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Abstract

We estimate a model of the joint participation and mobility along with the individuals�
wage formation in France. Our model makes it possible to distinguish between unobserved
person heterogeneity and state-dependence. We estimate the model using state of the art
bayesian methods employing a long panel (1976-1995) for France. Our results clearly show
that returns to seniority are small, and for some education groups are close to zero. The
speci�cation here is the same as that used in Buchinsky, Fougère, Kramarz and Tchernis
(2002), where the returns to seniority were found to be quite large. This result also holds
when using the method employed by Altonji and Williams (1992) for both countries. It turns
out that di¤erences between the two countries relate to �rm-to-�rm mobility. Using a model
of Burdett and Coles (2003), we explain the rationale for this phenomenon. Speci�cally, in
a low-mobility country such as France, there is little gain in compensating workers for long
tenures because they tend to stay in the �rm for most, if not all, of their career. This is true
even in cases where individuals clearly possess susbtantial amount of �rm-speci�c human
capital. In contrast, for a high-mobility country such as the United States, high returns to
seniority have a clear incentive e¤ect, and �rms are induced to pay the premium associated
with �rm-speci�c human capital to avoid losing their most productive workers.
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1 Introduction

In the past two decades, enormous progress has been made in the analysis of the wage structure.

However, there is still signi�cant disagreement about wage growth, a key issue in labor eco-

nomics. In particular, the respective roles of general human capital, as measured by experience,

and �rm-speci�c human capital, as measured by tenure, are still generally debated. In general,

experience and tenure increase simultaneously except when a worker moves from one �rm to

another, or becomes unemployed. Hence, studying the nature of participation and �rm-to-�rm

mobility (or in short mobility), which, in turn, determine experience and seniority (or tenure),

respectively, should be central to the study of wages. This will allow us to better identify these

two components of human capital accumulation, which, in turn, will better serve us in assess-

ing the respective roles of general (transferable) human capital and speci�c (non-transferable)

human capital.

The role and relative importance of job tenure and experience on wage growth has been stud-

ied extensively. The results are generally mixed, especially for the U.S. Some authors concluded

that experience matters more than seniority in wage growth (e.g. Altonji and Shakotko (1987),

Altonji and Williams (1992 and 1997)), while others concluded that both experience and tenure

are important factor of wage growth (e.g. Topel (1991), Buchinsky, Fougère, Kramarz and Tch-

ernis (2006) BFKT, hereafter). Indeed, identifying the relative roles of tenure and experience

is a somewhat complex issue to study. In fact, it seems that various studies uncovered a num-

ber of crucial di¢ culties and provided varying solutions that potentially a¤ect the ultimate

estimates.1

Empirically, it is generally agreed that there exists a positive correlation between seniority

and wages. Several economic theories have o¤ered some explanations for the interdependence

between wage growth and job tenure. First, the role of speci�c job tenure on the dynamic of

wages has been studied by various human capital theories, starting with the seminal work of

Becker (1964) and Mincer (1974). The central point of this theory is the increase in earnings

that stems from individual�s investment in human capital. The structure of wages can also

be described by job matching theory (Jovanovic (1979), Miller (1984), and Jovanovic (1984)).

This theory attempts to provide explanations for both mobility of workers across �rms and the

observed patterns of signi�cant decreases in the job separation rate as job-tenure increases. The

key assumption for these types of models is that there exists a speci�c productivity level for

any worker-occupation match. While the worker�s wage depends on this productivity, it is, a

priori, unknown. Indeed, the speci�c human capital investment will be larger when the match

is less likely to be terminated (see Jovanovic (1979)). Finally, a job matching model typically

predicts an increase in the worker�s wage with job seniority.

Alternatively, the dynamic of wage changes can be explained by deferred compensation

1Few such issues are: The de�nition of the variables, issues about the errors in measured seniority, the
estimation methods that are used, the methods controlling for unobserved heterogeneity components in the
model, and the exogeneity assumptions that are made.
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theories. The key element of these theories is the existence of a contract between the �rm and

an employee, which is chosen so that the worker�s choice of e¤ort and/or quit decision will be

optimal (see Salop and Salop (1976), or Lazear (1979, 1981, 1999)). These theories predict that

workers starting in a �rm will be paid below their marginal product, whereas workers with long

tenure in the �rm will be paid above their marginal product.

More recently, equilibrium wage-tenure contracts have been shown to exist within a matching

model (see Burdett and Coles (2003) or Postel-Vinay and Robin (2002) in a slightly di¤erent

context). At the equilibrium, �rms post contracts that make wages increase with tenure. Some

of these models are able to characterize both workers�mobility and the existing positive relation

between wage and tenure. For instance, the Burdett-Coles model, allows the speci�cities of the

wage-tenure contract to depend heavily on workers� preferences, as well as on labor market

characteristics such job o¤er arrival rate.

While the relation between wage growth and mobility (or job tenure) may result from (op-

timal) choices of the �rm and/or the worker, it may also simply stem from spurious duration

dependence. Indeed, if there is a correlation between job seniority and a latent variable mea-

suring worker�s productivity, and if, in addition, more productive workers have higher wages,

then there will be positive correlation between wages and job seniority, even though wages do

not directly depend on job tenure (see, for instance Abraham and Farber (1987), Lillard and

Willis (1978), and Flinn (1986)). This latter point illustrates the vital importance of being able

to control for unobserved heterogeneity components. Furthermore, it highlights the need to

control for the endogeneity of the mobility decisions, and consequently of measured job tenure.

BFKT develop a model in which costs that are induced by mobility generate state-

dependence in the mobility decision, and similarly for the participation decision (as has already

been demonstrated by Hyslop (1999)). It is well-known in the literature that due to the prob-

lems raised above the usual Ordinary Least-Squares (OLS) estimates of the returns to seniority

will be biased. There are many ways to address this problem. One solution is the use of the

instrumental variables framework as is done by Altonji and Shakotko (1987). Alternatively, one

can use panel data models that control for �xed e¤ects (e.g. Abowd, Kramarz and Margolis

(1999)). Finally, one can take a more direct approach and jointly model the wages outcome,

along with the mobility and participation decisions (e.g. BFKT).

In this paper, we adopt the latter approach. More speci�cally, we control for both state-

dependence and (correlated) unobserved individual heterogeneity in the mobility and participa-

tion decisions. We also control for correlated unobserved individual heterogeneity in the wage

equation. We use a Bayesian framework, similar to that used in BFKT, using Markov Chain

Monte Carlo (MCMC) procedure that involve some Gibbs sampling steps combined with the

Metropolis-Hastings algorithm. As our model contains limited dependent endogenous variables

(i.e., participation and mobility), we also need to use some additional data augmentation steps.

We use data from the match of the French Déclaration Annuelle de Données Sociales (DADS)

panel, providing us with observations on wages for the years 1976 through 1995, with the
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Echantillon Démographique Permanent (EDP) that provides time-variant and time-invariant

personal characteristics. Because we use the exact same speci�cation as in BFKT and relatively

similar data sources, we place ourselves in a good position for comparing the returns to seniority

in France and in the U.S. The estimates of the returns to seniority appear to be in line with

those obtained by Topel (1991), and to a lesser extent with those of Altonji and Shakotko (1987)

and Altonji and Williams (1992, 1997), for the U.S. In complete contrast, estimates obtained

for France are much smaller than those obtained for the U.S. in any of the studies reported in

the literature. In fact, some of the returns to seniority in France are virtually equal to zero. In

comparison, the returns to experience are rather large and close to those estimated by BFKT.

We proceed then with an attempt to understand the rationale for the enormous di¤erences

between the U.S. and France. For this purpose, we make use of the equilibrium search model

with wage-contracts proposed by Burdett and Coles (2003). In this model, contracts di¤er in

the equilibrium rates of returns to tenure, i.e., the slope of the tenure pro�le. Elements that

determine these slopes include: Job arrival rate (and hence workers�propensity to move) and

risk aversion. We show that, for all values of the relative risk aversion coe¢ cient, the larger the

job arrival rate, the steeper the wage-tenure pro�le. Indeed, recent estimates show that the job

arrival rate for the unemployed is about 1.71 per year in the U.S., while it is only 0.56 per year

in France (Jolivet, Postel-Vinay and Robin (2004)). Therefore, the returns to seniority directly

re�ect the patterns of mobility in the two countries.

The remainder of the paper is organized as follows. Section 2 presents the statistical model.

Section 3 explains the crucial parts of the estimation method employed here. Section 4 follows

with description of the data sources. Section 5 provides the empirical results obtained for

France, while Section 6 contrasts these results with those obtained by BFKT for the U.S. We

also provide in this section a theoretical explanation of these di¤erences supported by additional

simulations. Finally, Section 7 brie�y concludes.

2 The Statistical Model

2.1 Speci�cation of the General Model

The main goal of our study is to examine the returns to experience and seniority. To maximize

comparability with previous research, and following BFKT, we posit a wage equation that is

similar to Topel (1991)�s or to Altonji and Shakotko (1987) and Altonji and Williams (1992,

1997)�s. We di¤er from these authors by the way we deal with the obvious endogeneity of the

participation and mobility decisions, which, in turn, de�ne experience and tenure on the job.

We follow here closely BFKT, extending on Hyslop (1999) (who focuses only on participation)

by directly modeling participation and �rm-to-�rm mobility. The economic model that sup-

ports our approach is a structural dynamic choice model of �rm-to-�rm worker�s mobility, with

mobility costs. BFKT shows that under a set of plausible assumptions on this cost structure,
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this model generates �rst-order state dependence for the participation and mobility processes.2

Therefore, the statistical model that we estimate here follows directly from this structural choice

model of participation and mobility, whereby the wage equation is estimated jointly with the

participation and mobility equations. The equations for participation, mobility, and log-wage

are given, respectively, by

yit = 1 (y�it > 0) ; where (1)

y�it = 
M mit�1 + 

Y yit�1 +X

Y
it �

Y + �Y;Ii + vit;

mit = yit 1 (m
�
it > 0) ; where (2)

m�
it = 
 mit�1 +X

M
it �

M + �M;Ii + uit; and

wit = X
W
it �

W + JWit + �
W;I
i + �it; if yit = 1

for all years for which t > 1, for i = 1; :::; n. The quantity y�it is a latent variable measuring

the value of participation at time t, while yit is the usual indicator function. Similarly, m�
it

is a latent variable measuring worker�s i value of moving between t and t + 1, and mit is an

indicator function, denoting whether or not the individual moved at the end of time t. Note

that by de�nition, observed mobility mit is equal to 0 when the individual does not participate

at time t. Finally, note that mit is not observed (censored) whenever a worker participates at

date t but does not participate at t+ 1.

The variable wit denotes the logarithm of the annualized total real labor costs. The vari-

able Xit denotes observable time-variant, as well as the time-invariant, characteristics for the

individual. The function JWit summarizes the worker�s past career choices at date t (the exact

speci�cation is detailed below).

The terms �Y;I , �M;I , and �W;I0 denote the correlated random e¤ects speci�c to the indi-

viduals, while u, v and � are idiosyncratic error terms. In principle, there are J �rms and N

individuals in the panel of length T , but our panel is unbalanced in the sense that we do not

observe all individuals in all time periods.

