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INTERFIRM MOBILITY, WAGES, AND THE RETURNS
TO SENIORITY AND EXPERIENCE IN THE U.S.!

Abstract. This paper presents new estimates of the returns of experience and seniority on
individual wages. In contrast to all previous studies, we explicitly model the participation and
mobility decisions. Our theoretical model gives rise to a statistical model with three equations:
(1) a participation equation; (2) a wage equation; and (3) an interfirm mobility equation. In
this model the wage equation is estimated simultaneously with the two decision equations,
namely the decision to participate in the labor force and the decision to move to a new
firm. Each equation includes a person-specific effect and an idiosyncratic component. The
participation and mobility equations also include lagged decisions as explanatory variables.
We use the Panel Study of Income Dynamics (PSID) to estimate the model for three education
groups: (1) high school dropouts; (2) high school graduates with some post-high school
education; and (3) college graduates. We adopt a Bayesian approach and employ methods
of Markov Chain Monte Carlo (MCMC) to compute the posterior joint distribution of the
model’s parameters. We find that the effects of seniority and experience differ for all education
groups. Our modeling strategy also allows us to examine the individuals’ “optimal” mobility
patterns for maximizing their wage growth over their lifetime. We find that the optimal job
durations differ markedly across education groups.

Résumé. Cet article présente de nouvelles estimations des rendements de 'expérience et
de l'ancienneté d’emploi sur les salaires individuels. A la différence de toutes les études
antérieures consacrées a ce sujet, nous modélisons ici de maniere explicite les décisions in-
dividuelles de participation et de mobilité inter-entreprises. Notre modele théorique produit
un modele statistique & trois équations: (1) une équation de participation, (2) une équation
de salaire, et (3) une équation de mobilité inter-entreprises. Dans ce modele, 'équation de
salaire est estimée simultanément avec ces deux dernieres équations. Chaque équation inclut
un effet aléatoire individuel et un choc idiosyncratique. Les équations de participation et de
mobilité incluent par ailleurs les choix passés dans la liste des variables explicatives. Nous
utilisons le Panel Study of Income Dynamics (PSID) pour estimer le modele sur trois strates,
correspondant & des niveaux d’éducation différents: (1) les individus qui ont abandonné
leurs études avant la fin de leur scolarité secondaire, (2) les diplomés du secondaire, et (3) les
diplémés de I’enseignement supérieur (niveau “college” aux Etats-Unis). Nous adoptons une
approche bayésienne pour l’estimation du modele. Pour étre plus précis, nous utilisons des
méthodes de type MCMC pour faire une inférence sur la distribution jointe a posteriori des
parametres du modele. Nous trouvons que les effets de 'ancienneté et de ’expérience varient
significativement d’un niveau d’éducation a ’autre. Notre stratégie de modélisation nous
permet par ailleurs d’examiner les trajectoires de mobilité “optimales”, c’est-a-dire celles qui
maximisent la progression salariale au cours de la vie active. Nos résultats montrent que les
durées optimales d’emploi, ainsi définies, different fortement selon le niveau d’éducation.

1tWe thank Andrew Foster, Oded Galor, Tony Lancaster, Magali Pongon-Beffy, Jean-Marc Robin, and Bernard
Salanié for their comments and discussions. Participants of seminars and conferences in Amsterdam, Brown,
Crest (Malinvaud seminar), ESEM 2001 in Lausanne, Harvard, Pennsylvania, Tel-Aviv, Toulouse, Yale, provided
very helpful comments. Remaining errors are ours.



1 Introduction

Much of the research in labor economics during the 1980s and the early 1990s was devoted to the analysis
of changes in the wage structure across many of the world’s economies. In particular, wage inequality
has been one of the prime topics of investigation. Only recently, has research turned to the analysis
of mobility in its various guises. A large share of this recent effort has linked mobility with instability
(see Farber (1999) for a detailed assessment), while a smaller fraction has been devoted to the analysis
of mobility of individuals through the wage distribution (see Buchinsky and Hunt (1999)). The shift
in focus is not surprising, because measures of inequality alone are not sufficient to assess changes in
the wage determination process. For example, it is vital that we have more information in order for
us to be able to understand changes in the respective roles of general- and firm-specific human capital.
This is an especially important issue when examining, for example, technological changes induced by
computerization and globalization.

‘While wage inequality increased in the United States during most of the 1980s, in France and some
other European countries it was generally stable. Nevertheless, during the same period almost all
countries witnessed a sharp decrease in wage mobility.? This decline in wage mobility indicates that
changes in wage inequality may be worse than previously thought. Furthermore, workers are more likely
to be in a worse situation if there is an increase instability of jobs, as has been documented in the United
States for males (see, again, Farber (1999), for a discussion of the evidence). Decreased wage mobility
and increased job instability makes increasing wage inequality (as in the U.S.) or a high unemployment
rate (as in France) less tolerable than if mobility through the distribution were relatively high.

In general, workers’ wages may change through two channels. Workers can stay in the same firm
for some years and collect the return to their firm-specific human capital (seniority), in that particular
firm. Alternatively, they can switch to a different employer if their outside wage offer exceeds that of
their current employer or when they become unemployed. These two possibilities can be empirically
investigated. If Topel (1991) is right, then the first scenario provides a more plausible explanation
for understanding wage increases. However, if Altonji and Williams (1997) are correct, then interfirm
mobility is necessary for wage increases to occur. Some comparative results (which do not take selection
biases into account) seem to show that interfirm mobility is associated with larger absolute changes in
wages (e.g. Abowd, Finer, Kramarz, and Roux (1997)), but there are also considerable variations in
the returns to seniority across firms (e.g. Abowd, Finer, and Kramarz (1999) for the U.S., and Abowd,
Kramarz, and Margolis (1999) for France).

The analysis of these two channels constitutes the prime motivation for this study, which lies at the
intersection of two classical fields of labor economics: (a) the analysis of interfirm and wage mobility;
and (b) the analysis of returns to seniority. The basic statistical model gives rise to three equations:
(1) a participation equation; (2) a wage equation; and (3) an interfirm mobility equation. In this model
the wage equation is estimated simultaneously with the two decision equations, namely the decision to
participate in the labor force and the decision to move to a new firm. Each equation includes a person-
specific effect and an idiosyncratic component. The participation and mobility equations also include
lagged decisions as explanatory variables.

We use the Panel Study of Income Dynamics (PSID) to estimate the model for three education
groups: (1) high school dropouts; (2) high school graduates with some post-high school education; and
(3) college graduates. We adopt a Bayesian approach and employ methods of Markov Chain Monte
Carlo (MCMC) to compute the posterior joint distribution of the model’s parameters.

Our main finding is that returns to seniority are quite high for all education groups. In contrast,
the returns to experience appear to be lower than previously thought. While we use a somewhat
different sample than the one used by Topel (1991), the results we obtain regarding the return seniority
are, qualitatively, similar to Topel’s results, while the results for the return to experience differ, most
probably because experience is endogenous in our approach. Consequently, our estimate of total within-
job growth is lower than Topel’s estimate, but closer to other analyses reported in the literature (e.g.
Altonji and Shakotko (1987), Abraham and Farber (1987), and Altonji and Williams (1997)). However,
our statistical assumptions — by endogenizing both mobility and experience — incorporate elements on

2See, for example, Buchinsky and Hunt (1998) for the U.S. and Buchinsky, Fougere, and Kramarz (1998) for France.



both sides, i.e. Topel (1991) and Altonji and Williams (1997), in order to include their main intuitions in
a unified setting. Other close papers in the literature are Dustmann and Meghir (2001) and Neal (1995)
who analyzed similar questions but took different routes. Specifically, they did not explicitly model the
decisions of the individuals that are directly related to the observed endogenous variables. Nevertheless,
Dustmann and Meghir (2001) employed data and econometric methods which allowed them to identify
the various components of wage growth, namely general, sector-specific, and firm-specific human capital.
In contrast to all previous studies, in the current study we explicitly model the participation and mobility
decisions. We find that the effects of seniority and experience differ for all education groups. However,
in this study, unlike other studies in the literature, our modeling strategy also allows us to examine the
individuals’ “optimal” mobility patterns for maximizing their wage growth over their lifetime.? We find
that the optimal job durations differ markedly across education groups.

The remainder of the paper is organized as follows. In Section 2, we outline the model and the
econometric specifications. Here we also introduce the likelihood function, which makes it clear why the
usual (“frequentist” ) maximization routines are virtually impossible to implement. Section 3 presents the
details of our numerical techniques for computing the posterior distribution of the model’s parameters.
A brief discussion of the data extract used in this study is provided in Section 4. Section 5 presents the
empirical results of the estimation procedure. Section 6 follows with a brief conclusion.

2 The Model and the Econometric Specification
2.1 The Model

We consider an extension of the simple dynamic programming model of search behavior proposed by
Hyslop (1999). We extend Hyslop’s model by allowing a worker to move directly from one job to another.

A worker who is currently employed in a firm receives each period two wage offers without searching:
one offer comes from the current employer, while the other comes from another firm.* If an interfirm
mobility occurs at the end of period £ — 1 the worker incurs the cost cjs, paid at the beginning of period
t. While all other assumptions are identical to Hyslop’s (1999), some modification of the notation are
needed.

A nonparticipant may search for a job at a cost vy per period, paid at the beginning of the next
period. We assume that hours of work are constant accross jobs, so that we can concentrate only on the
extensive margin of the participation process y;, which takes the value 1 if the individual participates in
period ¢, and takes the value 0 otherwise.

Each individual maximizes an intertemporally separable utility function, where the current period
flow utility is defined over consumption C; and leisure [; = 1 — y;. The expected present value of
discounted utility over an infinite lifetime is therefore

U= BB (Crrs: Yorsi Xets) 1)
s=0

where u(-, -; ) is a single period flow utility, while X is a vector of exogenous (observed and unobserved)
individual characteristics in period t. The term ( is simply the discount factor. Assuming neither
borrowing nor lending, the utility in (1) is maximized subject to the period-by-period budget constraint
given by

Cor=z+wy —v1 (1 —yi—1) — em (Ye—1mi—1) , (2)

where the price of consumption in each period is normalized to 1, z; is nonlabor income, w; is the
individual’s wage. The variable m; is a dummy variable that takes the value 1 if the individual moves
between jobs at the end of period ¢, and takes the value 0 otherwise.

3By “optimal path” we mean that it is the path that would have maximized the wage growth, had it been followed.

41t is to incorporate a situation in which a participant gets an outside wage offer only if he or she undertakes an
on-the-job search, with cost equal to 9. However, since the main results would not be affected, we simplify here the
presentation.



By virtue of Bellman’s optimality principle, the value function at the beginning of period ¢ given
past participation y;_1 and past mobility m;_q is defined as

Vi (e—1,my—1: Xy) = max {u (Cy, ye; X¢) + BE Vi1 (e, me; Xe1) ) 3)

Yi,my

If the individual does not participate in period ¢t — 1, namely if y;_; = 0 (and obviously m; 1 = 0), this
value function is

Vi (an; Xt) = {max} [V;fo (Oa 0; Xt) ) V;fl (an; Xt) ) V;SQ (Oa 0; Xt)] (4)
Y, My
where
V20,0, X)) = u(z—7,0Xy) + BEVigr (0,0; Xy41),
th (0,0; X¢) = u(ze+w—7,1Xy) +BEViq1 (1,0, X411), and
V? (O, O; Xt) = U (Zt + Wy — V1, ].; Xt) + ,BEtV;f+1 (]., ].; Xt+1) .

The quantity V;? (0,0; X;) denotes the value of the nonparticipation state in period ¢, the quantity
V! (0,0; X;) denotes the value of participating, without moving, in period ¢, while V;2 (0,0; X;) denotes
the value of participating and moving in period .

For a “stayer”, namely a participant who stays in the firm at the end of period ¢ — 1, the value
function at the beginning of period ¢ is

Vi (1,0; Xp) = max (Vi (1,0, X0), Vi' (1,0: ) V2 (1,0; Xo)} &)
where
V2(1,0,X:) = u(z,0;Xs) + BEVig1 (0,05 Xpp1)
VHL0:Xy) = ul(z+w, 15 Xy) + BE Vi (1,0, X441), and
V2(1,0,Xy) = ulze+we, LX) + BEVigr (1,15 Xeqq) .

Similarly, for a “mover”, namely a participant who moves to another firm at the end of period ¢ — 1, the
value function at the beginning of period t is

Vi (la la Xt) = Inax {‘/to (la 17 Xt) a‘/tl (la la Xt) a‘/tQ (la la Xt)} s (6)
Yi,My
where
VP(LLX,) = u(z—cm 0;Xy) + BEVigr (0,0; Xeqq)
th (1,1, Xy) = u(z+w —cn, 15 Xe) + BE Vg1 (1,0; Xey1), and
V2L 1;Xy) = ul(ze+w—ear, 1L Xe) 4 BEVigr (1,1 Xyq) -

Transitions to a nonparticipation state will occur if the wage offer in period ¢ is less than the minimum
of two reservation wages, namely the wage levels that equate the value function in the nonparticipation
state with the value functions in the participation states (without or with interfirm mobility). For a
nonparticipant in period ¢ — 1, these two reservation wages, denoted by wyg, ; and wg, , respectively, are
defined implicitly by

V2 (0,0: X)) = Vi1 (0,0: Xy | wy () = Vi (0,05 X | wgy (1)) - (7)
It follows immediately from this system of equations that
ooy Swory < BV (1,0: X)) S EVig (1,15 X ) (8)

Note that if wg, , < wg, 4, then the decision rule for a nonparticipant is to accept any wage offer greater
than wg, 4, and to eventually move to another firm in the next period. If wg; ; < wgy ,, then the optimal



strategy for a nonparticipant is to accept any wage offer greater than wg, ;, and to stay in the firm at
least for one more period.?

The corresponding reservation wages for a stayer, denoted wy, , and w7y ;, are defined by the following
system of equations:

VP (1,0: ;) = Vi (1,0: X, | wiy (£)) = V2 (1,0; X¢ | wiy (1)) 9)

For a mover, these reservation wages, denoted w3, ;, and w3, ;, are defined by the following system of
equations:

VP (L15X) =V (LG X w3y () = Vi2 (1,15 X, [ w3y (1)) - (10)

A comparison of reservation wage expressions for nonparticipants and stayers, from (7) and (9),
implies that

u (zt + w4 1 Xt) —u (zt +wpy 4 — 715 1 Xt) (11)
=u(z +wiy 1; Xe) —u (2 +whpy — 71,15 Xe)
=u (2,0, Xy) —ulz — 1,0, Xy) .
A first-order Taylor series expansions of the left and right hand sides of (11) around z; +wg; ;, 2 +wgy 4
and z;, respectively, gives

*

~ *
Wije ~ W — 71 ll -

u/ (zt,O; Xt) ‘| (12)

u/ (zt + w(’;j,t, 1; Xt)

~ wéj,t - M5 for .7 = ]-a 23
where u/(-) denotes is the marginal utility of consumption, and

u' (2¢,0; Xy)
u’ (zt + wg; . 1 Xt)

Y =" ll_ ]a fOI'j:l,Q.

