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1 Introduction

If one were to ask an economist what sort of data s/he would need in order to study job turnover and
wage dynamics in a given market, there is a good chance that the answer would be a panel of workers
containing observations of individual wages and job or unemployment spell durations. While this is certainly
a natural intuition, a close correspondance between the determinants of labor turnover and wage dynamics
on one hand, and the determinants of cross-sectional wage distributions on the other is inherent to the basic
structure of most job search models. In fact, the canonical job search model essentially hypothesizes that the
information contained in cross-sectional wage distributions is virtually the same as the information contained
in the longitudinal dimension of the data.

The main objective of this paper is to closely and systematically scrutinize the empirical validity of that
assumption.

The general intuition behind that “equivalence” is that in a typical job search model the determinants
of job spell durations are also the determinants of the selection process of workers into jobs. This intuition
can be more precisely outlined in the following simple case. Assume that workers (employed or not) sample
job offers according to some random process, and that they follow a reservation wage policy. Workers
then accept offers that are associated with a wage higher than their reservation wage, which equals their
current wage if they are employed, or the flow income from unemployment if they are not. As workers
obviously have to wait until they are faced with a new job opportunity before they can consider accepting a
new job, the parameters of the job offer sampling process—i.e. essentially, the frequency at which workers
receive offers—are determinants of the time workers spend in a given state (i.e. employed at a given wage or
unemployed). But since workers only accept job offers that are worth accepting—i.e., in this simple case, that
are associated with an increase in their flow income—those parameters are also involved in the relationships
between the wage distributions among various sub-populations of workers, typically job movers, job stayers

and job “entrants” (i.e. workers exiting unemployment).!

LClearly, this simple description of the labor market has a strong “partial equilibrium” flavor. A more general intuition of
the correspondance between the determinants of job turnover and the determinants of wages is as follows. Again, a primary
determinant of job turnover is the frequency at which workers sample job opportunities, i.e. the frequency at which they meet
potential employers. But this frequency is also a measure of how much competition between employers there is for labor services,



In order to confirm or invalidate the above arguments, we present a rudimentary model of job search, the
structure of which implies that job hazard rates can be inferred from either job spell duration data or from
cross-sectional wage data. We estimate this model on a panel covering 10 European countries and the U.S.,
and test the consistency of those two sources of identification. Our European data comes from the European
Community Household Panel (ECHP), while our source for the U.S. is the Panel Study of Income Dynamics
(PSID).

Our main results are as follows. To begin with, stylized though it may be, the basic job search model
that we use does surprisingly well at passing those consistency tests. We run two series of tests: formal and
“eye-ball”. The formal tests are accepted in a vast majority of cases. The “eye-ball” tests consist of plotting
and “visually” comparing wage distributions among various sub-populations of workers together with the
corresponding prediction from the model. Here again, the general impression is one of a surprisingly good
fit. This result goes some way beyond the mere success of a structural model at fitting data. First, it allows
us to point at a number of interesting empirical regularities about wage distributions. Second, it suggests
that cross-sectional wage data contain the essential information needed for the estimation of the simple job
search model. In particular, cross-sectional wage data are enough to measure the extent of search frictions
on the labor market. This result has a certain practical appeal, since (as will be shown in the paper) it is
considerably simpler to obtain such a measure using cross-sectional wage distributions than using job spell
durations, both in terms of data acquisition (cross-sections are in general more readily available than panels
of comparable size) and in terms of estimation procedure. Finally, our results tend to advocate job search
models as simple, tractable and useful tools to describe typical labor force survey data.

This paper also has two secondary purposes. The first one is simply to provide a cross-country comparison
of labor mobility and wage dispersion, as viewed through the lens of our simple model. The second one is more
closely related to the theoretical assumptions underlying the conventional job search model. The latter takes

for granted—just as we implicitly did so far in this Introduction—that workers optimally follow a reservation

which in turn shapes wage formation. To put it simply, in a Walrasian labor market, this frequency is infinite (all workers are
instantly aware of any job available in the market), wages equal marginal productivity and wage dispersion therefore only
reflects individual productivity dispersion. In a “frictional” labor market, this frequency is finite, wages are typically less than
marginal productivity and wage dispersion is partly explained by cross-individual differences in the number of job opportunities
received in the past.



wage policy, i.e. that they voluntarily accept a job offer when it comes along with a wage increase. What
rational, forward-looking workers in fact compare when they consider accepting a job offer is the lifetime
values associated with either job. This will be observationally equivalent to a reservation wage behavior if
the lifetime value of a job is a monotonically increasing function of the wage that it pays.? But if other types
of unobservable “amenities” enter as arguments of the lifetime utility that a worker derives from a given job,
then this reservation wage hypothesis is no longer valid.

Since the bulk of this paper will make extensive use of this reservation wage hypothesis, it may be
considered worth the while checking its validity. We therefore do that as well by re-estimating our simple
job search model on our 11-country sample, treating the job values as unobserved heterogeneity (Ridder and
Van den Berg, 2003). We then compare the thus obtained estimates to those obtained under the assumption
that workers base their job mobility decisions upon wage comparisons. Formal tests suggest that our sample
does not in general allow us to reject the assumption that job mobility decisions are indeed based on simple
wage comparisons. The conventional reservation wage hypothesis therefore appears to be a reasonable
approximation.

The literature in which this paper most obviously belongs is the job search literature (see Mortensen, 2002
for a recent and comprehensive review). While attempts at estimating the original Burdett and Mortensen
(1998) job search model (or an extension of it) on single-country data are many,® systematic cross-country
studies are very few. In fact, as far as we are aware, the only contribution explicitly aimed at comparing
estimates of the job search model across several countries is Ridder and Van den Berg (2003). Our paper differs
from theirs in several respect, though. First, they use non-homogeneized data from 5 different countries (4
European plus the U.S.), whereas we use homogenized data from 10 European countries, which we supplement
with “similar” U.S. data. Second, they rely on the basic Burdett and Mortensen (1998) model, whereas we
use an extension of that model that allows for job-to-job transitions associated with wage (or job value)

losses. Ultimately, their scope is different from ours in that their main goal is to come up with a method

2Implicit in this statement is the further assumption that any job is unambiguously associated with a given fixed wage.
Allowing wages to vary within a given job or job spell obviously makes the worker’s problem more complicated. See below for
more on this point.

3While the following list is not exhaustive, studies on Danish, Dutch, French or US data are most frequently found in the
literature.



for measuring the extent of labor market frictions using readily available, “macro” data and the structure
provided by the Burdett and Mortensen model, whereas we want to provide systematic formal tests of the
structure of the job search model that we use.

The paper is organized as follows: Section 2 presents the simple partial equilibrium job search model that
is to be estimated. Section 3 describes the PSID and ECHP data. Section 4 explains the full information
estimation method of our structural model, and presents the basic results. It also compares the characteristics
of worker trunover across countries. Section 5 is devoted to specification testing, and emphasizes the idea that
the model can be identified from either cross-sectional wage data or from job spell duration data. Finally,

Section 6 concludes.

2 A simple model of labor turnover

This section unrolls the theoretical background of the paper. It essentially consists of a simple generalization
of Burdett’s and Mortensen’s (1998) job search model with on-the-job search, even though we shall restrict

our effort to a partial equilibrium analysis.

2.1 The environment

The labor market under study has a unit-mass continuum of homogeneous, infinitely lived workers, a fraction
u of which are unemployed. Time is continuous. Unemployed workers sample job offers sequentially at some
exogenous Poisson rate A\g > 0. We authorize on-the-job search, so that job offers also accrue to employed
workers at a rate Ay > 0.

Each job is characterized by a scalar v, that represents the lifetime value to any worker of holding this
particular job. Upon receiving a job offer, a worker draws the value v associated with the job that is offered to
him/her from a continuous sampling distribution F (v) with support [v,7]. Given this environment, workers
optimally follow a reservation value policy. Therefore, an employed worker whose current job has value v
and who receives an offer worth v’ to him/her is willing to take the offer iff. v’ > v, which has probability
F(v)=1-F(v).

We further assume that the unemployment income flow is low enough that all job offers are accepted by



the unemployed.* The unemployment outflow rate thus equals Ag.

In addition to receiving outside job offers—which they can either accept or turn down—at rate Aq,
employed workers face two types of shocks. First, the conventional job destruction shock: at rate § > 0,
employed workers are hit by a negative productivity shock that makes their job unproductive and forces
them back into unemployment. Second, we introduce a “reallocation shock”: at rate Ay > 0, employed
workers receive a job offer with an associated value drawn from the sampling distribution F (), which they
cannot reject (i.e. for which the only alternative is to become unemployed, which by assumption is never
preferable). When hit by a reallocation shock, an employed worker is thus forced to leave his/her current
job for another job, with a value drawn at random from F (-). This reallocation shock is formally equivalent
to a layoff immediately followed by a job offer. As a matter of structural interpretation, the latter can result
from an employer-provided outplacement programme, or from the worker’s job search activity during the
notice period. In terms of data description, however, it is not straightforward to determine what this shock
exactly captures, and we shall discuss this issue at more length in the empirical part of this paper. For now,
note that this reallocation shock is absent from conventional job search models,” and that its purpose is to
make the model consistent with the observed positive share of job-to-job movers that experience a wage cut

while changing jobs.

2.2 Individual labor market transitions

Summing up, unemployed workers exit unemployment at a constant rate of A\, while employed workers can

experience three types of mobility:

1. A mobility from employment into unemployment following a layoff (a “§ shock”);

2. A woluntary mobility from a job into another job following an outside job offer (a “A; shock”). The
rate at which this happens to an employed worker at a job with value v is \;F (v). Clearly, workers

only move up the scale of job values when they receive outside job offers;

4This would naturally happen in a homogeneous worker equilibrium search model, where a firm offering a job with a lifetime
value strictly below that of unemployment would never attract any worker.

