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Abstract

There are (at least) three benchmark models, or 'building blocks’, for explaining
labour market outcomes: human capital models, search and matching models, and
learning models. The objective of this thesis is to assess the empirical importance of
those models.

Chapter 2 focuses on learning models. The question addressed in this chapter is:
Is employer learning symmetric or asymmetric? A model that nests both learning
hypotheses is developed. Tests that allow to discriminate between the two hypotheses
are proposed. Evidence from the National Longitudinal Survey of Youth indicates that
asymmetric learning plays an important role for university graduates, but not for high
school graduates and dropouts.

Chapter 3 focuses on human capital models. It revisits the question why firms
pay for general training within the German apprenticeship system. The focus is on
the impact of wage rigidities caused by unions on training. A model of firm-sponsored
training and unions is developed, and empirical implications are derived. The empirical
evidence suggests that wage floors created by unions are an important reason for firm-
financed training in Germany. However, asymmetric employer learning cannot be ruled
out as an additional reason for firm-financed training,.

Chapter 4 focuses on search and matching models. It compares job mobility of
young men in two countries with very different labour market institutions, the United
States and Germany. Match-specific productivity plays an important role in both
countries for all education groups. The proportion of the variance of the unexplained
component of wages that can be attributed to match quality is considerably higher in
Germany than in the US. In Germany, there is evidence that job search and match-

specific productivity matters more for unskilled workers than for apprentices.
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Chapter 1

Introduction

Early labour market careers are characterised by many job switches. In a sample of
young men from the National Longitudinal Survey of Youth (NLSY79), the typical
worker has switched jobs about 5 times in ten years (table 1.1, column 1)!. For com-
parison, the typical German worker is on his third job after ten years (table 1.1, column
2). Over the same period his wage grows substantially. In both countries the average
wage growth is about 72 %?. Despite the high average growth rate, there is a consid-
erable fraction of workers in the US whose wage after ten years in the labour market
is no higher than at labour market entry®. In Germany, in contrast, this fraction is
negligible.

There are three benchmark models, or "building blocks’, for explaining labour mar-
ket outcomes of workers: human capital models, search and matching models, and
learning models. The human capital theory dates back to Becker (1964). It is still the
main theory for wage growth over the life cycle. Becker (1964) distinguishes between

1Topel and Ward (1992) find that the typical worker in the US holds seven jobs during the first

ten years in the labour market, about 2/3 of his life time total.
2 According to Topel and Ward (1992) the worker’s wage almost doubles.
SBaker et al. (1994a, 1994b) report similar results using very different data. Their data contains

confidential personnel records for all management employees of one large firm (more than 60.000
employees) in a service industry over the years 1969-1988. Management workers constitute 20 % of
the total work force of the firm. They find that in a typical cohort of entrants, about 15 % experience

a real wage decline over a period of ten years.
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Table 1.1: Labour market dynamics: United States versus Germany

United States Germany

number of jobs after ten years 5.66 (3.45)  2.82 (1.95)
cumulative real wage growth in ten years (Inwip — Inwg)* 0.54 (0.506) 0.54 (0.362)
porportion of workers whose real wage after ten years is 0.13 0.02

no higher than at labour market entry
proportion of workers whose real wage does not 0.07 0.01
increase in any year

* This implies a wage growth of %% — 1 = 0.72. US data: NLSY79. See chapter 2,
section 2.4 for a description of the data and sample selection. N=1720. German data:
TAB-Beschiftigtenstichprobe. See chapter 4, section 4.3 for a description of the data and
sample selection. N=5180. Standard deviation in parenthesis.

general and firm-specific human capital*. General human capital refers to training that
is equally valued in many firms, while firm-specific human capital refers to training that
is only valuable at the firm that provides training. While the return to firm-specific
human capital is still in dispute®, there is consistent evidence for considerable returns
to general human capital®.

Burdett (1978), and Jovanovic (1979a, 1979b) are examples of search and matching
models. Search and matching models assume that the worker’s productivity is match-
specific, i.e. his productivity in one firm is uncorrelated with his productivity in another
firm. Workers do not know the location of the firm at which they are best matched,
and search for a good match. Some of the empirical implications of search models
depend on whether the job is an ’inspection’ or ’experience’ good’. A job is a pure
inspection good if the worker’s productivity becomes fully known as soon as the firm
and worker meet. If, on the other hand, new information about the job arrives after

the worker has accepted the job and ’experiences’ it, the job is -partly- an experience

4Recently, Neal (1995) and Parent (2000) have stressed the importance of industry-specific human
capital. Industry-specific human capital is portable to firms within the same industry, but not to firms

in other industries.
SFor the US, Topel (1991) finds a cumulative return to tenure of 0.21 in ten years. Altonji and

Shakotko (1987) and Abraham and Farber (1987), in contrast, find only modest returns to tenure.
6See also Altonji and Williams (1998).
"This terminology goes back to Nelson (1970).
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good. Since on-the-job search allows workers to allocate better matches with time in
the labour market, search models provide an additional explanation for why wages
grow with time in the labour market. For the US, Topel and Ward (1992) find that
job mobility is an important contributor to wage growth: Their estimates imply that
one third of overall wage growth in the first ten years can be attributed to job search.

Early examples for learning models are Waldman (1984), Greenwald (1986) and
Harris and Holmstrom (1982)8. The intuition behind learning models is simple. When
workers enter the labour market, firms are only imperfectly informed about their pro-
ductivity. The longer a job-candidate’s employment history, the more information a
recruiting firm can draw upon in assessing the candidate’s ability to do the job he is
being considered for. Learning models can explain why some workers do not experience
a real wage increase over a long time period although on average wages substantially
rise. Search models in which the job is an experience good also contain a learning
element. There is, however, a crucial difference. In contrast to search models, learning
models -or models which are termed ’learning models’ in this dissertation- assume that
the worker’s productivity is general, i.e. his productivity in one firm is perfectly corre-
lated with his productivity in another firm. If learning is about general as opposed to
match-specific productivity, the distinction between symmetric and asymmetric learn-
ing becomes important. Symmetric learning means that incumbent and outside firms
have the same information about the worker’s productivity. Asymmetric learning, in
contrast, means that recruiting firms have an informational disadvantage relative to
workers’ current employers. Both learning hypotheses have found empirical support®.
The distinction between symmetric and asymmetric learning is irrelevant if learning is

about match-specific productivity, as the information of incumbent firms is of no value

8In Waldman (1984) and Greenwald (1986) the learning process is asymmetric. Waldman (1984)
is concerned with task assignment within the firm. Greenwald (1986) analyses the consequences of
asymmetric learning for turnover. In Harris and Holmstrom (1982) the learning process is symmetric.

They consider risk-averse workers and focus on insurance aspects.
Farber and Gibbons (1996) and Altonji and Pierret (2001) derive empirical implications and test

for symmetric employer learning. Gibbons and Katz (1991) derive empirical implications and test for

asymmetric employer learning.
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to outside firms.

The objective of this thesis is to assess the empirical importance of each building
block model. I look at two countries with very different labour market institutions, the
United States and (West) Germany. The data for the US comes from the 1979 National
Longitudinal Survey of Youth (NLSY79). The empirical analysis for Germany is based
on a new administrative data set, the so-called IAB-Beschdftigtenstichprobe. Both data
sets allow to construct an accurate and complete work history of workers from labour
market entry onwards, and are thus well suited for the analysis of job mobility and
wage dynamics. Chapter 3 additionally uses a new and unique data set that combines
survey data on firms, the so-called IAB-Betriebspanel, with administrative data on
workers. The data was provided by the Institute for Labour Market Research (IAB)
in Nuremberg, Germany.

Chapter 2 focuses on learning models. The question addressed in this chapter is:
Is employer learning symmetric or asymmetric? A model that nests both learning hy-
potheses is developed. It is shown that existing tests that have been derived under
one learning hypothesis are also consistent with the other. New tests that allow to dis-
criminate between the two hypotheses are proposed. A key difference between my and
most other learning models is endogenous mobility: In my model, there are endogenous
job-to-job as well as job-to-unemployment transitions. Mobility arises because workers
do not only care about wages, but also about non-pecuniary characteristics, such as
distance from work, health plans, relationship with co-workers, etc.

The testing strategy proceeds in two steps. Both tests make use of a variable that
is an indicator for workers’ ability but not observed by employers, such as the AFQT
score. The first test compares three groups of workers: stayers, job-to-job and job-to-
unemployment movers. I show that under symmetric learning ability has no impact
on the probability of moving from job-to-job. Under asymmetric learning, in contrast,
ability negatively affects the probability of a job-to-job movement. Consequently, job-
to-job movers are as able as stayers under symmetric learning, and less able than
stayers under asymmetric learning. Both learning hypotheses are consistent with a

lower ability of job-to-unemployment movers. I test these implications by comparing
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the AFQT score of the three groups of workers.

The second test is a modification of Farber and Gibbons’ (1996) and Altonji and
Pierret’s (2001) test for symmetric learning. Symmetric and asymmetric learning differ
with respect to how a hard- and easy-to-observe variable, such as ability and education,
affect wages for those who stay and move. Under symmetric learning incumbent and
outside firms have the same information about workers’ ability and education. Hence,
the AFQT score and education affect wages for movers in the same way as wages for
stayers. In contrast, under asymmetric learning incumbent firms use the newly acquired
information about workers’ ability, while outside firms continue to use education as a
signal for workers’ ability when determining wages. The coeflicient on the test score is
thus higher for stayers than for movers, while the coefficient on education is higher for
movers than for stayers. Using data from the NLSY79, I find evidence for asymmetric

learning for university graduates, but not for high school graduates and dropouts.

Chapter 3 focuses on human capital models. This chapter is joined work with Chris-
tian Dustmann. Standard human capital theory predicts that in perfectly competitive
labour markets firms do not invest in general training of their workers, as the worker
captures the full return to that investment (Becker (1964)). Yet, there is evidence that
suggests that firms provide and pay for general training. A prominent example is the
German apprenticeship system. The apprenticeship system is a vocational education
scheme that combines firm and state provided training!?. A crucial feature of the sys-
tem is that - despite training workers in mostly general skills - it is, at least partly,
financed by firms!!.

In recent work, Acemoglu and Pischke (1999a, 1999b) offer an explanation for
this puzzle. The key to their argument is a compressed wage structure: If training
increases workers’ productivity by more than workers’ outside option, then firms can
increase profits by training. Firms thus have an incentive to bear the cost of training

- even if training is completely general. One reason for a compressed wage structure

10Details on the apprenticeship can for instance be found in Soskice (1994), Franz and Soskice

(1995) and Winkelmann (1997).
1See studies by von Bardeleben et al. (1995) and Acemoglu and Pischke (1999b) for evidence.
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is asymmetric employer learning (Acemoglu and Pischke (1998)). Other reasons are
labour market institutions, such as unions and a minimum wage.

The third chapter revisits the question why firms pay for general training within the
* German apprenticeship system. The focus is on the impact of wage rigidities caused
by unions on training. In Germany unions play an important role: Between 1996
and 1999, 77 % of the West German work force were covered by collective bargaining
agreements'?. Our empirical test exploits that in Germany only firms that belong to an
employer association are bound to union agreements. In firms that are members of an
employer association union agreements apply to all workers, regardless of the worker’s
union status. This essentially creates a unionised and non-unionised sector!®.

We first develop a model of firm-sponsored training and unions. The key feature of
the model is that a unionised and non-unionised sector co-exist. We derive wage and
training determination in both sectors, and explicitly analyse the worker’s decision in
which sector to work. The firm’s training decision is analysed under the assumption
that firms cannot fully commit to training provision. Our main theoretical results can
be summarised as follows. First, an adverse selection of movers -the key implication of
Acemoglu and Pischke’s asymmetric learning model- may also follow from our union
model. Second, unionised firms offer more training than non-unionised firms. If firms
cannot fully commit to training provision, unions move training closer to the socially
optimal level. Third, the impact of unions on training is not uniform. Workers sort
into the unionised sector based on the impact union agreements have on training.
Furthermore, more able workers also self-select into the unionised sector. Finally, long-
term wage contracts mitigate, though not eliminate, the problem of market failure due
to limited commitment to training provision. Such contracts, however, are not self-
enforceable. The role unions essentially play in our model is that they make long-term
wage contracts enforceable.

Our empirical strategy proceeds in two steps. In a first step we test for an ad-

verse selection of movers. In a second and key step we use matched employer-employee

2The number is based on the IAB-Betriebspanel. See chapter 3, table 3.1.
13See chapter 3, appendix A for a description of the German collective bargaining system.
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data to directly test whether unions increase training. Our empirical analysis attempts
to take into account a nonrandom selection of workers and possibly firms into the
unionised sector. We conclude that wage floors created by unions are an important
reason for apprenticeship training in Germany. However, we cannot rule out asymmet-

ric information as an additional reason for apprenticeship training.

Chapter 4 focuses on search and matching models. It compares job mobility of
young men in two countries with very different labour market institutions, the United
States and West Germany. It is well known that German workers switch jobs less
often than American workers'*. There exist opposing views about the difference in
mobility rates. On the one hand, the lower mobility in Germany is regarded as positive.
Proponents of this view stress the wastefulness of the search process. In this context
the German apprenticeship system is sometimes praised. It has been credited with
smoothing the transition from school to work and lowering youth unemployment (e.g.
Ryan (2001)). Others, on the other hand, emphasise the importance of job search for
wage growth and allocative efficiency, and regard the lower mobility in Germany as
negative. Proponents of this view sometimes see the apprenticeship as an obstacle to
job mobility. For instance, referring to the German apprenticeship system, Neal (1999)
writes ”institutions that limit returns to search may lead to ... an inefficient assignment
of workers to tasks in the economy” (p. 257).

The fourth chapter provides new evidence on the job search process in both coun-
tries. I begin with the set-up of a search model that guides the empirical analysis. The
search model borrows from Jovanovic (1984) and Mortensen (1988). The two crucial
features of the model are on-the-job search and learning about match quality. On-the-
job search leads to endogenous job-to-job transitions, and allows workers to allocate
better matches over time. Learning about match quality leads to endogenous job-
to-unemployment transitions: A match that used to be preferable to unemployment

may not be preferable anymore after disappointing news about the match arrived. A

1For instance, Topel and Ward (1992) find that after ten years American workers are on their
7th job on average, while German workers have worked for only 3 employers (Dustmann and Meghir

(2003)). See also table 1.1.
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distinction between job-to-job and job-to-unemployment mobility is important. When
moving from job-to-job workers gain search capital, whereas they lose search capital
when becoming unemployed. I first derive the restrictions the search model imposes
on wage gains of stayers, job-to-job and job-to-unemployment movers as well as on the
covariance structure of wages and wage growth. I then propose a simple method of
decomposing the variance of the log-wage residual into the variance of ability, match
quality and a transitory component.

Our main findings can be summarised as follows. Mobility is substantially lower
in Germany than in the US for all education groups. German workers are particularly
less likely to become unemployed. In Germany, apprentices less mobile than unskilled
workers. Yet, there are important similarities between US and German workers. Match-
specific productivity plays an important role in both countries for all education groups.
Furthermore, the proportion of the variance that can be attributed to match declines
with experience, while the proportion that can be attributed to ability increases with
experience in both countries for all education groups. There is also some evidence
for learning about match quality in both countries. Heterogeneity in the rate of firm-
specific human capital accumulation, in contrast, is not an important feature of the
data in either country, as the autocovariance of the within-job wage growth residual is
close to zero and uniformly negative at lag greater than 1.

American and German workers mostly differ with respect to the variance of ability
and transitory wage component. The variance of ability is considerably higher in US
for all education groups. Furthermore, learning about ability plays an important role in
the US, but only a modest role in Germany. The proportion of the variance attributable
to match quality is considerably higher in Germany than in the US. This may indicate
that search frictions play a more important role in Germany. As expected, the variance
of the transitory wage component is substantially lower in the German administrative
data than in the US survey data due to measurement error.

There are also interesting differences between unskilled workers and apprentices in
Germany. First, the variance of the quality of the match is almost three times as high

for unskilled workers than for apprentices at low levels of experience. This difference all
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but disappears with experience. This is consistent with the idea that job search plays a
more important role for unskilled workers than for apprentices. Second, the variance of
the within-job wage growth residual is considerably higher for unskilled workers than
for apprentices at low tenure levels, particularly so at the first job. This difference all
but disappears with tenure. One reason for the lower mobility of apprentices than for
unskilled workers may thus be a higher precision of the quality of the match.

Chapter 5 concludes the thesis with a review of the key findings and some sugges-

tions for future research.
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Chapter 2

Testing for Asymmetric Employer

Learning

In a world where the productivity of labour market participants is difficult to observe,
their individual career path and employment history forms a significant basis for any
company’s hiring decisions. The longer a job-candidate’s employment history, the more
information a recruiting firm can draw upon in assessing the candidate’s ability to do
the job she is being considered for. Some information about the candidate’s ability,
such as her education or her CV, is available to all recruiting firms. Other information
may be available only to the candidate’s current employer. As an illustration, consider
a lawyer. Clearly, the incumbent firm will use the number of cases the lawyer wins
and loses to update its belief about her productivity. This information may also be
available to outside firms. The incumbent firm is likely to be better informed about the
lawyer’s ability to work in a team, her ability to cope with stress, etc. Recent research
by Farber and Gibbons (1996) and Altonji and Pierret (2001) assumes that recruiting
firms have the same information about workers’ productivity as their current employ-
ers. In the literature, this assumption is termed ”symmetric employer learning”. In
contrast, earlier work by Gibbons and Katz (1991) assumes that recruiting firms have
an informational disadvantage relative to workers’ current employers. This assump-
tion is termed ”asymmetric employer learning”. Both learning hypotheses have found

empirical support.
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The question of this paper is: Is employer learning symmetric or asymmetric? We
develop a simple model, and compare the empirical implications of two polar cases: the
case when all learning is public (symmetric learning), and the case when all learning
is private (asymmetric learning). We show that existing tests that have been derived
under one learning hypothesis are also consistent with the other, and propose new
tests that allow to discriminate between the two hypotheses. A key difference between
our and most other learning models is endogenous mobility: In our model, there are
endogenous job-to-job as well as job-to-unemployment transitions®. This paper there-
fore also adds to the literature on worker mobility by analyzing how workers’ general
productivity as well as learning about this productivity affects the probability of a

job-to-job and job-to-unemployment transition?. The way we endogenize mobility is

1The symmetric learning models by Farber and Gibbons (1996) and Altonji and Pierret (2001) do
not consider worker mobility. Similarly, in many asymmetric learning models, such as Waldman (1984)
and (1996), and Bernhardt (1995), no worker switches firms. Other asymmetric learning models, such
as Greenwald (1986) and Gibbons and Katz (1991), assume that some workers leave the firm for
exogenous reasons. Bernhardt and Scones (1993) is the only asymmetric learning model that allows
for match-specific productivity.

To the best of our knowledge, no model with learning about general productivity as well as en-
dogenous job-to-job and job-to-unemployment transitions exists. Montgomery (1999), Kugler and
Saint-Paul (2000) and Berkovitch (1990) are examples for asymmetric learning models in which the
market regards unemployment, or unemployment duration, as a bad signal. In these models there are
either no job-to-job transitions, as in Montgomery (1999), or job-to-job transitions are exogenous, as

in Kugler and Saint-Paul (2000).
2There are few theoretical contributions that analyze how ability -as opposed to match-specific

productivity- affects mobility. Neal (1998) proposes a model in which more able workers optimally
choose more specialized jobs. His model predicts a negative correlation between ability and mobility.
Neal (1998) does not analyse how learning about ability as well as the type of learning affects mobility,
neither does he distinguish between job-to-job and job-to-unemployment transitions.

The empirical literature has long recognized the importance of ability for mobility decisions. For
instance, the literature on the returns to tenure (e.g. Topel (1991), Altonji and Shakotko (1987),
Dustmann and Meghir (2003)) is concerned with an ”ability bias”: OLS estimates may overestimate
true returns to tenure because more able workers stay with the same employer longer. There is also
an ongoing discussion on whether a declining job hazard rate is driven by worker heterogeneity, or

reflects true negative duration dependence. See Farber (1999) for a summary.
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similar to Neal (1998) and Acemoglu and Pischke (1998). We assume that workers’
utility depends not only on the unemployment benefit and the wage they earn, but
also on non-pecuniary job characteristics, such as the distance to work, task variety,

personal relationships with co-workers, etc.

Distinguishing between symmetric and asymmetric learning is important for several
reasons. Firstly, we show that under asymmetric learning the labour market fails to
efficiently allocate workers to firms. As the incumbent firm has superior information
about workers’ ability, wage formation in incumbent firms will differ from wage forma-
tion in outside firms. The job that yields the highest utility to the worker is thus not
necessarily the job for which the worker is best suited®.

Secondly, the type of employer learning also has implications for the wage structure.
Under asymmetric learning the informational advantage allows incumbent firms to pay
wages below productivity so that general productivity is rewarded as if it were match- or
firm-specific. This has important consequences for educational policies. As employers
earn a higher rent on more able workers, firms have an incentive to pay for general
training if training and ability are complements (Acemoglu and Pischke (1998)). On
the other hand, asymmetric learning distorts the incentive for workers to pay for skill
acquisition.

Thirdly, easily observable signals about workers’ productivity, such as workers’ ed-
ucation, will have an impact on wage determination much longer under asymmetric
than under symmetric learning. There is thus more scope for statistical discrimina-
tion under asymmetric learning. This may have consequences for the effectiveness of
active labour market programs. If employer learning is asymmetric and recruiting em-
ployers continue to use easily observable signals to statistically discriminate among
workers, program participation may be used as a signal for workers’ productivity. If
program participants are less able on average than non-participants, they may become
stigmatized. Active labour market programs will be less effective and may even harm

workers.

3This is related to Waldman’s (1984) and Bernhardt’s (1995) result that under asymmetric learning

the promotion rule, and thus job assignment within firms, is inefficient.
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Our testing strategy proceeds in two steps. Both tests make use of a variable
that is an indicator for workers’ ability, but not observed by employers, such as a test
score. A well known consequence of asymmetric learning is that workers who switch
firms are of lower ability than workers who stay with their employer (e.g. Greenwald
(1986), Gibbons and Katz (1991)). Our first test is a test for a lower ability of movers.
We show that a distinction between job-to-job and job-to-unemployment movers is
crucial here. Both symmetric and asymmetric learning predict a lower ability of job-
to-unemployment movers than of stayers. The two learning hypotheses differ with
respect to job-to-job movers. Symmetric learning implies that job-to-job movers are
as able as stayers, while asymmetric learning implies that job-to-job movers are less
productive than stayers. We test these implications directly by comparing the average
test score of the three groups of workers.

Our second test is a modification of Farber and Gibbons’ (1996) and Altonji and
Pierret’s (2001) test for symmetric learning. We show that symmetric and asymmetric
learning differ with respect to how a hard- and easy-to-observe variable, such as ability
and education, affect wages for those who stay and move. Under symmetric learning
incumbent and outside firms have the same information about workers’ ability and
education. Hence, the test score and education affect wages for movers in the same
way as wages for stayers. In contrast, under asymmetric learning incumbent firms use
the newly acquired information about workers’ ability, while outside firms continue to
use education as a signal for workers’ ability when determining wages. The coefficient
on the test score is thus higher for stayers than for movers, while the coefficient on
education is higher for movers than for stayers.

Our empirical analysis is based on the same data set that has been used by Farber
and Gibbons (1996) and Altonji and Pierret (2001) to test for symmetric learning,
the NLSY79. The data set contains the complete work history, including all job-to-
job and job-to-unemployment transitions, of a cohort of workers from labour market
entry onwards. It thus focuses on young workers for whom learning and mobility should
matter most. We follow Farber and Gibbons (1996) and Altonji and Pierret (2001) and
use the Armed Forces Qualification Test (AFQT) as a variable that is correlated with
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ability but not observed by employers. The AFQT- score provides a summary measure
for basic literacy and numeric skills and is thus an indicator for workers’ cognitive
ability. Our tests are therefore best understood as tests for employer learning about
workers’ cognitive ability as opposed to about workers’ non-cognitive ability, such as
communication skills, etc.

We perform all tests separately by workers’ education. We do this because our
model implies that asymmetric learning has stronger consequences for workers with
more education if output of better educated workers is more sensitive to ability. We
find some empirical support for this assumption. Moreover, a distinction between
education groups turns out to be very important empirically. For high school dropouts
and graduates we find no evidence for asymmetric learning. For university graduates,
in contrast, the empirical evidence is supportive of asymmetric learning. Our results
thus indicate that the way how the market acquires new information about workers’

productivity differs across education groups.

The plan of the chapter is as follows. Section 2.1 reviews existing tests for sym-
metric and asymmetric employer learning. Section 2.2 develops the learning model.
Section 2.3 contrasts the empirical implications of symmetric learning with those of
asymmetric learning. Section 2.4 describes the data. Section 2.5 reports results, and
discusses whether the results are also compatible with explanations other than asym-

metric learning. Section 2.6 concludes.

2.1 Existing tests for employer learning

In this section we briefly describe existing tests for symmetric and asymmetric learning.
Gibbons and Katz (1991) were the first to provide a test for asymmetric learning.
Others, such as Grund (1999) and Doiron (1995), have used their methodology to test
for asymmetric learning in other countries.

Gibbons and Katz’s test for asymmetric learning is based on the idea that under
asymmetric learning the market will regard a layoff as a bad signal. No such stigma

is attached to workers who are displaced from their firm for exogenous reasons. This
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implies a lower post-displacement wage for laid-off workers than for exogenous movers.
Exogenous movers and laid-off workers look the same when they enter the labour
market. Hence, asymmetric learning additionally implies the same pre-displacement
wage for both groups of workers. Taken together, asymmetric learning predicts a
greater wage loss for laid-off workers than for exogenous movers. Using data from
the CPS Displacement Survey, Gibbons and Katz (1991) find strong support for these
hypotheses*.

As Gibbons and Katz’ model, our model is a two period model. An important
difference is that there are no layoffs in our model. Instead, we distinguish between
job-to-job and job-to-unemployment movers. We show that under symmetric learning
job-to-unemployment movers are less able and earn a lower post-displacement wage
than exogenous movers. Hence, if laid-off workers and job-to-unemployment workers
are correlated, then symmetric learning leads to the same implications as Gibbons and

Katz’s asymmetric learning model.

Farber and Gibbons (1996) were the first to derive empirical implications of sym-
metric learning. They were subsequently extended by Altonji and Pierret (2001). Bauer
and Haisken-DeNew (2001) and Galindo-Rueda (2002) use a similar methodology to
test for employer learning in Germany and the UK, respectively’. Learning mod-
els predict that at labour market entry when firms have only imprecise information
about workers’ productivity, firms rely on easy-to-observe variables that are correlated
with productivity, such as education, when determining wages. As employers acquire
new information about workers’ productivity, wages become increasingly dependent on
productivity. Hence, the coefficient on a variable correlated with productivity that is
unobserved by employers, but observed by the econometrician, should increase with ex-
perience. By the same argument, the coefficient on an easy-to-observe variable which is

correlated with ability should decrease with experience if the hard to observe variable

4These results have recently been questioned by Krashinsky (2002). Using data from the NLSY79,
he shows that accounting for establishment size removes virtually all of the difference in the wage

losses for the two groups of workers.
SBoth authors also test for asymmetric employer learning.
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is included (Altonji and Pierret (2001)), and remain constant if the hard-to-observe
variable is not included in the wage regression (Farber and Gibbons (1996)). Farber
and Gibbons derive the additional implication that wages should follow a martingale.
Both Farber and Gibbons and Altonji and Pierret find empirical support for symmetric
learning.

Our model is simpler than Farber and Gibbons and Altonji and Pierret’s model be-
cause we consider two periods only. On the other hand, it is richer because of mobility.
This allows to analyse how hard- and easy-to-observe variables differently affect wages
for movers and stayers under the two learning hypotheses. We show that the implica-
tions of symmetric learning are also compatible with asymmetric learning, and modify

them such that it is possible to distinguish between the two learning hypotheses.

2.2 The learning model

This section sets up a simple learning model and solves it under the assumption of

symmetric and asymmetric learning. Many assumptions are discussed in section 2.3.4.

2.2.1 Description of environment

There are two periods. There is a continuum of workers. Each period two firms compete
for workers. This assumption has been made for simplicity only and can be generalized
to N firms. Workers maximise expected utility, firms maximise expected profits. There

is no discounting. Workers (and firms) are risk-neutral.

Productivity Workers differ with respect to ’ability’ and ’education’. Workers’ ed-
ucation is known to all employers, and thus an ’easy-to-observe’ variable. Ability may
in principle comprise all those characteristics workers bring to the labour market which
are hard to observe by employers, such as cognitive ability, communication skills, etc.
For simplicity, workers are either educated or uneducated. Educated and uneducated

workers are either of low or high ability. We denote education by the superscript
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k, kK = u,e, and ability by the subscript ¢, i = L, H. Table 2.1 specifies workers’
productivity y¥.

Table 2.1: Specification of workers’ productivity

uneducated| educated

low ability| 7 =ar Y =ar
high ability| y% =an |y =am +s

proportion with low ability p* pt

We make the normalizing assumption that education increases the productivity only
of high, but not of low ability workers. What matters is that workers of high ability
benefit more from acquiring education than workers of low ability, i.e. s > 0 (single
crossing property). Later, we propose a simple test for the single crossing property.
Recent research by Carneiro et al. (2003) is supportive of such a complementary
between ability and education. He finds that there is considerable heterogeneity in the
returns to education as well as a positive correlation between the returns to education
and the fixed effect in a wage regression.

We further assume that the proportion of low ability workers is lower among workers
with education, i.e. p® < p*. This assumption implies that education is informative
about ability. There is ample empirical evidence for a positive correlation between
education and ability. For Sweden, Meghir and Palme (2001) find that various measures
of a child’s cognitive ability subsequently increase educational attainment. For the US,
Heckman and Vytlacil (2001) as well as Cawley et al. (2001) document a strong
correlation between ability measures and schooling.

We also assume that workers neither accumulate general nor firm-specific human

capital.

Information structure In the first period information is symmetric with respect

to workers and firms, i.e. workers do not have superior information to firms about
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their ability®. In the second period either all firms (symmetric learning) or only the
incumbent firm (asymmetric learning) get to know workers’ ability. The proportion of
workers with low and high ability among educated and uneducated workers is common

knowledge.

Unemployment Each period workers are either unemployed or work. When unem-
ployed, workers receive an unemployment benefit b. Alternatively, b may be thought
of as disutility from work. For simplicity, we assume that the unemployment benefit
is the same for educated and uneducated as well as for low and high ability workers.
Our results continue to hold if the difference between the utility from unemployment
is smaller than the difference between the productivity of high and low ability workers,
ie. bY — bk <ok —y¥, k= u,e. This condition implies that high ability workers
have a comparative advantage at work. It is satisfied in a social security system that

guarantees a minimum level of income to the unemployed.

Job-to-job and job-to-unemployment mobility A crucial feature of our model is
that workers do not only derive utility from pecuniary characteristics, such as wages or
unemployment benefits, but also from non-pecuniary characteristics. Only the worker,
but not the firm, observes the utility from non-pecuniary characteristics. We specify
workers’ utility from working at firm j as a linear function of the wage, w;, and the

non-pecuniary characteristic, m;:
U(work at firm j) =w; +m;, j=1,2.

The non-pecuniary characteristic may reflect distance to work, personal relationships

with co-workers and superiors, health care programs etc. Similarly, workers’ utility

SEven with symmetric information, more able workers may be more likely to attend school. For
instance, suppose that workers as well as firms receive a signal about workers’ ability, such as workers’
school grades. Since ability is higher valued at skilled jobs, workers with a positive signal will be
more likely to go to university. Hence, the proportion of low ability workers will be higher among
uneducated workers than among educated workers. Nevertheless, school attendance does not provide

additional information about workers’ ability to firms.
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from unemployment is a linear function of the unemployment benefit b and the non-

pecuniary characteristic myq:
U (unemployment) = b + my.

Here, the non-pecuniary characteristic may reflect personal taste for working, or non-
labour income, etc. We assume that the three draws of non-pecuniary characteristics
(i.e. for the incumbent firm, the outside firm and unemployment) are independent
draws from a known distribution. Let g and G denote the probability density func-
tion and the cumulative distribution function of this distribution. It is independent of
workers’ skill and ability. We show our theoretical results under the assumption that
G follows an extreme value distribution, i.e. G(m) = exp{—e~*}. This distributional
assumption allows to derive particularly simple expressions for the probability of stay-
ing, moving from job-to-job and becoming unemployed. We further assume that each
period workers draw a new measure of non-pecuniary job characteristics at each job.

Hence, non-pecuniary job characteristics are transitory.

Wage offers We assume that each period firms compete for workers by simultane-
ously making wage offers to workers’. We therefore rule out long-term contracts to
workers. This is in line with our assumption that workers are risk-neutral. Conse-
quently, workers do not benefit from long-term contracts which insure them against

low realizations of their ability, such as in Harris and Holmstrom (1982).

Timing The exact timing of events is as follows.

1. At the beginning of period 1 two firms simultaneously make a wage offer to the

worker. Firms observe workers’ education, but not their ability.

