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Abstract

We write and estimate a dynamic model of wages, amenities and labor mobility.
Workers trade off wage and amenity offers when deciding whether to change jobs,
while facing heterogenous mobility costs. We show that these frictions can turn strong
individual preferences for non wage characteristics into very small wage/amenity cor-
relation in cross section. We use voluntary job-to-job transitions to identify workers’
Marginal Willingness to Pay for amenities. The resulting selection model is solved
using alternative types of constrained transitions in order to proxy the distribution of
job offers. We take the model to a panel of nine European countries while control-
ling for unobserved heterogeneity. Our estimates show large MWP, more than 20% of
the wage, for amenities such as the type of work or job security. We also find strong
evidence of heterogeneity in mobility costs, and consequently weak wage/amenity in
cross-section.

JEL codes: C33-35, J31-33, J63 and J81.
Keywords: Compensating differentials, hedonic wages, job mobility, amenities,

unobserved heterogeneity.

Résumé

Nous estimons un modèle dynamique des salaires, aménités et transitions individu-
elles sur le marché du travail. Les changements d’emploi sont fondés sur un arbitrage
entre salaires et aménités, conditionnellement à des coûts hétérogènes de mobilité. Nous
montrons que ces frictions sont responsables d’une faible corrélation salaire/aménité
en coupe et ce alors même que les individus peuvent avoir de fortes préférences pour
les aménités. Les propensions marginales à payer (PMP) pour chaque aménité sont
estimées sur les décisions volontaires de quitter un emploi. La sélection individuelle
dans les emplois est identifiée à l’aide de plusieurs types de transitions contraintes,
servant à appréhender la distribution d’offres. Le modèle est estimé sur neuf pays
européens, à partir des données de l’ECHP, tout en controlant de l’hétérogénéité in-
observée. Nos résultats témoignent d’une forte préférence pour les aménités telles que
le type de travail ou la sécurité en emploi (les PMP pouvant dépasser 20%). Nous
révélons également une forte hétérogénéité dans les coûts de mobilité, conduisant à de
très faibles différences compensatrices de salaires en coupe.

JEL codes: C33-35, J31-33, J63 and J81.
Mots-clés: Différences compensatrices, salaires hédoniques, mobilité inter emploi,

aménités, hétérogénéité inobservée.



1 Introduction

In theory, the inclusion of non wage job characteristics into labor market models poten-

tially enriches the analysis of wage determinants, inequalities, workers’ behavior or firm’s

technology (see Rosen, 1986). However some of these insights lack empirical support as

their confrontation with the data has not led to clear conclusions. A prominent example is

the mixed and sometimes conflicting estimates of workers’ preferences for these amenities

reported in the literature. The purpose of this paper is to estimate workers’ Marginal Will-

ingness to Pay (MWP hereafter) for job attributes by an original method which provides an

explanation for these inconclusive findings.

In a perfectly competitive labor market, there must exist positive wage differentials for

disamenities (Smith, 1776). The literature on hedonic models, initiated by Rosen (1974,

1986), has provided a relevant theoretical framework for the analysis of these compensating

differentials. In these models, perfect competition forces the wage and amenity to belong

to the worker’s indifference curve, the slope of which is equal to her MWP for the amenity.

Then, workers’ preferences for amenities can be estimated in cross-section, and Rosen (1974)

proposes to perform hedonic wage regressions to estimate the implicit– hedonic –prices of

amenities.1 However, this method has not yielded strong empirical evidence of compensating

differentials. Typical estimates in this literature, starting with Thaler and Rosen (1975),

are of small order of magnitude, often less than five percent of the wage. Moreover, many

correlation estimates are insignificantly different from zero, possibly wrong-signed, even when

controlling for individual heterogeneity (two influential studies are Brown, 1980, and Duncan

and Holmlund, 1983).

An explanation for these rather inconclusive results could lie in market frictions. In an

imperfect labor market, hedonic prices and workers’ MWP need not coincide. Therefore,

low wage/amenity correlations must not be interpreted as reflecting weak preferences for job

attributes. Hwang et al. (1998) emphasize this insight in the context of an on-the-job search

model with heterogeneous firms. Lang and Majumdar (2004) reach the same conclusion

within a non sequential search framework where firms and workers are homogeneous. This

1Rosen’s complete proposal involves a two-step method, in which workers’ preferences and firms’ technol-
ogy are estimated in a second step. Full identification of general equilibrium hedonic models under perfect
competition faces many obstacles (Brown and Rosen, 1982). This task has been recently tackled by Ekeland
et al. (2002, 2004) and Heckman et al. (2005).
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concern has triggered a new empirical approach to estimate workers’ MWP, which has led to

strikingly different results. In an innovative study, Gronberg and Reed (1994) derive a simple

relation between workers’ MWP and job hazard rates. Using job duration data, hey estimate

high and significant MWP for two non wage attributes– measuring several aspects of working

conditions –out of four.2 Subsequently, Van Ommeren et al. (2000) and Dale-Olsen (2005)

obtain MWP estimates ranging around one third of the wage, for commuting and safety

respectively. Moreover, hedonic regression estimates based on the same data yield much

smaller wage/amenity correlations. Labor market imperfections are a likely explanation for

this striking contrast, but, so far, there has been no attempt at explaining these differences.

In this paper, we account for these contrasted results in a dynamic model of wages,

amenities and individual labor market transitions. Job-to-job transitions and their wage

and amenity outcomes play a key role in our approach. Workers value jobs according to

their wage and non wage characteristics, and are constrained on their mobility as they face

heterogeneous transition costs. Therefore, in the model, wage and amenity cross-sections are

the result of constrained individual choices, and may imperfectly reveal workers’ preferences.

When taking their job change decisions, workers trade off wage and amenity offers according

to their MWP for the various non wage characteristics. We show that this behavior tends

to create a negative wage/amenity correlation posterior to job change. However, workers’

MWP do not translate one-to-one in cross-section. The link between workers’ preferences

and wage/amenity correlation is made explicit in a structural relation which emphasizes the

role of heterogeneity in mobility costs. This relation also involves the correlation between

wage and amenity offers, generated at the firm’s level. In the model, this demand-side effect

is exogenous. Estimating a general equilibrium model is out of the scope of this paper.

The model rationalizes the evidence gathered by the literature. Even if workers value job

characteristics significantly, there can be no “compensating” wage differences between jobs

with distinct amenities. MWP can be high, so that better amenities increase the probability

to accept a job offer. However, this can be insufficient for disamenities to be rewarded

on the labor market if mobility costs are heterogeneous. Then, if the demand-side effect

reflecting wage/amenity correlation in job offers is not sufficiently negative, regressing wages

2An early contribution by Herzog and Schlottmann (1990) makes use of workers’ mobility between indus-
tries to estimate workers’ MWP for safety.
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on amenities for job changers will yield a small correlation– very far from the true MWP.

The identification and estimation of the model’s parameters is challenging. The two

main problems we face are mirror images of each other. First, we need mobility decisions to

be as less constrained as possible, so that they reveal individual preferences. This point is

easily illustrated by a counterexample: if job-to-job transitions were purely exogenous from

the worker’s perspective, then they would contain no information about her preferences for

job characteristics. Second, as refused job offers are not observed, we have to deal with

a challenging selection problem. Again, the simple example of exogenous job change is

illustrative, as it is clear that there would be no selection problem in that case.

We use different types of labor market transitions to treat these two problems. Our

data allow us to isolate transitions to a “better or more suitable job”, which we assume

to be voluntary and to reveal individual preferences.3 Then, to identify the wage/amenity

offer distribution, we use one or several types of constrained transitions. Doing so, we

adopt a method inspired from the treatment effects literature, where the endogeneity of

a “treatment” (here voluntary mobility) is corrected for by using suitable control groups.

Our approach thus depends on the exogeneity of constrained mobility. As our data do not

permit to precisely discriminate among constrained transitions, we address the concern that

the exogeneity assumption might be violated. In the absence of a convincing instrument

for job mobility, we proceed to several changes in the definition of constrained mobility and

check the robustness of the results with respect to these variations. Doing so, we expect

empirical regularities to emerge across these different control groups.

We complete the picture by incorporating a bivariate unobserved heterogeneity. Past

literature has argued that if workers are heterogeneous with respect to their productive char-

acteristics then hedonic regression coefficients can be strongly biased (Hwang et al., 1992).

We make use of the panel dimension of our data and extend Brown’s (1980) approach. We

model the wage process as depending on unobserved, “productive” job specific characteris-

tics. We also incorporate a job-specific effect common to all amenities and independent of

the wage. This second heterogeneity is motivated by the nature of the amenity variables we

3In a recent contribution, Villanueva (2005) uses a similar definition of voluntary mobility to derive bounds
on the “market price” of non wage attributes, correcting for the endogeneity of voluntary transitions. The
main difference with our work lies in the considering of workers’ selection into jobs. While Villanueva treats
selection as a source of bias, we claim workers’ mobility choices to be informative on their preferences.
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use, which consist of self-reported measures of satisfaction with several dimensions of the

job. In line with Duncan and Holmlund (1983), we think that such indicators may suffer

from substantial biases, of a more “subjective” nature.

We then estimate the model on European data from the European Community Household

Panel (ECHP) for the years 1994-2001. We study nine countries (Austria, Denmark, Spain,

Finland, France, Ireland, Italy, the Netherlands and Portugal) and simultaneously allow for

five amenities. The empirical results neatly illustrate our discussion of the relationships

between wages, amenities and job mobility. We find positive MWP for most job attributes,

significantly so in many cases. Moreover, for several amenities such as the type of work

and job security, estimates range around one third of the wage. However, both the wage

and amenities account for a small share of the variance of mobility decisions. We interpret

this result as evidence of heterogeneity in mobility costs. When combined with the MWP,

we find very small wage differentials posterior to job change. These findings are robust to

changes in the model’s assumptions.

The outline of the paper is as follows: we first present our data and compute several

descriptive statistics in Section 2. In Section 3, we present the model and emphasize the link

between MWP and hedonic prices. Identification and estimation are discussed in Section

4 while Section 5 is devoted to estimation results and robustness checks. Lastly, Section 6

concludes.

2 Job mobility, wages and amenities: First empirical

evidence

In this section, we conduct a simple descriptive analysis of a multi-country sample of in-

dividual transitions on the labor market. This allows us to emphasize a number of salient

facts about workers’ mobility, wages and non wage job characteristics that will motivate

our study. First, we present the data and describe the specific variables we will use for the

analysis of job mobility and amenities.
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2.1 The ECHP

We use the European Community Household Panel (ECHP) for the analysis of workers’

mobility decisions. The ECHP is a panel of ex-ante homogenized individual data covering 15

countries from 1994 to 2001. Each household is interviewed once a year and every individual

present in the initial sample is followed over the eight waves. Each observation consists

of a rich set of individual characteristics, such as age and gender, together with standard

information on the present job: wage, date of start... Two groups of variables are especially

relevant to our analysis: the nature of job-to-job transitions, and satisfaction variables with

various non wage characteristics.

Classifying job mobility: Our approach uses job-to-job transitions to identify workers’

preferences. As emphasized in the introduction, constrained job change may imperfectly

reveal these preferences. To discriminate between various degrees of mobility constraints,

we use a variable which presents the reason why the individual has stopped working in her

previous job. The twelve possible answers are the following:

1 obtained better/ more suitable job 7 looking after old, sick, disabled persons
2 obliged to stop by employer 8 partner’s job required move to another place
3 end of contract/ temporary job 9 study, national service
4 sale/ closure of own or family business 10 own illness or disability
5 marriage 11 wanted to retire or live off private means
6 child birth/ need to look after children 12 other

Every answer, except 2, 3 and 4, could be thought of as a voluntary quit since the worker

has not been laid off. However we consider answers 5 to 12 (when job-to-job mobility is

caused e.g. by a marriage or the birth of a child) as a sort of constrained mobility which

may not reveal the individual’s preferences over jobs. In this paper, we thus define voluntary

mobility as the transitions from one job to a “better or more suitable” one (answer 1). All

the other transitions (answers 2 to 12) are constrained.