5In fact, our simple setup encompasses the Burdett and Mortensen (1998) job search model as a special case where the job
value is equal (or proportional) to the wage and there are no reallocation shocks (i.e. A2 = 0). We should also mention that
such reallocation shocks were considered before in Ridder and van den Berg (1993, 1997).



3. An involuntary mobility from a job into another job following a reallocation shock (a “Ay shock”).

Reallocation shocks cause job-to-job movements with either a gain or a loss of value.

What the quadruple of parameters (J, A\g, A1, A2) thus essentially governs is the frequency and nature of
individual labor market transitions. We shall henceforth refer to (J, Ag, A1, A\2) as the transition parameters.

The set of assumptions listed above immediately implies the following:

e Hazard rates: The unemployment hazard rate equals Ag, and the job hazard rate for a job with value

vequals § + A2 + A F (v).

e Types of transition: Consider a worker initially employed at a job with value v. Conditional v and on
job termination, the probability that this worker becomes unemployed equals §/ [§ + A2 + A1 F (v)]; the
probability that s/he becomes employed at a job with value v/ is (A2 + A1) F' (v') / [6 + A2 + A1 F (v)]

if v/ > v and Mo F' (v/) / [0 + A2 + M F (v)] if v/ < v (which can only happen following a Az shock).

2.3 Worker flows and stocks

From now on, we assume that the labor market is in a steady state. Conventional though it may be, this is
a obviously a strong assumption. One of our empirical goals in this paper is to assess its validity.

The steady-state assumption implies a series of flow-balance equations, from which various stocks and
distributions of interest for the empirical analysis can be derived. Starting with the balance of unemployment

in- and outflows, we get:

(1)

Aou =0 (1 —u) & u=

The LHS in (1) is the unemployement outflow, which equals the measure of unemployed workers times the
offer arrival rate Ag (recalling that the acceptance rate of offers by unemployed workers equals 1). The RHS
in (1) is the unemployment inflow, given by the layoff rate § times the measure of employed workers, 1 — u.

We now consider the distribution of job values in the population of employed workers: let G (v) denote
the fraction of the 1 — u employed workers that have a job with value v or less. The corresponding stock is
(1 — u) G (v). Workers leave this stock either because they are laid off (which happens at rate ¢), or because

they receive an outside offer of a job with value greater than v (which happens at rate A\ F (v)), or finally



because they are hit by a reallocation shock, but are lucky enough to draw a job value greater than v (this
last event occurs at rate Ao F (v)). On the other hand, workers enter the stock (1 —u) G (w) either because
they were unemployed and got an offer of a job worth less than v (the measure of such entrants is AguF (v))
or because they were employed at a job with value greater than v, were hit by a reallocation shock and drew
job with value less than v (the measure of such entrants is Ay (1 —u)[1 — G (v)] F (v)). Constancy of the

stock (1 — ) G (v) thus implies:
[0+ MF (v) + XF (v)] (1 —u) G (v) = AuF (v) + A2 (1 —u) [1 = G (v)] F (v), (2)

which, together with (1), implies the following relationship between F' (-) and G (-):

d+ X+ A1) G (v)

St NG 0 Ml

F(v):(

Gy = BTN
d+ A2+ MF (v) (6+ X4+ A1) (6 + No)

[0+ A2 + MG ()]

F (v) = G’ (v).

Obviously, G () and F (-) have equal support, [v,7].

Finally, it will prove useful for the empirical analysis to decompose the distribution G into two compo-
nents, G (v) = Gp (v) + G1 (v), where G (v) denotes the measure of employed workers at jobs with value v
or less whose previous state was unemployment. Conversely, G (v) is the measure of employed workers at
jobs with value v or less who have experienced at least one job-to-job mobility (voluntary or involuntary)
since their last spell of unemployment. Note that Gy (-) and G; (+) are not cdfs, in that Gy (v) =1 — G1 (v)
lies strictly in (0, 1). In fact, G (¥) is the total fraction of employed workers who are in their first job after
a spell of unemployment.

The flow-balance equation corresponding to Gg (v) is as follows:

v

(1 —u) (5+)\2)G0 (U)+)\1

T~

F (z)dGy (x)] = MuF (v). (4)

The LHS in (4) is the total flow out of the stock (1 —u) Gy (v). It consists of workers who are either laid
off or hit by a reallocation shock which forces them to start a second job (those are the first two terms in
the LHS of (4)), plus workers who receive an outside offer that they are willing to accept, which also leads

them to start a second job. The total measure of such workers is the integral term in the LHS of (4). The



RHS in (4) is the measure of workers flowing into the stock (1 —u) Gg (v), which is simply the measure of
unemployed workers who receive an offer of a job with value v or less.

Differentiating (4), and again using Agu = ¢ (1 — u), we get:

S SF (v)
Go (v) = S+ Xo+ MF (v) 5)

which integrates as:

51 0+ X+ A\ )

Gow) =57 n<5+A2+A1F(v) ©)

Note in passing that the share of employed workers that are in their first job after an unemployment spell is

given by Go (0) = )% In (1 + ﬁt) Using (3) and (6), we note that G and Gy are related as follows:

5 At , 86 ()
Go(v))\—lln(1+5+)\2G(v)) & GO =5 e (7)

2.4 Summing up: structural relationships and parameters of interest

A summary of the results from the previous paragraph would be that we now have two important structural
relationships between the job value sampling distribution F' (v), the distribution of job values in the total
population of employed workers G (v) and the “defective” distribution of job values in the population of
employed workers who are in their first employment spell, G (v). Those two relationships are given by (3)

and (7), and reproduced here for convenience (in a slightly different form):

(1+72%5) 6@

F(v)
G R S = F = 3
) 1 51&1 (v) ) L+ 5iA2G(”) ¥
and
Gv) = 5)\_1>‘2 (e—“é Go(v) _ 1) & Go (v) = —)i In <1 +3 Al}@G(U)) ) (7)

Looking at these two equations, one sees the combination of parameters A1/ (6 + A3) seems to play a par-
ticular role. The ratio A1/ (d + A2) (which we shall now denote by k) has a simple interpretation: it is the
average number of job offers that a worker receives between two “adverse” shocks, an adverse shock being
either a layoff (§) or a reallocation shock (A2). In other words, an adverse shock is defined as an event that

forces the worker to move (either to unemployment or to a different job) whether s/he likes it or not.



Now going back to (3), one can bring up a slightly different interpretation of the parameter k. A

straightforward manipulation of (3) shows that

Fv)-G(v)
G F ()

K

(8)

Hence, k is a measure of the extent to which G (-) first-order stochastically dominates the sampling distrib-
ution F'(+). In other words, it can be seen as a summary measure of the competitive forces that put upward
pressure on the workers’ job values. If k tends to zero, then G (-) becomes confounded with F (), meaning
that employed workers never get higher job values than what firms are willing to offer to them. Conversely,
as k becomes large, then the distribution G (-) becomes more and more concentrated at high job values.
In the limit where x tends to infinity, employed workers tend to move immediately to the most valuable
job or firm in the market: the labor market becomes Walrasian. We will pay a particular attention to this
ratio k when we get to the discussion of our estimation results. We shall therefore keep in mind this last

interpretation of x and use it as our “summary index of labor market frictions”.

2.5 Job values

The issues of how we define job values and whether we observe them or not are of primary empirical
importance, and remain to be addressed. This paragraph discusses two alternative assumptions.

In the standard job search model, the value of a job is equal to the wage paid in that job.” Workers’
mobility decisions are therefore made based on wage comparisons. Having job values equal to wages is
obviously attractive from an empirical viewpoint, at least because wages are in general directly observed in
standard individual data sets. But this empirical convenience has a cost in terms of additional theoretical

assumptions. Specifically, equality of job values to wages flows from the following combination of assumptions:

1. The labor market is in a steady state;

2. Wages are constant over time within a job spell;

6The empirical job search literature generally uses A\1/§ as an index of labor market frictions (see e.g. Ridder and van den
Berg, 2003). Our index k = A1/ (§ + A2) simply generalizes this approach.

TThis is a shortcut. In fact, in the conventional job search model, the value of a job is a strictly increasing function of the
wage paid in that job. But since job values only appear as arguments of cdfs in our structural model, simply assuming equality
of job values to wages entails no loss of generality at his point.

10



3. The wage is the only argument of the workers’ instantaneous utility function (or at least the only

argument thereof that varies across jobs).

There are obviously a number of fair criticisms to this approach. While assumption 1 (steady-state) has
little theoretical contents, assumptions 2 and 3 are much more restrictive. Assumption 2 is in fact an ad
hoc restriction on the set of contracts that can be offered by employers: offering a flat wage profile is not
generally optimal for the employer.? Assumption 3 is a restriction on worker preferences, against which one
can argue that workers value jobs based on a set of job characteristics, which the wage surely enters together
with a number of other arguments (working time, working conditions, distance from home, “amenities”...).?
Taking the sole wage into account is therefore at best an approximation, and possibly completely misleading.

Taking this argument seriously, Ridder and van den Berg (2003) have suggested what they call the
unconditional inference approach to obtain robust estimates of the transition parameters (J, Ag, A1, A2). The
meaning of robust is that those estimates ought to be unaffected by possible misspecification of the job
value v. The natural route to follow here is to treat v as an unobserved variable, and integrate it out of the
likelihood function. As shown by Ridder and van den Berg (2003), the model’s structure—which in particular
contains the steady-state assumption—makes this integration rather easy, in that it is generally possible to
come up with quasi-closed form “unconditional” likelihood functions.

The main results of this paper are going to be derived under the approximation v = w (job values equal
wages). One of our goals, however, is to test whether this approximation is an acceptable one. This is what
we do in section 5.4, where we apply the Ridder and van den Berg method to our particular model, and

compare the “robust” estimates of (d, Ao, A1, A2) to those obtained under the restriction v = w. Until then,

however, we shall simply adopt the assumption v = w (and amend the notation accordingly).