Note that because lagged mobility and lagged participation must be included in the partici-

pation and mobility equations, one needs to control for the well-known initial conditions in the

�rst period. We follow Heckman (1981) and add for t = 1 the following participation, mobility,

2For the speci�c conditions and detailed description see BFKT.
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and wages equations, respectively

yi1 = 1
�
XY
i1�

Y
0 + �

Y;I
i + vi1 > 0

�
(3)

mi1 = yi11
�
XM
i1 �

M
0 + �M;Ii + ui1 > 0

�
; and (4)

:wi1 = XW
i1 �

W + �W;Ii + �i1 if yi1 = 1 (5)

2.2 Stochastic Assumptions

The vector of individual speci�c e¤ects, including those from the initial condition equations is

given by

�Ii =
�
�Y;Ii ; �M;Ii ; �Y;Ii ; �W;Ii ; �M;Ii

�
:

�Ii j�Ii � i.i.d. N
�
0;�Ii

�
;

We assume that individuals are independent, but their various individual e¤ects may not have

the same distribution. Namely, we assume that �Ii follows the distribution given by

�Ii � N(f (xi1; :::; xiT ) ;�
I
i ); where (6)

�Ii = Di��Di;

Di = diag (�yi; �mi; �wi) ; and

f��gj;l = ��Ij ;�Il
; for j; l = y;m;w:

Also, the function f (xi1; :::; xiT ) is potentially a function of all exogenous variables in all period.

The matrix �Ii is indexed by i, since we also allow for �ji to be heteroskedastic, i.e., to depend

on xyit, xmit, and xwit, respectively. That is,

�2ji = exp (hj (xi1; :::; xiT )) ; for j = y;m;w; (7)

where the hj(�)�s are some real valued functions. The ultimate goal in doing so is to control for
the possible existence of heterogeneity in a parsimonious way. Hence, we base our estimation on

only the sample averages of the regressors�vector, i.e. xji = (
PT
i=1 xjit)=T for each individual.

We then use the �rst three principle components of �xji, as well as a constant term to approximate

hj (xi1; :::; xiT ) by3 bhj(
j ; xji1; :::; xjiT ) = pc0i
j ; (8)

where pci is the vector containing the principal components. This signi�cantly reduce the

computation burden. This is because the posterior distribution for 
 = (
0y; 

0
m; 


0
w)
0 is di¢ cult

3The 
j terms are estimated separately in a factor analysis of individual data. The variables that enter this
analysis are the sex, the year of birth, the region where the individual lives (Ile de France versus other regions),
the number of children, the marital status, the part-time status, and the unemployment rate in the department
of work. The �rst three principle components account for over 90% of the total variance of xji, so that there is
almost no loss of information by doing so.
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to obtain and require the use of a Metropolis-Hastings step.

In addition, we assume that the individual speci�c e¤ects are stochastically independent of

the idiosyncratic shocks, that is �Ii ? (vit; uit; �it).
Finally, for the idiosyncratic error terms we assume0B@ vit

uit

�it

1CA � i.i.d.N

0B@
0B@ 0

0

0

1CA ;
0B@ 1 �ym �yw�

�ym 1 �wm�

�yw� ��wm �2

1CA
1CA :

It is worthwhile noting that the speci�cation of the joint distribution of the person speci�c

e¤ects has direct implications for the correlation between the regressors and the corresponding

random e¤ects. To see this, consider an individual with seniority level sit = s. Note that sit
can be written as:

sit = (sit�1 + 1)1 (mit = 0; yit = 1) :

This equation can be expanded by recursion to the individual�s entry year into the �rm.

Since the seniority level of those currently employed depends on the sequence of past partici-

pation and mobility indicators, it must also be correlated with the person-speci�c e¤ect of the

wage equation �W;Ii . This, in turn, is correlated with �M;Ii and �Y;Ii , the person-speci�c e¤ects

in the mobility and participation equations, respectively. Similarly, experience and the JW

function are also correlated with �W;Ii . Given that lagged values of participation and mobility,

as well as the seniority level appear in both the participation and mobility equations, it follows

that the regressors in these two equations are also correlated, albeit in a complex fashion, with

the corresponding person-speci�c e¤ects, namely �M;Ii and �Y;Ii , respectively.

This reasoning also applies to the idiosyncratic error terms. Therefore, the individual spe-

ci�c e¤ect and the idiosyncratic error term in the wage equation are both correlated with the

experience and seniority variables through the correlation of the individual e¤ects and idiosyn-

cratic error terms across our system of equations. Putting it di¤erently the system of equations

speci�ed here allows for correlated random e¤ects.

3 Estimation

As in BFKT, we adopt a Bayesian method. The estimates provided are given by the mean of

the posterior distribution of the various parameters. We construct the posterior distribution via

the use of a Markov Chain Monte Carlo (MCMC) procedure, where in each iteration we draw

from the posterior distribution of these parameters, conditional on the data. We do so, because

the computation of the analytical form for posterior distribution is intractable. Speci�cally,

we use a combination of the Gibbs Sampling algorithm, augmented by Metropolis-Hastings

whenever needed, (for example when drawing the correlation coe¢ cients), to obtain draws
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from this posterior distribution. Below we brie�y explain the implementation of the MCMC

for our problem. For a more detailed description see Appendix A.

3.1 Principles of the Gibbs Sampler

Given a parameter set and the data, the Gibbs sampler relies on the recursive and repeated

computations of the conditional distribution of each parameter, conditional on all other para-

meters, and conditional on the data. We thus need to specify a prior density for each parameter.

Recall that, when prior independence is assumed between ' and P('), the conditional posterior
distribution for a subset of parameter vector ' satis�es:

p('jP(');data) / p(datajP('); ')�(');

where P denotes the vector containing all parameters of the model, P(') denotes all other
parameters, except for ', and �(') is the prior density of '.

The Gibbs Sampler also allows for an easy treatment of the latent variables through the

so-called data augmentation procedure (Tanner and Wong (1987), Albert and Chib (1993)).

Therefore, completion of censored observations becomes possible. In particular, we can never

observe the latent variables m�
it and y

�
it, and the wage wit is observed only if the ith individual

works at time t. Censored or unobserved data are simply �augmented �, that is, we compute

m�
it and y

�
it based on (1)+(2), conditional on all the parameters.

Finally, the Gibbs Sampler procedure does not involve optimization algorithms. Sequential

simulations of the conditional densities are the only computations required. There is somewhat

of a complication in this procedure when the densities have no conjugate (i.e., when the prior

and the posterior do not belong to the same family). In these cases we use the standard

Metropolis-Hastings algorithm. Speci�cally, in this case we cannot directly draw from the

true conditional distribution. Hence, we draw the parameters using another distribution (the

proposal distribution) and use a rejection method in order to decide whether or not to keep

that draw. In our estimation, we need to resort to the Metropolis-Hastings step when drawing

elements for the variance-covariance matrix. While for the prior distribution we use an inverse-

Wishart prior distribution for the matrix, the posterior distribution does not belong to this

family.

3.2 Application to our Problem

In order to use Bayes� rule, we �rst need to specify the full conditional likelihood, that is,

the density of all variables, observed and augmented, namely y; w;m;m� and y�, given all

parameters (the parameters of interest as well as the set of augmented parameters). We thus

have to properly de�ne the parameter set and to properly �augment �our data.
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The full parameter set is given by

�
�Y0 ; �

M
0 ; �

Y ; 
M ; 
Y ; �M ; 
; �W ;�2; �yw; �ym; �wm; �
; �
�
;

so that for P we have

P =
�
�Y0 ; �

M
0 ; �

Y ; 
M ; 
Y ; �M ; 
; �W ;�2; �yw; �ym; �wm; �
; �; �
I
�
;

where �
 = (
01; : : : ; 

0
5)
0 and � = (�1; : : : ; �10)

0.

When specifying the relevant set of variables corresponding to each period, special care

needs to be given for the (censored) mobility variable. There are four cases depending on the

values of the couple (yit�1; yit). For a given individual i we de�ne Xt, the completed set of

endogenous variables as:

Xt = ytyt�1X
11
t + yt�1(1� yt)X10

t + yt(1� yt�1)X01
t + (1� yt)(1� yt�1)X00

t ;

where

X11
t =

�
y�t ; yt; wt;m

�
t�1;mt�1

�
;

X10
t =

�
y�t ; yt;m

�
t�1
�
;

X01
t = (y�t ; yt; wt) ; and

X00
t = (y�t ; yt) :

For the initial year we similarly de�ne

X1 = y1X
1
1 + (1� y1)X0

1 ;

X1
1 = (y�1; y1; w1) ; and

X0
1 = (y�1; y1) :

The contribution of the ith individual to the conditional likelihood function is given then by4

L(Xi
T jP) =

 
TY
t=2

l(XitjP;Fi;t�1)
!
l(Xi1);

4Even though our notations do not make this explicit, all our computations allow for an individual-speci�c
entry and exit date in the panel, that is, an unbalanced panel.
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where Xi;t = (Xi1; :::; Xit), Fi;t�1 = Xi;t�1, and

l(XitjP;Fi;t�1) = l(X11
it jP;Fi;t�1)yi;t�1yit l(X10

it jP;Fi;t�1)yi;t�1(1�yit)

l(X01
it jP;Fi;t�1)(1�yi;t�1)yit l(X00

it jP;Fi;t�1)
(1�yi;t�1)(1�yit)

:

Thus, the full conditional likelihood is given by

L(XT jP) =
�
1

V w

�PN
i=1

PT
t=1 yit
2

�
1

V m

�PN
i=1

PT�1
t=1 yit
2

�
NY
i=1

(1 (y�i1 > 0))
yi1 (1 (y�i1 � 0))

1�yi1 exp

�
�1
2
(y�i1 �my�i1

)2
�
exp

n
� yi1
2V w

(wi1 �Mw
i1)

2
o

�
TY
t=2

(1 (y�it > 0))
yit (1 (y�it � 0))

1�yit exp

�
�1
2
(y�it �my�it

)2
�
exp

n
� yit
2V w

(wit �Mw
it )

2
o

�
��
1
�
m�
i;t�1 > 0

��mi;t�1 �1 �[m�
i;t�1 � 0

��1�mi;t�1
�yi;t�1yit

exp
n
�yi;t�1
2V m

(m�
i;t�1 �Mm

i;t�1)
2
o
;

where, because of the normal residuals, we have

V w = �2(1� �2yw);

V m =
1� �2yw � �2ym � �2wm + 2�yw�ym�wm

1� �2yw
;

Mm
it = mm�

it
+
�y;m � �w;m�y;w

1� �2y;w| {z }
a

(y�it �my�it
) +

�w;m � �y;m�y;w
�(1� �2y;w)| {z }

b

(wit �mwit);

Mw
it = mwit + ��y;w(y

�
it �my�it

);

and the residuals�correlations are parameterized by:

� = (�yw; �ym; �wm)
0 ; �yw = cos(�yw); �ym = cos(�ym); and

�wm = cos(�yw) cos(�ym)� sin(�yw) sin(�ym) cos(�wm):

Finally, prior distributions are needed, we de�ne them as follows:

�Y0 � N (m�Y0
; v�Y0

); �M0 � N (m�M0
; v�M0

); �Y � N (m�Y ; v�Y ); �W � N (m�W ; v�W );

�M � N (m�M ; v�M ); 
Y � N (m
Y ; v
Y ); 
M � N (m
M ; v
M ); 
 � N (m
 ; v
);

�2 � Inverse gamma(
v

2
;
d

2
);

� � iidU [0; �]

�j � iidU [0; �] for j = 1:::10; and


j � iidN (m
j ; v
j ) for j = 1:::5:
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Based on these prior distributions and the full conditional likelihood, all posterior densities

can be evaluated (for a more detailed description see Appendix A).

4 The Data

The data on workers come from two sources, the Déclarations Annuelles de Données Sociales

(DADS) and the Echantillon Démographique Permanent (EDP) that are matched together.

