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1 Introduction

We study the connections between �rm-level compensation, promotion, and re-
tention policies in a model with �rm heterogeneity in each of these policies.
We relate a worker�s inter-�rm mobility to �rm-speci�c compensation policies.
Then, in our empirical analysis we use newly developed econometric methods
and fully-integrated French employer-employee data to estimate some of the
�rm-speci�c parameters of the model. As others have noted, particularly for
France and the United States, the results tend to show enormous individual-
and �rm-level heterogeneity in compensation, promotion, and retention policies.
We characterize this heterogeneity by modeling its joint distribution in the pop-
ulations of individuals and �rms. Finally, we recover some of the structural
parameters of the �rm-level policies such as �returns to seniority�parameter.
The labor economics literature has attempted to measure the average return

to seniority in models with limited heterogeneity. Abraham and Farber ([3])
were the �rst to demonstrate that heterogeneity in the model for employment
duration induced an upward bias in the measured average return to seniority,
speci�cally, jobs with a longer expected duration were likely to be better-paying
jobs and, therefore, longer seniority would be associated with higher pay but the
return to an additional year of seniority, holding constant the expected duration
of the job, was much smaller than the measured average return to seniority, ig-
noring expected job duration. Brown ([9]) showed that the return to seniority
is not constant; rather, it is higher during the �rst years of a job and dimin-
ishes to zero at the end of the employee�s self-declared �training period.� In a
series of articles, Altonji and co-authors, [4], [5], [6] applied various econometric
techniques that attempted to remove the bias in the average return to seniority
due to unobserved heterogeneity in individual job durations. These estimates,
very much in the spirit of Abraham and Farber, also indicated that the mea-
sured average return was upward biased and that the true return was closer to
zero. In contrast, Topel ([26]) used a model that included the possibility of bias
arising from individual job search. This bias goes in the opposite direction of
the job-duration heterogeneity bias leading Topel to entertain both upward and
downward biases. He concluded that the bias was downward in the uncorrected
average return to seniority. More complete models of the sources of hetero-
geneity in the return to seniority lead to distributions of estimates that display
individual, �rm and within-�rm heterogeneity as in, for example, Abowd, Kra-
marz, and Margolis, ([2], AKM hereafter), who �nd substantial heterogeneity in
the returns to seniority in France (all of the previously cited papers used Ameri-
can data) with an average return of zero for men and women. More recent work
by Margolis ([21]) and Dostie ([14]), using French data, con�rm that simultane-
ous modeling of individual- and �rm-level heterogeneity produces estimates of
the average return to seniority that are lower than the uncorrected estimates.
We begin by laying out a very simple theory in section 2 that relates indi-

vidual and �rm heterogeneity in wages, productivity and mobility. This theory
translates directly into estimating equations laid out in section 3. Section 4
describes our data. Section 5 presents statistical results on compensation and
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mobility parameters that take account of potential mobility and heterogeneity
biases that have plagued other analyses. This �rst set of results, which properly
accounts for each of the heterogeneity biases, delivers estimates of the central
tendency of compensation parameters, such as the return to seniority and the
structural job duration, that may be interpreted as structural in the same sense
as those given in the studies cited above. The second set of results summarizes
all the above informations into four factors. They show that the main factor
appears to order �rms very similarly to the equilibrium distribution of wages in
a Job Search equilibrium model à la Mortensen.

2 A Simple Theory of Wages, Productivity, and
Mobility

This �theoretical� section presented here attempts to give a rationale to the
estimating equations presented in the next section and is to be considered as a
departure point for interpretations of the estimates proposed at the end of the
paper. Although very simple �and because of this�this theory does not allow
us to identify among the large number of competing theories that relate the
wage and the mobility processes. The approach adopted in this paper is mostly
descriptive and atheoretical.
In this section, we try to explicit the relation between a worker�s wage,

worker�s productivity, and mobility decisions. Our model is relatively straight-
forward. We assume that there exist �rms that do not make use of technolo-
gies that have �rm-speci�c components. These �rms are homogeneous and any
worker can �nd a job in such a �rm at any period. These �rms, that will be
thereafter be denoted as �simple�, pay market wages. Their pro�ts are zero.1

All other �rms have heterogeneous technologies that make use of �rm-speci�c
and worker-speci�c components. These technologies are known to workers and
�rms who agree at all times on the value of a given worker-�rm match. These
�rms consider market wages as exogenous and given.
When entering a �rm, a worker contributes to the value of the match by

bringing the following productivity sequence (pij0; :::; pijS), pij0 being the pro-
ductivity of the worker i at the beginning of her job spell within �rm j, and pijS
being her productivity at the end of the job spell. Once again, we assume for
simplicity, that wages in �simple��rms equal their productivity. In these �rms,
productivity of individuals only depend on their innate, �xed, abilities �i and
on their labor market experience Expit. Thus, basic wages or productivities can
be written as:

pBit = wBit = exp (�i + �Expit) (1)

where � is the return to experience. The dependence of basic productivity
with respect to experience may be non-linear : it has a quartic form in the
empirical section. In simple �rms, productivity and wage increase as experience

1Other speci�cations specifying market wages are possible. The simplest assumption, se-
lected here, is to assume that market wages are given.
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increases : Expit+1 = Expit + 1. These productivity or wage terms are not
�rm-speci�c, since all simple �rms are endowed with the same technology and
wage policies.2 Since productivity equals wage, there is no mobility issue within
these �rms. With this speci�cation, wBit can be viewed as the reservation wage
of all workers.3 Finally, notice that in these �rms, the value of a match equals
zero.
In non-simple �rms (complex, hereafter), technology is �rm-speci�c and pro-

ductivity paths may di¤er accross �rms. Overall, individual productivity may
depend on worker�s seniority in the �rm j.4 In addition, as in simple �rms,
worker�s productivity will depend on innate abilities �i, on experience as fol-
lows:

pNBijt = exp
�
�i + �Expit + �jSenijt + �ijt

�
= pBit exp

�
�jSenijt + �ijt

�
(2)

where Senijt denotes the seniority of worker i in �rm j at time t. Hence worker
i entered into the �rm at time t0 = t� Senijt.
The expected value of the match at time t is the actualized sum of the

di¤erence between worker�s productivity and reservation wage as long as the
job continues:

Vijt = Et

 1X
s=0

�s
�
pNBijt+s � wBit+s

�
Rijt+s

!
(3)

where � is the discount rate and Rijt is a variable that indicates whether worker
i works in �rm j at time t, in which case it is equal to 1 (and 0 otherwise).
Obviously, Rijt is a decision variable. It may result from optimal decisions from
both the worker and the �rm. But, Rijt may also be a¤ected by some worker or
�rm�s features. For instance, some workers may have a large speci�c propensity
to move from �rm to �rm. In this case, this would result in a relatively high
probability forRijt to be equal to 0, with some potentially ine¢ cient separations.
Moreover, we assume that, once a worker has left the �rm, she cannot come back
(with the same match value). Should she come back, she is endowed with a new
match value, a new productivity corresponding to this new spell. Thus, if t > t0,
where t0 is the job starting date, the relation

Rijt =

t�t0Y
s=0

Rijt0+s (4)

2Once again, we could dispense with this assumption. Papers such as Burdett and
Mortensen[12], Robin and Roux [25], Burdett and Coles[11] show that ex-ante identical �rms
may have very di¤erent wage policies. Integration of such theories is beyond the scope of this
paper.