It is apparent from the twelve answers that a constrained transition can correspond to

very different economic events. We define displacements to be transitions corresponding to

answers 2 to 4, and cluster all the other answers (5 to 12) into the category of partially
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constrained mobility. Athough imperfect, the disaggregation of constrained transitions into

these two subcategories will allow us to test the robustness of our results.

Amenities: Among the numerous job characteristics available in the ECHP is a set of job

amenities. These variables give the subjective valuation of the worker with a given aspect

of her job. The typical question is:

How satisfied are you with your present job in terms of (amenity)?

and individuals use a scale from 1 (“not satisfied at all”) to 6 (“fully satisfied”) to indicate

their degree of satisfaction. The question remains the same for the following job character-

istics:

- TY : type of work
- CD : working conditions
- WT : working times
- DI : distance to job/ commuting
- SE : job security

For the analysis to be clearer and the estimation to be more tractable, we will cluster the

answers into two levels of satisfaction: an amenity equal to 1 (answers 5 and 6) will mean

that individuals are actually satisfied and 0 (answers 1 to 4) that they are either unsatisfied

or neutral. This clustering is consistent with the literature following Rosen (1986) where

amenities take two values: zero for “bad” jobs, one for “good” jobs.4

Even though the ECHP is an ex-ante harmonized panel, some variables (especially ameni-

ties) may not be available in every wave and/ or country.5 Therefore we restrict our analysis

to countries where amenities are available and rarely missing (the non-response rate is less

than 1%). In this version of the paper, we focus on Austria, (AUS), Denmark (DNK), Spain

(ESP), Finland (FIN), France (FRA), Ireland (IRL), Italy (ITA), the Netherlands (NLD)

and Portugal (PRT). These nine countries cover the scope of the different mobility pat-

terns one can encounter in Europe, from rather static labor markets in some Latin countries

(France, Italy and Portugal) to markets with a high turnover (Denmark).

4It is common practice in the analysis of subjective data to estimate ordered models, such as ordered
PROBIT (see Senick, 2003, and the references therein). Still these methods often involve the arbitrary
clustering of some categories (typically the lowest levels of satisfaction). We also estimated our model for
“good” amenities corresponding to levels 4, 5 and 6. The results remained qualitatively similar.

5In particular, the ECHP only lasts three years in Germany and the United Kingdom.
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Individual Characteristics: We lastly present the individual characteristics we use in the

subsequent analysis: “age” and “age2” are continuous variables; “male” is a gender dummy,

which equals 1 for men; “married” indicates whether the individual is married (= 1) or not;

and “kid” equals 1 if the individual has children under 12. Finally, “education” is a variable

taking three values, from 1 (less than second stage of secondary education) to 3 (third level

education).

2.2 Sample description

We merge every two consecutive waves of the ECHP and append the seven resulting tables in

order to have a sample containing an ex-ante and an ex-post situation (respectively denoted

as t and t + 1) for every individual/ year in the survey. Thus, a worker present in the

eight waves is associated with seven observations, each observation containing her job status

(employment, wage,6 amenities, etc...) and individual characteristics (age, marital status,

etc...) both at date t and t + 1. Therefore an individual appears up to seven times in the

data and for each observation she can experience one of the following transitions:

- stay employed in the same job
- stay unemployed
- make an unemployment-to-job transition
- make a job-to-unemployment transition
- make a constrained job-to-job transition
- make a voluntary job-to-job transition

Since we do not focus on labor participation, we cluster unemployment and inactivity.

Moreover we define employment as paid jobs that last more than 15 hours per week.7 The

precise construction of our samples (one per country) is presented in Appendix A.

Table 1 shows the main descriptive statistics on our samples. The first two rows present

the number of individuals and the number of actual ex-ante/ ex-post observations. The next

six rows give the proportions of each type of transition (except the ones from non employment

to non employment). We note that individuals tend to stay in their job. The corresponding

probability ranges around two thirds in all countries, which leads to an average job duration

6We use the logarithm of monthly wages detrended on year dummies.
7Self-employed people are likely to differ from other workers in many ways. In particular, lower risk

aversion can cause much different career profiles. In this paper we assume away this issue, and drop the
self-employed from our samples.
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of three years. Yet, there is more dispersion across countries in the probability of making

a job-to-job transition, which ranges between four and ten percent of total transitions. In

particular, voluntary job-to-job mobility is significantly more frequent in Denmark (4.2%)

than in Italy (1.3%). In all cases, though, these amount to a small proportion of transitions

on the labor market.

Table 1: Sample description

AUS DNK ESP FIN FRA IRL ITA NLD PRT

individuals 4 100 4 010 7 531 4 430 7 513 3 760 7 799 6 492 6 124
observations 18 455 20 025 37 683 16 786 35 571 16 127 42 527 31 892 32 877

Transitions
in % of all obs.

:

- non emp.-to-job 959
5.2%

1 306
6.5%

3 798
10.1%

1 511
9.0%

2 464
6.9%

1 565
9.7%

2 713
6.4%

2 053
6.4%

2 211
6.7%

- job-to-non emp. 1 002
5.4%

1 133
5.7%

2 685
7.1%

1 083
6.5%

2 214
6.2%

959
5.9%

2 289
5.4%

1 321
4.1%

1 560
4.7%

- stay in same job 13 382
72.5%

13 070
65.3%

20 349
54.0%

11 028
65.7%

24 233
68.1%

9 683
60.0%

27 889
65.6%

21 534
67.5%

22 624
68.8%

- job-to-job 933
5.1%

2 058
10.3%

2 677
7.1%

962
5.7%

1 429
4.0%

1 140
7.1%

1 558
3.7%

2 296
7.2%

1 646
5.0%

- voluntary j-t-j 436
2.4%

849
4.2%

754
2.0%

419
2.5%

603
1.7%

544
3.4%

541
1.3%

988
3.1%

672
2.0%

- constrained j-t-j 497
2.7%

1209
6.0%

1 923
5.1%

543
3.2%

826
2.3%

596
3.7%

1 017
2.4%

1308
4.1%

974
3.0%

% of wage
increases among:
- vol. j-t-j 63.3% 61.2% 64.5% 69.7% 60.5% 68.8% 60.4% 73.3% 66.1%
- constr. j-t-j 54.2% 51.4% 54.6% 54.3% 53.2% 53.9% 47.1% 64.8% 51.6%
- stay in same job 52.1% 47.2% 53.5% 52.2% 54.5% 52.1% 48.2% 59.7% 48.1%

The last three rows of Table 1 are important motivations for our analysis. Indeed we can

see that most voluntary job changes are associated with a wage gain whereas job stayers and

constrained job movers more frequently experience a wage cut. This suggests that the wage

influences job change decisions. Yet, the proportion of wage increases ranges from only 60%

(in France) to 73% (in the Netherlands) of voluntary job-to-job transitions. Up to 40% of

voluntary job movers experience a wage cut even if the new job is said to be “better or more

suitable” than the previous one. If at least part of these transitions with wage cuts are not

spuriously generated by measurement error, these statistics suggest that the wage is not the

only characteristic workers value, and we should look at other job characteristics to explain
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voluntary mobility.89

To investigate further this issue, we compute the probability matrices for the various

amenities and types of transitions (voluntary, constrained or within-job).10 To save space, we

show these matrices in Table 2 for Denmark only, the results being similar in all countries. As

every off-diagonals show (distance to job being the only exception), the probability matrices

in the first row are all non symmetric: voluntary job changers are more prone to gain than

to lose amenities. For instance, 28% (resp. 9%) of voluntary job changers experience a rise

(resp. a fall) in their satisfaction with the type of work. In contrast, probability matrices

are strikingly symmetric when looking at job stayers. In constrained transitions, non wage

characteristics are improved in terms of satisfaction, yet less so than in voluntary ones. Thus,

the increase in satisfaction with non wage characteristics seems to be specific to voluntary

mobility.

Table 2: Probability matrices

(
P(0, 0) P(0, 1)
P(1, 0) P(1, 1)

)
in Denmark

Amenities TY CD WT DI SE

vol j-t-j

(
.13 .28
.09 .50

) (
.16 .25
.16 .43

) (
.12 .20
.16 .52

) (
.19 .19
.20 .42

) (
.16 .19
.16 .49

)

constr. j-t-j

(
.16 .21
.18 .45

) (
.19 .20
.17 .44

) (
.13 .17
.17 .53

) (
.19 .19
.20 .42

) (
.27 .20
.17 .36

)

stay in job

(
.17 .10
.13 .60

) (
.20 .13
.14 .53

) (
.14 .10
.10 .66

) (
.21 .07
.08 .64

) (
.15 .12
.11 .62

)

These few descriptive statistics tend to confirm the idea that the wage is not the only

determinant of workers’ voluntary mobility and that non wage characteristics are likely to

enter job valuation. We now proceed to a formal test of this intuition.

8Changes in hours worked provide a possible explanation for voluntary quits associated with wage cuts.
However, less than 10% of these transitions correspond to changes from full-time (defined as more than 30
hours per week) to part-time work in the three countries we consider.

9This paper focuses on non wage characteristics. Wage growth expectations are an alternative explanation
for job transitions associated with wage cuts (e.g. Postel-Vinay and Robin, 2002).

10
P(at, at+1) is the joint probability law of (at, at+1). It is computed as the ratio of the number of voluntary

(resp. constrained or within-job) t/t + 1 transitions from amenity at = 0, 1 to amenity at+1 = 0, 1, divided
by the number of all voluntary (resp. constrained or within-job) transitions.
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3 A model of wages, amenities, and job mobility

3.1 The model

We here write a dynamic model of individual transitions on the labor market. Voluntary job

mobility is the keystone of the model. Still, we also allow for transitions into and out of non

employment, together with constrained job change. In the next Section, we shall argue that

these transitions can be informative to deal with the endogeneity of voluntary job mobility.

We here present the model with a single non wage characteristic, for clarity. The extension

to multiple amenities, which we use for estimation, is reported in the Appendix.

In the model, every match between a worker and a job is described by a pair θ = (θ1, θ2),

where θ1 is a productive characteristic and θ2 is a non productive aspect of the match,

standing for the worker’s subjective satisfaction with her job. Vector x represents individual

characteristics.

Wages and amenities within jobs: Let a worker be employed at date t = 0, 1, ..., and

let θ be the characteristics of the worker/job match. We assume that the match has already

lasted for at least one period. The special case of starting jobs will be addressed at the

end of this subsection together with the realization of new matches’ characteristics. At the

beginning of period t, the wage yt and the binary non wage characteristic at ∈ {0, 1} of the

job are drawn, given θ and x. The amenity is drawn according to:

at = 1{αax + β1aθ1 + β2aθ2 + uat > 0}. (1)

Simultaneously, the (logarithm of the) wage yt is drawn according to the hedonic curve:

yt = ρat + αyx + βyθ1 + uyt. (2)

It is convenient to think of equation (1) as a reduced form. The “objective” characteristics

of a given job (yt, ãt) are supposed to depend on common characteristics: θ1 and x, and

transitory shocks uyt and uat. Then, amenities are evaluated by workers in terms of satis-

faction. We introduce a subjective threshold st such that at = 1 {ãt > st}. This threshold

depends on x and θ1, and on the second (non productive) component of the quality of the

worker/job match θ2. Equation (1) then mixes the “objective” amenity and the “subjective”

interpretation of the amenity in terms of satisfaction.

10



Then, parameter ρ in the hedonic curve (2) is the implicit price of the amenity, which we

shall refer to as the within-job compensating differential for the amenity. Equations (1)-(2)

can follow from the negotiation of the employment contract between the worker and the

firm, given the characteristics of the match. We do not model this process and thus treat

the parameters in (1)-(2) as exogenous.

Once drawn, the wage and amenity are valued by the worker, according to the instanta-

neous indirect utility function v(yt, at, x). Then she can experience several types of transi-

tions.

Adverse shocks: First, the worker can be constrained to move to another job, or forced

back to non employment. Both events happen with exogenous probabilities depending on x

and θ.