Our �rst source, the DADS, is an administrative �le based on mandatory reports of employees�

earnings by French employers to the Fiscal Administration. Hence, it matches information

on workers and on their employing �rm. This data set is longitudinal and covers the period

1976-1995 for all workers employed in the private and semi-public sector who were born in

October of an even year. Finally, for all workers born in the �rst four days of October of an

even year, information from the EDP is also available. The EDP comprises various censuses

and demographic information. These sources are presented in more detail in the following

paragraphs.

The DADS Data Set:

Our main data source is the DADS, a large collection of matched employer-employee infor-

mation collected by the Institut National de la Statistique et des Etudes Economiques (INSEE)

and maintained in the Division des Revenus. The data are based upon mandatory employer

reports of the gross earnings of each employee subject to French payroll taxes. These taxes

apply to all �declared� employees and to all self-employed persons, essentially all employed

persons in the economy.

The Division des Revenus prepares an extract of the DADS for scienti�c analysis, covering all

individuals employed in French enterprises who were born in October of even-numbered years,

with civil servants excluded.5 Our extract covers the period from 1976 through 1995, with

1981, 1983, and 1990 excluded because the underlying administrative data were not sampled in

those years. Starting in 1976, the Division des Revenus kept information on the employing �rm

using the newly created SIREN number from the SIRENE system6. However, before this date,

there was no available identi�er of the employing �rm. Each observation of the initial data set

corresponds to a unique individual-year-establishment combination. Each observation in this

initial DADS �le includes an identi�er that corresponds to the employee (called ID below), an

identi�er that corresponds to the establishment (SIRET), and an identi�er that corresponds to

the parent enterprise of the establishment (SIREN). For each individual, we have information

on the number of days during the calendar year the individual worked in the establishment

and the full-time/part-time status of the employee. In addition we also have information on

the individual�s sex, date and place of birth, occupation, total net nominal earnings during the

5 Individuals employed in the civil service move almost exclusively to other positions within the civil service.
Thus the exclusion of civil servants should not a¤ect our estimation of a worker�s market wage equation. For
greater details see Abowd, Kramarz, and Margolis (1999).

6The SIRENE system is a directory identifying all French �rms and their corresponding establishments.
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year and annualized net nominal earnings during the year, as well as the location and industry

of the employing establishment. The resulting data set has 13,770,082 observations.

The Echantillon Démographique Permanent:

The Division of Etudes Démographiques at INSEE maintains a large longitudinal data

set containing information on many socio-demographic variables of French individuals. All

individuals born in the �rst four days of the month of October of an even year are included

in this sample. All questionnaires for these individuals from the 1968, 1975, 1982, and 1990

censuses are gathered into the EDP. The exhaustive long-forms of the various censuses were

entered under electronic form only for this fraction of the population living in France (1/4 or

1/5 of the population, depending on the date). The Division des Etudes Démographiques had

to �nd all the censuses questionnaires for these individuals. The INSEE regional agencies were

in charge of this task. The usual socio-demographic variables are available in the EDP.7

For every individual, education, measured as the highest diploma, and the age at the end of

school are collected. Since the categories di¤er in the three censuses, we �rst created eight edu-

cation groups (identical to those used in Abowd, Kramarz, and Margolis (1999), namely: (1) No

terminal degree; (2) Elementary School; (3) Junior High School; (4) High School; (5) Vocational-

Technical School (basic); (6) Vocational Technical School (advanced); (7) Technical College

and Undergraduate University; and (8) Graduate School and Other Post-Secondary Education.

Other variables that are regularly collected are: nationality (including possible naturalization

to French citizenship), country of birth, year of arrival in France, marital status, number of

children, employment status (wage-earner in the private sector, civil servant, self-employed,

unemployed, inactive, apprentice), spouse�s employment status, information on the equipment

of the house or apartment, type of city, location of the residence (region and département).8 In

some of the censuses, data on parents�education and social status were collected as well.

In addition to the Census information, all French town-halls in charge of Civil Status regis-

ters and ceremonies transmit information to INSEE for the same individuals. This information

includes any birth, death, wedding, and divorce involving an individual of the EDP. For each of

the above events, additional information on the dates, as well as the occupation of the persons

concerned, are collected. Finally, both censuses and civil status information contain the person

identi�er (ID) of the individual, so the two sources of data can be merged.

Creation of the Matched Data File:

Based on the person identi�er, identical in the two datasets (EDP and DADS), it is possible

to create a �le containing approximately one tenth of the original 1/25th of the population born

in October of an even year, i.e., those born in the �rst four days of that month. Notice that

we do not have wages of the civil-servants (even though the census information allows us to

determine whether a person is a civil-servant), or the income of self-employed individuals. The

7 It is important to note that no earnings or income variables have ever been asked in the French censuses.
8A French �département� corresponds roughly to a county in the U.S. Several départements form a region

which is an administrative division.
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individual-level information also contains the employing �rm identi�er, the so-called SIREN

number, that allows us to follow workers from �rm to �rm and compute the seniority variable.

This �nal data set has approximately 1.5 million observations.

5 The Empirical Results

5.1 Speci�cation and Identi�cation

First, we describe the variables included in each equation. The wage equation is standard

for most of its components and includes, in particular, a quadratic function of experience and

seniority.9 It also includes the following individual characteristics: Sex, marital status, and if

unmarried an indicator for living in couple, an indicator for living in the Ile de France region

(the Paris region), the département (roughly a U.S. county) unemployment rate, an indicator

for French nationality for the person as well as for his/her parents, and cohort e¤ects. We also

include information on the job characteristics: An indicator function for part-time work, and

14 indicators for the industry of the employing �rm. In addition we include a complete set of

year dummy variables.

Finally, following the speci�cation adopted in BFKT, we include a function, denoted JWit ,

that captures the sum of all wage changes that resulted from job changes (i.e., moves between

one �rm and another) prior to the current date t. This term allows us to control for dis-

continuous jumps in one�s wage when he/she changes jobs. The jumps are allowed to di¤er

depending on the level of seniority and total labor market experience at the point in time when

the individual changes jobs. Speci�cally,

JWit = (�
s
0 + �

e
0ei0) di1 +

KitX
l=1

24 4X
j=1

�
�j0 + �

s
jstl�1 + �

e
jetl�1

�
djitl

35 : (9)

Suppressing the i subscript, the variable d1tl equals 1 if the lth job lasted less than a year, and

equals 0 otherwise. Similarly, d2tl = 1 if the lth job lasted between 1 and 5 years, and equals 0

otherwise, d3tl = 1 if the lth job lasted between 5 and 10 years, and equals 0 otherwise, d4tl = 1

if the lth job lasted more than 10 years and equals 0 otherwise. The quantity Kit denotes the

number of job changes by the ith individual, up to time t (not including the individual�s �rst

sample year). If an individual changed jobs in his/her �rst sample then di1 = 1, otherwise

di1 = 0. The quantities et and st denote the experience and seniority in year t, respectively.10

9BFKT also presents estimates with a quartic speci�cation in both experience and seniority. This issue is
addressed further below.

10Note that this speci�cation for the term JWit produces thirteen di¤erent regressors in the wage equation.
These regressors are: a dummy for job change in year 1, experience in year 0, the numbers of switches of jobs
that lasted less than one year, between 2 and 5 years, between 6 and 10 years, or more than 10 years, seniority at
last job change that lasted between 2 and 5 years, between 6 and 10 years, or more than 10 years, and experience
at last job change that lasted less than one year, between 2 and 5 years, between 6 and 10 years, or more than
10 years.
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Hence, at the start of a new job, two individuals with identical characteristics, but with di¤erent

career paths enter their new job with potentially di¤erent starting wages.

Turning now to the mobility equation, most of the variables that are included in the wage

equation are also present in the mobility equation with the exclusion of the JWit function.

However, an indicator for the lagged mobility decision and indicators for having children between

the ages of 0 and 3, and for having children between the ages of 3 and 6 are included in the

mobility equation, but are not present in the wage equation.

The speci�cation of the participation equation is very similar to that of the mobility equa-

tion. Nevertheless, because job-speci�c variables cannot be de�ned for workers who have no

job, seniority, the part-time status, and the employing industry, all present in the mobility

equation but are excluded from the participation equation. Lagged participation decision (or

employment status) is included in the participation equation, whereas this variable is meaning-

less (i.e., cannot be identi�ed) in the mobility equation since mobility implies participation in

both year t and year t� 1, as discussed above in Section 2.
Finally, the initial mobility and participation equations are simpli�ed versions of these equa-

tions, that is, all the variables that appear in the general participation and mobility equation are

also included in the corresponding initial conditions, except for the lagged dependent variables.

Note the speci�cation above introduces multiple exclusion restrictions. For instance, the

industry a¢ liation is included in both wage and mobility equations but is excluded (for obvious

reasons) from the participation equation. Conversely, the children variables are not present in

the wage equation but are included in the two other equations. This restriction is often used

in empirical applications. Furthermore, the JWit function is included in the wage equation but

not in the participation and mobility equations. Unfortunately, there appears to be no set of

exclusion restrictions that would guarantee convincing identi�cation of the initial conditions

equations, except functional form (i.e., the normality assumptions). BFKT experienced with

di¤erent set of restrictions with no change in the estimates. For instance, when the JWit function

is included in the mobility and participation equations, its coe¢ cients are non signi�cantly

di¤erent from zero. Therefore, we adopted a similar speci�cation to maximize comparability.

Below we present the estimation results, which are organized as follows. Table 1 presents the

estimation results for the wage equation for each of the four education groups. Table 2 presents

the estimation results for the participation equation, by education groups, while Table 3 does

the same for the inter-�rm mobility equation. Table 4 presents the estimates of the variance-

covariance matrices for the individual-speci�c e¤ects (across the �ve equations) and for the

idiosyncratic terms (across the three main equations).11

Tables 5 through 8 in the next section provide a detailed comparison between the results

obtained for the U.S. and those obtained for France. Since we have essentially estimated the

same model as was estimated by BFKT, we are able to compare parameter estimates for high

school dropouts and college graduates in both countries. Table 5 presents estimates for the

11Descriptive Statistics are presented in Appendix B, Table B.1.
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college graduates in the U.S. and France. Table 6 presents similar estimates for high school

dropouts. Table 7 compares the marginal and cumulative returns to experience and seniority

at various points of the life cycle for these two groups. Finally, Table 8 presents estimates

using two other methods that have been previously used in the literature� a simple OLS and

IV method� of the returns to seniority and of the cumulative returns to seniority, for the two

groups and in the two countries.

5.2 Certi�cat d�Etudes Primaires Holders (High School Dropouts)

In France, apart from those quitting the education system without any diploma, the Certi�-

cat d�Etudes Primaires (CEP, hereafter) holders are those leaving the system with the lowest

possible level of education.12 They are essentially comparable to High School dropouts in the

United States.

Wage Equation:

The results for this group are presented in the �rst four columns of Table 1. In line 4 of

the table we clearly see that the return to seniority is small, only less than 0:3% per year in

the �rst few years (when the linear term is the dominating term). In contrast, the return to

experience is almost twenty times larger than the return to tenure.

However, the results of Table 1 also show that the timing of mobility in one�s career matters.