8 This argument has been taken seriously in a number of recent papers where the consequences of allowing more sophisticated
wage contracts are explored. Stevens (2000) and Burdett and Coles (2003) look at nonconstant wage-tenure profiles. Postel-
Vinay and Robin (2002a, 2002b, 2002¢), and Cahuc, Postel-Vinay and Robin (2003) introduce the possibility of ex-post wage
bargaining.

9This idea is pursued in (inter alia) Hwang, Mortensen and Reed (1998).

11



3 The data

The twofold purpose of this paper is first, to systematically investigate whether the joint restrictions placed
by the job search model on individual labor market trajectories and cross-sectional wage (or “job value”)
distributions are indeed observed empirical regularities, and second, to point out simple cross-national dif-
ferences (or similarities) in the processes governing labor mobility and wage dispersion. To this end, we shall
estimate the model on a sample of individual data from 10 European countries and the United States. We

first briefly describe the source data sets, and then turn to the construction of our sample of analysis.

3.1 U.S. data

We use the Panel Study of Income Dynamics (PSID) for the analysis of the U.S. labor market. The PSID is
a longitudinal data set in which individual members of an initial representative sample of 4,800 families are
interviewed once a year since the starting year 1968. Individuals are followed over the years and, as young
adults from the original sample form heir own families, the sample expands (through births, marriages,
etc...) The survey contains abundant information on individual characteristics, incomes and labor market
statuses. Conveniently for our purposes, individuals are asked retrospectively every year about their monthly
“calendar of activities” for the year just elapsed. Individual labor market statuses are thus recorded at a
monthly frequency.

A number of important changes to the PSID occurred in 1997 as the sample became too large and was
no longer representative. First, the number of families was reduced from 8,500 to 6,100 and families of
post 1968 immigrants were introduced into the sample. Second, and more problematically, data collection
became biennial although the calendar of activities kept covering the past 12 months only. It thus becomes
impossible to follow individuals at a monthly frequency after 1997.

Considering those problems, we are able to build a three year panel of workers running from 1993 to 1996
(the latest eploitable year). We choose to restrict our analysis to a three-year sample for three reasons. First,
as we shall see in the next subsection, we want to maximize the overlap between our U.S. and European data,

which only start in 1994. Second, many LFS data sets are short in their panel dimensions (typically, they

12



are 3-year rotating panels), and we want to show that the model can be estimated with reasonable precision
on such short panels. Third, the model assumes that the labor market is at a steady-state, an assumption
that woudl be harder to defend over a long period of time.

Thanks to the calendar of activities, we observe individual labor market states (employed or nonemployed)
on a monthly basis.!® Merging this information with wages and working hours that are observed at each
yearly interview, we can, to a certain extent, associate each employment spell with an hourly wage. The last
variable we need is the previous state of employed workers (employed or not, in order to construct Gy (+)
and G (+)). This can be retrieved using the pre-1993 waves of the panel to look at the individuals’ statuses

during the month before the beginning of their current job spell.

3.2 European data

For European countries, we use the European Community Household Panel (ECHP). The ECHP is a 7-wave
panel of ex-ante harmonized individual data covering 15 EU countries from 1994 to 2000. By construction, the
ECHP is similar in spirit to the American PSID: households are interviewed each year and every individual
present in the initial sample is followed over the seven waves. It is designed as a standard household socio-
economic survey, with a rich set of variables.

Each observation includes in particular basic information about individual characteristics (age, sex...)
as well as, when the individual is employed, a description of their job at the time of the interview that
includes the wage, the date when the job has started or if it was preceded by unemployment. What proves
to be useful in this data is a group of variables about individuals’ previous jobs (which is also available for
the currently unemployed). Combining ending dates of previous jobs and starting dates of current jobs,
we are able to to construct job spell durations and to label labor market transitions as either job-to-job or
job-to-unemployment without resorting to retrospective calendars of activities (which are likely to be more
vulnerable to memory biases, and are unavailable or poorly reported in many countries).

We follow a cohort of workers between 1994 and 1997. We choose this particular 3-year sub-period because

10T both the U.S. and Europe, we shall use nonemployment (rather than unemployment) as the empirical counterpart of the
state of “not having a job” in the model. The border between self-reported unemployment and inactivity is not always clear,
and the definition used to distinguish between the two may also vary from one country to another or even from one individual
to another.

13



it maximizes the overlap with the American sample (which runs from 1993 to 1996). Due to the structure of
both the PSID (which changes dramatically in 1997) and the ECHP (which only starts in 1994), this is the
best we can do.

Considering this 3-year observation window forces us to restrict the original 15-country panel to a 10-
country sample, in particular because the initial years are missing for Austria, Finland and Sweden (which
only joined the ECHP in its second or third year). We also had to do without Greece due the poor quality
of a number of crucial variables. Finally, we should mention that Germany, Luxembourg and the U.K. have
left the ECHP in 1997. Fortunately, the missing original ECHP data for Germany and the U.K. have been
replaced by ex-post harmonized data from the German SOcio Economic Panel (GSOEP) and the British
Household Panel Survey (BHPS).!! In the end, we are left with the following 10 countries: Denmark, The

Netherlands, Belgium, France, Ireland, Italy, Spain, Portugal, Germany (SOEP), and the U.K. (BHPS).

3.3 Sample description

The analysis sample consists of a cohort of men between 20 and 50 years of age from the eleven countries
listed above (10 European + the U.S.) who are found to be either not working (i.e. nonemployed) or working
more than 15 hours per week in paid employment and in the private sector with nonzero income from work
at the time of their 1994 interview (1993 for the U.S.). We use the net hourly wage as the income variable.
We stratify this sample into two categories (“skilled” and “unskilled”). Due to data quality/availability
problems, we had to base the skill categories on occupation in Europe and education in the U.S. The reason
is that the education variable is very imprecise and seemingly heterogeneous across countries in the ECHP,

12 We follow these individuals up to there first

while occupation is not available in recent PSID waves.
transition which can be either job-to-job, job to nonemployment or out of nonemployment. We thus observe
the worker’s state at t = 0 (1993 for the U.S. and 1994 for Europe), a (job or nonemployment) spell duration,

the wage at t = 0, a censoring indicator (if the individual has made no transition before leaving the panel), a

transition indicator (which can take on three values: job-to-job, job-to-nonemployent, and nonemployment-

' Missing ECHP data from Luxembourg were only replaced by Panel Socio-Economique du Luzembourg (PSELL) data from
1995 onwards, so we also had to drop Luxembourg.

12 Occupation is only available for employed workers. Thus we cannot assign European nonemployed workers who do not get
a job during the observation period to a particular strata as we never observe their occupation. We solve this problem in the
estimation by integrating the likelihood contribution of those individuals w.r.t. the skill level. See the Appendix.
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to-job), a new wage if the individual has moved to a job and an indicator of the previous state of initially

employed workers. Statistics on transitions and durations are summarized in tables 1 and 2.
< Tables 1 and 2 about here >

All columns but the last show statistics on employed workers at ¢ = 0. We first give the number of
employed workers observed, then the proportion of job spells that are censored (cens) or end with a job-to-
job or a job to nonemployment (job-to-ne) transition. Among job-to-job transitions we show the share of
wage increases and wage cuts. These two numbers don’t add up to 100% since the wage corresponding to
the second job is sometimes missing.!> The last column in both tables displays the number of workers who
are nonemployed at t = 0 and who find a job during the observation period.

As the first column in tables 1 and 2 show, the number of observations available in the final sample is
somewhat limited in some European countries. Moreover, many of the observed job or nonemployment spells
are right-censored, which even further limitates the number of observed labor market transitions. This can
be problematic, as labor market transitions are an important source of indentification for our parameters of
interest. (This problem is best exemplified by the small number of observed exits from nonemployment. We
shall return to this particular issue later in the paper.) This is a general problem when estimating job search
models as one faces a trade-off between sample size and worker homogeneity. This problem is exacerbated
in multi-country datasets like the ECHP, where the number of observations per country is not all that large
to begin with. We tried many combinations before adopting this specific panel. In the rest of the paper, we
shall argue that our results are precise enough in most countries even though the number of observations is

small.

4 Empirical inference

Our interest is to come up with measures of labor mobility, based on the structural model outlined in section
2. This involves the estimation of the transition parameters (0, Ag, A1, A2).

As we argued in section 2, what the transition rates primarily determine are job spell durations. In

13Tn which case we also use an integrated form of the individual’s contribution to the likelihood.
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fact, the conventional approach to the problem of estimating those parameters is to use the longitudinal
dimension of individual worker data and maximize the likelihood of observed job and nonemployment spell
durations. Since all transitions are events of Poisson processes in our structural model, all spell durations
are exponentially distributed which makes the likelihood function fairly simple. However, as section 2 shows,
the cross-sectional distributions of wages also convey information about the transition rates. In other words,
the model is overidentified as the steady-state assumption implies a series of structural restrictions on cross-
sectional wage distributions in which (combinations of) the transition parameters are involved: equations
(3) and (7) are two such restrictions.

These overidentifying restriction leave scope for specification testing. In the following subsections, we
first estimate the model under full information and then perform various specification tests based on those
overidentifying restrictions. This will allow us to validate the model, and, more interestingly, to point out a

number of empirical regularities concerning wage distributions.