3We do not account for other job opportunities that may a¤ect this value of the reservation
wage as in on-the-job search theory. We assume that these aspects are contained in the
individual heterogeneity parameter �i.

4We astract from match-speci�c learning, but see Woodcock ([28]) for a full treatment,
and from optimal sorting, but see Mortensen (([23]) for a full treatment.
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holds. The value of the match is equal to zero when the jobspell is over. As
mentioned just above, when a worker reenters a �rm, she is considered to be a
new individual.
The relation (3) corresponds to the expected realized value of the match Vijt,

for the sequence of mobility decisions (Rijt; :::; Rijt+s). Using (4), this value can
also be written in an intertemporal way :

Vijt = RijtEt
�
pNBijt � wBit + �Vijt+1

��Rijt = 1� = Rijt eVijt (5)

where eVijt is the expected continuation value of the match at time t, that is
Vijt conditional on Rijt = 1. Thus, should the choice of Rijt be e¢ cient (not
imposed here), we would have the following continuation rule:

Rijt = 1 if eVijt = Et
�
pNBijt � wBit + �Vijt+1

��Rijt = 1� � 0 (6)

= 0 if eVijt = Et
�
pNBijt � wBit + �Vijt+1

��Rijt = 1� < 0
As explained above, this rule can be perturbed by worker�s or �rm�s actions,
potentially unrelated to the maximization of the match value. However, we
believe that most of the time, as this rule exempli�es, worker�s mobility decisions
are a¤ected by shocks on her current or expected productivity.
The continuation expected value eVijt in equation (5) has two components.

The �rst component, Et
�
pNBijt � wBit=Rijt = 1

�
= pNBijt � wBit , re�ects the �ow

value of �rm-speci�c productivity in excess of the market value generated by
the match at time t. The second component captures the expected value of
the match Et (�Vijt+1=Rijt = 1) after time t. Assume, for the sake of discus-
sion, that �rm-speci�c productivity can be decomposed into pNBijt = fijt + &ijt
where the �rst term is the known productivity of the match and the second
term is an independent (over i; j; t) random shock with zero mean. Similarly,
assume that the external wage rate in a �rm with no �rm-speci�c productivity
is wBit = git + �it where the �rst component re�ects the known market value of
the worker and the second is another random shock (independent over i; t) with
zero mean. Finally, assume that both fijt and git are (weakly) increasing and
concave functions of time in the match, s = t�t0 where t0 is the starting date of
the job. Many theories, for example Jovanovic�s learning model of �rm-speci�c
capital ([18]), predict that productivity in the early years of a match is lower
than worker�s productivity in alternative �rms where productivity has no �rm-
speci�c component. To summarize these e¤ects consider two seniority values s�
and s+ with 0 < s� < s+: Let us suppose that E(pijt0+s) = fijt0+s is smaller
than E(wBit0+s) = gijt0+s for s < s�. Expected returns to the match are posi-
tive after s� until seniority s+ when worker�s productivity stops increasing. For
s > s+ expected outside productivity can, again, exceed worker�s �rm-speci�c
productivity so that at least one of the partners will terminate the match. In
addition to these systematic elements, the random shocks &ijt0+s.and �it0+s
will also a¤ect the separation decisions. To summarize, the worker remains at
�rm j as long as the expected value Et (Vijt+1) is large enough to exceed any
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current productivity disadvantage captured in
�
pNBijt � wBit

�
. This part of the

value function re�ects the technology of the �rm, promotion practices, human
resource management and other �rm-speci�c factors.
This reasoning applies also at the beginning of the job. Before the beginning

of the job at time t0, both �rm and workers who meet consider the non-optimized
expected value of the match eVijt0 . If eVijt is positive the worker will be hired,
which would have for consequence Rijt0 = 1. If not, the worker is not hired.
Until now, nothing has been said about wages in complex �rms. Let us con-

sider the wage sequence (wijt0 ; :::wijt0+s; :::). These wages re�ect a breadkdown
of the match value between the value accruing to worker i if employed in �rm
j, VW and the value accruing to the �rm, when j employs worker i, V F .

VWijt = Et

 1X
s=0

�s
�
wijt+s � wBit+s

�
Rijt+s

!
(7)

V Fijt = Et

 1X
s=0

�s
�
pNPijt+s � wijt+s

�
Rijt+s

!
(8)

A large number of theories explain wage formation. The most simple states
that wages always equal productivity, in which case accumulation of speci�c
capital leads to a direct relationship between wages and seniority. At the oppo-
site, �rms could always pay workers�reservation wages. On-the-job equilibrium
search models provide a rationale for wages being higher than reservation wages
(Burdett and Mortensen [12]) and possibly dependent on seniority (Burdett
and Coles [11]) even without accumulation of speci�c capital in worker�s pro-
ductivity. Nash bargaining or personnel economics (Lazear [19]) provide other
rationales for wages being higher than reservation wages and possibly dependent
on productivity. The point here is clearly not to choose among all these theo-
ries or even to test them. The previous representation of the mobility process is
�exible enough to be consistent with all these theories. We now want to write
a �exible description of the wage formation process consistent with as many
theories as possible as well as with the separation rule described above.
The optimal continuation rule discussed above tells us nothing about the

optimal compensation system for the employing �rm. Therefore, we use a sim-
ple �exible sharing rule that can re�ect the details of many pay systems in a
matching or �rm-speci�c capital environment:5

lnwijt = lnw
B
it + 
ijt

�
ln pNBijt � lnwBit

�
(9)

With this sharing rule, the sharing parameter 
ijt has many potential interpre-
tations. Using our above speci�cation of the productivity in complex �rms (2),
we get

lnwijt = �i + �Expit + 
ijt�jSenijt + 
ijt�ijt (10)

= �i + �Expit + e
ijtSenijt + e�ijt
5The log sharing rule speci�cation is choosen mainly for practical empirical reasons.
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Hence, e
ijt now corresponds to i�s speci�c returns to seniority in �rm j at
time t. e�ijt is a �rm and individual speci�c shock that a¤ect wages. As it is
written, the model cannot be identi�ed. One way to add some structure is to
eliminate the individual heterogeneity in the components e�ijt and e
ijt. Instead
of being directly indexed by i, these components will depend on observable
caracteristics Xit of i: so e
ijt = e
jt (Xit) and e�ijt = e�jt (Xit)+"ijt where "ijt is
a shock on productivity or on the sharing rule Therefore, unobserved individual
heterogeneity will a¤ect wages only through �i, transferable from �rm to �rm.
The dependance of e
jt and e�jt on t potentially re�ects the dependance of

the sharing rule with seniority (as in personnal ecomomics theories), even in
absence of pure seniority e¤ects on workers�productivity. We will assume that
these functions are �rm-speci�c. They are to be estimated in what follows.
Even though no assumption is made about the choice of a compensation sys-

tem in our modelling strategy, we will use the term ��rm-speci�c wage policies�
in our estimation section. These policies will re�ect both the sharing rule and
the technologies prevailing in each �rm. To allow for a more �exible speci�ca-
tion, the wage equation adopted in the following is:

lnwijt = �i + �Expit + e
j (Senijt; Xit)Senijt + e�j (Xit; Senijt) + "ijt (11)

From (10), the starting wage equation can be written as:

lnwijt0 = �i + �Expit0 + e�ijt0 (12)