If the worker has experienced a constrained transition, her new wage/amenity pair (yc, ac)

is drawn from a specific distribution given θ and x, similar to (1)-(2) but with different

parameters indexed by the (c) superscript. These parameters result from the new firm’s

technological choices, rather than from contract negotiation with the worker. In particular,

the compensating differential for the amenity posterior to constrained job change (ρc) is a

priori different from the within-job compensating differential (ρ).

Job offers: If the worker has experienced no adverse shock, then she gets an offer from an

outside firm that she can either accept or turn down.11 Amenity offers a∗ are drawn from a

specific distribution:

a∗ = 1{α∗
ax + β∗

1aθ1 + β∗
2aθ2 + u∗

a > 0}, (3)

and wages and amenities belong to another hedonic curve:

y∗ = ρ∗a∗ + α∗
yx + β∗

yθ1 + u∗
y, (4)

where ρ∗ is the compensating differential for the amenity in job offers. Equation (4) reflects

the trade-off between wages and (possibly costly) amenities at the firm’s level. It is also taken

as given. We allow the three hedonic curves– corresponding to continuing jobs, constrained

job change and outside offers –not to be the same. The three compensating differentials: ρ,

ρc and ρ∗ can thus be different.

11The assumption of systematic arrival of outside job offers will be discussed in the next subsection.
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Note that wage and amenity offers depend on the characteristics of the current match,

as firms are assumed to direct their search on groups of workers with given individual (x)

and match (θ) characteristics .

Voluntary mobility rule: Let V (yt, at, θ, x) be the present value, at the beginning of

period t, of a job with characteristics θ and (instantaneous) wage/amenity values (yt, at).

Future periods are discounted at a constant rate. Note that V (yt, at, θ, x) takes into account

possible future spells of non employment, associated with a constant instantaneous utility.

The worker bases her decision whether or not to change job on the comparison of the

job offer she has just received to the expected present value of her current job. The latter

is given by: Vstay (θ, x) = Eyt+1,at+1 [V (yt+1, at+1, θ, x)|θ, x] . Note that, as shocks uat and

uyt in (1)-(2) are transitory, this expression does not depend on past wage/amenity values

(yt, at, yt−1, at−1, ...).

When the worker takes her decision, the characteristics of the new match are not yet

realized. The decision is thus based on the expected value of the proposed job, given wage

and amenity offers: Vmov (y∗, a∗, θ, x) = Eθ∗ [V (y∗, a∗, θ∗, x)|y∗, a∗, θ, x], where θ∗ stands for

the characteristics of the offered worker/job match, unknown to the worker at time t.

Let zt be the dummy variable indicating if the individual has changed job voluntarily

between periods t and t + 1. The mobility decision reads:

zt = 1 {Vmove (y∗, a∗, θ, x) > Vstay (θ, x) + c(θ, x)} ,

where c(θ, x) are transition costs.12 We adopt a linear specification for this relationship, and

assume:

zt = 1 {y∗ + δ∗a∗ > αzx + β1zθ1 + β2zθ2 + uz} . (5)

Since x and θ intervene in both Vstay and Vmove, the interpretation of their associated pa-

rameters in (5) calls for prudence. However, the role of y∗ and a∗ is unambiguous and δ∗

clearly reflects the trade off between wage and amenity in the mobility decision. We shall

refer to δ∗ as the dynamic Marginal Willingness to Pay for the amenity.

12Examples of mobility costs correlated with θ could be housing and children’s education expenses. Van
den Berg (1992) estimates an on-the-job search model where mobility costs depend on the current wage,
constant within job.
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The Right-Hand Side inside the index in equation (5):

τ(x, θ) = αzx + β1zθ1 + β2zθ2 + uz, (6)

is a combination of the value of staying in the present job and transition costs. In this paper,

we do not intend to disentangle these two dimensions. Moreover, the random shock uz renders

τ (θ; x) stochastic conditional on observed and unobserved characteristics. Although many

models of transitions assume deterministic reservation wages (see e.g. Flinn and Heckman,

1982), we shall see in Section 5 that, in the context of job-to-job mobility, it is important to

allow for variability in τ .

The voluntary job change decision has two potential outcomes. If the worker accepts the

offer, she gets (yt+1, at+1) = (y∗, a∗) at the beginning of the next period t + 1. If not, she

draws a new pair (yt+1, at+1) in (1)-(2).

Match characteristics: If the worker has started to work at a new job at the next period

t + 1 with starting wage and amenities (yt+1, at+1), then the productive and non productive

characteristics of the match are realized. The new characteristics θ∗ are drawn from a

distribution depending on the starting wage/amenity values at the job. Importantly, this

distribution is identical for every individual and independent of the type of the last transition.

In other words, we assume that starting wage/amenity values, which do depend on the

worker’s previous labor market status, are sufficient statistics for the match characteristics,

and we neglect state dependence beyond these starting conditions.

If instead she has remained in the same job between t and t + 1, then the characteristics

of the match stay the same. Match characteristics are thus constant within-job. Lastly, non

employed individuals are assumed to “keep” the θ of their previous match, using θ as a signal

when applying for a new job.

So far, the worker has been assumed to be employed in a continuing job at time t. We

now focus on the two cases when she is either non employed at time t, or starting to work

in a new job.

Non employment-to-job transitions: If the worker is non employed at the beginning

of period t, then we assume that she can find a job with exogenous probability depending
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on the θ of her previous job.13 Then, at the beginning of the next period, she draws a

wage/amenity pair (yn, an) from a different distribution going with another compensating

differential for the amenity (ρn). Subsequently, the characteristics of the new match are

realized.

Starting jobs: Lastly, consider a worker employed in a new job at the beginning of period t.

Her starting wage and amenity are either equal to (y∗, a∗) (if she has changed job voluntarily

at the end of period t − 1), to (yc, ac) (if she has been constrained to change job), or to

(yn, an) (if she has was previously non employed). The new match characteristics are then

drawn given these starting values, and condition the arrival rates of adverse shocks and the

offers she might receive from an outside firm.

Econometric specification: In the econometric model, all variables are indexed by in-

dividual i and time period t. Individual characteristics xit can be time-varying (e.g. age),

or not (sex, education). All residuals in the model are i.i.d, independent of covariates,

independent of one another and normally distributed with zero means.

All types of transitions– but voluntary ones –are modeled according to a common pattern.

For instance, the occurence of constrained job change is specified as:

zc = 1 {αc
zx + βc

1zθ1 + βc
2zθ2 + uc

z > 0} . (7)

The variance of all residuals in the transition equations, such as uc
z, are normalized to one.

We adopt the same normalization for the residuals in the amenity equations. In contrast,

the variance of uz in the voluntary mobility equation can be identified, as the coefficient of

wage offers in (5) is set to one by assumption.

In the econometric model, characteristics θ1 and θ2 are unobserved match-specific effects.

Their identification comes from within-job repetitions (see 4.1). We model θ1 and θ2 as

discrete random variables. This choice allows to approximate their distributions without

making explicit distributional assumptions (Heckman and Singer, 1984).

After a transition out of non employment, a constrained or a voluntary job-to-job transi-

tion, new match characteristics are drawn. They are assumed to follow an Ordered PROBIT

13In the estimation, we will only consider individuals who are employed initially, so that every observation
will be associated to a θ.

14



specification, conditional on starting wage and amenities at the new job.

We adopt a similar approach to model initial conditions. Namely, we assume that all

individuals are initially employed, and condition the worker’s likelihood on her starting wage

and amenity. Then, the match characteristics in the intial job follow an Ordered PROBIT

specification given the initial wage and amenity, with a new set of parameters.

3.2 Hedonic wage regressions and job mobility

The wage/amenity offer equations (3)-(4) and the rule of voluntary mobility (5) form the core

of the model. The two parameters ρ∗ and δ∗ represent specific trade-offs between wages and

amenities: at the firm’s level, ρ∗ reflects substitution between two costs while at the worker’s

level, δ∗ represents the trade-off between two goods. When workers take their mobility

decisions, both effects are at play. Posterior to job change, these “demand” and “supply”

effects can a priori strengthen or weaken the correlation between wages and amenities.

One of the main insights of the theory of compensating differentials is that the two

trade-offs, at the firm’s and the worker’s levels, tend to create a negative correlation.14 In

the model, this correlation depends on parameters ρ∗ and δ∗, as well as on a third parameter

measuring the extent of transition costs. We now derive the structural relation linking these

different parameters.

Let us define:

∆z = E(y∗|a∗ = 1, zt = 1, θ, x) − E(y∗|a∗ = 0, zt = 1, θ, x).

∆z is the wage differential between the two amenity levels, for voluntary job changers. It

could be estimated by a hedonic wage regression on the subsample of job changers, controlling

for unobserved heterogeneity.

Using the specification of the hedonic curve (4), ∆z can be rewritten as:

∆z = ρ∗

︸︷︷︸
≡∆

(d)
z

+ E(u∗
y|a

∗ = 1, zt = 1, θ, x) − E(u∗
y|a

∗ = 0, zt = 1, θ, x)
︸ ︷︷ ︸

≡∆
(s)
z

. (8)

In (8), ∆z has been written as the combination of a “demand” and a “supply” effect. The

first effect, ρ∗, is taken as given in the model.

14Other theories of non wage characteristics have different implications concerning the wage/amenity
correlation in equilibrium. See e.g. Hwang et al. (1998).
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Then, the “supply” effect is generally negative, consistently with the intuition that work-

ers can accept lower (higher) wage in exchange of better (worse) amenity when moving to

another job. To see why, note that the mobility rule (5) implies that

∆(s)
z = E(u∗

y|uz − u∗
y < −µ + ρ∗ + δ∗) − E(u∗

y|uz − u∗
y < −µ),

where we have defined for compactness:

µ = (αz − α∗
y)x − (β∗

y − β1z)θ1 + β2zθ2.

As u∗
y and uz are normally distributed and uncorrelated by assumption, we can write:

∆(s)
z =

(σ∗
y)

2

σ

[
φ

Φ

(
−

µ − δ∗ − ρ∗

σ

)
−

φ

Φ

(
−

µ

σ

)]
, (9)

where φ (respectively Φ) denotes the standard normal pdf (resp. cdf), and (σ∗
y)

2, σ2
z and

σ2 =
(
σ∗

y

)2
+ σ2

z are the variances of u∗
y, uz and u∗

y − uz, respectively.

Then it follows from (9) that ∆
(s)
z has the same sign as −(δ∗ + ρ∗).15 In the benchmark

case when there is no correlation in wage/amenity offers (ρ∗ = 0), the worker’s trade-off

between wage and amenity leads to a negative wage/amenity correlation posterior to job

change. Even in the absence of negative correlation on the demand-side of the market, this

supply effect is enough to create “compensating” wage differences between jobs with distinct

amenities.

Order of magnitude: In the model, workers are constrained on their mobility, as we

assume job-to-job transitions to be costly. This feature can have a strong effect on the wage

differential posterior to job change ∆z, as we now illustrate.

To proceed, let us suppose that the probability of job change is small, conditional on

“good” or “bad” amenity offers, and conditional on individual and job characteristics. This

assumption is consistent with the descriptive evidence in 2.2, where the aggregate probability

of voluntary job change was found to be less than five per cent in the three countries we

study. Precisely, for all x, θ and a∗, we suppose:

Φ

(
−

µ − (δ∗ + ρ∗)a∗

σ

)
<< 1.

15This is because the inverse Mills ratio φ

Φ is strictly decreasing on the real line. The normality of uz and
u∗

y is not essential for this result to hold, however.
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This assumption permits to approximate ∆
(s)
z as:16

∆(s)
z ≈

(σ∗
y)

2

σ

[ (
µ − δ∗ − ρ∗

σ

)
−

(µ

σ

) ]
= −

(
σ∗

y

σ

)2

(δ∗ + ρ∗) .