As noticed by Hyslop (1999), if utility is concave with respect to consumption, then

u (zt + w(’)“j’t, 0; Xt) < (z,0; Xy) .
However, if the marginal utility of consumption is greater when working, namely if

o (zt +wg; 4, 0; Xt) < (zt +wgies Xt) ,
then ;; may be positive or negative. More precisely,
7; 20 & v (2 +whie X)) 20 (2,0, Xy).

If the marginal utility of consumption is lower when working, then ~y;; is always negative, because

u (2 4 wgjg, 1 Xe) < ' (20,05 Xy).

Similarly, a comparison of reservation wages for nonparticipants and movers, from (7) and (10), implies
that

u (Zt + w;‘l,t —cur 1 Xt) —u (Zt + wal,t -1, 1 Xt) (13)
=u(z +wy; — a1 X)) —u (20 + wia,, — 1. 15 X4)
u(z —ear, 0; X)) —u (2 — 1,05 Xy)

5This result is similar to the main finding obtained by Burdett (1978). In particular, see (Burdett, 1978, Propositions
1 and 2, p. 215).




Again, first-order Taylor series expansions of the left and right hand sides of (13) around z; + Wo,its
ze +w3;, (5 =1,2) and 2, respectively, give

u(z +wy;, —en, 1Xy) ~ u(ze+wy e, 15Xy) —en v (24w, 1, X)), (14)
u (2 + wgj; — 71,1 Xe) u (24 whj g 15 Xe) — 1 v (2 +wgy 0, 15 Xe)
u(ze —en, 0;Xy) =~ w(2,0;Xy) — ey v/ (2,0, Xy),
u(ze — 71,0, X)) ~ u(z,0;X:) —m v (2,0;Xy), and
U (zt +wy;g, 1 Xt) —u (zt + wgje 1; Xt) ~ (ng,t — w(’;j’t) o’ (zt + wo, e 15 Xt) for 7 =1,2.

1R

Substitution of the expressions from (14) back into (13) gives

Waj, R Wos e — M5+ V2j A WY+ V2 for j =1,2, (15)
where
Yoj = ¢C ul (Zt + wékj:t’ 1’ Xt) B ul (Zt’ 0’ Xt) for ] =1.2
oo ' (2 + Wiy, 15 X)) : 14
and

u (2,05 Xy)
u! (zt + w(’jj’t, 1; Xt)

Y =" ll_ ]a fOI'j:l,Q.

Note that if the marginal utility of consumption is greater when working, namely, if
u (2 +wsip, 05 X)) < (24 ws; ., 15 Xe)
then ~2; may be either positive or negative, that is,
1220 & (zt + ng}t, 1; Xt) = (2,0; Xy)
However, if the marginal utility of consumption is lower when working, then ~,; is always negative, since
w (20 +wsi, 1 Xy) < (204 w3, 0, Xy) < u' (2,0, Xy).

Suppose now that the mobility cost cp; is strictly greater than the search cost ;. It is possible to
show then (see the Appendix) that, if wg, , < wg; ,, there exist two sets of sufficient conditions under
which the participation and mobility equations exhibit first-order state dependence. These sufficient
conditions are the following;:

Condition 1:
When the marginal utility of consumption is higher when working, we must verify that

u (2,0, X;) < (zt +wig 4, 1; Xt) < (zt + wgo 4, 15 Xt) ,

and that
0 < 712 < 722 < Y21

Condition 2:
‘When the marginal utility of consumption is lower when working, we must verify that

u (2,0, X¢) > (2 + Wo 4, LX) > (2 + Weo 4 LX),

and that®
Y12 < y22 < 21 < 0.

6We prove in the appendix that, in this case, 22 is greater than 712 if and only if

(24 w00 13 X0 ) — ! (20,05 X0)

u’ (Zt -+ w;Q,U 1; Xt) — (zt7 0; Xt)

cCM > M1

This last condition is stronger than cps > 71, because the term between brackets is strictly greater than 1.



Under either condition 1 or condition 2, a mover (i.e., a worker who move from one firm to another
at the end of period ¢ — 1) becomes nonparticipant at the end of period ¢ if he or she is offered a wage
less than w3, ; where

W39 4 > Wiy > Wig ¢

A stayer becomes nonparticipant if he or she is offered a wage less than w7, ;. Thus, the participation
decision at period ¢ can be characterized by the equation

ye = 1 [wt > 'LUSQJt — M2 Yt—1 T V22 Yi—1 mt—l]

1 [wt — Woo + V12 Ye—1 — Y22 Y1 My—1 > 0] (16)

with 29 > 712 > 0, and where 1(-) denotes the usual indicator function.

A stayer can accept to move to another firm at the end of period ¢ if he/she is offered a wage w;
greater than wj, , but less than w3, ;. On the other hand, a mover will decide to move again only if the
wage offer in ¢ is at least w3, ;. Consequently, the mobility decision at period ¢ can be characterized by
the equation

my = 1 [wt > wigy + Y22 Y1 mt—l] 17)

1 [wy — wiy, — Y22 Ye—1 my—1 > 0]

with 9 > 0.
Substitution of the wage function, i.e. the equation for w, into (16) and (17), gives the equations
which are the basis for our econometric specification as detailed below.

2.2 The Econometric Specification

We use a statistical model that is suited to the incorporation of key elements that are important to
labor markets and wage setting outcomes. The model consists of three equations. The first equation is
a participation equation, reflecting the individual’s choice of whether or not to participate in the labor
market. The second equation is a mobility equation describing the individual’s decision to switch from
one firm to another. Finally, a log wage equation specifies individuals’ annual earnings function.”

In the first two equations we distinguish between periods for ¢ > 1 and period ¢ = 1, for which we
need to specify some initial conditions as will become clear from the specifications below.

The participation equation for date ¢, t > 1, is given by

Yit = l(y;'kt > O)a (18)
Vi = x;itﬁﬂ + ByVit—1 + BmMi 1—1 + 0y + Uy,

where 3, denotes a latent variable that depends on x,;;, the observable characteristics for the ith indi-
vidual at time ¢. Among other things x,;; includes education and actual lagged labor market experience
(and its square). This last variable is constructed from the individual sequence of y;;. The term oy,
is a person specific random effect, while u;; a contemporaneous error term. The notation 1(-) is the
usual indicator function, that is, y;; denotes whether worker 7 participated at date . Note also that the
equation includes the past realizations of the participation and the mobility processes.®

The interfirm mobility equation at any date ¢, t > 1, is given by

Mt

*
N

1(mj, > 0) X L(yse—1 = Lya = 1),
Trnit A0 + AN t—1 + Qi + Vi, (19)

where m}, denotes a latent variable that depends on x,,;, the observable characteristics for the ith
individual at time ¢t. Among other things ,,;; (which need not be the same as z,; in equation (18))

7A similar model, but without the mobility equation, was also considered by Kyriazidou (1999).
8As is common in the literature, we make no distinction in this specification between unemployment and non-
participation in the labor force.



includes education, lagged labor market experience (and its square), and lagged seniority (or tenure) in
the firm where he/she is employed (and its square). The term «,; is a person specific random effect,
while v;; is a contemporaneous error term. An obvious implication of the above specifications, in (18)
and (19), is that, by definition, one cannot be mobile at date ¢ unless he/she participates at both dates
t—1andt.

The (log) wage equation for individual ¢ at all dates ¢, is specified as follows:

wi = wiy X Ly =1), (20)
wh = I+ @60 + owi + it

where w}, denotes a latent variable that depends on observable characteristics x,,;. Among other things
Zyit includes education, labor market experience (and its square), seniority (or tenure) in the firm where
he/she is employed (and its square). The term a,; is a person specific random effect, while &; is a
contemporaneous error term. Finally, the term J}} denotes the sum of all wage changes that resulted
from the moves that occurred before date t. We include this term to allow for a discontinuous jump in
one’s wage when he/she changes jobs. The jumps are allowed to differ depending on the level of seniority
and total labor market experience at the point in time when the individual changes jobs. Specifically,

M, 4
T = (65 + dhei) din + Y [ Y (Bjo+ disu—1 + ¢Sen—1) djiny | - (21)
=1 |j=1

Suppressing the i subscript, the variable dy;, equals 1 if the Ith job lasted less than a year, and equals
0 otherwise. Similarly, do;, = 1 if the lth job lasted between 1 and 5 years, and equals 0 otherwise,
dat, = 1 if the lth job lasted between 5 and 10 years, and equals O otherwise, d4;, = 1 if the {th job lasted
more than 10 years and equals 0 otherwise. The quantity M;; denotes the number of job changes by the
ith individual, up to time ¢ (not including the individual’s first sample year). If an individual changed
jobs in his/her first sample then d;; = 1, and d;; = 0 otherwise. The quantities e; and s; denote the
experience and seniority in year t, respectively.?

Note that from the previous section, it follows that all the variables that determine the wage function
also affect the participation and mobility decisions, and all the variables that affect participation also
affect the mobility decision. In particular, both the participation and mobility equation need to include
the J" function. However, to simplify matters we assume that the J" function is a linear combination of
the (observed and unobserved) variables included in the participation equation. Hence, the J" function
appears only in the the wage equation.

At this point, it is important to note that our model comprises a unique outcome equation, i.e. the
same wage equation holds for those who move and those who do not. The only differences come from
differences in observables. And, using the conceptual framework of the evaluation literature, there is
no way we can compute the expected wage of the treated (say those who indeed move) had they not
been treated (i.e. had they stayed in their origin firm). Each worker in our statistical model draws a
unique idiosyncratic random term in the wage equation. Indeed, had we two equations as in Robinson
(1989) for the union and non-union sector, the construction of a counterfactual wage would have been
possible. However, in our approach, the specification of two equations, one for the origin firm, one for
the destination firm, would be logically inconsistent since an origin firm for one worker is the destination
firm of others. Hence, one must have a unique distribution from which shocks should be drawn. Another
solution would be to draw one shock for each firm. But, in the PSID, this is unfeasible since individual
firms cannot be identified. Hence, in our results section, we will describe movers in terms of their origin
and destination industries, wage changes, J}¥ function.

9This specification for the term JinV produces thirteen different regressors in the wage equation (20). 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.



2.3 Stochastic Assumptions

In this subsection, we specify the stochastic structure of the random terms in equations (18)—(20) and
provide the distributional assumptions for the random terms.
First, the individual specific effects are stochastically independent of the time-varying shocks, that is

(Qyss Qmi, Qi) L (Wit Vit, &4t -
Furthermore, we assume that (ay;, Qms, i) are correlated individual specific effects, with

(ayia Qg awi) ~ N(Oa Q)a

where )
a, PayamOayOan,  PayawTa,Oay,
Q= Pay i, oy T, Tam P, T, Oy,
PayawTa,0aw  Pomaw T am T, o

Here, we allow 02 , 02 , and 02 , and consequently 2, to be heteroskedastic, i.e., the variances are
y m w

allowed to depend on xy;, Tpit, and 2., that is,

Ug@, = exp (h1 (Vy, Tyit, s TyiT)) 5
Uim = exp (h2 (Ym, Tmit, .- Tmir)), and
Taw = XD (h3 (Yoo Twit s Tuit)) (22)

for some real valued functions hy(-), ho(-), and hg(-).
Note that the above specification has direct implications for the correlation between the regressor
vectors and the person specific random effects. To see this, consider those employees that participate

and have s;; = s, which is similar to mi—s—1 = 1, miz—s = 0, Miz—sy1 = 0,---, Miz—1 = 0, my = 0,
Yitms—1 = 1, Yir—s = 1, Yir—se1 = 1+, Yiz—1 = 1, y;z = 1, or rewrite as (all this is conditional on 2's
and o's):

l(mit—s—l = ]-a Mit—s = 0) e, My = 0) Yit—s—1 = ]-a Yit—s = ]-a Y = ]-)

l(mit =0,y =1 | M1 = 0,y5—1 = 1) X
XE(Mig—s41 = 0,Yst-sp1 =1 | My s =0,y s = 1)
XI(mig—s = 0,4t s =1 | My s 1 =Ly s 1=1)
xU(mip—s—1 = 1,yi4—s—1 = 1)

because of the first-order dependence of the mobility and participation processes. From this, we see that
Sit = (8it—1 + 1) x 1(m4z = 0,y = 1) and by recursion

t
Sig = S X H 1(mip =0,y =1)
k=0
t—1
+Z [1(mi =0,y = 1) x --- X L(my—p = 0, ys—r = 1)]
k=0

Therefore, in the wage equation, for those workers that participate, the seniority component s;; is
correlated with the person-specific effect of the wage equation «,,; through the correlations of «,,; and
vy, the person-specific effects of the mobility equation and of the participation equation respectively.
Similarly, experience as well as J}/, which are both present in the wage equation, can be shown to be
correlated with the person-specific effect a,,; affecting this same wage equation, because they include,
albeit in a complex fashion, the person-specific effects from the mobility and participation equation,
aim; and oy, which are in our statistical model correlated to a,,;. Hence, our statistical model allows
correlated random effects in the wage equation between observables and the unobserved person-specific
component.



Finally, the idiosyncratic error components (u;, vit, &) are assumed to be contemporaneously corre-
lated white noises. Specifically, we assume that

Tit = (Wi, vig, i) ~ N(0, %), (23)
where

1 Puv  Pugl¢
Pugl¢  Pugl¢  O¢

Note that for identification reasons, we set 02 = 02 = 1.

Our analysis departs from the existing literature on the return to seniority in a number of crucial
ways.!® The most important deviation is that we explicitly model the participation and mobility deci-
sions. In order to discuss this relation more precisely, the next paragraphs describe the routes taken by
previous research.

2.4 Related Literature

The debate on returns to seniority really started with Topel (1991) whose views stood in stark contrast
with previous results, mainly those of Altonji and Shakotko (1987) and of Abraham and Farber (1987).
Therefore, we first describe Topel’s strategy. Then, we briefly discuss Altonji and Shakotko as well as
Abraham and Farber (1987). Finally, we spend some time on the more recent article of Altonji and
Williams (1997) who revisit very carefully this debate. We also discuss related articles.

Starting from the evidence that the costs of displacement are strongly related to prior job tenure,
Topel (1991) singles out two potential explanations: wages rise with seniority; tenure acts as a proxy
for the quality of the job (the job was well paid all along). He apparently discards the third hypothesis
that workers with long tenures are more able. His base equation is:

Yije = Xije + TijefPo + €4

where y;;; is the logarithm of the wage of individual ¢ in job j at period ¢, X;;; denotes experience, Tj;;
denotes seniority, and where the residual €;;; can be decomposed as

€ijt = Gije + fi + Vije (25)

with the first component specific to the work pair, the second being ability, the last is for marketwide
random shocks and measurement error. In particular, an endogeneity problem arises if the first com-
ponent ¢;;; is correlated with experience or tenure. This leads Topel to rewrite the first component
as

Pije = Xijeb1 + Tijeba + usje

Topel makes the following reasoning. If 35 > 0 some workers have rejected offers. Since they stay
this reduces the average wage of stayers. And similarly, those who move received large wage offers and
this raises the average wage of movers. Hence, this generates a negative by. Topel therefore stresses upon
the selection effects in who are the movers and who are the stayers. He also notes that mobility costs
strengthen the bias (those who move are even more selected among high-wage workers).