= �i + �Expit0 + e�j (Xit0 ; 0) + "ijt0

Until now, nothing has been said about the relationship between mobility
and wages. The link goes through productivity. A shock on productivity clearly
a¤ects the probability that a worker stays in a �rm through the continuation
rule (6). It also a¤ects wages, hence inducing a potential correlation between the
decision to continue in a �rm and wages. Consider continuation rule (6) which
states that the di¤erential between productivity and the reservation wage must
be greater than a function representing the future matched value, estimated
using information available at time t. This condition can be written as:

ln
�
pNBijt

�
� ln

�
wBit
�
� fj (Zijt) (13)

where Zijt are all characteristics, �rm-level or worker-level, that may enter
the continuation rule. Notice that the condition may di¤er from �rm to �rm.
Using complex �rms�productivity equation (2) and reservation wages (1), this
condition turns to

�jSenijt + �ijt � fj (Zijt) (14)

Thus, in this speci�cation, a positive shock on the inobservable component of
productivity increases the probability to stay in the �rm. But, using equation
(10), this component also a¤ects wages. Obviously, there is endogenous selec-
tion. Moreover, because seniority depends on past immobility decisions, it is
endogenous in the wage equation. These e¤ects may be di¤erent from �rm to
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�rm because productivity shocks are likely to have di¤erential e¤ects on wages,
depending on the �rm-speci�c sharing rule and technologies in use in the �rm.
This simple framework provides us with a framework for thinking about a

representation of �rm-speci�c wage and retention policies. The wage policy cor-
respond to functions e
j and e�j ; possibly depending on individual characteristics
and seniority. The retention policy is also captured by �rm-speci�c parameters
and functions (fj ), also depending on individual characteristics and seniority.
The next Section presents a methodology to estimate these two policies.

3 A General Set of Wage and Mobility Equa-
tions

Based on the above model, we �rst estimate the reservation wage equation (1).
Then, we estimate the �rm-speci�c wage and retention policies. Because market
wages cannot directly be observed, simple and complex �rms are essentially
identical at entry. Hence, the reservation wages estimates come from estimating
a starting wage equation. In addition, once again because we cannot separate
simple and complex �rms, the estimation of the �rm-speci�c wage and retention
policies will be restricted to large �rms (i.e those for which enough observations
are available in our data sources) assuming therefore that all such �rms are
complex w.l.o.g..

3.1 Starting Wage equation

Based on the above model, consider a wage equation in which there are two
main components:

� an opportunity wage which re�ects the time-varying market value of the
workers�value that they keep when moving from �rm to �rm. This corre-
sponds in the previous section to the wage wBit that workers get in simple
�rms. This opportunity wage may depend on some characteristics that
may change with time, X(1)

it , such as the experience, as in the theoreti-
cal section, and on a �xed individual term that re�ects all observed and
unobserved time-invariant heterogeneity. Thus,

logwBit = X
(1)
it � + �i (15)

� includes all person characteristics that may a¤ect the market wage,
including temporal indicators. The variables entering this equation are
described in section 5.

� �rm speci�c parameters which capture the �rm�s compensation policy, in
particular the role of seniority Senijt, education, and other characteristics
X
(2)
it , some possibly interacted with seniority (for instance education and

gender) in the �rm�s productive activities. These components are lost
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when leaving �rm j. Using above notations, this leads to the following
speci�cation

e
j �Senijt; X(2)
it

�
Senijt+e�j �X(2)

it ; Senijt

�
=  j+'jX

(2)
it (Senijt)+gj (Senijt)

(16)
where gj is a non-linear function, introduced to account either for a pos-
sible non-linear dependance between productivity and seniority and/or of
the sharing rule.

Slightly departing from equation (11) but using this extended speci�cation,
we obtain:

logwijt = logwBit + e
j (Senijt; Xit)Senijt + e�j (Xit; Senijt) + "ijt

= X
(1)
it � + �i +  j + 'jX

(2)
it (Senijt) + gj (Senijt) + "ijt (17)

Hence, for each employment spell, wage equation (17) generates a starting-wage
equation at date t0, when worker i enters �rm j, given by

logwijt0 = X
(1)
it0
� + �i +  j + 'jX

(2)
it (0) + gj (0) + "ijt0

= X
(1)
it0
� + �i +  j + "ijt0 (18)

under the assumption that the initial component of the �rm-speci�c compen-
sation policy can be summarized by  j , a constant irrespective of workers�
characteristics:
As in Topel [26], the returns to experience are directly estimated from this

equation. Hence, X(1)
it0

include experience variables (see section 5 for a full de-
scription of the explanatory variables) as well as other individual characteristics.
Because some workers have one job over the period whereas others have many
more, we introduce the number of previous jobs as an additional explanatory
variable.6

The starting-wage equation is estimated by full least squares based on the
technique described in [1]. The observations included are those for which se-
niority s is equal to zero. Hence, the coe¢ cients �̂; �̂i;  ̂j are known parameters
for the following steps where the �rm-speci�c compensation policy as described
by equation (17) is examined.
The identi�cation of these parameters requires supplementary assumptions

that we explicit now. �̂i is the estimation of the individual transferable produc-
tivity. It can be identi�ed only for the individuals who had at least two di¤erent
jobs in at least two di¤erent �rms during the observation period. These individ-
uals correspond to 60% of the whole sample. There is clearly an identi�cation
problem for the others. For those ones, we consider �̂i = logwijt0 �Xit0 �̂�  ̂j ,
which corresponds to the assumption that "ijt0 = 0. There exists a similar
problem for some �rms whose number of sampled workers is very low: only

6For instance, Dustmann and Meghir [15] restrict their estimation of such an equation to
displaced workers.
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44% have more than one observation. For the �rms for which only one obser-
vation is present, we set  ̂j = 0. As for the other parameters to estimate, �̂,
there is no identi�cation problem since the number of degrees of freedom is very
large (around 2.5 millions), even accounting for the estimation of individual and
�rm �xed e¤ects. Obviously, our estimated individual �xed e¤ects �̂i will be
a¤ected by some measurement error. Therefore, we will restrict its use as much
as possible in what follows.

3.2 The �rm-speci�c model for wages and mobility

After entry into �rm j, and at each date t, the worker and �rm jointly decide
to separate or to continue the match. In our approach, and given the available
data, quits and layo¤s are empirically identical. The worker�s wage is observed
after entry if and only if the worker-�rm pair jointly decide to continue the
match. This process is very much in the spirit of work by Jovanovic [18], Flinn
[16], Topel and Ward [27], Bushinsky et al. [10] for micro-matching models or
earlier work by Lillard and Willis [20] or Mincer and Jovanovic [22] for the whole
economy.
At date t for a worker with seniority s, after substracting the e¤ect of the

market variables as measured byXit�̂+�̂i, the mobility process can be expressed
using the following equations, that correspond to the �rm-speci�c continuation
rule (13) and wage equation (11):

R�ijt = �jSenijt � fj (Zijt) + �ijt (19)

logwijt �X(1)
it �̂ � �̂i =  j + 'jX

(2)
it (Senijt) + gj (Senijt) + "ijt

where R�itj is a latent variable expressing staying in the �rm j at date t. These
equations can be rewritten:

R�ijt = �Rj Z
R
ijt + �ijt (20)

logwijt �X(1)
it �̂ � �̂i = �Wj X

W
ijt + "ijt

where, ZRijt is a vector of (possibly) seniority-dependent variables that a¤ect
the continuation decision, �Rj is the �rm-speci�c parameter vector describing
the dependence of the separation decision on ZRijt, and �ijt is the productivity
shock from the theoretical model. �Rj describe the whole �rm-speci�c retention
policy. XW

ijt is a vector of (possibly) seniority-dependent variables that a¤ect the
di¤erence between wage and market wage. �Wj is the �rm-speci�c parameter
vector describing the dependence of �rm-speci�c wage on XR

ijt. �
W
j describes

the �rm-speci�c wage policy. For example, a worker hired at date t0, who stays
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for two periods then separates, has mobility and log wage equations given by:

R�ijt0+1 = �Rj Z
R
ijt0+1 + �ijt0+1 > 0 (21)

logwijt0+1 �Xit0+1�̂ � �̂i = �Wj X
W
ijt0+1 + "ijt0+1

R�ijt0+2 = �Rj Z
R
ijt0+2 + �ijt0+2 > 0

logwijt0+2 �Xit0+2�̂ � �̂i = �Wj X
W
ijt0+2 + "ijt0+2

R�ijt0+3 = �Rj Z
R
ijt0+3 + �ijt0+3 < 0

The indexation of explanatory variables XW
ijt and Z

R
ijt means that their seniority

dependent components increase with time as long as the job continues. In order
to model the statistical relations between past wages and mobility or, similarly,
future wages and mobility, we assume that the following correlation structure
holds:

�ijt0+1
"ijt0+1
�ijt0+2
"ijt0+2
�ijt0+3

 N

0BBBB@0;
266664

1 �1j 0 0 0
�1j �2j �2j 0 0
0 �2j 1 �1j 0
0 0 �1j �2j �2j
0 0 0 �2j 1

377775
1CCCCA (22)

A simple rewriting of the correlation matrix based on the normality assumption
is useful for estimation since the likelihood does not involve multiple integration
of the normal distribution. Actually, the true correlation matrix that would
support the process described above should not be limited by the absence of
the individual into the �rm. In the example above, the continuation rule at
date t0 + 3 should be a¤ected by the wage anticipation at date t0 + 3. What is
described here is how we deal with the censorship induced by the job separation.
Since the wage at date t0+3 is not observed, it has to be taken account for this.
This correlation structure assumes the absence of correlation with the start-

ing wage. It would have been more correct to allow the residual at entry "ijt0 to
be correlated with �ijt0+1. We did not include this supplementary information
to simplify the estimation method. To account for it, we should have considered
as supplementary variable in the continuation equation an estimation of the
residual "ijt0 . Since this residual is assumed equal to zero for more than 40% of
workers, this possibility has been ruled out.
The crucial point in our approach should now be clear: all parameters of the

wage and mobility equation, apart from the starting-wage equation, are �rm-
speci�c. The estimation method is maximum likelihood. For instance, in the
wage equation, there are returns-to-seniority parameters that are similar for all
workers employed in the �rm and may di¤er from returns estimated in other
�rms. In addition, these �rm-speci�c returns to seniority are allowed to vary
with the sex and education of the workers in that �rm. More generally, since
the estimation is done �rm-by-�rm, the estimated parameters can be used to
characterize the hiring, promotion, and retention policies of the �rm.
The estimation of this process does not rely on the parametric assumptions

on the residuals. We introduce also two types of instrumental variables or ex-
clusion restrictions that are supposed to a¤ect continuation probability and not
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wages. The �rst type captures individual propensity to change job: these are
the duration of the previous jobs and the number of previous jobs. The second
type is �rm-speci�c, it is the position of the worker at entry in the �rm-speci�c
distribution of ages. This variable is assumed to give some evidence on the ex-
istence of internal labor markets (Doeringer and Piore[13]). These instrumental
variables are detailed in the section 5, devoted to the results�presentation.

4 Data Description

We use data from the Déclarations annuelles des donnés sociales (DADS), a
1/25th sample of the French work force with information from 1976-1996 on the
matched worker-�rm side and data from the BRN on the performance of the
�rm side. We describe these data in turn.
The DADS
The �Déclarations Annuelles des Salaires�are a large collection of matched

employer-employee information collected by INSEE (Institut National de la Sta-
tistique et des Etudes Economiques). The data are based on a mandatory em-
ployer report of the gross earnings of each employee subject to French payroll
taxes. The universe includes all employed persons. Our analysis sample cov-
ers all individuals employed in French enterprises who were born in October
of even-numbered years, with civil servants excluded. Our extract runs from
1976 through 1996, with 1981, 1983 and 1990 excluded because the extracts
were not built for those years. The initial data set contained 16 millions ob-
servations. Each observation corresponds to a unique enterprise-individual-year
combination. The observation includes an identi�er that corresponds to the em-
ployee (called NNI below) and an identi�er that corresponds to the enterprise
(SIREN). For each observation, we have information on the number of days
during the calendar year the individual worked in the establishment, as well
as the full-time/part-time/intermittent/at home work-status of the employee.
Each observation also includes, in addition to the variables listed above, the sex,
month year and place of birth, occupation, total net nominal earnings during the
year and annualized gross nominal earnings during the year for the individual,
as well as the location and industry of the employing establishment.
Having done various selections and imputations similar to those described in

Abowd et al. [2], the �nal data set that we use contains 13,770,082 observations,
corresponding to 1,682,080 individuals and 515,557 �rms.
The estimation of the �rm-speci�c mobility and wage process requires enough

observations for each �rm. Thus, we had to restrict the estimation to the �rms
with 200 observations at least. This leaves only 5000 �rms that can be used in
this purpose. These are the biggest �rms and cover around 1/3 of all workers
in the private sector.
To estimate the starting wage equation, i.e. a wage equation for all observa-

tions with zero seniority, we concentrate on all observations at entry in a new
�rm. This leaves us with 4,616,093 observations which corresponds to 1,535,758
individuals (some persons are only employed by their 1976 employer and never
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leave it). and 480,360 �rms.

5 Estimation Results

This section is devoted to the presentation of the results. As stated in the section
(3), the estimation is two-stage, a �rst stage estimating a starting wage equation
and then the �rm-speci�c model for wages and mobility. The presentation of
this section thus begins with the starting wage equation, then goes to the �rm-
speci�c model. Di¤erent results are presented. Distribution of parameters for
mobility and wage equations are presented, then the parameters re�ection at the
�rm-level relationship between wages and mobility. Finally, this section presents
a synthesis of all these results using principal component analysis.

5.1 Starting wages

The explanatory variables in equation (18) are experience (up to a quartic),
an Ile de France region indicator, a full-time vs part-time indicator, and year
indicators. These variables are all full interacted with sex. To control for the
endogenous number of starting-wage observations (some workers churn more
and therefore have more entry jobs), we control for the past number of jobs
in the equation (using indicator functions). In addition, we control for both
a person and a �rm e¤ect using the Abowd-Creecy-Kramarz, [1], estimation
technique. Notice, however, that for �rms with only have one observation (one
worker in an entry job) we replace the �rm identi�er with the 2-digit (NAP
100) industrial classi�cation. Starting wage results are presented in Appendix
B. This equation captures initial heterogeneity, at entry in the �rm, in the spirit
of Heckman ([17]).

5.2 The �rm-speci�c wage and mobility equations

For the approximately 5,000 �rms in the sample for which there are enough in-
dividual observations to perform a �rm-by-�rm estimation (at least 200 person-
year observations) we estimate by maximum likelihood the set of equations
similar to those described in equation (21). Convergence occurs for 3,951 �rms
using the automated maximization programs. We did not try to reestimate
models for those �rms in which the algorithm did not converge7 . Since we want
to correct the principal component analysis correlation matrix for the estimated
nature of the parameters, we also lose some �rms because their parameters were
too imprecisely estimated.