We then define:

Ryz ≡

(
σ∗

y

σ

)2

. (10)

Hence ∆
(s)
z can be approximated as:

∆(s)
z ≈ −Ryz (δ∗ + ρ∗) . (11)

Ryz measures the weight of wage offers in mobility decisions. We interpret this ratio as a

measure of the heterogeneity in mobility costs. If costs are homogeneous, then the variance

of wage offers accounts for a large share of σ2 and Ryz is close to 1. On the contrary, if

mobility decisions involve many factors other than the wage, Ryz is small.

We do not model the probability of receiving an outside offer, since we assume that every

worker who has not faced an adverse shock gets an alternative offer. However, the stochastic

mobility costs we have introduced make this assumption immaterial. In the model, not

having access to an alternative job (i.e. receiving no job offer) is interpreted as facing a

high mobility cost, i.e. drawing a large uz. It is thus clear that Ryz represents also the

heterogeneity in opportunities to change job.

Equation (11) shows that, the larger the MWP for the amenity, the more negative the

correlation posterior to job change. However, in the case where mobility costs are heteroge-

neous, large MWP for job attributes (i.e. large and positive δ∗) can translate into very weak

wage/amenity correlation (if Ryz is low).

Now if we go back to the wage differential for job changers and still assume a low prob-

ability of job change, we can write, combining (8) and (11):

∆z ≈ (1 − Ryz) ρ∗ + Ryz (−δ∗) . (12)

According to (12), the wage/amenity correlation posterior to job change combines the two

parameters ρ∗ and δ∗, in a proportion determined by the heterogeneity in mobility costs

16The inverse Mills ratio has the property that φ

Φ (x) = −x + o(x) when x → −∞. Hence, for probability

p close to zero, φ

Φ (Φ−1(p)) is close to −Φ−1(p). Note that, unlike in the previous paragraph, the assumption
of normally distributed residuals is here critical.
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Ryz. In the limit, when Ryz is close to zero, then the worker’s trade-off between wages and

amenities has no impact on the correlation posterior to job change. Lastly, equation (12)

involves the three key parameters of the model: wage/amenity substitution on the demand

(ρ∗) and supply (δ∗) sides, together with an indicator of mobility costs (Ryz). Identifying

and estimating these parameters is one of our main purposes.

4 Identification and estimation issues

In this section, we address the identification and estimation of the model’s parameters.

We first focus on the identification problem arising from workers’ selection into jobs. We

then discuss the identification of unobserved match characteristics. Lastly, we outline the

estimation method.

4.1 Identification of the key parameters

We here assume that match characteristics are observed by the econometrician. Next sub-

section will deal with their identification.

If job offers were observed for all workers, not only actual job changers, then the model’s

key parameters would be identified without further assumption. Indeed ρ∗ follows directly

from the hedonic curve (4). Moreover, all parameters ruling job offer equations would be

identified in that case, including σ∗
y , the standard deviation of u∗

y. As for δ∗, it follows from

equation (5) that:

Φ−1 [P (zt = 1|y∗, a∗, θ, x)] =
1

σz

y∗ +
δ∗

σz

a∗ −
αz

σz

x −
β1z

σz

θ1 −
β2z

σz

θ2. (13)

Equation (13) shows that, along with data on job turnover, data on wage offers would permit

to identify all parameters in (5), including the standard deviation of uz, σz.

The selection problem: The absence of data on job offers in the ECHP complicates the

researcher’s task. As wage and amenity offers are not observed for job stayers, we face a

selection problem.

Identification of selection models is often achieved by the use of exclusion restrictions.

In the case of job-to-job mobility, however, it seems difficult to find a covariate that both
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significantly influences the job change probability and is uncorrelated with job offers. Poten-

tial candidates in the ECHP are the indicators of being married and having young children.

However, their effect on job change propensity turns out to be small.

Therefore we here take a different route. Our approach builds on the remark that ob-

serving the realizations of job offers (y∗, a∗) is not strictly necessary for the parameters to

be identified. For this purpose, knowing their distribution is sufficient. This is straightfor-

ward for the parameters appearing in (3)-(4). For mobility parameters in (5), the argument

makes use of Bayes’ rule. Namely, if the wage/amenity offer distribution is known (given

characteristics), with density ℓ∗, then:

P (zt = 1|y∗, a∗, θ, x) =
ℓz(y∗, a∗|zt = 1, θ, x)

ℓ∗(y∗, a∗|θ, x)
P (zt = 1|θ, x) , (14)

where ℓz denotes the density of wages and amenities accepted by voluntary job changers. As

ℓz and P (zt = 1|θ, x) involve observed quantities, the Left-Hand Side in (14) is identified as

soon as ℓ∗ is known. Then, using (13), the parameters appearing in the mobility equation

can be recovered.

Finding proxies for the distribution of wage/amenity offers: For the model’s pa-

rameters to be identified, a sufficient condition is thus that the distribution of job offers be

itself identified. We propose to augment the model by the following identity:

ℓ∗ = ℓc, (15)

where ℓc is the density of wages and amenities drawn by constrained job changers.

For (15) to be satisfied, two conditions need to hold: First, constrained job change has to

be exogenous from the worker’s perspective. If this is the case, then ℓc can also be interpreted

as the density of “offers” received by constrained job changers– offers which cannot be turned

down by the worker. Second, constrained and voluntary job changers need to draw from the

same distribution of job offers.

The first condition, exogeneity, could be violated for two reasons: workers can self-

select with respect to their unobserved characteristics (ability bias) or with respect to the

characteristics of the current and offered jobs (selection). We may argue that we control

for the first source of endogeneity, as the probability of job change is conditional on θ in
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equation (7). However, we do not control for the endogeneity possibly arising from selection

with respect to job offers. As for the second condition, equality of job offers, it could be

violated if, say, experiencing a constrained transition were seen by employers as a signal

of low productivity. This argument could well hold in the case of lay-offs, as suggested in

Gibbons and Katz (1991).

To guarantee the exogeneity of constrained job change, Gibbons and Katz (1992) con-

sider displaced workers consecutive to plant closure. They claim that such displacements

approximate the natural experiment of exogenous job loss, and use this insight to correct

for ability bias in inter-industry wage differentials. A recent empirical analysis of returns

to tenure by Dustmann and Meghir (2005) builds on the same idea. In our case, however,

this approach is not directly applicable because the ECHP data are not precise enough to

identify “true” displacements, exogenous from workers’ perspective. We are not aware of

a data set providing information on amenities and voluntary mobility (as in the ECHP)

together with “true” displacements (as in firm level data). Still, the ECHP data allow to

distinguish between different types of constrained job transitions. This feature permits to

develop informal robustness checks.

An informal test of robustness. To address the concern that the above conditions

might be violated, we test the robustness of our results to variations in assumption (15).

Our approach consists in substituting three other wage/amenity distributions for the orig-

inal distribution of reference (constrained transitions). First, we decompose constrained

transitions into displacements and partially-constrained transitions, as explained in 2.1. We

take the wage/amenity distributions of either of the two types as a reference. For instance,

replacing identity (15) by: ℓ∗ = ℓd, where ℓd denotes the density of wages and amenities

drawn by displaced workers, a different set of parameters ruling voluntary job mobility can

be derived. We proceed similarly in the case of partially constrained transitions.

Lastly, we also try a third specification, taking wages and amenities posterior to non

employment as the reference for job offers. In this case, the identity becomes: ℓ∗ = ℓn. This

restriction has been widely used in the job search literature, as an assumption permitting the

job offer distribution to be identified. In these models, a subpopulation of workers (usually

unemployed) draw their jobs in the offer distribution and are forced to accept the offer
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because their alternative is not preferable. Hence the observed distribution of jobs drawn by

these workers is the same as the actual offer distribution (see e.g. Christensen et al., 2005).

None of these distributions of reference is claimed to ensure the two conditions stated

above but we expect empirical regularities with respect to these changes in “control” groups

to be relevant. Indeed, we will see in section 5.3 that the resulting patterns, in terms of MWP

and wage/amenity correlation, turn out to be remarkably similar between specifications,

reinforcing the evidence.

4.2 Identification of match characteristics

In the model, match characteristics are unobserved by the econometrician. As θ1 and θ2 are

constant within-job, however, they are identified by wage and amenity repetitions provided

that jobs last more than two periods with positive probability. For θ1, the argument comes

e.g. from a theorem by Kotlarski (1967). In that case, the density of θ1 is identified non-

parametrically. As for θ2, one also needs that the regressors vary sufficiently over time. For

instance, if one of the regressors has large support in all its dimensions as in Manski (1988)

then the latent distributions are identified and Kotlarski’s result applies.

Properly speaking, we do not dispose of such a regressor in amenity equation (1), but un-

observed heterogeneity distributions are modeled as discrete random variables, allowing for a

parsimonious number of groups. For this specification, we found no evidence of identification

problems.

4.3 Estimation: EM with a Sequential M-step (ESM)

We here briefly present the estimation of the model’s parameters. The details of the proce-

dure are given in Appendix B. We model θ1 and θ2 as follows. Let N denote the number of

individuals in the sample. We assume that there exist two integers K1 and K2, a mapping:

{1...N} → {1...K1} × {1...K2}

i 7→ (k1i, k2i),

and parameters (ϑ11, ...ϑ1K1), (ϑ21, ...ϑ2K2) such that (θ1i, θ2i) = (ϑ1k1i
, ϑ2k2i

).

We use the EM algorithm of Dempster et al. (1977) to estimate the model’s parameters.

This amounts to treating k1i and k2i as random variables. Starting with initial guesses for
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the parameters, one computes, in the expectation (E) step, the posterior probabilities that

(k1i, k2i) = (k1, k2) given the data, for all kj in {1, ..., Kj}, j = 1, 2 and for all individu-

als. Then in the maximization (M) step one maximizes the likelihood of the observations,

weighted by the posterior probabilities.

As for the choice of K1 and K2 there is a trade-off between the accuracy of the description

of the unobserved heterogeneity distributions and the tractability of the estimation due to

the small number of voluntary job-to-job transitions. We found K1 = 4 and K2 = 2 to be

a convenient choice for the countries we study. In the empirical analysis, we shall test the

robustness of our conclusions to variations in K1 and K2.

The estimation of the global model takes the form of simple steps. In the M-stage of

the algorithm, all parameters– except the ones ruling voluntary job-to-job mobility, given

by equations (3)-(4) and (5) –are estimated either by PROBIT, Ordered PROBIT or OLS–

weighted by the posterior probabilities. Then, equations (3)-(4) and (5) form a censored

regression model with endogenous threshold. Theoretically, one could estimate the model

under the constraint (15). However, in the empirical analysis, we allow for five amenities

and a bivariate distribution of unobserved heterogeneity, so the joint estimation turns out

to be impractical.

Instead, within each M-step of the algorithm, we proceed in two steps: First, we estimate

the wage/amenity distribution posterior to constrained job change (ℓc). Second, we estimate

the parameters ruling the voluntary mobility decision setting ℓ∗ = ℓc. Appendix B.2 details

the mathematical expression of the second-step likelihood. The resulting algorithm follows

the pattern introduced in Arcidiacono and Jones (2003) of EM with a sequential M-step

(ESM). Therefore, our method provides consistent estimates of the parameters. However, it

is not as efficient as FIML.

To compute asymptotic standard errors, we write the First-Order Conditions of the algo-

rithm as population moment conditions. Arcidiacono and Jones (2003) propose to compute

the asymptotic variance-covariance matrix by the usual GMM formula. In our case, we found

that second derivatives of the type-conditional likelihoods could be very long to compute.

In Appendix B.3, we propose a generalization of the information matrix identity that allows

to significantly reduce computing time, by up to a 100 factor in our case.
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5 Estimation results

In this Section, we first present the parameter estimates. We then contrast the estimated

MWP with the wage/amenity correlations in cross-section, interpreting the results in light of

section 3.2. Lastly, we check the robustness of our findings to several changes in the model’s

specification.

5.1 Parameter estimates

As the model presented in 3.1 contains many parameters, we here give a partial account of

the results, focusing on the parameters of interest. Additional estimates are available from

the authors upon request.