The estimation technique that Topel suggests is a two-stage procedure. First, he looks at first
difference for the stayers:

Ayiie = 1+ B2 + A€

10Tn particular, see Farber (1999) for a comprehensive survey of evidence in the literature.




and he writes the initial wage in the job as
Yijo = Xijol1 + dijo + 1i + Vijo

So, if one estimates the first difference equation and get ﬁi-\ﬁg = B, then y;;s — T;;+ B = X;j001 +e. To
have no endogeneity bias, one needs £ Xye = 0 or using the first and the third equations, one obtains:

EBy = By + b1 +vxor % (b1 + bs)

where 77y is the coefficient of the regression of Y on Z, and

EBy = Ba — by — xor X (b1 + b2)

It is crucial to note at this point that, in Topel’s approach, experience at entry in a job is exogenous
and uncorrelated with the error terms.

Finally, Topel notes that if jobs with large wage growth survive more than jobs with low wage growth,
the growth in the stayers population may be larger than in the total, and then 85 would be overestimated.
Also, if those who change jobs often are less productive, then those who stay long have a low initial X
and therefore (3; would be biased downwards, and consequently B2 would be overestimated.

The data used in Topel (1991) is the PSID (from 1968 to 1983). The wage measure is the log average
hourly earnings in the calendar year. Unfortunately, the cross-sections of the PSID are not representative
of the population. Furthermore, since a fixed population is followed, the time trend is not exogenous
(because the average match quality rises with time in the market). Therefore, Topel chooses to deflate
the wage data by an index. As for the econometric methodology, Topel claims that when wage growth
follows a random walk ¢;;; = ¢;j:—1 + 7:5:, the estimates based on first difference are unbiased, and,
indeed, this is what he finds.

The application of his method yields the following results. Topel finds 85 = .0545 and hence 10 years
of seniority imply a 28% wage increase. He also estimates b; + by = .0020. According to Topel, the
above results constitute a lower bound on the average returns to job seniority. But, there are potential
biases in the estimates of 3; + (o:

a) the sample may include jobs with unusually high wage growth. and the jobs that are more likely
to last are jobs with a large firm-specific growth component (potentially known to the workers). By
looking at jobs that he kwows will survive longer, and comparing the resulting estimates of (31 + s,
Topel finds no difference.

b) more able or more productive workers may be less mobile. He therefore examines the maintained
hypothesis that p; person’s ability is unrelated to tenure. In fact, when the best people move less, then
the potential bias can be seen from the folllowing equation:

EB; = Ba — by — vx,7 X (b1 + ba) — (coefficient of the regression of y on Xj)

To evaluate this bias, Topel needs an instrument. The variable, uncorrelated with p; but correlated
with X, that he suggests is total experience X. Hence, he assumes that the distribution of ability is
unrelated to experience. Under this maintained hypothesis, Topel can use IV to estimate the second
stage of his approach:

I

IV
Ep; 252—b1—IYX—T><(b1+b2)

1—xr
Since he finds that the coefficient of the regression of T on X is equal to 0.5, the resulting estimates of
the returns to seniority (the lower bound) fall to .052.

In contrast, Altonji and Shakotko (1987) (AS, hereafter) apply from the beginning an instrumental
variables technique assuming that ¢;;; = ¢;;, i.e. is time-invariant. Hence, Zt(Tijt —T;i)(pij + 1) =0
and the deviation of seniority from the average seniority in that job is a valid instrument in the level
equation. Topel (1991) shows that this IV technique is a variant of his two-step approach. The IV
estimate of 31 + (B3 is similar (taking within-job differences instead of first differences). The resulting
estimate of 3, becomes

10



Eﬂllv = BB + [lvi - ’YXOT:| X (b1 + b2)
—IXT

Empirically the coefficient of the regression of T' on Xy is equal to —.25. Therefore AS’ procedure
appears to induce a downward bias. Another reason is measurement error for downward biases. Finally,
the treatment of time is another difference between these two approaches. Topel uses a specific index for
the aggregate changes in real wages based on the CPS. AS use a time trend. If there is growth of quality
of the jobs because of better matches across time, then this growth causes an additional downward bias
in returns to tenure. Abraham and Farber (1987) have different assumptions and use completed tenure
to proxy unobserved dimensions of persons or jobs quality, but many have censored spells. They also
use a wage equation that is quadratic in experience and linear in tenure.

Recently Altonji and Williams (1997) have set up their model following Topel’s. Their article is an
in-depth attempt to outline the consequences of various modelling assumptions on the estimated returns
to seniority. First, they write the person specific effect p; (see above) as

w=Xci+Teco+w
with cov(p, X) = 0 and
T = pdy + Xdo +v

Since cov(p, X) = 0, then dy is the coefficient of the regression of T on X , denoted yx7. Then, they
show that ¢; = —yx7rce <0 and

var(p)
=d
2 1d%var(,u) + var(v) >0
T|X
Note also that yx,, = CQL(;)), This is in contrast with Topel’s assumptions (EXgpe = 0). Our
T

approach is therefore much closer in spirit to AW’s since we model experience and allow it to be correlated
to wage through its various components, especially the person-specific effect (see the above discussion
on correlated effects).

Altonji and Williams (AW, hereafter) replicate Topel’s results. They first focus on the specification
of the time trends. Topel claims that time trends are problematic because they can be correlated with
¢ when workers have had more time to locate high ¢ jobs. In addition, time may be correlated with
because of changes in the sample. AW claim that the covariance between ¢ and ¢ is 0 conditional on
X, T and X or T and Xy. AW conclude that a way to circumvent the above problems is the use of ¢ in
deviation from the person’s mean. In addition, AW do not appear to be convinced that the specification
of the time trend is a serious problem.

AW test the impact of using the instrumented time trend in place of the Murphy-Welch index based
on the CPS that Topel uses. They find no effect on OLS results but find substantial difference in the IV
used in AS, i.e. by using the deviation of seniority from mean in the job as an instrument. In addition,
they find a small but sizeable upward bias in Topel’s estimator.!!

AW look also at the impact of measurement error in the estimated returns. Remember first that
Topel reports that AS’s IV estimator goes from .052 to .161 when one moves from AS’s measure of tenure
to his measure. Note also that AS found that measurement induced changes in the estimated returns
without altering the qualitative nature of their conclusions (from .027 to .041).

11 AW also discuss the dating of the earnings measure used in Topel (1991). The latter uses earnings and tenure at date
t whereas AS and AF use tenure at ¢ and earnings at ¢t — 1 since employer tenure reported in the PSID refers to date ¢,
whereas the wage measure is annual earnings (divided by annual hours) in the previous calendar year. Hence, when there
is a job change, all measures of earnings are mixtures of the old and the new job compensation. AW test using year ¢
wages with year t tenure. All available estimates of the returns to seniority decline (say at 10 years, from .223 to .161). In
addition, AW examines the impact of the functional form used for tenure in the estimation. AS use a quadratic function
plus an indicator for T' > 1. Topel (1991) uses a quartic (note that, for Topel, given his dating conventions, T' is always
greater than 1). AW find that the functional form does not matter much.
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To conclude, AW summarize the differences in the various estimators that they have examined. First,
it appears that all estimators are biased upwards by job match heterogeneity (i.e. correlation between
T and ¢). Accounting for this correlation plus the timing issue, estimates drop from .223 to .126 (at 10
years of seniority). In addition, if one uses the time trend instead of the CPS-based index to deflate and
instrument Xo with X, the effect falls further to .044 (to be compared with .161 when Xj is considered
exogenous). One conclusion is that individual heterogeneity is important (in the growth) and that a
large part of the reduction in the (upward bias) in Topel’s estimator is due to a reduction in the bias
from individual heterogeneity. As a conclusion, AW’ best guess for the returns to 10 years of seniority is
equal to .11. Interestingly for us, when AW uses more recent data, the returns seem to have increased.

In a recent paper, Dustmann and Meghir (2001) allow for returns to experience, returns to sector-
specific seniority, and returns to firm-specific seniority. Those returns may be respectively person-specific,
and match specific for the last one. To estimate returns to experience they focus on the new jobs of
those displaced. They assume that workers cannot predict closure of an establishment (more than a
year in advance), workers and firms have similar information on the quality of the match, for those
displaced who start a new job the unobservables that govern preferences for work are the same as those
for sector choice. Hence, controlling for the endogeneity of experience also controls for the endogeneity
of sector tenure. Finally, conditional on experience, potential experience and education, age does not
affect offered wages of young workers.

This implies estimating two reduced-form equations for experience at the beginning of the period and
for the participation equation. From these estimates, they get residuals of these equations and include
them in the wage equation for the first wage record of the job after displacement. In this equation the
residuals from the two previous reduced-form equations are introduced and interacted with potential
experience, general experience, sector tenure. Of course this equation has no firm-specific seniority in it
(it is equal to zero by construction). A similar procedure is used for estimating returns to seniority. The
equivalent problem being selection from staying in the firm. The data are German (IAB) and from the
US (NLSY79). Their results show that the returns to tenure for skilled workers are large (2% a year for
the first five years), slightly smaller for the unskilled. They also find evidence of heterogeneous returns to
tenure. Returns to sector tenure are rather low even though they are significant. Returns to experience
are larger than for tenure (4% a year for at least 5 years) and are smaller for the unskilled. Finally, they
find that, for both countries, between-job wage growth is larger than within-job wage growth.

The above papers focus on returns to tenure without explicitly specifying the mobility process that
generates the observed seniority. However, Farber (1999) notes that this process has some specific
features that must be modelled. For instance, he shows that in the first few months of a job, there is an
increase in the probability of separation and then this probability decreases. To understand this process,
person heterogeneity and duration dependence must be distinguished. If only pure heterogeneity prevails,
the number of jobs previously held is a sufficient statistics for the probability of change. Controlling for
experience and the number of prior job changes, the mobility should not be related any more to tenure in
this situation. Farber gives evidence that contradict the simple model of pure heterogeneity (see Farber,
1994). Notice also that Farber (1999) seems to suggest that one should estimate a full structural model
since completed job duration is surely jointly determined with wages.

Farber (1999) also surveys some aspects of the displaced workers literature that are of interest for us.
In particular, if specific capital matters, the firm will choose to lay off less senior workers, and Farber
found support for this view. Furthermore, job losses result in permanent and substantial earnings loss.
In addition, the results in the literature that he surveys show that those with more tenure lose more.
Selection of the laid off workers does not seem to explain strong differences (see Gibbons and Katz, 1991).
One potential explanation is that some jobs are high-wage jobs. Then average tenure will be higher on
those jobs because of the reduced probability of quits. If more stable workers are more productive
then long tenure in the past job commands high-reemployment wage. This question of the relation
between tenure and the re-employment wage is indeed pervasive in this literature, even though its joint
modeling is never explicitly undertaken. Our J"W function allows us to tackle this issue directly. The
inclusion in the J}V function of seniority at the end of the last job is also motivated by the literature
on displaced workers. For example, Addison and Portugal (1989) show that wage losses are larger for
displaced workers with more tenure (see also Jacobson, LaLonde, and Sullivan (1993) as well as Farber
(1999)). The inclusion of job market experience at the previous job as a determinant of the earnings

12



change in the J}7 function allows us to distinguish between displaced workers, who went through a
period of non-employment after displacement, from workers who move directly from one job to another.
Similarly, the inclusion in the J}¥ function of the number of past mobilities and the seniority at the end
of each of the past jobs allows us to control for the quality of the previous job matches. Neal (1995)
and Parent (1999, 2000) focus on the related and very important question of sector or firm specific
knowledge. Unfortunately, the choice of sector or of firm is left exogenous in our approach. To model
the first choice, an additional “change of sector” equation, similar to the mobility equation, should be
added to our system of equations; this would make estimation of our model even more difficult. As for
the choice of firm, estimation of this model is beyond reach, even when matched employer-employee data
are available.

Finally, even though they do not focus on returns to seniority nor on firm-to-firm mobility, we
must mention the recently published article by Geweke and Keane (Geweke and Keane, 2000). These
authors include two equations in their system, one for earnings and one for the marital status. Earnings
are modelled as an autoregressive process, with a person specific effect and AR(1) process for the
idiosyncratic term. The marital status equation has a latent variable that depends on the realization
of the status at ¢t — 1 as well as earnings at ¢t — 1. From the estimates, they construct a simulated file
with the observed characteristics of their sampled individuals. They use their estimates to examine
earnings mobility (using quintiles), the present value of lifetime earnings. They show that non-gaussian
distributions of shocks do fit the data better than gaussian ones. For instance, the college premium
is greater under the non-gaussian model than under the normal one (by one fifth). Their estimation
technique shares many features with ours. In addition, the data set that they use, the PSID, is similar
to the one we use.

This brief review of the literature makes clear the distinctive features of our approach. We estimate
a structural model for the joint decisions of participation, firm-to-firm mobility, and earnings. This
model allows for time-dependence and correlated unobserved heterogeneity in the various decisions and
outcomes. In addition, our wage equation specifies quite precisely the re-employment wage through the
JW function, function that depends on past job outcomes.

2.5 The Likelihood Function

In this subsection, we present the likelihood function for our problem. We first specify the likelihood
function, conditional on the individual specific effects, and then integrate it with respect to the distri-
bution of the individual specific effects. For convenience of notation, let o) = (., Qmi, i), and let
Zit = (Tyit, Tmit, Twit). Conditional on the individual specific effects, the individual’s likelihood function
is given by

l{(yit,mit,wit)tzle | a}axit} = l{(yiTamiTawiT) | a'}axit; (yinl,minl,Jdi‘{)}
xI{(yir—1,mir—1,wir—1) | o, it (yir—2, mir—2, Ji7_1) }
X x H{ws | (yir, mar), o, 2} X U{ya, mar}

Note that the last term of the right hand side of (26) is the likelihood for the initial state (at time ¢ = 1)
of the ith individual, that is the likelihood of (y;1,m;1). Following Heckman (1981), we approximate this
part of the likelihood by a probit specification given by

va = LUy >20), (26)
with yj; = ax; + agi + i1,
and
my = 1(mj; >0) x Ly =1), (27)
with m;kl = bx;; + a?ni + v;1.