7 In previous versions of this research, we succeeded in obtaining convergence for 95% of
�rms after multiple attempts but none of the subsequent results were changed by inclusion of
these �rms. In addition, we were less con�dent in some of the coe¢ cients obtained for those
�rms where convergence was obtained in the supplementary searches. For these reasons, in this
article, we decided to restrict attention to �rms for which the maximum likelihood procedure
converged immediately using a grid search for the starting values of the correlation coe¢ cients
�1j and �2j .
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The distributions of estimated parameters for the mobility equation and the
wage equation are given in Tables 1 and 2. Most parameters are easy to inter-
pret. Notice though that the parameters for seniority in the mobility equation
and in the wage equation are estimated as splines. For the mobility equation,
these parameters induce the following functional form for the probability of
moving from the �rm:

Pr(Staying jsen) = Ffa1sen� 1 (0 � sen < 2) + [2a1 + a2 (sen� 2)]� 1 (2 � sen < 5)

+ [2a1 + 3a2 + a3 (sen� 5)]� 1 (5 � sen < 10)

+ [2a1 + 3a2 + 5a3 + a4 (sen� 10)]� 1 (10 � sen) g

where 1(:) denotes an indicator function and sen denotes seniority. These spline
functions are set up so that the function is linear, continuous everywhere, with
changing slopes at 2, 5, and 10 years of seniority. For instance, a positive
coe¢ cient for a1 means that workers are more likely to stay after 1 year than
after the initial year. Then, coe¢ cient a2 applies and measures a di¤erence
(either increasing or decreasing depending on its sign) from coe¢ cient a1. For
instance if a2 is not signi�cantly di¤erent from zero, it means that workers with
three to �ve years of seniority have the same continuation probability as workers
with two years of seniority.
Similarly, we implement spline functions of seniority for the wage equation.To

assess the signi�cance of these parameters, we also present the corresponding
distributions of Student statistics for these two equations in Tables 3 and 4. The
results are striking. The amount of dispersion across �rms is daunting. Most
models that only incorporate a minimum amount of heterogeneity are way o¤the
mark. This heterogeneity can not be considered as a result of noisy estimations.
Should it be the case, the distribution of Students would re�ect this. It appears
that, for a large number of variables, the distribution of coe¢ cients is far more
dispersed than would allow a normal distribution assumption.
The continuation equation:
The continuation equation is the probability that the job continues, hence a

positive coe¢ cient corresponds to a larger propensity to stay. Starting from the
Student statistics in Table 3, we see that some variables almost never matter in
the continuation outcome. As our model shows, this outcome results from the
interaction of workers�behavior and �rms�policies. These are equilibrium be-
havior and it is often di¢ cult to disentangle the �rm behavior from the workers�
decision.
Examining the results, we start with the best summary of a �rm retention

policy: its propensity to keep or to separate workers. This policy is measured
by the three period indicators (there is no constant in our model). These three
indicators are very highly correlated within �rms (not shown in table) and
therefore re�ect a long-term component of the �rm mobility policy. A large
negative indicator means that the �rm has many separations or, equivalently,
that it is a high-turnover �rm. Interestingly, results in Table 3 show that more
�rms (around 35%) are low-turnover �rms whereas 10 to 20% of �rms are high-
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turnover �rms. The retention policy of �rms may well depend on workers�types.
For instance, we see that the worker�s sex appears to matter for less than 30%
of �rms. For more than 90% of �rms, workers with long tenure in their previous
job stay longer in their current job. Tenure in the current �rm often has the
opposite consequences for mobility; that is, our results show negative duration
dependence for job seniority but with substantial heterogeneity.
Focusing on variables that re�ect potential human resource policies of the

�rm, we consider �rst the relation between the continuation probability and
the individual e¤ect from the starting-wage equation. For 30% to 40% of the
�rms there is a strong positive relation between the starting-wage person e¤ect
and the continuation probability, as indicated by the distribution of Student
statistics in the row labelled �person e¤ect� in Table 3. Hence, �rms keep the
best workers, as measured by their value on the market.
An alternative measure of the heterogeneity of human resource policies comes

from examining the evidence for internal labor markets (Doeringer and Piore,
1976 [13]). In this view, �rms can create labor markets within their own orga-
nization. There are privileged ports of entry and the whole career takes places
within the �rm through moves between jobs. To assess this theory, we have
created for each �rm a distribution of ages at entry. In Tables 1 and 3, this
�rm-speci�c distribution of age at entry is summarized by the variables labelled
�Entry in Qn of the age at entry distribution,� where n is the �rst, second
or third quartile, respectively (with n = 4 as the reference group). If entry
at a young age is associated with a career within the organization, we should
see a negative relation between mobility and workers who enter in Q1 or Q2
of this age-at-entry. For instance if a �rm hires workers for some jobs on a
short-term basis and other workers for core jobs on a long-term basis at a spe-
ci�c age (mostly young), then one expects to see that entry in the �rst or the
second quartile of the age-at-entry distribution is associated with lower separa-
tion probabilities. Direct examination of the relevant rows of Tables 1 and 3
shows that there is not much evidence for this interpretation. There is actually
a strong negative relation between entry in the �rst quartile of the age-at-entry
distribution and the continuation probability for about 50% of the �rms and a
strong positive relation (as predicted by internal labor markets) for less than
5%.
By contrast, when �rms hire workers at various ages and when the worker-

�rm pair is concerned about the quality of the match, then one expects to see
more separations for workers entering in the bottom of the age distribution.
As noted above, this is precisely the case. In more than 30% of �rms, workers
entering in the �rst three quartiles of the �rm-speci�c age-at-entry distribution
move more often than workers entering in the last quartile of the age distribution
(unreported results show that these three coe¢ cients are highly positively cor-
related). Virtually no �rm (less than 5%) keeps workers entering in the bottom
of the age distribution. These results are largely inconsistent with most versions
of the internal labor market theory. Notice that these variables are included in
the continuation equation and excluded from the wage equation, hence they are
one of our exclusion restrictions granting non-parametric identi�cation of the
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model.
Finally, it is interesting to note that some �rms, approximately 30%, try

to keep workers with technical degrees (as opposed to workers with general
education, either low or high), as can be seen from the rows labelled �low general
education� and �high general education� in Tables 1 and 3 since �technical
degrees�is the omitted category. Workers with general education (the coe¢ cient
for low and for high are very strongly positively correlated) separate from those
�rms more often than those with technical degrees.
The wage equation:
At this stage, it is important to recall that we have jointly estimated �rm-

speci�c wage and mobility equations (19). The dependent variable in the �rm-
speci�c wage equation is the actual log wage rate less the e¤ects that depend
upon coe¢ cients estimated from the starting-wage equation (18). This di¤er-
ence captures the �rm-speci�c log wage less the opportunity wage that a worker
would receive, in expectation, on the market at an employer with no �rm-speci�c
compensation component at hire. Furthermore, since we substract �̂i from the
wage, problems of unobserved person heterogeneity are controlled. Notice also
that some variables that were present in the mobility equation are not included
in the wage equation. These exclusions serve as identi�cation restrictions. In
particular, the position of the entrant within the �rm-speci�c distribution of
age-at-entry is excluded from the wage equation since most theories would pre-
dict that all e¤ects of this variable work through the propensity to stay in the
�rm. Similarly, the seniority with the previous employer is excluded from the
wage equation since the returns to experience capture this e¤ect.
Results for the �rm-speci�c wage equation are presented in Table 2 (for