4.1 Full information estimation

We first estimate the model using all the available information. This includes job/nonemployment spell
durations, labor market transitions and cross-sectional wage distributions. The full information estimator of

the model parameters will be denoted as (5f ¢ )\gi, )\{i, )\gz)

Estimation procedure. For any given country of our sample, the data is a set
{E)Z = (€01, Zi» iy Woiy CSiy JJis JThi, W14) 8 = 1, ... ,N}

of N individual observations, where eg; is the worker’s initial state (eg; = 1 if employed at ¢ = 0), z; is the
worker’s state prior to their current job spell (z; = 1 if formerly employed, 0 if formerly nonemployed; z; is
available only if eg; = 1), t; is the worker’s spell duration in months, wy; is the worker’s initial wage (available
only if ep; = 1), ¢s; is a censoring indicator of the worker’s first spell (cs; = 1 if spell is right-censored),
jj; and jn; are indicators of job-to-job and job-to-nonemployment transitions (only available is ep; = 1 and
cs; = 0, i.e. the first observed spell is an uncensored job spell), and wy; is the worker’s wage observed after

their first transition (which can be either job-to-job or nonemployment-to-job).
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Conditional on the initial state e;q, the contribution of observation i to the sample likelihood is given by:

P(Tileor) = [Gh(woi)]™* x [G" (wos) — G (woy)]
- €0iCSi — —= epi(l—cs;
{ ro’ (L-ees)jns {Az + A1 X 1{wy; > 'wm‘}F/ (wlA)} i
0+ Ao +)\1 (wo;) §4+ Ao+ A F (wo;) ’
% [ef)\ot ](1 €pi)Cs; [)\ Aoth/( ):| (1—ep;)(1—cs;) . (9)

We now comment on each line of (9) in order to precisely describe the information used for the model
estimation. The first line gives the joint probability of drawing a worker paid wy; whose previous state was

either employed (z; = 1) or not (z; = 0). The second line shows the likelihood of the worker’s job spell
duration ¢; conditional on the wage wq,;. Note that the possible right-censoring of the spell is accounted for
(cs; = 1). Conditional on not being censored the job spell can end with a job to nonemployment transition
(jm; = 1) or a job-to-job transition (jj; = 1). In the event of a job-to-job transition, a second wage wi;
is observed which conveys information about the cause of the job-to-job transition: if wy; < wg;, then the
transition was involuntary—i.e. caused by a As shock—for sure; in the opposite case (wy; > wp;), the
cause of the transition cannot be inferred and is either a A1 or a A2 shock. This description of the end of an
uncensored job spell is formally translated on the third line of (9), where 1 {-} designates the logical indicator
function. Finally, line four of (9) concerns initially nonemployed workers: it contains the joint likelihood of
the (possibly censored, cs; = 1) unemployment spell duration ¢; and the accepted wage wy; when a transition
is observed.

The individual likelihood contribution (9) involves the vector of transition parameters as well as the
distributions G (+), F' (-) and Gy (-). However, these three distributions are interrelated through the structural
relationships (3) and (7). In other words, we really need to observe only one of those three distributions in

order to compute (9). In practice, we estimate G (-) non parametrically by the empirical cdf of wages in the

population of initially employed workers:

N
-~ i=1 €0i x 1 {w()i < w}
G(w) = Liz1 ~
21:1 €oi

and we substitute their expressions as functions of G (-) (taken from (3) and (7)) for F (-) and Gy (-) into

: (10)
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(9)'14

Results. We obtain our baseline set of parameter estimates (5f ‘. )\gi, )\{ ‘ )\gl) by maximizing the sample
log-likelihood function £F? = Zi\]:l InP(Z';|ep;) separately for each country. The results are gathered in
tables 3 and 4, which contains—in addition to <6f ¢ )\gi, )\{ i, AgZ)—the “summary index of search frictions”

gl = )\{i/ (dfi + )\gi), along with mean spell durations.
< Tables 3 and 4 about here >

The first remarkable result contained in tables 3 and 4 is that )\g " is positive, and in most cases statistically
significant at conventional levels. This is rather unsurprising given the high observed shares of job-to-job
movements that are associated with wage cuts (see Tables 1 and 2). An implication of this result is that
the basic version of the Burdett and Mortensen (1998) model—which assumes A2 = 0—is rejected in most
countries in our sample. It is nonetheless true that the point estimate )\gi is generally substantially smaller
than )\{ ‘

Tables 3 and 4 also convey information about the differences in terms of transition rates that exist across
skill levels. First, as one may have expected, the job loss rates 6/ are smaller for skilled workers than
for unskilled workers in all countries. Second, the “voluntary job-to-job transition” rate )\{i tends to be
higher—even though the picture is less clear-cut for this parameter!®—for skilled than for unskilled workers.
A third, maybe less expected conclusion from tables 3 and 4 is the absence of systematic ordering of skill
levels in terms of the frequency of reallocation shocks, )\gi: even though the cross-country average of )\gi is
very slightly higher for skilled than for unskilled labor, there really doesn’t seem to be a systematic pattern
there.

By combining the latter three results, one sees that our summary index of search frictions, xf*, is in
general higher for skilled than for unskilled labor. This index equals the expected number of “favorable”

shocks (i.e. A shocks) that a worker receives between two “adverse” shocks (i.e. § or Ay shocks). As we

MThe implicit assumption made in the sequel is that we can measure G (-) without error. Otherwise stated, the standard
errors on our various estimators shown below do take account of the presence of a nuisance variable é’()

15By “tends to be higher”, we mean that it is higher on average across countries. As can be seen from tables 3 and 4, however,
this fails to be a generic rule: )\{i is estimated substantially lower for skilled than for unskilled workers in Denmark, Germany,
the U.S. and virtually equal for both categories in France, Italy, Portugal and the U.K.
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argued in section 2, k/* can be interpreted as a measure of the intensity of competitive forces that push
wages upwards. In this particular sense, the market for skilled labor is “more competitive” than the market
for unskilled labor. Moreover, this difference is mainly driven by differences in layoff rates ().

Finally turning to the nonemployment exit rate, )\gi, one first sees that the precision with which it is
estimated is somewhat disappointing. The reason is that it is essentially identified by initially nonemployed
workers finding a job before the end of the observation window, which in most strata are not very many,
as tables 1 and 2 show. The more surprising result is that in most countries )\gi is smaller for skilled than
for unskilled workers. While this can sound counterintuitive, one should recall that we are looking at the
nonemployment exit rate. Hence cross-skill level differences in the estimate of Ay might reflect cross-skill
differences in the measurement errors that affect self-reported participation.'® If this is the case, one should
not put too much confidence in comparisons of Ay across skill categories (while comparisons of Ay across
countries, within a given skill level may still be licit if the bias is country-invariant).

To sum up, the overall picture that we get by comparing transition parameter estimates between skill
levels is intuitive enough, with the qualification that these estimates are affected by standard errors that
are quite large in some cases (e.g. Belgium, Ireland or Portugal, for which the number of observations is
limited).

4.2 A cross-country comparison of labor market frictions

This final sub-section uses the full information estimates obtained above to compare worker mobility across
countries. In an attempt to present this comparison in an intuitive way, we first define the following two
indicators.

We first introduce the job-to-job turnover rate for a given country/skill stratum, T}, as

T, = / Do+ AT (w)] dC (w). (11)

w
T; equals the total fraction of employed workers experiencing a job-to-job transition (voluntary or not) at a

given point in time. Note that, by substituting (3) in the last definition, one can get an expression of 7T} as

16 And indeed, estimating Ao based on a sample restricted to people who declare themselves unemployed reverses the skill
level ranking.
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a function of the transition parameters (8, Ai, \2) alone.!”

Second, we also define the share of voluntary job-to-job turnover, Sj, as:

SjAlfﬂF;?dG(w)l;_j_ )

While T); summarizes how much job-to-job turnover takes place in a given market, S; measures how much
of that trunover is voluntary, i.e. is due to outside job offers that workers choose to accept. In short, Tj
measures the exent of job-to-job turnover, while S is informative about the nature of job-to-job trunover.
We compute the pair of indicators (77}, S;) using our full information estimates for each stratum in our
sample. The results are represented on figures 1 and 2. Figure 1 plots the job-to-job turnover rate T} for
skilled workers against that same rate for unskilled workers. Figure 2 does the same for the share of voluntary

turnover, S;.

< Figures 1 and 2 about here >

Figure 1 shows the T} indicators are strongly correlated across skill levels. In other words, countries that
exhibit a large amount of churning on their market for skilled labor also do so on their market for unskilled
labor.

A taxonomy of countries emerges from figure 1, where a first group of countries (Denmark, the U.K. and
the U.S.) consistently exhibit “high turnover”, a second group (Ireland and Spain) can be labeled “interme-
diate turnover”, and a third and last group (Belgium, France, Germany, Italy, the Netherlands and Portugal)
are “low turnover”.'® The taxonomy that we obtain here is roughly consistent with conventional country
rankings in terms of “labor market flexibility indicators” (see e.g. OECD, 1999 (CHECK REFERENCE)).

Now looking at figure 2, we see that this relatively clear-cut classification of countries as high- or low-
turnover in fact hides large differences in the nature of labor turnover. We see on that figure that the
S; indicators also positively correlated across skill levels. But what is most striking is that countries from

our high-turnover group (Denmark, the U.K. and the U.S.) all have very low values of S; for both skilled

and unskilled workers, while low- and intermediate-turnover countries (Belgium, France, Germany, Ireland,

ITWhich is: Te = =6 + (5 + A2) (1/k + 1) In (1 + k).
18 Arguably, the Netherlands are somewhat “on the edge” between low- and intermediate-turnover. They would be in the
former group considering their market for unskilled labor, and in the latter based on their market for skilled labor.
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Italy, the Netherlands, Portugal and Spain) conversely tend to have relatively high values of S; (with the
somewhat puzzling exception of German skilled workers). In other words, labor turnover appears to be
involuntary to a much larger extent in high- than in low-turnover countries. This impression is confirmed
by an examination of tables 3 and 4, where one sees that the difference in trunover rates between high- and
low-turnover countries is mainly due to differences in the values of § and Ao, i.e. the arrival rates of adverse

reallocation shocks.

5 Specification testing

We want to exploit the overidentification in a series of specification tests. This is what we do in the following
3 sub-sections. In the final sub-section (5.4), we shall reexamine the assumption that job values are correctly

measured by wages.

5.1 The sampling distributions of wage offers

Conventional estimation of job search models makes heavy use of the structural restriction (3) which imposes
a relationship between the sampling distribution of wage offers F'(-) and the distribution of wages in a
cross-section of employed workers, G (). The standard strategy (which we implemented ourselves in the
full information estimation) consists of constructing a non parametric estimate G (1) of G(-) (taking the
empirical wage distribution among employed workers at ¢ = 0) and inferring the offer sampling distribution
F () from G (-) using (3). In this paragraph, we show that a direct nonparametric estimate of F (-) is in fact

available and can be used for specification testing.'”