First, time spent in a �rm makes a signi�cant di¤erence as is indicated from the coe¢ cient

estimates in lines 33�36. Moves after relatively short spells are rewarded. There is a 5%

increase for change that takes place in less than one year on a job and 10% if the job last

between two to �ve years. However, the part induced by the level of seniority (lines 37�39) is

negative. In particular, a move after a two-year spell on a job is better compensated than moves

after a �ve-year spell. The overall jump after 5 years is essentially zero. In comparison, a job

spell of between 6 to 10 years of seniority carries neither a penalty nor a reward. For jobs that

last more than ten years, workers lose almost 2% per year of seniority (line 39). Finally, there is

also the component of wage jump due to experience (lines 40�43). Moves early in one�s work life

have a small negative impact on wage gains. In contrast, moves that occur later in one�s career,

e.g. after 10 years of experience, add 0.6% for every year of experience, for a total of more than

6% for experience above 10 years. Overall, the loss of earning can be substantial, especially for

people who spend long spells in one �rm. For example, displaced workers who spent their entire

career, of say 20 years, in a single �rm face on average a wage loss of about 15% in their new �rm

(i.e., from lines 36, 39, and 43 we have 100 [1� exp f:054� :0167 � 20 + :006 � 20g] = 85:2%). It
is important to note though, that mobility is very low in France, as Table B.1 clearly indicates:

An average CEP worker moves only once over the entire period. However, mobility across �rms

is not evenly distributed over the population. Hence, bene�ts of voluntary mobility, as well as

12There is a possibility of some confusion, although relatively small, between not having education and missing
response to the question about education in the various censuses.
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di¢ culties that stem from involuntary moves, are con�ned to a relatively very small fraction of

the workers�population.

Table 1 provides additional facts worthy of notice. Con�rming results by Abowd, Kramarz,

Lengermann, and Roux (2004), inter-industry wage di¤erences for CEP workers are compressed

relatively to the groups with higher levels of education. This is clearly one of the consequences

of minimum wage policies in France, because many workers in this group are at the very bottom

of the overall wage distribution.

Participation and Mobility Equations:
The �rst four columns of Tables 2 and 3 present the estimates for the participation and

mobility equations, respectively, for the CEP workers. Most of the results are not surprising

and are on the order of magnitude that one might expect. For example, having young children

lowers the probability of participation signi�cantly, as well as the probability of a move. Also,

experience and seniority have an enormous e¤ect on the mobility decision. Individuals with

higher experience and tenure are a lot less likely to move.

Also of major interest are the coe¢ cients on the lagged mobility and lagged participation.

In contrast with most previous analyses (Altonji and Shakotko (1987), Altonji and Williams

(1992 and 1997), and Topel (1991)), we are able to distinguish between state-dependence and

unobserved heterogeneity. Not surprisingly, past participation and past mobility favors partici-

pation. However, lagged mobility has virtually no impact on the mobility decision. The results

in BFKT for the mobility decision imply that a move is optimal only every few years. Hence, a

move in the previous period is associated with lower mobility in the period immediately after

(see also the France-U.S. comparison of Table 6). This lack of state-dependence in the current

results is obviously a re�ection of the French labor market institutions where some workers

often go from one short-term contract to another, especially for the CEP group. Unfortunately,

as already mentioned above, our data sources provide no information on the nature of the

contract, so we cannot examine this point any further.

Stochastic Components:
The �rst four columns of Table 4 present estimates of variance-covariance components for

the CEP group. The individual speci�c e¤ects for the �ve-equation model are presented in the

�rst panel, while the results for the residual terms of the three main equations are provided in

the second panel. The results clearly show that in terms of the individual speci�c e¤ects, those

who participate more also tend to be high-wage workers. Non-participation (non-employment)

and mobility are negatively correlated in terms of individual e¤ects but the corresponding

idiosyncratic components are positively correlated. Consequently, we �nd that high mobility

workers tend to be low-employment workers. However, temporary positive shock on mobility

(as measured by large draw of the idiosyncratic term) �enhances�participation. Finally, both

the idiosyncratic terms and the individual speci�c e¤ects in the mobility and wage equations

are negatively correlated. This implies that high-wage workers tend to be relatively immobile.

It is important to note that most parameters in Table 4 are quite large in absolute terms and
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are highly signi�cant. This exempli�es the need for the joint estimation adopted here. Joint

estimation of these equations clearly has a strong e¤ect on the estimated returns to seniority

and experience. Neglecting to control for the joint simultaneous e¤ects would therefore lead to

severe bias in the estimated returns to seniority and experience.

5.3 CAP-BEP Holders (Vocational Technical School, basic)

One element that distinguishes the education systems in Continental Europe from that in the

U.S., and especially in France and Germany, is the existence of a well-developed apprenticeship

training. Indeed, this feature is well-known for Germany but it is also quite important in

France. Students who qualify for the Certi�cat d�Aptitude Professionnelle (CAP) or the Brevet

d�Enseignement Professionnel (BEP) have to spend part of their education in �rms, and the

rest within schools where they are taught both general and vocational subjects. There is no

real analog to this system in the U.S.

Wage Equation:

The returns to seniority coe¢ cient, presented in Table 1 (columns 5-8), for workers with

vocational/technical education are slightly negative and barely signi�cant. The estimates for the

parameters that correspond to the JW function (lines 33-43) are somewhat di¤erent from those

obtained for the high school dropouts. Focusing on the two components related to seniority, in

lines 33-36, we see that a move after one year in a job brings with it an average increase in wages

of about 3%. Between 2 and 5 years this increase amounts to almost 20%, while moves after 6 to

10 years on a job correspond to an average increase of over 16%. However, the coe¢ cients on the

seniority level are all negative (lines 37-39), so the overall jump is much smaller. For example,

an individual with 8 years of seniority has an increase of 20%� 8 � :2% = 4%. Furthermore, for
those who have long tenure on the job, say 15 years, there is a signi�cant loss associated with

moving from one �rm to another, which amounts to approximately �6%� 15 � 1:8% = �33%.
However, this severe decline is compensated somewhat because of an increase that stems from

having more experience. Therefore, for an individual who also has 15 years of experience the

overall change in wage is �6%�15 �1:8%+15 �0:9% = �19:5%. Clearly, relative to the changes
observed for the high school dropouts, the losses incurred by the CAP-BEP workers are larger

and more signi�cant.

In terms of the return to experience, the experience pro�le for the CAP-BEP workers is

steeper than that observed for the CEP workers, as is apparent from the results reported in

lines 2-3 of the table. That is, the CAP-BEP workers tend to accumulate human capital

on the job, which is more general and transferable across �rms, while the CEP workers gain

more �rm-speci�c human capital. Nevertheless, for both groups general human capital is far

more important than �rm-speci�c human capital as is demonstrated by the magnitude of the

coe¢ cient that relates to experience and seniority.

Participation and Mobility Equations:
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As one might expect, the estimated coe¢ cients for the participation and the mobility equa-

tions are quite similar to those obtained for the CEP group. In particular, lagged mobility has

no signi�cant e¤ect on current mobility. While for the CAP-BEP group longer experience has

a more signi�cant e¤ect on the participation decision (see lines 2-3), and lagged participation

has a smaller e¤ect. That is, state-dependence is stronger for the less skilled group. The e¤ect

of seniority on mobility is virtually the same for the two groups. That is, longer seniority on

the job signi�cantly reduces the likelihood of a move.

Stochastic Components:

As Table 4 indicates, the results for main e¤ects for the CAP-BEP group are again quite

similar to those obtained for the high school dropout group. In particular, as for the previous

group, high-wage workers tend to participate more and they are also a lot less likely to move.

5.4 Baccalauréat Holders (High-School Graduates)

In order to qualify for a high school diploma in France a student has to pass a national exam,

called the Baccalauréat. It is a �passport�to higher education, even though not all holders of

the Baccalauréat choose to pursue post-secondary education. There are some individuals who

choose to attend a university, but never complete the requirement toward a speci�c degree. We

include all these individual in the Baccalauréat Holders group, that is, this group includes all

workers who received their Baccalauréat and, in addition, may have had some college education.

The results for this group are presented in columns 9-12 of Tables 1 through 4.

Wage Equation:

The results for this group, presented again in Table 1, display some substantial di¤erences

relative to the other two groups discussed above. First, the return to experience is much larger,

and, in fact, it is the largest of all groups. However, the return to seniority is, essentially,

zero. The estimates for the parameters embedded in the JW function are quite similar to those

previously observed, especially for workers in the the CAP-BEP group. While moves after short

spells seems to induce wage increase (see line 33), they also carry some losses of 3:4% per year

of seniority (line 37). The overall average change for a worker with 3 years of seniority is hence

12:8% � 3 � 3:4% = 2:4%: Moves after relatively long employment spells in �rms entail large

wage losses. For example moves that lasted more than 5 years carry with them a loss of about

1:5% per year of seniority. It can also be seen that the level of experience has very little e¤ect

on the initial jump when moving to a new �rm, and the e¤ect is usually negative (lines 40-43).

Participation and Mobility Equations:

The results obtained for this group (presented in Tables 2 and 3) are largely consistent with

those obtained for the lower education groups discussed above. Nevertheless, the dependence of

mobility on lagged mobility becomes marginally negative. This result is consistent with results

previously obtained for the U.S., which are discussed below. Also, workers are less mobile

the larger their experience and seniority levels, and more pronouncedly so for the high school
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graduate than for the two lower education groups. Moreover, longer experience has a more

signi�cant e¤ect on the participation decision (see lines 2-3) than for the two lower education

groups, while lagged participation has a smaller e¤ect. That is, more highly educated workers

have a stronger attachment to the labor force. However, state-dependence is a much less

signi�cant factor than for the less educated workers.

Stochastic Components:

As was previously observed for the lower education groups, we see that high-wage workers

also tend to be high-participation workers. Nevertheless, in contrast to the other two groups,

high-wage workers are only marginally low-mobility workers. Indeed, Table B.1 in Appendix B

shows that mobility for Baccalauréat holders is the highest among all four education groups,

whereas the levels of tenure and experience are the lowest. Part of the reason for these results is

that this group contains a disproportionately large number of relatively young individuals. In

contrast, the CEP group, for example, includes a relatively large fraction of mature individuals

who have, on average, signi�cantly lower levels of education.

5.5 University and Grandes Ecoles Graduates

An important feature that distinguishes the French education system from other European

education systems, as well as from the American system, is the existence of a very selective set

of educational institutions, known as Grandes Ecoles, that work in parallel with Universities.

The system intends to provide master degrees, mostly in engineering and in business. Unlike

the regular university system, the Grandes Ecoles system is very selective and only a relatively

small fraction of the relevant population is admitted to the various programs. We include in

this group all graduates from both regular universities, as well as graduate from the Grandes

Ecoles system, and, for simplicity, we refer to this group as the college graduate group. The

results for this education group are provided in the last four columns of Tables 1 through 4.

Wage Equation:

Interestingly, the results for the group of graduates stand in sharp contrast with those

obtained for all other education groups. The returns to experience are quite large as for the

other groups. However, there is a striking di¤erence in the return to seniority, which is large

and signi�cant for the college graduate group. The return to seniority is about 2:6% per year

of tenure, with very little curvature. Nevertheless, the return to seniority is small relative to

the return experience, namely only one half that of the return to experience.

Lines 33�43 also indicate that the JW function for the college graduates is quite di¤erent

from that for the other groups. In general, moves are associated with some loss that is attributed

to general experience (see lines 40-43), but it is compensated by a large positive contribution of

seniority. For example, a move after a very short employment spell in a �rm (up to one year)

is associated with an average increase in wages at the new �rm of over 18% (line 33). A job

change after a spell of 2 to 5 years carries with it an average increase of 5:3%, with an additional
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increase of over 3% per year of seniority at the time of the move. For a spell lasting between 6

and 10 years the wage increase is even larger and amounts to 17:3%, with an additional increase

of close to 1% per year of seniority. A sizeable increase is also evident for larger spells of over

10 years. Clearly, for this highly educated group, seniority is well compensated for.