"Instead of two firms simultaneously making wage offers to the worker, we can alternatively assume
that first the outside firm makes a wage offer. The incumbent firm observes the worker’s outside offer,
and then makes a counter-offer. This is the standard assumption about wage determination in the
asymmetric learning literature, as e.g. in Gibbons and Katz (1992). It is important, however, that

the outside firm does not observe the incumbent firms’ wage offer.
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2. Workers observe their utility from non-pecuniary characteristics at each firm as
well as from unemployment. They choose the job offer that yields the highest
utility, and unemployment if the utility from unemployment exceeds the utility

from the preferred job offer.

3. Production takes place. Either all firms (symmetric learning) or only the incum-

bent firm (asymmetric learning) learn about workers’ ability.

4. At the beginning of period 2 the incumbent firm and one outside firm simultane-

ously make a wage offer to the worker.

5. Workers draw a new measure of non-pecuniary job characteristics for both the
incumbent firm and the outside firm and unemployment. Workers choose the
job offer that yields the highest utility, and unemployment if the utility from
unemployment exceeds the utility from the preferred job offer.

6. Production takes place. At the end of the second period workers retire.

Section 2.2.1 solves the model under the assumption of symmetric learning, section

2.2.3 under the assumption of asymmetric learning.Symmetric learning

2.2.2 Symmetric learning
Workers’ quit decision

We solve the model backwards and begin with the worker’s optimal quit decision in the
second period. A worker may either stay with his current firm, move to the outside firm
(job-to-job transition) or become unemployed (job-to-unemployment transition). Con-
sider a worker with given education and ability level. To simplify the notation, we drop
the superscript £ and subscript 7. Let w denote the wage offer of the incumbent firm
and v the wage offer of the outside firm. The utility from non-pecuniary characteristics
at the incumbent and outside firm as well as when unemployed is denoted by m;, m,

and my, respectively. A worker becomes unemployed if the utility from unemployment
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exceeds the utility from either job, i.e. if b +mg > w + m; and b 4+ my > v + my. For

the extreme value distribution, this probability equals

e/

eb/A + ew/A + ev/A’

Pr(job-to-unemployment) =

By the same argument, the worker stays with the employer if w +m; > v + my and
w + my > b+ my. The probability of staying can be computed as

ew/)\

Pr(stay) = eb/x + gul 1+ gu/A’

The probability of a job-to-job transition can be similarly derived as

ev/A

eb/A + ew/A + ev/)\'

Pr(job-to-job) =

Wage determination in the second period

We next analyse wage determination in the second period. Under symmetric learning
incumbent as well as outside firms observe both workers’ ability and education. Hence,
wages depend on ability as well as on education. Firms set wages by maximizing
expected profits. Expected profits depend on the probability that a firm attracts a
worker and the rent a firm earns per retained worker. Firms face the trade-off between
a higher chance of attracting a worker and a lower profit per worker®. The incumbent
firm maximises

ewf'/)\

ko k L ko=
nllu?x eb/)\+ewf/A+evf/z\(yi —w;), i=LH; k=u,e, (2.1)

while the outside firm maximises

e'ut’-‘/)\

max (yf —of), i=LH; k=ue (2.2)

ok eb/x ewf/,\ + e'uf/)\

In appendix A.1 we show that an equilibrium exists and is unique, and that first or-

der conditions are sufficient for a maximum. Observe that both firms solve the same

maximization problem. Hence, incumbent and outside firms offer the same wage in
k

equilibrium, i.e. vF = wF. As workers stay with a positive probability with the incum-

bent firm even if they receive a higher outside wage offer, firms have monopsonic power

8The bidding process is similar to Fudenberg and Tirole (2000).
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and pay wages below productivity. Since incumbent and outside firms offer the same
wage, workers move from job-to-job only if the utility from non-pecuniary characteris-
tics at the incumbent firm, m;, exceeds the utility from non-pecuniary characteristics at

the outside firm, my. Hence, under symmetric learning job-to-job mobility is efficient.

Wage determination in the first period

We analyse wage determination in the first period in appendix A.3. At this point,
it is important to bear in mind that in the first period firms only observe workers’
education, but not their ability. Consequently, wages in the first period depend on

education only, but not on ability.

2.2.3 Asymmetric learning

This section analyses the model under the assumption of asymmetric learning.

Wage determination in the second period

We start with wage determination in the second period. We analyse wage determination
in the first period in appendix B.4. Under asymmetric learning the incumbent firm
observes the worker’s ability. It uses this information when determining wages and
offers a higher wage to more able workers. The outside firm, on the other hand, is
only informed about workers’ education, but not ability. It thus offers the same wage
for high and low ability workers, but a different wage for educated and uneducated
workers. The incumbent firm maximises

ewf/z\
(yf —wF), i=L Hjk=ue. (2.3)

H;U?QX eb/X _{_ew;‘/k + ev*/X
Since low ability workers receive the same outside wage offer, but a lower wage offer

from the incumbent firm, they are more likely to switch jobs than high ability workers.

Outside firms have to take this into account when determining which wage to offer.
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Outside firms maximise

vk /A
k e’/

H:}%X p eb//\+ew'£/)\_+_evk/)\

ev"’/)\
(1 - pk) k
eb/A 4 ewi/A  evk/A

(45 — %) + (2.4)

(¥ — %), k=ue.

In appendix B.1 we show that an equilibrium exists and is unique, and that first
order conditions are sufficient for a maximum. In equilibrium we have wf < vf < wf; :
Outside firms offer a wage in between the wage offer of incumbent firms for low and
high ability workers. Since outside and incumbent firms offer a different wage to the
same worker, asymmetric learning results in an inefficient allocation of workers to jobs.
Low ability workers are too mobile compared to the efficient level since wf — v* < 0.
This wage difference can be interpreted as a staying cost. High ability workers, on the

k

other hand, are less mobile than optimal. The wage difference w¥ —v* can be regarded

as a mobility cost.

An important difference between our and existing asymmetric learning models is
that in our model the wage offer of the incumbent firm depends on workers’ ability.
This difference arises because of non-pecuniary job characteristics®: In the presence of
non-pecuniary characteristics firms can no longer guarantee to retain a worker simply
by matching her outside offer. As more able workers are more valuable to the firm,
it becomes profit-maximizing for the incumbent firm to pay a higher wage to more
able workers. Non-pecuniary characteristics also imply that it is not only low ability

workers who switch firms.

2.3 Empirical implications

This section compares the empirical implications of both learning hypotheses. Suppose
the data set contains a test score that is correlated with ability. This test score is

not observed by employers. For simplicity, we assume that the test score can take

9Note that in Acemoglu and Pischke (1998) workers also care about non-pecuniary job character-
istics. Acemolgu and Pischke (1998), however, assume that incumbent firms have to offer the same

wage to low and high ability workers.

32



two values, low and high. Let ¢fT denote the probability that a worker with low
ability scores low in the test. Similarly, ¢f7 is the probability that a high ability
worker achieves a high test score. We assume that the signal about workers’ ability
is symmetric, i.e. g7 = ¢fIT. For the test score to be informative about ability, we
require ¢f7 > 0.5.

We first contrast symmetric and asymmetric learning with respect to the average
ability - and thus test score- of three groups of workers: stayers, job-to-job and job-to-
unemployment movers (section 2.3.1). We then modify Farber and Gibbons (1996) and
Altonji and Pierret’s (2001) implications of symmetric learning such that it is possible
to distinguish between the two learning hypotheses (section 2.3.2), and propose a simple
test for the single crossing property (section 2.3.3). Finally, we summarize our results

and discuss the importance of our assumptions (section 2.3.4).

2.3.1 Stayers, job-to-job and job-to-unemployment movers
Symmetric learning

We start with a comparison of the average ability of stayers, job-to-job and job-to-

unemployment movers under symmetric employer learning.

Job-to-job movers First, consider job-to-job movers. Under symmetric learning

incumbent firms offer the same wage as outside firms, i.e. w® = v*. Hence, the

probability of staying is the same as the probability of moving from job-to-job, for
both low and high ability workers. Consequently, on average stayers are as able and
earn the same wage as job-to-job movers. This implies that the test score of stayers

and job-to-job movers is the same on average.

Job-to-unemployment movers Next, consider job-to-unemployment movers. Sym-
metric learning implies a lower average ability -and thus a lower average test score- for
job-to-unemployment movers than for stayers and job-to-job movers. This is because
high ability workers have a higher utility from working than low ability workers, but

on average the same utility from unemployment. Low ability workers are thus more
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likely to become unemployed. Hence, on average job-to-unemployment movers are less
able -and have a lower test score- than stayers. This result continues to hold if high
ability workers have a comparative advantage at work, i.e. if y% — y& > bk — bf. We

summarize our results in the following proposition.

Proposition 1 Under symmetric learning (i) job-to-job movers have the same test
score and earn the same wage on average as stayers. (i1) Job-to-unemployment movers

have lower test scores on average than stayers and job-to-job movers.

Proof. See appendix A.2. m

Asymmetric learning

We next compare the average ability of stayers, job-to-job and job-to-unemployment

movers under asymmetric learning.

Job-to-job movers First, consider job-to-job movers. Under asymmetric learning
high ability workers receive the same outside offer, but a higher wage offer from the
incumbent firm than low ability workers. Clearly, low ability workers are more likely
to move from job-to-job. Stayers are thus more able on average - and have a higher
test score- than job-to-job movers. Furthermore, the difference is higher for educated
workers if productivity of educated workers is more sensitive to ability (single crossing
property). The reason is that an increase in the productivity of high ability workers
reduces the job-to-job transition rate of high ability workers, thereby rising the produc-
tivity difference between job-to-job movers and stayers. The single crossing property

thus implies a stronger negative selection of job-to-job movers for educated workers.

Job-to-unemployment movers Next, consider job-to-unemployment movers. As
symmetric learning, asymmetric learning implies that job-to-unemployment movers are
less able -and thus have a lower test score- than stayers. This is because low and high
ability workers have the same utility from unemployment, but high ability workers have

a higher utility from staying than low ability workers. We summarize
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Proposition 2 Under asymmetric learning (i) stayers have higher test scores on av-
erage than job-to-job movers. The difference is higher for educated workers. (ii) Job-

to-unemployment movers have lower test scores on average than stayers.

Proof. See appendix B.2. m

Note that asymmetric learning may in fact result in a lower ability of stayers than of
job-to-unemployment movers if the utility from unemployment is higher for more able
workers, i.e. by > by, as high and low ability workers receive the same outside wage.
Symmetric and asymmetric learning thus differ with respect to job-to-job movers, and
not, as Gibbons and Katz’s (1991) test for asymmetric learning may suggest, with

respect to job-to-unemployment movers.

2.3.2 Modification of existing tests for symmetric learning:

Learning by experience or tenure?

We next show how Farber and Gibbons (1996) and Altonji and Pierret’s (2001) impli-
cations of symmetric learning can be modified such that it is possible to distinguish
symmetric from asymmetric learning. Symmetric learning implies that in a wage re-
gression the coefficient on the test score increases with experience (Farber and Gibbons
(1996)). The coefficient on workers’ education, on the other hand, decreases with expe-
rience if the test score is included in the wage regression (Altonji and Pierret (2001)).
We show that these implications are also consistent with asymmetric learning. Sym-
metric learning differs from asymmetric learning with respect to how education and
ability affect wages for those who stay and those who move.

Under symmetric learning incumbent and outside firms have the same information
about workers’ ability and education. Hence, ability and education have the same
impact on the wage offer of incumbent and outside firms. The coefficient on the test
score and on education should therefore be the same for stayers and movers.

Under asymmetric learning, in contrast, ability and education differently affect the
wage offer of incumbent and outside firms. This is a direct consequence of informational

asymmetries: As only incumbent firms learn about workers’ ability, only the wage offer
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of incumbent firms, but not that of outside firms, reflect the new information about
workers’ ability. Hence, the coefficient on the test score is higher for those who stay
than for those who move. This implies a positive coefficient on the interaction between
tenure and the test score'®. The coefficient on education, on the other hand, should be
higher for movers than for stayers if the test score is included in the wage regression.
This is simply the other side of the same coin: Outside firms continue to use workers’
education as a signal for workers’ ability while incumbent firms offer a wage that
correctly reflects workers’ ability. This implies a negative coefficient on the interaction
between tenure and education.

We summarize our results in the following proposition.

Proposition 3 Under symmetric learning the coefficient on the interaction between
tenure and the test score as well as tenure and education are zero. Under asymmet-
ric learning (i) the coefficient on the interaction between tenure and the test score is
positive. (11) If the test score is included in the wage regression, the coefficient on the

interaction between tenure and education is negative.
Proof. See appendix B.2. m

Note that the assumption that employers do not observe the test score is crucial
here. If they did, they would use this information to update their belief about workers’
ability, and wages for both movers and stayers would reflect this information. More
precisely, what is required is that the test score contains some information about work-
ers’ ability that is not available to employers. This is not to say that the econometrician
has more information about workers’ ability than employers.

Also note that Farber and Gibbons (1996) and Altonji and Pierret’s (2001) tests
symmetric employer learning are consistent with asymmetric employer learning. Under
pure symmetric learning, all learning takes place by ezperience. In contrast, under pure

asymmetric learning, all learning takes place by tenure. Due to the correlation between

19Bauer and Haisken-DeNew (2001) also use the interaction between tenure and fathers’ education
(as a variable that is correlated with ability but unobserved by employers) to test for asymmetric

learning. However, they do not provide a theoretical justification for this approach.
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tenure and experience, asymmetric learning implies a positive interaction between the
test score and experience if tenure is not controlled for. Existing tests for symmetric

learning are thus best understood as tests for employer learning in general.

2.3.3 Test for the single crossing assumption

We next provide a simple test for the assumption that the productivity of educated
workers is more sensitive to ability than the productivity of uneducated workers when
learning is symmetric and asymmetric, respectively. Under symmetric learning wages
in the second period, but not wages in the first period, reflect workers’ ability, indepen-
dently of whether the worker stays or moves. Hence, if the productivity of educated
workers is more sensitive to ability, then the increase of the test score with ezperience
should be higher for educated workers. This implies a positive coefficient on the inter-
action between education, the test score, and ezperience. Under asymmetric learning,
in contrast, only wages for stayers reflect workers’ ability. Hence, if the productivity of
educated workers is more sensitive to ability, then the increase of the test score with
tenure should be higher for educated workers. This implies a positive coeflicient on the

interaction between education, the test score, and tenure. We summarize

Proposition 4 (i) Under symmetric learning the coefficient on the interaction between
experience, education, and the test score is positive. (it) Under asymmetric learning
the coefficient on the interaction between experience, education, and the test score is

positive.

Proof. See appendix B.3. m

2.3.4 Summary and discussion of assumptions

Table 7?7 summarizes the implications of the pure symmetric and asymmetric learning
models. First, symmetric and asymmetric learning differ with respect to job-to-job
movers and not -as existing tests for asymmetric learning may suggest- with respect

to job-to-unemployment movers. Under symmetric learning stayers are as able on
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average as job-to-job movers, whereas under asymmetric learning stayers are more able
on average than job-to-job movers. Second, symmetric learning differs from asymmetric
learning with respect to how an easy- and a hard-to-observe variable that is correlated
with ability, such as education and a test score, affect wages for stayers and movers.
Under symmetric learning wages for movers and stayers are determined in the same
manner. Hence, the coefficient on the test score and on education is the same for
movers and stayers, and the coefficients on the interactions between the test score and
tenure and between education and tenure, respectively, should be zero. In contrast,
under asymmetric learning incumbent firms observe workers’ ability and offer a wage
that depends on ability. Outside firms, on the other hand, continue to rely on education
when determining wages. Hence, the coefficient on the test score should be higher for
stayers whereas the coeflicient on education should be higher for movers. This implies
a positive coefficient on the test score-tenure interaction and a negative coeflicient on

the education-tenure interaction.

Table 2.2: Empirical implications of symmetric and asymmetric learning

Symmetric Learning Asymmetric Learning

-job-to-job movers as able as stayers |- job-to-job movers less able than stayers
— wage job-to-job movers < wage stayers
— difference higher for educated workers

-job-to-unemployment movers less able | -job-to-unemployment movers less able

than stayers than stayers
- test - tenure = 0 - test - tenure > 0
- education - tenure = - education - tenure > 0
- test - education - tenure =0 - test - education - tenure > 0

So far, we have only discussed the two polar cases of pure symmetric and asymmetric
learning. In reality, learning may be both symmetric and asymmetric. In this case the
coeflicients on both the experience-AFQT- score and tenure-AFQT- score-interaction
should be positive, while the coefficients on both the experience-education and tenure-

education interaction should be negative. Our test therefore is a test whether learning
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partly asymmetric.

We next discuss the importance of our assumptions for these results.

Human capital accumulation We have assumed that workers accumulate neither
general nor firm-specific human capital. As general human capital does not affect
workers’ quit decision (under symmetric learning), our tests for asymmetric employer
learning are not affected by general human capital accumulation. A model in which
more able workers accumulate more firm-specific human capital, however, is consistent
with many implications of asymmetric learning. We discuss this in detail in section

2.5.3.

Symmetric information in the first period We have assumed that in the first
period information is symmetric with respect to workers and firms. This assumption
affects wage determination in the first period, but not firms’ and workers’ behavior
in the second period. The empirical implications of asymmetric learning are therefore
unchanged. In appendix A.3, we show that this assumption implies that the probability
of being unemployed in the first period is the same for low and high ability workers.
Unemployment in the first period is therefore not informative about workers’ ability.
Next, suppose that in the first period workers know their type, but employers do
not. Suppose further that the utility from unemployment is the same for low and high
ability workers. High ability workers will earn a higher wage than low ability workers
in the second period. Accepting a job offer is thus more attractive for high than
for low ability workers. Consequently, unemployment in the first period will provide
useful information for firms about workers’ ability. This -of course- will affect workers’
decision whether to accept a job or remain unemployed, and firms’ decision which wage
to offer in the first period. A detailed analysis of these issues is beyond the scope of

this paper!'!. The maximisation problem in the second period, however, is the same.

1Rodriguez-Planas (1998) considers a model with asymmetric information in which it is
high ability workers who remain unemployed longer. The idea is that accepting a low wage
signals a low ability to the market. In our model high ability workers may be more likely

to remain unemployed if their utility from unemployment is higher than that of low ability
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Match-specific productivity In our model, workers switch jobs because their util-
ity differs across firms. Instead, we could have assumed that workers’ productivity
differs across firms. This clearly complicates the firm’s maximization problem. We
believe, however, that match-specific productivity has little impact on the crucial im-
plications of asymmetric learning, i.e. a lower ability of job-to-job movers and a higher
coefficient on the test score for stayers than for movers. These implications follow from
the informational asymmetry, i.e. incumbent firms offer a higher wage to more able
workers, but outside firms don’t. Incumbents firms have an incentive to do so even
with match-specific productivity.

We would also like to note that a higher wage growth for job-to-job movers, than
for stayers -as observed in many studies, such as Topel and Ward (1992)- should not
be seen as evidence against asymmetric learning. Even if workers on average gain from

job mobility, it may be the less able workers who are more likely to leave.

Extreme value distribution We have assumed that non-pecuniary job character-
istics are drawn from an extreme value distribution. We have done so because it
allows to derive particularly simple expressions for the probability of staying, moving
from job-to-job and moving from job-to-unemployment. Since incumbent firms offer a
higher wage for more able workers for a wide variety of distributions of non-pecuniary

characteristics, we believe that this assumption is not essential.

Transitory non-pecuniary job characteristics In our model, non-pecuniary job
characteristics are transitory. This implies that the distribution from which non-
pecuniary characteristics are drawn is the same for incumbent and outside firms. It
is because of this assumption that under symmetric learning incumbent and outside
firms offer the same wage.

We have simulated the model under the assumption of permanent non-pecuniary
job characteristics. We found that -opposite to the predictions of the asymmetric
learning model- job-to-job movers are more able than stayers under symmetric learning.

However, at this point we cannot rule out that symmetric learning is consistent with a

workers.
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lower ability of job-to-job movers than of stayers when non-pecuniary job characteristics
are permanent. A lower ability of job-to-job movers may therefore best be regarded as a
necessary implication of asymmetric learning, which may not be sufficient to distinguish

symmetric from asymmetric learning!?.

2.4 Data description and variables

The data comes from the 1979 National Longitudinal Survey of Youth (NLSY79).
At the time we started this analysis the data was available from 1979 to 1996. The
data is well suited for our purposes. First, it contains the complete work history,
including all job-to-job and job-to-unemployment transitions, of a cohort of workers
from labour market entry onwards. It thus focuses on young workers for whom learning
and worker mobility should matter most. Second, for each respondent it contains a
test score variable that is unlikely to be observed by employers, which is crucial to test
for asymmetric employer learning.

For each respondent we construct the labour market history from the Work-History
file which contains week-by-week longitudinal work records. For multiple job holders,
we define the main job as the job for which the worker worked most during the week.
We only consider the main job for each respondent and ignore multiple jobs. We match
to this data set the educational histories of each respondent, i.e. his enrollment status
as well as his highest grade completed.

A major problem in the NLSY79 concerns the type of employment relations one
should consider in the analysis. We consider only jobs after the respondent has made
a transition from school to work. Such a transition is difficult to define since working
while enrolled at school is very common in the US. See appendix E for our definition.

Our sample is created as follows. There are 6398 men in the NLSY79. We do
not consider respondents belonging to the military sample. This leaves us with 5574

individuals. There are 236 respondents who never made a transition from school to

121t is, however, easy to show that in a model without unemployment and permanent non-pecuniary

job characteristics, movers earn a higher wage, but are as able as stayers under symmetric learning.
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work according to our definition. This leaves us with 5238 individuals. We drop
individuals who entered the labour market before 1978 as detailed information about
weeks worked and employers worked for is only available from January 1978. We lose
1547 individuals because of this. We also delete all part-time jobs (< 30 hours a
week), jobs without pay and jobs of the self-employed. Finally, we delete unreasonable
wage information -see appendix E for the definition. We lose 32 individuals and 10034
wage observations because of this. We end up with 3659 individuals and 41260 wage
observations.

As Farber and Gibbons (1996) and Altonji and Pierret (2001), we use the Armed
Forces Qualification Test (AFQT) as a variable that is correlated with ability but not
observed by employers. The AFQT provides a summary measure for basic literacy
and numeracy skills. It is generally seen as a good indicator for workers’ cognitive
ability, but less so for workers’ communication skills, etc. Our tests are therefore
best understood as tests for employer learning about workers’ cognitive ability. In our
sample the AFQT- score is missing for 154 individuals, and 1475 wage observations.
Our final sample thus consists of 3505 individuals and 39785 wage observations.

We define a "mover” as a worker who has permanently left his job. Workers who
have been laid off and return to their previous firm are considered as stayers. We do this
because the employing firm has essentially the same information about these workers’
productivity as other incumbent firms, and potentially superior information to other
outside firms. We consider a transition as a job-to-unemployment transition if the
respondent reported that he was actively searching for a job between two employment
spells. If a respondent did not report having actively looked for a job, we consider the
transition as a job-to-job transition independently of the length of the non-employment
spell. We have repeated the empirical analysis using an alternative definition for a job-
to-unemployment transition. According to this definition, a transition is considered as
a job-to-unemployment transition if the worker started the new job 4 weeks or later
after his old job ended independently of whether the worker was actively looking for a
job. This does not qualitatively change our results.

We perform all tests separately be education. We distinguish three education
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groups: high school dropouts, high school graduates, and university graduates. High
school graduates are defined as workers with at least a high school diploma (including
GED), but without a bachelor’s degree. Results for high school graduates with and
without some college education are very similar so that we decided not to distinguish

between these two groups.

Table 2.3 reports the means and standard deviations of the most important variables

used for the analysis.

Table 2.3: Means and standard deviations of selected variables

high school dropouts|high school graduates|university graduates
N=5647 N=25448 N=8690

log-wage| 1.4260 (0.4013) 1.5879 (0.4387) 1.9806 (0.5127)

experience| 5.1057 (3.6629) 5.5279 (3.8682) 5.2185 (3.5766)

tenure| 1.8824 (2.3201) 2.3652 (2.6879) 2.725 (2.6832)
AFQT| 13.5367 (13.3827) 34.4782 (24.9399) 73.7986 (22.9785)

prop. job-to-job transitions| 0.20467 (0.4035) 0.1949 (0.3962) 0.1875 (0.3903)
prop. job-to-unemp. transitions| 0.2277 (0.4194) 0.1686 (0.3746) 0.0895 (0.2855)

2.5 Empirical evidence

Our testing strategy proceeds in two steps. We first compare the AFQT- score of
stayers, job-to-job and job-to-unemployment movers (section 2.5.1). Our second test
is a test for whether easy- and hard-to-observe variables have the same or different
impact on wages for movers and stayers (section 2.5.2). We finally discuss whether
the results are also compatible with alternative explanations, such as a human capital

model (section 2.5.3).

2.5.1 Stayers, job-to-job, and job-to-unemployment movers

In this section, we compare the average ability of three groups of workers: stayers,
job-to-job and job-to-unemployment movers. Under symmetric learning, it is only

job-to-unemployment movers who are less able than stayers (proposition 1). Under
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asymmetric learning, on the other hand, it is job-to-job movers, and possibly also
job-to-unemployment movers, who are less able than stayers (proposition 2). We test
these implications by comparing the AFQT- score of the three groups of workers!®.
This strategy has several advantages to comparing the wage of stayers, job-to-job and
job-to-unemployment movers. First, a higher ability of stayers may not necessarily
result in a higher wage for stayers if non-pecuniary characteristics are not transitory
or not drawn from an extreme value distribution. Second, differences in wages do not
necessarily reflect differences in ability. For instance, job-to-unemployment movers may
earn a lower wage than stayers not because they are less able but because they lost
valuable firm- and match-specific capital.

We first regress the AFQT- score only on two dummy variables that classify a worker
as a job-to-job or as a job-to-unemployment mover, respectively, with stayers as the
base group. The AFQT- score is measured as the respondents’ quantile in the test
score distribution (i.e. a score of 75 means that 25 % of the test takers have a higher
AFQT- score). In the regression for all education groups, we additionally control for
workers’ education. The hypothesis of asymmetric learning implies that the coefficient

on the job-to-job mover is negative. Our null hypothesis therefore is

Hy : p>*°* =0 (no asymmetric learning),

H, : [Pt £ (asymmetric learning).

Table 2.4, panel A, reports results. Standard errors are based on White/Huber stan-
dard errors that are clustered at the individual level. First note that distinguishing be-
tween job-to-job and job-to-unemployment movers is important: Job-to-unemployment
movers tend to have lower test scores than job-to-job movers for all education groups.
Comparing the average ability of stayers with that of job-to-unemployment movers -as
suggested by Gibbons and Katz test for asymmetric learning- may thus give misleading

results.

I3 An alternative test is to estimate the effect of ability on the probability of staying, moving from
job-to-job, and becoming unemployed. We have also estimated a multinominal logit model with the
AFQT score as an explanatory variable. The conclusions drawn from these estimates are the same as

those from table 2.4.
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Among all education groups, job-to-job movers are less able than stayers by a mod-

est, but significant amount. We therefore reject the null hypothesis of no asymmetric

learning. The average AFQT- score of job-to-job movers is about 1 percentage points

lower than stayers, compared to 4.5 percentage points for job-to-unemployment movers.

However, breaking down the analysis by workers’ education reveals important differ-

ences across education groups. Contrary to the hypothesis of asymmetric learning, we

find a significantly higher AFQT- score for job—to-job movers than for stayers among

high school dropouts. Among high school graduates, job-to-job movers are less able

than stayers by a small and insignificant amount. Among university graduates, in con-

trast, job-to-job movers have considerably lower test scores than stayers and the null

hypothesis of no asymmetric learning is clearly rejected.

Table 2.4: Average AFQT score of job-to-job and job-to-unemployment movers

all

all
N=39785

hs dropouts
N=5647

hs graduates
N=25448

uni graduates
N=8690

job-to-job
job-to-un.

-0.9385** (0.4116)
-4.5286** (0.4676)

1.6015** (0.6691)
-0.6811 (0.5829)

-0.7128 (0.5680)
-5.6134** (0.6248)

-3.2240** (0.7566)
-3.7142** (1.2161)

job-to-job
job-to-un.

-0.7867** (0.3681)
-2.6856** (0.4180)

1.3695** (0.6630)
-0.4982 (0.5683)

-0.5597 (0.6630)
-3.0919** (0.5509)

-2.5114**(0.6549)
-2.2813** (1.0369)

job-to-job
job-to-un.

-0.3556 (0.3446)
-1.4654** (0.3885)

1.3987* (0.6376)
-0.3009 (0.5516)

-0.1265 (0.4604)
-1.6103** (0.5089)

-1.9867** (0.6009)
-1.0497 (0.9142)

D occ. and ind. sorting

(p-value)

0.000

0.000

0.000

0.000

Dependent variable: Unadjusted 1989 AFQT-score. Base category: Stayers. The first
panel controls for education only (pooled regression). The second panel additionally con-

trols for the age of the respondent at time of test (6 dummies), time effects and race.

The third panel additionally includes 12 industry and 10 occupation dummies as well as a

dummy when the occupation or industry classification is missing. White/Huber standard

errors clustered at the individual level in parentheses. Hy tests for whether the industry

and occupation dummies are jointly equal to 0.

The correlation between the AFQT- score and mobility may simply be due to

omitted variables that are correlated with ability and also affect mobility, for reasons
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not captured by our model. For instance, respondents who were older when they took
the test do on average have higher test scores. Older workers may also be less mobile.
In panel B we additionally control for year effects, race, and the respondent’s age at the
time the test was taken. The additional controls weaken the correlation between the
AFQT- score and job-to-job as well as job-to-unemployment mobility for all education
groups. Our overall conclusions, however, are unchanged.

In a third step we also control for workers’ industry and occupation affiliation (ta-
ble 2.4, panel C). Suppose that industries and occupations differ with respect to career
opportunities. Some industries and occupations offer more stable jobs, and more able
workers sort into more stable industries'*. Unconditional on industry and occupation,
such a sorting model provides an alternative explanation for a negative correlation
between ability and mobility. Controlling for workers’ occupation and industry affil-
iation considerably weakens the correlation between ability and job-to-job as well as
job-to-unemployment mobility for all education groups. This shows that sorting ac-
cording to ability into industries and occupations is important. The hypothesis that the
occupation and industry dummies are jointly equal to zero is strongly rejected for all
education groups (table 2.4, panel D). Our overall conclusions, however, are unchanged:
Job-to-job movers are of lower ability than stayers among university graduates only.
Interestingly, for this group of workers it is only job-to-job movers who are significantly
less able than stayers, but not job-to—unemployment movers. The hypothesis that the
test score of job-to-job and job-to-unemployment movers is the same, however, cannot

be rejected.

To sum up, we find no evidence for a lower ability of job-to-job movers than of stay-
ers among high school dropouts and high school graduates. For university graduates, in
contrast, job-to-job movers are significantly less able on average than stayers. The em-

pirical evidence is therefore supportive of asymmetric employer learning for university

14Gee Neal (1998) for a model along these lines. In his model more able workers choose to work in
industries and occupations that offer more specific skills. His model predicts a negative correlation
between ability and mobility unconditional on workers’ industry and occupation affiliation. This

correlation should disappear after controlling for workers’ occupation and industry affiliation.
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graduates, but not for high school dropouts and graduates. Note that this is consistent

with our assumption that output of better educated workers is more sensitive to ability.

2.5.2 Learning by experience or tenure?

In this section we test whether the workers’” AFQT- score and education have the same
or different impact on wages for movers and stayers. To facilitate a comparison with
results by Altonji and Pierret (2001) and Farber and Gibbons (1996), we use the age-
adjusted test score and normalize the test score to have zero mean and a standard
deviation of 1*®. Standard errors are based on White/Huber standard errors that are

clustered at the individual level. In the first column of table 2.5 we reproduce Altonji

Table 2.5: Learning by experience or tenure?

| 1 | 2 | 3
AFQT| 0.0664** (0.0044) | 0.0641** (0.0043) | 0.0667** (0.0178)
exp. | 0.1224°* (0.0050) | 0.0923** (0.0053) | 0.0929** (0.0059)
exp. - AFQT| 0.0074** (0.0006) | 0.0066** (0.0008) | 0.0069** (0.0032)
exp. - hs. gr.[-0.0055** (0.0026) [-0.0092** (0.0029)|-0.0093** (0.0039)
exp. - uni. gr.|-0.0070** (0.0032)|-0.0072** (0.0673) | -0.0040 (0.0048)

ten. 0.0719* (0.0050) | 0.0722** (0.0068)
ten - AFQT 0.0007 (0.0011) | 0.0010 (0.0055)

ten. - hs. gr. 0.0086** (0.0030) | 0.0082 (0.0056)

ten. - uni. gr. 0.0059 (0.0050) | -0.0013 (0.0067)

exp. - AFQT - bs. gr. 0.0007 (0.0035)
exp. - AFQT - uni. gr. -0.0033 (0.0037)
ten. - AFQT - hs. gr. -0.0019 (0.0056)
ten. - AFQT - uni. gr. 0.0048 (0.0061)

N=39785. Column 1 repeats Altonji and Pierret’s analysis. Column 2 adds tenure-AFQT
as well as tenure-education interactions. Column 3 adds experience-AFQT-education
and tenure-AFQT-education interactions to allow for differences across education groups.
All regressions control for education, time dummies, interactions between education and
time dummies, experience squared, and cubed, tenure squared and cubed and race.
White/Huber standard errors clustered at the individual level in parentheses.