The random terms agl- and o . are assumed to be normally distributed random variables, with mean
0. Furthermore, they are allowed to be correlated with the fixed individual specific components
(Qtyiy Omi, Qi) Consequently we assume that
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Qi = (01,2,“ a?nia Qg y Aygs aml) ~ N(Oa F)a

where
2
(Tag pag af, Uag 0al, poz.“,ag Ty, Uag pa.yag Oa, Uag pamag Oam 0&2
2
Pafal, Taf Tay, Ta0, Payal, OawTaf,  Payal,0cyTal,  Paal, TamTal,
= Pa,al9a,0af  Payal Ta,%af, %a, PayonOayOay  PamawTamTay | -
payo‘g Tay 0043 Payal, OayTal, PayawTayTom Oa, Payom TayTam (28)
Pamalfamn0al  Pamal, Oamlal, PanawTanTa,  PayanTa,Tay, T,
As for aiy , and Ugm in (22) we allow 02, and 00 to be heteroskedastic, that is
: s 9 ,
2 h , )
O—ag = €exp 4(’Yy0a Lyyily -+ns xsz) 5
2
and 050 = exp(hs (Ym0, Tmit, - ToniT)) s (29)

m

for some real valued functions h4(-) and hs(-). Note that each individual in the sample has (potentially)
different I', say I';, that is

For convenience we rewrite I' as
I = DA,D, (31)
where D is a diagonal matrix of the form
D = diag ((rag, Ta0 s Oy Tauy s (ram> (32)
and
1 pa%a% pawag payag pamag
paga?n 1 pawa?n paya?n pama?n
A, = Payad  Payal, 1 Poyow  Pagma . (33)
payag paya% payaw 1 payam
painag pam,a?n Pay e payam, 1

Furthermore, we simplify the variances in (22) and (29) to be only a function of the average of the
regressors over the sample years.'? In generic form we have then

hi(v,z1,.yxr) =Ty, j=1,..,5, (34)

where T = (Zz;l x)/T. Also we define v = (71,7, V4, V4, 75) -
Given the above assumptions, the form of the individual’s conditional likelihood, given the individual
observable characteristics and unobservable individual-specific effects, is given by

U{ (it mies wit) |, Yie—1, M4 -1, JWY o= {1- ()80 + ByYii—1 + Bmmmia—1 + o) 0
Yit
{oe ot x )
X {®(Bit) — P2 (Ait, Bit, R)}y“x(l_mit)
X {1 - o (Azt) - (th) + q>2 (Ait, Bit, R)}yit XMt
(35)

12Even though it applies to the variance, this simplification is reminiscent of Mundlak (1971) where the mean of fixed
effect was modelled.
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for t = 2,...T, where ® and ¢ are the cdf and the density function, respectively, of a standard normal
variable,

it = wy — {4+ 260 + qwil,
Ay = < yitBo + ByYit—1 + Bmmi i1 + i + & pu§> J\J1— Ple,
By = — < Tt A0 F A1+ o + it Pv§> / nga
& (A,B.R) — / / S X P < v *(f]jm]y%;; Y > dady,
and R = —Pug X Pot (36)

\/(1 - pig) x (1 - pig)

Note that for derivation of the likelihood in (36), we used the fact that

3 1- 2 uv — Pu&Fv
(uit,vit) | git ~N [( Eztpug/(fg ) ’ ( Pue 12 p2§p E>:| .

Sitpue/0¢ Puv — Pucpoe 1~ ple

Similarly, the likelihood function for the initial state is given by

Yi1

1—y; _ _
Hwi lyi, mas o) iy, mat = {1—@@) a+a))} " {05 ' x (& x o 1)}

x {®(B;1) — @2 (4i1, Bi1, R)}yil)((lfmil)
x{1—=®(An) — ®(Ba) + P2 (Air, Ba, )}V,

where
&n = wi —{JIY + 2o + il
A = — <37;z‘1‘1 +ag; + &a p%) /\J1= P
Pu
and Bﬂ = - ( mzlb + amz + 511 5) / p12)§

Thus the individual likelihood function, integrated over the individual specific effects «;, is given by

T
l{(yitamitawit)tzlymT} = / lHl { (Wit, muie, wir) | o, @i, (yitl,mi,thJi‘;Vl)}]

t=2
xU{wi | (Yi1, mar), o, @i, b X UH{yin, man

x (2m) P2 0y % exp [<0.5 % ()T ()] das.

In the analysis reported below, we adopt a Bayesian approach whereby we computed the conditional
posterior distribution of the parameters, conditional on the data, using Markov Chain Monte Carlo
(MCMC) methods as explained below.!3

130ne can also use an alternative (“frequentist”) approach such as Simulated Maximum Likelihood (SML) method (see,
for example, Gouriéroux and Monfort (1996), McFadden (1989), and Pakes and Pollard (1989) for an excellent presentation
of this type of methodology). However, the maximization is rather complicated and highly time consuming. For comparison
we estimated the model using the SML method only for one group (the smallest one).
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3 Computation of the Posterior Distribution

Since it is analytically impossible to compute the exact posterior distribution of the model’s parame-
ter, conditional on the observed data, our goal here is to summarize the posterior distribution of the
parameters of the model using a Markov Chain Monte Carlo (MCMC) algorithm.

Let the prior density of the model’s parameters be denoted by 7(6), where 6 contains all the para-
meters of the model, i.e., 8 = {3, a,X,A,, v}, as defined in detail below. The posterior distribution of
the parameters would then be:

(0| z) x Pr(z | 0)m(0),
where z denotes the observed data. This posterior density cannot be easily simulated due to the in-
tractability of Pr(z | 6). Hence, we follow Chib and Greenberg (1998), and augment the parameter space
to include the vector of latent variables, 2, = (v, mj, w},), where y%, m},, and w}, are defined in (18),
(19), and (20), respectively.

With this addition it is easier to implement the Gibbs sampler. The Gibbs sampler iterates through
the set of the conditional distributions of z* (conditional on #) and 6 (conditional on z*).4

Note that in matrix form we can write the model in (18), (19), and (20) as

2y = T8 + Lo + Tir, (37)
fort =1,...,T, where a; ~ N(0,T;), as is defined in (30), 7 ~ N(0,X), as defined in (23),

i'ﬂ: 0 Tmil 0 0 0 s
0 0 Tawil 0 0

0

0

0

0 0 ayw O
Ty = 0 0 0 Tmit s for t > 1,
0 Tyie 0 0
1 0 0 0O
Li=[{ 0100 0], and
001 00
00010
Li=| 0000 1|, fort>1.
00 1 00

For clarity of presentation we define a few other quantities as follows. The parameter vector (3
consists of the regression coefficients in (18), (19), and (20), including the parameters from the function
J} defined in (21), and the parameter vectors from the initial condition equations (26) and (27). The
parameter vector <y consists of the coefficients in (34). Note that the covariance matrix for «;, T';, is
constructed from v and A, defined in (31), (32), and (34). Let the vector a contain all the individuals
specific random effects, that is, o' = (¢, ...,a/y). For convenience we use the notation Pr(t | 6_;) to
denote the distribution of ¢, conditional on all the elements in 8, not including ¢.!> Below we explain the
sampling of each of the parts in 6 (augmented by z*), conditional on all the other parts and the data.

A key element for computing the posterior distribution of the parameters is the choice of the prior
distributions for the various elements of the parameter space. In this study we use conjugate, but very
diffused priors on all the parameters of the model, reflecting our lack of knowledge about the possible
values of the parameters. In all cases we use proper priors (although very dispersed) to ensure that the
posterior distribution is a proper distribution.

A limited sensitivity analysis that we carried out shows that the choice of the particular prior dis-
tribution hardly affects the posterior distribution of the parameters. This indicates that the chosen

14Recent presentation of the theory and practice of Gibbs sampling and Markov Chain Monte Carlo methods may
be found in the book written by Robert and Casella (1999), and in the survey by Chib (2001). In econometrics, recent
applications to panel data include the papers by Geweke and Keane (2000), Chib and Hamilton (2002) and Fougére and
Kamionka (2002).

5For a similar hierarchical model see also Chib and Carlin (1999).
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prior distributions are not dogmatic, in the sense that they have virtually no effect on the resulting
posterior distributions. In fact, while all the prior distributions for the parameters are centered around
zero (except for o2, which is centered around 4), with a very large variance, the posterior distributions
(as is also clear from the results provided below) are centered away from zero, and have relatively small
variance. This last result stems largely from the fact that the data set used is rather large.

Additional evidence that the results are not dominated by the choice of the prior distributions is the
fact that the point estimates from the SML procedure were essentially the same as those for the method
reported here. Nevertheless, with the SML method one needs to resort to the first-order asymptotic
results, which do not provide the exact small sample distribution for the estimated parameters.

3.1 Sampling the Latent Variables z*

There are three latent dependent variables: y%, mj, and wj. While g% and m], are never directly
observed, w}; is observed if the 7th individual worked in year t. Conditional on 6, the distribution of the
latent dependent variables is

2|0 ~ N (38 + Ly, X).

From this joint distribution we can infer the conditional univariate distributions of interest, that is
Pr(y%|mi, v}, 0) and Pr(m? |y}, w},, 0), which are truncated univariate normals, with truncation regions
that depend on the values of y;; and m;;, respectively. Note that m;; and w;; are observed only if y;; = 1.
Therefore, when y;; = 1 we sample m}, from the appropriate truncated distribution. In contrast, when
yit = 0, the distribution of m}, is not truncated. Similarly, we can infer the distribution of the unobserved
(hypothetical) wages, Pr(w}|y, m%, 6).

3.2 Sampling the Regression Coefficients 3

It can be easily shown (see Chib and Greenberg (1998) for details) that if the prior distribution of 3 is
given by

6 ~ N(ﬂOa BO)a
then the posterior distribution of (3, conditional on all other parameters is
Bl6_5 ~ N(B, B),
where
R N T
R IE RIS DL ET)
i=1 t=1
and

N T -1
B= (Bol + Z Z:z;tz—l@t> )
=1 t=1

3.3 Sampling the Individuals’ Random Effects «;

The conditional likelihood of the random effects for individual 7 is as follows

T

() x ©=T/2 exp {.5 Z(z:t — Fgf3 — Lyoy)'S7 N2l — T — Ltai)} .
t=1

The prior distribution for the random effects is N(0,T;), so that the posterior distribution of «; is

oy~ N(&iavai)a

where

T -1
Va,; = (Fll + ZLizlLt> 3
t=1
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and

T
& = Vo, > LSz — Fuf).
t=1

3.4 Sampling the Covariance Matrix X

Recall that the covariance matrix of the idiosyncratic error terms, 7, is given in (24). Since the
conditional distribution of ¥ is not a standard, known distribution, it is impossible to sample from it
directly. Instead, we sample the elements of ¥ using the Metropolis-Hastings (M-H) algorithm (see Chib
and Greenberg (1995)). The target distribution here is the conditional posterior of 3, that is,

P(E6—x) o U(E|0_s, i, 25, )p(E)p(p).
The likelihood component is given by
N T
I(S)0-s. i, ) =[S N 2exp {Z E&“} :
i=1t=1

where, A;; = 2}, — ;0 — Lya;. The prior distributions for p = (pyy, pue: pvg)/ and (rg are chosen to be
the conjugate distributions, truncated over the relevant regions. For p we have

p(P) = N[—l,l](Oan),

a truncated normal distribution between -1 and 1. For O'g we have

p(”g) = ]V(O,oo)(:u'(r£ s VGE )a

a left truncated normal distribution truncated at 0. The candidate generating function is chosen to be
of the autoregressive form, ¢(2’,2*) = 2* + v;, where v; is a random normal disturbance. The tuning
parameter for p and ag is the variance of v;’s.

3.5 Sampling the Elements of I';, A, and «v

Recall that the covariance matrix I'; has the form given by

[; = diag(gi1,- .. , gis) * A, = diag(gi1, - - - , 9i5)’, (38)

where
_ 1/2
95 = (exp(Fi;75))
and A, is the correlation matrix given in (33). As in the sampling of ¥, we have to use the M-H
algorithm. The sampling mechanism is similar to the sampling of 3. The only difference is that now we
sample elements of v and A, conditional on each other, and the rest of the elements of 6.
The part of the conditional likelihood that involves I'; is

n N
I(Tile) o [ 10372 x exp{>_ eul'; o},
=1 i=1

and the prior distributions of v and elements of A, are taken to be Nx (0, V,) and Nj_; 1)(0, Vs), respec-
tively.

In all the estimations reported below we employed 10,000 repetitions after the initial number of 1,000,
which were discarded.
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4 The Data

The data for this study comes from the Panel Study of Income Dynamics (PSID). The PSID is a
longitudinal study of a representative sample of individuals in the U.S. and the family units in which
they reside. The survey, begun in 1968, emphasizes the dynamic aspects of economic and demographic
behavior, but its content is broad, including sociological and psychological measures.

Two key features give the PSID its unique analytic power: (i) individuals are followed over very long
time periods in the context of their family setting; and (ii) families are tracked across generations, where
interviews of multiple generations within the same families are often conducted simultaneously. Starting
with a national sample of 5,000 U.S. households in 1968, the PSID has re-interviewed individuals from
those households every year, whether or not they are living in the same dwelling or with the same
people. While there is some attrition rate, the PSID has had significant success in its recontact efforts.
Consequently, the sample size has grown somewhat in recent years.'®

The data used in this study come from 18 waves of the PSID from 1975 to 1992. The sample is
restricted to all heads of households who were interviewed for at least three years during the period from
1975 to 1992 and who were between the ages of 18 and 60 in these survey dates. We include in the
analysis all the individuals, even if they reported themselves as self-employed. We also carried out some
sensitivity analysis, excluding the self-employed from our sample, but the results remained virtually the
same. We excluded from the extract all the observations which came from the poverty sub-sample of
the PSID.

In the analysis reported below, the experience and tenure variables play a major role. Nevertheless,
there are some crucial difficulties with these variables, especially with the tenure variable, that one needs
to carefully address. As noted by Topel (1991), tenure on a job is often recorded in wide intervals, and
a large number of observations are lost because tenure is missing. Moreover, there are a large number
of inconsistencies in the data. For example, between two years of a single job, tenure falls (or rises)
sometime by much more than one year. The are many years with missing tenure followed by years
in which a respondent reports more than 20 years of seniority. In short there is tremendous spurious
year-to-year variance in reported tenure on a given job.

Since the errors can basically determine the outcome of the analysis, we reconstructed the tenure
and experience variables along the lines suggested by Topel (1991). Specifically, for jobs that begin
in the panel, tenure is started at zero and is incremented by one for each additional year in which the
person works for the same employer. This procedure seems consistent. For those jobs that started before
the first year a person was in the sample a different procedure was followed. The starting tenure was
inferred according to the longest sequence of consistent observations. If there was no such sequence then
we started from the maximum tenure on the job, provided that the maximum was less then the age of the
person minus his/her education minus 6. If this was not the case then we started from the second largest
value of recorded tenure. Once the starting point was determined, tenure was incremented by one for
each additional year with the same employer. The initial experience was computed according to similar
principles. Once the starting point was computed, experience was incremented by one for each year in
which the person worked. Using this procedure we managed to reduce the number of inconsistencies to
a minimum.

In addition to this procedure we also took some other cautionary measures. For example, we checked
to see that: (i) the reported unemployment matches against change in the seniority level; and (ii) there
are no peculiar changes in the reported state of residence and region of residence, etc.'”