Wage and amenity equations: Table 3 presents the parameter estimates of wage/amenity

equations (1)-(2) for Denmark. The results for other countries are qualitatively similar. Re-

call that all five amenities have been simultaneously included in the estimation. Parameters

ρ1, ..., ρ5, which represent the within-job compensating differentials for each of the five

amenities, are reported separately in Table 4. Table 3 shows that human capital determi-

nants and unobserved match characteritics have very different effects on the wage and the

amenities. The wage is concave in age, and is higher for males and educated workers. In

constast, all amenities but distance to job are convex in age, yet no clear pattern arises

from the effects of gender and education. In addition, θ2 has a significant effect on all the

amenities, whereas it is independent of the wage by construction.17 Interestingly, this effect

has the same sign and roughly the same magnitude for the five different amenities. This

finding could suggest that workers differ in their understanding of the 1 to 6 ranking given

in the ECHP. High-θ2 and low-θ2 workers could attach different meanings to words such as

“very satisfied” or “satisfied”, consistently with a “subjective” interpretation of θ2.

Moreover, observed covariates account for 33% of the wage variance,18 and unobserved

heterogeneity θ1 accounts for 44%. In contrast, both regressors have little explanatory power

17Strictly speaking, θ2 is independent of the wage conditional on initial amenities in the job. See Appendix
B for details.

18To compute this variance decomposition, we first regressed the wage on x, then on x and θ1. This last
regression was weighted by the groups’ posterior probabilities computed at the parameter estimates (see
Appendix B). We proceeded similarly for the latent variables of amenities.
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in amenity equations. For instance, for the amenity “type of work”, both x and θ1 account

for 3% of the variance, while θ2 accounts for 26%. Similar orders of magnitude are obtained

for the other amenities. Therefore, while observed and unobserved characteristics account

for a large part of the wage variance, the determinants of amenity variables seem essentially

unobserved.

Table 3: Wage and amenities within job (DNK)

Wage TY CD WT DI SE

Observed heterogeneity x

age .0272
(.00081)

−.00512
(.010)

−.0244
(.0096)

−.0256
(.0098)

.0369
(.011)

−.0726
(.010)

age2 −.000316
(.00001)

.000116
(.00012)

.000333
(.00011)

.000454
(.00012)

−.000188
(.00013)

.000851
(.00012)

male .120
(.0028)

.0707
(.027)

.0871
(.026)

.00445
(.027)

−.0958
(.030)

−.0929
(.027)

edu= 2nd level .07160
(.0035)

.0135
(.037)

.0264
(.036)

.000929
(.036)

−.177
(.041)

.0747
(.036)

edu≥ 3rd level .146
(.0038)

.0362
(.040)

.0192
(.039)

−.0419
(.039)

−.223
(.044)

.193
(.039)

constant 8.989
(.017)

.348
(.21)

.798
(.20)

1.0379
(.21)

−1.427
(.23)

1.820
(.21)

Unobserved heterogeneity (θ1, θ2)

θ1 = 1 −.986
(.0052)

−.319
(.083)

−.522
(.079)

−.651
(.082)

.632
(.086)

−.372
(.078)

θ1 = 2 −.568
(.0038)

−.603
(.053)

−.823
(.052)

−.613
(.056)

.563
(.055)

−.389
(.051)

θ1 = 3 −.326
(.0036)

−.263
(.050)

−.456
(.049)

−.359
(.053)

.356
(.050)

−.0517
(.048)

θ2 = 1 - 1.0190
(.029)

.981
(.028)

.684
(.029)

1.390
(.033)

.825
(.029)

We now turn to parameters ρ1, ..., ρ5 that give the within job compensating differentials

for various amenities. As shown by Table 4, the estimates are very close to zero and, in some

cases, insignificant at conventional levels. Moreover, there is no clear pattern in their sign.

For instance, in the Netherlands “working conditions” and “working times” are associated

to negative wage differentials, while the correlation is positive for “distance to job” and “job

security”. In all four cases the estimates are significant at the five percent level, yet their

order of magnitude is of less than 2%. We also computed ρ estimates without unobserved

heterogeneity (the results are not featured here). Comparing these estimates with those
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displayed in Table 4, we found that controlling for the ability bias, through θ1, tends to

create or increase compensating differentials for disamenities. Even with this correction,

though, the ρ point estimates remain rather low.

Table 4: Within-job compensating differentials, ρ

AUS DNK ESP FIN FRA IRL ITA NLD PRT

TY .0142
(.0046)

−.00328
(.0033)

.0197
(.0035)

.000724
(.0038)

.0188
(.0031)

.00561
(.0062)

.00242
(.0027)

−.00319
(.0030)

.0154
(.0044)

CD −.00162
(.0046)

−.00976
(.0032)

.00672
(.0035)

−.0176
(.0037)

−.00643
(.0029)

−.0102
(.0063)

−.00422
(.0027)

−.0110
(.0027)

−.0101
(.0043)

WT −.00278
(.0044)

−.0383
(.0033)

−.00544
(.0034)

−.0246
(.0036)

−.0167
(.0027)

.000235
(.0062)

−.0149
(.0026)

−.0123
(.0029)

−.0219
(.0045)

DI .0456
(.0038)

.0158
(.0031)

.00931
(.0032)

.0556
(.0037)

.00896
(.0027)

−.00615
(.0059)

.00197
(.0023)

.0171
(.0029)

−.000334
(.0037)

SE .0203
(.0040)

−.0102
(.0030)

.0161
(.0035)

−.00584
(.0038)

.00922
(.0027)

.0497
(.0062)

.00705
(.0026)

.00933
(.0029)

.0190
(.0044)

The patterns found in Table 3 are qualitatively similar for the wage/amenity equations

posterior to constrained job change and posterior to non employment (not featured here).

Moreover, the estimates of the parameters of the Ordered PROBIT linking the characteristics

of a new match to the starting wage/amenity values in a job are consistent with the patterns

of Table 3: Higher wages are associated to high θ1. Then, a high starting satisfaction with

any amenity yields a higher θ2.

Compensating differentials in job offers ρ∗ are especially relevant to our analysis. Re-

call that in this section, restriction (15) is imposed, so that job offer parameters are those

corresponding to constrained job change. We shall try other hypotheses at the end of this

section. The ρ∗ estimates displayed in Table 5 are close to zero, roughly of the same order of

magnitude as the ρ estimates reported in Table 4. Moreover, as there are fewer constrained

job changers than job stayers, standard errors are higher,19 resulting in mostly insignificant

estimates. Interpreting these results in the light of 3.2 suggests that, for most amenities, the

correlation on the demand side might not be sufficiently negative to create large “compen-

sating” wage differences posterior to job change.

19Standard errors reported in the text are 20 to 50 percent higher than standard errors computed in the
last step of the EM algorithm before convergence. In our case, therefore, accounting for group variability
has a strong effect on the significance of the estimates.
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Table 5: Wage/amenity correlation in job offers, ρ∗

AUS DNK ESP FIN FRA IRL ITA NLD PRT

TY .0134
(.045)

.0261
(.018)

.0205
(.020)

.0365
(.036)

−.000838
(.027)

.0503
(.042)

.0446
(.028)

.0317
(.019)

.1056
(.033)

CD −.0217
(.044)

−.00337
(.019)

−.00561
(.020)

.00150
(.035)

−.0222
(.027)

−.0106
(.051)

−.0433
(.031)

−.0332
(.018)

.0756
(.029)

WT −.0786
(.043)

−.00139
(.018)

−.0110
(.019)

−.0278
(.037)

.0105
(.024)

−.123
(.0452)

.0114
(.029)

−.00351
(.019)

−.0815
(.034)

DI −.0208
(.037)

−.0215
(.016)

−.0315
(.019)

−.0151
(.034)

.00314
(.022)

−.00109
(.045)

.0228
(.024)

−.0389
(.020)

−.0216
(.027)

SE .0228
(.034)

−.00726
(.017)

.0556
(.022)

−.0172
(.035)

−.0142
(.023)

.0352
(.039)

−.000783
(.031)

.0268
(.018)

.00520
(.041)

Voluntary mobility: We here focus on the determinants of voluntary mobility. In the

model, job change decisions are based on the comparison of value functions and mobility

costs. Therefore, if costs depend on job characteristics, the parameter estimates featured in

equation (5) will be a mixture of these two elements. In this paper we make no attempt to

separate the value of a job from true transition costs. Instead, we report in Table 6 the results

of an OLS regression of E [τ (θ, x)], where τ (θ, x) is defined by (6), on individual covariates

and the last wage/amenity values in the current job.20 We interpret these coefficients as the

weights of different factors in voluntary mobility decisions.

The signs and significance of the estimates are rather intuitive. In particular, Table 6

shows that the total effect of age and/or age2 on E [τ (θ, x)] is positive. Age thus reduces

significantly the probability of job change. Being a woman is also associated with a lower

propensity to change job. These effects have been already noted in the literature (e.g. Groot

and Verbene, 1997, and Xenogiani, 2003). Having children and being married generally have

a similar, though weaker, influence. The effect of education on voluntary mobility seems non-

monotonic. Then, the higher the current wage, the lower the probability to quit voluntarily

(the estimates range between .56 in Denmark and 2.2 in Finland). Lastly, the coefficients

of amenities on the current job are also positive and significant. These findings, common to

all countries and amenities, suggest that being satisfied either with one’s wage or non wage

characteristics deters one from quitting. This result is consistent with the literature starting

with Freeman (1978) which studies the effects of job satisfaction on the quit probability.

20Again, OLS regressions were weighted by the groups’ posterior probabilities. Standard errors are condi-
tional on x, yt,at. Yet, they do account for the variability of the parameters entering E [τ (θ, x)].
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Table 6: Weight of several covariates in the decision to change job

AUS DNK ESP FIN FRA IRL ITA NLD PRT

age −.0125
(.018)

−.0513
(.022)

−.0205
(.023)

−.0326
(.058)

.0956
(.073)

.0389
(.039)

−.137
(.077)

−.0423
(.024)

.0986
(.050)

age2 .000611
(.00026)

.00119
(.00031)

.000619
(.00032)

.00165
(.00087)

.00019
(.00089)

.000168
(.00050)

.00292
(.0013)

.00117
(.00035)

−.0000791
(.00054)

male −.0260
(.041)

−.119
(.050)

−.157
(.060)

−1.211
(.31)

−1.075
(.38)

−.257
(.10)

−.784
(.27)

−.0916
(.050)

−.924
(.22)

edu= 2nd level −.258
(.054)

−.139
(.069)

.00277
(.085)

.274
(.19)

.770
(.30)

−.195
(.12)

.0893
(.14)

.550
(.086)

.224
(.17)

edu≥ 3rd level −.151
(.089)

−.163
(.077)

−.195
(.098)

.0639
(.17)

−.388
(.22)

−.519
(.16)

.149
(.27)

.4005
(.079)

.199
(.22)

married .0383
(.047)

.00702
(.051)

.0387
(.057)

.2694
(.18)

.287
(.18)

−.0974
(.13)

.475
(.22)

.0737
(.053)

−.233
(.14)

kid −.0564
(.041)

.0792
(.050)

.123
(.061)

−.186
(.14)

−.188
(.17)

.197
(.11)

.154
(.17)

.0323
(.052)

.124
(.11)

constant 4.843
(.31)

6.244
(.51)

4.218
(.52)

−8.324
(2.219)

3.056
(2.19)

−1.323
(.83)

2.258
(3.35)

3.815
(.51)

−7.228
(1.41)

Wage .656
(.00053)

.560
(.0066)

.725
(.0063)

2.230
(.039

1.168
(.029)

1.488
(.0019)

1.881
(.057)

.754
(.0037)

1.90
(.026)

TY .166
(.016)

.102
(.016)

.120
(.021)

.375
(.091)

.372
(.12)

.286
(.045)

.307
(.044)

.112
(.015)

.271
(.040)

CD .152
(.017)

.0905
(.013)

.120
(.020)

.200
(.077))

.410
(.15)

.217
(.046)

.128
(.054)

.0887
(.013)

.244
(.054)

WT .0811
(.010)

.0842
(.0082)

.0987
(.014)

.236
(.065)

.303
(.10)

.101
(.034)

.166
(.061)

.0968
(.014)

.263
(.039)

DI .00959
(.010)

.135
(.031)

−.0178
(.020)

.267
(.075)

.231
(.093)

.158
(.043)

.0852
(.047)

.154
(.030)

.238
(.063)

SE .140
(.015)

.0988
(.014)

.0913
(.0092)

.374
(.075)

.486
(.15)

.172
(.030)

.376
(.046)

.0652
(.011)

.315
(.057)

Then, we divide the coefficients of current amenities by the coefficient of the wage. We

interpret the estimates reported in Table 7 as the relative weight of each amenity in the de-

cision to change job. Unsurprinsingly, we find positive and significant estimates for virtually

all amenities in every country, ranging around .20. The smallest coefficients are obtained

for “distance to job”, for which the estimates are insignificant at the 95% level in Austria,

Finland and Italy. Note that the estimates are on average both higher and less precisely

estimated in France than in the other countries.