Estimation procedure. Since by assumption nonemployed workers who find a job draw a wage w from
F (-), a direct estimate of the sampling distribution F (-) can be obtained by looking at the wage distribution
among “job-entrants”, i.e. by following initially nonemployed workes until they first get a job and recording
the accepted wage.

For any given country, we thus consider the sample of Ny workers who are out of a job at ¢ = 0 and who

find a job before they exit the panel. For each worker ¢ in the sample, we observe an entry wage wi;. The

19 Christensen et al. (2000) were the first—to our knowledge—to exploit this idea.
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contribution of this observation to the sample likelihood is the probability of drawing a wage wq; (conditional
on leaving unemployment at a certain date), which simply equals F’ (w1;). Using (3), we thus get for any

izl,...,NFZQO

1+ 524
P(wli|€m‘ = 0, CS; = 0) = LERH 2 X GI (wlz-) . (13)

[1 + ﬁG(wli)}

Maximization of the sample log-likelihood £F = ZZ]\;FI InP (wy4|ep; = 0, cs; = 0) only allows us to identify
the index of search frictions k = A1 /(4 + A2). We denote the corresponding maximum likelihood estimate as
kT, which we intend to compare to its full information counterpart s/ = A% /(8 + \").

We carry out this comparison in two different ways. First, we proceed to a formal Wald test.?! Second,
we also proceed to an “eye-ball” test, which consists of plotting on the same graph the the empirical cdf
F (+) of wages drawn by workers who leave non employment, and the estimate Ffi () of F'(-) obtained from
the application of (3) using the full information estimate x/?, i.e.

Fli(w) = (1+ k17 H(j+lg(w) (14)

where G (+) is the empirical cdf of wages in our initial cross-section of employed workers. Both estimates of

the sampling distribution should naturally be superimposed.

Formal test of consistency. All formal consistency tests carried out in this paper are summarized in
tables 5 (skilled labor) and 6 (unskilled labor). The first 2 rows of these tables take up the full information esti-
mation results from tables 3 and 4 to compute full information estimates )\{i/éﬁ and k7t = )\{i/ ((5fi + /\51').
Row 1 in the sub-table entitled “Estimates from sampling distribution” reports the value " of x obtained
by fitting the observed sampling distribution F (+), i.e. the value of x that maximizes £F". The second and

third rows of that sub-table contain the test statistic and p-value of a Wald test of equality of x/* and &%
< Tables 5 and 6 about here >

The point estimates £/ and " are close enough in the case of unskilled workers (table 6). The comparison

of point estimates give a more mitigated impression in the in the case of skilled workers (table 5). However,

20Here, like in the full information estimation, what really need to be observed is G (w1;), not wi;. And here again, we
assume that we can estimate G (-) without error by the empirical cdf of wages in the population of employed workers.
21 Throughout the rest of the paper, Wald test statistics are constructed using the delta method.
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equality of x/* and &% is nowhere rejected at conventional levels (i.e. the Wald test p-value is nowhere below
10%).

These results are due in part to the poor precision with which we are able to estimate x% (see the standard
errors report in the tables). As the previous paragraph explains, our estimates of k" are based upon Np
observations of initially nonemployed workers who get a job before the end of the three-year observation
window. As the last column of tables 1 and 2 show, this number N is often very low (in the range 10-30),
particularly so in the case of skilled workers, whose nonemployment rates are lower. It thus seems fair to
say that this first consistency test—based on which the data does not reject our model—is rather weak. For

that reason, we now supplement the argument with a “visual” goodness-of-fit test.

Goodness of fit. Figures 1 and 2 are per-country/skill plots of the observed sampling distribution F (),
together with the sampling distribution Ffi (+) predicted by the structural model using the full information
estimates, as described in the first paragraph of this subsection. The empirical cdf of wages, G (+), was also

put on the graphs for the sake of comparison.
< Figures 1 and 2 about here >

It becomes obvious from a glance at those figures that the scarcity of observations that can be used
to construct F (1) makes the latter virtually unexploitable in many country/skill strata. This problem is
naturally exacerbated for skilled workers, where the number of observations available for the estimation of
F (+) is always less than 50, and in most cases less than 30 (see table 1). However, when there are enough
observations to make F () look “smooth”—which is often the case for unskilled workers—the model seems
to deliver a remarkably accurate overall prediction of the wage sampling distribution.

There are nonetheless some obvious discrepancies between the observed and predicted sampling distrib-
ution, which can be conveniently described using the terminology introduced by Christensen et al. (2002).
These authors consider the horizontal difference between the earnings distributions G () and the wage sam-
pling distribution F'(-), which they call the “employment effect” or “employment premium”. The structural

model indeed predicts that this difference should be positive throughout the common support of F () and
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G (-)—i.e. G (-) should first-order stochastically dominate F'(-)—, a prediction which is typically confirmed
by the data. Comparing the actual and predicted employment effects, one sees that there is a tendency of
the model to under-predict this employment effect at high quantiles of the sampling distribution for skilled
workers. Even though one shouldn’t take this problem too seriously because of the small number of obser-
vations available for the estimation of F (+) in the case of skilled workers, it goes in the same direction as
the findings of Christensen et al. (2002) on Danish data. Turning to unskilled workers, one observes that the
model prediction of the employment effect is very satisfactory at all quantiles of F'(-), save for the cases of
Spain and the U.K. where the model again seems to under-predict it slightly at high quantiles.

In spite of those discrepancies, we are tempted to conclude that Ffi () is a good overall predictor of
F (+), which suggests that the structural relationship (3) is consistent with the data. In other words, our
simple search model under the steady-state assumption seems to correctly describe the connection between
the wage distribution among job entrants and the wage distribution in the whole population of employed
workers.

This exercise does more than just testing a particular model. It emphasizes some interesting empirical
regularities. First, we see from figures 1 and 2 that G (-) quite systematically first-order stochastically
dominates F' (-). This basic prediction of the job search/wage posting model is what Christensen et al. (2002)
call the “employment effect”. Second, at our (rather crude) level of sample stratification, one parameter
(namely, ) seems to be enough to capture this first-order stochastic dominance. Third, this parameter is
related in a particular way to the determinants of job and nonemployment spell durations—which enter the
likelihood function (9) that x/* maximizes. While this stylized evidence is probably consistent with a number
of different theories, we want to advocate the job search model as a simple framework in which it can be
interpreted.

While those results are certainly encouraging, the link between F' () and G () is only one aspect of the
selection process of workers into jobs. We thus now turn to further tests of our model, based on other aspects

of that process.
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5.2 Joint distributions of wages and previous states among employed workers

As a way of getting round the scarcity-of-observations problem that we encoutered in the last subsection, we
now base an alternative estimation of the transition parameters on the structural relationship (7) between
G () and the distribution of wages among employed workers whose previous state was nonemployment.
Formally, this amounts to fitting the joint distribution of wages and previous labor market states in a

cross-section of employed workers, using (7).

Estimation procedure. For any country/skill level stratum of our sample, we now consider the subsample
of Ng workers who are employed at ¢ = 0.22 For each worker 4 in this subsample, we observe a wage wg;—
and thus the corresponding quantile in the cross-sectional wage distribution, G (wo;)—, together with an
indicator of the worker’s previous labor market status: z; = 0 is the worker ¢ was nonemployed in his/her
previous spell, and z; = 0 if s/he was employed. Conditional on being initially employed, the joint likelihood

of wo; and z; is [Gl (woi)]' ™ x [G (wo;) — Gl (wo;)]* which, using (7) rewrites as:

. 1) 1=2 )\2 —+ )\1G (wOi) zi ,
P (woi, zileot) = | 557G (woz-)] 8 {5 et aGuey| <Y (wo:) (15)

Maximization of the sample log-likelihood £% = Zi\’:Gl In P (wo;, zi|eo;) identifies two ratios involving the
triple (d, A1, A2) which we can choose to parameterize as A1 /d and K = A1/ (6 + A2). Consistently with what
we did for the sampling distribution in the previous subsection, here we denote the resulting maximum
likelihood estimates as (A /0)“° and £C°, and compare them to the full information values )\{i /67" and K
using both a formal Wald test and a visual goodness-of-fit test. The latter consists of using the empirical cdf
of wages G (+), together with the full-information estimates of the parameters and the structural relationship

(7) to construct a predicted defective cdf of wages among previously nonemployed workers, égi (+), as follows:

s 5t N
Gl (w) = T (1 n mf’G(w)) , (16)
1

and to compare @gZ (+) to the following direct, non-parametric estimate of G (-):

éo(w):NiGZa—zi)m{wOigw}. (17)

221 e. those of the N workers from the initial sample who have eg; = 1, so that Ng = Zf\;1 €g;-
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Formal test of consistency. Going back to tables 5 and 6, the first three rows of the “estimates from
Gy” sub-table contain the point estimates and standard errors of (A1/ 6)G° and k0. Those can be compared
with the benchmark values from the “full-information” sub-table. The bottow two rows of the “estimates
from G(” sub-table report the test statistic and p-value of a joint Wald test of equality of (()\1 / 5)00 ,,%GO)
and <)\{i/5fi,lifi>.

Our first comment on those numbers concerns the precision of this new set of estimates. A comparison
of the standard errors of k“° and k" shows that, as we expected, our alternative method of fitting the
joint distribution of wages and previous labor market statuses delivers more precise estimates of the market
friction index than just fitting the sampling distribution F' (). This is no surprise, since the K“° estimates
are based on the observation of all employed workers, not just job entrants.