There are some other additional results worth noting for this group. First, working part-time

entails much bigger losses for individuals in this group than for individuals in all other groups.

Furthermore, there are sizeable and signi�cant inter-industry wage di¤erences (see lines 30-40).

These results are largely consistent with those obtained by Abowd, Kramarz, Lengermann, and

Roux (2004). In France minimum wages compress the bottom part of the wage distribution,

and wage inequality is con�ned mostly to the upper part of the distribution, relevant indeed

for this college-educated group. Finally, in contrast to all other education groups, it seems that

foreign born are being discriminated against relative to their French counterparts (see line 12).

While it might be true, in general, that having a higher education allows one to �nd a job more

easily, the wages paid to college graduates who are foreign born is on average 7:5% lower than

that paid to French born individuals.

Participation and Mobility Equations:

Similar to the results for the other education groups, lagged mobility seems to have no e¤ect

on current mobility. Moreover, experience has virtually no e¤ect on the likelihood of a move.

Less experienced workers are no more likely to move than their more experienced counterparts.

One possible explanation for this is that while the individuals in this group are not compensated

for their level of experience (see the results for the JW function) they are well compensated

for their seniority , which, in turn, has a signi�cant, yet very small, negative e¤ect on mobility.

These results seem to indicate that career paths for engineers and other professionals entail job

changes at all ages. Furthermore, in contrast to all other groups, participation choices are only

marginally a¤ected by having young children. This might simply indicate that individuals in

this group have a stronger attachment to the labor force and hence they choose to acquire much

higher levels of education for which they are well compensated.

Stochastic Components:

Similar to what has already been found above for the other educational groups, we �nd

that high-participation individuals are also high-wage individuals. In addition, for the most

highly educated workers, we also �nd that high-wage workers are also low-mobility workers.

Also, individuals that are faced with a positive idiosyncratic wage shock tend to be faced with

a negative mobility shock. These correlation are similar to those obtained for the other groups.

However, this is the only group for which a move entails a jump in wages, compensating them

for their seniority.
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6 A Comparison with the United States

In this section, we compare our results with those obtained previously by BFKT for the U.S. us-

ing very similar model speci�cation. The model was estimated for three education groups: High

school dropouts, high school graduates, and college graduates, using an extract from the Panel

Study of Income Dynamics (PSID) for the years 1976-1992. Some variables included in BFKT

were not available in the panel that we use here (e.g. race), but for the most part very sim-

ilar de�nition were used, especially for the main variables of interest, namely seniority and

experience.13

6.1 Comparison of Selected Parameters

We present here a comparison of the estimates for a subset of the parameters that are most

important. Estimates for the college graduate group are presented in Table 5, while estimates

for high school dropouts are presented in Table 6. In each table, the �rst four columns provide

the results for the U.S., while the last four columns report the results for France.

The �rst and most signi�cant di¤erence between the two studies is in the estimated returns

to seniority. They are large and signi�cant in the U.S.: The linear component is around 5%

per year for both low and high-education groups. In contrast, these returns are insigni�cant

for all the lower educational groups in France. For the college graduates they are around 2:6%,

a lot smaller than for their American counterparts. We also see that the returns to experience

are larger in France than they are in the U.S. for the high school dropouts. For the the college-

educated workers the return to experience are very similar in both countries. Overall, the

combined returns to experiences and seniority are much larger in the U.S. than in France for

both groups.

To meaningfully compare wage changes that are associated with a �rm-to-�rm move we

concentrate our discussion on the estimated components of the JW functions. Some major

di¤erences stand out. First, the coe¢ cient on the number of job to job switches appears to

indicate that for both education groups, job changes are better compensated in the U.S. than

they are in France. For example, for the college-educated workers, who move to a new job

from jobs that lasted more than 10 years receive a 60% ((exp f:4717g � 1) � 100) increase in
wages in their next job. In comparison, the equivalent premium in France is only 6%. This

phenomenon is even more pronounced for the high school dropouts: While French workers lose

a substantial fraction of their wage after a long tenure in a �rm, their American counterparts

gain a substantial amount.

Other results on wages are worth noting as well. Inter-industry wage di¤erentials are very

small in France for the less educated individuals, but are somewhat more spread for the college

13Unfortunately, we cannot use administrative data sources for the United States even though they exist
(LEHD program) since their access is restricted. And, on the French side, there is no equivalent of the PSID, i.e.
a survey that follows individuals within households for a su¢ cient period of time. At this stage, it is impossible
to assess the implications of these constraints.
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graduates. In contrast, the U.S. inter-industry wage di¤erentials are quite large for all education

groups (see Table 1 for France, and Table 2 of BFKT for the United States).

There are also signi�cant di¤erences in the mobility processes for the two countries. The

mobility process in the U.S. exhibits negative lagged dependence. That is, a worker who just

moved is less likely to move in the next period. For France, lagged mobility has virtually no

e¤ect at all on current mobility. However, in the U.S., as well as in France, workers tend to

move early in a job, as is demonstrated by the negative coe¢ cient on seniority in the mobility

equation.

Finally, the comparison of the variance-covariance matrices of individual e¤ects and of the

variance-covariance matrices of idiosyncratic e¤ects across the two countries con�rms previous

�ndings. First, the U.S. data source (the PSID), because it is a survey, captures initial con-

ditions much better than the French data source (the DADS-EDP), which is largely based on

administrative data. More precisely, since individuals are directly interviewed in the PSID,

much better data on personal characteristics can be obtained. In France, because the data

is administrative, some variables are not available and personal characteristics are likely to

be measured with some error. For instance, civil-status and nationality variables come from

di¤erent sources that can be sometimes contradictory, even though the wage measures and

seniority measures are clearly of much better quality in the DADS. In addition, no measure of

family income, and very little information on the spouse characteristics, are available in France.

Also, imputations of seniority have to be performed in year 1976 for the French data.14 Conse-

quently, the correlations between the random terms of the initial condition equations and the

other equations are generally weaker for France.

Second, concentrating on the correlation between individual speci�c e¤ects in the three main

equations, several facts stand out. In both countries high-wage workers also tend to be high-

participation workers. Moreover, high-mobility individuals tend also to be low-wage workers in

both countries, but with a much stronger e¤ect in the U.S. (especially for the college graduate

workers). This signi�es the di¤erent roles played by mobility in the two countries as far as wage

growth is concerned. France is a country with very low mobility, while mobility across �rms is

quite common in the U.S. Finally, high-participation workers also tend to be low-mobility, and

here again the e¤ect is much stronger in the United States.

6.2 The Returns to Experience and Seniority

To summarize the overall impact of the results presented above, Table 7 presents the estimated

cumulative and marginal returns to experience, as well as the cumulative and marginal returns

to seniority in the U.S. and France at various points in the life cycle.15 The cumulative returns

14 In practice, the conditional expectation of seniority is obtained using the �structure des salaires�survey, see
Abowd, Kramarz, and Margolis (1999) for more details.
15 In all panels, the speci�cations include a quadratic function of experience and seniority in the wage equation.

For the U.S., BFKT compares the estimates with those obtained based on a quartic speci�cation of experience
and education. Estimates of the cumulative returns to experience and seniority are very similar. Hence, we

22



to experience are large for both countries, with larger returns in France for both education

groups. In complete contrast, the cumulative returns to tenure are much larger in the U.S. For

high school dropouts we see that there is absolutely no return to seniority in France. This is

somewhat di¤erent for the college graduates, even though the cumulative returns to seniority

in France are less than half what they are in the U.S.

Note that for the high school dropouts the cumulative return to seniority at 5 years of

seniority is almost 27% in the U.S., while in France it is statistically not di¤erent from zero. At

15 years of seniority the cumulative return in the U.S. rises to 39%, while in France it remains

unchanged. That is, the marginal returns to seniority, at all levels of seniority, are virtually

zero in France and hence the cumulative returns remain zeros.

The situation for the college graduate is less pronounced, but as indicated above, the cu-

mulative returns in the U.S. are more than twice as large as those in France. For example, at

5 years of experience the return in the U.S. is almost 24%, while in France it is barely 12%.

Similarly, at 15 years of seniority the return in the U.S. is 64%, while in France it is a mere

31%. These di¤erences are mitigated somewhat when one takes into account the return to

experiences, but the overall growth of wages in the U.S. that stems from both experience and

seniority is still much larger in the U.S. than it is in France.

6.3 Robustness and Speci�cation Checks

We tested various speci�cations to assess the robustness of the results obtained here. In par-

ticular, we examined whether the di¤erences between the U.S. and France stem from inherent

di¤erences in the data extracts used for the two countries.

Particular attention was given to investigating to what extent the results obtained here are

induced by the speci�c method employed in this paper. Speci�cally we examine how the results

changed relative to those previously obtained in the literature. To do that we use the methods

used by Altonji and Williams (1992). We �rst estimated a wage regression using a simple

OLS regression. Then, we estimated the exact same equation using Altonji and Williams�s

methodology (speci�cally the method they label as IV1). The estimation was carried out for

both data sets� the PSID for the U.S. and the DADS-EDP for France. The results are reported

in Table 8. The top panel of the table presents the IV estimates, while the bottom panel presents

the OLS estimates.

First, the OLS estimates of the returns to seniority in France are somewhat smaller than

those obtained from our model for the college graduate group. For the high school dropouts

they are essentially the same as those obtained by our model, namely zero. For France, the IV

method yields point estimates of the returns to seniority that are lower and insigni�cant. That

is, all estimation methods indicate that the returns to seniority in France are quite small, and in

most cases are not signi�cantly di¤erent from zero. The result for the returns to seniority in the

U.S. are strikingly di¤erent. The returns to seniority are larger in all speci�cations than those

resort here to a comparison based on the quadratic version only.
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obtained for France. For both levels of education, the IV method yields the lowest returns to

seniority (see the linear tenure e¤ect, but most importantly, the cumulative returns). The OLS

estimates for the linear term are slightly larger than those estimated by the IV method. The

cumulative returns to seniority have a clear order: The IV method yields the lowest returns.

Our estimation method, based on a system of equations, yields the largest, while the OLS

estimates are exactly in between, for both groups and both countries.16

To summarize, all tests show that the returns to seniority and experience are biased when

endogeneity is not accounted for. Irrespective of the method used to correct for this endogeneity,

the returns to seniority are much larger in the U.S. than in France, and more so for the least

educated individuals, who are also most likely to face higher unemployment rates.

6.4 Are the Returns to Seniority an �Incentive Device�?

A natural question arising from the above comparison of the U.S. and France can be formulated

as follows: Are the di¤erent features that seem to prevail in the two countries related? Do these

features lead to lower returns to seniority in France than in the U.S.?

The results presented above indicate that there is relatively low job-to-job mobility in

France17, while there is relatively high job-to-job mobility in the U.S. In addition the risk

of unemployment in France is signi�cantly higher than that faced by the American workers.

Can these institutional di¤erences lead to the observed di¤erences in the returns to seniority in

the two countries?

In this section, we show that these features are indeed part of a global system and are,

hence, tightly connected. We use an equilibrium search model with wage-tenure contracts

to examine this question. The properties of the wage pro�les implied by the model at the

stationary equilibrium are contracted using the respective di¤erential characteristics of the two

labor markets, namely the U.S. and France.