The results in Table 7 are close in spirit to the methodology introduced by Gronberg and

Reed (1994), who estimate the “Marginal Willingness to Pay” for an amenity as the ratio of

the elasticities of the hazard rate of job duration with respect to the amenity and the wage,

respectively. We obtain comparable results: Gronberg and Reed find that two amenities out

of four– measuring several dimensions of “objective” working conditions –have a positive
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and significant effect on job duration. In the case where they are significant, the relative

weights are close to one third of the wage. Van Ommeren et al. (2000) obtain similar orders

of magnitude in their analysis of commuting.

Table 7: Weight of current amenities in the mobility decison, relative to the current wage

AUS DNK ESP FIN FRA IRL ITA NLD PRT

TY .252
(.024)

.182
(.032)

.143
(.023)

.165
(.030)

.318
(.11)

.192
(.030)

.163
(.028)

.148
(.021)

.143
(.023)

CD .231
(.026)

.162
(.026)

.128
(.030)

.166
(.029)

.351
(.13)

.146
(.031)

.0683
(.031)

.118
(.017)

.128
(.030)

WT .124
(.015)

.150
(.016)

.138
(.023)

.136
(.021)

.260
(.093)

.0678
(.023)

.0885
(.035)

.128
(.020)

.138
(.023)

DI .0146
(.016)

.241
(.058)

.125
(.035)

−.025
(.028)

.198
(.085)

.106
(.029)

.0453
(.026)

.205
(.041)

.125
(.035)

SE .214
(.024)

.176
(.026)

.166
(032)

.126
(.014)

.416
(.14)

.116
(.020)

.20
(.031)

.0865
(.015)

.166
(.032)

Heterogeneity in mobility costs. Table 8 reports the estimates of the standard deviation

of the stochastic shocks on mobility costs uz, together with estimates of the weight of wage

offers in voluntary job change Ryz, defined by (10).

We note that the estimates of the standard deviation σz range between .69 in Denmark

and 3.6 in France. The second row in Table 8 illustrates the magnitude of these standard

errors by reporting the estimates of Ryz. As explained in section 3.2, we interpret this

quantity as a measure of heterogeneity in mobility costs. Estimates of Ryz are strikingly low

in the nine countries, suggesting that many other factors than wage offers might influence

the decision to quit. Moreover, voluntary mobility seems much more heterogeneous in the

Latin countries (Spain, France, Italy and Portugal) with a ratio Ryz of less than one percent

and insignificant from zero at the 95% level. This could indicate that individual mobility

is highly constrained in these countries, which would be in accordance with the descriptive

statistics featured in Table 1.

Table 8: Heterogeneity in mobility costs

AUS DNK ESP FIN FRA IRL ITA NLD PRT

σz .689
(.052)

1.122
(.13)

3.22
(.83)

.898
(.12)

3.597
(1.19)

1.81
(.32)

3.22
(1.01)

1.245
(.15)

2.52
(.61)

Ryz .122
(.018)

.0422
(.0097)

.0058
(.0030)

.0688
(.018)

.00455
(.0030)

.0296
(.011)

.0058
(.0036)

.0326
(.0078)

.00930
(.0045)
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The explanatory power of both the wage and the amenity variables in voluntary mobility

decisions thus appears to be weak, suggesting that mobility costs are highly heterogeneous.

Such a low explanatory power is one of our main findings, and has strong implications

on the order of magnitude of wage/amenity correlation. At the end of this section we shall

investigate the robustness of this result to variations in the model’s specification, as explained

in section 4.1.

MWP for amenities: We lastly turn to the estimates of the key parameters, the MWP

δ∗ in job offers. Most estimates in Table 9 are positive, and several are significant. In

particular, the type of work and job security are associated to large MWP, around .30 in

Denmark and the Netherlands. In France, workers seem especially attached to the security

of their job with a very high MWP for this amenity. However, although significant, this

MWP is not precisely estimated (1.1 with a standard error of .4). This remark carries out

to all other amenities in the Latin countries (Spain, France, Italy and Portugal), for which

standard errors are much higher than in the other countries. Note that, for these countries,

imprecise estimates of MWP are associated with low Ryz estimates (see Table 8). Hence, for

these four countries only, we should consider estimation results as qualitative findings rather

than focusing on the point estimates. In 5.3, we shall see that restricting the definition of

constrained transitions, or splitting the sample by gender, yields more comparable results

between Latin and non Latin countries.

Table 9: MWP for amenities in job offers: δ∗

AUS DNK ESP FIN FRA IRL ITA NLD PRT

TY .191
(.058)

.275
(.067)

.512
(.21)

.191
(.062)

.792
(.32)

.248
(.13)

.877
(.34)

.271
(.067)

.893
(.27)

CD .225
(.059)

.0798
(.053)

.203
(.18)

.0834
(.057)

.172
(.18)

.0313
(.13)

.318
(.20)

.00712
(.049)

.319
(.16)

WT .162
(.052)

.0225
(.053)

−.196
(.18)

.0654
(.056)

−.0395
(.15)

−.180
(.11)

−.0371
(.19)

.00882
(.052)

.0988
(.16)

DI .0553
(.041)

.0614
(.048)

.126
(.16)

−.0833
(.052)

.0886
(.15)

.134
(.11)

.317
(.17)

−.190
(.055)

.336
(.15)

SE .254
(.046)

.273
(.056)

.720
(.26)

.348
(.070)

1.133
(.40)

.426
(.14)

.994
(.35)

.265
(.057)

.868
(.26)

The most notable exception to this general pattern is “working times” in all countries,

insignificantly different from zero in most cases. This non intuitive result could be due to the
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fact that wage rates and hours worked are aggregated in the model (into monthly wages),

resulting in a crude modeling of hours worked in workers’ preferences. Other exceptions

are “working conditions” in the Netherlands and “distance to job ” in Finland and the

Netherlands, the latter amenity being associated to a negative and significant MWP.

Nevertheless, the general impression that emerges from Table 9 is one where MWP in job

offers can be large. This result can be contrasted with Tables 4 and 5, showing compensating

differentials for job stayers and in job offers, respectively. Thus, both the wage and non wage

characteristics seem to influence voluntary mobility decisions, suggesting that non wage

characteristics do enter individual preferences. In terms of variance, though, the influence

appears quite weak, as both the wage and amenities have a low explanatory power in job

change decisions. In the next section, we intend to quantify the impact of these two findings

on the presence/absence of “compensating” wage differences in cross-section.

5.2 MWP and wage differentials

The analysis in 3.2 shows that the actual wage differential posterior to job change– between

two jobs of different levels of amenities – combines the model’s three key parameters: the

correlation in wage/amenity offers ρ∗, the MWP for the amenity δ∗ and the heterogeneity

of mobility costs Ryz. We here report the estimates of the various wage differentials, and of

their decomposition in terms of the demand and supply effects introduced in 3.2.

For a given amenity, the demand effect ∆
(d)
z is equal to the compensating differential ρ∗

in job offers corresponding to this amenity. Estimates of this effect can be found in Table

5. The supply term, ∆
(s)
z , arises from workers’ trade-offs between wages and amenities when

deciding to change job. In the upper half of Table 10, we report the estimates of ∆
(s)
z for all

countries and amenities.21

Estimates of ∆
(s)
z are mostly negative, consistently with wage/amenity compensation on

the supply side, as MWP δ∗ are mostly positive (see Table 9). However, heterogenity in

mobility costs significantly reduces the magnitude of this effect. Comparing Table 10 with

21To estimate the latter, we computed the RHS in (9) for every individual in the sample, and averaged
over x, weighted by the groups’ posterior probabilities. In theory, the delta-method is not sufficient to
compute standard errors in this case, as one has to account also for the estimation of the expectation in (9)
by a sample mean. As this latter source of variation turned out to be negligible relative to the variation in
the model’s parameters, however, the delta-method was used as yielding a very good approximation of true
standard errors.
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Table 9 shows that MWP of .30 translate into correlations of less than .02.22 Then, the lower

half of Table 10 shows the sum of the demand and supply effects ∆z = ∆
(d)
z +∆

(s)
z . It is clearly

apparent from the table that, when heterogeneous mobility costs and non zero correlation

in job offers are taken into account, the resulting wage/amenity correlation posterior to job

change does not reflect workers’ underlying preferences for non wage attributes.

Table 10: Wage differentials for voluntary job changers

AUS DNK ESP FIN FRA IRL ITA NLD PRT

∆
(s)
z

TY −.0231
(.0084)

−.0112
(.0027)

−.00279
(.0012)

−.0141
(.0048)

−.00327
(.00129)

−.00781
(.0035)

−.00483
(.0017)

−.00871
(.0020)

−.00832
(.0024)

CD −.0230
(.0086)

−.00286
(.0021)

−.00104
(.00093)

−.00528
(.0041)

−.000621
(.000738)

−.000544
(.0036)

−.00145
(.0010)

.000758
(.0015)

−.00331
(.0015)

WT −.00943
(.0076)

−.000791
(.0021)

.00109
(.00089)

−.00233
(.0042)

.000120
(.000651)

.00801
(.0038)

.000135
(.00099)

−.000154
(.0016)

−.000146
(.0014)

DI −.00392
(.0063)

−.00150
(.0019)

−.000497
(.00086)

.00614
(.0038)

−.000381
(.000626)

−.00349
(.0033)

−.00179
(.0010)

.00670
(.0017)

−.00264
(.0013)

SE −.0312
(.0069)

−.00990
(.0023)

−.00405
(.0013|)

−.0204
(.0049)

−.00461
(.00166)

−.0121
(.0037)

−.00520
(.0019)

−.00840
(.0019)

−.00728
(.0023)

∆z = ∆
(d)
z + ∆

(s)
z

TY −.00970
(.040)

.0149
(.018)

.0177
(.020)

.0224
(.034)

−.00411
(.027)

.0425
(.041)

.0398
(.028)

.0230
(.018)

.0973
(.033)

CD −.0447
(.039)

−.00624
(.019)

−.00665
(.020)

−.00377
(.033)

−.0228
(.027)

−.0112
(.049)

−.0447
(.031)

−.0325
(.018)

.0722
(.029)

WT −.0880
(.039)

−.00218
(.017)

−.00987
(.019)

−.0302
(.035)

.0106
(.024)

−.115
(.044)

.0115
(.029)

−.00366
(.019)

−.0817
(.033)

DI −.0247
(.033)

−.0230
(.016)

−.0320
(.019)

−.00893
(.032)

.00276
(.022)

−.00458
(.044)

.0210
(.024)

−.0322
(.020)

−.0242
(.027)

SE −.00845
(.031)

−.0171
(.017)

.0516
(.022)

−.0377
(.033)

−.0188
(.023)

.0231
(.038)

−.00598
(.031)

.0184
(.017)

−.00208
(.041)

Thus, evidence of “compensating” wage differences is rather weak in cross-section, al-

though workers seem to value non wage characteristics. Workers’ trade-offs between wages

and amenities translate into a very small, possibly still negative, correlation. This section

has emphasized two key elements in this mechanism: the low explanatory power of the wage

and amenities in job mobility decisions (low Ryz), and the often insignificant correlation

22Notice that the approximation of the wage differential ∆
(s)
z given in (12) works here very well. Indeed,

combining the results in Tables 8, 9 and 10 it is easy to check that compensating differentials are roughly
the product of MWP δ∗z (net of ρ∗, which is close to zero in most cases) and heterogeneity in mobility costs
Ryz.
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in job offers (low |ρ∗|). Our results thus shed light on the difficulty of finding compensat-

ing differentials in cross-section, even conditional on unobserved heterogeneity, and even if

individuals value non wage characteristics significantly relatively to the wage.