L5Farber and Gibbons (1996) use the wage level, whereas Altonji and Pierret (2001) use the loga-
rithm of the wage level as the dependent variable. Our results are qualitatively unchanged if we use

the wage level instead of the log-wage as the dependent variable.
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and Pierret’s tests for symmetric learning. We confirm their finding that the coefficient
on the AFQT- score increases with experience. Furthermore, consistent with Altonji
and Pierret’s results, returns to experience are lower for high school and university
graduates than for high school dropouts when the AFQT- score is included in the wage
regression'®.

The second column in table 2.5 additionally includes interaction terms between
tenure and the AFQT- score and education, respectively. Under pure symmetric learn-
ing only the coefficient on the experience-test score interaction should be positive, while

under pure asymmetric learning only the coeflicient on the tenure-test score interaction

should be positive. We specify our null hypothesis as

Hy, : pAFQTtenure — 0 (1o asymmetric learning),

H, : pAFQTtenure 5 0 (asymmetric learning).

The coefficient on the tenure-AFQT- score interaction is close to 0 and not significantly
different from zero. Moreover, the inclusion of the tenure interactions have little effect
on the coefficient on the experience-AFQT- score and experience-education interac-
tions. We therefore cannot reject the null hypothesis of no asymmetric learning, and
learning appears to be largely symmetric.

Symmetric learning further implies that the coefficient on the interaction term be-
tween experience and education is negative if the AFQT- score is included in the wage
regression. Asymmetric learning, in contrast, implies a negative interaction term be-

tween tenure and education. Our null hypothesis is

hs. .t i. - . .
HO . B s.grad.-tenure — 0, 'Bum grad.-tenure =0 (IlO a.symmetrlc learmng),

Hl . 'Bhs.grad. ‘tenure < O, ﬁuni,grad.-tenure < 0 (asymmetric learmng)

Contrary to the hypothesis of asymmetric learning, returns to tenure are higher for
high school and university graduates than for high school dropouts. This difference is
significant at a 5 % level for high school graduates only. On the other hand, returns

to tenure are lower for university than for high school graduates. This difference is not

16Note that Altonji and Pierret (2001) use years of schooling instead of education groups.
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significant at conventional levels. To conclude, results from column 2 are supportive of
symmetric learning, but not of asymmetric learning

The specification in column 2 assumes that asymmetric information matters as
much for university graduates as for high school graduates and dropouts. In particular,
ability is assumed to have the same value at all jobs, i.e. s = 0. Results from the
previous section indicate that there are important differences across education groups.
Column 3 of table 2.5 therefore allows asymmetric information to matter more for better
educated workers. It additionally includes interactions between schooling, the AFQT-
score and experience and tenure, respectively. This is the specification implied by the
model if the productivity of educated workers is more sensitive to ability, i.e. if s > 0.
While none of the additional interactions is individually significant, they are jointly
significant at a 5 % level (p-value: 0.0001). Again, there are important differences
across education groups. For high school dropouts, the estimate for the tenure-AFQT
interaction is close to zero (0.0010). For high school graduates, it is even negative
(0.0010-0.0019=-0.0009). For university graduates, in contrast, the estimate is positive
(0.0104-0.0048=0.0058), and considerably higher than the estimate for the AFQT-
experience interaction (0.0072-0.0033=0.0039). In line with our previous results, this
is consistent with asymmetric learning for university graduates, but not for high school
dropouts and graduates.

Furthermore, the additional interactions reduce the coefficient on the education-
tenure tenure interactions. In contrast to asymmetric learning, the return to tenure
continues to be higher for high school graduates than for high school dropouts. In line
with asymmetric learning, the return to tenure is lower for university graduates than

for high school graduates. This difference is significant at a 5 % level (p-value=0.013).

Table 2.6 reports results separately by education. Compared to table 2.5, table 2.6
allows all set of controls to vary with education. Results are -not surprisingly- very
similar to table 2.5. The coeflicient on the interaction between tenure and the test
score is positive and significant only for university graduates, but not for high school
graduates and dropouts. Note that for university graduates, the coefficient on the

experience-AFQT- score interaction is smaller than that on the corresponding tenure
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interaction, but it is positive and significant. Hence, the hypothesis of pure asymmetric

learning is also rejected for university graduates.

Table 2.6: Learning by experience or tenure? Results by education

hs dropouts hs graduates uni graduates
N=5647 N=25448 N=8690
AFQT|0.0610** (0.0273)|0.0510** (0.0092)|0.1051** (0.0096)

exp. - AFQT|0.0068* (0.0040)|0.0076** (0.0019)|0.0038** (0.0021)
ten - AFQT|0.0030  (0.0098)|-0.0008 (0.0029)|0.0057** (0.0029)

Same specification as table 2.5. White/Huber standard errors clustered at the

individual level in parentheses.

Finally, observe that results from table 2.5 and 2.6 are broadly consistent with the
single crossing property. The coefficient on the interaction between tenure and the
AFQT- score is higher for university graduates than for high school graduates and
dropouts, although this relationship is not monotone. Moreover, the coefficient on the
AFQT- score is higher for university graduates than for high school graduates and
dropouts. The hypothesis that the coeflicient on the AFQT- score and the AFQT-
tenure interaction is the same for all education groups is clearly rejected.

We have also estimated all regressions including interactions between the AFQT-
score and time dummies. This reduces the interaction term between ability and ex-
perience, but has little impact on the other coefficients. Our overall conclusions are

unchanged.

To sum up, the results from this second test are in line with those from the previ-
ous test. For high school dropouts and graduates, there is no evidence for asymmetric
learning. For university graduates, in contrast, the data is supportive of the hypoth-
esis of asymmetric learning. An important question is whether there are alternative
explanations for these results. We next turn to this question. Since we find evidence
in favor of asymmetric learning only for university graduates, we focus on this group

of workers.
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2.5.3 Alternative explanations

Are fhere alternative explanations for our findings that for university graduates job-to-
job movers are less able than stayers and that the effect of the AFQT- score increases
with tenure? A possible candidate is a human capital model in which more able workers
accumulate more firm-specific human capital. As asymmetric learning, such as model
predicts a lower ability not only of job-to-unemployment movers, but also of job-to-job
movers. It also implies a positive coefficient on the AFQT- tenure interaction term.
That a complementarity between ability and firm-specific human capital accumulation
may be of potential concern is illustrated by several studies have found that better
educated workers receive more training (e.g. Lynch (1992), Mincer (1988)). Altonji
and Spetzler (1991) find that aptitude and achievment measures also have a positive
impact on the probability of receiving training.

One way to distinguish the firm-specific human capital from the asymmetric learn-
ing model is to compare the returns to tenure by education groups. If more able workers
accumulate more firm-specific human capital, we may expect better educated workers
to do so, too. The firm-specific human capital model should therefore predict higher
returns to tenure for better educated workers. Asymmetric learning, in contrast, pre-
dicts lower returns to tenure for better educated workers, conditional on the AFQT-
score. Unfortunately, the empirical results are somewhat inconclusive in this respect.
On the one hand, returns to tenure for high school graduates are significantly higher
than those for high school dropouts. On the other hand, returns to tenure are signifi-
cantly lower for university than for high school graduates (table 2.5, column 3). Higher
returns to tenure for better educated workers should not be interpreted as clear evi-
dence against asymmetric employer learning:.If better educated workers acquire more
firm-specific human capital we may observe higher returns to tenure for better edu-
cated workers even if there is asymmetric learning. It should also be noted that there
are human capital models that predict lower returns to experience and tenure for bet-
ter educated workers if more able workers accumulate more firm-specific and general
human capital (e.g. Lange (2003)). An alternative way to distinguish a firm-specific

human capital from an asymmetric learning model is to use the training data in the
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Table 2.7: Average AFQT score of job-to-job and job-to-unemployment movers: The

effect of training measures

all

all
N=39571

hs dropouts
N= 5589

hs graduates
N= 25303

uni graduates

N= 8679

job-to-job
job-to-un.
ST

> ST

CT

>.CT

-0.6142 (0.4080)
-3.9814** (0.4590)
2.1647** (0.4309)
1.9113** (0.4150)
2.2008"* (0.5653)
1.2866** (0.2953)

1.4942** (0.6302)
-05384 (0.5697)
-1.4028 (1.4011)
3.0087** (1.5079
6.5331** (2.5191

-0.3274 (0.5650)
-4.7867 (0.6114)
3.2145** (0.5434)
2.8554** (0.5519)
3.2272** (0.7962)
1.9905** (0.4720)

-2.7979**(0.7474)
-3.2859"* (1.2024)
0.9520 (0.8473)
-0.3000 (0.6479)
-.06023 (0.8357)
0.8694** (0.3942)

job-to-job
job-to-un.
ST

> 8T

CT

S CT

-0.3990 (0.3644)
-2.2300** (0.4123)
1.7179** (0.3921)
1.3809 (0.3675)
2.4439** (0.4939)
1.5368** (0.2734)

)
)
3.1549** (2.3282)
1.2761** (0.6196)
-0.3526 (0.5579)
-1.8958** (1.3489)
3.1142** (1.4812)
5.2332** (2.3662)
3.0594** (2.3134)

-0.1801 (0 .4967)
-2.5333** (0.5423)
2.3982** (0.4970)
2.0152** (0.4869)
3.4565** (0.6695)
1.8824** (0.4039)

-2.2813** (0.6345)
-1.7712** (0.6345)
1.3819* (0.7287)
-0.3939 (0.5879)
0.6748 (0.7470)
1.5081** (0.3998)

job-to-job
job-to-un.
ST

> S8T

CT

S CT

-0.1147 (0.3444)
-1.2152** (0.3868)
1.3663** (0.3913)
1.1169** (0.3510)
1.6008** (0.4703)
1.1291** (0.2585)

1.3059** (0.5974)
-0.2037 (0.5416)
-1.6803 (1.3827)
2.7164* (1.4761)
4.9006** (2.4498)
2.9723 (2.3309)

0.0734 (0.4610)
-1.3387** (0.5058)
1.9380** (0.4864)
1.6017** (0.4677)
2.5000** (0.6305)
1.2304** (0.3757)

~1.3703** (0.5946)
-0.5347 (0.9039)
0.9119 (0.7194)
-0.3830 (0.6008)
-0.1007 (0.7073)
1.4023** (0.3718)

This table repeats the analysis of table , but additionally controls for whether the respon-

dent received schhol- and company based training (ST and CT, repsectively) as well as the
sum of school- and company-based training () ST and ) CT, respectively). Dependent
variable: Unadjusted 1989 AFQT-score. Base category: Stayers. The first panel controls

for education only (pooled regression). The second panel additionally controls for the age

of the respondent at time of test (6 dummies), time effects and race. The third panel ad-

ditionally includes 12 industry and 10 occupation dummies as well as a dummy when the

occupation or industry classification is missing. White/Huber standard errors clustered

at the individual level in parentheses.

NLSY and attempt to account for different investments in firm-specific human capital.

This strategy has several problems. First, in the NLSY respondents are consistently

asked about formal training programs only. Human capital accumulation, however,
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may be largely informal and reflect learning-by doing!”.

Second, it is difficult to distinguish general training from firm-specific training.
We use training that takes place at the employer (company training) as a proxy for
firm-specific training, and training that takes place at school (school training) as a
proxy general training. The exact definition can be found in appendix C. While this
classification is clearly imperfect, there is some evidence that company training is more
firm-specific than school training. One piece of evidence comes from Loewenstein and
Spetzler (1999). In 1993, questions were asked about usefulness of the training program
in doing the same kind of work at a different employer than at the current one. Overall,
training appears to be largely general, with 63 % saying that all or almost all of the skills
learned are useful at different employers. But workers report company training to be
singnificantly more firm-specific than school training. Furthermore, consistent with the
idea that company training is more firm-specific, Loewenstein and Spetzler (1997) find
that workers receiving company training are less likely to leave their employer, while
workers receiving school training are about as mobile as workers with no training'8.

A third problem is that in the NLSY training questions have not been asked con-
sistently. The most important change occurred in 1987. Before 1987, only information
on training programs lasting one month or more was collected. After 1987, informa-
tion on all training programs is available. The proportion of workers receiving training
therefore jumps up in 1987.

Table 2.7 repeats the analysis of table 2.4. It compares the average AFQT- score
of job-to-job and job-to-unemployment movers, controlling for several training mea-
sures. ST and CT are indicators of whether the worker has received school or company
training, respectively. > ST denotes the sum of school training programs workers have
taken since they entered the labour market, and > CT denotes the sum of company
training programs workers have participated in since they started working for their
current employer. In line with results by Altonji and Spetzler (1991), we find strong

positive relationship between training measures and ability. Interestingly, this correla-

17The NLSY began asking questions on informal training in 1993.
18Lynch (1992) finds the same for workers receiving on-the-job and off-the-job training, respectively.
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tion is considerably stronger for high school dropouts and graduates than for university
graduates. The inclusion of the training measures uniformly weakens the correlation
between the AFQT- score and job-to-job and job-to-unemployment mobility, indicating
that human capital accumulation matters. However, the differences are not significant.
Our overall conclusions are unchanged: Job-to-job movers have significantly lower test

scores than stayers only among university graduates. Table 2.8 repeats the analysis

Table 2.8: Learning by experience or tenure? The effect of training measures

| 1 2 3 |

AFQT] 0.0634"* (0.0043) | 0.0598** (0.0177) [0.1031** (0.0108)

exp. | 0.0911** (0.0053) | 0.0919** (0.0059) |0.0949** (0.0115)

exp. - AFQT| 0.0055* (0.0008) | 0.0061** (0.0032) | 0.0036* (0.0021)
exp. - hs. gr.|-0.0093* (0.0029) |-0.0098** (0.0032) -
exp. - uni. gr.|-0.0054* (0.0037) | -0.0036 (0.0039) -

ten.| 0.0723* (0.0050) | 0.0741** (0.0068) [0.0961* (0.0114)

ten - AFQT| 0.0002 (0.0011) | 0.0025 (0.0055) | 0.0052* (0.0029)
ten. - hs. gr.| 0.0074** (0.0030) | 0.0054 (0.0056) -
ten. - uni. gr.| 0.0024 (0.0040) | -0.0054 (0.0066) -

oxp. - AFQT - hs. gr. 0.0002 (0.0066) ;
exp. - AFQT - uni. gr. -0.0021 (0.0033) -
ten. - AFQT - hs. gr. -0.0038 (0.0056) ;
ten. - AFQT - uni. gr. 0.0023 (0.0060) ;

ST 0.0002** (0.0101) | 0.0004 (0.0101) | 0.0250 (0.0212)
3 ST 0.0293** (0.0026) | 0.0299° (0.0026) |0.0169* (0.0052)
CT| 0.0571** (0.0102) | 0.0578** (0.0102) |0.0443** (0.0175)
Y CT[0.03101** (0.0031)| 0.0306" (0.0030) [0.0180** (0.0049)

N=39571 for all education groups and N=8679 for university graduates. Column 1 repeates
column 2, table 3, and additionally controls for whether the respondent received schhol-
and company based training (ST and CT, repsectively) as well as the sum of school- and
company-based training (}° ST and ) CT, respectively). Column 2 repeats column 3,
table 3, and additionally controls for the same training measures. Column 3 repeats the
analysis for university graduates only. All regressions control for education, time dummies,
interactions between education and time dummies, experience squared, and cubed, tenure
squared and cubed and race. White/Huber standard errors clustered at the individual

level in parentheses.

of table 2.5 and 2.6. It analyses how the impact of education and the AFQT- score

varies with experience and tenure, conditional on training measures. As expected,
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both company and school training have a positive impact on wages. In column 1 and
2, the coefficients on the interactions between tenure and education goes down when
training measures are included, but the pattern is the same. The third column uses
university graduates only. Training measures have little impact on AFQT-tenure and
AFQT-experience interactions.

To sum up, table 2.7 and 2.8 suggest that human capital accumulation matters,
but our results are robust to the inclusion of training measures. Since the training
measures in the NLSY are clearly imperfect, it is hard to rule out for sure that our
results for university graduates are driven by heterogeneity in firm-specific human
capital accumulation. There is, however, one further piece of evidence against the
firm-specific human capital model. If more able workers acquire more firm-specific
human capital, workers with a high wage growth today should experience a high wage
growth tomorrow. Residuals from a within-job wage regression should therefore be
positively correlated. Schoenberg (2004) analyses the time series properties of these
residuals, using the NLSY. In line with the results by Topel (1991) and Topel and

Ward (1992), there is no evidence for a positive correlation.

2.6 Conclusion

When workers enter the labour market, employers are likely to have only imperfect
information about workers’ productivity. The question of this paper is: Do both in-
cumbent and recruiting firms have the same information about workers’ productivity
(symmetric learning), or do incumbent firms have superior information about workers’
productivity (asymmetric learning)? The main contribution of this chapter is to derive
new tests for the hypothesis of asymmetric employer learning. We further contribute
to the literature on job mobility by analyzing the impact of ability and learning about
ability on the worker’s decision to switch jobs.

Our tests require a variable that is correlated with workers’ productivity, but not
observed by employers. We follow the existing literature and use the Armed Forces

Qualification Test (AFQT) for this. The AFQT score provides a summary measure
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for basic literacy and numeracy skills and is thus an indicator for workers’ cognitive
ability. Our tests are therefore best understood as tests for employer learning about
workers’ cognitive ability as opposed to about workers’ non-cognitive ability, such as
communication skills, etc. We perform all tests separately by education. Our model
implies that asymmetric information matters more for better educated workers if the
productivity of better educated workers is more sensitive to ability. We find some
empirical support for this: The AFQT- score has a stronger impact on wages, in
particular on wages for stayers, for university graduates than for high school graduates
and high school dropouts.

Empirically, a distinction between education groups turns out to be important.
For high school dropouts and graduates we find no evidence for asymmetric employer
learning. Here, workers with low AFQT- scores are more likely to become unemployed,
but not (significantly) more likely to move from job-to-job. Furthermore, in a wage
regression the coefficient on the AFQT- score increases with experience, but not with
tenure. In contrast, for university graduates we find consistent evidence in favor of
asymmetric learning. Here, low ability workers are significantly more likely to move
from job-to-job than high ability workers. Furthermore, the AFQT- score has a stronger
impact on wages for stayers than for movers.

An important question is: Are their explanations other than asymmetric learning
for the findings of university graduates? A model that is consistent with many of the
implications of asymmetric employer learning is a model in which more able workers
accumulate more firm-specific human capital. Such a model also implies a lower ability
of job-to-job movers than of stayers as well as a positive coefficient on the interaction
between tenure and the test score. The two models differ with respect to returns to
tenure by education groups. If more able workers accumulate more firm-specific hu-
man capital, we expect better educated workers to do so, too. Returns to tenure should
therefore be higher for better educated workers. Asymmetric learning, in contrast, pre-
dicts the opposite, conditional on the AFQT- score. We find that university graduates
have lower returns to tenure than high school graduates, but not than high school

dropouts. We have also attempted to account for different investments in firm-specific
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human capital, using the training data available in the NLSY. Our results are robust
to the inclusion of training measures.

We conclude that the way the market acquires new information about workers’
productivity differs across education groups. This has important implications. First,
our results imply that labour markets work more efficiently for high school dropouts
and high school graduates than for university graduates. Furthermore, according to
our results, firms earn -ex post- higher rents on university graduates than on high
school dropouts and graduates. Productivity differences between university and high
school graduates thus exceed wage differences. Our results also imply that firms have
a stronger incentive to sponsor general training for university graduates than for high
school graduates and dropouts. This may be one explanation for Lynch’s (1992) finding
that in the US better educated workers are more likely to receive company-related

training.
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2.7 Appendix

A Symmetric learning
A.1 Uniqueness of equilibrium

To simplify the notation, we drop the superscript k£ and the subscript ¢. The first order

conditions of the maximization problems (2.1) and (2.2) are

(e¥/* + e¥/* + et/ )\

w o= y-— S , and (2.5)
_ (eI 4 ev/ § b))
v=9 75 WD Y W
Clearly, (ew/z;"/e:i::'/‘f\bﬂ) 2 i increasing in w. Hence, at the optimum the second derivative will

be negative. The second order conditions for a maximum are thus satisfied. We have

dw ew/)\ev/A

= <1, and
dv (ew/> + ev/* 1 eb/N) (ev/* + b/)

dv ew//\ev/)\ )

dw ~ (@P el tal) e el S

An increase in the competitor’s wage leads to a less than proportionate increase in the
own wage. Thus, the two upward-sloping curves intersect only once, and the equilibrium is

unique.

A.2 Proof of proposition 1

(i) We first show that job-to-job movers are as able as stayers. To simplify the notation, we
drop the superscript k. The argument is the same for workers with and without education.
Incumbent and outside firms offer the same wage, i.e. w; = v;. Hence, the probability of
staying is the same as the probability of moving from job to job for both low and high ability
workers, i.e. Pr(job-to-job|i) = Pr(stay|¢). It follows that the proportion of workers with

low ability is the same among stayers and job-to-job (jtj) movers, i.e.

_ pPr(stay|L) _
Prillsey) = sty |L) + (1=p) Pristay )
pPr(jtj|L)

pPr(jtj|L) + (1—p)Pr(jtj|H)

Pr(Lljtj) =
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Hence, stayers are as able on average as job-to-job movers. It follows immediately that
stayers and job-to-job movers have the same test score on average: The proportion of workers
with a low test score is the same among stayers and job-to-job movers, i.e. Pr(LT|job-to-
job) = Pr(LT|stay).

(ii) The argument is trivial if the utility from unemployment is the same for low and high

ability workers. Here, we show that the argument continues to hold if by —br, < ag—ar. Using

ebH /A

w; = v;, the probability that a high ability worker becomes unemployed equals ST
while the probability that a low ability worker becomes unemployed equals ﬁ%; Low

ability workers are thus more likely to become unemployed iff

b/ ebr /X
QewL/)\ + e"L/’\ > 26wH/’\ + ebH/'\
— ewH//\ebL/)\ > ebH/AewL/A

— wyg —w; > by —bL.

Totally differentiating (2.5) with respect to ability, using w; = v;, yields

dw (ew/A+eb/A)2+g%ew/)\eb//\

da (ew/> + eb/)2 1 ew/Aeb/A

Hence, as the denominator is positive, %{) > gg— iff % < 1: The wage difference between

high and low ability workers exceeds the difference in the utility from unemployment iff
by —br < ag —ag. It then follows that job-to-unemployment movers have lower test scores
on average as stayers. The proportion of workers with a low test score among stayers and

job-to-unemployment movers can be computed as

par” Pr(stay|L) + (1 - p)(1 — gf") Pr(stay| H)

Pr(LT|st =
(ETstey) Pr(stay) , and
LT b (i 3 e
Pr(LTljtu) — PIL PrUtull)+(1—p)(1—gp ) Pr(tulH)
Pr(jtu)

where qu denotes the probability that a worker with low ability scores low in the test score.

Taking the difference yields

Pr(LT|stay) — Pr(LT|jtu) =
p(1 — p)(2q5T — 1)(Pr(stay|L) Pr(itul ) — Pr(stay|H) Pr(jtu|L)
Pr(stay) Pr(jtu)
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as qu > 0.5. Hence, stayers have higher test scores on average as job-to-unemployment
movers. The weaker is the correlation between the test score and ability, the lower is the

difference between the average test score of stayers and job-to-unemployment movers. W

A.3 Wage determination in the first period

In the first period firms observe workers’ education but not their ability. Wages therefore
depend on education, but not on ability. Let W* and V* k = u,e, denote the first period
wage offers of the two firms competing for uneducated and educated workers, respectively.
Workers’ utility from non-pecuniary characteristics at the two firms and when unemployed
are represented by M;, M3, and My, respectively. In the first period there is symmetric
information with respect to firms and workers, i.e. neither firms nor workers observe workers’
ability. Let b* denote worker’s utility from unemployment in the first period. (As workers
do not know their type, it may vary with education but not with ability). Workers and
firms learn about workers’ ability only during work. When the worker chooses to remain

unemployed in the first period, she gets
UF(unemployment) = b* + My + E[max(b® + mg, w* + my,v* + my)]
=bk+M0+E5, k=u,e.
Workers’ utility in the first period when working at the first firm is
Uf(work) = W* 4+ M + p*E[max(b% + mo, w + my,vf +”m2)]
+(1 — p*) E[max(b%; + mg, wh +my, v +my)]
=W*+ My +EF,  k=ue

Workers’ utility when working at the second firm can be derived similarly. The probability

that the first firm attracts the worker thus is
e(WF+EE) /X

P = .
I‘(WOI‘k for firm 1) e(b’°+E5)/)‘ + e(W’°+E1’f,)/)\ + e(V’°+E‘k/)/z\

Due to non-pecuniary characteristics, firms make positive profits in the second period. They
take this into account in the first period. Let IT¥ denote firms’ profit. In the first period the

first firm maximises
e(WF+EE) /X

max

k, k ky\, k k k
e e(bk_.,_Es)/)‘+e(wk+E£)//\+e(Vk+E{cu)/A(p yr + (1 = p%)yg + pI° - WF),

k= upe
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while the second firm maximises

o(VE+EE)/A
A SOF+BD/A 1 o(WRHEE)/A 1 o(VF+ER)

75 (0" + (1= PPyl + BT = V),

k = u,e.

In equilibrium we have V¥ = W¥*. The probability of remaining unemployed is the same for
low and high ability workers. In the first period workers in employment are thus as able
on average as unemployed workers, and unemployment is not informative about workers’

ability.

B Asymmetric learning
B.1 Uniqueness of equilibrium

To simplify the notation, we will drop the superscript k. The argument is the same for
workers with and without education. The first order conditions of the maximization problem
(2.3) and (2.4) are

(ewi/X 4 v/ 4 b/

W; = Yi— e”/)‘—l—eb/’\ )

v/A(owr /Ay b/ VeV A (oW /A L pb/ A
pev/*(e¥L/*4eb M) (1—p)ev/*(e¥L/ A 4eb/)
(e"L/> T ev/A et/ )2 yL + (e L/ yev/>teb/ )2 YH

i=L,H; and (2.6)

vo= pev/> (e¥L/*eb/3) | (1—p)e¥/>(eWL/*4eb/})
(ewL/,\+eu/)\+eb/A)2 (e¥L/> yev/X4eb/N)2
Jev//\ (l—p)pev/’\(ewfa/’\—{—eb/’\)
eWL/> fev/X Jeb/> eWL/A fev/X feb/A
T pev/A(ewL/ qeb/ ) (1—p)ev/>(e¥L/* 1-eb/A)
(ewL/A+eu/A+eb/A)2 (ewL/A+eu/A+eb/A)2

pJr(1—Jp)yr + (1 —p)Ju(l — Ju)yu
pJr(1=Jp)+ (1 —p)Ju(l - Ju)

3 pJr + (1 —p)Ju
pJL(1—Jp)+ (1 = p)Ju(l - Ju)’

where Jy, and Jg denotes the probability that a low and a high ability worker move from job-
eWi/Agv/A

(ewi/k_+_eu//\+eb/A)(ev)\+eb/)\)

of the incumbent firm is quasi-concave. The objective function of the outside firm is thus a

to-job, respectively. As is increasing in w;, the objective function
linear combination of two quasi-concave functions. Hence, the second order conditions for a
maximum will be satisfied. We have

dw; ewi/Aev/A

T T (@t e Dt (e 1 ) L
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An increase in v by one unit increases w; by less than a unit. Furthermore,

{p(1 =) —yr)(JL(1 = Jo)(1 — 2Jn) §2 dwy
—p(1 = p)(yr —y)(Je(1 = Jm)(1 — 2JL)deL
+p(1 — p)AJg (1 — 2J1) 82 dwy, — p(1 — p)AJg (1 — JH)deL

Swp, Jwp,
+p(1 = p)AJL(1 — 2Ju) E dwy — p(1 — PAJL(1 — Jp) gl dwy
—p*AJ} §2dwy, — (1 — p)* AT S dwy
dv = Eowpdwr = (17 P My puydwn) (2.7)

{(pJe(1 = J1) + (1 —p)Ju(l = Jn))?

—p(1 = p)(ya —yr)(Jo (1 — Jo)(1 — 2J5) &2t
+p(1 = p)(yr —yz)(Ju (1 — Ju)(1 — 271 ) &
—p(L = p)AJr (L = 2J2) 8 + p(1 — p)AJu (1 — Ju) F&
—p(1 = p)AIL(1 = 2Ju) 3 + p(1 — p)AJL(1 — J) &4t
+pPAJE %L + (1 - p)2AJE B}

If an increase in wy and wy by one unit increases v by less than one unit, then the
equilibrium will be unique. Note that %ll = %Ji(l — J;). Normalize yg —yr to A. It can then
be verified that the denominator in (2.7) is positive. Also observe that l t]. It can
then be checked that an increase in wy, and wy by one unit leads to an increase of v by less

than a unit. The equilibrium is thus unique.

B.2 Proof of proposition 2

(i) We drop the subsript k. The argument is the same for both education groups. Job-to-job
movers are less able than stayers if wy > wy. If s = 0 and a7, = apy, we have wp = wgy.

Hence, if Z—‘:ﬁ > 3—2",’:, thenwy = wgy. We have

de (eU/A+eb/)\)2 _|_e‘LUH//\e‘U//\dd_’U
— AH
day o (ewH/)\ et/ 4 eb/A)(ev//\ + eb/)\)’ (28)
while
dwy, eWL/Agu/A _du. ti’t;{

dag  (eWi/> + ev/> - eb/A)(ev/A  eb/A)’
It can be shown that d—“’H- > ‘;—Z’PLI‘
We next show that the adverse selection is stronger for better educated workers, holding

the proportion of low ability workers fixed. The difference between the productivity of stayers

and job-to-job movers equals
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E[y*|stay] — E[y*|iti] = (v§ — v§)(Pr(Lljti,k) — Pr(L|stay,k)),

L. _ p(ewH/A+ev/X+eb/)‘) _
where Pr(L|jtj,k) = (T TP 4 e YT (1) (L T A e T and Pr(L|stay,k) =

pewL/)‘(ewH/)‘+e”/)‘+eb/’\)
pe"‘”L/A(e“’H/T+e'”/’\+eb/>‘)+(1—p)ewﬂ/)‘(ewL/)‘+e”/)‘+eb/)‘)

is the proportion of low ability workers
among job-to-job movers and stayers, respectively, for educated and uneducated workers. An
increase in s clearly leads to an increase in y’ﬁI - y,’j. Furthermore, it can be shown that an
increase in s leads to an increase in Pr(L|jtj,k) and a decrease in Pr(L|stay,k).

(ii) This follows from wy > wy.B

B.3 Proof of proposition 3

(1) Suppose the test score is perfectly correlated with ability, i.e. q]{‘T = 1. Then the coefficient
on the test score identifies for workers without education who stay with their employer w —
w} > 0. If the test score is imperfectly correlated with ability, the coefficient on the test

score identifies for workers without education

Ew*|HT] — E[w"|LT] = (w§ — w})(Pr(L|LT,u, stay) — Pr(L|HT,u, stay)) =
(wiy — wi)p*(1 — p*) Pr(stay|L, u) Pr(stay|H, u) (2¢£" — 1)
Pr(stay, LT, u) Pr(stay, HT, u)

> 0.

Here, the condition HT and LT denote that the worker scored high or low, respectively, in
the test score. Due to approximation error, the coefficient on the test score is attenuated
towards zero.

(ii) Suppose the test score is perfectly correlated with ability. If the test score is included
in the wage regression, the coefficient on worker’s education identifies for stayers with low
ability w§ — w}. For movers returns to education equal v®* — v*, independently of whether
the test score is included in the wage regression. Since the proportion of low ability workers
as well as the productivity of high ability workers affects outside wages, it also affects wage
offers of low ability workers. If p* = p®, and s = 0, then v®* = v* and w§ = w}. Hence, if for
low ability workers s increases and p® decreases outside wage offers by more than inside wage

offers, returns to education will be higher for movers than for stayers, i.e. v®—v* > w§ —w}.

63



Totally differentiating (2.6) with respect to s and p® yields

dwy = ewi/keve/k%v;_ < dv” and
ds (e¥E v /A 4 eb/A)(ev*/A 1 eb/A) = ds’

d’wi _ ewz/)\ev‘/)\%;)’_: < dvs

dpe (e¥E/™ + ev°/A 4 eb/X)(ev*/X + eb/A)| = |dp* |’

Hence, the coefficient on education is higher for movers than for stayers, and the coefficient

on the interaction vbetween tenure and education is negative.ll

B.4 Proof of proposition 4

(i) Suppose the test score is perfectly correlated with ability. Under symmetric learning, in
the second period the coefficient on the test score identifies for workers without education
wy — wf, and for workers with education w§ — w§. As d—;—";i >0, wf — wi > w — wy.

(ii) Under asymmetric learning, the coefficient on the test score identifies for educated
workers who stay with their employer w§, — wf. For uneducated stayers, the coefficient
identifies w§ — w}. For movers, the coefficient on the test score is 0. We have to show
that w§ — w§ > w§ — w}. A productivity increase of high ability workers increases the
outside wage offer, and consequently also the wage offer for low ability workers. From (2.8),
we know that d—:;f > %—;‘e‘. Consequently, a productivity increase of high ability workers
increases the wage for high ability workers by more than the wage for low ability workers,

(] e U k73
and w§ — wi > wh —wi. W

B.5 Wage determination in the first period

In the first period information about workers’ ability is symmetric. Hence, wage formation
in the first period closely resembles wage formation under symmetric learning, and will not

be further discussed here.