Summary statistics of the extract used are reported in Table 1. By the nature of the PSID data
collection strategy, the average age of the sample individuals does not increase much over time. We
do note that education is very stable, whereas experience and seniority tend to increase. The mobility
variable indicates that in each of the sample years approximately 1/10 of the individuals changed jobs.
Notice that the mobility is very large in the first year of the sample, certainly because of measurement
error; hence, the need for treating initial conditions as separate equations. As a result, the average

16There is a large number of studies that used this survey for many different research questions. For more detailed
description of the PSID see Hill (1992).

17The resulting program, written in Matlab, contains a few thousand of lines of code. The programs are available from
the corresponding author upon request.
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seniority is only around 6 years, while the average experience is over 21 years. Consistent with other
data sources, the average wage decreases over the sample years, the wage dispersion increases across
years, and the participation rate decreases somewhat. Note that a significant fraction of the sample is
non-whites. Approximately 20% of the sample have children who are two years old and below, although
this fraction decreases somewhat over the sample years, as does the fraction of the sample that have
children who are between the ages of 3 and 5. The total number of children remained quite stable
over the sample years. A significant fraction of the sample resides in SMSA, but that fraction tends to
decrease.

Looking at the distribution of individuals across the various industries we note that it remains quite
stable, even though the fraction of workers employed in manufacturing industries decreases. Looking at
the changes in the distribution of cohorts in our sample period, we observe that the fraction of people
in the youngest cohort increases steadily, in particular between 1988 and 1990, dates between which the
number of observations in our sample increases quite strongly together with the fraction of Hispanics.'8
In the meantime, the fraction of people in the oldest cohorts decreases over the sample years. It is
therefore important to control for the cohort composition of the sample in the regression analysis.

5 The Results

The estimation is carried out for three separate education groups. The first group includes all the indi-
viduals with less than 12 years of education, i.e., those who are high school dropouts. The second group
consists of those who have are high school graduates, who may have acquired some college education
or who earned a degree higher than high school diploma, but have not completed a four-year college.
Finally, the third group consists of those that are college graduates, i.e., those who have at least 16 years
of education. We refer to these three education groups as the high school dropouts group, high school
graduates group, and college graduates group, respectively. Below we present the results, for each group
separately, from the simultaneous estimation of the three equations, namely participation, mobility and
wage equation (together with the initial conditions equations for participation and mobility). For brevity
we do not report the estimates for the initial conditions’ equations.

The participation equation includes the following right-hand-side variables: a constant, education,
lagged labor market experience and its square, a set of three regional dummy variables, a dummy variable
for residence in an SMSA, other family income, two dummy variables for being an African American and
Hispanic, county of residence unemployment rate, number of children in the family, number of children
less than 2 years old, number of children between the ages of 2 and 5, a dummy variable for being
married, a set of four dummy variables for the cohort of birth, namely being of age 15 or less in 1975,
being of age 16 to 25, age 26 to 35, and 36 to 45. The excluded dummy variable is for those who were
over 45 years old in 1975. Finally we include a full set of year dummy variables.

The mobility equation includes all the variables that are included in the participation equation. In
addition it also includes: lagged seniority on the current job and its square, and a set of nine industry
dummy variables, all of which are listed in Table 1.

The (log) wage equation includes the following right-hand-side variables: a constant, education,
experience and its square, seniority on the current job and its square, a set of variables and dummy
variables giving rise to possible discrete jumps in the wage as a result of a job mobility as explained
in equation (21) above, a set of three regional dummy variables, a dummy variable for residence in an
SMSA, two dummy variables for being an African American and Hispanic, a set of nine industry dummy
variables (the same as in the mobility equation), county of residence unemployment rate, a set of four
dummy variables for the cohort of birth (as in the previous two equations), and a full set of year dummy
variables. The dependent variable in this equation is the log of deflated annual wage. For individuals
that worked less than a full year we annualize their earnings.

Recall that the variance covariance matrix for the individual random effects ¢ is given in (38). In
order to estimate this matrix for all individuals one needs to obtain estimates for both the elements of A,

and the coefficient vectors v; in g; = (exp(g@’yj))l/2 (j =1,...,5). As explained above, the numerical

18In fact, those in charge of the PSID made a special effort to collect information for those who left the sample in the
previous years. The changes in the age and race structure are due to strong geographic mobility of these young workers.
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computation of the posterior distribution of the v;’s is difficult to obtain, especially when the v;’s are of
a high dimension. Hence, instead of using Z;;, we only use the first three principle components of Z;;,
as well as a constant term.?

High School Dropouts Group:

The results for this group are presented in Tables 2 through 4. Table 2 provides the results for the
participation and mobility decisions, while Table 3 contains the results for the wage equation. Table
4 presents the results for the elements of the covariance matrices, namely 3 and A, (which is part of
T;). For brevity we do not report the estimates for v; (j = 1,...,5). In the discussion below, we focus
on the role of education, experience, and seniority in wage determination, when the participation and
mobility decisions are endogenously determined. To better evaluate the results, we also provide graphs
of the marginal posterior distributions for the variables of interest. In Figure 1 we depict the marginal
distribution for the coefficients on education, experience and experience squared in the participation
equation. To be able to better compare the results for the three education groups the results for all
education group are included. Similarly, in Figure 2 we depict the marginal posterior distribution for
the same coefficients and the coefficients on seniority and seniority squared in the mobility equation for
all three education groups.

Figures 3 through 5 provide the posterior distributions for the returns to education, experience, and
seniority, respectively. While the return to education is simply the coefficient on education, for experience
and seniority we need to evaluate the return at some level of experience and seniority, respectively, as
indicated in the figures. Finally, in Figure 6 we present the wage paths due to changes in seniority
and jobs mobility (the J}V function). The graphs are depicted for a high school dropout worker with
a particular mobility pattern for two levels of experience: (a) a new entrants (Figures 6a); and (b) a
mid-career worker (Figure 6b).

It is apparent from Table 2 that the education level is almost irrelevant in this group for either the
participation or the mobility decisions. In contrast, all lagged variables are very important predictors
of both participation and mobility. Lagged experience has a significant positive effect on participation
decision and negative effect on mobility. The same is true for lagged mobility in the mobility equation.
That is, high school dropout workers who moved in the recent past tend to stay at their current jobs.
Consequently, the average seniority in the sample, over all participating individuals in all years, is about
5.6 years. The probability of a move, when evaluated at the mean level of the regressors, is .078. If
seniority increases by 5 years, this probability decreases to .054, i.e., a decline of more than 30%. The
probability for those with 15.6 years of seniority (i.e., 10 years above average) is only .044, that is almost
half the value at the average seniority. These results are consistent with the results generally obtained
in the literature.

The results also indicate that children have almost no effect on either decision.?? There is also no
clear pattern for the effect of place of residence. Being an African American has a significant negative
effect on the probability of participation, but there is almost no difference between African Americans
and white individuals in terms of the mobility patterns. Also the younger cohorts are more likely to
participate in the labor force. Nevertheless, those who do participate have similar mobility patterns to
the other cohorts.

Consistent with the general pattern described in Table 1, but somewhat more difficult to interpret, is
the general decline in the coefficients on the time dummy variables over time. The decline in these time
dummy variables is more pronounced for the participation decision than for the mobility decision. Note
also that, as one would expect, mobility differs considerably across the various industries, being higher
in industries such as finance and personal services than in industries such as public administration.

Table 3 reports the results for the wage equation, the focus of our investigation. The results clearly
indicate that once one controls for jumps in earnings that result from job changes, the effect of seniority
is of great importance. This is very much in line with Topel’s (1991) results, and in contrast with
the results found by Abraham and Farber (1987) and Altonji and Williams (1997). In fact, the point

19The first three principle components account for over 98% of the total variance of Z; j, so that there is almost no loss
of information by doing so. On the other hand, this significantly reduces the computation time.
20The data includes only heads of households, who are mostly men.

21



estimates in our study are almost identical to those obtained by Topel (1991).2! Our results indicate
that 10 years of job seniority for a typical high school dropout worker increases his earnings by 59.5%
(i-e., 100 - (exp(.467) — 1), where .467 is the implied cumulative return to job tenure). We also note that
the range of this parameter in the marginal posterior distribution is rather small, namely .0455, to .0580.

As noted above, the returns to education, experience, and seniority, are also presented in Figures 3
through 5, respectively. Figure 5 clearly indicates that the return to seniority is quite high at all levels
of seniority, being approximately 4.6% per year at 5 years of seniority and dropping down to 3.7% at 15
years of seniority. In fact, comparing Figures 4 and 5 indicates that the return to seniority is much larger
than that for experience at any comparable level of seniority and experience. This finding is somewhat
at odds with the results obtained by Topel (1991): Topel’s total within-job wage growth is 0.126, larger
than the 0.080 estimate obtained here. However, we model both the participation and mobility, so that
Topel’s estimates can be viewed as biased estimates due to the endogeneity of experience. The return
to education, measured within the generally low-wage group, (see Figure 3) lies exactly between the
returns to experience and the returns to seniority.

The estimates for the parameter of the “switching” function J}/ are reported in lines 7-19 of Table 3.
The estimates indicate that those workers who change jobs frequently, i.e. after less than a year,
apparently do so in order to increase their wages. The lump sum gain is about 10%, while there is
no loss in wages due to loss of seniority in the previous job. High school dropout workers who move
after more than one year, lose approximately 5% for every year of seniority they accumulated on their
last job due to the loss on the accumulated returns to seniority. On the other hand these workers gain
about 10-24% for each move they had in the past (depending on how long they remained at the previous
job), in addition to an increase of 2-3.5% per year of seniority in their last job. The net effect on the
individual’s annual earnings is negative if the employment spell with the last employer exceeded 5 years.
If the worker’s experience at the last job exceeded 10 years there is an additional decline 0.9% per year
of experience. This feature is specific to high school dropouts and may well relate to the fact that most
of their acquired human capital is firm specific.

Figure 6 depicts the wage path of an individual with a particular history of job mobility, that is, it
represents the part of the individual’s annual earning that resulted from the returns to seniority (i.e.,
within-job change in wage due to seniority) and the changes in the J}¥ function due to job changes
(i.e., between-job change in wage). Note that each time a worker moves to a new firm, he/she loses the
seniority accumulated on the previous job, and gains a certain amount according to his/her specific job
history (i.e., the accumulated experience, level of seniority in the job that was left, the number of past
moves, etc.) through the J}V. In order to account for the constraints implied by the mobility and wage
equations, we depict the wage path for a typical mobility pattern for workers who moved. This mobility
path was calculated from the data, for workers with 0-2 years of experience and for workers with 10-12
years of experience at the start of their sample period.??

The high school dropout workers move rather frequently, particularly earlier in their career. For
both experience groups, short employment spells induce positive between-jobs wage changes, whereas
long employment spells induce negative changes. Most of the wage increases are due to within-job
rather than between-jobs wage changes. As Figure 6 indicates, a typical path does have periods with
wage losses, but the trend over the life cycle is of general increase in real annual earnings.

Note also that inter-industry wage effects (see lines 31-39 in Table 3) are very much in line with what
is known in the literature on low-wage employment; manufacturing is a high-wage industry whereas
services are low-wage industries for the high school dropouts.

Finally, in Table 4 we report the parameters of the covariance matrices. As the estimates indicate,
the correlation between the errors across equations for the individual specific effects are almost all
significant, especially for those not in the equations controlling for initial conditions (see lines 12 to 14).
For the idiosyncractic parts only some are significant. As expected, participation and wage equations
are negatively correlated through the white noises (-.035), but are positively correlated through the

211n particular, see Table 3 of Topel (1991). Unlike Topel’s case, we find greater effects at higher levels of seniority, but
this can be largely explained by the fact that we do not include more than quadratic terms in seniority and experience.

22For the 0-2 experience group the mobility sequence used is 0, 1, 0, 1, 0, 1, 0, 0, 1, 0, 0, 0, 1, 0, 0, 0, 0, 1, while for
the 10-12 experience group it is 0, 1, 0, 0, 1, 0, 0, O, 1, O, O, O, O, O, 1, 0, O, O, where 1 denotes a move and O denotes the
person stayed in the same job as last year. Each of the sequences is for 18 years, the same length as the sample period.
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individual specific effects (.296). Clearly, the correlation between individual specific effects is the more
dominant one, and it indicates that individuals who tend to participate more also tend to have higher
wages. Interestingly, mobility and wages are negatively correlated both through the idiosyncratic shocks
and through the individual specific effects of these two equations. This implies that a large negative
unexpected change in wage is likely to induce workers to move to a new job. This is also true for the
individual specific effects, that is, high-wage workers are less likely to move than low-wage workers having
the same observed characteristics.

Also, for the participation and mobility, the correlation between idiosyncratic parts is positive (.003),
but insignificantly different from zero, while the correlation between the individual specific terms is
negative (-.21), and statistically significant. That is, the results indicate that the type of individuals
who tend to participate less also tend to move more, when they do participate. Overall, the results
clearly demonstrate the importance of directly accounting for participation and mobility decision. A
failure to do so is likely to lead to substantial bias in the estimated returns.

High School Graduates Group:

The results for the high school graduates group are reported in Tables 5 through 7. Table 5 provides
the results for the participation and mobility equations, while Table 6 contains the results for the wage
equation. Table 7 presents the estimates for the elements of the covariance matrices. Similar to the
previous group, Figures 1 through 5 also provide the marginal posterior distribution for some of the key
parameters, as well as for the returns to education, experience, and seniority. In Figure 7 we present
wage paths resulting from a typical mobility pattern for two experience groups, similar to the ones
presented in Figure 6.

Table 5 indicates that, in sharp contrast to the high school dropout group, the level of education
is a very important factor in the participation decision. In fact, the results indicate that workers who
have some university education can extract some benefits from their additional investment in human
capital relative to those with only high school education. Furthermore, and in sharp contrast to the
high school dropouts group, the geographical location variables are, in general, statistically important,
and especially residency in an SMSA. Most other variables have similar effects on the participation
and mobility decisions as for the high school dropouts group. In particular, there is a cumulative
effect of participation, i.e., past participation has positive effect on future participation through lagged
experience. On the other hand there is also the opposite effect of mobility, that is, higher seniority and
lagged mobility reduce the probability of a job move. The probability of a job switch for workers in
this education group is 0.0983, when it is evaluated at the mean level of the regressors. The value of
seniority at the mean is approximately 4.7 years. The probability of mobility for a person with 9.7 years
of seniority is only 0.0623, and for a person with 14.7 years of seniority, it decreases further to 0.0468.
A closer look at the marginal posterior distributions for the coefficients on experience and seniority
shows quite a dense distribution around the reported parameter estimates for both the participation and
mobility equations.