5.3 Robustness checks

We here check the robustness of the parameter estimates reported in 5.1 to changes in the

model’s specification. First, we disaggregate constrained transitions into partially constrained

transitions and displacements, and model each process separately. We do so to address the

concern that constrained transitions, as defined in this paper, may recover different phe-

nomena. For instance, family-related job mobility is an example of partially constrained

transition. However, employer-related job changes (firm closure, layoff...), that we call dis-

placements, could be more exogenous from the worker’s perspective.

We model partially constrained transitions and displacements as in equation (7), with

different sets of parameters. Likewise, wage and amenity equations follow the pattern of

(1)-(2), again with different parameters. The sequence of events is the following: between t

and t+1 employed individuals can experience a job to non employment transition. If they do

not, they can still lose their job and get a new one before the next interview. Then, if they

are not displaced, they can quit their present job for personal reasons and make a partially

constrained transition to a new job. All the probabilities and corresponding wage/amenity

distributions are conditional on x and θ. Lastly, if the worker has experienced none of these

shocks, she receives a job offer that she can accept or turn down, as in 3.1.

Within this framework, we try three different specifications for job offers. Subsequently,

job offer parameters are assumed equal to the ones in displacements, partially constrained

transitions and transitions out of non employment.23 Table 11 presents the estimation results

for MWP in job offers δ∗ and heterogeneity in mobility costs Ryz.

Table 11 reinforces the two main qualitative findings of 5.1. First, MWP for amenities

are mostly positive, and can be large for some amenities. Thus, the type of work and job

security are associated with positive and significant MWP for almost all countries and every

choice of transition of reference. Moreover, many MWP amount to a large share of the wage,

23In several cases (5 out of 27), there was not enough information in the data to identify K1 = 4 groups
of heterogeneity θ1. We have thus retained (K1,K2) = (3, 2) for the following crossings: displacements and
out-of-non employment in Ireland and partially constrained transitions in Spain, Ireland and Portugal.
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up to 40% in non Latin countries. Second, every specification shows large heterogeneity in

mobility costs. For instance, in the Netherlands wage offers account for less than 8% of the

variation in voluntary mobility, irrespective of the type of transitions chosen as a reference.

Table 11: MWP (δ∗) and Ryz estimates for various transitions of reference

AUS DNK ESP FIN FRA IRL ITA NLD PRT

Displacements

TY .263
(.051)

.193
(.055)

.659
(.31)

.177
(.065)

.725
(.29)

.143
(.083)

1.569
(1.11)

.208
(.038)

.437
(.10)

CD .162
(.050)

.0366
(.045)

.223
(.24)

.0676
(.059)

.0951
(.16)

.0779
(.088)

.645
(.55)

−.0169
(.030)

.130
(.081)

WT .178
(.045)

−.0570
(.047)

−.348
(.25)

.0114
(.059)

−.111
(.15)

−.206
(.082)

−.470
(.50)

−.00579
(.032)

.0526
(.089)

DI .0482
(.036)

.116
(.042)

.0735
(.21)

−.102
(.055)

.0245
(.14)

.0146
(.080)

1.012
(.68)

−.122
(.032)

.221
(.079)

SE .378
(.046)

.418
(.057)

1.033
(.43)

.370
(.076)

1.323
(.43)

.401
(.095)

3.020
(1.96)

.3296
(.036)

.758
(.13)

Ryz .117
(.023)

.0489
(.010)

.00338
(.0023)

.0446
(.019)

.00555
(.0035)

.0517
(.014)

.00150
(.0019)

.0806
(.012)

.0289
(.0080)

Partially constrained transitions

TY .157
(.077)

.423
(.092)

.171
(.053)

.165
(.041)

.411
(.077)

.227
(.099)

.434
(.11)

.301
(.075)

.725
(.20)

CD .428
(.082)

.156
(.067)

.146
(.054)

−.0374
(.041)

.117
(.064)

−.0490
(.10)

.308
(.093)

.0451
(.052)

.183
(.14)

WT .134
(.069)

.130
(.065)

.0181
(.055)

.10
(.040)

.185
(.060)

−.0185
(.086)

.0418
(.086)

.0402
(.056)

−.00932
(.15)

DI .0899
(.053)

.00902
(.058)

.152
(.060)

−.0243
(.035)

.143
(.056)

.261
(.092)

.0624
(.067)

−.206
(.060)

.0953
(.12)

SE .222
(.059)

.131
(.063)

−.0409
(.050)

.305
(.047)

.0895
(.056)

.237
(.095)

.235
(.083)

.156
(.056)

.467
(.16)

Ryz .0772
(.017)

.031
(.0088)

.0591
(.015)

.174
(.046)

.0242
(.0068)

.046
(.014)

.0217
(.0068)

.0241
(.0063)

.0108
(.0049)

Out-of-non employment

TY .902
(.25)

.154
(.070)

−.0155
(.059)

.209
(.10)

.454
(.11)

.405
(.14)

.292
(.088)

.401
(.065)

.125
(.048)

CD .759
(.22)

.127
(.061)

.0445
(.060)

.175
(.099)

.518
(.11)

−.179
(.15)

−.0536
(.080)

.0241
(.045)

.202
(.053)

WT −.046
(.17)

.173
(.062)

−.0469
(.058)

−.0525
(.094)

.119
(.073)

−.369
(.14)

−.00877
(.082)

.109
(.049)

−.0088
(.053)

DI .228
(.13)

−.0918
(.057)

.0723
(.055|)

−.310
(.11)

.204
(.074)

.332
(.13)

−.0537
(.066)

−.0598
(.045)

.0944
(.047)

SE .597
(.17)

.317
(.066)

.0931
(.058)

.580
(.14)

.354
(.088)

.0402
(.12)

.363
(.086)

.227
(.048)

.0845
(.052)

Ryz .0104
(.0044)

.0281
(.0071)

.0516
(.0082)

.0104
(.0044)

.0106
(.0032)

.00949
(.0035)

.00581
(.0017)

.0635
(.012)

.0531
(.0092)

The main results of 5.1 thus appear robust to changes in the reference distribution. Still,
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a closer look at Table 11 reveals several interesting features. First, we note that the choice of

the distribution of reference rarely influences the sign or significance of the MWP estimates.

However, it can alter their ranking in a given country. For instance, the type of work and job

security are associated with the highest MWP in any country when using either constrained

transitions or displacements as the reference. In contrast, when partially constrained job

change is used, the MWP for job security strongly decreases. For instance, in Denmark

the MWP estimate for this amenity is .42 when using displacements as the reference, and

.13 (yet still significant at the 95% level) when using partially constrained transitions. An

intuitive explanation could be that such transitions are experienced by workers who change

jobs for personal reasons (marriage, geographic mobility...) but whose alternative is not non

employment. In this interpretation, MWP estimates for job security based on the use of

displacements are higher, because they incorporate the risk of non employment– possibly

correlated with the aversion to job insecurity.

A second interesting feature of Table 11 concerns the grouping of countries which emerged

from Tables 8 and 9. In the Latin countries, indeed, in the two cases where displacements are

not part of the transitions of reference, heterogeneity in mobility costs is reduced. In Spain,

France, Italy and Portugal, the Ryz estimates for these two specifications are higher, and

significantly different from zero. Simultaneously, MWP estimates are more in line with the

results for non Latin countries, ranging around one third of the wage for the type of work and

job security. Moreover, when restricting constrained transitions to partially constrained or

out-of non employment transitions, standard errors of MWP estimates are lower, indicating

that MWP are better estimated. These findings suggest that displacements (as defined in

this paper) are not a satisfying control group in Latin countries.

Additional checks: Testing for the robustness of the estimates with respect to changes

in the distribution of reference was essential to our approach and we view these empirical

regularities as supportive of our results and interpretation. Still, one can question other

features of the model than the identification assumption discussed in 4.1. We thus proceeded

to a series of alternative robustness checks.24 First, we varied the number of groups for θ1 or

θ2 and tried the following (K1, K2) pairs: (1, 1), (2, 2), (3, 2), (5, 2) and (4, 3). The results,

24In the rest of this section, constrained transitions are taken as reference and restriction (15) is imposed,
as in 5.1.
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as far as MWP and Ryz estimates are concerned, are qualitatively similar when allowing for

more than K1 = 2 and K2 = 2 groups. In some countries such as Denmark and Ireland,

this is also the case when no heterogeneity is allowed for. In the Netherlands or Portugal,

however, results differ greatly in the homogeneous case, with σz estimates of 3.9 and 11.0,

respectively, and large and badly estimated MWP. We modified the wage observations by

adding an i.i.d. perturbation, normally distributed with standard error equal to 10% of that

of the observed wage. We found the estimates strongly robust to this kind of measurement

error.

Lastly, we estimated the model on separate groups of similar age or gender. In the

model, voluntary mobility depends on individual covariates in a parametric way, as shown

by (5). However, it could be that younger and older workers, or women and men, have very

different mobility behaviors, which could not be well captured by a parametric specification.

Moreover, this problem could affect some countries more than others. For instance, in Table

6, we see that, compared to other covariates, being a man has a large positive effect on the

probability of changing job voluntarily in France, Italy or Portugal. To address this issue,

we proceeded to the estimation of the model on the subsamples of men. We found that the

heterogeneity in mobility costs remains practically similar in non Latin countries, except in

the Netherlands where σz increases to 1.6. In Latin countries, σz decreases but stays at

rather high levels. For instance, the σz estimate goes down to 2.8 in Spain, to 2.4 in France

and to 2.6 in Italy (the σz estimates are 3.2, 3.6 and 3.2, respectively, when pooling men

and women, see Table 8). Moreover, if the MWP for amenities are not qualitatively affected,

their order of magnitude is somewhat closer to the one obtained for non Latin countries. For

instance, in Italy the MWP for “type of work” is reduced from .90 (men and women) to .58

(men only), the MWP for “job security” from .99 to .63. The highest estimate reported in

Table 9, the MWP for “job security” in France, goes down from 1.13 to a still high– yet more

reasonable– .76. To save space, we do not report the corresponding results in the present

version but they are available upon request.

To summarize the main results of this section, we find large and significant MWP in many

cases, especially for two amenities: the type of work and job security. We also find, under

every specification, high heterogeneity in mobility costs. An intriguing finding is the contrast

between Latin and non Latin countries, the former being associated with even higher mea-
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sures of heterogeneity in mobility costs, together with imprecise MWP estimates. In the end

of this section, we have emphasized two possible explanations: the greater heterogeneity in

mobility behavior between men and women in Latin countries, and the greater heterogeneity

in types of constrained transitions (displacements versus partially constrained).

6 Conclusion

The theory of compensating differentials builds on Adam Smith’s original statement:25

“The whole of the advantages and disadvantages of the different employments of labour and

stock must, in the same neighborhood, be either perfectly equal or continually tending to

equality.”

On the labor market, this implies that “bad” non-monetary characteristics of one’s job must

be compensated by higher wages. However, hedonic wage regressions lead to weak or even

wrong-signed wage/amenity correlations. In this paper, we show that these results must not

be interpreted as reflecting individual preferences for non wage amenities. Smith had indeed

pointed out the conditions under which the “equality of advantages and disadvantages” was

to be expected:

“This at least would be the case in a society where things were left to follow their natural

course, where there was perfect liberty, and where every man was perfectly free both to choose

what occupation he thought proper, and to change it as often as he thought proper.”