C Data

Definition of a school-to-work transition Our definition for a transition from school to
work is a combination of Lynch’s (1992) and Farber and Gibbons’s (1996) definition. Lynch

(1992) defines the transition from school to work as the year in which the respondent was
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enrolled in school and that was followed by at least two years not enrolled in school. Farber
and Gibbons (1996) look at whether the respondent is classified as working or not. A worker
is classified as working when he has worked at least 26 weeks, and during these weeks at least
30 hours, since the last interview. We follow this classification, with the difference that we use
calendar years instead of interview years. We do so because the time between two interviews
varies from 9 to 40 months. According to Farber and Gibbons (1996), a transition from
school to work, or rather from non-work to work, takes place when the worker was classified
as non-working for at least one year, followed by at least two consecutive years classified as

working. Our definition takes the minimum of Lynch’s and Farber and Gibbon’s definitions.

Wage collection At each interview respondents are asked whether they are still working
for the employer they worked for at the last interview. If yes, they are asked whether their
usual wage has changed. If no, they are asked whether the wage at the old job has changed
before they switched jobs. They are also asked about the usual wage at the new job. We
assume that wages refer to tenure and experience at the end of the employment spell. Results
change very little if we assume that wages refer to tenure and experience at the beginning
of each employment spell. We use the hourly wage rate which was computed by the Bureau
of labour Statistics. Wages are deflated by the Consumer Price Index with 1995 as the base

year.

Definition of unreasonable wage information We drop unreasonable wage information.
We consider a wage observation as unreasonable if the hourly wage rate is below 1 § (this
is well below the official minimum wage) and above 300 §. We also drop a wage spell if
the hourly wage increases (decreases) by at least 300 % in one period, followed by a 300 %

decrease (increase) in the next period.

Definition of experience and tenure Actual experience is measured as weeks (divided
by 52) spent in full-time employment after the transition from school to work. Part time
employment, time spenf as self-employed or working without pay, time spent unemployed as
well as time spent out of the labour force is not counted. Actual tenure is measured as weeks

(divided by 52) spent in full-time employment with the same employer.
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Definition of education We distinguish between high school dropouts, high school grad-

uates, and university graduates.

1. High school dropouts are workers without a high school diploma or GED.

2. High school graduates are workers with a high school diploma (including GED), but no

bachelor’s degree. High school graduates include college dropouts.

3. College graduates are workers with at least a bachelor’s degree.

Definition of company and school training Each year, respondents in the NLSY were
asked whether since the date of the last interview thay attended any training program or
on-the-job training. From 1987, information on up to 4 training programs was collected,
independently of the duration of the training program. Before 1987, only information on up
to 3 training programs was collected, for programs that lasted at least 1 month. Respondents
were asked which categories best describes where they received the training. Before 1987,
the categories are business college (1), nurses program (2), apprenticeship (3), vocational
or technical institute (4), barber-beauty school (5), flight school (6), correspondence course
(7), company training (8), or other (9). We classify category (8) as company training (CT),
and the other categories as school training (ST). After 1987, the categories were as follows.
Business school (1), apprenticeship (3), ocational or technical institute (4), correspondence
course (7), formal company training run by employer or military (8), seminar training program
at work run by someone other than employer (9), seminars or training programs outside of
work (10), vocational rehabilitation center (11), other (12).We classify categories (8) and (9)

as company training and the other categories as school training.
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Chapter 3

Training and Unions!

Standard human capital theory predicts that in perfectly competitive labour markets
firms do not invest into general training of their workers, as the worker captures the
full return to that investment (Becker 1964). Standard human capital theory also
predicts that a minimum wage reduces on-the-job training, as it prevents workers from
taking a wage cut during the training period (Hashimoto 1982). Unions should also
reduce training investments if they compress wages, as workers do not capture the full
return to training. Yet, there is evidence that suggests that firms provide and pay for
general training?. The evidence on the impact of minimum wage and unions on training
is mixed. For the US, Neumark and Wascher (2001) report that workers subject to a
minimum wage receive less training, whereas Acemoglu and Pischke (2001) find no such
effect. For the UK, several studies indicate that workers covered by union agreements
receive more training (e.g. Booth et al. (2003), Green et al. (1996)).

This chapter revisits the question how unions affect on-the-job training in the econ-

omy. We do this within the German apprenticeship system (GAS)3.The GAS is inter-

IThis chapter is joined work with Christian Dustmann.
2For instance, temporary help firms in the United States often provide and finance training pro-

grammes to new employees which is largely general in nature, such as computer and typing skills
(Autor 2001). Another prominent example the German apprenticeship system (e.g. Acemoglu and

Pischke (1998)).
3See for instance Soskice (1994), Franz and Soskice (1995) and Winkelmann (1997) for a detailed

description of the German apprenticship system.
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esting for two reasons. First, although apprentices are mostly trained in general skills,
the system is, at least partly, financed by firms*. Second, collective bargaining plays
an important role in Germany: Between 1996-1999 76 % of the West-German work
force were coverd by union agreements.

Our point of departure is the work by Acemoglu and Pischke (1999a, 1999b). Ace-
moglu and Pischke argue that firms have an incentive to sponsor general training if,
due to labour market imperfections, the wage structure is compressed. Wage com-
pression imphes that training increases workers’ productivity by more than workers’
outside option, so that firms can increase profits by training. Then, contrary to the
standard human capital theory, a minimum wage and union agreements may lead to
more on-the-job training if they compress the wage structure. Based on this idea, we
develop a simple model of unions and training, and test its empirical implications using
matched firm-worker data.

Our model is intended to capture the specific features of the German collective
bargaining system. In Germany, only firms that belong to an employer federation are
legally obliged to pay at least the union wage. Membership in an employer federation
is voluntary. Furthermore, union wages act as minimum wages and apply to all workers
in a unionised firm. The most important difference between our and existing models of
training and unions, such as Acemoglu and Pischke (1999b) and Booth et al. (1999),
therefore is that in our model unionised and non-unionised firms co-exist. Unionised
firms have to pay at least the union wage, but are allowed to pay a higher wage®.
Non-unionised firms, in contrast, may pay whatever wage they want. Within this
framework, we derive wage and training determination in unionised and non-unionised
firms. Workers choose to work in the sector in which their utility is higher, while firms
are indifferent between joining the unionised or non-unionised sector.

We analyse the firm’s decision to train under the assumption that firms can only
commit to training provision, but not to the amount of training. Consequently, workers

are not willing to accept a wage cut to pay the training costs, and in a perfectly com-

4See studies by von Bardeleben et al. (1995) and Acemoglu and Pischke (1999b) for evidence.
SQur model therefore differs from union models such as Acemoglu and Pischke (1999b) and Booth

et. al. (1999) who assume that firms are forced to pay the union wage.
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petitive labour market, no worker will be trained. We show that in non-unionised firms
wages are not compressed, so that non-unionised firms offer no training. In unionised
firms, in contrast, the union wage compresses wages for workers with a productivity
around the union wage. This induces unionised firms to train these workers. The role
unions essentially play in our model is that they serve as a commitment device®: Unlike
non-unionised firms, unionised firms commit to paying at least the union wage in the

future, leading to wage compression in these firms.

There are explanations other than unions for firm-financed training. In a prominent
paper, Acemoglu and Pischke (1998) suggest asymmetric employer learning as a reason
for apprenticeship training in Germany. The key implication of their model is that
trainees who leave the training firm (movers) are less able than trainees who stay with
the training firm (stayers). They find this prediction confirmed in the data. Our model
also has implications for the average productivity and wage of movers and stayers. We

compare them with those of Acemoglu and Pischke’s asymmetric learning model.

We derive two sets of empirical implications from our model. The first, and key,
implication is that unionised firms offer more firm-financed training than non-unionised
firms. We test this implication using firm level data that supplemented with informa-
tion of the firm’s workforce (obtained by matching all employees, drawn from admin-
istrative records, to each firms in the panel) and covers the period between 1996 and
1999. Our estimation strategy takes into account a nonrandom selection of workers
and possibly firms into the unionised sector. Exploiting the changes in union status
over time, we use a difference in difference estimator, combined with a linear matching
estimator. We consistently find that unions increase training.

In a second step, we compare the empirical implications of Acemoglu and Pischke’s
asymmetric information model with those of our model. The second set of implications
thus concerns worker selection into and from training firms. We show that the key im-
plication of asymmetric information -i.e. a lower ability of movers than of stayers- is

also compatible with our model. This is because unionised firms lay off all workers with

6 A similar point has been made by Booth ()
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a productivity below the union wage after training. Information on the union status
of the training firm helps to distinguish between the alternative reasons for an adverse
selection. Union agreements do not apply in non-unionised firms. Consequently, ac-
cording to our union model we should observe an adverse selection only for workers
trained in unionised firms, while asymmetric information predicts an adverse selection
also for workers trained in non-unionised firms.

We test for an adverse selection using data from social security records, covering the
period between 1975 and 1995. It allows constructing complete work and wage histories
for apprentices before and after the training period. In line with the empirical evidence
provided by Acemoglu and Pischke (1998), we find strong evidence for worker selection
after the training period. We then use matched employee-employer data to compare
the mover-stayer wage differential for workers trained in unionised and non-unionised
firms. We find a higher stayer-mover wage differential not only for workers trained
in unionised firms, but also for workers trained in non-unionised firms. However, the
differential is twice as high for workers trained in unionised firms. This suggests that
wage floors caused by unions contribute to an adverse selection of movers, but are not
the only reason. We conclude that union agreements are an important reason for firm-
financed training in Germany. However, we cannot rule out asymmetric information

as an additional reason.

The structure of the paper is as follows. Section 3.1 describes the German collective
bargaining system. Section 3.2 develops a model of employer-financed training. We
begin with a base model and then incorporate union agreements into the model. Section
3.3 outlines the empirical implications and the empirical strategy. We then describe
the data and results (section 3.4). We conclude by pointing out the policy and welfare

implications of our findings (section 3.5).
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3.1 Collective bargaining in Germany and outline
of model

In Germany, negotiations between unions and employer federations take place at a
regional and industry level, typically on an annual basis. The crucial feature of the
German collective bargaining system is that not all firms are bound by union agree-
ments. Only firms that belong to an employer federation (Arbeitgeberverband) are
legally obliged to pay (at least) union wages. Membership in an employer federation is
voluntary. In firms that belong to an employer federation, union agreements de facto
apply to all employees, not only to union members. Workers who are union members
but work in firms that do not belong to an employer federation are not entitled to
union wages. The worker’s union status is therefore irrelevant.

Firms that choose to not belong to an employer federation have two options. They
can either engage in bilateral negotiations with the union or agree individual contracts
with their employees. Between 1996 and 1999 49.95 % of firms in West Germany were
members of an employer federation and bound by industry- and region-wide agree-
ments. These firms employed 67.01 % of the West German work force. The proportion
of firms which bilaterally negotiate with unions is comparatively small (6.39 %). 43.6
% of firms are neither bound by industry-wide or firm level agreements. Firms can
change their union status. Between 1996 and 1999, 6.6 % of firms previously covered
by union agreements left the employer federation, while 4.4 % of firms previously not
covered by union agreements joined an employer federation’.

The most important outcome of the negotiation between unions and employer as-
sociations is the union wage. Union wages depend on easily observable worker char-
acteristics, such as workers’ skill, occupation, and experience. A different union wage
applies for workers in apprenticeship training. Legally, union wages act as minimum
wages, and firms may pay wages above the union wage. Payment above the union wage
appears to be common. Bellmann et al. (1998) report that in 1997 49% of West Ger-

man firms paid wages above tariff, although little is known about how many workers

"Own calculations based on the IAB-Betriebspanel.
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in a firm receive wages above tariff. Besides wages, union agreements typically specify
the weekly working time and overtime payments. Unions and employer federations do
not bargain over employment, and unions do not have the power to prevent layoffs.
Moreover, although firing costs in Germany are generally quite high, firms face no firing

costs when laying off workers at the end of the apprenticeship.

Our union model is intended to capture these features of the German collective
bargaining system. The crucial feature of our model is the coexistence of a unionised
and non-unionised firms. The difference between the two types of firms is that unionised
firms have to pay at least the union wage, and are allowed to pay a higher wage. Non-
unionised firms, in contrast, may pay whatever wage they want. Workers differ with
respect to their productivity, conditional on the region, industry and occupation they
work in, but the same union wage applies to all of them. Firms can lay off workers at
the end of the apprenticeship without incurring firing costs. Within this framework,
we analyse wage and training determination of both unionised and non-unionised firms
as well as the sorting of workers into unionised and non-unionised firms.

Note that although we model the union wage as a minimum wage, our model is
different from a minimum wage model in several important aspects. Most importantly,
in our model the union (minimum) wage is binding only in unionised firms, and firms
and workers always have the option not to be unionised. Moreover, the union wage

does not apply to workers in training.

3.2 A model of firm-financed training

This section sets up a simple model of firm-financed training. We first analyse firms’
incentives to train when there are no union agreements (section 3.2.1). We then incor-
porate wage rigidities due to unions into the model (section 3.2.2). In order to focus on
the impact of union agreements on training, we abstract from other reasons for wage
compression and firm-financed training, such as complementarity between general and
firm-specific skills, asymmetric information with respect to incumbent and outside firms

(Acemoglu and Pischke (1998)), and asymmetric information with respect to workers
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and firms (see Autor 2001 and Bhaskar and Holden 2002 models of this type).

3.2.1 Base model

There are many workers and firms. Firms and workers are risk-neutral. Firms maximise
expected profits, workers maximise expected utility. There are two periods. The first

period is the training period. There is no discounting,.

Productivity and training costs Workers’ productivity in period 2 depends on their

(true) ability n as well as on the amount of training received in period 1, 7:

y=y(r,m).

We assume that y(7,7) is strictly increasing, differentiable and concave in 7, with
-g% < 0. The return to training is higher for more able workers, i.e. % > 0. The
productivity of a worker in training is smaller than the productivity of an untrained
worker by a constant k, which represents a fixed cost of training. There are also
variable training costs which we denote by ¢(7). The function ¢(7) is strictly increasing,
differentiable and convex, with ¢(0) = ¢(0) = 0, ¢' (1) > 0. We further assume that the
firm’s production function exhibits constant returns to scale, i.e. the total productivity

of a firm is equal to the sum of each worker’s productivity.

Training decision In the first period, firms -as opposed to workers- decide how
much training to offer to a worker. Training is continuous, and firms can condition
their investment decision on workers’ expected ability. We analyse the firm’s decision
to train under the assumption that firms can only commit to training provision, but not
to the amount of training. We refer to this case as limited commitment. A justification
for this assumption is that training is not easily verifiable by a third party, and can
thus not be contracted upon. For our particular application - apprenticeship training
schemes in Germany - the assumption that firms can commit to training provision,
but not to the amount of training is reasonable. Trainees take centralised exams at
the end of the apprenticeship training period and receive a certificate that is widely

recognised. Hence, it is clearly verifiable whether a worker has received some training.
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However, an important part of apprenticeship training takes place inside the firm, and

is not easily observed by an outside party.

Information structure Workers’ ability 7 is drawn from a normal distribution with
mean 7 and variance 0727. In the first period firms and workers have the same information
about workers’ ability. Both parties receive a noisy signal 77 about workers’ ability. The

signal equals
n="1+é,.

Firms and workers use the signal to update the belief about workers’ ability. If g,
is normally distributed with mean 0 and variance 073’, then the updated belief about
the worker’s productivity is also normally distributed (DeGroot (1970)). The updated
belief about workers’ productivity is a weighted average of the prior mean, 7, and
the signal, 7. We denote this updated belief by 7. Let Fi(n|7) denote the ability
distribution of a worker with expected ability 77®. In the second period both incumbent
and outside firms symmetrically learn about workers’ true ability. The assumption

that firms perfectly learn about workers’ ability is not essential for our results.

Mobility At the end of the training period workers decide whether to switch firms.
As in Acemgolu and Pischke (1998), we assume that during the training period workers
experience a utility shock 8. This shock captures the worker’s ex post evaluation of her
work environment. For example, it may reflect how well the worker gets along with
her co-workers and supervisors. Only the worker, but not the firm, observes §. We
specify the worker’s utility in period 2 at the incumbent firm, U?, as a simple linear
function of the incumbent firm’s wage offer, w, and the utility from non-pecuniary job

characteristics, 6 :
U=w+8.

The worker’s utility at outside firms is equal to the wage offer, v. The utility shock

is drawn from a distribution with the cumulative distribution and probability density

-2 ,~ 2
8From DeGroot (1970), E[n|7] = ——d———'l”j’iZZ , and V[n[n] = 1[41._71'
7 n ot o
7 n
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function G and g and support [§,8]). We assume that G(.) belongs to the family of
log-concave distribution functions, i.e. 13(—5()9) is non-decreasing in 8. We also assume
that the distribution of the utility shock neither depends on workers’ ability nor on
training.

Notice that the assumption that the upper support of G is positive, § > 0, implies

that some workers may stay with the employer even if offered a lower wage than outside

firms. Consequently, firms make positive profits in the second period.

Wage determination Each period firms simultaneously make wage offers to the

worker by maximising expected profits. Long-term wage contracts are not feasible.

Free entry condition Finally, we impose a free entry condition on firms: No firm

earns positive profits in equilibrium at any point in time.

Timing The exact sequence of events is as follows.

1. At the beginning of period 1 firms and workers receive a noisy signal about

workers’ ability.

2. Firms offer a (first period) wage and choose whether and how much to train the

worker.
3. Training/production takes place.

4. At the end of the training period all firms and workers get to know workers’

ability. Incumbent and outside firms make a wage offer to the worker.

5. At the beginning of period 2 workers learn their utility shock. They decide

whether to stay with or leave the training firm.
6. Production takes place.

7. At the end of the second period workers retire.

We solve the model backwards and begin with wage determination in the second
period. We then turn to firms’ incentives to train and wage determination in the first

period.
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Wage determination in the second period

Firms observe workers’ ability so that the wage offer of incumbent and outside firms
depend on ability. Wages also depend on training. Although outside firms may not
be able to directly observe the worker’s training level, in equilibrium they can infer
the training level the incumbent firm has chosen in the first period, as they know the
incumbent firm’s maximisation problem?®.

Let w denote the wage offer of the incumbent firm and v the worker’s outside
wage offer. Due to perfect competition in the outside market, outside firms bid up
workers’ wage until it equals the worker’s (marginal) productivity, i.e. v = y(7,7).
Incumbent firms set wages by maximising expected profits, and trade off a higher
chance of attracting the worker with a lower rent per worker. A worker stays with the
training firm if the utility from staying, w + 6, exceeds the utility from moving, v = y.

Hence, the probability of staying is
Pr(stay) = Pr(@ >y —w) =1-G(y — w).

If > 0, this probability is positive even if w < y : Some workers stay with the firm
although they receive a lower wage offer from the incumbent than from outside firms.
Incumbent firms maximise
max (1~ Gly —w))(y — w)

From the first order condition, w satisfies

1-G(y —w)
YT T ely—w)
Log-concavity of G guarantees that the second order condition for a maximum is sat-
isfied. Since workers stay with a positive probability with the incumbent firm even if
they receive a higher outside wage offer, firms have monopsonic power and pay wages
below productivity. It can be easily verified that ‘é—‘;’ = 1: A productivity increase of

one unit leads to a wage increase of the same magnitude. Hence, the wage offer of the

‘Here we are implicitly assuming that outside firms observe the worker’s expected ability in the

first period (or her first period wage).
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incumbent firm is equal to the worker’s productivity minus a constant, A :
wi=y—A. (3.1)

This is due to the assumption that the distribution of non-pecuniary job characteristics

does not depend on workers’ ability and training.

Training decision and wage determination in the first period

We now turn to the firm’s training decision. Since commitment to training provision
is limited, firms choose the training level by maximising future profits. They do not
take into account the impact training has on the utility of the worker. From (3.1),
firms earn a rent of A on each retained worker. A worker stays with the incumbent
firm with probability (1 — G(A)). Hence, the firm’s profit in the second period equals
IT = (1 — G(A))A. Clearly, it does not depend on training. Consequently, firms offer
no training in equilibrium. Although non-pecuniary job characteristics lead to firms

making positive profits, they do not compress the wage structure. We summarise
Proposition 1 Under limited commitment firms offer no training.

We finally have to analyse how wages are determined in the first period. Because
of the free-entry condition firms make zero profits at any point of time. In the first
period firms thus bid up the worker’s wage until all rents are exhausted. As firms
make positive profits in the second period, first period wages are higher than workers’
expected productivity in the first period. Hence, there is front-loading. First period

wages satisfy

W = E[y(0,n)] + (1 - G(A))A. (3-2)

3.2.2 Union agreements

We next incorporate wage rigidities due to unions into the training model. The model
intends to capture the basic features of the German collective bargaining system (see

section 3.1). Most importantly, a unionised and non-unionised sector coexist. Each
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sector consists of many firms competing for workers. The difference between the two
types of firms is that unionised firms have to pay at least the union wage, while non-
unionised firms may pay whatever wage they want. We denote the union wage by w.
To simplify the notation, we assume that the same union wage applies for workers with
and without an apprenticeship. Our results also hold if the union wage for workers
with training exceeds that for workers without training, as long as training increases
productivity more than the union wage. Union wages do not depend on ability, and
do not apply for workers in training. Firms can layoff workers at the end of the
apprenticeship without incurring any firing costs.

In Germany, firms can change their union status. In the theoretical analysis, we
rule this out for simplicity. Our key result that unionised firms are more likely to train
than non-unionised firms continues to hold if firms that were unionised in the past are

more likely to be unionised in the future. This clearly holds in the data.

We commence by analysing wage determination in the second period. We then turn
to firms’ incentives to train and wage determination in the first period. Finally, we
analyse the sorting of workers into the unionised and non-unionised sector, and give

an interpretation why unions increase training.

Wage determination in the second period

Non-unionised firms First, consider non-unionised firms. Due to the free entry condi-
tion, unionised and non-unionised outside firms (i.e. firms that do not employ a par-
ticular trainee) continue to pay wages equal to workers’ productivity. Consequently,
union agreements do not affect wage determination of incumbent non-unionised firms:
Since the worker’s outside option is unaffected by union agreements and union agree-
ments do not apply to non-unionised firms, non-unionised incumbent firms continue

to offer a wage equal to the worker’s productivity minus a constant A (see expression

3.1).

Unionised firms Union agreements affect wage offers of unionised incumbent firms.

Figure 3.1 illustrates how wages are set in these firms. In the figure, we consider
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Figure 3.1: Wage determination in unionised firms
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untrained and trained workers. The vertical axis carries the wage and productivity
of the worker, and the horizontal axis her revealed ability. Productivity and wages of
untrained (trained) workers in the absence of any union agreement are indicated by
the panels y™ (y*) and w™ (w'). From (3.1), they are equal to productivity minus a
constant, A. The horizontal line indicate the union wage w. It is useful to distinguish

between three groups of workers.

1. Workers with productivity below the union wage. In the figure these are workers
with ability below 7% if trained and 77 if untrained. These workers are worse
off due to union agreements. Unionised firms do not find it profitable to employ
them. As there are no firing costs at the end of the apprenticeship, these workers
are laid off. They find work in non-unionised firms and earn a wage equal to their
productivity. Note that layoffs at the end of the apprenticeship occur because
employers acquire new information about workers’ ability during the training
period. If unionised firms had known workers’ ability in the first period, workers

with an ability below n7* (n¢) would not have been hired.

2. Next, consider workers with a productivity above the union wage, but whose
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wage in the absence of union agreements falls below the union wage. In the
figure, this refers to all workers with ability between n¢ and 7% if trained, and
n and 75 if untrained. These workers are better off due to unions, and earn
a higher wage than they would in the absence of union agreements. Optimally,
unionised incumbent firms would want to offer a wage below the union wage. As
they are not allowed to do so, the best they can do is to offer just the union wage.
Hence, workers with ability between 7% and n% (n7* and 73*) are paid the union

wage.

3. Finally, consider workers whose wage in the absence of union agreements exceeds
the union wage. In the figure this applies to all workers with ability above 7} if
trained, and n3* if untrained. These workers are unaffected by union agreements.
The union wage is not binding for these workers. They thus earn the same wage

as in the absence of union agreements.

Note that the probability that a worker turns out to be less able than 7% (n7*)

depends on the worker’s expected ability, 7.

Training decision and wage determination in the first period

We now turn to the training decision of unionised and non-unionised firms in the first

period.

Non-unionised firms Non-unionised firms offer no training in equilibrium. This
is because union agreements have no impact on wage determination of non-unionised
firms. The future profit of non-unionised firms is thus the same as in the absence of

union agreements, and is not increasing in training (proposition 1).

Unionised firms We next argue that training increases the future profits of unionised
firms. This is best understood from figure 3.1. Consider a worker whose true ability is
n. Without training the firm would make zero profit on this worker. With training
the worker’s productivity is higher than the union wage w, and the firm makes positive

profits. More generally, training increases the rent on all workers with ability between
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n' and n3'. Workers with ability below 7} are less productive than the union wage even
after training. Workers with ability above 73* are unaffected by union agreement even
without training. Observe that this argument relies on firms making positive profits
in the second period. Although non-pecuniary job characteristics are not sufficient to
induce firms to sponsor training, they are necessary for unions to have an impact on

training.

We now formalise this argument. We first derive an expression for the second period
profit of unionised firms. Let E[IL,(7,7)|7] denote the future (i.e. second period) profit
on a worker with expected ability 7. Define 0, as y(r,n,) = @, i.e. workers with
ability below 7, have a productivity below the union wage. Similarly, define 7, as
y(1,my) =W+ A, i.e. workers with ability above 7, are not affected by the union wage.
Observe that 7, and n, depend on the worker’s training level. Unionised firms lay off
workers with ability below 7; and hence make zero profits on these workers. For workers
with ability between 7, and 7,, unionised firms earn a rent of y —w. These workers stay
with the unionised firm after apprenticeship graduation with probability 1 — G(y — ).
Finally, for workers with ability above 7,, firms make a profit of (1 — G(A))A. Hence,
unionised firms maximise

max  —c(7) + E[lL(7,n)[N] = —C(T)+/n2(1—G(y—w))(y~@)dﬂ(n|ﬁ)

T N
+(1 = Fi(n[m)(1 — G(A))A.
The training level unionised firms offer (in case they decide to train the worker), 7,

solves 10

J (Fo) = OF [Hug’;u’ ) 7]

- / (1= Gly(Fayn) - w))%dﬂ(nlﬁ) (3-3)

~ [ 6(6(Fus) ~ ) u(Fus) — ) 3R ()

m

Training affects profits in two ways. First, training increases the rent on trained work-

ers. This effect is represented by the first term in (3.3). Second, training decreases

10Here, we have used that y(7,7m,) = W+ A.
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the probability that the worker stays with the firm. This effect is captured by the
second term in (3.3). In appendix B we show the first effect dominates the second
effect. Hence, training increases the future profit of unionised firms, i.e. @gf@ >0
and 7, > 0.

As the productivity of workers in training differs from the productivity of untrained
workers, firms do not find it profitable to train every worker. The unionised firm will
only offer training if the profit with training exceeds the profit without training. In
appendix B we show that there exist two thresholds which we denote by 7, and 7j,.
The unionised firm trains the worker if her expected ability lies in between these two
thresholds. The training choice of unionised firms therefore satisfies

0 ifn<mory>n,,

Tu i M <<,
The intuition for these results is as follows. Recall from figure 3.1 that training increases
future profits only of workers with ability between 7% and 73¢. Consider a worker with
very low expected ability. This worker is likely to turn out to be less able than 7%. The
probability that she will be laid off after training is therefore very high, and the firm
is better off by not training (and not hiring) her. A worker with a very high expected
productivity, on the other hand, is likely to turn out to be more able than n3*. The
probability that this worker will be affected by the union wage is therefore low even
without training. Again, training has only a small impact on the firm’s future profit.
In other words, union agreements compress wages only for workers with a productiv-
ity around the union wage, and firms find it most profitable to train these workers.
Consequently, the impact of union agreements on training is not uniform: Unions have
little or no impact on training for workers with very low and very high (expected)
productivity, and the strongest impact for workers with expected productivity around
the union wage.

For the US, there is evidence that more productive workers receive more training
(e.g. Altonji and Spetzler 1991). This should not be interpreted as evidence against
our model. There are other reasons for firm-financed general training, such as the com-

plementarity between firm-specific and general training, which we have not modelled
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Figure 3.2: Socially optimal training and training in unionised firms

training socially optimal training level —_— >

training level in unionised firms

v

A A A expected ability

and which may lead to more training for more able workers. Our model merely predicts
that the impact of unions is strongest for workers in the middle range of the ability
distribution.

Figure 3.2 plots the socially optimal training level and the training choice of unionised
firms as a function of workers’ expected ability. Non-unionised firms train no worker.
Unionised firms offer some training. It is of interest to compare the training level
unionised firms offer with the socially optimal training level. In the social optimum,
the marginal cost of training is equal to the marginal product of training. Since there is
a fixed cost of training, only workers with an expected ability above 7" are trained (see
appendix A for details). Since unionised firms choose training such that its profits are
maximised, and ignores the impact of training on the utility of the worker, unionised

firms offer less training the socially optimal.

Next, we analyse wage determination in unionised and non-unionised firms in the
first period. Details can be found in appendix B. Wages in the first period are deter-
mined by the firm’s zero profit condition. As firms make positive profits in the second
period, they make negative profits in the first period. Since union agreements do not

affect profits and wage determination in non-unionised firms, non-unionised firms offer
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the same first period wage as in the absence of union agreements, (3.2). The first
period wage offer of unionised firms can be similarly derived. It is the firm that bears

the training cost. We summarise our results in the following proposition.

Proposition 2 Under limited commitment non-unionised firms offer no training.
Unionised firms train workers with expected ability 1, < 1 < 7j,. These workers are
offered a training level of T,. Training in unionised firms is less than socially optimal.
Firms bear the training cost.

Proof. See appendix B. =

Sorting into the unionised sector

We finally sketch the sorting of workers into the unionised and non-unionised sector
in the first period. Details can be found in appendix C. A worker bases her decision
in which sector to work on the training level as well as on the first and second period
wage unionised and non-unionised firms offer. She chooses to work in the sector in
which her utility is higher.

Consider first the impact of training on worker sorting. As it is the firm which
bears the training cost, workers are better off if they receive training. Hence, workers
for whom union agreements increase the probability of receiving training (77, <7 < 7,)
typically prefer to work in the unionised sector. Workers sort into the unionised sector
based on the impact unions have on training.

Second, consider the impact of the worker’s expected ability on worker sorting.
Suppose unionised and non-unionised firms offer the same training level. Then there
exist an ability threshold such that workers with expected ability above this threshold
prefer to work in unionised firms. More able workers thus self-select into the unionised
sector. The intuition for this result is simple. Fz post, workers who will be paid the
union wage are better off, while workers who turn out to be less productive than the
union wage are worse off when working in the unionised sector. Workers with low
expected ability are likely to be of lower productivity than the union wage, and thus
choose to work in non-unionised firms. We would like to emphasise that ez ante all

workers are better off due to unions. Since a worker can always choose to work in
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a non-unionised firm, she is guaranteed at least the same payoff as in the absence of
union agreements. This is essentially due to our assumption that there are no spill-overs
from unionised to non-unionised firms: Wage determination in non-unionised firms is
unaffected by unionised firms.

Also note that in our model firms are indifferent between becoming unionised or not.
Both unionised and non-unionised firms make zero profits in the long-run. Compared
to non-unionised firms unionised firms make a lower profit in the second period and
therefore a lower loss in the first period. There is thus less front-loading in unionised

firms.

Interpretation: Unions as a commitment device

We next give an interpretation of why unions increase training in the economy. Recall
that the reason why -in the absence of unions- the training market breaks down is
that firms cannot fully commit to training provision. This problem can in principle
be mitigated -though not eliminated- by a long-term wage contract that does not only
specify today’s but also future wages. In our model, unionised firms offer a special type
of a long-term wage contract: They guarantee to pay at least the union wage in the
future. In principle, firms could offer such a contract without becoming unionised. The
problem with this type of contract is that it is not self-enforceable. Once training is
completed, the firm has an incentive to deviate and pay a lower wage than the agreed
minimum wage. Hence, the role unions essentially play in our model is that they serve
as a commitment device. Unionised firms credibly signal to workers that they will pay
at least the agreed union wage in the future. This then provides an incentive for firms

to train workers, and improves welfare in the economy.

3.3 Empirical Implications

3.3.1 Training in unionised and non-unionised firms

According to our model, union agreements compress wages only in unionised, but

not in non-unionised firms, therefore predicting training in unionised, but not in non-
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unionised firms. Our model addresses only one reason for wage compression - other
reasons include asymmetric information. This may lead to firm-financed training also
in non-unionised firms. The key test for our model is whether unionised firms are more
likely to train workers in apprenticeship schemes than non-unionised firms.

Testing this hypothesis is not straightforward for a number of reasons. First, our
model suggests that workers with a higher expected ability self-select into the unionised
sector. If more able workers are more likely to receive training, a simple comparison
of the mean training intensity in unionised and non-unionised firms will overstate the
causal impact of unions on training. Second, our model suggests that the impact of
unions on training depends on workers’ expected ability, and that workers sort into the
unionised sector based on the impact unions have on training. This may lead to an
upward biased estimate for the average impact unions have on training (i.e. the impact
of unions on the training probability of a randomly selected worker or firm). Finally,
the firm’s decision to be unionised may also depend on firm characteristics. If these
characteristics are correlated with the firm’s propensity to train, a simple comparison
of mean training intensity is again misleading.