the coe¢ cient distribution) and Table 4 (for the Student statistic distribution).
Many variables have more than half of the coe¢ cients that are statistically
signi�cant at the 5% level. Only tenure in its various guises (as a spline or
interacted with education and sex) displays 40% or less of the estimated coef-
�cients that are signi�cant at the same level. Even more striking is the almost
completely symmetric (around zero) distribution of many wage coe¢ cients. As
before, the best summary of the compensation policy of the �rm is captured by
the period indicators (there is no constant in the wage equation).8 A positive
coe¢ cient corresponds to a high-wage �rm and a negative coe¢ cient to a low-
wage �rm. Roughly 20% of the �rms are low-wage �rms (at the 5% level) and
30 to 40% of the �rms are high-wage �rms (again, at the 5% level).
Studying the rest of the Table 2, some results deserve further comment. That

the coe¢ cient for full-time compensation is negative may appear surprising.
However, one must remember that this variable is present in the starting wage
equation. Hence, what is estimated here is the di¤erence between part-time
compensation on the market (included in the opportunity cost of time) and the
�rm-speci�c policy vis-à-vis part-time. Hence, a positive coe¢ cient means that
the �rm pays a larger di¤erential to full-time workers than the market rate and

8As before, unreported computations show that these indicators are highly positively cor-
related.
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conversely a negative coe¢ cient means that the �rm pays its part-time workers
better than the market rate.
Returning to the symmetry around zero of most coe¢ cients, it is striking to

see that returns to seniority in the �rst two years of a job�to take a question
that has attracted a lot of attention�are signi�cantly negative for 15% to 20% of
the �rms whereas they are positive for 20% of the �rms. These negative returns
are still present at higher tenure levels. Furthermore, the estimated seniority
coe¢ cients are strongly positively correlated. Hence, around 20% of French
�rms have negative returns to seniority; 20% have positive returns to seniority,
and 60% of French �rms have returns to seniority that are virtually zero (not
signi�cantly di¤erent from zero at the 5% level). This result con�rms previous
�ndings of AKM [2] or, more recently of Dostie [14] using a similar data set but
completely di¤erent estimation techniques. Notice also that comparing the 5th
percentile with the 95th percentile for the male-speci�c returns to tenure we see
that 20% of �rms provide higher returns to tenure to women and 10% to 15%
reward male tenure more than female tenure. Results are roughly similar for
returns to tenure for our di¤erent levels of education. In general, some �rms
appear to favor low-education workers, other �rms appear to favor technical
education (the omitted category), and �nally some �rms focus on the high-
education group. The correlations in Table 6 show that those �rms that pay
low-education workers high wages also pay their high-education workers high
wages.
Relation between pay and mobility:
In Tables 2 and 4, we present the estimated coe¢ cients and estimated Stu-

dent statistics for the correlation between the mobility error term with the wage
error term (future, �1 and past, �2). Here again, the heterogeneity is daunting:
20% of �rms have a signi�cant (at the 5% level) positive �1 whereas slightly less
than 20% of �rms have a signi�cant negative �1. Similarly, more than 30% of
�rms have a signi�cant positive �2 whereas 15% have a signi�cant negative �2.
A low �1 means that workers who face a positive shock to mobility, which de-
creases their probability to stay, also face a positive shock to their future wage.
This is a potential re�ection of �rms trying to counteract workers�decisions to
accept outside o¤ers. Alternatively, the result may mean that workers who have
a tendency to move face very good prospects in their origin �rm. Conversely
a high �1 means that workers who face a negative shock to their mobility also
face a positive shock to their future wage. Once again, the mobility decision is
an equilibrium outcome in which workers who will not get promoted may de-
cide to move. The question of who initiates the potential separation is virtually
impossible to solve. Now, �2 captures the correlation between the past shock
on wages and the continuation decision. When negative, workers move after an
unexpected wage increase. Apparently, this move is induced by the workers�de-
cision. When positive, workers stay after an unexpected wage increase, resulting
from a joint decision. As already mentioned, the latter case (joint optimization)
is much more common: an unexpected wage hike is associated workers staying
in most �rms.
Correlation analysis:
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To gain a better understanding of potential relations among these various
parameters, we performed a principal component analysis of all these estimated
coe¢ cients, i.e. those that characterize the mobility policy, those that char-
acterize the pay policy, and those that characterize their relations. Estimates,
using the covariance matrix that has been corrected for the fact that all within-
�rm parameters were estimated (see Appendix C), are presented in Tables 5
and 6. Table 5 shows the eigenvalues whereas Table 6 shows the factor loadings
for the �rst four axes. The results can be summarized as follows. The �rst
four axes capture 61% of the variance. These four dimensions are built on the
following linear combinations.
The �rst axis contrasts high-wage and low-mobility �rms with those that pay

low wages and are high-mobility �rms. It captures 24% of the total variance. The
following factor captures only 13% of the variance. These high-wage �rms also
hire relatively older workers whereas the high-mobility �rms mostly hire workers
at younger ages, as measured by the �rm-speci�c age-at-entry coe¢ cients. This
is clearly consistent with the existence of many short-term formal contracts.
Among high-mobility �rms, because workers increasingly move with seniority,
returns to seniority are high in the �rst �ve years. This axis is consistent with
some of the theoretical predictions of on-the-job equilibrium search models. For
instance, Postel-Vinay and Robin [24] exhibit an on-the-job-equilibrium search
model in which employers can respond to outside job o¤ers received by their
employees. Some predictions of this model are consistent with �rm heterogeneity
as structured in our �rst axis. Firms with low wages have a high turnover
rate because workers employed in low-wage �rms receive better o¤ers more
often than workers employed in high wage �rms. Because wage increases within
each �rm depend on the number of job o¤ers received by its employees, low-
wage �rms should exhibit higher returns to seniority, exactly what is observed
here. At the opposite extreme, high-wage �rms do not o¤er returns to tenure
because no �rms can compete away their workers. Another explanation for
these facts is also found in Burdett and Coles [11]. They present a model with
no ex-ante heterogeneity in �rms in which �rms o¤er wage tenure contracts. In
this model, under the assumption that workers are risk-averse, the distribution
of contract o¤ers is non-degenerate and the equilibrium is characterized by a
baseline scalary scale, which corresponds to the wage/tenure pro�le of a �rm
o¤ering the lowest starting wage. Predictions of this model are also consistent
with our characterization of the �rst axis. Low-wage �rms o¤er a wage/tenure
pro�le that begins at low-starting wages. They are the ones that experiment the
most important quits of workers who receive better job o¤ers. Since the baseline
salary scale is concave, the wage tenure pro�le of the workers who stay in these
�rms exhibit higher returns to seniority. These theories may also help resolve a
puzzle in our estimates : the existence of negative returns to seniority in some
�rms. They can be understood in the presence of market failures such as search
frictions. Notice that returns to tenure are estimated on top of the returns
to experience that re�ect potential gains due to better o¤ers when employed.
Negative returns to seniority appear to often exist in high wage �rms, the ones
for which expected gains of receiving higher o¤ers are clearly weaker.
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The second factor loading axis combines experience and education. The
contrast is between �rms in which mobility is increasing with experience and
where workers with technical education are better paid with �rms in which
stability is decreasing with experience and where workers with general education
are better paid.
The third axis contrasts low-paying �rms that are high-wage �rms for work-

ers with a general education with those that are high-wage �rms except for
workers with a technical education. Interestingly, the fourth axis also revolves
around pay choices for the di¤erent education types. It contrasts high-wage
�rms with relatively low wages for the technically educated and low returns to
seniority with low-wage �rms with high wages for the technically educated and
large returns to seniority. Such �rms are neither low- or high-turnover.