Next we turn to the results of the wage equation, which are reported in Table 6 and Figures 3 through
5. Note that the effect of seniority is smaller than for the high school dropout group, but the marginal
return declines at a slower rate. As a result the mean return at low levels of seniority (say 5 years) is
higher for the high school dropouts group (see Figure 5a), but at high levels of seniority (say 15 years)
the relationship is reversed (see Figure 5¢). In any case, the return to seniority is clearly large and
statistically very significant, with a cumulative return that exceeds that for the high school dropouts
group. Furthermore, for this group, the return to experience is twice as large as it is for the high school
dropouts group, at all levels of experience as is clear from a comparison of the graphs depicted in Figure
4. Hence, the sum of the linear components of the returns to seniority and experience, 0.924, is larger
than for high school dropout workers, but somewhat smaller than Topel’s (1991) findings for the whole
population.

Lastly, we describe the results for the J}¥ function. First, we observe that the number of job changes
always has a strong positive effect on the individual’s wage in the new job, except for those jobs that
lasted more than 10 years. Furthermore, if seniority at the last job change was between 6 and 10 years,
about 35% of the loss is recovered as a lump sum, but not because of the level of accumulated seniority
in the last job. In contrast, workers for whom seniority in the last job was either between 2 and 5 years
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or over 10 years recover roughly 3% for each year of seniority. It therefore appears that, in comparison
with a high school dropout, an optimal move should take place before a person becomes too acquainted
with the job (i.e., after 2-5 years on the job), or after acquiring a significant amount of experience on
the job (i.e., after 10 years with the same employer). Note that, in contrast with high school dropout
workers, experience at the last job does not have a negative effect on the wage change, at all levels of
experience. This implies that job movements later in one’s career seems more beneficial for the high
school graduate workers.

As in Figure 6, Figure 7 depicts the wage path of an individual with a particular history of job
mobility, that is, it represents the part of the individual’s annual earnings that resulted from the returns
to seniority and the changes in the J}V function due to job changes. As for the high school dropouts
group we consider workers at two experience levels, namely 0-2 and 10-12 years of experience.?? In
contrast with Figure 6, job mobility causes almost no loss in earnings. Furthermore, earlier in one’s
career, job changes seems to induce larger wage increases than are obtained due to returns to seniority
per se. Nevertheless, this effect attenuates through time. For example, for workers with 10-12 years
of experience most of the wage increases are due to within-job increases, even though job changes do
come with large lump sum increases. Also, the return to education for the high school graduates group
is somewhat higher than for the high school dropouts, and, as apparent from comparison of graphs
depicted in Figure 3, the posterior distribution is less spread than for the high school graduates group.

Looking at the estimates of the correlations presented in Table 7, we note that most of the estimated
correlation coefficients are highly significant. They are generally similar and they all have the same sign
as for the high school dropouts group. However, some key correlation coefficients are much larger; see
especially the estimates in lines 12 to 14 of Table 7. As for the high school dropouts the individual specific
effects from the participation and wage equations are positively correlated (.335) and the coefficient is
only slightly larger. The correlation coefficients between the individual specific effects for the mobility
and wage, and participation and mobility, are much larger in absolute terms than the corresponding
coeflicients for the high school dropouts group. For the mobility and wage the correlation coefficient is
-.523, while for the participation and mobility equations it is -.430. That is, qualitatively the two groups
demonstrate similar characteristics, but the high school graduates who tend to have larger wages tend to
move even less than the high school dropouts. Similarly, the results indicate that the type of individuals
who tend to participate less also tend to move more, when they do participate, and even more so for the
high school graduate than for the high school dropouts.

College Graduate Group:

The results for the college graduate group are provided in Tables 8 through 10. Table 8 presents
the results for the participation and mobility equations, while Table 9 contains the results for the wage
equation. Table 10 presents estimates of terms of the covariance matrices, similar to those presented
in Tables 4 and 7, for the lower education groups. As indicated above, the results are also presented
graphically in Figures 1 through 5 and Figure 8. In Figurel we depict the marginal distribution for the
coefficients on education, experience and experience squared in the participation equation, along with
the results for the other two educational groups. Similarly, in Figure 2 we depict the marginal posterior
distributions for the same coefficients, as well as the coefficients on seniority and seniority squared, in
the mobility equation. In Figures 3 through 5 we provide the marginal posterior distributions of the
returns to education, experience, and seniority, respectively. Finally, similarly to Figures 6 and 7, Figure
8 presents the wage change due to changes in seniority and the J}' function.

From the three education groups, the college-educated workers are most likely to have general, rather
than firm-specific human capital. In addition one would expect within-group heterogeneity to be larger
for this group than for the other two groups because of more pronounced differences in career paths,
hierarchical positions in the firm, etc. Table 8 indeed confirms that assertion: The effects of the various
variables are larger for this group than for the other two education groups. For example, the probability
of moving, conditional on a move in the preceding period, is much lower than for the other two groups,
indication of a more stable career attachment for the more highly educated workers.

23For the 0-2 experience group the mobility sequence used is 0, 1, 0, 1, 0, 0, 1, 0, 0, 1, 0, 0, 0, 0, 0, 0, 1, 0, while for the
10-12 experience group it is 0, 1, 0, 0, 0,0, 0, 1,0, 0, 0, 0, 0, 0, 0, 0, 1, 0. As in Figure 6, 1 denotes a move and 0 denotes
the person stayed in the same job as last year. Each of the sequences is for 18 years, the same length as the sample period.
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Estimates of the wage equation, presented in Table 9 display similar features. The within-group
return to education is comparable to that for the high school graduates group. However, we note that
the constant, a measure of between-group wage differentials—attributed to education—is larger (8.3)
than those for the other education groups (approximately 7.9). In addition, returns to experience, a
measure of the returns to general human capital, is also much larger for the college graduate (5.8%) than
for the other two groups (3.7% and 4.0%, for the high school dropouts and high school graduate groups,
respectively). The return to seniority is larger than for the high school graduate, but almost the same
as for the high school dropouts. Nevertheless, the career incentives, and therefore the observed mobility
pattern, are very different across the three education groups, as is apparent from close examination of the
various components of the J}} function. First, frequent job-to-job mobility induces large wage increases,
but not as large as those observed for longer spells. A job change after one year is associated with a wage
increase (for the remainder of the individual’s career) of approximately 25%, a much larger increase than
for the other two groups. A job move after 2 to 5 years is associated with a smaller increase in wage,
i.e., 18%, but the increase is augmented by an additional increase of 5.8% for each year of seniority in
the previous job.

The results associated with moves after more than six years are markedly different from those obtained
for the less educated individuals (see Tables 3 and 6 in comparison with Table 9). In particular, the
wage compensation is not proportional to the wage loss due to loss of seniority. For instance, a person
leaving his/her employer after 6 years would lose 30% due to the loss of accumulated seniority on that
job, but will gain wage increase of almost 40% (i.e., 100 - (exp(.3231 4 .0111) — 1) = 39.7) due to that
move. After 8 years of seniority, the equivalent numbers would be 40% and, as before 40%, respectively.
In contrast, job movements that occur after spells that last more than 10 years entail wage losses.

In Figure 8 we depict, similarly to Figures 6 and 7 for the other two education groups, the results for
the wage path for an individual with a particular history of job mobility. As before, the implied changes
in the annual earnings are due to the changes in the returns to seniority and the changes in J}V function
due to job changes. As for the other groups the wage path is computed for two experience levels, namely
0-2 and 10-12 years of experience.?* It is apparent that the results are similar to those obtained for the
high school dropouts and high school graduates groups. One difference that is worth noting is that the
size of the between-jobs jumps are somewhat smaller, whereas the within-job growth is larger than for
the other two groups.

In addition to the dynamic considerations discussed above, we also see that some markets offer high
wages. For instance, there is a premium to those who live in the Northeast region or in an SMSA. In
contrast, college graduate workers employed in the North Central region receive lower wages. Similar
structure is also observed across the various industries. For example, the wholesale and retail trades and
personal services industries are low-wage sectors for the college-educated, while the manufacturing and
finance are high-wage industries.

Table 10 provides the estimates for the various elements of the covariance matrices for the college
graduate groups. Asis clearly seen, many of the estimated correlations are very similar to those estimated
for the high school graduates group. In particular, the correlation coefficients between the individual
specific terms are almost the same. Nevertheless, college-educated workers with a higher tendency to
participate have even less tendency to move than the high school graduates. This is yet more evidence
that career concerns are more important for the college-educated.

6 Summary and Conclusions

The most fundamental prediction of the theory of human capital is that compensation, in the form of
wage, rises with seniority in a firm. The existence of firm-specific capital explains the prevalence of
long-term relationships between employees and employers. Nevertheless, there is much disagreement
about the empirical evidence, as well as disagreement above the appropriateness of the methods used,

24For the 0-2 experience group the mobility sequence used is 0, 1, 0, 1, 0, 0, 1, 0, 0, 0, 1, 0, 0, 0, 0, 0, 0, 0, while for
the 10-12 experience group it is 0, 0, 0, 1, 0, 0, 0, 0, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0. As in Figures 6 and 12, 1 denotes a move
and O denotes the person stayed in the same job as last year. Each of the sequences is for 18 years, the same length as the
sample period.
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to assess such theories. In a seminal paper, Topel (1991) concludes that there is a significant return to
seniority and hence strong support for the theoretical literature on human capital. This finding was in
stark contradiction to most previous studies in the literature that concluded that there is no evidence for
return to seniority. One particular paper in the literature that criticized Topel’s (1991) work is Altonji
and Williams’s (1997) study, which largely supports the earlier findings.

Here we reinvestigate the interrelations between participation, mobility and wages, while examining
several questions central to labor economics. Specifically, we model the joint decision of participation
and job mobility, while allowing for potential sample selection bias to exist when estimating the equation
of interest, namely the wage function. This allows us to address, in a more satisfactory way, a topic
which has been in the center of attention over the past fifteen years, namely the return to seniority in
the United States. We provide new evidence on the returns to seniority, and experience, as well as some
evidence on “optimal” job-to-job mobility patterns. To do so, we use data similar to that used by both
Topel (1991) and Altonji and Williams (1997).

There are two main differences between the current study and earlier studies. Here we explicitly model
a participation and a mobility equation along with the wage equation. Furthermore, we explicitly specify
a model which allows for accumulation of return to seniority within a job, as well as discrete changes in the
starting wage at the beginning of a new job. The results clearly demonstrate the importance of this joint
estimation of the wage equation and the participation and mobility decisions. These two decisions have
significant effects on observed outcomes, namely the annual earnings. We resort to a Bayesian analysis,
which extensively uses Markov Chain Monte Carlo methods, allowing one to compute the posterior
distribution of the model’s parameters. Whenever possible we use uninformative prior distributions for
the parameters and hence rely heavily on the data to determine the posterior distributions of these
parameters.

We examine three educational groups. The first group consists of all those that acquired less than
high school education. The second group consists of all those who acquired at least high school education,
but have not completed four-year college. The third group is comprised of only college graduates. We
find very strong evidence supporting Topel’s (1991) claim even though some aspects of our modelling
strategy are closer to Altonji and Williams (1997). There are large, and statistically significant, returns
to seniority for all groups considered, although some differences across groups do exist. However, the
total wage growth is somewhat smaller than implied by Topel’s study. Our estimates of the returns to
experience are lower than those estimated by Topel, but they are not uniform across education groups;
they are much higher for the college graduates than for the other two education groups. In addition,
we are able to uncover the optimal patterns of job-to-job mobility, patterns that differ markedly across
education groups. In particular, we see that job changes are important elements of wage growth for
the most educated group. Furthermore, wage losses after a job change is much less likely for college
graduate group than for workers with lower education. Hence, mobility through the wage distribution
is achieved through a combination of wage increases within the firm and across firms. The former is the
more important for wage growth of the high school dropouts, while the latter is more important for the
college graduates.
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APPENDIX: Proof of Conditions 1 and 2

All along the proof, we assume that the mobility cost is strictly greater than the search cost:

CM>M

We consider successively the four possible cases.
A. wgy , < wgy, and the marginal utility of consumption is higher when working
If utility is concave with respect to consumption, wg, , < wg; , implies that

u' (z + woy ¢, 1; X)) < (2 + weg 45 1; Xy)

and thus

u (24,05 Xy) < u (2,0; Xy)

Al
u’ (zt + Wio e 1 Xt) u’ (zt + wgy 4, 1 Xt) (A1)
A.].. If w>62,t < wéijt :
The concavity of the utility function implies that
u (zt + w’QkQ}t, 1; Xt) < (zt + wa‘g’t, 1; Xt)
Thus
u (2 +wisy 4, 1; X)) —u/ (2,0; X "(2.0: X,
( t 22,t t) ( t t) <1— u (Zta 3 t) (A2)
u’ (zt + w’O*Q’t, 1; Xt) u’ (zt + w(’SQ’t, 1; Xt)

LIf (2,0, Xy) > o/ (20 + Weg 45 15 X;) then
u' (24,0; X3) > o (zt +wgy 4, 15 Xt)

and equation (A1) implies
711 <712 <0
Then, equation (12) implies that

Woop < Wigy < Wiy and woe, < wgpp < Wiy
Moreover, as wgy ; < W3z 45
u (2,0, X¢) > o (zt + w3 4, 15 Xt)
Due to equation (A2), this inequality implies that, if cpr > 71,
Y22 <712 <0

Thus equation (13) implies that w3y, < wgy,, which is in contradiction with the initial assumption.
Thus w3, , cannot be greater than w, , when ¢y > 1 and o/ (2, 0; Xy) > v’ (2 + wiy 4, 15 Xy) -

2.1 o/ (20,0, Xy) < v/ (2 + wgy 4, 15 X;) then
w' (2,0; Xy) < v’ (20 + wi, g, 15 Xy

and
0<y1<ma2
Thus, equation (12) implies that

* *k *k >k *k *k
wigy < Wiy, < wgp 4 and wiy, < wog, < Woy g

Two cases must then be distinguished.
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o If v/ (zt + w3 4, 1;Xt) < (2¢,0; Xy), then 99 < 0 and 742 > 0. Thus
Y22 =2 <0
and equation (13) implies that w3, , < wg, ;, which is in contradiction with the initial assumption.
o If ' (2,0; X;) < (2 + wsy,, 1; Xy), then

u' (2 + w3y 4, 15 Xy) — ! (2,0, Xy) 1 u' (2,0; Xy)

0<
u’ (zt + w’O*Q’t, 1; Xt) u’ (zt + w(’SQ,t, 1; Xt)

Thus

Wioy > Woop € Y22 — Y12 >0

u (2 + why p, 15 Xy) — ' (2,0, Xy)
u (zt + w3y 4, 1 Xt) — ' (2z,0; Xy)

< CM>M

The ratio between brackets being greater than 1, this last inequality is a stronger assumption than
ey > 715 nevertheless it is a sufficient condition to have w3y, > wgy ;. Moreover, equation (14)
implies that w3, ; > wge , > wig . I w3y, > w§21t,25 a mover (i.e. a worker who moved to another
firm at the end of period ¢ — 1) becomes nonparticipant at the end of period ¢ if he or she is offered
a wage less than w3, ,. A stayer becomes nonparticipant if he or she is offered a wage less than
wiy, (because wiy , < wi ;). Thus, the participation decision at period ¢ can be characterized by
the equation

ye = 1 [wt > Whoy — V12 Yt—1 Y22 Y1 mt,l]
= 1 [wt — wSQ,t + Y12 Yt—1 — Y22 Yt—1 My_1 > O] (A3)

with 99 > v12 > 0. A stayer can accept to move to another firm at the end of period t if he or
she is offered a wage w; greater than wj,, but less than wj; ,, while a mover accept only to move
again if the wage offer in ¢ is at least equal to w3, ;. Consequently, the mobility decision at period
t can be characterized by the equation

my = 1wy > wiy, + 722 Ye—1 M1

=1 [wt - wTQ,t — Y22 Yt—1 My—1 > 0] (A4)

with 9 > 0.