Our empirical test is based on firm panel data, supplemented by information about
the firm’s workforce. We use a difference in difference estimator to evaluate the effects
of unionisation on training, assuming that changes over time are the same in firms that
change unionisation status, and in firms that remain non-unionised in both periods. To
take account of changes in firm characteristics as well as workforce quality within the
firm, we condition on changes in observable worker and firm characteristics in addition.

Define §j;; as the proportion of apprentices at time ¢ in firm j. The proportion
of workers in apprenticeship schemes depends on the union status of the firm Uy, a
time effect 6;, observed and unobserved average worker characteristics, 7, as well
as observed and unobserved firm characteristics, f;. Both 7, and f; are defined as
deviations from the population mean. Assuming linearity, this relationship can be

written as

Uit = B+ X Ut + 0 + 7 + fi + 5, (3.4)
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where vj; is ani.i.d. error term, and \;; is the effect of unions on the training probability.
This parameter is time and firm-specific, as the impact of unions on training depends
on workers’ expected ability. The parameter we seek to identify is the difference in
the training intensity between being unionised and non-unionised for those firms that
choose to be unionised, E (7}, — 7%|U;y = 1). Evaluation of this effect requires to
construct a missing counterfactual, namely the training intensity of firms that choose
to be unionised, in the non-unionised state.

To identify this effect, we make use of the panel nature of our sample. We observe
the training intensity of firms that enter union agreements in period ¢ in previous
periods when they were not unionised. However, a simple difference estimator may
confound the causal effect of unionisation on training with common time effects, and
changes in the composition of the workforce, as -according to our model better workers
self-select into unionised firms.

We assume that changes in common time effects (A8,) are the same in firms that are
not unionised in both time periods, and in firms that change from being non-unionised
to being unionised, conditional on changes in observables. Furthermore, we assume
that any variation in changes in the workforce quality that is correlated with changes
in the union status is absorbed by changes in observed worker characteristics as well

as firm characteristics. These assumptions imply that

mje = E(A8 + AT, + Avye|Use = 0,Uje—1 = 0, A Xj)
= E(A0:+ AT, + Avp|Uje = 1,Ujer = 0, A Xje)

where Xj;; is a vector of observed characteristics of the firm’s workforce as well as
observed firm characteristics. The key identifying assumption is that, conditional on
changes in X;, changes in the counterfactual outcome distribution of firms who changed
to be unionised, had they not changed to be unionised, is the same than the observed
outcome distribution of firms that are not unionised. Under this assumption, estimation

identifies the treatment on the treated effect:

E(g;t - g?tlth = 1) = E(ﬂjt - gjt—1|th = 1; th—l = 0, Ath) — Myt .
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Our estimation strategy combines a linear matching estimator with a difference in

difference estimator. The equation we estimate is given by
ijt = Af)t + AX;td + A’th -+ Athjt ) (35)

where the sample includes firms that are non-unionised in both periods, and firms that
change from being non-unionised in period ¢ — 1 to being unionised in period t.

Another parameter of interest is the effect of leaving the unionised sector on train-
ing intensity. Under the same set of assumptions than above, this should then identify
E (99, — 7;,|Uj: = 0). Furthermore, we could define as an alternative comparison group
firms that are unionised in both periods. In this case, identification requires the ad-
ditional assumption that E(Ajq) — Aje—1y|Uje = 1,Uje-1 = 1,A X)) = 0. Below we
present results for all these groups.

3.3.2 Worker selection: Wages of movers and stayers in unionised

and non-unionised firms

The second set of empirical implications of our model concerns worker selection. These
additional implications allow us to test whether the assumptions we made about wage
determination in unionised and non-unionised firms are compatible with the data.
They also help us to identify other reasons for firm-financed training, and thus help to
answer the question why possibly also non-unionised firms offer apprenticeship training.
However, they hold even if unions have no impact on training.

In our model, two types of worker selection are present. First, in period one work-
ers sort into the unionised and non-unionised sector based on their expected ability.
Second, in the second period, workers’ decision to leave the training firm depends on
their revealed ability.

The following proposition summarises the empirical implications of our model for
this second type of selection. In the empirical analysis, we control for the first type of

selection.

Proposition 3 (i) In non-unionised firms, endogenous and exogenous movers are

as productive as stayers and earn a higher wage than stayers. (ii) In unionised firms,
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endogenous and exogenous movers may be less productive and may earn a lower wage
than stayers. (i) The difference between the wage of endogenous movers and stayers
18 lower in unionised than in non-unionised firms.

Proof. See appendix D. m

The intuition for these results is as follows. Consider first workers in non-unionised
firms. Perfect competition ensures that workers who leave the training firm are paid
their marginal product, while workers who remain with the incumbent firm receive
a wage that is lower than their marginal product, due to a rent A induced by non-
pecuniary utility shocks. Hence, conditional on productivity, endogenous as well as
exogenous movers earn a higher wage than stayers. Furthermore, the difference be-
tween the incumbent and outside offer, A, does not depend on workers’ productivity.
Consequently, the probability that a worker leaves the firm does not depend on her
productivity, and stayers, endogenous as well as exogenous movers all have the same
productivity on average.

Next, consider workers in unionised firms. As in non-unionised firms, exogenous
and endogenous movers earn a higher wage than stayers conditional on productivity.
However, in unionised firms there is also selection. On the one hand, unionised firms
dismiss all workers with a productivity below the union wage after training. These
workers find employment in non-unionised firms and are paid a wage equal to their
productivity. This effect leads to a lower average productivity of movers than of stayers.
On the other hand, among workers who are paid the union wage, it is the more able
workers who are more likely to leave. Figure 3.1 illustrates this point. Recall that
the probability of moving is G(v — w), where w and v denote the worker’s training
and outside firm wage offer, respectively. Consider a trained worker with ability nt.
This worker is offered the same wage by the training and outside firms. Hence, the
probability that she leaves the training firm is G(0). Workers with ability above 7%, on
the other hand, are offered a higher wage by outside firms than by the training firm,
and are thus more likely to leave the training firm. This effect leads to a higher average
productivity of movers than of stayers.

Finally, the model implies that the difference between the wage of endogenous
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movers and stayers is lower in unionised than in non-unionised firms. The reason
is that for workers who are paid the union wage -and among whom it is the more
able workers who are more likely to leave the training firm-, the difference between the
incumbent and outside wage offer is less than A, i.e. what it would be in non-unionised
firms.

Unconditional on the union status our model thus makes no ambiguous predictions
about wages of movers and stayers. Hence, our model’s empirical implications are
consistent with empirical predictions of Acemoglu and Pischke’s (1998) asymmetric
information model: Workers who leave the training firm for endogenous reasons are
less able than workers who stay with the training firm or leave the training firm for
exogenous reasons (i.e. because of plant closure or military service). Information on
the union status of the training firm helps to distinguish between these two alterna-
tive explanations, as our model unambiguously predicts a higher mover-stayer wage

differential in unionised than in non-unionised firms.

Our empirical test is based on the following simple model!!:

wie =¥ Myo) +Mj0) + (M — Tj0) + it

where w;; denotes the worker i’s log wages ¢ periods after apprenticeship completion.
M; () is an indicator variable, being equal to one if the worker left the training firm
right after the training period. We will distinguish between separation for exogenous
or endogenous reasons. Endogenous movers are workers who leave the training form
either because they are laid off, or because they quit. Exogenous movers leave the
training firm because for exogenous reasons (we use military service and training firm
closure in our analysis).

Separation may be separation from a unionised firm (A/I;fo))> or a separation from
a non-unionised firm (M), with M) = Mty + M) The quality of the worker
is represented by 7;, while 7, captures the average quality of workers at firm j at

the time of apprenticeship completion that trained the worker. When we say worker

quality, we mean both her ability and training she received. Finally, e;;; is a random

'See von Wachter (2002) for a similar set-up.
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disturbance term. Due to non-pecuniary job characteristics, our union model implies
v > 0, for workers trained in unionised as well as non-unionised firms. OLS estimation
results in

COV(ﬁj(O)a Mz‘(O)) Cov(n; — 75(0)s Mi(o))

¥ =+ 3.6
=7 Var(M;q)) Var(Miq)) (36)

The second term in (3.6) captures sorting of workers into training firms. In our
union model, workers sort into the unionised sector in the first period based on their
expected ability. If retention rates after apprenticeship completition are higher in
unionised than in non-unionised firms, then the second term is negative, otherwise it
is positive.

The third term captures the selection of workers after training. It tells us whether
among trainees in the same firm, it is the less or more able workers who are more likely
to leave. It is this covariance we are interested in. Acemoglu and Pischke’s (1999)
asymmetric information model implies a negative covariance, while our union model
makes no unambiguous prediction. Suppose we can control for sorting of workers into
training firms. Then, as v > 0, a negative estimate for 4 -i.e. a lower wage for movers
than for stayers- implies that it is the low quality workers who are more likely to
leave the training firm. This is what we call adverse selection. In this case, the wage
difference between movers and stayers should be permanent, and visible even many
years after apprenticeship completion.

We control for selection into training firms in two ways. First, we condition on
observable training firm characteristics, such as firm size and sector. Second, there are
some workers in our data who have done their apprenticeship in the same firm. This
allows us to condition also on training firm fixed effects.

We also estimate this model for exogenous movers. A comparison between 4 for
exogenous and endogenous movers gives further evidence on adverse selection. Since
both exogenous and endogenous movers are paid a wage equal to their marginal pro-
ductivity, the difference between the estimates 4’s identifies the productivity difference

between the two groups of workers.
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3.4 Empirical Analysis

3.4.1 Data Sources

Our empirical analysis makes use of three unique data sources for testing implications
of our model. The first data source is a firm panel data set, covering the period
between 1996 and 1999. To this data source, we have matched information of the
firm’s workforce, drawing on the population of workers from social security records. We
use this data to compare the training intensity in unionised and non-unionised firms.
The second data source is a one percent sample of the German workforce, drawn from
social security records between 1975 and 1995. We use this data to test for an adverse
selection of movers. This data does not contain information on the firm’s union status.
For 1995 and 1997, we are able to combine information on workers’ post-training wages
with information on the union status of the training firm. We use this data to compare
the mover-stayer differential for workers trained in unionised and non-unionised firms.
We describe the data sources and the samples we use for analysis in detail in appendix

E.

3.4.2 'Training in unionised and non-unionised firms

Table 3.1 displays information on union coverage, the proportion of trainees in unionised
and non-unionised firms, and characteristics of firms and their workforce for the years
1996-1999. Information on the workforce (like the proportion of trainees, ratio of female
employees, average age of workers, and proportion of qualified workers) are constructed
by matching information of the workforce, retrieved from social security records, to the
firm panel data, as described in the appendix E. Entries are weighted so that they are
representative for firms (upper panel) and workers (lower panel).

About 56 percent of all firms are unionised. However, as unionised firms are pre-
dominantly large firms, 76 percent of all workers are employed in unionised firms.
Overall, 29 percent of all firms train workers on apprenticeship schemes, but unionised
firms are considerably more likely to train than non-unionised (38 percent vs. 17.5

percent). Those firms that are unionised have an average proportion of apprentices
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Table 3.1: Unionised and non-unionised firms

All Unionised Non-Unionised
Representative for firms
Proportion Unionised 56.20
Mean StdD Mean StdD Mean StdD
Proportion trainees (in percent) 809 17.98 10.18 19.17 542 15.93
Firm trains (in percent) 28.79 45.28 37.59 48.483 17.50 38.01
Proportion qualified workers 49.03 29.72 52.56 28.43 44.50 30.71
Number of new hires 0.999 6.78 1.16 8.17 0.783  4.38
Size 18.16 125.80 24.62 164.39 9.86 36.60
(Investment/worker)/1000* 18.77 603.39 11.81 822.09 27.66 835.05
(Turnover/worker) /1000* 383.42 1785.44 450.76 2086.94 294.61 1107.63
Average Age workers 3722 8.3 3668 806 3792 869
Ratio females 23.84 63.86 24.26 3121 2330 89.78
Daily Average Wage 88.73 46.0 93.74 435 8229 /8.2
Proportion young firms (<5) 20.67 40.49 19.22 89.40 2252 41.78
Proportion old firms (>30) 30.08 45.86 36.85 4824 2139 41.01
Profit evaluation good/very good 30.07 45.86 28.24 45.02 3242 46.81
Profit evaluation bad 9.77 29.69 9.03 2867 10.72 30.94
Representative for Workers
Proportion working in unionised firms 76.19
Mean StdD Mean StdD Mean StdD
Proportion trainees (in percent) 597 10.82 6.29 1046 493 11.83
Firm trains (in percent) 59.65 46.06 67.74 46.74 33.75 47.29
Proportion qualified workers 58.15 29.39 60.5 28.06 50.46 32.09
Number of new hires 25.23 10558 30.3 118.84 9.02 8586
Size 889.48 8/31.66 1121.8 3889.27 145.60 570.68
(Investment/worker)/1000* 16.12 385.82 14.6 240.10 20.71 659.46
(Turnover/worker)/1000* 711.14 5406.14 829.3 6133.22 320.32 1141.48
Average Age workers 38.52 5.52 38.6 5.07 3816 6.77
Ratio females 21.83 53.46 214 24.05 23.00 100.78
Daily Average Wage 118.16 50.87 123.89 46.32 99.80 52.36
Proportion young firms (<5) 15.61 86.30 13.3 33.98 2294 42.05
Proportion old firms (>30) 52.58 49.93 604 4888 27.25 44.58
Profit evaluation good/very good 31.00 46.25 29.1 4545 36.91 48.26
Profit evaluation bad 994 29.92 104 30.56 839 2773

Firm data and matched worker characteristics, 1996-1999. *: In 1996 German Marks

of 10 percent, while those firms that are not unionised have a proportion of only 5.42
percent. The numbers in the lower panel indicate that about 60 percent of workers
work in firms that report that they train apprentices; 34 percent of workers working
in non-unionised firms work in firms that train, while this is the case for 68 percent
of workers employed in unionised firms. These numbers show that also non-unionised

firms are engaged in apprenticeship training. However, in accordance with our model,
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the training intensity is higher in unionised firms.

The remaining table entries compare unionised and non-unionised firms in terms
of observable characteristics. The numbers show that unionised firms are substantially
larger and older than non-unionised firms. There is some evidence that the turnover per
worker is higher in unionised firms, while investment per worker and firms’ evaluation

of profits is more favourable in non-unionised firms.

In table 3.2, we display results from a difference in difference - matching estimator
(see (3.5) in section 3.3.1). The set of matching variables includes firm characteristics,
and characteristics of the workforce, as explained in the footnote of the table. The first
pair of columns uses firms that change from being non-unionised to being unionised,
where the reference category are firms that are non-unionised over the entire sample
period. Under the assumptions outlined in section 3.3.1, these estimates identify the
difference in the proportion of trainees (or in the propensity to train, row 2 of the table)
between being unionised and non-unionised for unionised firms. The estimates show
that the effect of unionisation on the proportion of apprentices is positive; the point
estimate is about 2.7 percent. Results in the second row refer to training propensity;
again, the estimate of the effect is positive and significant, indicating a 6.8 percentage
points higher probability of training in unionised firms.

The results in the next pair of columns refers to firms that change from being
unionised to being non-unionised, where again non-unionised firms identify the time
effects. The effect on the proportion of apprentices is practically zero, but not negative,
as predicted by our model. A reason may be that downward adjustment is not imme-
diate. Apprenticeship training schemes last for 2 - 3 years, and reduction is therefore
only possible at the margin. The effect on the self reported information of whether the
firm trains is negative, but insignificant.

In the next two pairs of columns, we repeat the same regressions, but we now
identify the time effects from firms that are unionised over the course of the panel.
As we explain above, this implies the additional assumption that the selection into
unionised firms over time remains constant. The results are very similar to those in

columns 1 and 2, and are further support for our model.
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Table 3.2: Effect of Unionisation on Training Intensity

Reference: Nonunion-Nonunion Reference: Union-Union

Nonunion-Union Union-Non-Union Nonunion-Union Union-Non-Union

Proportion Apprentices(0.0267 0.0104 0.0071 0.0059 0.0306 0.0067 0.0032 0.0041
Firm Trains [0.0677 0.0327 -0.0015 0.0192 0.0657 0.0297 0.0020 0.0181
1100 1513 4478 4891

Source: Firm panel, matched with employee information, 1996-1999. All regressions include time
dummies. Firm characteristics include changes in firm size, investment per worker, turnover per
worker, number of new hires, and evaluation of profit. Worker characteristics include changes in
the proportion of qualified workers, the average age of workers, the average daily wage, and the

ratio of females.

3.4.3 Worker selection

We now investigate the second set of empirical implications of our model, which con-
cerns worker selection. These additional implications allow us to test whether the
assumptions we made about wage determination in unionised and non-unionised firms
are compatible with the data. They also help us to identify possible other reasons for
firm-financed training, such as asymmetric information, and thus help to answer the
question why also non-unionised firms offer apprenticeship training.

We commence by estimating the wage differential for workers who stay with, and
leave the apprenticeship firm, using longitudinal data. This data does not contain
information on the worker’s union status. It has, however, several other advantages.
First, it allows us to precisely distinguish between stayers, exogenous and endogenous
movers. Second, and most importantly, we can study the evolution of wages, thus anal-
yse whether differences between wages for movers and stayers are permanent. Third,
for large firms, we are able to condition on training firm effects, thus eliminating the
effects of worker selection into training firms.

We then use matched employee-employer data, and distinguish between workers
trained in unionised and non-unionised firms. This data has the disadvantage that

we observe workers’ wages only once, right after apprenticeship completion. Further-
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more, we cannot distinguish between exogenous and endogenous movers, and it does
not constitute a random sample of apprentices. Despite these drawbacks, it helps to
discriminate between our union model and an asymmetric information model. Our
union model predicts a higher wage for movers than for stayers in non-unionised firms.
Hence, a higher wage for stayers among workers trained in non-unionised firms must be
due to asymmetric information. A higher mover-stayer wage differential in unionised

firms is evidence that union agreements contribute to an adverse selection of movers.

In table 3.3, we report wage differentials between stayers and various groups of
movers conditional on individual characteristics (columns 1) and individual as well as
training firm characteristics (columns 2). The entries in the two columns are coeflicients
on the respective dummy variable (for exogenous and endogenous movers).

Mobility after apprenticeship training is considerable. Overall, 33 percent of workers
leave the training firm after training. Of those, 6.9 percent are forced to leave their
training firm due to closure. If we do not condition on firm characteristics, workers who
remain with the training firm earn a 10.23 percent higher wage than workers who leave
the training firm for endogenous reasons. This wage differential is highly significant. It
reduces to 5.68 percent when we condition on training firm characteristics in addition.
This suggests that there is sorting of workers into training firms.

A comparison between wages for exogenous and endogenous movers (row 2 and
3) show sensitivity to the set of conditioning variables. When conditioning only on
worker characteristics, exogenous movers earn a significantly lower wage than endoge-
nous movers. However, it is predominantly small firms which close down!2. If larger
firms attract better workers, and larger firms have higher retention rates, then this
could explain the difference. Indeed, when we condition on characteristics of the train-
ing firm, exogenous movers obtain wages that are 3.3% higher than endogenous movers.
This difference is significant at the 1 percent level. Both groups obtain lower wages than

individuals who remain with their training firm after the training period has finished.

12The average size (median) of the apprenticeship firm for stayers is 1560 (57), for endogenous
movers 734 (35), for workers who leave due to plant closure 130 (8), and for workers who are drafted

into military service 560 (34).
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Table 3.3: Wages of stayers, endogenous and exogenous movers

1 2
worker standard + training firm standard
characteristics €rrors characteristics €rrors
N=24194 N=24194

1 stays 67 %
2 leaves 30.7 % -0.1023 (0.0041) -0.0568 (0.0039)
3 leaves, plant closure 2.3 % -0.1394 (0.0128) -0.0249 (0.0119)
Test: 2=3 F(1,24173)=8.14 Pv: 0.004 F(1,24162)=7.35 Pv: 0.006

4 no service, stays 62.8 %
5 service, returns 3.6 % 0.0005 (0.0100) 0.0004 (0.0099)
6 service, leaves 7.7 % -0.0878 (0.0076) -0.0409 (0.0070)
7  no service, leaves 25.9 % -0.1057 (0.0046) -0.0582 (0.0043)
Test: 6=7 F(1,22174)=4.72 Pv: 0.029 F(1,22163)=5.4 Pv: 0.021

Standard errors in parenthesis. The first column controls for worker characteristics only.
Regressors included are age at the end of the apprenticeship, duration of the apprentice-
ship, A-levels (Abitur), nationality and time effects. Column 2 also controls for charac-
teristics of the apprenticeship firm, i.e. firm size (in logs) and sector. For regressions that
include service quitters, ”problematic cases” are dropped. This reduces the sample size to
22196. Definition 1 is used for service quitters. Results are not sensitive to the definition
used and whether problematic cases are dropped or not.

The next panel of table 3.3 (rows 4-7) breaks the sample down according to whether
individuals went to the service after their apprenticeship training. This is the case for
11.3 percent of our sample. Of those, 68 percent do not return to the training firm.
Those who do service and return to the training firm have virtually identical wages to
those who stay with the training firm (row 6). In consequence, any wage advantage
of workers who do not return to the training firm after their service, compared to
endogenous movers, is unlikely to be due to training received whilst in service!®. Those
who were drafted into the service right after the apprenticeship and did not return to
their training firm have higher wages than endogenous movers (rows 7 and 8). This

difference is significant at a 5 percent level for both specifications.

13This confirms Acemoglu and Pischke’s (1998) conjecture that military service does not increase

productivity.
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These results are in line with an adverse selection of movers. However, our observ-
able training firm characteristics may be insufficient to control for sorting of workers
into training firms. Next, we present results that condition on fixed training firm

effects.

Fized training firm effects

In our sample, we observe for some larger establishments more than one worker
who obtains his apprenticeship training. This sample selects on large firms - while the
average (median) firm size is 1265 (58), the average (median) size of firms with multiple
apprentices is 5602 (1264). In table (3.4), we present results. Entries in the first and
second row replicate OLS estimations conditional on worker (row 1) and worker as well
as training firm characteristics (row 2); thus, results correspond to those reported in
the first and second column in table 3.3. For this selected sample of workers, OLS

estimates are 4-5 percentage points larger than those using the overall sample.

Table 3.4: Mover, fixed training firm effect estimates

Coeff StdE
1 leaves, worker characteristics -0.1437 (0.0092)
2 leaves, worker+firm characteristics [-0.1079 (0.0096)
3 fixed training firm effect -0.1059 (0.0095)

N=3874. Same specification as table 3.3.

The third row reports estimates conditional on training firm fixed effects. The
estimate is virtually identical to the one that conditions on observable training firm
characteristics. This suggests that there is Little sorting into training firms, conditional
on training firm size and sector. The lower wage for endogenous movers is therefore
likely to be a consequence of adverse selection. If this is the case, the wage differ-
ence between movers and stayers should be persistent, and visible many years after
apprenticeship completion. We next analyse the evolution of the mover-stayer wage

differential by experience.
Are differentials persistent?
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In figure 3.3, we plot wages against experience, where we distinguish between stay-
ers, movers, and individuals who change firm because the training firm closes down (left
panel) and individuals who change firms because of service (right panel). The graphs
are based on regressions which include the same set of variables as columns 2 of table
3.3. The graphs are constructed from estimated coeflicients for experience dummies,
and experience dummies interacted with an indicator variable for endogenous move, or

the respective exogenous move.

Figure 3.3: Wages of stayers, endogenous and exogenous movers by experience
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Wage disadvantages of endogenous movers relative to stayers are persistent, and
remain sizable even after 10 years of labour market experience. Both groups of ex-
ogenous movers have initially an intermediate position, but their wages catch up with
those of stayers. The provides additional support for the hypothesis that less produc-
tive workers are more likely to leave the training firm.

We have also estimated regressions that exclude sectors commonly viewed as prob-
lematic, like agriculture, and construction!*. Results change only slightly compared to

those reported above.

To sum up, we find strong evidence for an adverse selection of movers: It is the less
able trainees who are more likely to leave the training firm. This is implied by Acemoglu
and Pischke’s asymmetric information model. It is, however, also consistent with our

union model. In the next section, we use matched data to discriminate between these

14 Acemoglu and Pischke (1998) report that in the construction sector a penalty is imposed on firms

who do not train apprentices.
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two reasons for an adverse selection of movers.

Matched data: Unionised versus non-unionised firms

We now break down the mover-stayer wage differential by the union status of the
worker’s training firm. Our union model predicts a higher wage for movers than for
stayers in non-unionised firms. Hence, a higher wage of stayers among workers trained
in non-unionised firms must be due to asymmetric information. A higher mover-stayer
wage differential in unionised firms is evidence that union agreements contribute to an
adverse selection of movers.

We run separate regressions for workers trained in unionised and non-unionised
firms. Regressions include the same set of variables as columns 2 of table 3.3: dummy
variables for A-levels, nationality, year, and sector of apprenticeship firm; furthermore,

the duration of apprenticeship, age, and the firm size of the apprenticeship firm.

Table 3.5: Wages of movers and stayers: Unionised versus non-unionised firms

Unionised Non-unionised
N=35067 N=692
proportion coeflicient StdE proportion coefficient StdE
stays 74.34 % 68.83 %

leaves 25.66 %  -0.1481 (0.0042) 31.17%  -0.0771 (0.046)

Standard errors in parenthesis. Regressors included are age at the end of the apprentice-
ship, duration of apprenticeship, A-levels (Abitur), nationality, time effects, firm size (in
logs) and sector of training firm.

Table 3.5 reports results. We find a higher wage for stayers than movers also
for workers trained in non-unionised firms, indicating that asymmetric information is
one reason for an adverse selection of movers. However, the wage differential is 7.1
percentage points larger for workers trained in unionised firms, suggesting that union

agreements contribute to an adverse selection.
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3.5 Discussion and Conclusion

In this paper we revisit the question how wage rigidities caused by unions affect firm-
financed training. We address this questions within the German apprenticeship system.
We develop a simple model of unions and firm-financed training, and test its empirical
implications using matched firm-worker data. Our model is intended to capture the
specific features of the German collective bargaining system. In Germany, only firms
that belong to an employer federation are legally obliged to pay at least union wages.
Membership in an employer federation is voluntary. Union wages act as minimum
wages and apply to all workers in a unionised firm. The most important difference
between our and existing models, such as Acemoglu and Pischke (1999b) and Booth
et al. (1999), therefore is that in our model unionised and non-unionised firms coexist.
Unionised firms have to pay at least the union wage, but are allowed to pay a higher
wage!S. Non-unionised firms, in contrast, may pay whatever wage they want. Workers
differ with respect to ability, but the same union wage applies to all of them. Within
this framework, we derive wage and training determination in unionised and non-
unionised firms, as well as the sorting of workers into unionised and non-unionised
firms. Workers choose to work in the sector in which their utility is higher. Firms are
indifferent between joining the unionised or non-unionised sector.

Our key theoretical results can be summarised as follows. First, an adverse selection
of movers is not unique to Acemoglu and Pischke’s asymmetric learning model, but is
also consistent with our union model. Second, union agreements compress wages for
workers with a productivity around the union wage in unionised firms, inducing them
to train these workers. If union agreements are the only source of wage compression,
non-unionised firms offer no training. Training is less than socially optimal. Third,
the impact of unions on training is not uniform. Workers sort into the unionised
sector based on their ability and the impact union agreements have on training. The
role unions essentially play in our model is that they serve as a commitment device.

Unionised firms credibly signal to workers that they will pay at least the agreed union

130ur model therefore differs from union models such as Acemoglu and Pischke (1999b) and Booth

et. al. (1999) who assume that firms are forced to pay the union wage.
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wage in the future. Unions therefore make a simple form of a long-term wage contract
enforceable.

Our empirical strategy proceeds in two steps. In a first step, we use firm panel data,
matched with information about the firm’s workforce, to directly test whether unions
increase training. Our goal is to identify the causal impact of unions on training. Our
estimation strategy follows a difference in difference - linear matching estimator, taking
account of nonrandom selection of workers and possibly firms into the unionised sector.
We consistently find that unions increase training.

In a second step, we test for an adverse selection of movers. We find strong evidence
for this: Even after ten years in the labour market, endogenous movers earn consider-
ably lower wages than stayers and exogenous movers. We then use matched employee-
employer data to compare the mover-stayer wage differential for workers trained in
unionised and non-unionised firms. We find a higher wage for stayers than for movers
not only for workers trained in unionised firms but also for those trained in non-
unionised firms, but the differential is twice as high for workers trained in unionised
firms. This suggests that wage floors caused by unions contribute to an adverse se-
lection of movers, but are not the only reason. We conclude that wage floors created
by unions are an important reason for firm-financed training in Germany. However,
we cannot rule out asymmetric information as an additional reason for firm-financed

training.

Our results have important policy implications. First, a deregulation of the German
labour market that limits the power of unions may have undesired consequences for
the German apprenticeship system. Second, attempts to introduce training schemes in
countries in which unions play only a minor role may fail. It is, however, important
to bear in mind that the reason why unions induce firms to sponsor training is that
unions make long-term wage contracts enforceable. There may be ways to do so other
than through the unionisation of the economy -i.e. by strengthening the legal system.
Furthermore, training is less than socially optimal since firms cannot fully commit to
training provision. A better outcome may therefore be achieved by monitoring firms

to insure commitment to training provision.
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Our results also have important welfare implications. Most importantly, we find no
evidence that unions reduce training in the economy. Moreover, our results are com-
patible with unions moving training closer to the socially optimal level. The welfare-
improving impact of unions is the greater the higher the profit firms make. This sug-
gests that in labour markets with low mobility costs and wages close to productivity

-as maybe in the US- wage floors have only a small impact on training.
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3.6 Appendix

A Socially optimal training

At the social optimum the marginal cost of training is equal to the marginal product of
training:

| 2 ar gl = ¢

The assumptions on the cost and production function ensure that the second order condition
is satisfied. As the productivity of workers during training is smaller than the productivity of
untrained workers (fixed cost of training), it is not optimal to train every worker. A worker
should only be trained if her productivity when trained exceeds her productivity when not
trained, i.e. if
o0 o0
| v maRai —oF) ~ k- [ y0.mdRm 20 (37
—oo —o0
We next show that only workers with expected ability above 7}* are trained. Totally differ-
entiating the left hand side of (3.2.1) with respect to 7 yields

= Oy(7,n) ~ [ 0y(0,n) ~
/_oo o dF1(n|n) /_oo o dFy(n[n) >0

due to the complementarity between ability and training. There thus exists an ability thresh-
old 77" such that all workers with expected ability greater than 7" are trained, where 7" is
implicitly defined as
oo oo
| vEnaRai) - [ yOndRai) = o) + k.

—oo —o0
The socially optimal training level 7* therefore satisfies
0 ify<
172 7.

~x
)

N

B Proof of proposition 2

Proposition 2 Under limited commitment non-unionised firms offer no training. Unionised

firms train workers with expected ability 7j; < 7J < 7)5. These workers are offered a training
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level of 7,,. Training in unionised firms is less than socially optimal. Firms bear the training
cost.

We first show that the future profit of the unionised firm, E[IL,(7,7n)|7], is increasing in
training. The increase in E[IL,(7,7)|7] due to training equals

OE(ML, (7, n)[7]

o [ -6t - o) Zaram

T

- '/172 g(y(r,n) —w)(y(r,n) — w)%dﬂ (n[m)-

m
Recall that for workers with expected ability between 7, and 7, the union wage is greater
than the wage the firm would choose optimally. Hence, from the first order condition of the
second period wage, 1 — G(y — W) > g(y — w)(y — w). Consequently, B—E[%ym >0, and
T 2> 0.
We next show that workers with expected ability between 7j; and 7], are trained. A

unionised firm trains if profits with training exceeds profit without training, i.e. if
E[M.(0,n)[7] < —c(7u) = k + E[ILu(Tu, n)[7].

As &"8(:’")@ > 0, E[l1,(0,7)|7] < —c(Tu) + E[I1.(Tu,n)|7]. Hence, if the fixed cost of
training is equal to 0, (k = 0), every worker would get trained. Figure 3.4 illustrates the
impact of the fixed cost of training on the probability that a worker receives training. It plots
the firm’s profit with and without training as a function of the worker’s expected ability, for
moderate (panel A) and high (panel B) values of the fixed cost of training, k. The firm’s
profit is increasing in the worker’s expected ability, 7j. It is first convex, then concave in
7). To prove this, we first show that F [Hu(T, n) lﬁ] is increasing in workers’ expected ability.

Differentiating E[IL,(7,7)|7] with respect to 7} yields

QLEE%(%M _ :{(1 _ Gy —d)) - gly —T)(y — w)}g—zdﬂ(nlﬁ) >0,

We next show that II, is first convex and then concave in 7. Taking the second derivative
yields

0* EI (7, n)[7]
8;]\2

= /7)2{(1 — Gy — ) —gly —)(y _m)}%%@dn-
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Figure 3.4: Profit with and without training as a function of workers expected ability
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Observe that %g—@ >0if7 <n, and %@ < 0if 7 > n. Hence, the second derivative is
positive for low and negative for high values of 7. E[IL,(7,7)|7]is first convex, then concave
in 7. Note that limgs_, o E[II,(7,7)|7] = 0 : For a worker with very low expected ability,
the probability of being more productive than the union wage is 0, independently of her
training level. Furthermore, limg oo E[IL,(7,n)|7] = (1 — G(A))A : For a worker with
very high ability, the probability of being so productive that the union wage is not binding
is 1, independently of her training level. Hence, when workers’ expected ability is very
low, profits without training also exceed profits with training by k. Similarly, when workers’
expected ability is very high, profits without training also exceed profits with training by
k. Consequently, there are two ability thresholds 7j; and 7, such that expected profits with
training exceed expected profits without training if 7j; < 7 < 7),. See figure 3.4 for an
illustration!®.