Second, equality of (()\1/5)G° ,I€G0> and <)\{i/5ﬁ,nﬁ> is clearly rejected at the 5% level in only one
country: the United States.?? In this case, the full information estimator predicts a relatively large value
)\{i / 57" whereas the estimate based on the joint distribution of wg; and z; is much closer to zero (in fact,
(A\1/0 )G‘J is not even significantly different from zero). As a consequence, the corresponding estimate of the
index of search frictions, £K©°, is also very close to zero.

Looking at the relationship (7) between the overall cross-sectional distribution of wages G () and the
distribution of wages among previously nonemployed workers Gy (-), one realizes that a very small value of
implies that G (+) is nearly proportional to G (-). Otherwise stated, U.S. employed workers who were already
employed prior to their current job spell do not tend to earn higher wages than workers who are in their first
job spell after a period of nonemployment. A possible cause of this result could be that U.S. workers tend
to experience very short spells of nonemployment (i.e. less than a few weeks) that we are unable to detect
using the PSID calendar of activities.?? In other words, we might wrongfully ascribe a value of z; = 1 to
workers who really have a z; = 0, thus biasing our non parametric estimate of Gg () in a way that reduces

the difference between Gy (+) and G1 () = G (-) — Go (+).

231t is also marginally rejected at the 5% level for Italian skilled workers, and at the 10% level for Dutch skilled workers.
24Note that this problem doesn’t come up in out European data, since in the ECHP employed workers are directly asked
whether their current job was preceded by an unemployment spell.
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Goodness of fit. Figures 3 and 4 are per-stratum plots of the observed G (+), together with the model’s
prediction @51 (+) that we constructed using the full information estimates, as explained in the first paragraph

of this subsection.
< Figures 3 and 4 about here >

A first glance at figures 3 and 4 gives the impression that @gl () and Go (+) are close in most countries.
This is all the more true that one looks at unskilled workers, which is the category with most observations
and therefore the most accurate estimates CAJO (+). As a general comment on these figures, we can at least
say that they exhibit a rather surprising empirical regularity. Indeed, the relationship (7) between G (-) and
Gy (+) is very specific and nonlinear. That this relationship seems to be roughly valid in a set of 22 (2 skill
levels from 11 countries) different labor markets is certainly striking and unexpected.

Beyond this satisfactory overall picture, there are again a number of discrepancies between our predicted
@gi () and its sample couterpart Go (), which are most apparent at the upper end of the support of Gy (+).
In other words, the model is not always perfectly succesful at predicting the total share among employed
workers who are in their first job spell after a period of nonemployment. This share varies across countries
between 20 and 30 percent for skilled labor, and between 25 and 50 percent for unskilled labor. While the
model’s predictions (using the full information estimates) are in the same ballpark, they sometimes miss the
mark by as much as 5 percentage points. However, there doesn’t seem to be a systematic tendency to either

over- or under-predict this share.

5.3 Survivor functions of job and unemployment spells

Our last specification test investigates the consistency of the full information estimator with the specific
information contained in duration data. Here we shall limit ourselves to an informal, “eye-ball” test, which

we now describe.

Observed and predicted durations. A simple, non parametric way of describing our job spell duration

data is to use Kaplan-Meier estimators of the survivor functions of job spell durations among workers from a
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given skill /country stratum that are employed at ¢ = 0. These “observed” survivor functions will be denoted
by Se.

We want to compare §e with the corresponding model prediction. Given a set of values of the transition
parameters (4, A1, A2), and conditional on a wage wg at t = 0, we know that the probability for a job spell to

[5+>\2 +)\1f(wo)]ts

last more than ¢, is e™ . Therefore the unconditional survivor function of employment spells

reads:

Se(te) = / ! e~ (Bt T (wolte g (40) . (18)

w

Using (3) we show in the Appendix how S, (t.) writes down as a function of ¢, and the transition parameters.
Substituting (6/°, n{ ‘L ngl) in (18), we get our predicted job spell survivor function §g ¢ (+), which we can plot
against its empirical counterpart §e in order to assess the fit of our model to job duration data.

We do the same exercise with nonemployment spell durations. Considering unemployed workers, we can
construct a Kaplan-Meier estimate of the corresponding survivor function §u, which we can easily compare

with the predicted survivor function of nonemployment spell durations,
Shi(tu) = Afie ™01, (19)

There is only one small subtelty that comes about in the construction of this predicted survivor function,
which is the following. As it is written in (19), the survivor function is conditional on the skill level and
country (i.e. it involves a single value of the hazard rate )\g). Unfortunately, since we had to define skill
categories based on occupation in the European ECHP data, we do not observe the skill level of European
nonemployed workers who do not find a job until the end of the observation period. We thus have to
integrate the survivor function with respect to the skill category indicator; that is, we cannot decompose the

comparison of nonemployment spell survivor functions by skill categories.

Results. Figures 5 and 6 plot the observed and predicted job spell survivor functions for skilled and
unskilled labor, respectively. Figure 7 shows the nonemployment spell survivor function, not conditioned by
the skill level. Durations (on the z-axes) are in months.

< Figures 5, 6 and 7 about here >
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We first look at employment spells (figures 5 and 6). From a distance, it appears that the slope of the
various job spell survivor functions are correctly reproduced by the full information estimates of our model.
This is yet another way of confirming that the information contained in job spell duration data is linked
to that conveyed by cross-sectional wage dispersion data in a way that the job search model captures in a
simple and reasonably satisfactory way.

A closer look at figures 5 and 6, though, reveals that in many cases there seems to be more negative
duration dependence in the data than the model can predict. In other words, in a number of strata, the
Kaplan-Meier estimate of the survivor function looks “more convex” than the predicted 3{ i(te). The only
source of negative duration dependence in our structural model is the fact that workers get paid different
wages, and that workers earning higher wages tend to accept outside offers—i.e. to respond to A; shocks—
less often.?® What the data seem to suggest is that there may be more individual heterogeneity involved in
the job search process than just heterogeneity in wages. A promising lead in terms of modelling was open by
Christensen et al. (2002)—even though these authors are not focusing on the issue of duration dependence.
In consists of letting heterogeneity in wages spill over to another determinant of worker mobility, namely
the arrival rate of offers A1, simply by introducing an endogenous, worker-chosen search intensity. The idea
is that if search is costly, then high-wage workers are less induced to search than low-wage workers, given
that the returns to search—which are essentially measured by the probability of drawing a higher wage from
F (-)—are lower for the former than for the latter. Clearly this would reinforce the mechanism through which

our simpler model already predicts negative duration dependence.
5.4 Conditional vs unconditional inference
In this section we examine whether the restiction that job values are proportional to wages is an acceptable

one. To this end we go back to the theoretical model from section 2 and assume that job mobility decisions

are based on comparisons of unobserved job values v rather than on wages.

25While the intuition for why the model predicts negative duration dependence of job spell hazard rates is pretty obvious, it
is also straightforward to give a formal proof of this prediction. Using (18) and some algebra, one just has derive the job spell
hazard rate —S, (te) /Se (te) and differentiate it with respect to te.
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The unconditional likelihood function. Since job values are now unobserved, we have to integrate
them out of the likelihood function (9).26 This treatment of v as an unobserved heterogeneity parameter,
which was first proposed in the context of a job search model by Ridder and Van den Berg (2003), allows us
to work on a “robust” model which accounts for other job characteristics than wages.

The integrated likelihood function is derived in the Appendix. Even though we do not want to show any
of this tedious integration in the main text, it is important to mention that, as was shown by Ridder and
Van den Berg, it can be carried out “manually”, i.e. we are able to come up with a closed-form likelihood

function that we can easily maximize without resorting to numerical integration techniques.

Results. The set of “robust” maximum likelihood estimates (67, A7, A5°%) and then see how they dif-
fer from those we obtained under the assumption that wages are a sufficient measure of job values, i.e.

((5f ‘ /\{i, /\gi). The robust point estimates and their standard errors are displayed in tables 7 and 8.
< Tables 7 and 8 about here >

The first thing we should emphasize about the numbers in these tables is the very poor precision with
which we are able to estimate A°° and A;®. In most cases, the point estimates are positive but not
statistically significant. This was to be expected, as the information used in this unconditional estimation
is essentially?” contained in job spell durations alone. In particular, by treating job values as unobserved
heterogeneity we now lack the information about whether a job-to-job transition is followed by a gain or a
loss in job value. This renders the separate identification of AJ? and A5 very weak.

This lack of precision renders any formal test of the joint equality of (6%, A7, A5°%) and <6f ¢ )\{ ¢ AQ)
uninformative (since probably no formal test would reject this joint equality). The only thing we can do is
to compare the point estimates (6%, A7, A5 from tables 7 and 8 with (5]%,)\{%, )\gi) from tables 3 and
4, keeping in mind that this comparison is very fragile.

From this comparison, it appears that, while the separation rate § is roughly unaffected by the assumption

“job value equals wage”, relaxing this assumption generally tends to deliver higher values of A; and lower

26 The resulting integrated likelihood function is no longer conditional on wage observations. Hence the label “unconditional”
inference (Ridder and Van den Berg, 2003).
27The distribution of past states, z;, is also used.
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values of X\y.28 Nonetheless, the unconditional point estimate )\g"b often remains positive (and sometimes
even significantly so: see the U.K., the U.S. and Denmark for instance). A temptative interpretation of
those results goes as follows. The reason why the full information estimate of A\ is always positive is that
many job-to-job transitions are associated with wage cuts. While some of those wage cuts are obviously
compensated for by gains in terms of nonwage job characteristics and really correspond to increases in job
values (implying that A% > )\{i and A5 < )\gi), job-to-job transitions associated with a loss in job value
still seem to exist, as )\EOb still often takes on positive values. This last statement tends to apply particularly

well to Denmark, the U.K. and the U.S., countries that were identified as “high-turnover” in section 4.2.

6 Concluding remarks

IN PROGRESS

Appendix
A Job spell survivor function

As shown in the main text (see equation (18)), the unconditional survivor function of employment spells Se (t.) writes

as:

Se (te) = /w eIt nF @)ty (w).