3. If ! (2 + We1 45 LX) <o/ (2,0, Xy) <o/ (2 + Wi 45 1; X;) , then equation (A1) implies that
711 <0 <712

Thus, equation (12) implies that
Wigy < Whay < Wy < Wiy

o If v/ (zt + w3g 4, 1 Xt) < u' (2,0; Xy), then y29 < 0. Thus y22 — v12 < 0 and equation (13) implies
that w3, ; < wgy 4, which is in contradiction with the initial assumption.

o If ' (2,0, Xy) < (2 + whyy, 15 Xy), then

u (2 + w3y g, 15 Xy) — ! (26, 0; Xy) 1 u' (2,0; Xy)

0<
u’ (zt + wgzt, 1; Xt) u’ (zt + w(’SQ,t, 1; Xt)

25This is satisfied if y21 > 720.
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Thus

Wyop > Woop & Y22 — Y12 >0

u (zt +wga s 1 Xt) — ' (2, 0; Xy)
w (2 + w3 4, 15 X)) — (2,0, Xy)

S M >M

We find the same condition than previously. Under this equation (14) implies that w3y ; > wgy 4 >
Wiy, and if 421 > o2, then w3y ; > w3, , and equations (A3) and (A4) are still valid.

A.2. If w62,t > wSQ)t .
The concavity of the utility function implies that
U (24 wio 4, 15 Xy) > ' (20 + wia g, 1; Xy)

Thus

u’ (zt + w3 4, 1 Xt) —u' (z,0; Xy) - u’ (24,0; Xy)

A5
u’ (zt + wa“g’t, 1; Xt) u’ (zt + wézt, 1; Xt) ( )

o If v/ (zt +w§2)t,1;Xt) < u' (2,0; X), then equation (A5) implies that 0 > vo2 > y12 (if cpr >
71)- Then we deduce from equation (13) that w3, ; > wg,,, which is in contradiction with the
assumption.

o If u/ (2,0, X;) < (2 + why;, 1; Xy ), then equation (A5) implies that v > v12 > 0 (if ear > 11).
Then equation (13) implies that w3, ; > wgy 4, which is in contradiction with the assumption.

e Consequently, the assumption wg, , > w3, , appears to be implausible if the mobility cost cps is
strictly greater than the search cost ~;.

B. wgy s < wg; , and the marginal utility of consumption is lower when working

If the utility function is concave and if the marginal utility is lower when working, then
u(z + w1 Xy) < (2,15 X)) <o/ (2.0; X)), j=0,1,2, 1=1,2
Moreover, if wgy , < w4,
u' (2 +wgy g, 15 Xy) <’ (2 +wgg 15 Xy) < ' (2,0, Xy)
which implies that 11 < y12 < 0. Then equation (12) implies that
Wog,r < Woyp < Wiy, and wog ; < Wiy, < Wiy,

B.1. If wgp , < w3y, then
o’ (zt + whg 4, 1; Xt) < (zt + wea.4r 1 Xt)

and

u' (2 + Wio 4, 1 Xy) = (2. 0; Xy) -1 u’ (24,0; Xy)

0 A6
u’ (zt + wa“g’t, 1; Xt) u’ (zt + wézt, 1; Xt) < (A6)

Thus, if cpr > 1, equation (A6) implies that y29 < v12 < 0. From equation (14), we can deduce that
w39 4 < Wa,,, which is in contradiction with the assumption.
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B.2. If wip, > w3y, then
u' (2 + wsp 4, 15 Xy) > ' (2 + wgp 4, 15 Xy)

and

u' (2 + w3y 4, 15 Xy) — ! (20,0; Xy) - u' (z,0; Xy)
! (Zt’I‘wSQ,tal;Xt) u’ (zt—I—wakQ}t,l;Xt)

Thus equation (13) implies that w(, , > w3, , if and only if

0>

w (2 4 why . 15 Xy) — o (20,0, Xy)
u (zt +w3g 4, 15 Xt) —u' (z,0; Xy)

cM>M

Under this condition, equation (14) implies that wiy , > w5 ; > w35 43 if 0 > Y21 > Y92, then w3, , > w3y,
and equations (A3) and (A4) are verified.

C. w§;, < wge, and the marginal utility of consumption is higher when working

If utility is concave with respect to consumption, wg; , < wg, , implies that

u' (24,0; Xy) < u' (2,0; Xy)

A7
u’ (zt + w(’gl’t, 1; Xt) u’ (zt + w’O*Q’t, 1; Xt) (A7)
CLIfwhy, <wiyy:
The concavity of the utility function implies that
u (zt + wé‘l}t, 1; Xt) < (zt + wal’t, 1; Xt)
Thus
u (2 +wiy 1 X)) —u' (2,0, X ! 0: X,
(2¢ + w5y 4, 13 Xo) (21,0; Xy) 1o Uz 0 X) (A8)
u’ (zt + wa“l’t, 1; Xt) u’ (zt + wél}t, 1; Xt)

LIfu/ (2,0, Xy) > o (2 + wgy 4, 15 X;) then
u' (2¢,0; Xy) > ' (20 + wha y, 15 Xy)

and equation (A7) implies
T2 <711 <0
Then, equation (12) implies that

wél,t < le,t < wikQ,t and wél,t < wSQ,t < wikQ,t
Moreover, as wg; ; < W3y 45
u' (2,0, X¢) > (zt +wgy 4, 1 Xt) > (zt + w3y 4, 15 Xt)
Due to equation (A8), this inequality implies that, if cpy > 71,
Y21 < v11 <0

Thus equation (13) implies that w3, , < wg, ;, which is in contradiction with the initial assumption.
Thus w3, , cannot be greater than wg, , when ¢y > 1 and ' (2, 0; Xy) > v’ (2 + wgy 4, 15 Xy) .

2.1 o/ (20,0, Xy) </ (2 + Weg 45 15 X;) then
u' (2,0; Xy) < o' (20 + wgy 4,15 Xy)

and
0<m2<m
Thus, equation (12) implies that

* * * * * *
Wiy, < Wigy < Wop, and wiy ; < Wy ; < Woay

Two cases must then be distinguished.
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o Ifu/ (zt + w3y 4, 1;Xt) < (2¢,0; Xy), then v91 < 0 and 747 > 0. Thus
Y21 — 711 <0
and equation (13) implies that w3, , < wg,; ;, which is in contradiction with the initial assumption.
o If ' (2,0; Xy) < v/ (2 + w3y 4, 1; X¢), then

u' (2 + w3y 4, 15 Xy) — ! (20,0; Xy) -1 u’ (2,0; Xy)

0< p
u (zt + wa“l’t, 1; Xt) u’ (zt + wél}t, 1; Xt)

Thus

Wy > Woiy & Y21 — 711 >0

u (zt +wgy 45 1 Xt) — ' (2, 0; Xy)
w (2 + w3y 4, 15 X)) — (2,0, Xy)

& Ccy>m

The ratio between brackets being greater than 1, this last inequality is a stronger assumption
than cps > v1; nevertheless it is a sufficient condition to have w3, ; > wg,; ;. Moreover, equation
(14) implies that w3, ; > wg;, > wi;,. Now let us assume that yo2 > 721, which implies that
w3y > w3y 4. In that case, there is no interfirm mobility: a nonparticipant moves to employment
(respectively, stays in the nonparticipation state) at the end of period ¢ if he or she is offered a
wage greater (respectively, lower) than wf; ,. A participant becomes nonparticipant (respectively,
remains employed) if he or she is offered a wage less than wiy ;- Thus, the participation decision
at period t can be characterized by the equation

ye = 1 [U)t > why . — Y11 yt—l]
1 [wt — wél,t + Y11 Ye—1 > 0] (AQ)

with 11 > 0.

3. Ifuf (2 + Wi 15 15 Xy) </ (2,0, Xy) < (2 + Wey 45 15 X;), then equation (A7) implies that

Y2 <0 <y1q

and equation (12) implies that

* * * *
Wiy, < Wor < Wogp < Wiy

o If v/ (zt + w3y 4, 15 Xt) <’ (2,0; Xy), then v9; < 0. Thus 421 — y11 < 0 and equation (13) implies
that w3, , < wg, 4, which is in contradiction with the initial assumption.

o Ifu/ (2,0, X;) < (2 + w5, ;,1;X;), then

u (2 +wsy 4, 15 Xy) —u/ (20,05 Xy) -1 u’ (2¢,0; Xy)

0
< u’ (zt + wa‘l’t, 1; Xt) u’ (zt + wél’t, 1; Xt)

Thus

Wy > Woiy & Y21 — 711 >0

u (zt +wgy 45 1 Xt) — ' (2, 0; Xy)
u (zt + w3y 4, 1 Xt) — (2, 0; Xy)

< CcM>Mm

We find the same condition than previously. Under this condition, equation (14) implies that
w3y ;> wgy > Wiy, and if ye9 > o1, then w3y, > w3, , and equation (A9) is still valid.
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0.2. If walyt > w;l’t :
The concavity of the utility function implies that

u' (2 + w3y 4, 15 X)) >l (2 + wgy 4, 15 Xy)
Thus

u/ (zt + wgl,ta 11 Xt) - u/ (ztao; Xt) u/ (Zta Oa Xt)
o (Zt + Wiy L Xt) u (zt + w4 1 Xt)

(A10)

o Ifu/ (z + w3y 4, 15 Xy) < (2,0; Xy), then equation (A10) implies that 0 > v21 > y11 (if ear > 71).
Then we can deduce from equation (13) that w3, ; > wg; ;, which is in contradiction with the
assumption.

o Ifu (z,0; Xy) </ (zt + w3y 4, 15 Xt), then equation (A10) implies that vo1 > 11 > 0 (if ear > 7).
Then equation (13) implies that w3; , > wg; ;, which is still in contradiction with the assumption.

e Consequently, the assumption wg, , > w3, , appears to be implausible if the mobility cost cjs is
strictly greater than the search cost ;.

D. wg, , < wgp, and the marginal utility of consumption is lower when working

If the utility function is concave and if the marginal utility is lower when working, then
u, (Zt + w;l,t’ ]-aXt) < U/ (Zta ]-aXt) < u, (Zt)O;Xt) ) ] = 0) ]-a2a l= 1a2

Moreover, if wg, , < w4,

u' (2 + who gy 15 Xe) < o' (2 +why g, 15 Xe) < u' (20,05 Xy)
which implies that 12 < 11 < 0. Then equation (12) implies that

wSl,t < w62,t < wikQ,t and wSl,t < WTl,t < wikQ,t
D.1. If wgy , < w3y, then
u’ (zt + w3y 4, 1 Xt) < (zt + woy e 15 Xt)
and
u (2 + w3y 4, 15 Xy) —u/ (26,0, Xy) <1_ v (2,0; Xy)
u’ (zt + w4 1 Xt) u! (zt + wgy 4 1 Xt)

<0 (A11)

Thus, if ¢pr > 741, equation (All) implies that 491 < 411 < 0. From equation (14), we can then deduce
that w3, , < wg 4, which is in contradiction with the assumption.

D.2. If wgy 4 > w3y 4, then
o’ (zt + w3y 4, 15 Xt) >/ (zt +wgy 45 15 Xt)

and
u (zt + w3y 4 1§Xt) —u' (2,0, Xy) 11— u' (24, 0; Xy)

u' (2 + Woy g0 15 Xy) u (2 + We g0 15 Xy)
Thus equation (13) implies that w(; , > w3, , if and only if

0>

u (zt +wgy 4, 15 Xt) —u/ (z,0; X3)
o (Zt + w§1,ta 1; Xt) — ! (2,0; Xy)

CM > M

Under this condition, equation (14) implies that wy; , > wg; , > w3y ;- I 0 > 422 > Y91, then w3y, >
w3y ;- Once again, the ranking of the reservation wages implies that there is no interfirm mobility, and
the participation decision at period ¢ is simply characterized by the equation (A9).
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Table 3: Wage Equation for High School Dropouts

Variable Mean | St. Dev. Range
Min | Max
1.  Constant 7.9945 0.1519 7.7081 8.2797
2. Education 0.0366 0.0068 0.0238 0.0492
3. Experience 0.0283 0.0027 0.0229 0.0334
4.  Experience squared -0.0007 0.0000 -0.0007 -0.0006
5. Seniority 0.0517 0.0034 0.0455 0.0580
6. Seniority squared -0.0005 0.0001 -0.0008 -0.0003
Job switch variables in first sample year:
7. Dummy for job change job in 1% year -0.0336 0.0800 -0.1796 0.1108
8. Experienceat t — 1 if variable 7=1 0.0152 0.0036 0.0082 0.0221
No. of switches of jobs that lasted:
9. Upto1year 0.0923 0.0144 0.0635 0.1203
10. 2to5years 0.0958 0.0219 0.0526 0.1386
11. 6to 10 years 0.1229 0.1027 -0.0569 0.3076
12.  Over 10 years 0.2457 0.1078  0.0474 0.4606
Seniority at last job change that lasted:
13. 2to5years 0.0293 0.0084 0.0127 0.0456
14. 610 10 years 0.0213 0.0109 0.0003 0.0422
15. Over 10 years 0.0350 0.0053 0.0238 0.0444
Experience at last job change that lasted:
16. Up tol year 0.0009 0.0012 -0.0015 0.0033
17. 2to5years -0.0007 0.0016 -0.0038 0.0024
18. 610 10 years 0.0007 0.0030 -0.0049 0.0060
19. Over 10 years -0.0090 0.0029 -0.0150 -0.0035
Geographical location:
20. Northeast 0.0505 0.0192 0.0131 0.0879
21. North Central 0.0283 0.0184 -0.0094 0.0624
22. South -0.0778 0.0184 -0.1135 -0.0424
23. Livingin SMSA 0.0666  0.0164  0.0349 0.0993
24. County unemp. rate -0.0042 0.0023 -0.0087 0.0002
Race:
25. Black -0.2904 0.0368 -0.3596 -0.2213
26. Hispanic -0.0669 0.0458 -0.1532 0.0233
Cohort effects:
27. Age15orlessin 1975 0.4504 0.0660 0.3224 0.5795
28. Agei16to25in 1975 0.3308 0.0706 0.1943 0.4659
29. Age26to35in 1975 02756 0.0602 0.1581 0.3915
30. Age36to45in 1975 02183 0.0682 0.0883 0.3565




Table 3: (Continued)