It turns out that the labor market characteristics that have signi�cant explanatory power

are (1) the unemployment rate; and (2)the job arrival rate. The unemployment rate in France

has always been larger than that in the U.S. For example, OECD data indicate that the unem-

ployment rates in March of 2004 were 9:4% and 5:7%, for France and the U.S., respectively. It

is also been estimated in the literature that the job o¤er arrival rate in the U.S. is larger that

that in most European countries. For example, Jolivet, Postel-Vinay and Robin (2004) use a

job search model to provide such estimates. Using the PSID for the U.S. they estimate the job

arrival rate to be 1.71 per annum. Similar estimates for several European countries (using the

ECHP, for 1994-2001) provide an estimate of 0.56 per annum.

The job search model we employ here has been introduced recently by Burdett and

16BFKT also presents estimates of the returns to experience and seniority without introducing the JW function.
Cumulative returns most often decrease when JW is excluded. Similar estimates for France for high school
dropouts and college graduates (not included here for brevity) show a similar pattern: The linear component of
the return to seniority is roughly equal to zero for the former group and equal to about 1% for the latter group.
17Mobility increases with education and is much larger for the more recent cohorts.
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Coles (2003). The most important feature for us in this model is the fact that it generates

a unique equilibrium wage-tenure contract. We show below that this wage-tenure contract is

such that the slope of tenure in the wage function is an increasing function of the job o¤er

arrival rate. That is, the return to seniority increases when the mobility rate of workers in the

economy increases.

We start by summarizing the important aspects of the model. The model is a continuous

time model in which individuals are risk adverse. Let � denote the job o¤ers arrival rate and

let � be the arrival rate of new workers into the labor force and the out�ow rate of workers

from the labor market. Let p denote the instantaneous revenue received by �rms for each

worker employed and let b be the instantaneous bene�t received by each unemployed worker

(p > b > 0). Let u (�) denote the instantaneous utility, which is assumed to be strictly increasing
and concave. A �rm is assumed to o¤er the same wage contract to all new workers. Also, there

is no recall of workers.

Burdett and Coles show that under certain assumptions the implied equilibrium is unique.

Also, the optimal wage-tenure contract selected by the �rm o¤ering the lower starting wage

satis�es
dw

d t
=

�p
p� w2

p� w
u0(w)

Z w2

w

u0(s)p
p� s d s; (10)

with the initial condition w(0) = w1 and where w1, w2 are such that�
�

�+ �

�2
=
p� w2
p� w1

; (11)

u(w1) = u(b)�
p
p� w1
2

Z w2

w1

u0(s)p
p� s d s; (12)

where [w1; w2] is the support of the distribution of wages paid by the �rms (w1 < b and w2 < p).

Assume now that the utility function is constant relative risk aversion (CRRA) of the form

u(w) = w1��
�
(1� �), where � > 0. Burdett and Coles (2003) show that the optimal wage-

tenure contract, namely the baseline salary contract, is such that there exists a tenure level

such that from that level onward the baseline salary contract is identical to the contract o¤ered

by a high-wage �rm with a higher entry wage. That is,

d2w

d t2
=

�
dw

d t

�2 1

p� w

h� p
w
� (� + 1)

i
� �

p
p� wp
p� w2

dw

d t
; (13)

with the initial conditions w(0) = w1 and

dw(0)

d t
=

�p
p� w2

p� w1
u0(w1)

Z w2

w1

u0(s)p
p� s d s: (14)

The di¤erential equation (13) is highly non-linear and has to be solved numerically. This

can be done by assigning some values for the parameter vector (�; �; �; p), and solving the model
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numerically (e.g. using the procedure NDSolve of Mathematica).

In order to study the shape of the wage-tenure contract curve and its sensitivity with respect

to the values of the job o¤ers arrival rate, we used the same parameter values as Burdett and

Coles (see section 5.2 in their paper). We, set p = 5, �=� = 0:1 and b = 4:6. For each value of the

relative risk aversion coe¢ cient (� = 0:2; 0:4; 0:8; 1:4), we solve the system of equations (13)�

(14) numerically for a set a values of the job o¤er arrival rates. The results are depicted in

Figure 1a for � = 0:2, in Figure 1b for � = 0:4, in Figure 1c for � = 0:8, and in Figure 1d for

� = 1:4. The �gures present the wage contract pro�les for the �rst 10 years of seniority. For

all values of the relative risk aversion coe¢ cient, we note that the wage pro�les are steeper,

especially in the �rst year, when the job o¤ers arrival rates is larger.

The values of the job o¤er arrival rates (per year) estimated by Jolivet, Postel-Vinay and

Robin (2004) correspond to the values � = 0:005 for the U.S., and � = 0:001 for France

Regardless of the particular value of the relative risk aversion parameter, the equilibrium wage-

tenure contract curves are such that there are larger returns to seniority for the high-mobility

country, namely the U.S., than the low mobility country, namely France.

Two points are worth noting. First, we take� as �rms appear to be doing� institutions that

a¤ect mobility as given. For example, the housing market in the U.S. is a lot more developed

than in France (because of strong regulations and transaction costs in the latter country).

Also, subsidies and government interventions preventing �rms from going bankrupt seem to

be more prevalent in France, dampening the forces of �creative destruction� in this country.

Consequently, French �rms face a workforce that is mostly stable with little incentives to move,

even after an involuntary separation. Second, as a recent paper by Wasmer (2003) argues, it

is more likely that French �rms will invest in �rm-speci�c human capital for this exact reason.

In contrast, American �rms face a workforce that is very mobile. Therefore, these �rms should

rely on general human capital.

Does this mean that the return to seniority should be larger in France than in the U.S.?

Or, putting it di¤erently: Should French �rms pay for something they get �by construction�

due to strong institutional forces? It seems that there is somewhat of a misconception that has

plagued some of the research in this area in recent years. The model discussed here provides a

useful tool for the empirical results we obtained in this paper. That is, the optimal return to

tenure when individuals are mobile should be larger than when there are not.

7 Conclusions

A central tenet of many theories in labor economics states that compensation should rise with

seniority. Nevertheless, there has been much disagreement about the empirical support for

this general claim, especially in papers that use data from the U.S. Part of the reason that the

empirical research has not lead to a conclusive answer is because of the vast disagreement about

the proper method for assessing these theories (see, among others, Altonji and Shakotko (1987),
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and Topel (1991) for the United States and Abowd, Kramarz, and Margolis (1999) for France).

In this paper we reinvestigate the relations between wages, participation, and �rm-to-�rm

mobility in France. We contrast the result with those obtained in the BFKT analysis that

re-examined the return to seniority in the U.S., using the same data source as that used by

Topel (1991), Altonji and Shakotko (1987), and Altonji and Shakotko (1992).

We start with a structural model and estimate the return to seniority in a model in which

participation, mobility and wages are jointly determined. We include both state-dependence

parameters, as well as unobserved correlated individual speci�c e¤ects in all the model�s equa-

tions. To estimate this complex structure, we use a state of the art Bayesian MCMC technique.

The model is estimated using French longitudinal data sources for the period 1976-1995 for four

separate education groups.

The results indicate that the returns to seniority are virtually zero, and potentially negative

for the low education groups. In contrast, the return for the college graduates group is positive

and signi�cant, i.e., 2:5% per year of seniority.

We provide a detailed comparison with results previously obtained for the U.S. in BFKT,

using the exact same speci�cation used here, and an identical estimation method. The com-

parison shows that while the returns to seniority are much lower in France than in the U.S.,

the returns to experience are very close. Furthermore, we �nd that in both countries there is

a signi�cant impact on the estimated returns to seniority when one controls for wage changes

when switching from one �rm to another (as is summarized by the JW function introduced

here). Hence, we conclude that there is strong evidence that controlling for the individual�s

career path and past mobility are essential for proper estimation of the return to seniority.

Additional results show that OLS estimates of the cumulative returns to seniority are lower

than those obtained from the system of equations. Furthermore, the same results demonstrate

that instrumental variables estimation, following Altonji and Williams (1992), give the smallest

cumulative returns to seniority among all methods used. This is true for both the U.S. and for

France. Finally, a comparison between the two countries shows that regardless of the technique

used the returns to seniority are lower in France� a low �rm-to-�rm mobility country� than in

the United States� a high �rm-to-�rm mobility country.

One interpretation of these results is that the returns to seniority are directly related to

patterns of mobility. We discuss this aspect using a theoretical framework borrowed from

Burdett and Coles (2003). The model clearly indicates that rewarding seniority is likely to play

the role of an incentive device designed to counter excessive mobility.

Consequently, the modeling approach adopted here, of jointly estimating the participation,

mobility decision along with the wage outcome has non-trivial consequences that may vary

across countries. In particular, labor market institutions, state regulations, and other state

factors a¤ecting the local economy are likely to have far-reaching e¤ects on the participation,

and most importantly the mobility process. This, in turn, is very likely to a¤ect the estimated

return to seniority.
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Appendix A

A.1 Mobility equation

Parameter 
: The parameter 
 enters mmit� for t = 2; :::; T � 1
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With 
Ii is a row vector (1 � N) equal to (0::01000:::0) where the unique 1 is located at the ith
position. The term in the full conditional likelihood that contains this parameter is given by
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where
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A.2 Wage equation

Parameter �W : Note that we have to take into account that the parameter �W enters both mwit , for
t = 1:::T , as well as Mm

it , for t = 1:::T � 1. The corresponding terms in the full conditional likelihood
are given by
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Ii �I;W � �y;w�(y�it �my�it
)); and

Bit = m�
it �mm�

it
� a(y�it �my�it

)� b(wit � 
Ii �I;W ):

Using analogous notation to the ones used above we have

V post;�1
�W

= V prior;�1
�W

+
1

V w

NX
i=1

�gXW
i

1;T
�0 gXW

i

1;T

+
b2

V m

NX
i=1

�gXW
i

1;T�1�0 gXW
i

1;T�1
; and

V post;�1
�W

Mpost

�W
= V prior;�1

�W
Mprior

�W
+

1

V w

NX
i=1

�gXW
i

1;T
�0fAi1;T � b

V m

NX
i=1

�gXW
i

1;T�1�0fBi1;T�1:

A.3 Participation equation

Parameter 
Y : We have to take into account that 
Y enters bothmy�it
for t = 2:::T ,Mw

it for t = 2:::T
and Mm

it for t = 2:::T � 1. The corresponding terms in the full conditional likelihood are

NY
i=1

exp

 
�1
2

TX
t=2

(y�it �my�it
)2 � 1

2V w

TX
t=2

yit(wit �Mw
it )

2 � 1

2V m

T�1X
t=2

yit(m
�
it �Mm

it )
2

!