Using (3) and the change of variable y = [0 + A2 + A1 F' (w)] te we get:

(04 X2+ M) (0 +Aa)te [OFA2tAte oy
Se (te) = )\ —2dy
1 (6+>\2)ts y

. -Y —e Y -y .
Since fey—z = [ < ] —feT, we can write:

g (t ) _ O+ X+ M1 6,(5+>\2)t6 _ 0+ A2 e,(5+>\2+)\1)te _ (5 + A2+ )\1) (5 + )\2) te /(5+A2+A1)t6 gdy
e )\1 )\1 /\1 (8+X2)te Y
S+Aet+ M _(opropte _ I+ A2 _(stradante
e — e
)\1 )\1
G+ A2+ A1) (0 + X2) te

— N [Ei((0 + A2)te) — Ei((d 4+ A2 + A1) te)],

where Ei (z) = f;oo %dy is the exponential integral function. It is readily tabulated in most technical computing

softwares, such as MATLAB.

28 The joint statement: Xl"’b > )\{i and Ag"b < )\gi is true on a cross-strata average, and in 19 strata out of 22.
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B The unconditional likelihood function

Taking up the notation of subsection 4.1, the contribution to the sample likelihood of an individual ¢ with a vector of
observables 7'; under full information is P (2;|eo:), given by (9). As far as the likelihood function goes, saying that
job mobility is based on the comparison of unobserved job values rather than on the comparison of wages amounts
to saying that the wo;, and wi; elements of T ; are no longer observed, and have to be integrated out of P(?¢|em).

That is, the likelihood contribution of individual ¢ becomes:

P <§>¢|€0¢) = // P (@ i|eo:) dwoidwi;
[w,®w]?

where ?1 = (eos, 2i, ti, CSi, jJi, jni) is the vector Z; from which the components wo; and wi; have been withdrawn.

Using (9), we see that the remaining information conveyed by initially nonemployed workers is only useful for the
identification of Ao, but not of (§, A1, \2) since these last three parameters only appear in F’(w1;) which is integrated
away from the likelihood function. The remaining information is on nonemployment duration and serves to identifie
Ao, but it enters the likelihood fuction in a way that is both multiplicatively separable and strictly identical to the
conditional model. In other words, since Ao is only identified from nonemployment spell durations, it is independent
of whether the job value is equal to the wage or not. We shall thus focus on the workers who are employed at ¢ = 0
and the triple of parameters (J, A1, A2).

Using the part of (9) corresponding to initially employed workers (eg; = 1) and rearranging a bit, we thus have:

P (?i|€0i = 1 //[_ - [Go (woi)]™ x [G' (woi) — Gy (wOi)]lizi

[5+)\2+>\1F(w01)]t « gL—esiding
X [(/\2 + )\1 X 1 {wli > ’w()i}) F/ (wlz)] (1—esi)ddi d’w()idwh'.
Integration with respect to wi; is straightforward:
= w ! z; / i 1—2z;
P ( T ileoi = 1) = / [Go (w()z)] X [G (’w()i) — Go (w()z)]
w
,[6+>\2+)\1F(w01 ] i 6(1 csi)ing « [)\2 +\ F(UJO )] (1—cs;)jji dwo;

We then use the two structural relationships (3) and (7) and the change of variable y = [§ 4+ A2 + M\ F (wo;)] t; to

obtain:
P(Fhmt) = [T ()T (e 1y
(5+A2)t 14k 0y 1+k
(1—es;i)idi
x§it—esaing o [2 —6} e X Sl X 6—ydy.
ti )\1 Yy

We now introduce the following notation:

(B+r2+21)t o~y
L(t) = / €Yy = B [(6+ o) ti] — B [(5 4+ ha + A1) 8]
(8+X2)t; Y
(B+r2+A1)ti o~y e (0+A2)t; e~ 0+ 2+A1)t;
Is (t; = —dy = — — 11 (t;) .
20 /(6+>\2)t¢ 2 YTt Gt )t +(8)
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N
An explicit expression of P ( T ileos = 1) can then be derived separately for each of the following types of observation

=
X 4.

2, =0,cs,=1:

(6+A2+A1)t; -y
P<§>i|60i:172i:07 C.Sq,‘:l) = / g ﬂe_dy
(5+A2)t; 1+ M Yy
1)
= — I ().
)\1 1 ( 1)

©2,=0,c8=0, jn; =1:

(6+A2+A1)t; 52 -y
]P(?Aeoi:lyzi:O’CSi:O7jni:1) = / 0 H—Ke_dy
(5+22)t; 1+ M Yy
52
= — - (t).
N, ()

OZZ':O, C.Si:(),jji:L
(6+A2+X1)t; -y

]P’(?Aem =1,z =0,c8 =0, jj; :1) - / {2 _5} .L.M.e_dy

(84+22)t; ti

2
- 9 [67(6“2)1@ _ e*(5+)\2+)\1)tzﬁ:| _ ().

Ait; A1
ez, =1,¢cs5,=1:
(6+A2+X1)t; 2 -y
]P’(?Aem:l,zi:lycsi:l) = / I:(6+)\2) tz_ é :|1+Ke_dy
(6+A2)t; Y 1+k AL y
t; 6
= (5—|—)\2+)\1)(5—|—)\2))\—-Iz(ti)—)\—-Il(ti).
1 1
2, =1,¢5 =0, jn; =1:
(8+Aa+A1)t; 2, —y
P<?i|60i:lyzizlgcsi:Ogjnizl) — / I:(5+)\2) tz_ 1) 51+Ke_dy
(5+A2)t; Y 1+k AL Yy
t; 52
= 5(5+)\2+)\1)(5+)\2))\—~Iz(t¢)—>\—~11(ti).
1 1

ez, =1,¢5,=0, 553, =1:

(8+Aa2+A1)t; 2, —y
P(§i|60i:1,zi:17651-:07]']'1-:1) - / {(5—&-)\2) ti 4 } , {2_5} R LY
(5+X2)t; Y 1+x ti Al Y
_ (0 + A2 +;\1) (0 + A2) Iy (8) — 8T (4)]
1
2
O [ —(ta)ts _—(5+ratA1)t; 0“1y (t:)
W2 £ ¢ |+ N
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Table 1: Sample Descriptive Statistics—Skilled workers

Country # employed % of cens- % of job-to-job % of job-to-non- % of job-to-job trans. with a... # of job accesions
workers ored spells transitions empl. transitions wage increase wage decrease from nonempl.
Denmark 270 75.9 19.6 4.4 66.0 28.3 12
The Netherlands 617 77.8 18.0 4.2 68.5 27.0 34
Belgium 142 85.2 11.3 3.5 56.2 18.7 16
France 548 87.6 8.6 3.8 51.1 40.4 48
ITreland 198 82.8 13.6 3.5 55.6 14.8 25
Ttaly 199 85.4 6.0 8.5 50.0 25.0 25
Spain 292 83.2 7.2 9.6 47.6 38.1 41
Portugal 129 86.0 7.7 6.2 80.0 100 14
Germany (SOEP) 300 88.0 8.3 3.7 68.0 24.0 33
UK (BHPS) 417 60.7 30.5 8.9 62.2 31.5 23
USA (PSID) 617 73.2 19.2 7.7 51.2 23.3 50
Table 2: Descriptive Statistics—Unskilled workers
Country # employed % of cens- % of job-to-job % of job-to-non- % of job-to-job trans. with a... # of job accesions
workers ored spells transitions empl. transitions wage increase wage decrease from nonempl.
Denmark 451 66.1 25.5 8.4 63.5 31.3 43
The Netherlands 665 82.1 11.3 6.6 60.0 36.0 66
Belgium 366 85.0 6.6 8.5 66.7 16.7 31
France 1 051 88.0 6.5 5.5 61.8 22.1 116
Ireland 554 67.7 16.4 15.9 61.5 23.1 72
Ttaly 1206 80.0 8.7 11.3 60.0 22.9 129
Spain 1226 68.9 10.2 20.9 58.4 28.8 238
Portugal 951 75.6 10.5 13.9 62.0 20.0 7
Germany (SOEP) 943 87.4 7.4 5.2 65.7 30.0 108
UK (BHPS) 574 59.8 27.9 12.4 60.6 33.1 71
USA (PSID) 729 69.5 21.1 9.6 53.9 36.4 86




Table 3: Full information estimates—Skilled workers

Country  DNK NLD BEL FRA IRL ITA ESP PRT GER GBR USA

Transition parameters (annual values)
6t 0.0214 0.0198 0.0204 0.0140 0.0309 0.0274 0.0306 0.0185 0.0087 0.0385 0.0295
. (0.0033)  (0.0021)  (0.0045)  (0.0016)  (0.0050)  (0.0047)  (0.0037)  (0.0037)  (0.0013)  (0.0040)  (0.0026)
vL: 0.0820 0.1282 0.1109 0.0632 0.1758 0.1159 0.1550 0.0804 0.0438 0.1445 0.0943
. (0.0233)  (0.0194)  (0.0333)  (0.0100)  (0.0421)  (0.0271)  (0.0277)  (0.0250)  (0.0122)  (0.0278)  (0.0152)
v,ms 0.0452 0.0287 0.0147 0.0112 0.0199 0.0062 0.0122 0.0160 0.0167 0.0901  0.0468
. (0.0080)  (0.0034)  (0.0057)  (0.0019)  (0.0061)  (0.0026)  (0.0033)  (0.0073)  (0.0038)  (0.0098)  (0.0055)
Ik 1.2314 2.6416 3.1566 2.5138 3.4582 3.4449 3.6212 2.3285 1.7280 1.1235 1.2359
. (0.4096)  (0.4248)  (1.0475)  (0.3978)  (0.9187)  (0.7348)  (0.6265)  (0.9275)  (0.5548)  (0.2522)  (0.2357)
v,ms 0.1856  0.4640 0.1802 0.1480 0.0989 0.1165 0.1309 0.0403 0.1686 0.4526  2.0998
(0.0612)  (0.1697)  (0.1775) _ (0.0150) _ (0.0326) _ (0.1354) _ (0.0281) _ (0.0080)  (0.0220)  (0.1638)  (0.2619)