6 Conclusion

In this paper,we have used a simple descriptive theoretical framework to help us
think about the relation between mobility and wage for an individual, both from
the worker�s own perspective as well as from the employer�s perspective. This
framework helped us to set up the estimating equations. The data sources were
based on a very large, longitudinal employer-employee data set for France, the
DADS. The system of equations was estimated �rm by �rm, very much relying
upon the perspective adopted by authors such as Baker, Gibbs, and Holmstrom,
[7] and [8], with the distinctive feature that we capture elements of the outside
labor market, at entry through an entry wage equation with both person and
�rm e¤ects as well as at exit by explicitly modelling the joint mobility and
wage processes, whereas these authors could not. The results are destructive of
the homogeneous view of the labor market in which �rms adopt very similar
strategies. In fact, the amount of heterogeneity in the policies adopted by the
�rms is daunting. After documenting this heterogeneity, we tried to characterize
what compensation and retention strategies could be in such a world. To do so,
we used a simple factor analysis that was able to guide us and show that four
factors gave a useful summary view of the heterogeneity. We focus here on the
�rst factor, which appears to give a very simple and clearcut overview of our
results. The main contrast between high-wage, low-mobility �rms where returns
to seniority are low (even negative) and low-wage, high-mobility �rms where
returns to seniority are relatively high (in a country where the average returns
to seniority are lower than in the United States, even compared with Altonji�s
results) gives a good �rst-order approximation of the French landscape. Recent
job search and matching models (Postel-Vinay and Robin [24], Burdett and
Coles [11] and Woodcock [28]) with person or/and �rm heterogeneity appear to
be able to generate exactly this type of e¤ect. Other dimensions contrast �rms
that favor general education with �rms that favor more technical education.
On the methodology side, this paper uses some newer, recently developed,

techniques for analyzing the matched employer-employee data. It also contains
a non trivial number of methodological �rsts. To name but a few, the �rm-by-
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�rm (maximum likelihood) estimation strategy, the correction for the estimated
nature of the parameters characterizing the �rm policies, the joint modelling of
wages and mobility at the �rm level, and the identi�cation strategy relying on
exclusion restrictions based on variables that can only be constructed using the
matched worker-�rm aspect of the data (for instance the age at entry within
the �rm-speci�c age distribution).
We believe that the analysis presented here opens more avenues of research

than it closes doors and solves problems. But, we see it as a �rst step in our
understanding the substance as well as the methods to use when analyzing �rms�
hiring, retention, compensation, or more generally human resource management
policies. New methods should also be developed that would allow us to perform
an analysis of workers��rm to �rm movements.
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Appendix A: The Likelihood Function for the Firm-
speci�c Model of Wages and Mobility
Consider the log wage equation (17), the starting-wage equation (18) and the

�rm-speci�c wage and mobility equations (19) in the text. With all de�nitions
associated with those equations. We derive the likelihood for the �rm-speci�c
model of wages and mobility in this appendix. After entry in �rm j, and at
each value of seniority s(i; t), the worker and �rm mutually decide to continue
or terminate the employment relation. The latent variable R�ijt = �Rj Z

R
ijt+ �ijt

operationalizes the condition given by the value function in equation (14). Let
t0 be the starting year of the job, a wage rate is observed for s = t � t0 > 0
if and only if the employment relation continues. At date t for a worker with
seniority s, (after substracting the e¤ect of the market variables as measured
by Xit�̂ + �̂i), the mobility process can be expressed by the equations (19) in
the text. Consider the s = 2 example from equations (21) From this structure
of correlation, multivariate normality implies that:

�Rijt0+1
�Wijt0+1
�Rijt0+2
�Wijt0+2
�Rijt0+3

=

�ijt0+1 �
�1j
�2j
"it0+1

"ijt0+1
�ijt0+2 �

�2j
�2j
"ijt0+1 �

�1j
�2j
"ijt0+2

"ijt0+2
�ijt0+3 �

�2j
�2j
"ijt0+2

 N

0BBBBBBB@
0;

266666664

1� �21j
�2j

0 0 0 0

0 �2j 0 0 0

0 0 1� �22j
�2j
� �21j

�2j
0 0

0 0 0 �2j 0

0 0 0 0 1� �22j
�2j

377777775

1CCCCCCCA
where the vector � has components with subscripts ijt denoting the individual-
employer match and superscripts R or W denoting the equation number (R for
the continuation equation; W for the wage equation). This last result is useful
for estimation since the likelihood does not involve multiple integration of the
normal distribution as shown by

R�ijt0+1 = �Rj Z
R
ijt0+1 +

�1j
�2j

"ijt0+1 + �
R
ijt0+1 > 0

logwijt0+1 �Xit0+1�̂ � �̂i = �Wj X
W
ijt0+1 + "ijt0+1

R�ijt0+2 = �Rj Z
R
ijt0+2 +

�2j
�2j

"ijt0+1 +
�1j
�2j

"ijt0+2 + �
R
ijt0+2 > 0

logwijt0+2 �Xit0+2�̂ � �̂i = �Wj X
W
ijt0+2 + "ijt0+2

R�ijt0+3 = �Rj Z
W
ijt0+3 +

�2j
�2j

"ijt0+2 + �
R
ijt0+3 < 0

or
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R�ijt0+1 = �Rj Z
R
ijt0+1 +

�1j
�2j

h
logwijt0+1 �Xit0+1�̂ � �̂i � �Wj XW

ijt0+1

i
+ �Rijt0+1 > 0

logwijt0+1 �Xit0+1�̂ � �̂i = �Wj X
W
ijt0+1 + �

W
ijt0+1

R�ijt0+2 = �Rj Z
R
ijt0+2 +

�2j
�2j

h
logwijt0+1 �Xit0+1�̂ � �̂i � �Wj XW

ijt0+1

i
+
�1j
�2j

h
logwijt0+2 �Xit0+2�̂ � �̂i � �Wj XW

ijt0+2

i
+ �Rijt0+2 > 0

logwijt0+2 �Xit0+2�̂ � �̂i = �Wj X
W
ijt0+2 + �

W
ijt0+2

R�ijt0+3 = �Rj Z
W
ijt0+3 +

�2j
�2j

h
logwijt0+2 �Xit0+2�̂ � �̂i � �Wj XW

ijt0+2

i
+ �Rijt0+3 < 0

The contribution to the log likelihood of this sequence of observations is

logL (Rijt0+1 = 1; wijt0+1; Rijt0+2 = 1; wijt0+2; Rijt0+3 = 0) =

log�

 
�Rj Z

R
ijt0+1 +

�1j
�2j

h
logwijt0+1 �Xit0+1�̂ � �̂i � �Wj XW

ijt0+1

i!

+ log'

 
logwijt0+1 �Xit0+1�̂ � �̂i � �Wj XW

ijt0+1

�j

!

+ log�

0@ �Rj Z
R
ijt0+2

+
�2j
�2j

h
logwijt0+1 �Xit0+1�̂ � �̂i � �Wj XW

ijt0+1

i
+
�1j
�2j

h
logwijt0+2 �Xit0+2�̂ � �̂i � �Wj XW

ijt0+2

i 1A
+ log'

 
logwijt0+2 �Xit0+1�̂ � �̂i � �Wj XW

ijt0+2

�j

!