=

NY
i=1

exp

 
�1
2

TX
t=2

(Ait � 
Y Lyit)2 �
1

2V w

TX
t=2

yit(Bit + �y;w�

Y Lyit)

2� 1

2V m

T�1X
t=2

yit(Cit+a

Y Lyit)

2;
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where

y�it �my�it
= Ait � 
Y Lyit;

wit �Mw
it = Bit + �y;w�


Y Lyit; and

m�
it �Mm

it = Cit + a

Y Lyit;

which is equivalent to

Ait = y�it � 
MLmit �XY
it �

Y � 
Ii �I;Y ;
Bit = wit �mwit � �y;w�Ait; and

Cit = m�
it �mm�

it
� b(wit �mwit)� aAit:

Using analogous notation to the notations used above, we have

V post;�1

Y

= V prior;�1

Y

+

NX
i=1

�
Ly2;T

i

�0
Ly2;T

i
+
�2y;w�

2

V w

NX
i=1

�gLy
i

2;T
�0gLy

i

2;T

+
a2

V m

NX
i=1

�gLy
i

2;T�1�0gLy
i

2;T�1
; and

V post;�1

Y

Mpost

Y

= V prior;�1

Y

Mprior

Y

+

NX
i=1

�
Ly2;T

i

�0
A2;Ti �

�y;w�

V w

NX
i=1

�gLy
i

2;T
�0fBi2;T

� a

V m

NX
i=1

�gLy
i

2;T�1�0fCi2;T�1:

Parameter 
M : We proceed in a similar fashion with the parameter 
M , to get

V post;�1

M

= V prior;�1

M

+

NX
i=1

�
Lm2;T

i

�0
Lm2;T

i

+
�2y;w�

2

V w

NX
i=1

�gLmi

2;T
�0 gLmi

2;T
+
a2

V m

NX
i=1

�gLmi

2;T�1�0 gLmi

2;T�1
;

V post;�1

M

Mpost

M

= V prior;�1

M

Mprior

M

+

NX
i=1

�
Lm2;T

i

�0
A2;Ti ; and

�
�y;w�

V w

NX
i=1

�gLmi

2;T
�0fBi2;T � a

V m

NX
i=1

�gLmi

2;T�1�0fCi2;T�1;
where

Ait = y�it � 
Y Lyit �XY
it �

Y � 
Ii �I;Y ;
Bit = wit �mwit � �y;w� (Ait) ; and

Cit = m�
it �mm�

it
� b(wit �mwit)� a (Ait) :
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Parameter �Y : We proceed the same way and we get

V post;�1
�Y

= V prior;�1
�Y

+

NX
i=1

�
XY
i
2;T
�0
XY
i
2;T
+
�2y;w�

2

V w

NX
i=1

�gXY
i

2;T
�0gXY

i

2;T

+
a2

V m

NX
i=1

�gXY
i

2;T�1�0gXY
i

2;T�1

V post;�1
�Y

Mpost

�Y
= V prior;�1

�Y
Mprior

�Y
+

NX
i=1

�
XY
i
2;T
�0
A2;Ti

�
�y;w�

V w

NX
i=1

�gXY
i

2;T
�0fBi2;T � a

V m

NX
i=1

�gXY
i

2;T�1�0fCi2;T�1
where

Ait = y�it � 
Y Lyit � 
MLmit � 
Ii �I;Y ;
Bit = wit �mwit � �y;w� (Ait) ;
Cit = m�

it �mm�
it
� b(wit �mwit)� a (Ait) :

A.4 Initial equations

Parameter �M0 : Similarly, for the parameter �M0 , which enters only m
�
i1 we have

V post;�1
�M0

= V prior;�1
�M0

+
1

V m

NX
i=1

�gXM
i1

�0 gXM
i1 ; and

V post;�1
�M0

Mpost

�M0
= V prior;�1

�M0
Mprior

�M0
+

1

V m

NX
i=1

�gXM
i1

�0 eAi1;
where

Ai1 = m
�
i1 � 
Ii�I;M � a(y�i1 �my�i1

)� b(wi1 �mwi1):

Parameter �Y0 : We proceed the same way for �Y0 and get

V post;�1
�Y0

= V prior;�1
�Y0

+

NX
i=1

XY
i1
0
XY
i1 +

 
�2y;w�

2

V w
+
a2

V m

!
NX
i=1

gXY
i1

0gXY
i1 ; and

V post;�1
�Y0

Mpost

�Y0
= V prior;�1

�Y0
Mprior

�Y0
+

NX
i=1

XY
i1
0
Ai �

NX
i=1

gXY
i1

0 ��y;w�
V w

eBi + a

V m
fCi� ;

where

Ai = y�i1 � 
Ei �I;Y ;
Bi = wi1 �mwi1 � �y;w�Ai; and

Ci = m�
i1 �mm�

i1
� b(wi1 �mwi1)� aAi:
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A.5 Latent variables

Latent participation y�it: Several cases are possible here for y�it, depending on whether yit = 1 or
yit = 0.

1. For t = 1:::T � 1 we have the following:
(a.) If yit = 1, then

y�it � NT R+(MApost; V Apost);

V Apost;�1MApost

= (
��v;�
V w

� ab

V m
)(wit �mwit) +

a

V m
(m�

it �mm�
it
) + (

�2�2v;�
V w

+
a2

V m
+ 1)my�it

;

V Apost =
1

1 + a2

Vm +
�2�2v;�
V w

:

(b.) If yit = 0, then
y�it � NT R�(my�it

; 1):

2. For t = T we have the following:
(a.) If yiT = 1, then

y�iT � NT R+(MApost; 1� �2v;�);

MApost = (1� �2v;�)
 
my�iT

(1 +
�2�2v;�
V w

) +
��v;�
V w

(wiT �mwiT )

!
:

(b.) If yiT = 0, then
y�iT � NT R�(my�iT

; 1):

Latent mobility m�
it: Two conditions must be checked: First, t = 1:::T � 1, and second, it must be

that yit = 1. When these two conditions are met, we distinguish between several di¤erent cases:

1. If yit+1 = 0, then
m�
it � N (Mm

it ; V
m) and mit = I(m�

it > 0):

2. If yit+1 = 1, then: (a.) If mit = 1, then

m�
it � NT R+(Mm

it ; V
m):

(b.) If mit = 0, then
m�
it � NT R�(Mm

it ; V
m):

A.6 Variance-Covariance Matrix of Residuals

Because the prior distribution is not conjugate (i.e., the posterior distribution does not belong to the
same family of distributions as the prior), we have to resort to the Metropolis-Hastings algorithm.
Variance-Covariance Matrices of Individual E¤ects �Ii j(:::); z; y; w:

The parameters �j , j = 1:::10 and 
j , j = 1:::5 do not enter the full conditional likelihood. They
only enter the prior distributions. Let us denote by p the parameter we are interested in among the �j ,
j = 1:::10 and 
j , j = 1:::5. Then,

34



l(pj(�p); �I) = l(�I jp)�0(p)

= �0(p)
NY
i=1

l(�Ii j�Ii (p))

/ �0(p)

NY
i=1

1q
det(�Ii (p))

exp

�
�1
2
�Ii
0
�I;�1i (p)�Ii

�
:

We face non-conjugate distributions therefore we use the independent Metropolis-Hastings algorithm
with the prior distribution as the instrumental distribution.

A.7 Individual e¤ects

The likelihood terms that include �I are given by

NY
i=1

exp

�
�1
2
(y�i1 �my�i1

)2
�
exp

�
� yi1
2V w

(wi1 �Mw
i1)

2
�

�
TY
t=2

exp

�
�1
2
(y�it �my�it

)2
�
exp

�
� yit
2V w

(wit �Mw
it )

2
�
exp

�
�yit�1
2V m

(m�
it�1 �Mm

it�1)
2
�
;

where

Mm
it = mm�

it
+ a(y�it �my�it

) + b(wit �mwit); and

Mw
it = mwit + ��v;"(y

�
it �my�it

):

The following notations are useful:

1. In the �rst term:

(y�i1 �my�i1
)2 = (Ai1 � 
Ii�I;Y )2;

Ai1 = y
�
i1 �XYi1�Y0 :

2. In the second term:

yi1(wi1 �Mwi1)
2 = yi1(Bi1 � 
Ii �I;W + �v;"�


I
i�
I;Y )2;

Bi1 = wi1 �XWi1�
w � �v;"�(y�i1 �XYi1�Y0 );eBi1 = yi1Bi1;e
Ii1 = yi1
Ii :

3. In the third term:

(y�it �my�it
)2 = (Cit � 
Ii �Y;I)2;

Cit = y
�
it �XYit�Y � 
Y yit�1 � 
Mmit�1:
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4. In the fourth term:

yit(wit �Mwit)
2 = yit(Dit � 
Ii �W;I + �v;"�
Ii �Y;I)2;

Dit = wit �XWit�
w � �v;"�Cit;eDit = yitDit;e
Iit = yit
Ii :

5. In the �fth term:
For t > 1:

yit(m
�
it �Mm�

it
)2 = yit(Fit +


I
i (��M;I + a�Y;I + b�W;I))2;

Fit = m
�
it � 
mit�1 �XMit�

M � aCit � b(wit �XWit�
w;eFit = yitFit:

For t = 1:

yi1(m
�
i1 �Mm�

i1
)2 = yi1(Gi1 +


I
i (��M;I + a�Y;I + b�W;I))2;

Gi1 = m
�
i1 �XMi1�

M
0 � aAi1 � b(wi1 �XWi1�

w);eGi1 = yi1Gi1:
The posterior distribution satis�es then:

l(�E j:::) / exp

�
�1
2
�I
0
DI;�1�I

�
� exp

 
�1
2

nX
i=1

(Ai1 � 
Ii�Y;I)2 �
1

2V w

X
i

� eBi1 � e
Ii1(�W;I � �v;"��Y;I)�2
!

� exp
 
�1
2

X
i

TX
t=2

(Cit � 
Ii �Y;I)2 �
1

2V w

X
i

TX
t=2

� eDit � e
Iit(�W;I � �v;"��Y;I)�2
!

� exp
 
� 1

2V m

X
i

( eGi1 + e
Ii1(��M;I + a�Y;I + b�W;I))2
!

� exp
 
� 1

2V m

X
i

T�1X
t=2

� eFit + e
Iit(��M;I + a�Y;I + b�W;I)�2
!
:

We de�ne several projection operators. Let P1 = (IJ ; 0J ; 0J ; 0J ; 0J), so that P1�
I = �I;Y , and

similarly, de�ne P2; :::; P5, so that P2�
I = �I;M , P3�

I = �I;Y , P4�
I = �I;W , and P5�

I = �I;M .
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We also denote:

E1 =
nX
i=1


I0i 

I
i ; fE1 = nX

i=1

f
Ii10f
Ii1;
E2T =

nX
i=1


I0i 

I
i ; gE2T = nX

i=1

f
Ii 0f
Ii ; and

Ê2;T�1 =
nX
i=1


̂I;2;T�1i

0

̂I;2;T�1i :

Now we can write for the variance-covariance matrix:

V �1 = DE;�10

+

266666666666664
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+(
�2v;"�

2

V w + a2

Vm )
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0 0
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0 0 � a
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1
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377777777777775
:

for the posterior mean we have0BBBBBBBB@
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Table 5: Comparison of the United States and France, College Graduates

No. Variable College Graduates, U.S. College Graduates, France
Mean St.Dev Min Max Mean St.Dev Min Max

Wage equation
Main characteristics:
1. Experience 0.0580 0.0032 0.0518 0.0643 0.0537 0.0035 0.0410 0.0667
2. Exp. squared -0.0013 0.0001 -0.0015 -0.0012 -0.0008 0.0001 -0.0010 -0.0005
3. Seniority 0.0518 0.0029 0.0460 0.0576 0.0264 0.0027 0.0157 0.0375
4. Sen. squared -0.0005 0.0001 -0.0007 -0.0004 -0.0004 0.0001 -0.0007 -0.0001
Constant of job switch that lasted:
5. Up to 1 year 0.2240 0.0172 0.1905 0.2572 0.1829 0.0150 0.1198 0.2384
6. 2 to 5 years 0.1648 0.0189 0.1274 0.2018 0.0529 0.0300 -0.0704 0.1786
7. 6 to 10 years 0.3231 0.0683 0.1861 0.4572 0.1731 0.0708 -0.1087 0.4239
8. 10+ years 0.4717 0.0869 0.3031 0.6425 0.0582 0.0530 -0.1644 0.2796
Coefficient on lagged seniority for job that lasted:
9. 2 to 5 years 0.0567 0.0070 0.0432 0.0709 0.0308 0.0102 -0.0080 0.0678
10. 6 to 10 years 0.0111 0.0097 -0.0079 0.0303 0.0079 0.0101 -0.0290 0.0457
11. 10+ years 0.0062 0.0055 -0.0050 0.0166 0.0189 0.0042 0.0004 0.0357
Coefficient on lagged experience for job that lasted:
12. Up to 1 year -0.0071 0.0016 -0.0102 -0.0040 -0.0095 0.0012 -0.0135 -0.0045
13. 2 to 5 years -0.0058 0.0016 -0.0090 -0.0027 -0.0039 0.0014 -0.0094 0.0015
14. 6 to 10 years -0.0025 0.0025 -0.0073 0.0024 -0.0096 0.0024 -0.0181 -0.0013
15. 10+ years -0.0026 0.0033 -0.0090 0.0036 -0.0082 0.0027 -0.0196 0.0018