Table 4: Full information estimates—Unskilled workers

Country  DNK NLD BEL FRA IRL ITA ESP PRT GER GBR USA

. Transition parameters (annual values)
6 0.0555 0.0247 0.0218 0.0217 0.0812 0.0316 0.0769 0.0343 0.0128 0.0585 0.0362
. (0.0051)  (0.0024)  (0.0030)  (0.0019)  (0.0064)  (0.0021)  (0.0039)  (0.0023)  (0.0012)  (0.0047)  (0.0030)
v,w: 0.1314 0.1143 0.0846 0.0639 0.1027 0.1215 0.1164 0.0768 0.0831 0.1497 0.1178
. (0.0217)  (0.0157)  (0.0177)  (0.0078)  (0.0154)  (0.0122)  (0.0112)  (0.0106)  (0.0108)  (0.0240)  (0.0169)
v,ms 0.0546 0.0145 0.0128 0.0089 0.0278 0.0128 0.0230 0.0262 0.0129 0.0834 0.0624
. (0.0076)  (0.0022)  (0.0037)  (0.0015)  (0.0045)  (0.0018)  (0.0028)  (0.0034)  (0.0018)  (0.0081)  (0.0062)
K 1.1933 29177 2.4507 2.0866 0.9426 2.7327 1.1659 1.2694 3.2396 1.0543 1.1939
. (0.2290)  (0.3709)  (0.5731)  (0.2478)  (0.1466)  (0.2745)  (0.1096)  (0.1979)  (0.4216)  (0.1948)  (0.1965)
v,ms 0.4859 0.2070  0.2407 0.5717 0.3630 0.1762 0.4639 0.4960 0.6838 0.2738  2.0050
(0.1696)  (0.0223)  (0.1340)  (0.0998)  (0.0993)  (0.0518)  (0.0583)  (0.1019)  (0.1112)  (0.0286)  (0.2090)




Table 5: Consistency test —Skilled workers

Country DNK NLD BEL FRA IRL ITA ESP PRT GER GBR USA
Full information estimates

Ks\%? 3.8369 6.4739 5.4236 4.5257 5.6799 4.2233 5.0597 4.3379 5.0541 3.7521  3.1990
. (1.0211)  (0.8279)  (1.3322)  (0.5597)  (1.1757)  (0.7559)  (0.7390)  (1.1748)  (1.2201)  (0.7147)  (0.4680)
w'? 1.2314 2.6416 3.1566 2.5138 3.4582 3.4449 3.6212 2.3285 1.7280 1.1235  1.2359
(0.4096)  (0.4248)  (1.0475)  (0.3978)  (0.9187)  (0.7348)  (0.6265)  (0.9275)  (0.5548)  (0.2522)  (0.2357)

Estimates from sampling distribution

kY 1.9154 8.1218 5.2031 4.1215 3.7517 5.1029 7.1259 1.4593 1.9256 4.4399  2.1240
(1.5656)  (2.6257)  (3.6098)  (1.3165)  (1.9577)  (2.1351)  (2.3994)  (1.3858)  (1.0563)  (2.0763)  (0.7954)

test statistic  0.1787 4.2451 0.2964 1.3667 0.0184 0.5391 1.9974 0.2717 0.0274 2.5142  1.1460
p-value 0.9145 0.1197 0.8622 0.5049 0.9908 0.7637 0.3684 0.8730 0.9864 0.2845  0.5638

Estimates from Go

C:\mvﬂo 4.1988 7.9324 3.3062 4.0391 5.7332 5.6973 4.7762 1.9883 3.5791 4.8314  0.6799
(1.9860)  (1.4773)  (1.8004)  (0.8172)  (1.9295)  (1.2125)  (1.2602)  (2.4092)  (2.2630)  (1.8621)  (0.8992)

x0 1.4684 4.1988 1.4296 2.3298 3.2807 5.6973 2.8376 0.6140 1.0233 1.5889  0.1904
(1.0027)  (1.3272)  (1.1159)  (0.7236)  (1.7773)  (1.9833)  (1.1957)  (0.9233)  (0.8760)  (0.8987)  (0.2739)
test statistic  0.2026  5.3655 2.7409 0.4844 0.0085 5.0311 0.6613 3.7914 1.5812 2.4750 23.9064
p-value 0.9037 0.0684 0.2540 0.7849 0.9958 0.0808 0.7184 0.1502 0.4536 0.2901  0.0000

Table 6: Consistency tests—Unskilled workers
Country DNK NLD BEL FRA IRL ITA ESP PRT GER GBR USA
Full information estimates

Ks\u? 2.3660 4.6263 3.8894 2.9432 1.2656 3.8390 1.5150 2.2413 6.4995 2.5563  3.2505
. (0.3686)  (0.4811)  (0.6398)  (0.2603)  (0.1651)  (0.3019)  (0.1204)  (0.2739)  (0.6312)  (0.3908)  (0.4341)
k! 1.1933 2.9177 24507 2.0866 0.9426 2.7327 1.1659 1.2694 3.2396 1.0543  1.1939
(0.2290)  (0.3709)  (0.5731)  (0.2478)  (0.1466)  (0.2745)  (0.1096)  (0.1979)  (0.4216)  (0.1948)  (0.1965)

Estimates from sampling distribution

kY 1.3040 5.2083 3.2769 1.9924 0.8152 3.2304 1.6743 0.8337 4.0214 2.0844  0.9769
(0.5951)  (1.3418)  (1.4005)  (0.4914)  (0.4274)  (0.6883)  (0.3393)  (0.3542)  (0.8365)  (0.7382)  (0.3482)

test statistic  0.0302 2.7073  0.2981 0.0293 0.0795 0.4510 2.0329 1.1534 0.6967 1.8207  0.2944
p-value 0.9850 0.2583 0.8615 0.9855 0.9610 0.7981 0.3619 0.5618 0.7059 0.4024  0.8631

Estimates from Gg

C:\@Qo 1.6696 5.5638 2.9456 2.9112 1.4156 4.4981 1.7013 2.7935 6.0057 2.4122  1.8408
(0.6124)  (0.7432)  (0.9794)  (0.3681)  (0.2415)  (0.4830)  (0.2125)  (0.5294)  (1.1334)  (0.8954)  (1.1028)
K0 0.8496  4.2548 1.4070 2.0301 1.1646 3.2553 1.2810 1.4507 2.4434 0.9270 0.5018
(0.4007)  (0.9066)  (0.6617)  (0.3715)  (0.2552)  (0.5453)  (0.2139)  (0.3888)  (0.7328)  (0.4551)  (0.3621)
test statistic  2.9423  6.2700 2.8594 0.0312 1.4228 3.9984 1.6970 2.1751 1.8840 0.2599 11.9476
p-value 0.2297 0.0435 0.2394 0.9845 0.4909 0.1354 0.4280 0.3370 0.3898 0.8781  0.0025




Table 7: Unconditional estimates—Skilled workers

Country DNK NLD BEL FRA IRL ITA ESP PRT GER GBR USA
Transition parameters (annual values)

57 0.0232  0.0182  0.0173  0.0168  0.0230  0.0257  0.0308  0.0182  0.0134  0.0457  0.0312
(0.0049)  (0.0027)  (0.0055)  (0.0028)  (0.0060)  (0.0057)  (0.0052)  (0.0059)  (0.0033)  (0.0063)  (0.0037)

AjoP 0.1606 0.0559  0.0907  0.0785 0.1757  0.1275  0.2133  0.1482  0.1572  0.3891  0.1045
(0.1031)  (0.1055)  (0.0892)  (0.0374)  (0.0977)  (0.0533)  (0.0627)  (0.0818)  (0.0666)  (0.1429)  (0.0781)

5ot 0.0299 0.0463  0.0143  0.0099  0.0121  0.0016 ~ 0.0000  0.0037 0.0040  0.0525  0.0447
(0.0159)  (0.0328)  (0.0153)  (0.0065)  (0.0109)  (0.0066)  (0.0057)  (0.0075)  (0.0045)  (0.0160)  (0.0198)

K" 3.0218  0.8664  2.8695 2.9405  5.0066 4.6755  6.9262  6.7765 8.9981  3.9618 1.3770
(2.6081)  (2.0450)  (3.8002)  (1.8788)  (3.6613)  (2.4516)  (2.5552)  (4.7619)  (4.7467)  (1.8875)  (1.3354)

Table 8: Unconditional estimates—Unskilled workers
Country DNK NLD BEL FRA IRL ITA ESP PRT GER GBR USA
Transition parameters (annual values)

grob 0.0565  0.0266 ~ 0.0273  0.0211  0.0845  0.0380  0.0865  0.0430 0.0142  0.0576  0.0390
(0.0065)  (0.0033)  (0.0045)  (0.0023)  (0.0074)  (0.0029)  (0.0049)  (0.0034)  (0.0019)  (0.0058)  (0.0041)

ApoP 0.1677  0.1576  0.1618  0.0705  0.0867 0.2117  0.2135  0.2372  0.1261  0.1810  0.2604
(0.0915)  (0.0415)  (0.0491)  (0.0215)  (0.0730)  (0.0297)  (0.0311)  (0.0358)  (0.0347)  (0.1112)  (0.0741)

5ot 0.0445 0.0068  0.0020  0.0062  0.0360  0.0000  0.0000  0.0000  0.0069 0.0741  0.0329
(0.0212)  (0.0048)  (0.0052)  (0.0042)  (0.0255)  (0.0031)  (0.0057)  (0.0036)  (0.0033)  (0.0275)  (0.0097)

K" 1.6586 4.7260  5.5271  2.5808  0.7194 55632  2.4698  5.5172 59734 1.3738  3.6239
(1.1778)  (1.5764)  (2.0785)  (1.0331)  (0.7356)  (0.9641)  (0.4403)  (1.0182)  (2.1076)  (1.0876)  (1.3531)