We next show that unionised firms offer is less training than the socially optimal level.

At the socially optimal level, ¢/(T) = M, while the training level unionised firms

or
offer satisfies ¢/(T,) = B—E[%i“—’"l@. It is easy to see that aE[ygT’")'ﬁ] > 6E[H“g“"1)@. Hence,

unionised firms offer a lower training level than the socially optimal level.

Wage determination in the first period

It remains to analyse wage determination in the first period. Wages in the first period

1 Note that if the fixed costs of training, k, are high, it may be optimal to train no worker.
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are determined by the firm’s zero profit condition. Since union agreements do not affect
profits and wage determination in non-unionised firms, non-unionised firms offer the same

first period wage as in the absence of union agreements, (3.2). Hence,

Wi = W = / " y(0,m)dF,(0ff) + (1 - G(A)A.

The wage offer of unionised firms can be similarly derived as

[ min{w, [, y(0,n)dF\ (nlf) + BIIL(0, n)IA])}

if <7, or 7 >7, (no training).

S22, y(0,m)dF: (nf) — k + E[IL(Fu, n) 7] — c(Fu)
if7, <A<7, (training).

\

It is now apparent that firms bear the training cost. As the unionised firm only trains if
the profit with training, —k + E[IL,(Tu,n)[] — ¢(T4), exceeds the profit without training,
E[I1,(0,n)|7], the worker’s training wage is higher than her first period wage would be

without training.

C Worker sorting into the unionised sector

Non-unionised firms offer no training, while unionised firms offer 7;,. A worker chooses to
work in the unionised sector if her utility from working in the unionised sector exceeds that

from working in the non-unionised sector:
Wa(3, 1) + E[Uu(73, m)[7] 2 Weu(0,7) + E[Unu (0, n)[7),

where W;(7;,7), 7 = u,nu denotes the worker’s first period wage in a unionised or non-
unionised firm, and E[U; (7’;, n)|7), J = u, nu denotes her second period utility when working
in a unionised or non-unionised firm in the first period. We first derive the worker’s second
period utility when working in a non-unionised firm in the first period, E[Un,(0,7)[7]. If
the worker leaves her employer, she is paid a wage equal to her productivity, y(0,7). If she
stays, her utility is equal to the wage the incumbent firm offers, y(0,n) — A, plus the draw of

non-pecuniary job characteristics, 8. The worker stays if § > A. Hence, the worker’s expected
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utility in the second period equals

(>}

E{Ura(0,7)[7] = / y(0, m)dF (nff) + / 0 — AG(0). (3.9)

—00
Using that the worker’s first period wage equals Wru(0,7) = [ y(0,n)dFi(n[7) + (1 —
G(A))A (expression (3.2)), her utility from working in a non-unionised firm can be computed

as

(o0}

Wi (0,7) + E{Una(0, )] = 2 / y(0,n)dF (1) + /A 04G(6). (3.10)

-0
Next, we derive the worker’s second period utility when working in a unionised firm in the
first period, E[Uy, (7%, n)|7]. Workers who turn out to be less productive than 7, leave the
unionised firm and are paid a wage equal to their productivity y. Workers whose ability is
revealed to be between 7, and 1, get W + 0 if they stay and y if they leave. The probability
that they stay is 1 — G(y — @). Finally, the utility of workers who turn out to be more able
than 7, is equal to y if they leave, and y — A + 6 if they stay. The probability of staying is
1 — G(A). Hence, E[U,(T%,n)|7] can be computed as
g 2
B[U.(ri i) = / “wR + [0 -Gy -w)mREm + (1)

m

“cw-myaram + [ [ sdconm

m

/ " YA (nff) + +(1 — F(n,[f) / 6 — AG(6).

n2
Using expression (3.8) for the worker’s wage in the first period, her utility from working in a

unionised firm can be computed as

4

2 [, y(0,m)dFy(n[7)
+ [ from-wPAGO)AR () 7L =0,
+(1 = Fa(1,1) f4 0dG( m)
2 20, y(0,mdF (nl7) — k — ¢() (3.12)
+ 2o y(mdF (n]7)
+ [ fy(n) _0dG(0)dFi (n|7)
+(1 = Fi(no[n)) fA 0dG(m)

E[Uu(r3,n)ln]
if 73 > 0.
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Figure 3.5: Difference between the utility from working in a unionised and non-

unionised firm
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The sorting of workers into unionised firms depends on the training level unionised firms offer
as well as on their expected ability. First, consider the impact of training on worker sorting.
Recall that unionised firms choose training such that the marginal cost of training is equal
to the marginal profit of training: ¢/() = B—E[%ﬂjﬁl. Also note that the worker’s utility from
working in a unionised firm can be alternatively be written as W, (Tu, ﬁ) +F [Uu(Tu, 'r))|'77] =
—k — c(74) + E[Ly (T4, n)|7) + E[Uu(Tu,n)|7]. Hence, the training level that maximises the
worker’s utility,

Next, consider the impact of ability on worker sorting. Suppose unionised and non-
unionised firms offer the same amount of training. Figure 3.5 plots the difference be-
tween the utility from working in a unionised and non-unionised firm as a function of
workers’ expected ability. First observe that from (3.12), the utility from working in a
unionised firm converges to 2 ffooo y(0,n)dF1(n|7) as the worker’s ability becomes very low.
In contrast, from (3.10), the utility from working in a non-unionised firm converges to
2 (% y(0,n)dFi(nn)+ fz 0dG(0) as expected ability becomes low. Low ability workers are
therefore better off in non-unionised firms. Second, observe that fj—m 6dG(0) > fZ 6dG(0) :
Workers whose ability turns out to be between 7; and 7), are better off due to unions. Workers
with expected productivity around the union wage therefore prefer to work in the unionised

sector. Finally, workers who turn out to be more able than 7, are unaffected by the union
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wage. Hence, as the worker’s expected ability becomes very high, the difference between
the utility from working in a unionised or non-unionised firm converges to 0. This implies
that there exists an ability threshold such that workers with an expected ability above this

threshold prefer to work in the unionised sector.

D Proof of proposition 3

Proposition 3 (i) In non-unionised firms, endogenous and exogenous movers are as productive
as stayers and earn a higher wage than stayers. (ii) In unionised firms, endogenous and
exogenous movers may be less productive and may earn a lower wage than stayers. (iii) The
difference between the wage of endogenous movers and stayers is lower (in absolute terms) in

unionised than in non-unionised firms.

(i) Stayers, exogenous and endogenous movers in non-unionised firms

Outside firms offer a wage equal to workers’ productivity, i.e. v = y(7,7), while in-
cumbent firms offer a wage equal to workers’ marginal productivity minus a constant, w =
y(7,m) — A. Hence, conditional on workers’ productivity, wages of exogenous and endogenous
movers exceed wages of stayers by A. Furthermore, recall that the probability of staying is
1 — G(v—w). As v — w = A for all workers, the staying probability does not depend on
workers’ productivity. Consequently, stayers, exogenous and endogenous movers have the

same productivity on average.

(i) Stayers, exogenous and endogenous movers in unionised firms
We first compare the average productivity, and then the average wage, of stayers, exoge-
nous and endogenous movers. For a worker with expected ability 7] the probability of staying
with the unionised training firm is
M2
Pry(stay|n) = /17 1-Gly—w)dR@n) + (1 - Fi(n7)(1 - G(4)), (3.13)
while the probability of moving can be computed as

Pry(move[n) = Fy(m(n) + " G(y — w)dFi(n[7) + (1 - Fi(n[0))G(A).

m
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The average productivity of stayers, conditional on expected ability, equals

(1= Gy —w))ydF(nfn) + (1 - G(8)) [ ydFr(n[A)

1 314
Pr,(stay|n) , (314)

E,[ylstay, ] =

while the average productivity of endogenous movers, conditional on expected ability, can be

computed as

I ydF (nff) + [ Gly — )yd R (i) + G(A) [ ydFy(nlf)
Pr,(move|n)

E,|ly|move, 7] =
(3.15)

The average productivity of exogenous movers simply is

oo

Ely|exogenous] = / ydFi(n|n).

—00

Comparing the average productivity of stayers and endogenous movers, we get

E.ly|stay,n] — Ey,[y|move, 7] =

@ {f " (1 - Gly - BydF (@A) F (m]7) —

71 72
/ ydFu(f) [ 1= Gly - D)dF (nff)

—oo M

®  +0-c@a) [ vir@R [y -w)dEmm) -

m

" Gy — mydFu(ff) (1 - Fi(mal)

m
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Terms (a) and (b) are clearly positive. Term (d) is negative, but adding also term (c) yields

a positive expression, provided that the probability of staying exceeds the probability of

111



leaving. This clearly holds in the data. Term (e) is negative. To see this, observe that
J72 Gly—m)ydFi(nln) [ (1-Gy—m))ydFi (nlf)
I2 Gly—w)dFi (n|n) J2 1=G(y—w)dF1(n[n)

it is the more able workers who are more likely to leave. Hence, conditional on workers’

: For workers with ability between 7 < 11 < 1),

expected ability, it is ambiguous whether stayers are more or less able than movers. On the
one hand, the least able workers are laid off (n < 7;). On the other hand, among workers
who are paid the union wage (7, < 1 < 17),), more able workers are more likely to quit.
By the same argument, it is ambiguous whether exogenous or endogenous movers are more
productive.

Finally, note that as in non-unionised firms, exogenous and endogenous movers earn a
higher wage than stayers conditional on productivity. Hence, a lower productivity of movers
does not necessarily translate into a lower wage of movers. It is therefore ambiguous which
group of workers earns the higher wage.

(iii) We have to show that the difference between the average wage of stayers and en-
dogenous movers is greater than —A. The average wage of stayers, conditional on expected

ability, equals

e - Gy - @)ymdR (nff) + (1 = G(A)) [y — AdF(nf)
E,[wlstay, 7] = Pr(stay|7) ’

while the average wage of movers is equal to the average productivity of movers, given by

112



(3.15). Taking the difference, we get
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{Pr,(stay)Pr,(move)}.

Terms (a) and (b) are clearly positive. Term (d) is negative, but adding also term (c) yields
a positive expression, provided that the probability of staying exceeds the probability of

leaving. Term (e) and (f) are negative, but clearly smaller than —A.

E Data
Worker data: Description, Sample Selection and definition of variables

The first data set we use is of administrative nature, drawn from the German Social Security
Records, the so-called IAB-Beschiftigtenstichprobe. It constitutes a one percent sample of
the German labour force subject to social security contributions for the period between 1975
to 1995. The data contains an unusual set of background information for the individual,
including age and education. It allows to construct the complete work history, including

time spent in registered unemployment, from labour market entry onwards up to 20 years in
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the labour force. Furthermore, due to the administrative nature of this data set, wages and
employment spells are very accurate, and, other than in many surveys, wages are uniquely
assigned to particular jobs.

Firms report to the Federal Employment Office any beginning and end of an employment
relationship when these occur, as well as information on ongoing relationships at December
31st every year. The wage reported in our data is the average daily wage computed for
each spell. We deflate wages using the Consumer Price Index, with 1995 as the basis year.
Actual experience is measured as weeks (divided by 52) spent in full-time employment from
the 1st of January following the year the apprenticeship ended. Part time employment, time
as apprentice, time spent unemployed as well as time spent out of the labour force is not
counted. We assume that the wage data refers to experience accumulated at the start of each
employment spell.

A disadvantage of the data set is that it does not cover the entire German labour force,
but only employees within the social security net. This excludes, among others, the self-
employed and civil servants. As many administrative data sets, our data is right-censored at
the highest level of earnings that are subject to social security contributions. In our sample
top-coding is not a serious problem: Less than 0.5 % of all wage observations are top-coded.

We select from this data base a sample of male individuals who all went through appren-
ticeship training. We restrict analysis to former West Germany only. We define an apprentice
as a worker who is reported as an trainee in one company for at least 700 days, no matter
whether the education variable classifies him as a worker with or without a finished appren-
ticeship. In addition, we consider a worker with a work placement as an apprentice if the
work placement lasted at least 1 year (position variable) and he was employed as a worker

with a completed apprenticeship in at least half of his jobs (education variable).

Sample selection An apprentice is included in the sample if

e he completed the apprenticeship after 1979;
e he has never worked in East Germany;

e he completed only one apprenticeship;
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e if he was not older than 15 in 1975 and at most 19 at labour market entry and had

completed no A-levels (Abitur) at labour market entry;

e if he was not older than 15 in 1975 and at most 21 at labour market entry and had

completed A-levels (Abitur) at labour market entry.

We end up with a sample of 24194 individuals.

Our data set allows us to precisely determine whether a worker has left the apprenticeship
firm at the end of the training period. However, for apprentices who remain with the same
firm after training a separation between training spell and employment spell in the year when
training is concluded is not possible. When we compare entry wages of stayers and movers,
we therefore assign to both stayers and movers the first wage spell in the year following the
year the training period ended.

We define two types of exogenous movers. First, we follow Acemoglu and Pischke (1998)
and use draft into the military service or social service as a measure for exogenous separation
from the training firm!7. We refer to this variable as service. Second, our data set contains
also information on the size of the firm, as of June of the respective calendar year!®. From
this information we construct a measure for firm closure by computing the year in which
establishment size drops to zero.

Military and civil service last between 10 and 30 months, depending on the type of
service, and the year the service started. For most of the workers in our data set, service
lasted between 10 and 18 months. Our data does not contain direct information on whether
workers are doing military or civil service. We approximate service by the time workers spend
neither in registered employment nor in registered unemployment.!?

We use three alternative definitions. According to our first definition workers are clas-

sified as being in military or civil service if they are registered neither as employed nor as

17See Acemoglu and Pischke (1998) for details on compulsory service schemes in Germany.
18This information has been created by aggregating up the number of individuals for each

firm identifier by year from the population of individuals in the 100% sample.
YWorkers who have finished apprenticeship training are entitled to unemployment benefits

if they register as unemployed. Hence, it is likely that unemployed workers are also registered

as unemployed.
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Table 3.6: Military and Social Service: 3 Definitions

Definition 1 Definition 2 Definition 3

total workers 24194 24194 24194

military service 6611 6882 8074
no military service 13516 13516 13430
problematic cases 4067 3796 2690
> 24194 24194 24194

leaves due to service 2459 2510 2941
dos not leave due to service 4152 4372 5113
> 6611 6882 8074

problematic cases 1998 1923 1482

goes back to appr. firm 778 805 895
goes to new firm 1681 1705 2046

> 2459 2510 2941

unemployed for at least 10 consecutive months and not longer than 18 months. Some workers
in military service are still registered with their previous employer. These workers typically
return to the previous employer after the military service. For these workers, firms report the
working relationship as interrupted. We also classify these workers as in military service if
the time between the interruption spell and the beginning of the new job is at least 10 months
and at most 18 months. Workers are classified as not doing their military or civil service if
they have no non-employment gap longer than 10 months and no interruption spell longer
than 10 months. If workers have more than one non-employment gap or interruption spell
longer than 10 months, they are classified as ”problematic”. We also consider a worker as
problematic if both the interruption spell and the non-employment gap identifies the worker
as in military service.

Our second definition follows definition 1, but workers who are classified as in service
according to both the interruption spell and the non-employment gap are classified as in
service, and not as problematic.

Definition 3 follows definition 2, but extends the duration of the non-employment gap
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and the interruption spell to 30 months.

Table 3.6 shows the proportion of workers in service for the three definitions. According to
definition 1, 6611 out of 24194 workers do their military or civil service during the observation
period. Of those, 2449 leave the apprenticeship firm due to service. Of those, 778 return to
the apprenticeship firm. 4067 workers are classified as problematic. However, for our analysis
it is only important whether the worker is classified as problematic in the year he finished
his apprenticeship. This is the case for 1998 workers. A similar decomposition for definition
2 and 3.

To construct separations due to plant closure, we use information on the size of the firm
as of June 1% each year. We classify a worker as an exogenous mover due to plant closure if
the size of the training firm drops to zero in the year the worker finishes the apprenticeship
training period. Furthermore, if the worker completed the training period after June 1% he
is classified as an exogenous mover if the size of the training firm drops to zero in the next

year.

Firm data

Our firm data is based on a yearly panel of establishments, the so-called IAB-Betriebspanel.
The base population are all firms with at least one employee who pays social security contri-
butions. In 1993 the panel started with about 4,000 establishments; in 2000 around 13,000
firms participated in the survey (see Koélling (2000)). Large firms are over-sampled. We
restrict our analysis to West German firms in the private sector only.

Information on firms is collected through person-to-person interviews with the firm man-
agement. In addition to the union status, the data contains a large array of background
characteristics, including firm size, industry, investment, revenue, etc. A firm is considered
as "unionised” if it belongs to an employer association and is bound to the industry agreement
that is relevant for their particular firm ( Branchentarifvertrag), or if it engages in bilateral

negotiations with the union (Haustarifvertrag)?’.

20See appendix E for a brief description of the German collective bargaining system. In
our sample, the proportion of workers who are employed in firms that engage in firm-level

bargaining is 9 % (IAB-Betriebspanel, 1996-1999, worker weights).
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We are able to match for each firm and year average worker characteristics, which allows
us to compute the fraction of apprentices in the firm. Average worker characteristics are
computed from the social security records for each firm in our establishment sample as of
June 1% each year. This data is available from 1996-1999. We therefore use only the data
from 1996-1999 for the empirical analysis. We end up with an unbalanced panel of 4717 firms
and 13453 observations.

Table 3.7 lists and defines the variables of the firm data used in the empirical analysis.

Table 3.7: Variable definitions: Firm data

variable definition

union status 1 if firm is bound to industry or firm level agreement,

0 otherwise

firm size total number of employees in the firm

industry 10 industry dummies: Energy/mining/water industry;

chemical industry; metal industry /machines;

electro-technical industry/automobiles/optical industry;
wood/printing/paper; construction/capentry; retail/wholesale;
traffic/news; credit/insurance; other services

agriculture, charities/private househols and public sector dropped
revenue/worker total turnover in the firm in the previous year

devided by number of employees

inestment/worker total sum of investments in the previous year

devided by number of employees

age of firm distinguishes between 5 years and younger, 6-15 years,

16-30 years, older than 30 years

evaluation of profit firm’s current evaluation of profit; from 1 (very good) to 5 (very bad)

proportion apprentices {number of apprentices divided by number of employees

firm trains 1 if firm employs at least one apprentice, 0 otherwise

118



Matched data

It is in principle possible to match information on workers to the firm data. As our worker
data, the information on workers comes from social security records. In addition to average
worker characteristics for each firm for the years 1996-1999, we have access to the follow-
ing 'matched’ data set. For the comparison of the mover-stayer wage differential of workers
trained in unionised and non-unionised firms we select all workers who complete an appren-
ticeship in one of the firms in the establishment panel. A worker is included in the sample if
the apprenticeship ended between 1995 and 1997 and was done in the private sector in a West
German firm. For each worker we observe the first post-apprenticeship wage spell, whether
he stayed with or left the training firm, as well as the same background characteristics as
in the worker data. We match to this data the union status of the training firm from the

establishment panel.
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Chapter 4

Job Mobility in the United States

and Germany

The American labour market is generally considered as one of the most flexible labour
markets in the advanced world. The German labour market, in contrast, is a regulated
labour market with severe firing restrictions! and centralised wage-setting institutions.
It is also well known that German workers switch jobs less often than American workers.
For instance, Topel and Ward (1992) find that after ten years American workers are on
their 7th job on average, while German workers have worked for only 3 jobs (Dustmann
and Meghir (2003)).

This chapter provides new evidence on the job search process of young men in
both countries. Based on a search model with endogenous job-to-job and job-to-
unemployment transitions, we provide a simple method of decomposing the variance
of the unexplained wage component into the variance of ability, match quality, and
transitory component by experience.

While there are several empirical studies on job mobility for the US?, studies for

' According to ILO rankings, on a scala from 0 (firing costs non-existent) to 3 (firing costs severe)
the US ranks 0.4 and Germany 2.7 (OECD (1999)). Only Italy, Spain and Portugal are ranked higher

than Germany.
2Studies on job mobility in the US include Topel and Ward (1992), Farber (1994), and Light and

McGarry (1998).
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Germany are more rare®. The empirical analysis for Germany is based on a new and
unique administrative data set, the so-called IAB-Beschiftigtenstichprobe. The data
for the US comes from the 1979 National Longitudinal Survey of Youth (NLSY79).
Both data sets are well suited to analyse the mobility behaviour of young workers.
Most importantly, both data sets allow to construct an accurate and complete work
history of workers from labour market entry onwards.

The search model borrows from Jovanovic (1984) and Mortensen (1988). The two
crucial features lof the model are on-the-job search and learning about match quality.
On-the-job search leads to endogenous job-to-job transitions and allows workers to
allocate better matches over time. Learning about the quality of the match leads
to endogenous job-to-unemployment transitions. A match that used to be preferable
to unemployment may not be preferable anymore after disappointing news about the
match arrived. A distinction between job-to-job and job-to-unemployment mobility is
important. When moving from job-to-job workers gain search capital, whereas they
lose search capital when becoming unemployed. We extend Mortensen’s (1988) and
Jovanovic’s (1984) model by allowing the worker’s productivity to depend not only on
the quality of the match, but also on ability. We incorporate ability in the simplest
possible way, and assume that ability does not affect the worker’s decision to switch
jobs. We do this in order to focus on how match quality and learning about match

quality affects mobility.

Our main findings can be summarised as follows. Mobility is substantially lower in
Germany than in the US for all education groups. German workers are particularly less
likely to become unemployed. Yet, there are important similarities between US and
German workers. Match-specific productivity plays an important role in both coun-
tries for all education groups. As predicted by the search model, the autocovariance

of log-wage residuals is highest for stayers, second highest for job-to-job movers and

3The focus of Dustmann and Meghir (2003) is on estimating the returns to experience and tenure.
Special emphasis is given to how job mobility affects the estimation of returns to experience and
tenure. Winkelmann (1996a, 1996b) compare mobility rates and overall wage growth of apprentices,

university graduates, and workers without post-secondary education.
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lowest for job-to-unemployment movers. Furthermore, the proportion of the variance
that can be attributed to match declines with experience, while the proportion that
can be attributed to ability increases with experience in both countries for all edu-
cation groups. There is also some evidence for learning about match quality in both
countries, as the variance of the within-job wage growth residual declines with tenure.
Heterogeneity in the rate of firm-specific human capital accumulation, in contrast, is
not an important feature of the data in either country, as the autocovariance of the
within-job wage growth residual is close to zero and uniformly negative at lag greater
than 1.

American and German workers mostly differ with respect to the variance of ability
and transitory wage component. As expected, the variance of the transitory wage
component is substantially lower in the German administrative data than in the US
survey data due to measurement error. The variance of ability is considerably higher
in US for all education groups. Furthermore, learning about ability plays an important
role in the US, but only a modest role in Germany. The proportion of the variance
attributable to match quality is considerably higher in Germany than in the US. This
may indicate that search frictions play a more important role in Germany.

There are also interesting differences between unskilled workers and apprentices in
Germany. First, the variance of the quality of the match is almost three times as high
for unskilled workers than for apprentices at low levels of experience. This difference all
but disappears with experience. This is consistent with the idea that job search plays a
more important role for unskilled workers than for apprentices. Second, the variance of
the within-job wage growth residual is considerably higher for unskilled workers than
for apprentices at low tenure levels, particularly so at the first job. This difference all
but disappears with tenure. One reason for the lower mobility of apprentices than for

unskilled workers may thus be a higher precision of the quality of the match.

The structure of this chapter is as follows. Section 4.1 describes the search model
and analyses the worker’s mobility decision. Section 4.2 derives the empirical implica-
tions of the search model, and proposes a simple method of decomposing the variance

of the log-wage residual into the variance of ability, match quality and a transitory
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component. Section 77 discusses alternative explanations for the lower mobility in
Germany within the search model. Section 4.3 describes the data. Section 4.4 com-
pares mobility as well as the wage gains from mobility in the US and Germany. The
variance of ability, match quality and the transitory component is estimated. Section

?? concludes.

4.1 A model of job-to-job and job-to- unemploy-
ment mobility

In this section we set up a search model with endogenous job-to-job and job-to-
unemployment transitions. We borrow from Jovanovic (1984) and Mortensen (1988).
The two crucial features of the model are on-the-job search and learning about match
quality. On-the-job search leads to endogenous job-to-job transitions and allows work-
ers to allocate better matches with time in the labour market. Learning about match
quality leads to endogenous job-to-unemployment transitions. We extend Jovanovic’s
(1984) and Mortensen’s (1988) model by allowing the worker’s productivity to depend
not only on the quality of the match, but also on ability. We incorporate ability in
the simplest possible way, and assume that ability does not affect the worker’s deci-
sion to switch jobs. We do this in order to focus on how match quality and learning
about match quality affects mobility and wage dynamics. Next, we describe the model
in more detail (section 4.1.1). We then characterise the worker’s mobility decision

(4.1.2).

4.1.1 Description of environment

The model is set in continuous time. Workers live forever. They are risk-neutral, and
maximise the expected present value of life-time income. This implies that utility of a

worker is equal to his wage. There is no borrowing or saving.

Productivity The worker’s productivity depends on his ability, denoted by f, the

quality of the match, denoted by u, as well as on firm-specific human capital accumu-
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lation. In the empirical analysis, we also allow for general human capital accumulation
as well as aggregate productivity shocks. We specify worker #’'s productivity in firm j

as follows.

Yij = efieh(m)+ui;

Here, h(n) represents firm-specific human capital accumulation when tenure is equal
to n (see below for a precise definition of tenure). We assume that 4 is concave, i.e.
workers accumulate more firm-specific human capital early on-the-job than later. We
think of firm-specific human capital accumulation as learning-by-doing, and not as an
investment decision. Firm-specific human capital accumulation is independent of both
ability and the quality of the match?. The distribution of the quality of the match is
normal with mean & and precision 1/ O'Z = 7,. It is independent of tenure and ability.

Let fand 7 = 1/ of, denote the mean and precision of the worker’s ability distribution.

Unemployment Worker enters the labour market as unemployed. They meet a firm
at a given Poisson frequency equal to Ag. Upon meeting they decide whether to accept
or reject the job offer. There is no recall. The worker’s flow utility from unemployment
is efie®. The worker must forego eit® when employed. It therefore represents the
income-equivalent of the disutility from work. This particular specification about the
disutility from work rules out that ability has an effect on the probability of accepting
a job when unemployed or on the probability of becoming unemployed - see section
4.1.2°. This is the first restriction we impose in order to decompose the variance
of the log-wage residual into the variance of ability, match quality, and a transitory

component.
R.1 Ability does not affect the worker’s mobility decision.

Screening When firms and workers meet, firms screen the worker and receive a

4 Jovanovic (1979b) sets up a model in which workers optimally invest more in firm-specific human
capital if the quality of the match is higher. Neal (1998) develops a model in which more able workers

have a comparative advantage at investing in specific as opposed to general training.
SPostel-Vinay and Robin (2002) impose a similar restriction.
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noisy signal about the quality of the match. The signal m equals
m= =+ €n,

with €, ~ N(0,02). Let 7., = é denote the precision of the screen. Firms and
workers use the signal to update their belief about the match quality. The smaller o2,
the better the screen. If 7,,, — 0, then nothing can be learned about the match before
output takes place. The match is a pure experience good. If, in contrast, 7,, — oo, a
match is a pure inspection good and its quality can be fully ascertained by inspection.
Bayesian updating implies that the posterior belief about the quality of the match is
normally distributed with mean (DeGroot (1970))

BTy + MTr,
E = — = , 4.1
[1|m] —— o (4.1)
and variance
1
Sp = — . (4.2)
Tp, + Tm

The updated belief about the quality of the match is a weighted average of the prior
mean, 1, and the signal, m. The more weight is given to & the higher 7,, i.e. the
more precise the prior belief about productivity. The more weight is given to m the
higher 7,,, i.e. the more precise the signal. If the match is a pure experience good, i.e.
Tm — 0, then E[ulm] = f and Sy = ¢2. If, on the other hand, the match is a pure
inspection good, i.e. 7,, — 0o, then E[u|m] =m and Sy = 0.

We can also compute the distribution from which the expected match quality after
screening, , is drawn. In appendix D we show that it follows a normal distribution

with mean 7 and variance

Tm

Viko) = T

(4.3)

In the case of a pure inspection good, i.e. 7, — 00, V(1) converges to the actual
variance of the quality of the match, 1/7,. In the opposite case of a pure experience
good, i.e. T, — 0, all jobs look the same ex ante and V' (y,) = 0.

As the focus of the search model is how match quality and learning about match

quality affect mobility, we assume that firms and workers are perfectly informed about
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ability. This assumption can be relaxed by the assumption that firms and workers
symmetrically learn about ability. We comment on how symmetric employer learning
affects the empirical implications. In particular, we discuss how the variance of abil-
ity, match quality and a transitory component can be recovered from the data under

symmetric learning about ability.

Fvolution of beliefs about match quality New information about the quality of the
match arrives on-the-job when the worker ’experiences’ the job. This may lead to job-
to-unemployment transitions. A match that used to be preferable to unemployment
may not be preferable anymore after disappointing news about the match arrived. Jobs
are also destroyed for exogenous reasons, for instance because of plant closure. Let ¢
denote Poisson frequency of the exogenous job destruction rate. We assume that a new
signal about the quality of the match arrives at a given Poisson frequency equal to 6.

The signal about the quality of the match, z, is noisy, and equals
T =+ €,

with  ~ N(0,02). Let 7, = Z denote the precision of the signal. For a match with
screen outcome m, job tenure n, and average signal 7, the posterior distribution of the

quality of the match is normal with mean
EpZ,m,n] = Sp(T B+ Tmm + ToNnT) == p,, (4.4)

and variance

S, = ! (4.5)

Ty + Tm + N7,

As tenure increases, the posterior variance decreases. The belief about the quality of

the match becomes increasingly precise.

Search on-the-job Workers continue to search for a better job when employed. Out-
side offers arrive at a Poisson frequency equal to A\;. When an employed worker meets
a firm, the firm screens the worker. Firms use the screen to update the belief about

the quality of the match and make a wage offer based on the screening outcome. The
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worker decides whether to accept the outside wage offer and move from job-to-job or

whether to reject the outside offer and remain with his current employer.

Wage determination The worker’s wage at tenure n is equal to the worker’s expected
marginal product conditional on the screen m and the average signals received on-the-

job, T :

wij = E[efieh(n)"'l‘ij

T, m,n).

Each time new information about the worker’s productivity arrives, the firms makes
a new wage offer to the worker. The wage offer reflects both the new information
about the quality of the match and the increase in firm-specific human capital, h(n)—
h(n — 1). Here, n correctly represents the current number of signal realisations. We
refer to n as tenure. A justification for this terminology is that the number of signal
realisations received on-the-job can be easily transformed into the time spent with the
same employer (see also Mortensen (1988)). Jovanovic (1979a) shows that this an
equilibrium wage contract if firms bid for workers by offering life-time contracts which

they honour ex post®.

4.1.2 The worker’s mobility decision

Mortensen (1988) and Jovanovic (1984) characterise the worker’s optimal mobility
decision under similar assumptions. The most important difference is that in Mortensen
(1988) and Jovanovic (1984) the worker’s productivity only depends on the quality of
the match, but not on his ability. We have incorporated ability into the search model

6 A problem with this type of contract is that it is not unique. Moreover, it is not self-enforcing.
As the worker’s productivity in the current firm differs from his market productivity, the worker may
stay even if he is not paid his full marginal product. Qur approach to this problem is as follows.
The worker’s mobility behaviour is essentially unchanged if separation is efficient; that is, a job is
terminated only if the total value of the job, i.e. the sum of the worker’ and the firm’s value of the
job, is lower than the sum of the worker’s and firm’s outside option. Our results therefore also hold if
workers and firms share the total surplus of the match, and wages are determined by Nash bargaining.
Moreover, our empirical results provide strong evidence for the importance of match- or firm-specific

productivity. This implies that there is scope for job search in the economy.
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in the simplest way. Our assumption on the flow utility from unemployment implies
that ability does not affect the worker’s productivity decision. To see this, let U, W
and W' denote the value of unemployment, the value of the current job and the value
of the outside job, respectively, for a worker with average ability f. Then the value
of unemployment, the value of the current job and the value of the outside job for a
worker with ability f; is equal to ei~7U, efi~fW, and efi~fW’, respectively. Since
the worker chooses the state with the maximum value, ability has no impact on the
worker’s mobility decision.

Mortensen (1988) and Jovanovic (1984) show that the worker’s mobility decision
only depends on tenure and the wage he is offered by her current firm and the outside
firm. Since in our case the worker’s wage does not only depend on the quality of
the match but also on his ability, we need to make a small adjustment. Recall that
the worker is paid his expected marginal product, i.e. w = ef E[e"™*#| X, m, n,].
Define Inw as the log-wage that corrects for the worker’s ability, i.e. Inw = In(%) =
In E[eM™+#| X, m, n,]. The worker’s mobility decision is then fully characterised by his

corrected log-wage In w and tenure n.