+ log

"
1� �

 
�Rj Z

R
ijt0+3 +

�2j
�2j

h
logwijt0+2 �Xit0+2�̂ � �̂i � �Wj XW

ijt0+2

i!#

where Rijt0+s = 1 when R�ijt0+s > 0: More generally, the log likelihood for
person i who arrived at date t0 in �rm j and stayed exactly S periods (i.e., with
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one entry wage and S � 1 observed wages in �rm j after this initial date) is:

logL (Rijt0+1 = 1; wijt0+1; :::; Rijt0+S = 0) =

Rijt0+1 log �

 
�Rj Z

R
ijt0+1 +

�1j
�2j

h
logwijt0+1 �Xit0+1�̂ � �̂i � �Wj XW

ijt0+1

i!

+
S�1X
s=1

(
log'

 
logwijt0+s �Xit0+s�̂ � �̂i � �Wj XW

ijt0+s

�j

!

+Rijt0+s+1 log �

0@ �Rj Z
R
ijt0+s+1

+
�2j
�2j

h
logwijt0+s �Xit0+s�̂ � �̂i � �Wj XW

ijt0+s

i
+
�1j
�2j

h
logwijt0+s+1 �Xit0+s+1�̂ � �̂i � �Wj XW

ijt0+s+1

i 1A9=;
+(1�Rijt0+S) log �

 
��Rj ZRijt0+S �

�2j
�2j

h
logwijt0+S�1 �Xit0+S�1�̂ � �̂i � �Wj XW

ijt0+S�1

i!

Appendix B: Starting-wage Equation Estimates
Table B1 presents the results for the starting wage equation. We present only

the coe¢ cients and not the standard errors, which are not directly delivered by
the Abowd, Creecy, and Kramarz (2003), [1], estimation technique. Standard
errors could be obtained by substracting the estimated person and �rm e¤ects
from the wage and rerunning the regression on the observed characteristics
contained in this table.

Appendix C: Estimation of the Corrected Covariance
Matrix
The principal composant analysis requires the covariance matrix of the ob-

served variables. The problem here is that these variables are not directly ob-
served but estimated at the �rm-level. We thus need to correct the covariance
matrix for the measurement errors.

X is a set of parameters that comes from a �rst step equation and, therefore,
is measured with error following

bX = X + �

in which �i ! N (0;�i). We know the probability distribution of � for each
observation since the �rst-step estimation delivered a variance-covariance matrix
for each �rm (set of parameters).
Furthermore,

bX 0
i
bXi = (Xi + �i)

0
(Xi + �i)

= X 0
iXi +X

0
i�i + �

0
iXi + �

0
i�i

By taking the average over the observations, the above implies:

M bX bX = 1

N

X bX 0
i
bXi =

1

N

X
X 0
iXi +X

0
i�i + �

0
iXi + �

0
i�i
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Then, by noting that Xi and �i are uncorrelated among themselves, we see
that the second and third components of the above equality tend to zero. An
empirical counterpart for the last component is needed. Even though we do not
know �i, we know its law. We estimate the mean of the variance of the residuals
by its empirical counterpart:

1

N

X
�0i�i !

1

N

X
�i

Hence, an estimator of the true covariance matrix � is :

b�(1) =M bX bX � 1

N

X
�i

Unfortunately, the above estimators pose practical problems because some
estimates of bX are too imprecise. Those bX that are the least precise makeb�(1) not being positive. One way to address this di¢ culty is by weighting the
estimator presented above by the inverse of the variance of the bXi. In practice,
it is much easier to use the inverse of the trace of the variance covariance matrix
estimated at the �rm-level as a weight for each observation. Therefore, we
have the following estimator for the covariance matrix that will be used for the
principal components analysis.

b�(2) = 1

N 1P
1

tr�i

X 1

tr�i

� bX 0
i
bXi � �i

�
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Eigenvalue Difference    Proportion    Cumulative

1 8.5768 3.8185 0.2382 0.2382
2 4.7583 0.2521 0.1322 0.3704
3 4.5062 0.3948 0.1252 0.4956
4 4.1114 1.4632 0.1142 0.6098
5 2.6482 0.6009 0.0736 0.6834
6 2.0473 0.2041 0.0569 0.7402
7 1.8432 0.1915 0.0512 0.7914
8 1.6517 0.3102 0.0459 0.8373
9 1.3416 0.2582 0.0373 0.8746
10 1.0833 0.1433 0.0301 0.9047

Table 5: Factor Analysis of the Firm-by-Firm Parameters of the 
Mobility and Wage Equations; Eigenvalues

 
 



Factor1 Factor2 Factor3 Factor4

Male -0.0546 -0.3818 -0.1798 -0.1933
Full-Time -0.1944 -0.1237 -0.0593 -0.0606
First Period indicator -0.7950 -0.1154 0.1732 -0.0732
Second Period indicator -0.7877 -0.1230 0.1547 -0.1381
Third Period indicator -0.6613 -0.1476 0.0601 -0.0940
Person Effect (from starting wage equation) 0.1142 0.1159 0.2308 -0.2744
Experience -0.0215 0.6514 0.3178 0.1150
Experience**2 0.0582 -0.7565 -0.4127 -0.1286
Experience**3 -0.0371 0.7738 0.4240 0.1725
Experience**4 0.0739 -0.7764 -0.4373 -0.2043
Tenure (less than two years) -0.4400 -0.3540 -0.1326 -0.2981
Tenure (2 to 5 years) -0.3606 -0.1688 -0.0463 -0.0662
Tenure (5 to 10 years) -0.5099 -0.2869 0.0822 -0.2645
Tenure (more than 10 years) -0.2875 -0.5369 -0.0964 -0.1514
Tenure*Low general education -0.3427 0.5515 0.3015 -0.1436
Tenure*High general education -0.1976 0.4691 0.4085 -0.2759
Low general education 0.5644 -0.3350 -0.1004 0.2020
High general education 0.6033 -0.1447 -0.0996 0.4848
Entered in Q1 of age at entry distribution 0.8451 0.0473 -0.2928 0.2711
Entered in Q2 of age at entry distribution 0.7938 0.0238 -0.2961 0.3535
Entered in Q3 of age at entry distribution 0.8217 0.1516 -0.2051 0.4010
Number of previous jobs 0.0513 -0.2263 -0.1599 -0.2406
Duration the previous job 0.6476 0.0622 -0.0794 0.3952
Full-Time 0.1383 -0.0747 0.3109 -0.3358
First Period indicator -0.5328 0.1030 -0.4236 0.5723
Second Period indicator -0.6220 0.0493 -0.3499 0.5999
Third Period indicator -0.5988 0.0019 -0.3360 0.5161
Tenure (less than two years) 0.4467 0.1651 -0.0335 -0.3241
Tenure (2 to 5 years) 0.3198 0.2129 -0.1430 -0.5459
Male -0.1853 -0.0463 0.0622 0.2192
Low general education -0.1580 -0.5198 0.8486 0.4522
High general education -0.0217 -0.4907 0.8542 0.4446
Tenure*High general education 0.8412 -0.6744 1.0749 0.0678
Correlation between mobility and future wage -0.5646 -0.1012 0.0574 0.6084
Correlation between mobility and past wage 0.2295 0.0496 0.0356 -0.5463
Standard error of the wage shock (in log) 0.6217 -0.0305 -0.0993 -0.3681

Table 6 : Factor Analysis of the Firm-by-Firm Parameters of the Mobility and Wage Equations; Factor 
Loadings
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