 450 days, regardless of
whether the education variable classifies him asaworker
with or without a finished apprenticeship. I classify a
worker as a university graduate if he held at least one
job that classified him as a university or college gradu-
ate. Low-skilled workers are workers who are classified
neither as apprentices nor as university graduates.

Experience and tenure (yearly data). Actual experience
is measured as weeks (divided by 52) spent in full-time
employment. Part-time employment, time spent un-
employed, time as an apprentice, and time spent out
of the labor force are not counted. Actual tenure is
measured as weeks (divided by 52) spent in full-time
employment with the same employer. I assume that
both experience and tenure refer to the end of the
employment spell. This has little impact on the results.
For apprentices, experience and tenure are counted
from apprenticeship completion onward. For workers
who stay with their training firm after apprenticeship
completion, I do not observe the exact date the ap-
prenticeship ended. For these workers, I observe an
average of the last apprenticeship wage and the current
wage. For this reason, I start counting experience and
tenure from January 1 following the year in which the
apprenticeship ended.

Wages. The wage variable is the daily average wage,
deflated by the Consumer Price Index, using 1995 as
the base year.

Table A.2. Number of Observations
in the Original Data and the Yearly Data.

Low Medium High
Germany
Spell Data 132,065 514,179 65,835
Yearly Data 80,834 341,108 44,576
United States
Spell Data 5,723 26,367 8,797
Yearly Data 4,102 19,847 7,093

Note: Observations refer to the first definition of a
labor market entry.
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Appendix B
U.S. Data

Sample. The sample consists of men, excluding those
in the military, who have made a transition from non-
work to work and who entered the labor market after
1978. My main definition follows Farber and Gibbons
(1996). According to this definition, a transition from
non-work to work takes place when the worker was not
working for at least one year, followed by at least two
consecutive years in which he was working. A worker
is classified as working when he has worked at least 26
weeks, and during these weeks atleast 30 hours per week,
in a calendar year. As a robustness check, I employ an
alternative, less stringent definition. According to this
definition, a transition from non-work to work takes place
when the worker was not working for at least one year,
followed by only one year in which he was working.

Creation of the quarterly and yearly data sets. 1 construct
the quarterly data set from the Work-History file, which
contains week-by-week longitudinal work records. From
this file, I select the respondent’s labor force status
and job number at the beginning of each quarter. To
those data I match the educational histories of the re-
spondents, that is, enrollment status as well as highest
grade completed.

I then transform the quarterly data into a yearly for-
mat. FirstI transform the quarterly data set into a spell
data set. To do so, I drop all non-employment spells,
and keep one valid observation per job and interview
year. I drop observations for the 6th job and higher
in an interview year, since the NLSY collects informa-
tion only on up to 5 jobs between two interviews. It
sometimes happens that the worker’s secondary job
becomes his main job. In this case the job number in
the quarterly data changes although the worker has not
switched employers. If the (previously) secondary job
started after and ended before the main job, I ignore it.
It can also happen that the “new” job in the quarterly
data started before the previous job, or the previous job
ends after the “new” job. When jobs overlap in this way,
I only consider the job on which the worker worked the
most hours. I then drop part-time jobs (< 30 hours per
week), jobs without pay, jobs of the self-employed, and

jobsin the agricultural sector. Ialso drop observationsin
which the wage is smaller than $1 or greater than $500.
As a robustness check, I repeat the empirical analysis
deleting only jobs with less than 10 hours per week (as
opposed to the 30-hour cut-off).

Since wage information isavailable only once peryear
for firm stayers, I donotuse all available observations, but
only those observations separated by approximately one
year of actual experience. Here, I follow the same rule
as for the German data set. Table B.1 lists the number
of wage observations in the spell data and in the yearly
data, separately by education group.

Variable Definitions

Education. High school dropouts are workers who in
1994 had less than 12 years of education. High school
graduates are workers who in 1994 had at least 12, but
less than 16 years of education. Hence, high school
graduates include college dropouts. College graduates
are workers who in 1994 had at least 16 years of educa-
tion. There are some inconsistencies in the education
variable. For instance, it sometimes happens that in a
period of three years, the education variable first in-
creases from the first to the second year, then decreases
from the second to the third year. In these cases, I use
the lower value in the first and third year.

Experienceand tenure. Actual experience is measured as
weeks (divided by 52) spentin full-time employmentafter
the transition from non-work towork. Part-time employ-
ment, time spent as self-employed or working without
pay, time spent unemployed, and time spent out of the
labor force are not counted. Actual tenure is measured
as weeks (divided by 52) spentin full-time employment
with the same employer. I assume that experience and
tenure refer to the end of each wage spell.

Wages. The wage variable is the hourly wage rate
computed by the Bureau of Labor Statistics, deflated by
the Consumer Price Index with 1995 as the base year. 1
drop unreasonable wage information (smaller than $1
or greater than $500).
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