Unemployment-to-job transition Consider first the decision of an unemployed
worker to accept a job offer. It satisfies the reservation property. Let ¥(0) denote the
reservation wage that makes the worker indifferent between accepting the job offer and
remaining unemployed. Suppose the worker’s corrected log-wage at the employer is

Inw. The worker’s decision rule is

e accept if Inw > ¥(0),
e reject  if Inw < ¥(0).

Since the worker accumulates firm-specific human capital and is only imperfectly in-
formed about the quality of the match, he is willing to accept a job offer which pays a

lower wage than the flow utility from unemployment, i.e. ¥(0) < b.

Job-to-unemployment transition Next, consider the decision of a worker with

tenure n to become unemployed. It again satisfies the reservation property. Let ¥(n)
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denote the reservation wage that makes the worker indifferent between staying with the
current employer and becoming unemployed. Suppose the worker’s corrected log-wage

at the current firm is In w. The worker’s decision rule is

e become unemployed if Inw < ¥(n),

e stay if Inw > ¥(n).

Mortensen (1988) and Jovanovic (1984) show that the reservation match quality is
increasing in tenure, i.e. ¥(n) > ¥(n—1) for all n. This is so for two reasons. The first
reason is firm-specific human capital accumulation. Since workers accumulate more
firm-specific capital early on-the-job, jobs with lower tenure provide the opportunity
of a higher wage growth. The option value of the job therefore decreases as tenure
increases. The worker therefore requires a higher wage in order to stay as tenure
increases. Since the worker always has the option of becoming unemployed, he is
insured against downside risk. Hence, uncertainty about the quality of the match
offers the possibility of future wage growth. As the estimate of the quality of the
match becomes increasingly precise with tenure, the potential for future wage growth

decreases with tenure. The reservation wage therefore increases with tenure.

Job-to-job transition Finally, consider the worker’s decision to move from job-to-
job after n periods of tenure. Suppose the worker’s corrected log-wage is Inw at his
current firm and Inw' at the outside firm. The worker’s decision rule follows a reserva-
tion policy. Let p(lnw,n) denote the reservation offer that makes a worker indifferent
between staying with the current employer and switching to the new employer. The

worker’s decision rule is

e move from job-to-job if Inw' > p(lnw,n),

e stay if nw < p(lnw,n).
Jovanovic (1984) and Mortensen (1988) show that the reservation match quality is
increasing in the wage, i.e. 6—"(%1]“7%—"2 > 0. Intuitively, well paid workers require a higher
wage than badly paid workers in order to switch jobs. Jovanovic (1984) and Mortensen
(1988) also show that the reservation offer decreases with tenure conditional on the

wage, i.e. p(lnw,n) < p(lnw,n — 1) for all n. The reason is the same as why the

129



reservation wage U(n) increases with tenure. First, the new job promises a higher
wage growth due to firm-specific human capital accumulation. Second, the uncertainty
of the match quality and thus the potential for future wage growth is higher at the new
than at the current job. This means that the worker is willing to accept a wage cut in

exchange for a higher wage growth when switching jobs.

It is important to emphasise that the reservation wage and offer -and thus the
worker’s mobility decision- does not depend on experience. Thus, the search problem
of an unemployed with ten years of experience is the same as that of a worker who
just entered the labour market. The search process starts afresh each time the worker
becomes unemployed. This is the second restriction we impose in order to decompose
the variance of the log-wage residual into the variance of ability, match quality and a

transitory component.

R.2 The worker’s search problem does not depend on experience.

Unemployed workers have to search from scratch.

There are several reasons why this restriction may be violated. First, workers may
be entitled to unemployment benefits only after they accumulated experience. More-
over, the unemployment benefit may depend on the worker’s previous wage. Second,
workers may accumulate more general human capital when young so that the option
value of a new job decreases with experience. More experienced workers will thus be
"choosier” and reject job offers when unemployed which labour market entrants would
have accepted. Finally, Neal (1999) proposes a search model in which workers first
search for a good occupation-specific match and then for a good firm-specific match.
As the occupation-specific search capital is portable to other firms within the same
occupation, his model implies that workers do not lose the entire search capital when

unemployed.
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4.2 Empirical implications

In this section we derive some empirical implications of the search model. We begin
with the gains from mobility by analysing the wage gains of stayers, job-to-job and
job-to-unemployment movers (section 4.2.1). We then derive the restrictions the search
model imposes on the covariance structure of log-wage residuals, and propose a simple
method of decomposing the variance of the log-wage residual into the variance of ability,
the variance of the transitory wage component and the variance of the quality of the
match (section 4.2.2). This provides further evidence for the importance of match-

specific productivity and job search.

4.2.1 Wage gains by mobility groups

Suppose that for each worker we observe a sequence of wages. We index the sequence
by time ¢. It is possible that we do not observe all wage changes a worker experiences.
To simplify the notation, we assume that stayers have experienced exactly one wage
adjustment between the two dates the wage data is available (i.e. between ¢t and t+1).
Furthermore, we assume that for job-to-job and job-to-unemployment movers the wage
at the old job did not change before they switched jobs.

Recall that wages are equal to expected productivity, i.e. w = E[e/ e"™+#|z, m, n).
Also recall that E[u|Z,m,n] is normally distributed with mean y,, and variance S,.
Hence, w = efeM™+#a+055  Although the actual quality of the match does not change
on-the-job, its perception does. We therefore index the quality of the match by tenure
n. Adding an i.i.d. error term ¢, the log-wage of worker 4 in firm j at time ¢ in can be

written as
Inwge = fi + h(n) +0.55, + Bijn T Eijt- (4.6)

In principle, ¢ may reflect both measurement error and transitory wage shocks. We
assume that € does not affect the worker’s mobility decision. This is the third restriction

we impose in order to decompose the variance of the log-wage residual into the variance
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of ability (f), match quality (x) and the transitory component ().
R.3 ¢ does not affect the worker’s mobility decision.

Specification (4.6) assumes that firms are perfectly informed about workers’ ability.
Later we also comment on the case in which firms symmetrically learn about ability.

Wages grow for two reasons. First, workers accumulate firm-specific human capital.
Second, workers become better matched as they spend more time in the labour market.
We refer to this source of wage growth as wage growth due to search. Next, we derive
the wage gains of stayers, job-to-job and job-to-unemployment movers.

We have ignored wage growth due to general human capital accumulation in order to
focus on how match quality and learning about match quality affects mobility and wage

dynamics. In the empirical analysis, we allow for general human capital accurnulation.

Wage gains of stayers Taking the first difference of (4.6), the average wage gain

conditional on staying (s) equals
E[AInwi;|s] = Ah(n) + 0.5AS, + E[Ap;,|s].

Bayesian updating implies that the quality of the match follows a martingale without

drift, i.e.

Hp = My + Mns

with E[n,] = 0. In words, the best guess for the worker’s productivity tomorrow is his

productivity today. We can therefore rewrite the average wage gain of stayers as
E[AInw;;ls] = Ah(n) + 0.5A8, 4 E[n;;,[s].

Since jobs that turned out to be a disappointment are terminated, E[n;;,|s| > 0 al-
though E[n,;,] = 0. Consequently, the wage growth of stayers identifies the sum of the
wage growth due to firm-specific human capital, Ah(n), and the wage growth due to
learning about match quality, 0.5A8, + E[n;;,|s]. Hence, under learning about match

quality part of the wage growth due to search shows up as within-job wage growth.
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‘Wage gains of job-to-job movers Next, consider the wage growth of workers who
move from job-to-job (from firm j to firm j'). The wage gain of job-to-job movers (j)
equals

E[AInwg;|j] = —h(n — 1) +0.5A8, + Elw;j0 — tijn—1li]-

Here, h(n—1) represents the loss in firm-specific human capital, while 0.5AS8,+E[u,;1,,—
Mijn—11j] captures the gain in search capital when switching jobs. Note that wage growth
due to search shows up both as within-job and job-to-job wage growth. Workers realise
gains from job search not only when switching jobs, but also when staying with the

same employer (see also Jovanovic (1984)).

Wage growth of job-to-unemployment movers Finally, the wage change of job-

to-unemployment movers (u) equals
E[AInwlu] = ~h(n — 1) + 0.5A8, + Elpijig — pijn—i|u]-

Job-to-unemployment movers lose their search capital in addition to their firm-specific

human capital.

4.2.2 The covariance structure of log-wage residuals

In this section we derive the restrictions the search model imposes on the covariance
structure of log-wage residuals. We propose a simple method of decomposing the

variance of the log-wage residual into the variance of ability (afc), the variance of

2
€

measurement error (¢2) and the variance of the quality of the match. This provides
further evidence on the importance of match-specific productivity and gains from job
search. We first analyse the covariance structure of log-wage residuals separately for
workers who stay, move from job-to-job and from job-to-unemployment and show how
the variance of ability can be identified. We then analyse how the distribution of
the quality of the match varies with experience. Finally, we analyse the covariance
structure of the within-job wage growth residual and show how the variance of the

transitory wage component can be identified.

133



The covariance structure of log-wage residuals by mobility groups: Identi-

fying the variance of ability

From (4.6), the log-wage of worker ¢ in firm j at time ¢ equals Inw;;; = f; + h(n) +
0.5Sy + i, + €i5¢- Define u;;; as the residual of the log-wage regression, i.e.

Uit = [i + Pijn + Ejt-

Consider the autocovariance of the residual between ¢ and ¢ — 1. The search model
predicts that the autocovariance depends on whether the worker stayed with his em-
ployer, moved from job-to-job or from job-to-unemployment between ¢ and ¢ — 1. The
autocovariance at lag 1 for stayers (s), job-to-job movers (j), and job-to-unemployment

movers (u) can be computed as’

Cov(use, Uije—1ls) = U§+COU(Mijn,liijn—1|S)a
Cov(uije, Uije1]j) = ‘7?"*‘00”(#1;'/0a,“ijn—1|j); and

Cov(uie, uije-1lu) = o5

First, consider workers who stay with their employer. As u,, = p,,_; +7,,the covariance

of the quality of the match at tenure n and n — 1, conditional on staying, equals

Cov(yijns Mijn-1ls) = CoV(lijn—1, Bijn1 + Mijnl8)
= V('u’z‘jn—1|s) + COU(Nz‘jn-l, nijnls)'

It is the higher the more is known about the quality of the match. Next, consider the
covariance of job-to-job movers. Recall that workers who are better matched at their
old firm require a higher match quality at the new firm in order to switch jobs. Hence,
although match qualities are independent across firms, i.e. Cov(i;ju, ijn—1) = 0,
worker selection induces a positive correlation between the match quality at the old and
new job, i.e. Cov(,;g, Hijn—1]i) > 0. Finally, consider job-to-unemployment movers.
For these workers the autocovariance of the residual at time ¢ and ¢ — 1 is equal to

the variance of ability, or?. This is because workers have to search from scratch each

"Flinn (1986) derives a similar implication. He, however, does not distinguish between

job-to-job and job-to-unemployment movers.
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time they become unemployed. In other words, the optimal search strategy of an
unemployed worker does not depend on the wage he earned at his previous job.

The variance of ability can therefore be recovered from the autocovariance of log-
wage residuals for job-to-unemployment movers. This crucially depends on restrictions
R.1 (ability does not affect mobility) and R.2 (workers lose the entire search capi-
tal). If workers do not lose the entire search capital when becoming unemployed, the
match quality at the old job is positively correlated with the match quality at the
new job also for job-to-unemployment movers, yielding an upward bias for the vari-
ance of ability. If ability affects the worker’s mobility decision, the autocovariance for

job-to-unemployment movers equals
Cov(uije, ugje—1|u) = V(flu) + Cov(f, g, |u) + Cov(f, polu).

Although the distribution of ability is independent of the distribution of match quality,
selection of workers into unemployment induces a correlation between the quality of
the match and ability.

In order to get an idea how important these assumptions are for our results, we
also compute the autocovariance of log-wage residuals for workers who left the firm for
exogenous reasons. Following Gibbons and Katz (1991) and Dustmann and Meghir
(2003), we use workers who are displaced from their firm because of plant closure as
exogenous movers. This would relax assumption R.1, and yield an upward bias of the
variance of ability if assumption R.2 is violated. This is feasible with the German
data, but not with the US data. Unfortunately, this is only feasible with the German
data, but not with the US data.

Symmetric learning about ability Next, we discuss how symmetric learning about
ability affects the autocovariance of log-wage residuals for job-to-unemployment movers.
We maintain the assumption that ability does not affect mobility. We also assume that
firms and workers separately learn about ability and match quality, i.e. they receive a
separate signal for ability and match quality (as opposed to a signal for output only).
If firms learn about ability, the perception of ability changes with time in the labour
market. Hence, ability has to be indexed by ¢. The log-wage regression (4.6) changes
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as follows.
In Wijt = fz‘t + h(n) + O5Sn + Hijn + Eij¢-

Here, fi: denotes worker i’s expected ability at ¢. Bayesian updating implies that the
best guess for the worker’s ability tomorrow is his ability today. Hence, the covariance
between f; and f;_; is equal to the variance of ability at ¢ —1, afct_l. The autocovariance

of log-wage residuals for job-to-unemployment movers at lag 1 therefore equals
COU(uijta uijt—1|u) = U?ft—l-

Due to learning the variance of ability increases with experience, i.e. ()’?;t increases
with ¢. Hence, symmetric learning about ability implies that the autocovariance of
log-wage residuals is higher for workers who become unemployed later in their career.
The idea is similar to Farber and Gibbons (1996) who show that symmetric employer
learning implies that wages follow a martingale. However, Farber and Gibbons do not

distinguish between stayers, job-to-job and job-to-unemployment transitions.

The variance of log-wage residuals by experience

In this section we analyse how the variance of the log-wage residual varies with expe-
rience. Consider first workers who have just entered the labour market (¢t = 0). They
start as unemployed and accept a wage offer if their log-wage corrected for ability,
Wijo + 0.58), exceeds the reservation wage, ¥(0). The variance of log-wage residuals at

labour market entry thus equals
V(uijo) = 0% + 02 + V(0] g0 + 0.55 > ¥(0)). (4.7)

The variance of the post-screening quality of the match at labour market entry, wu,,
depends on the precision of the initial screen, 7,,, as well as on the precision of the
prior quality of the match, 7,. From (4.3), y, is normally distributed with variance
Vi) = T(T;mm Ignoring the impact of 7, and 7, on the reservation wage, the
variance of log-wage residuals is the higher the lower the precision of the prior match

quality and the higher the precision of the screen.
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Next, consider the variance of the residual of the second log-wage we observe for
a worker (¢ = 1). Here, we have to distinguish between stayers, job-to-job and job-
to-unemployment movers. The search problem of job-to-unemployment movers is the
same as that of labour market entrants. Hence, for job-to-unemployment movers, the
variance is equal to (4.7).

Suppose that for job-to-job movers the expected quality of the match at the new
job is ;1. Since tenure is equal to zero, the worker moves from job-to-job if the wage
at the new job exceeds the wage at the old job, i.e. if u;;q > ;50 The variance of the

log-wage residual for job-to-job movers therefore equals
V(us1lj) = ‘7?‘ +o2+ V (g0l ijro > Bijos Mago + 0.5S0 > ¥(0)).

Job-to-job movers are more selected than labour market entrants. Hence, for job-to-job
movers the variance at ¢t = 1, V(u;j1|j), is smaller than the variance at ¢t = 0, V(uso).

Finally, consider stayers. The following argument can also be found in Parent
(2002). In appendix D we show that the unconditional distribution of the quality of
the match at tenure n = 1 equals

Te+Tm
Tu(Tp+Te+Tm)

Vi) = (4.8)

It is easy to check that V' (u,) > V(1) : As more information about the match becomes
available, the variance of the quality of the match becomes closer to the variance of the
true match quality, 1/7,. However, in the data we do not observe the unconditional
variance, but the variance conditional on staying only. Suppose for simplicity that all
workers have received one outside offer before the new information about the quality
of the match arrived. The variance of the residual conditional on staying can then be

written as
V(uils) = U?f +ol+ V(1451|150 > Bajror ajo + 0.5S0 > (0)).

It may be smaller or greater than the variance of log-wages at ¢ = 0. On the one hand,
the unconditional distribution of the expected quality of the match is becoming more

dispersed as tenure increases. On the other hand, the group of workers who stay with
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the employer is more selected than the group of workers who started the job, leading to
a decrease in the variance. It is thus ambiguous whether the variance of the log-wage
is higher at ¢ = 0 or ¢ = 1. More generally, the variance of the log-wage may increase
or decrease with experience. There are two opposing effects. On the one hand, the
revelation of new information about the quality of the match leads to an increase in the
variance over time. The selection process, however, works in the opposite direction. A
decline in the variance is evidence that workers allocate better matches as they become

more experienced.

Symmetric learning about ability Finally, we discuss how these implications are
affected if employers symmetrically learn about ability. Learning about ability implies
that variance of ability increases with experience. Hence, the difference in the variance
of log-wage residuals over time does not only reflect the change in the variance of match

quality, but also the change in the variance of ability.

The covariance structure of the within-job wage growth residual

In a final step we analyse the covariance structure of the within-job wage growth
residual. This provides evidence for the importance of learning about match quality.
It also provides a way to identify the variance of the transitory wage component.
Recall that the wage growth of stayers between time ¢ and time ¢t — 1 equals A Inwj|s
= Ah(n) + 0.5A8, + 1,|s + Acyjy. Define Augjls as the residual of the within-job

wage regression, 1.e.
Auijtls = nijnls + Aeijb
The variance and the covariance of Aw;;; at lag ! can be computed as

V(Aujels) = 20§+V(77¢jn|5),
Cov(Auiji, Augj]s) = —0? + Cov(n;jn, Mijn_sls), and

Cov(Augi, Auggygls) = Cov(mjmmjn_zIS)-
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The condition s indicates that the worker stayed with the same employer between t
and ¢t — (! + 1)®. The search model predicts a negative covariance at lag 1. This is
because of the transitory wage component. At any higher lag the covariance should
be close to zero. Importantly, the search model does not predict that workers whose
wages have grown above average in the past will enjoy a wage growth above average in
the future. This is different from a model in which workers differ with respect to the
rate at which they accumulate firm-specific human capital. In appendix C we derive
the covariance structure of the within-job wage growth residual in such a model. If
the rate at which workers accumulate firm-specific human capital is heterogeneous,
workers who experienced a high wage growth in the past will also experience a high
wage growth in the future. Hence, such a model predicts a positive covariance at lag

greater than 1.

The variance of the within-job wage growth residual by tenure Next, we argue that
the variance of the within-job wage growth residual declines with tenure if learning
about match quality takes place. In appendix E we show that for a worker with tenure
n, the unconditional distribution of the news about the quality of the match n,;, is

normal with mean 0 and variance
V(nz’jn) = TprnSn—l- (4.9)

Since the belief about the match quality becomes more precise with tenure, V(n;;,)
declines with tenure. In the data, however, we observe the variance of within-job wage
growth conditional on staying only, i.e. we observe 202 + V(1;,[s). In the absence of
firm-specific human capital accumulation the conditional variance still decreases with
tenure if we also condition on the previous quality of the match, y, ;. To see this,
consider a worker who has not received an outside offer between time ¢ and ¢ — 1. This
worker stays with the employer if his new wage exceeds the reservation wage, i.e. if
Sn + 1 + 1, > ¥(n). Define ¥'(n) as ¥(n) — (S, + p,_,). A worker thus stays if
N, = ¥'(n). The variance of the within-job wage growth residual, conditional on the

8That is, the covariance at lag [ is only observed in the data if the worker stayed with the

same employer for at least [ + 1 periods.
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Figure 4.1: The variance of within-job wage growth residuals by tenure
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previous quality of the match, thus equals
V(Auijt|3,#ijn—1 =p)= 2‘75 + V(nijnliu'ijn—l = Uy Nijn > ¥'(n)).

Since ¥'(n) is increasing in tenure because of learning about the quality of the match,
this variance is decreasing in tenure®. This is illustrated by figure 4.1. The figure depicts
the distribution of 7,;, at tenure equal to 1 and tenure equal to 2 for two workers who
are equally well matched. At tenure 1 all jobs with 7; < U’(1) are destroyed, while
at tenure 2 all jobs with n, < ¥’(2) are destroyed. The variance of the change in the

match quality conditional on staying is therefore higher at tenure 1 than at tenure 2.

The variance of the transitory wage component Next, we show how the variance of
the transitory wage component can be recovered from the data. As tenure becomes
large, there is nothing to learn about the quality of the match anymore. Hence, V'(1;;,,)
tends to zero and lim,_,oV (Aug|tenure = n,s) = 202. The variance of the transitory
wage component is thus identified from the variance of within-job wage growth for
workers with high tenure. This crucially depends on restriction R.3, i.e. that the
transitory wage component does not affect mobility. This clearly is the case if € purely

represents measurement error.

Symmetric learning about ability Finally, we discuss how learning about ability

9With firm-specific human capital accumulation ¥(n) is increasing in tenure, but ¥’(n) may not.
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affects the variance of the within-job wage growth residual. If firms learn about ability,
the within-job wage growth residual contains an additional term that captures the news

in ability, i.e.
Aujr|ls = Afie + nijn|s + Agyjq.
The variance now equals
V(Augls) = V(A fir) + 202 +V (135n]5).

As the belief of ability becomes increasingly precise with time in the labour market,
V(Afit) decreases with experience. Hence, a decline in the variance of the within-
job wage growth residual with tenure may reflect learning about ability rather than
learning about match quality. The two types of learning differ as follows. Learning
by ability is by experience; conditional on experience, tenure does not affect the belief
about ability. Learning about match quality, in contrast, is by tenure; conditional on
tenure, experience does not affect the belief about the quality of the match. Hence, a
comparison of the variance by tenure for jobs that started at different points of time

of the worker’s career provides a clue about the importance of each type of learning.

4.3 Data description and variables

4.3.1 German data

The German data is of administrative nature, drawn from the German Social Security
Records, the so-called IAB—Beschaftigtenstichpfobe. It constitutes a 1 percent sample
of the German labour force subject to social security contributions for the period
between 1975 to 1995. The same data has been used in Chapter 3 for the comparison
of the wage of workers who stay and leave the training firms. Details on the data,
including the sample selection and variable definitions, can be found in appendix A.
See also chapter 3, appendix B.

The data is well suited to analyse the process of job search. Most importantly,

the data set contains the complete work history, including time spent in registered
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unemployment and out of the labour force, from labour market entry onwards up to 20
years in the labour force. Furthermore, due to the adminisstrative nature of the data,
wages and employment spells are very accurate. Last but mot least, wages can always
be matched to a particular employer, and are never averaged across jobs. The major
problem of the data is that it is right-censored at the highest level of earnings that
are subject to social security contributions. Table 4.12 im appendix B tabulates the
proportion of top-coded wage observations by experience arid education. Top-coding is
not a serious problem for unskilled workers and workers with an apprenticeship degree;
for these workers less than 0.5 % of all wage observations are top-coded. For univer-
sity graduates, however, the problem of top-coding is severe. Here, 10 % of all wage
observations are top-coded. This proportion increases to 23 % for university graduates
with ten years or more of experience. For this reason we restrict the empirical analysis
that uses data on wages to unskilled workers and workers with an apprenticeship.
From this data base we select male individuals whom we observe from their entry
in the labour market onwards since only for these workers experience and tenure can
be measured precisely. We restrict analysis to former West Germany. See appendix
A for details on the sample selection. Since the wage ccllection procedure changed in
1980, we drop observations before 1980 for the wage analysis, but not for the mobility
analysis. Our final sample consists of 6122 unskilled workers, 25692 apprentices!?, and
5203 university graduates, with a total of 355382 wage observations. Table 4.11 in
appendix A reports means and standard deviations of the main variables used in the

empirical analysis.

4.3.2 US data

The US data comes from the 1979 National Longitudinal Survey of Youth (NLSY79).
At the time we started this analysis, the data was available from 1979 to 1996. The
NLSY79 thus roughly covers the same time period as the IAB-Beschéftigtenstichprobe.
As the German data the NLSY79 allows to construct a complete work history for

19The sample of apprentices is larger than in chapter 3 because we dropped the restriction

that the worker has to complete the apprenticeship after 1980.
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each respondent up to the date of the most recent interview. Furthermore, wages
are uniquely assigned to particular jobs. As the US data is survey data whereas the
German data is administrative data, measurement error is likely to be a more serious
problem in the NLSY79.

The sample is the same as in Chapter 2. Details on the sample selection and variable
description can be found in chapter 2, section 2.4 and appendix E. First, we consider
only jobs after a transition from school to work has been made. Furthermore, we
drop individuals who entered the labour market before 1978, as detailed information
about weeks worked and employers worked for is only available from January 1978.
We also delete all part-time jobs (< 30 hours a week), jobs without pay, and jobs
of the self-employed. For multiple job holders, we define the main job as the job for
which the worker worked most during the week. We only consider the main job for
each respondent, and ignore multiple jobs. These selection criteria should minimise the
problem that we overestimate mobility in the US because of jobs which are observed
in the US data, but not in the German data, such as summer jobs. Our final sample
consists of 550 high school dropouts, 2238 high school graduates and 871 university
graduates with a total of 40860 wage observations. Results for high school graduates
with and without some college education are very similar so that we decided not to
distinguish between these two groups. Table 4.11 in appendix A reports means and
standard deviations of the main variables used in the analysis.

One problem concerns the definition of unemployment in both data sets. We work
with two definitions. The first definition is as follows. In the NLSY79 a respondeﬁt
is considered as unemployed if he is actively looking for a job. If an interviewee does
not report that he was actively looking for a job between two employment spells, the
transition is considered as a job-to-job transition. In the IAB-Beschiiftigtenstichprobe
a transition is considered as a job-to-job transition if a worker has not been registered
as unemployed between two employment spells. In Germany apprentices are eligible
for unemployment benefits right after apprenticeship graduation. Unskilled workers
and university graduates, in contrast, have to accumulate work experience before they

become eligible for unemployment benefits. The probability that a worker who is
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actively searching for a job, but not registered as unemployed, should therefore be small
for apprentices, but may be substantial for unskilled workers and university graduates
with little experience. For this reason we also use an alternative definition for a job-
to-unemployment transition. According to this definition we classify a transition as a
job-to-unemployment transition if the worker started the new job 4 weeks or later after
his old job ended, independently of whether the worker was actively looking for a job

or registered as unemployed.

4.4 Empirical evidence

We first document differences in mobility rates between US and German workers
(section 4.4.1). We then analyse the wage gains of stayers, job-to-job and job-to-
unemployment movers (section 4.4.2). Finally, we analyse the covariance structure
of wages and wage growth, and decompose the variance of the log-wage residual into
the variance ability, a transitory component and match quality (section 4.4.3). This
provides further evidence for the importance of match-specific productivity and job

search.

4.4.1 Job-to-job and job-to-unemployment mobility

Number of jobs by experience Figure 4.2 demonstrates that mobility is substan-
tially lower in Germany than in the US. The figure plots the average number of firms
a worker has worked for by actual experience and education.

After ten years in the labour market high school graduates in the US are on their
6th job on average. This is in line with Topel and Ward (1992) who find that the
typical American worker holds 7 jobs in ten years. In Germany, in contrast, workers
who completed an apprenticeship have worked for only 2.8 employers in ten years. It is
not only apprentices who are less mobile. There are also substantial differences between
German unskilled workers and American high school graduates and particularly high
school dropouts. Using the same data set, Dustmann and Meghir (2003) report very
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Figure 4.2: Number of jobs by experience and education
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similar results!!. In both countries there is a negative correlation between mobility and

education.

Job survival rates Although German workers are substantially less mobile than
American workers, it is wrong to conclude that Germans do not change jobs. Figure

4.3 plots the empirical job survival rate for the three education groups.

Figure 4.3: Quarterly empirical job survival rate by education
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In Germany almost one third of jobs held by workers with an apprenticeship degree
does not survive more than one year. This number increases to 45 % for unskilled

workers. While these numbers seem quite high, they are low compared to those for the

11Using data from the German Socio-economic Panel, Winkelmann (19962, 1996b) also finds lower

mobility rates for apprentices than for the unskilled.
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United States. In the United States 54 % of the jobs held by high school graduates and
62 % of the jobs held by school dropouts terminate within the first year of employment.

Figure 4.4: The proportion of job-to-job transitions by experience: United States versus

Germany
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Job-to-job versus job-to-unemployment mobility The search model makes an
important distinction between a job-to-job and a job-to-unemployment transition. If a
worker moves from job-to-job, he gains search capital and allocates a better match.
If, on the other hand, a worker becomes unemployed, he loses search capital and
has to search from scratch. In order to get an idea about the relative importance
of a job-to-job versus a job-to-unemployment switch in both countries, we plot the
proportion of job-to-job transitions among all separations by actual experience (4.4).
In the graph a worker is considered as a mover if he moved at least once in a given year
of experience. The worker is classified as a job-to-job mover if he switched jobs at least

once, but never became unemployed. The upper panel of figure 4.4 is based on the
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first, while the lower panel is based on the second definition of a job-to-unemployment
transition. The proportion of job-to-job transitions is higher in Germany than in the
United States. This holds for all education groups, independently of which definition
for a job-to-unemployment transition is used. There are also interesting similarities: In
both countries the proportion of job-to-job transitions increases with experience and
is higher for better educated workers. It is higher for the first than for the second
definition of unemployment, especially at low levels of experience.

To sum up, mobility is substantially lower in Germany than in the US. It is not
only apprentices who are less mobile, but also unskilled workers. German workers are

particularly less likely to become unemployed than US workers.

4.4.2 Wage gains by mobility groups

In a next step, we analyse the gains and losses from staying, moving from job-to-job,
and becoming unemployed. Since in the German data set many wage observations of
university graduates are top-coded, we restrict the analysis to unskilled workers and
workers who went through an apprenticeship only. Figure 4.5 plots the wage gains for
stayers, job-to-job and job-to-unemployment movers by actual experience, pooled for
all education groups. The definition for a stayer, job-to-job and job-to-unemployment
mover is the same as in the previous section. The graph is based on the first definition
of a job-to-unemployment transition. The choice of the definition has very little impact
on the results.

Despite substantial differences in mobility rates, the wage growth of stayers is sur-
prisingly similar in both countries. The wage gain of stayers is about 8 % in the first
year. It then monotonically declines in both countries. The decline is somewhat more
pronounced in Germany. The wage growth of job-to-job movers is considerably higher
in Germany than in the US in the first year. In later years, however, it is remarkably
similar in both countries. There are other striking similarities. In both countries the
wage growth of job-to-job movers exceeds the wage growth of stayers. This difference
declines with experience. This is consistent with the search model: As workers become

better matched with experience, the gain in search capital from an additional job-to-job
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Figure 4.5: Within-job, job-to-job and job-to-unemployment wage growth: United

States versus Germany
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transition typically declines with experience.

German and American workers mostly differ with respect to the wage gain (or
loss) of job-to-unemployment movers. In the US job-to-unemployment movers roughly
experience the same wage growth as stayers during the first four years in the labour
market. At higher experience levels, the wage growth of job-to-unemployment movers is
considerably lower than the wage growth of stayers. Experienced job-to-unemployment
movers suffer a substantial wage loss. In Germany, we principally observe the same
pattern. However, during the first five years the wage growth of job-to-unemployment
movers exceeds that of stayers. Moreover, the wage loss at higher experience levels is

less substantial in Germany than in the US!2.

4.4.3 The covariance structure of log-wage residuals

In this section we decompose the variance of the log wage residual into the variance
of ability, match quality and a transitory component. This provides further evidence
for the importance of match-specific productivity and gains from job search. We begin

with the covariance structure of log-wage residuals by mobility groups and estimate the

12This pattern is consistent with the search model. Since it is the badly matched workers who are
most likely to become unemployed, job-to-unemployment workers may on average be better matched
at their new job than at their old job and thus gain in search capital. This effect should be strongest

for workers with low experience.
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variance of ability. We then analyse the covariance structure of the within-job wage

growth residual and estimate the variance of the transitory wage component. Finally,

we estimate the variance of the match quality at different experience levels.

The covariance structure of log-wage residuals by mobility groups

We begin with the autocovariance of the log-wage residual, ui: = fi + pyjn + €4t

by mobility groups. First, we get an estimate for the residual. Let %;;; denote the

estimated residual. We regress the log-wage on experience, experience squared, tenure,

tenure squared, time dummies as well as race (US) and nationality (Germany), and

obtain the residual.

Table 4.1: The autocovariance of log-wage residuals by mobility groups

stayers job-to-job movers job-to-un. movers exo. movers

unskilled, Germany N=40706 N=5659

0.1050 0.0495
apprentices, Germany N=176514 N=22722

0.0588 0.0393

high school dropouts, United States N=2846 N=1227
0.1075 0.0808

high school graduates, United States N=14531 N=5139
0.1282 0.0979

university graduates, United States N=5558 N=1671
0.1607 0.1406

N=7355 N=1387
0.0233 0.0345
N=17822 N=4120
0.0218 0.0315
N=1372
0.0571
N=4446
0.0716
N=811
0.1055

The table reports the autocovariance of log-wage residuals at lag 1 for stayers, job-to-job
and job-to-unemployment movers. Results are based on the first definition of a job-to-
unemployment transition. Exogenous movers are workers who lost their job due to plant
closure. A worker is classified as an exogenous mover if he left the firm within the year

the firm closed down or 1 year before that.

Table 4.1 shows the autocovariance of the estimated log-wage residual, u,;;, at lag

1 for three groups of workers: stayers, job-to-job and job-to-unemployment movers.