Variable Mean | St. Dev. Range
Min | Max

Industry:
31. Construction 0.2693 0.0190 0.2324 0.3065
32. Manufacturing 0.3707 0.0158 0.3398 0.4020
33. Trans.,, Comm., €tc. 0.35%4 0.0268 0.3034 0.4077
34. Wholesale and Retail Trades 0.2196 0.0185 0.1829 0.2553
35. Finance 0.1801 0.0407 0.0997 0.2601
36. Business and Repair Services 0.1532 0.0324 0.0934 0.2162
37. Personal Services 0.1600 0.0328 0.0966 0.2243
38. Professional 0.1970 0.08310 0.1371 0.2575
39. Public Administration 0.2434 0.0988 0.1087 0.3846

Time Effects:
40. Year 1975 0.5969 0.0365 0.5241 0.6679
41. Year 1976 0.5531 0.0347 0.4837 0.6201
42. Year 1977 0.5120 0.0417 0.4300 0.5929
43. Year 1978 0.4821 0.0344 0.4133 0.5506
44. Year 1979 0.4422 0.0314 0.3800 0.5039
45. Year 1980 0.3975 0.0292 0.3402 0.4550
46. Year 1981 0.3417 0.0285 0.2833 0.3965
47. Year 1982 0.3162 0.0276 0.2611 0.3704
48. Year 1983 0.2596 0.0321 0.1964 0.3210
49. Year 1984 0.2198 0.0291 0.1630 0.2754
50. Year 1985 0.2564 0.0263 0.2039 0.3074
51. Year 1986 0.2370 0.0238 0.1900 0.2825
52. Year 1987 0.1853 0.0297 0.1277 0.2409
53. Year 1988 0.1401 0.0333 0.0766 0.2009
54.  Year 1989 0.1414 0.0231 0.0960 0.1864
55.  Year 1990 0.0808 0.0225 0.0376 0.1260
56. Year 1991 0.0474 0.0202 0.0079 0.0875




Table 4: Estimates of the Stochastic Elements for Hifh School Dropouts

Variable Mean | St. Dev. Range
Min | Max

Covariance Matrix of White Noises
(element of X):
1 Puv 0.0029 0.0077 -0.0117 0.0160

2. pu -0.0346  0.0072 -0.0497 -0.0183
3. pue -0.0055 0.0074 -0.0185 0.0072
4. ag 0.2448  0.0064 0.2331 0.2539

Correlations of Individual Specific Effects
(elements of A):

5. Pofaf, -0.1020 0.1146  -0.2589 0.1067
6. Pan af 0.3447  0.0351  0.2732 0.4142
7. poy of 0.7548  0.0566  0.6525 0.8747
8.  Pan of 0.0278  0.2007 -0.2908 0.2281
9. Poyas, 0.0646  0.0505 -0.0061 0.1794
10.  poyao, 01972 0.0746  0.0260 0.2971
1. panae  -0.0573  0.1666 -0.2619 0.2194
12, poya,  0.2958  0.0282  0.2292  0.3560
13. pamaw -0.2744  0.0799 -0.4083 -0.1348
14.  poyan -0.2100 0.1053 -0.3832 -0.0429
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Table 6: Wage Equation for High School Graduates

Variable Mean | St. Dev. Range
Min | Max
1.  Constant 7.8848 0.1321 7.6266 8.1391
2. Education 0.0397 0.0056 0.0292 0.0510
3. Experience 0.0498 0.0030 0.0440 0.0555
4.  Experience squared -0.0011  0.0001 -0.0013 -0.0010
5. Seniority 0.0426 0.0029 0.0369 0.0481
6. Seniority squared -0.0001  0.0001 -0.0002 0.0001
Job switch variables in first sample year:
7.  Dummy for job changejob in 1% year -0.0205 0.0592 -0.1321 0.1021
8. Experienceat t — 1 if variable 7=1 0.0140 0.0044 0.0054 0.0225
No. of switches of jobs that lasted:
9. Upto1year 0.1234 0.0143 0.0951 0.1519
10. 2to5years 0.1671  0.0210 0.1251 0.2075
11. 6to 10 years 0.3464 0.0667 0.2144 0.4783
12.  Over 10 years 0.1079  0.0874 -0.0638 0.2826
Seniority at last job change that lasted:
13. 2to5years 0.0271  0.0072 0.0131 0.0413
14. 610 10 years -0.0071  0.0090 -0.0247 0.0109
15. Over 10 years 0.0331  0.0059 0.0215 0.0447
Experience at last job change that lasted:
16. Up tol year -0.0014 0.0015 -0.0044 0.0016
17. 2to5years -0.0005 0.0016 -0.0036 0.0026
18. 610 10 years -0.0023 0.0026 -0.0072 0.0028
19. Over 10 years -0.0011  0.0039 -0.0086 0.0066
Geographical location:
20. Northeast 0.0425 0.0208 0.0009 0.0821
21. North Central -0.0333 0.0170 -0.0672 0.0009
22. South -0.0181  0.0139 -0.0450 0.0089
23. Livingin SMSA 0.0526 0.0144 0.0236 0.0809
24. County unemp. rate -0.0032 0.0020 -0.0072 0.0008
Race:
25. Black -0.2640 0.0261 -0.3141 -0.2104
26. Hispanic -0.0078 0.0458 -0.0982 0.0781
Cohort effects:
27. Agei15or lessin 1975 04329 0.0855 0.2668 0.5982
28. Agei16to25in 1975 02771  0.0833 0.1081 0.43%4
29. Age26to35in 1975 02114 0.0810 0.0525 0.3677
30. Age36to45in 1975 02193 0.0809 0.0538 0.3799




Table 6: (Continued)

Variable Mean | St. Dev. Range
Min | Max

Industry:
31. Construction 0.2266 0.0231  0.1814 0.2715
32. Manufacturing 0.3650 0.0188 0.3283 0.4006
33. Trans., Comm., €tc. 0.3995 0.0231 0.3544 0.4440
34. Wholesale and Retail Trades 0.2377 0.0193 0.1996 0.2764
35. Finance 0.3095 0.0301 0.2523 0.3697
36. Busness and Repair Services 0.1942 0.0258 0.1455 0.2463
37. Personal Services 0.2071 0.0313 0.1473 0.2687
38. Professional 0.2423 0.0248 0.1940 0.2901
39. Public Administration 0.3522 0.0234 0.3064 0.3985

Time Effects:
40. Year 1975 05761 0.0425 0.4930 0.6614
41. Year 1976 05659 0.0399 0.4880 0.6434
42. Year 1977 05258 0.0380 0.4524 0.6019
43. Year 1978 0.4780 0.0356 0.4088 0.5478
44. Year 1979 0.4382 0.0341 0.3717 0.5067
45. Year 1980 04212 0.0320 0.3580 0.4836
46. Year 1981 0.3788 0.0301 0.3190 0.4381
47. Year 1982 0.3263 0.0297 0.2684 0.3851
48. Year 1983 02777 0.0277 0.2229 0.3320
49. Year 1984 0.2357 0.0262 0.1853 0.2872
50. Year 1985 02647 0.0254 0.2150 0.3151
51. Year 1986 02199 0.0235 0.1741 0.2659
52. Year 1987 0.1468 0.0232 0.1026 0.1939
53. Year 1988 0.1231 0.0219 0.0799 0.1660
54. Year 1989 0.1056 0.0220 0.0632 0.1491
55.  Year 1990 0.0578 0.0202 0.0185 0.0966
56. Year 1991 0.0348 0.0201 -0.0045 0.0739




Table 7: Estimates of the Stochastic Elements for High School Graduates
Variable

Mean | St. Dev. Range

Min | Max

Covariance Matrix of White Noises
(element of X):

1

2.
3.
4.

Puv
Pug

Pug

2
O¢

0.0090
-0.0472
-0.0282
0.2024

0.0099
0.0155
0.0052
0.0024

-0.0143
-0.0696
-0.0394

0.1976

0.0277
-0.0200
-0.0183
0.2073

Correlations of Individual Specific Effects
(elements of A):

5.
6.
7.
8.
9.

10.
11.
12.
13.
14.

pa? o,
Powy a?
Payof
Pam a?
Pow o,
Pay af,
Pom a,
pOéy Qw
pOLm Qw

pOéyOém

-0.0121
0.4193
0.5843
-0.0957
0.0114
-0.2517
-0.0560
0.3351
-0.5234
-0.4304

0.0662
0.0521
0.0988
0.0865
0.0468
0.1578
0.0384
0.0315
0.0860
0.1516

-0.1731
0.3123
0.3482
-0.2260
-0.1082
-0.4480
-0.1312
0.2821
-0.6179
-0.6418

0.0831
0.5301
0.7148
0.0605
0.0981
0.0641
0.0243
0.4046
-0.3495
-0.1613
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Table 9: Wage Equation for College Graduates

Variable Mean | St. Dev. Range
Min | Max
1.  Constant 8.3258 0.1347 8.0614 8.5874
2. Education 0.0411 0.0054 0.0302 0.0516
3. Experience 0.0580 0.0032 0.0518 0.0643
4.  Experience squared -0.0013 0.0001 -0.0015 -0.0012
5. Seniority 0.0518 0.0029 0.0460 0.0576
6. Seniority squared -0.0005 0.0001 -0.0007 -0.0004
Job switch variables in first sample year:
7.  Dummy for job change job in 1% year  0.0769 0.0673 -0.0519 0.2062
8. Experienceat t — 1 if variable 7=1 0.0108 0.0044 0.0020 0.0192
No. of switches of jobs that lasted:
9. Upto1year 0.2240 0.0172 0.1905 0.2572
10. 2to5years 0.1648 0.0189 0.1274 0.2018
11. 61to 10 years 0.3231 0.0683 0.1861 0.4572
12.  Over 10 years 0.4717 0.0869 0.3031 0.6425
Seniority at last job change that lasted:
13. 2to5years 0.0567 0.0070 0.0432 0.0709
14. 610 10 years 0.0111 0.0097 -0.0079 0.0303
15. Over 10 years 0.0062 0.0055 -0.0050 0.0166
Experience at last job change that lasted:
16. Upto 1 year -0.0071 0.0016 -0.0102 -0.0040
17. 2to5years -0.0058 0.0016 -0.0090 -0.0027
18. 610 10 years -0.0025 0.0025 -0.0073 0.0024
19. Over 10 years -0.0026 0.0033 -0.0090 0.0036
Geographical location:
20. Northeast 0.0497 0.0157 0.0188 0.0802
21. North Central -0.0501 0.0141 -0.0784 -0.0232
22. South -0.0114 0.0131 -0.0368 0.0140
23. Livingin SMSA 0.0359 0.0128 0.0108 0.0616
24. County unemp. rate -0.0042 0.0020 -0.0082 -0.0003
Race:
25. Black -0.2343 0.0358 -0.3065 -0.1660
26. Hispanic 0.0079 0.0717 -0.1384 0.1478
Cohort effects:
27. Age15orlessin 1975 -0.0172 0.0793 -0.1751 0.1323
28. Agei16to25in 1975 -0.2371 0.0822 -0.3947 -0.0794
29. Age26to35in 1975 -0.1633 0.0743 -0.3038 -0.0145
30. Age36to45in 1975 0.0261 0.0735 -0.1132 0.1717




Table 9: (Continued)

Variable Mean | St. Dev. Range
Min | Max

Industry:
31. Construction 0.3495 0.0285 0.2921 0.4050
32. Manufacturing 0.4559 0.0207 0.4154 0.4963
33. Trans.,, Comm., etc. 0.3875 0.0262 0.3360 0.4395
34. Wholesale and Retail Trades 0.2969 0.0215 0.2546 0.3391
35. Finance 0.3923 0.0272 0.3394 0.4458
36. Busness and Repair Services 0.3172 0.0254 0.2688 0.3674
37. Personal Services 0.1864 0.0348 0.1187 0.2520
38. Professional 0.3774 0.0190 0.3401 0.4143
39. Public Administration 0.3935 0.0250 0.3438 0.4419

Time Effects:
40. Year 1975 0.3573 0.0430 0.2741 0.4417
41. Year 1976 0.3543 0.0407 0.2725 0.4332
42. Year 1977 0.3017 0.0380 0.2255 0.3759
43. Year 1978 0.2819 0.0365 0.2100 0.3533
44. Year 1979 0.2510 0.0345 0.1846 0.3200
45. Year 1980 0.2025 0.0329 0.1394 0.2675
46. Year 1981 0.1794 0.0304 0.1201 0.2390
47. Year 1982 0.1789 0.0292 0.1215 0.2362
48. Year 1983 0.1801 0.0272 0.1263 0.2335
49. Year 1984 0.1174 0.0253 0.0673 0.1678
50. Year 1985 0.1388 0.0242 0.0907 0.1865
51. Year 1986 0.1484 0.0231  0.1037 0.1935
52.  Year 1987 0.1218 0.0219 0.0795 0.1640
53. Year 1988 0.0939 0.0209 0.0539 0.1348
54. Year 1989 0.0413 0.0196 0.0030 0.0800
55.  Year 1990 0.0496 0.0191 0.0118 0.0861
56. Year 1991 0.0065 0.0183 -0.0298 0.0420




Table 10: Estimates of the Stochastic Elements for College Graduates
Variable St. Dev.

Mean Range

Min | Max

Covariance Matrix of White Noises
(element of X):

1

2.
3.
4.

Puv
Pug

Pug

2
O¢

-0.0005
-0.0496
0.0013
0.2062

0.0113
0.0124
0.0075
0.0023

-0.0217
-0.0672

-0.0111
0.2016

0.0188
-0.0205
0.0161
0.2104

Correlations of Individual Specific Effects
(elements of A):

5.
6.
7.
8.
9.

10.
11.
12.
13.
14.

Pafal,
Powy a?
Payof

Pam a?

Pow o,
Pay af,
Pom a,
pOéy Qw
pOLm Qw

pOéyOém

0.8040
0.1335
0.5716
-0.6044
-0.1450
0.2896
-0.4234
0.2174
-0.5352
-0.5061

0.0556
0.0757
0.0286
0.0773
0.0884
0.0429
0.0789
0.0553
0.0590
0.0656

0.7024
0.0169
0.5190
-0.7595
-0.2586
0.2268
-0.5691
0.1066
-0.6371
-0.6172

0.9005
0.2714
0.6224
-0.4892
0.0403
0.3845
-0.2668
0.3017
-0.4131
-0.3874
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Figure 1: Participation Equation
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Figure 2: Mobility Equation
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Figure 2: (Continued)

d. Seniority
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Figure 3: Return of Wage to Education
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Figure 4: Return of Wage to Experience

a. Return at 5 years of experience
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b. Return at 10 years of experience
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c. Return at 15 years of experience
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Figure 5: Return of Wage to Seniority

a. Return at 5 years of seniority
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Figure 6: High School Dropouts—Wage Change for Typical M obility Pattern
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Figure 7: High School Graduates—Wage Change for Typical M obility Pattern

a. New Entrants (0-3 years of experience)
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Figure 8: College Graduates—Wage Change for Typical Mobility Pattern

a. New Entrants (0-3 years of experience)
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