Participation equation
16. Lagged mobility 0.3336 0.1646 0.0111 0.6274 0.2665 0.0255 0.1764 0.3501
17. Lagged participation 2.0046 0.0944 1.8178 2.1978 0.3414 0.0095 0.3067 0.3748

Mobility equation
18. Seniority -0.0878 0.0074 -0.1024 -0.0734 -0.0197 0.0080 -0.0462 0.0049
19. Sen. squared 0.0020 0.0003 0.0015 0.0026 0.0010 0.0003 0.0000 0.0022
20. Lagged mobility -0.9019 0.0552 -1.0133 -0.7953 -0.0161 0.0432 -0.1940 0.1412

Variance-covariance elements
Individual effects:
21. ρy0m0

0.8040 0.0556 0.7024 0.9005 0.0214 0.0136 -0.0165 0.0674
22. ρy0y 0.5716 0.0286 0.5190 0.6224 0.1364 0.0187 0.0852 0.1834
23. ρy0w 0.1335 0.0757 0.0169 0.2714 0.0525 0.0194 0.0087 0.1025
24. ρy0m -0.6044 0.0773 -0.7595 -0.4892 -0.0311 0.0179 -0.0659 0.0101
25. ρm0y 0.2896 0.0429 0.2268 0.3845 -0.0033 0.0353 -0.0775 0.0595
26. ρm0w -0.1450 0.0884 -0.2586 0.0403 0.0045 0.0110 -0.0278 0.0346
27. ρm0m -0.4234 0.0789 -0.5691 -0.2668 -0.0091 0.0173 -0.0491 0.0292
28. ρyw 0.2174 0.0553 0.1066 0.3017 0.1773 0.0200 0.1243 0.2185
29. ρym -0.5061 0.0656 -0.6172 -0.3874 -0.0287 0.0200 -0.0707 0.0231
30. ρwm -0.5352 0.0590 -0.6371 -0.4131 -0.0629 0.0214 -0.1099 -0.0089
Idiosyncratic terms:
31. σ2 0.2062 0.0023 0.2016 0.2104 0.3728 0.0035 0.3640 0.3869
32. ρyw 0.0013 -0.0111 0.0075 0.0161 -0.0835 0.0134 -0.1350 0.0000
33. ρym -0.0005 0.0113 -0.0217 0.0188 0.2026 0.0499 -0.0427 0.3431
34. ρwm -0.0496 0.0124 -0.0672 -0.0205 0.0373 0.0222 -0.0571 0.1140



Table 6: Comparison of the United States and France, High School Dropouts

No. Variable College Graduates, U.S. College Graduates, France
Mean St.Dev Min Max Mean St.Dev Min Max

Wage equation
Main characteristics:
1. Experience 0.0283 0.0027 0.0229 0.0334 0.0504 0.0035 0.0372 0.0658
2. Exp. squared -0.0007 0.0000 -0.0007 -0.0006 -0.0005 0.0001 -0.0007 -0.0003
3. Seniority 0.0517 0.0034 0.0455 0.0580 0.0027 0.0030 -0.0091 0.0143
4. Sen. squared -0.0005 0.0001 -0.0008 -0.0003 -0.0002 0.0001 -0.0006 0.0000
Constant of job switch that lasted:
5. Up to 1 year 0.0923 0.0144 0.0635 0.1203 0.0529 0.0146 -0.0051 0.1067
6. 2 to 5 years 0.0958 0.0219 0.0526 0.1386 0.0985 0.0298 -0.0245 0.2012
7. 6 to 10 years 0.1229 0.1027 -0.0569 0.3076 -0.0164 0.0667 -0.2545 0.2278
8. 10+ years 0.2457 0.1078 0.0474 0.4606 0.0585 0.0509 -0.1409 0.2493
Coefficient on lagged seniority for job that lasted:
9. 2 to 5 years 0.0293 0.0084 0.0127 0.0456 -0.0242 0.0093 -0.0603 0.0147
10. 6 to 10 years 0.0213 0.0109 0.0003 0.0422 -0.0025 0.0090 -0.0357 0.0327
11. 10+ years 0.0350 0.0053 0.0238 0.0444 -0.0167 0.0043 -0.0341 -0.0015
Coefficient on lagged experience for job that lasted:
12. Up to 1 year 0.0009 0.0012 -0.0015 0.0033 -0.0055 0.0008 -0.0082 -0.0023
13. 2 to 5 years -0.0007 0.0016 -0.0038 0.0024 -0.0031 0.0010 -0.0071 0.0005
14. 6 to 10 years 0.0007 0.0030 -0.0049 0.0060 0.0016 0.0018 -0.0053 0.0085
15. 10+ years -0.0090 0.0029 -0.0150 -0.0035 0.0060 0.0021 -0.0017 0.0139

Participation equation
16. Lagged mobility 0.5295 0.1258 0.3043 0.7836 0.2041 0.0249 0.1008 0.2945
17. Lagged participation 1.7349 0.0660 1.5999 1.8530 0.5192 0.0090 0.4845 0.5557

Mobility equation
18. Seniority -0.0812 0.0115 -0.1007 -0.0605 -0.0315 0.0089 -0.0603 0.0018
19. Sen. squared 0.0018 0.0003 0.0011 0.0024 0.0018 0.0004 0.0003 0.0032
20. Lagged mobility -0.7190 0.0738 -0.8544 -0.5807 0.0150 0.0509 -0.1753 0.2228

Variance-covariance elements
Individual effects:
21. ρy0m0

-0.1020 0.1146 -0.2589 0.1067 0.0254 0.0245 -0.0472 0.0771
22. ρy0y 0.7548 0.0566 0.6525 0.8747 0.1458 0.0285 0.0742 0.2000
23. ρy0w 0.3447 0.0351 0.2732 0.4142 0.0596 0.0357 -0.0066 0.1485
24. ρy0m 0.0278 0.2007 -0.2908 0.2281 0.0206 0.0193 -0.0414 0.0632
25. ρm0y 0.1972 0.0746 0.0260 0.2971 0.0087 0.0229 -0.0653 0.0545
26. ρm0w 0.0646 0.0505 -0.0061 0.1794 0.0407 0.0301 -0.0079 0.1382
27. ρm0m -0.0573 0.1666 -0.2619 0.2194 -0.0312 0.0236 -0.0865 0.0281
28. ρyw 0.2958 0.0282 0.2292 0.3560 0.2538 0.0369 0.1737 0.3272
29. ρym -0.2100 0.1053 -0.3832 -0.0429 -0.0677 0.0185 -0.1291 -0.0241
30. ρwm -0.2744 0.0799 -0.4083 -0.1348 -0.1578 0.0282 -0.2188 -0.1027
Idiosyncratic terms:
31. σ2 0.2448 0.0064 0.2331 0.2539 0.2669 0.0024 0.2591 0.2765
32. ρyw -0.0055 0.0074 -0.0185 0.0072 -0.0595 0.0133 -0.1085 0.0000
33. ρym 0.0029 0.0077 -0.0117 0.0160 0.1455 0.0573 -0.0299 0.3588
34. ρwm -0.0346 0.0072 -0.0497 -0.0183 0.0171 0.0160 -0.0436 0.0677



Table 7: Cumulative and Marginal Returns to Experience and Seniority
for the United States and France

Cumulative Marginal
Country and Group Years Years

5 10 15 5 10 15

Panel A: Return to Experience
United States:
1. High school dropouts 0.101 0.246 0.472 2.661 1.959 1.256

(0.005) (0.012) (0.022) (0.286) (0.248) (0.215)
2. College graduates 0.256 0.446 0.567 4.455 3.109 1.763

(0.015) (0.029) (0.040) (0.285) (0.253) (0.231)
France:
3. High school dropouts 0.240 0.458 0.652 4.575 4.112 3.648

(0.017) (0.031) (0.045) (0.314) (0.285) (0.265)
4. College graduates 0.249 0.459 0.630 4.587 3.808 3.030

(0.016) (0.030) (0.042) (0.303) (0.263) (0.241)

Panel B: Return to Seniority
United States:
5. High school dropouts 0.266 0.347 0.392 4.721 4.314 3.906

(0.029) (0.040) (0.050) (0.216) (0.169) (0.156)
6. College graduates 0.236 0.449 0.637 4.485 4.001 3.517

(0.014) (0.025) (0.034) (0.247) (0.209) (0.205)
France:
7. High school dropouts 0.006 -0.002 -0.025 -0.021 -0.307 -0.594

(0.014) (0.027) (0.039) (0.269) (0.257) (0.267)
8. College graduates 0.122 0.225 0.307 2.245 1.849 1.453

(0.012) (0.023) (0.031) (0.225) (0.199) (0.207)



Table 8: Comparison of Alternative Estimates of the Return to Seniority

United States France
High school College High school College
dropouts graduates dropouts graduates

Instrumental variable (Altonji-Williams):
Linear tenure 0.046 0.037 -0.004 -0.001

(0.006) (0.006) (0.003) (0.003)
Linear experience 0.055 0.058 0.036 0.051

(0.011) (0.014) (0.004) (0.004)
Cumulative returns to tenure:
2 years 0.062 0.043 -0.008 -0.002

(0.010) (0.008) (0.005) (0.007)
5 years 0.112 0.078 -0.020 -0.005

(0.017) (0.014) (0.014) (0.017)
10 years 0.131 0.092 -0.042 -0.013

(0.019) (0.015) (0.029) (0.035)
15 years 0.131 0.090 -0.064 -0.022

(0.018) (0.016) (0.046) (0.056)
20 years 0.146 0.099 -0.088 -0.034

(0.019) (0.020) (0.066) (0.080)

Ordinary least-squares:
Linear tenure 0.058 0.040 0.001 0.021

(0.006) (0.005) (0.002) (0.002)
Linear experience 0.059 0.059 0.037 0.039

(0.010) (0.008) (0.003) (0.004)
Cumulative returns to tenure:
2 years 0.099 0.068 0.003 0.041

(0.009) (0.007) (0.004) (0.005)
5 years 0.197 0.136 0.013 0.096

(0.015) (0.012) (0.009) (0.012)
10 years 0.273 0.189 0.042 0.171

(0.016) (0.013) (0.020) (0.026)
15 years 0.300 0.208 0.087 0.226

(0.017) (0.015) (0.032) (0.041)
20 years 0.328 0.223 0.147 0.260

(0.017) (0.018) (0.046) (0.059)

Our model:
Linear tenure 0.052 0.052 0.003 0.026

(0.003) (0.003) (0.003) (0.003)
Linear experience 0.028 0.058 0.050 0.054

(0.003) (0.003) (0.004) (0.004)



Figure 1: Wage Profile as a Function of Tenure (in days) and σ

a. σ = 0.2

b. σ = 0.4
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Figure 1: (Continued)

c. σ = 0.8

d. σ = 1.4
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