The table 4.1 provides strong evidence that wages do not only depend on the worker’s

general, but also on his match-specific productivity. The pattern is remarkably similar
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in both countries for all education groups: The autocovariance is highest for stayers,
second highest for job-to-job movers, and smallest for job-to-unemployment movers3.
This is implied by the search model. The autocovariance of residuals is higher for
stayers than for movers since the quality of the match is independent across firms,
but not within firms. The autocovariance is higher for job-to-job than for job-to-
unemployment movers since workers who are well matched at their old job require a
higher match at the new job in order to switch jobs. This induces a positive correla-
tion between the quality of the match at the new and old job for job-to-job movers.
Job-to-unemployment movers, in contrast, search from scratch and the match qual-
ity at the old job is uncorrelated with the match quality at the new job. Under the
additional assumption that ability does not affect mobility, the autocovariance for
job-to-unemployment movers identifies the variance of ability. In order to assess the
importance of these assumptions, we also report the covariance for workers who left
the firm because of plant closure. The idea here is that these workers left the firm for
exogenous reasons. The autocovariance for exogenous movers is somewhat higher than
that for job-to-unemployment movers, but lower than that for job-to-job movers. The

autocovariance for job-to-unemployment movers may thus underestimate the variance

of ability.

The variance of ability by experience

Next, we analyse how the autocovariance of job-to-unemployment movers changes with
experience. If firms symmetrically learning about ability, the autocovariance of the log-
wage residual is higher for workers who become unemployed later in their career.
Table 4.2 and table 4.3 display the autocovariance of log-wage residuals at lag 1 for
movers who became unemployed at different points of time for the US and Germany,
respectively. In the US, there is strong evidence for learning about ability for all edu-

cation groups. For instance, for high school graduates the variance of ability increases

L3Flinn (1986) also finds that the autocorrelation of log-wages is higher for those who stay
than for those who move. He, however, does not distinguish between job-to-job and job-to-

unemployment movers.
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Table 4.2: The variance of ability by experience: United States

high school dropouts high school graduates university graduates

<1 N=278 N=976 N=224
0.0396 0.0446 0.0562
1 < exp < 2 N=261 N=782 N=129
0.0339 0.0506 0.0688
2 <exp <3 N=184 N= 557 N=114
0.0770 0.0755 0.0800
3 < exp <4 N=161 N=469 N=93
0.0710 0.0898 0.1397
4 < exp < 5 N=107 N=367 N=55
0.0645 0.0892 0.1341
5 < exp <6 N=100 N=332 N=49
0.0819 0.0855 0.1184
6 <exp <7 N=T73 N=274 N=37
0.0843 0.0957 0.1602
7< exp < 8 N=69 N=189 N=34
0.1046 0.0948 0.1576
exp > 8 N=139 N=500 N=76
0.1068 0.0963 0.1683
total N=1372 N=4446 N=811
0.0571 0.0716 0.1054

The table reports the autocovariance of log-wage residuals at lag 1 for movers who became
unemployed at different points of time. Results are based on the first definition of a job-
to-unemployment transition.

from 0.0446 for workers with no experience to 0.0963 for workers with more than 8
year of experience. The variance of ability is higher for better educated workers at all
experience levels. For Germany, in contrast, we observe only a modest increase in the
variance of ability!*. The variance of ability is strikingly lower in Germany than in the

US for all education groups at all experience levels.

14This is in line with existing tests for symmetric employer learning. Using a very different method
to test for symmetric employer learning, Farber and Gibbons (1996) and Altonji and Pierret (2001)
find strong evidence for symmetric learning in the US. Bauer and Haisken-DeNew (2001), on the other

hand, find little evidence for symmetric employer learning in Germany.
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Table 4.3: The variance of ability by experience: Germany

unskilled apprentices
<1 N=2135 N=7243
0.0221 0.0197
l<exp<L?2 N=1427 N=3560
0.0205 0.0207
2<exp<3 N= 1143 N= 2257
0.0203 0.0208
3<exp<4 N=816 N=1545
0.0226 0.0237
4 <exp<5d N=520 N=1004
0.0261 0.0269
5<exp<6 N=345 N=705
0.0262 0.0275
6 <exp<7 N=288 N=494
0.0281 0.0284
7<exp<8& N=186 N=353
0.0274 0.0290
exp > 8 N=474 N=661
0.0275 0.0297
total N=7355 N=17822
0.0233 0.0218

The table reports the autocovariance of log-wage residuals
at lag 1 for movers who became unemployed at different
points of time. Results are based on the first definition of a
job-to-unemployment transition.

The covariance structure of within-job wage growth residuals

In this section we analyse the covariance structure of the within-job wage growth resid-
ual, Augji|s. This provides evidence for the importance of learning about match quality.
It also provides a way to identify the variance of the transitory wage component. We
begin the autocorrelation of the within-job wage growth residual. We then analyse how
the variance of the within-job wage growth residual changes with tenure, and estimate

the variance of the transitory wage component.
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Autocorrelation of the within-job wage growth residual First, we get an es-
timate for the within-job wage growth residual. Let A%u;j;|s denote this estimate. We
regress the within-job wage growth on time dummies, the change in experience (and
tenure), the change in experience squared as well as on the change in tenure squared,
and obtain the residual’®. Table 4.4 reports the autocorrelation of At;;|s at different

time lags.

Table 4.4: Autocorrelation of the within-job wage growth residual

lag 1 lag 2 lag 3

unskilled, Germany N=28591 N=21653 N=16731

-0.3020 -0.0015 -0.0052
apprentices, Germany N=129345 N=97997 N=74936

-0.3025 -0.0088 -0.0173

high school dropouts, United States N=1522 N=967 N=642

-0.3999 -0.0471 -0.0069

high school graduates, United States N=9045 N=6246 N=4420
-0.3018 -0.0067 -0.0242

university graduates, United States N=3709 N=2595 N=1835
-0.2339 -0.0256 -0.0302

The pattern is remarkably similar in both countries for all education groups. With-
out exception there is a strong negative autocorrelation at lag 1. At any higher lag
the autocorrelation is close to zero and uniformly negative. Topel (1991) and Topel
and Ward (1992) find a very similar pattern. This is the patterns that is implied by
the search model: The negative correlation at lag 1 is driven by measurement error or
transitory wage components. The very small and uniformly negative autocorrelation
at higher lags implies that past wage growth is not a good indicator for future wage
growth. Heterogeneity in predictable wage growth, as in a model with heterogeneous

firm-specific human capital accumulation, is thus not an important feature of the data.

The variance of the within-job wage growth residual by tenure Next, we

analyse how the variance of within-job wage growth residual, Au;;,|s, varies with tenure.

1"Race and nationality drops out of the within-job wage equation.
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If learning about match quality is important, the variance should decrease with tenure

as the belief about the quality of the match becomes increasingly precise with tenure.

Table 4.5: The variance of the within-job wage growth residual by tenure: United
States

high school dropouts high school graduates university graduates
all jobs 1st job > 2 |alljobs 1stjob >2 |alljobs lstjob >2

<1 N=1130 N=50 N=630 |N=4706 N=407 N=2520|N=1565 N=205 N=752

0.0597 0.0688 0.0645 | 0.0638 0.0755 0.0583 | 0.0896 0.1188 0.0928
1 < ten < 2({N=609 N=40 N=332 {N=2947 N=296 N=1590|N=1143 N=183 N=544
0.0597 0.0555 0.0570 | 0.0511 0.0576 0.0507 | 0.0494 0.0942 0.0497
2 < ten < 3|N=351 N=27 N=183 |N=1887 N=223 N=1013|N=777 N=125 N=335
0.0557 0.0339 0.0555 | 0.0457 0.0437 0.0464 | 0.0505 0.0567 0.0369
3 < ten < 4|N=234 N=21 N=116 |[N=1331 N=156 N=690 |N=597 N=108 N=245
0.0557 0.0408 0.0438 | 0.0440 0.0378 0.0499 | 0.0399 0.0449 0.0414
4 < ten < 5[N=157 N=18 N=77 [N=1012 N=124 N=502 [N=401 N=80 N=138
0.0489 0.0446 0.0495| 0.0345 0.0371 0.0303 | 0.0392 0.0393 0.0315
5 < ten < 6|N=95 N=13 N=44 |N=736 N=105 N=342 |[N=314 N=68 N=95

0.0388 0.0320 0.0426 | 0.0393 0.0289 0.0526 | 0.0356 0.0369 0.0253
6 <ten < 7[N=70 N=10 N=27 |N=556 N=75 ~N=247 [N=248 N=53 N=66

0.0290 0.0312 0.0329 | 0.0387 0.0305 0.0403 | 0.0384 0.0323 0.0211
7 < ten < 8|N=60 N=8 N=22 |N=388 N=63 N=150 |N=181 N=47 N=44

0.0320 0.0446 0.0227 | 0.0294 0.0326 0.0309 | 0.0317 0.0245 0.0323
ten > 8 |[N=140 N=21 N=31 |N=967 N=263 N=213 |N=332 N=I117 N=49

0.0381 0.0260 0.0228 | 0.0322 0.0313 0.0340 | 0.0378 0.0256 0.0262
all N=2846 N=208 N=1462|N=14531 N=1714 N=7267|N=5558 N=986 N=2268
0.0566 0.0569 0.0582 ] 0.0498 0.0485 0.0504 | 0.0600 0.0674 0.0596

For each education group, the first column reports the variance of the within-job wage
growth residual, V' (Ad,j|s), using all jobs. The second column reports the variance for
the first job only. The third column reports the variance for jobs that started in the third
year of experience or later (experience > 2).

Table 4.5 and table 4.6 report the variance of Au,j;|s at different tenure levels for
the United States and Germany, respectively. Column 1 reports results using all jobs.
In line with the search model the variance tends to decline with tenure for all education
groups in both countries. However, the decline may reflect learning about ability rather
than learning about match quality. In order to get an idea about the importance of

each type of learning, we report results separately for the first job (column 2) and jobs
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that started in the third year in the labour market or later (experience > 2, column 3).
A problem with this approach is that the sample size becomes very small, in particular

for high school dropouts.

Table 4.6: The variance of the within-job wage growth residual by tenure: Germany

unskilled apprentices

all 1st job >2 all 1st job >2
ten <1 ([N=13218 N=3906 N=5184 |N=52850 N=20525 N=16786
0.0447 0.0735 0.0393 | 0.0313 0.0422 0.0274
1 < ten < 2(N=6754 N=2281 N=2684 [N=32420 N=13688 N=10068
0.0396 0.0629 0.0265 | 0.0224  0.0271 0.0191

2 < ten < 3|N=4842 N=1761 N=1858 |N=23336 N=10398 N=6871
0.0363 0.0578 0.0194 { 0.0159 0.0195 0.0105

3 < ten < 4|N=3612 N=1410 N=1337 |N=17448 N=8235 N=4717
0.0346 0.0466 0.0229 | 0.0138 0.0156 0.0106

4 < ten < 5|N=2813 N=1181 N=980 [N=11314 N=6636 N=3226
0.0169 0.0240 0.0115 | 0.0143 0.0154 0.0120

5 <ten < 6|N=2219 N=964 N=706 |N=10143 N=5360 N=2138
0.0166 0.0154 0.0178 | 0.0121  0.0138 0.0099

6 < ten < 7|N=1697 N=803 N=485 [N=7786 N=4373 N=1391
0.0110 0.0084 0.0111 | 0.0113 0.0124 0.0100

7 < ten < 8|N=1330 N=685 N=317 |N=6020 N=3550 N=889
0.0121  0.0096 0.0154 | 0.0096 0.0109 0.0061

ten > 8 |N=4241 N=2557 N=647 [N=13197 N=8958 N=1089
0.0085 0.0078 0.0077 | 0.0090 0.0087 0.0090
total N=40706 N=15548 N=14207|N=176514 N=81724 N=47184
0.0327 0.0416 0.0234 | 0.0203 0.0235 0.0168

For each education group, the first column reports the variance of the within-job wage
growth residual, V(Ad;j]s), using all jobs. The second column reports the variance for
the first job only. The third column reports the variance for jobs that started in the third
year of experience or later (experience> 2).

Consider first the results for the United States. In line with learning about ability,
the variance of within-job wage growth is higher for the first job than for jobs that
started later. From table 4.2, the variance of ability increases from 0.046 to 0.0502 for
high school graduates in the first year in the labour market. The variance of within-
job wage growth, using the first job only, declines somewhat more, leaving some scope

for learning about match quality. However, overall the variance of ability increases by
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more than the variance of within-job wage growth decreases. A similar picture emerges
for university graduates and high school dropouts. Next, consider results for Germany.
We again observe a lower variance for jobs that started later although, from table 4.3,
learning about ability plays only a modest role in Germany. For both the first job
and jobs that started during the second year of experience, the variance of within-job
wage growth declines somewhat more than the variance about ability increases, for
both unskilled workers and apprentices. In Germany there thus is evidence that some

learning about match quality takes place.

Recovering the variance of the transitory wage component Next, we estimate the
variance of the transitory wage component, o2. It is identified from the variance of the
within-job wage growth residual for workers with high tenure, since (im0 V (Au;ji|s) =
202 : As tenure becomes large, nothing can be learned about the quality of the match
anymore. The same argument holds for learning about ability. The variance of the
within-job wage growth residual for jobs that lasted 8 years or longer is 0.0348 for the
US, and 0.0085 for Germany, using all education groups. Hence, under the assump-
tion that the variance of the transitory wage component is the same for all education
groups and that all learning is completed within 8 years, our estimate for the variance
of the measurement error is 0.0174 for the US data, and 0.00425 for the German data.
The estimate for the US is somewhat lower than previous estimates'®. The very low
estimate for Germany confirms our guess that wages are measured very precisely due

to the administrative nature of the data.

Unskilled versus apprentices A comparison between unskilled workers and appren-
tices in Germany turns out to be interesting. From table 4.5, the variance of the
within-job wage growth residual is considerably higher for the unskilled than for ap-
prentices at low tenure levels, particularly so at the first job. This difference all but
disappears with tenure. One reason for the lower mobility of apprentices than for

unskilled workers may thus be a higher precision of the quality of the match.

16For instance, Parent’s (2002) estimates for the variance of transitory productivity shocks range
from 0.0219 to 0.0427. Flinn’s (1986) estimate is 0.031. Neither Parent nor Flinn take into account

learning about ability.
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To sum up, heterogeneity in the rate of firm-specific human capital accumulation
is not an important feature of the data in either country. As expected, the variance of
measurement error is considerably higher in the US data than in the German data. In
Germany, the variance of the within-job wage growth residual is considerable higher

for unskilled workers than for apprentices.

The variance of log-wage residuals by experience

In a final step we estimate the variance of match quality at different experience levels.
The search model predicts that the variance of match quality eventually declines with
experience as workers allocate better matches with time in the labour market. How-
ever, if learning about match quality is important, the variance may increase at low
experience levels.

The first column of table 4.7 and 4.8 reports the variance of the log-wage residual
at different experience levels for the US and Germany, respectively. In Germany we
observe a gradual decline in the variance with experience for both education groups.
In the US, on the other hand, the variance of log-wage residuals increases somewhat
with experience. This is not surprising given the importance of learning about ability
in the US. The second column of table 4.7 and 4.8 gives an idea about the variance of
the match quality. It is obtained from the variance of the log-wage residual in column

1 by

e subtracting the variance of measurement error (i.e. 0.0174 for the US and 0.00425

for Germany), and

e subtracting the variance of ability from table 4.2 and 4.3, respectively.

We now observe a decline in the variance of the quality of the match for all education
groups in both countries. Most of the decline takes place during the early years in the
labour market when workers are most mobile and gains from moving from job-to-job are
highest. This again provides evidence for the importance of match-specific productivity

and search capital in both countries.
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Table 4.7: The variance of the log-wage residual and match quality by experience:
United States

high school dropouts|high school graduates|university graduates
1 2 1 2 1 2
0 N=550 N=2238 N=871
0.1276 0.0706 0.1408 0.0788 0.2191 0.1455
exp <1 |[N=698 N=2844 N=958
0.1216 0.0703 0.1416 0.0736 0.1984 0.1122
1 < exp € 2(N=737 N=2974 N=1017
0.1396 0.0452 0.1476 0.0547 0.2081 0.1107
2 < exp < 3|N= 660 N= 2641 N=939
0.1300 0.0416 0.1544 0.0472 0.2112 0.0539
3 < exp < 4|N=587 N=2473 N=912
0.1451 0.0532 0.1557 0.0491 0.1845 0.0330
4 < exp < 5|N=498 N=2216 N=796
0.1444 0.0451 0.1565 0.0536 0.1901 0.0543
5 < exp < 6| N=467 N=2046 N=732
0.1519 0.0502 0.1625 0.0494 0.2080 0.0304
6 < exp < 7|N=422 N=1833 N=655
0.1416 0.0196 0.1656 0.0533 0.1955 0.0205
7 < exp < 8|N=358 N=11626 N=581
0.1441 0.0199 0.1583 0.0446 0.2098 0.0241
exp > 8 |N=1018 N=5463 N=1450
0.1440 0.0198 0.1511 0.0374 0.2182 0.0325

For each education group, the first column reports the variance of the log-wage residual.
The second column reports our estimate for the variance of the quality of the match. It
is obtained from the variance in column 1 by substracting the variance of measurement
error (0.0174), and the variance of ability from table 4.2.

A comparison between unskilled workers and apprentices in Germany is particularly
interesting. The variance of the quality of the match is almost three times as high for
unskilled workers than for apprentices at low levels of experience. This difference all
but disappears with experience. Furthermore, there is little evidence that the variance
of the quality of the match is higher in the US than in Germany. The variance as well
its decline with experience is highest for unskilled workers in Germany. It is, despite
substantial differences in mobility rates, of remarkably similar magnitude for German

apprentices and American high school graduates and dropouts.
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Table 4.8: The variance of the log-wage residual and match quality by experience:

Germany

unskilled apprentices
1 2 1 2

0 N=6122 N=25962

0.2199 0.1935| 0.0965 0.0725
<1 N=10898 N=41278

0.1717 0.1469| 0.0844 0.0595
1< exp < 2|N=7920 N=32248

0.1497 0.1251| 0.0774 0.0523
2< exp < 3|N= 6652 N= 27398

0.1238 0.0969| 0.0714 0.0434
3< exp < 4|N=5T715 N=23501

0.0987 0.0683| 0.0702 0.0391
4< exp < 5|N=4749 N=20125

0.0964 0.0659{ 0.0667 0.0349
5< exp < 6|N=4000 N=17078

0.0849 0.0525| 0.0678 0.0351
6< exp < 7{N=3249 14649

0.0835 0.0518| 0.0647 0.0314
7< exp < 8| N=2931 12213

0.0738 0.0421| 0.0662 0.0322
exp > 8 |N=11336 N=32911

0.0645 0.0327} 0.0610 0.0271

For each education group, the first column reports the variance of the log-wage residual.
The second column reports our estimate for the variance of the quality of the match. It
is obtained from the variance in column 1 by substracting the variance of measurement
error (0.00425), and the variance of ability from table 4.3.

Table 4.9 and table 4.10 show the proportion of the variance of the residual that
can be attributed to ability and match quality, for the US and Germany. In both
countries and for all education groups, the propotion of the variance attributable to
ability increases with experience, while that attributable to match quality declines
with experience. The proportion attributable to match quality is considerably higher in
Germany than in the US. This may indicate that search frictions play a more important
role in Germany.

To sum up, the variance of the quality of the match declines with experience in
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Table 4.9: The variance of ability and match quality by experience: United States

high school dropouts | high school graduates| university graduates

ability | match quality | ability | match quality | ability | match quality
exp=0 [31.0% 55.4 % 317 % 55.9 % 25.6 % 66.4 %

2<exp < 3 [54.6 % 32.0 % 58.2 % 30.6 % 66.1 % 25.5 %

4 < exp <5|53.9 % 29.7 % 52.6 % 329 % 62.3 % 28.5 %
exp>8 |74.1 % 13.7 % 63.7 % 24.7 % 7.1 % 14.9 %

The proportion of the variance attributable to ability and match quality is reported. The
estimate for the variance of measurement error is 0.0174. Estimates are based on table
4.2 and 4.8.

Table 4.10: The variance of ability and match quality by experience: Germany

unskilled apprentices
ability | match quality | ability |match quality
exp=0 [10.0 % 87.9 % 204 % 75.1 %
2<exp < 3182 % 78.3 % 33.2 % 60.8 %
4 <exp <5271 % 68.4 % 40.6 % 51.5 %
exp>8 [42.6 % 50.7 % 48.7 % 444 %

The proportion of the variance attributable to ability and match quality is reported. The
estimate for the variance of measurement error is 0.00425. Estimates are based on table
4.3 and 4.8.

both countries for all education groups. The proportion of the variance that can be
attributed to match quality is considerably higher in Germany. In Germany the vari-
ance as well as its decline with experience is considerably stronger for unskilled workers

than for apprentices.

4.5 Summary

This chapter compares job mobility of young men in two countries with very different
labour market institutions, the United States and Germany. The empirical analy-
sis for Germany is based on a new and unique administrative data set, the so-called

IAB-Beschiftigtenstichprobe. The data for the US comes from the 1979 National Lon-
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gitudinal Survey of Youth (NLSY79). Both data sets are well suited to analyse the
mobility behaviour of young workers. Most importantly, both data sets allow to con-
struct an accurate and complete work history of workers from labour markét entry
onwards, including all job-to-unemployment transitions.

We set up a search model that guides the empirical analysis. The search model
borrows from Jovanovic (1984) and Mortensen (1988). The two crucial features of the
model are on-the-job search and learning about match quality. The job thus is (partly)
an experience good. On-the-job search leads to endogenous job-to-job transitions and
allows workers to allocate better matches over time. Learning about the quality of
the match, on the other hand, leads to endogenous job-to-unemployment transitions:
A match that used to be preferable to unemployment may not be preferable anymore
after disappointing news about the match arrived. A distinction between job-to-job
and job-to-unemployment transitions is important. If a worker moves from job-to-job
he gains search capital, whereas he loses search capital and has to search from scratch
if he becomes unemployed.

We first derive the restrictions the search model imposes on wage gains of stayers,
job-to-job and job-to-unemployment movers, and propose a simple method of decom-
posing the variance of the log-wage residual into the variance of ability, match quality
and a transitory component.

Our main findings can be summarised as follows. Mobility is substantially lower
in Germany than in the US for all education groups. German workers are particularly

less likely to become unemployed. Yet, there are important similarities.

e Match-specific productivity plays an important role in both countries for all edu-
cation groups. As predicted by the search model, the autocovariance of log-wage
residuals is highest for stayers, second highest for job-to-job movers and lowest
for job-to-unemployment movers. Furthermore, the proportion of the variance
that can be attributed to match declines with experience, while the proportion
that can be attributed to ability increases with experience in both countries for

all education groups.
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e There is some evidence for learning about match quality in both countries, as the

variance of the within-job wage growth residual declines with tenure.

e Heterogeneity in the rate of firm-specific human capital accumulation is not an
important feature of the data in either country, as the autocovariance of the
within-job wage growth residual is close to zero and uniformly negative at lag

greater than 1.

American and German workers mostly differ with respect to the variance of ability

and transitory wage component.

e The variance of ability is considerably higher in US for all education groups.
Furthermore, learning about ability plays an important role in the US, but only
a modest role in Germany. The proportion of the variance attributable to match
quality is considerably higher in Germany than in the US. This may indicate that

search frictions play a more important role in Germany.

e As expected, the variance of the transitory wage component is substantially lower
in the German administrative data than in the US survey data due to measure-

ment error.

There are also interesting differences between unskilled workers and apprentices in
Germany. First, the variance of the quality of the match is almost three times as high
for unskilled workers than for apprentices at low levels of experience. This difference all
but disappears with experience. This is consistent with the idea that job search plays a
more important role for unskilled workers than for apprentices. Second, the variance of
the within-job wage growth residual is considerably higher for unskilled workers than
for apprentices at low tenure levels, particularly so at the first job. This difference all
but disappears with tenure. One reason for the lower mobility of apprentices than for

unskilled workers may thus be a higher precision of the quality of the match.
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4.6

Appendix

A Data

Table 4.11: Means and standard deviations of selected variables: US and German data.

NLSY79 IAB
hs drop. hs grad. uni. grad.|unskilled appr. uni. grad.
number of workers| 550 2238 871 6122 25962 5203
proportion |15.03 % 61.61 % 23.80 % | 16.41 % 69.63 % 13.95%
total number of observations| 5995 26354 8911 63752 247363 44257
US: hourly wage rate in §| 8.47 10.04 15.25 11240 133.62  198.25
GER: daily wage rate in DM |(8.7092) (8.4914) (9.5673) | (40.36) (38.90) (49.35)
experience| 5.09 5.53 5.22 4.81 4.54 5.11
(3.6494) (3.8742) (3.5779) | (4.1295) (3.5402) (4.2876)
tenure| 1.87 2.29 2.71 2.71 2.93 3.22
(2.2942) (2.7087) (2.6828) |(3.2938) (2.9588) (3.3429)
age| 25.46  26.21 28.06 23.82 25.25 31.00
(4.6164) (4.5769) (4.1986) | (4.4851) (3.8448) (5.0814)
number of jobs| 5.33 4.60 3.47 3.13 2.35 2.03
(3.4782) (3.0828) (2.2722) | (2.7676) (1.8934) (1.3929)

Sample Selection: German data We include all apprentices in the sample that are

also included in the sample of apprentices in chapter 3. See Chapter 3, appendix B for the

selection criteria. We drop the restriction that the worker has to complete the apprenticeship

after 1979. Unskilled workers and university graduates are included in the sample if

e 1o A-level (Abitur), polytechnic or university degree at labour market entry: not older

than 15 in 1975, and at most 19 at labour market entry;

o A-levels ( Abitur), no polytechnic or university degree at labour market entry: not older

than 19 in 1975, at most 21 at labour market entry;
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e polytechnic degree: not older than 23 in 1975, at most 27 at labour market entry;

e university degree: not older than 24 in 1975, at most 29 at labour market entry.

Definition of education: German data
1. See Chapter 3, appendix B, for a definition of an apprentice.

2. A university graduate is a worker who held at least one job that classified him as a

university or polytechnic graduate.
3. An unskilled worker is a worker who is neither classified as an apprentice or university
graduate.
B Censoring in the German data

Table 4.12 shows the proportion of censored wages by education and experience. For univer-
sity graduates, censoring is severe. By the 10th year of experience, however, almost every

fourth wage is top-coded.

Table 4.12: Wage censoring by experience and education: German data

experience | unskilled apprentices university graduates
0| 0.11 % 0.19 % 2.44 %
1] 0.11 % 0.25 % 5.33 %
21 0.26 % 0.25 % 721 %
31 021 % 0.40 % 9.09 %
41 0.33 % 0.62 % 12.54 %
5| 0.30 % 0.58 % 15.10 %
6| 0.29% 0.71 % 17.93 %
7| 0.53 % 0.66 % 21.93 %
8| 0.43 % 0.80 % 23.80 %
9| 0.36 % 0.88 % 23.02 %
Total| 0.22 % 0.44 % 10.11 %
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C The covariance structure of the within-job wage growth residual if the rate of

firm-specific human capital accumulation is heterogeneous

In this section we derive the covariance structure of the within-job wage growth residual
if more able workers accumulate more firm-specific human capital. Suppose for simplicity
that firm-specific human capital accumulation is linear, i.e. h;(n) = B;n. Let B denote the
average return to firm-specific human capital accumulation. Further suppose for simplicity
that ¢ — (t — 1) = 1 for all wage informations. In order to focus on the implications of
heterogeneous firm-specific human capital accumulation, we assume that the match is a pure
inspection good. The wage growth of stayers then equals In;;; |[s = 8+ (8; — B). The variance

and the covariance of within-job wage growth at lag [ can be computed as
V(Awij|tenure = n,s) = 2024 V(B,]s),

Cov(Awgji, Aw;je—i |tenure = n,s) = —a2+ V(B;]s) S0, and

Cov(Awijt, Awgje—i|tenure =n,s) = V(B;]s) > 0.
The condition s indicates that the worker stayed with the same employer between t and

t — (Il +1). A model with heterogenous firm-specific human capital accumulation therefore

implies a positive covariance at lag greater than 1.

D The distribution of the updated quality of the match

From (4.1),

_ BTy +mTm —u+t Tm(m — )

Ho :
Tu+Tm Tu+Tm

Hence, E[ug] = . V{(pg) equals

{m(m - 7) }2] _ TR+ 1/T) Tm

Tu+Tm

Vi) = E

(Tu+ Trm)? B Tu(Tu+Tm) '

This is expression (4.3). From (4.4),

_ ATu+mMTm +n7,T —T+ Tm(m — ) + n1.(T — )

" Tu+Tm+n7g Tp+ Tm +NTg
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Hence, Flu,]| = 4. V(u,) can be computed as

E [{ Tm(m — ) + n14(T — 7) }2}

Tpy+Tm +nTg

ll

V(i)

7',2n(1/7'# +1/mm) + nzTg(l/T# +1/n75) + 20T To /Ty
(Tu+ Tm +n72)?

Tm + N7z
Tu(Tp+Tm +07z)

Setting n = 1 gives expression (4.8).

E The distribution of the innovation in the quality of the match

Note that p,, = s_f’ﬁl‘n—l + SpTzZn,where x, is the nth signal observation on-the-job. Con-

sequently,
Hn = Hn_1 = SnTa(Tn = Hpo1).

Hence, E{i, — tin_1] = 0. V(i — ph_1) can be computed as
Vit = tin_1) = Sa7a(V(2n) + V (ttn1) = 2C00(tn, fi—1).

Using (4.8) and (4.5),

e+ (n— )7, (-
V(tn = tin_y) = S2ro(1/7g+1/7,+ Sno1™ +(n-1)7 o5, Tm* (n l)Tw)
Tu Ty
S, 1827,
= ST+ T 7)) = SuSeaTa,

This is expression (4.9).
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Chapter 5

Concluding Remarks

There are three benchmark models, or ’building blocks’, for explaining labour market
outcomes: human capital models, search and matching models, and learning models.
The objective of this thesis is to assess the empirical importance of each building block

model.

Chapter 2 focuses on learning models. The question addressed in this chapter is:
Is employer learning symmetric or asymmetric? A model that nests both learning
hypotheses is developed. It is shown that existing tests that have been derived under
one learning hypothesis are also consistent with the other. New tests that allow to
discriminate between the two hypotheses are proposed. The chapter also contributes
to the literature on job mobility by analaysing the impact of ability and learning about
ability on the worker’s decision to switch jobs. Evidence from the NLSY79 indicates
that asymmetric employer learning plays an important role for university graduates,
but not for high school graduates. The way the market acquires new information
about workers’ productivity thus differs across education groups. This has important
implications. First, the results imply that labour markets work more efficiently for
high school dropouts and high school graduates than for university graduates. Second,
the results suggest that firms earn -ex post- higher rents on university graduates than
on high school dropouts and graduates. Third, they imply that firms have a stronger

incentive to sponsor general training for university graduates than for high school
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graduates and dropouts. This may be one explanation for Lynch’s (1992) finding that

in the US better educated workers are more likely to receive company-related training.

Chapter 3 focuses on human capital models. It revisits the question why firms pay
for training even if training is general. The question is addressed within the German
apprenticeship system. The focuses is on the impact of wage rigidities caused by unions
on training. A model of firm-sponsored training and unions is developed and empirical
implications are derived. The empirical evidence suggests that wage floors created
by unions are an important reason for firm-financed training in Germany. However,
asymmetric employer learning cannot be ruled out as an additional reason for firm-
financed training.

These results have important policy implications. First, a deregulation of the Ger-
man labour market that limits the power of unions may have undesired consequences
for the apprenticeship system. Second, attempts to introduce training schemes in coun-
tries in which unions play only a minor role may fail. It is, however, important to bear
in mind that the reason why unions induce firms to sponsor training is that unions
make long-term wage contracts enforceable. There may be ways to do so other than
through the unionisation of the economy.

The results also have important welfare implications. Most importantly, there is no
evidence that unions reduce training in the economy. Moreover, the results are com-
patible with unions moving training closer to the socially optimal level. This crucially
depends on the assumption that firms cannot fully commit to training provision. If in-
stead firms can fully commit to training provision, our results imply that in Germany
unions rise apprenticeship training above the socially optimal level. Distinguishing

between the limited and full commitment case is an important task for future research.

Chapter 4 focuses on search and matching models. It compares job mobility of
young men in two countries with very different labour market institutions, the United
States and Germany. Based on a search model with endogenous job-to-job and job-
to-unemployment transitions, I propose a simple method of decomposing the variance

of wages into an ability component, a match quality component and a transitory com-
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ponent. Match-specific productivity and job search plays an important role in both
countries, for all education groups. The proportion of the variance that is attributable
to match quality is considerably higher in Germany than in the US. In Germany, there
is evidence that job search and match-specific productivity matters more for unskilled

workers than for apprentices.

Let me conclude by pointing out the difference chapter 2 and chapter 4 have taken
to job mobility. Chapter 4 ignores the effect of ability, and focuses on the impact of
match-specific productivity as well as learning about match-specific productivity on
job mobility. Chapter 2, in contrast, ignores the effect of match-specific productivity,
and focuses on the impact of ability as well as learning about ability on job mobility.
Developing a model that integrates these two aspects of job mobility and is at the same

time tractable is an important direction for future research.
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