In modern European economies, very low rates of voluntary mobility suggest that workers

are far from being “perfectly free” to change jobs. Consequently, the predictions of the theory

of compensating differentials are unlikely to hold.

Our estimation results show significant valuation of several non wage characteristics,

mostly the type of work and job security, in spite of low wage/amenity correlations. However,

the low explanatory power of both the wage and amenities in job mobility, and the small

correlation in job offers, imply that workers’ preferences do not translate into significant

negative correlation.

The method advocated in this paper makes use of the difference in the degree of con-

straints in mobility decisions to reveal individual preferences: constrained transitions allow

25An Inquiry Into the Nature and Causes of the Wealth of Nations, Book 1, Chapter 10, Introduction.
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to estimate the available alternatives, then voluntary ones permit to measure the true effects

of individual choice. This approach could be applied to other fields where hedonic methods

are widely used. An example is the estimation of MWP for air quality in environmental

economics. In a recent paper, Bayer, Keohane and Timmins (2005) estimate a model of

residential sorting allowing for mobility costs. Their MWP estimates are larger than usual

hedonic regression estimates. The method and results of the present paper suggest that, in

such a field, distinguishing between the reasons to migrate could prove fruitful to deal with

endogeneity problems.

Lastly, on the labor market, our results shed light on the empirical content of non wage

job characteristics, as they are part of workers’ preferences. This evidence could be seen as a

motivation for labor economists to incorporate other job attributes than the wage into their

models. We note that there have recently been several attempts at broadening the analysis of

earnings inequality to that of monetary compensation inequality (e.g. Pierce, 2001) or, more

generally, inequality in the returns to work (Hamermesh, 1999). In a different field, dynamic

structural models of the labor market are just starting to take amenities into account. For

instance, Dey and Flinn (2005) write and estimate an equilibrium job search model where

firms can also provide health insurance to their employees. We view our results and their

implications as supportive of these multi dimensional analyses of the labor market, for which

the availability of more informative data sets now seems to be the main obstacle.
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APPENDIX

A Data

The definition of jobs: We let individuals be in either one of the two following labor market

states: employed or unemployed. Unemployment comprises self declared unemployment, inactivity,

employment during less than 15 hours per week or with wages lower than the first percentile (which,

for example, is around 235 Euros per month in France, that is 25% of the median wage). We drop

every individual who experiences a self employment spell since we assume her trajectory (and

especially her job mobility decisions) not to be governed by the same processes as those of workers

in paid employment.

Attrition: Some of the observation periods are right censored, i.e. individuals do not always

stay in the ECHP during the eight waves. We assume this right censoring to be exogenous to the

wage, amenity and job mobility process.

Missing data: The problem of missing data is twofold: there can be non reported variables for

a given wave where the individual is present or the individual can “disappear” from the survey

during a year within his observation period and come back one year later. When it is possible, we

impute missing data on wages and/ or amenity using the previous or following wave if the individual

is still in the same job: we substitute the missing wage for the mean of the previous and following

wage and draw the amenity from a binomial distribution weighting both the previous and following

amenity with probability 0.5 (the amenity can change within a job). These substitutions affect less

than a thousand observations (over e.g. more than 30 000 in France). For the few observations that

still show missing data, we create two individuals out of one. This rather arbitrary treatment of

less than 1% of our sample does not affect the consistency of the estimates and the loss of efficiency

is likely to be small.

B The estimation procedure

In this section of the Appendix, we detail the estimation procedure of the model presented in 3.1.

We start by setting the notations. We let i ∈ {1...N} denote individuals, and t ∈ {1...T} denote

time periods. Let eit be the dummy variable indicating if individual i is employed at time t. The

model allows for multivariate amenities ait ∈ {0, 1}J . In the empirical analysis, we take J = 5. As

outlined in 3.1, the dynamics of employment, wages and amenities follow:

(eit+1, yit+1,ait+1|eit = 1) = (0, 0, 0) if ze
it = 1,

= (1, yc
it,a

c
it) if ze

it = 0 and zc
it = 1,

= (1, y∗it,a
∗
it) if ze

it = 0, zc
it = 0 and zit = 1,

= (1, yr
it,a

r
it) if ze

it = 0, zc
it = 0 and zit = 0,

(eit+1, yit+1,ait+1|eit = 0) = (1, yn
it,a

n
it) if zn

it = 1,

= (0, 0, 0) if zn
it = 0,
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where zit indicates voluntary mobility, and (c), (n) and (e) superscripts refer to constrained job-to-

job mobility, non employment-to-job and job-to-non employment transitions, respectively. More-

over, to avoid confusions we have used superscript (r) to index within-job wage and amenity dis-

tributions, which appear in equations (1)-(2) in 3.1.

All equations in section 3.1 are easily adapted to the case of multivariate amenities. For instance,

wage and amenity offers (3)-(4) become:

a∗j,it+1 = 1
{
α∗

j,axit + β∗
j,1aθ1it + β∗

j,2aθ2it + u∗
j,ait+1 > 0

}
∀j ∈ {1..J},

y∗it+1 = ρ∗a∗
it+1 + α∗

yxit + β∗
j,yθ1it + u∗

yit+1. (B1)

In (B1), ρ∗ = (ρ∗1, ..., ρ
∗
J) is the vector of compensating differentials in job offers associated to the

J amenities.

B.1 The EM algorithm

Consider an individual i, and a given job which lasts from ti0 to ti1 − 1. Unobserved match charac-

teristics are assumed constant on [ti0 + 1, ti1]. Moreover, they are realized after the individual has

started to work in the new job. It is thus convenient to estimate the incomplete likelihood (Demp-

ster et al., 1977) of the individual observation between ti0 +1 and ti1, conditional on wage/amenity

realizations at ti0:

∑

θ1,θ2

πθ1,θ2 ((y,a)iti0 ; Θ1)

ti1−1∏

t=ti0

f((y,a)it+1, eit+1, z
c
it, zit|eit, θ1, θ2, xit, xit+1; Θ2).

In this expression, Θ1 and Θ2 are sets of parameters. In the rest of this section we shall denote

as Θ = (Θ1, Θ2) the set of parameters with respect to which the incomplete likelihood is to be

maximized. Then, πk1,k2 are the prior probabilities P(θ1it = k1, θ2it = k2|(y,a)iti0), conditional on

the wage and amenities at ti0. It is implicitly assumed that both θ1 and θ2 are independent of xti0 ,

conditional on the wage and amenities at ti0.

We model θ1 and θ2 as two independent random variables (conditional on (y,a)iti0) following

the Ordered PROBIT specification. Precisely, we assume that there exist two latent variables:

θ̃1i = αinit
1y yiti0 + βinit

1y aiti0 + uinit
1iti0

, (B2)

θ̃2i = βinit
2y aiti0 + uinit

2iti0
, (B3)

and K1 + K2 − 2 thresholds s1,1, ..., s1,K1−1, s2,1, ..., s2,K2−1, such that:

θ1i = 1 if θ̃1i < s1,1, θ1i = 2 if s1,1 ≤ θ̃1i < s1,2, θ1i = K1 if s1,K1−1 ≤ θ̃1i,

and:

θ2i = 1 if θ̃2i < s2,1, θ2i = 2 if s2,1 ≤ θ̃2i < s2,2, θ2i = K2 if s2,K2−1 ≤ θ̃2i.

Residuals uinit
1iti0

and uinit
2iti0

are independent of each other and covariates, and follow standard nor-

mal distributions. We allow the parameters in (B2)-(B3) to be different, in the case where ti0
corresponds to the first date of observation for individual i (initial conditions).

Let us partition Θ2 into subsets corresponding to different transitions. For instance, Θyr
2 corre-

sponds to the parameters in the hedonic equation (2) of 3.1, including the standard deviation of u.
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Similarly, Θz
2 is defined as the set of parameters ruling voluntary mobility decisions, see equation

(5) in the same section.

Then we can factorize f((y,a)it+1, eit+1, z
c
it, zit|eit, θ1, θ2, xit, xit+1; Θ2) into:

f (eit+1|eit = 1, θ1, θ2, xit; Θ
e
2)

eit=1 · f (eit+1|eit = 0, θ1, θ2, xit; Θ
n
2 )eit=0

·

[
f (yit+1|ait+1, z

n
it = 1, θ1, xit; Θ

yn
2 ) ·

∏J
j=1 f

(
aj,it+1|z

n
it = 1, θ1, θ2, xit; Θ

jan
2

) ]zn
it=1

· f (zc
it|z

n
it = 0, eit = 1, θ1, θ2, xit; Θ

c
2)

zn
it=0

·

[
f (yit+1|ait+1, z

c
it = 1, zn

it = 0, eit = 1, θ1, xit; Θ
yc
2 )

·
∏J

j=1 f
(
aj,it+1|z

c
it = 1, zn

it = 0, eit = 1, θ1, θ2, xit; Θ
jac
2

) ]zn
it=0,zc

it=1

· f

(
zit = 1, (y,a)it+1|z

c
it = zn

it = 0, eit = 1, θ1, θ2, xit; Θ
z
2, Θ

y∗
2 ,

{
Θja∗

2

}

j

)zn
it=zc

it=0,zit=1

· f

(
zit = 0|zc

it = zn
it = 0, eit = 1, θ1, θ2, xit; Θ

z
2, Θ

y∗
2 ,

{
Θja∗

2

}

j

)zn
it=zc

it=zit=0

·

[
f (yit+1|ait+1, zit = zc

it = zn
it = 0, eit = 1, θ1, xit+1; Θ

yr
2 )

·
∏J

j=1 f
(
aj,it+1|zit = zc

it = zn
it = 0, eit = 1, θ1, θ2, xit+1; Θ

jar
2

) ]zn
it=zc

it=zit=0

.

We can thus rewrite:

f ((y,a)it+1, eit+1, z
c
it, zit|eit, θ1, θ2, xit, xit+1; Θ2)

= g
(
(y,a)it+1, eit+1, z

c
it, zit|eit, θ1, θ2, xit, xit+1; Θ

−z
2

)

·

[
f

(
zit = 0|zc

it = zn
it = 0, eit = 1, θ1, θ2, xit; Θ

z
2, Θ

−z
2

)zn
it=zc

it=zit=0

·f
(
zit = 1, (y,a)it+1|z

c
it = zn

it = 0, eit = 1, θ1, θ2, xit; Θ
z
2, Θ

−z
2

)zn
it=zc

it=0,zit=1

]

= g
(
(y,a)it+1, eit+1, z

c
it, zit|eit, θ1, θ2, xit, xit+1; Θ

−z
2

)

· h
(
zit, (y,a)it+1|z

c
it = zn

it = 0, eit = 1, θ1, θ2, xit; Θ
z
2, Θ

−z
2

)
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where Θ−z
2 is the subset of Θ2 containing all the parameters in Θ2 but those in Θz

2, and g is a

product of conditional likelihoods.

The joint maximization of the likelihood being cumbersome, we take advantage of this fac-

torization to estimate the model’s parameters sequentially. We do so in each M-step of the EM

algorithm, as we now explain. Given initial values for the parameters, Θ
(s)
1 and Θ

(s)
2 , the two steps

of the sequential EM write as follows.

E-Step: Compute the posterior probabilities of (θ1, θ2) given the data

Xi. = {(y, a)it+1, eit+1, z
c
it, zit}ti0+1≤t≤ti1

,

and Xi0. = (y, a)iti0 , and conditional on xi. = {xit}ti0+1≤t≤ti1 , as:

pθ1,θ2(Xi.|Xi0.;Θ
(s)) =

πθ1,θ2

(
Xi0.; Θ

(s)
1

)
f

(
Xi.|θ1, θ2, xi.; Θ

(s)
2

)

∑
k1,k2

πk1,k2

(
Xi0.; Θ

(s)
1

)
f

(
Xi.|k1, k2, xi.; Θ

(s)
2

) .

M-step: Update the parameters as follows:

Θ
(s+1)
1 = Argmax

Θ1

∑

i

∑

θ1,θ2

pθ1,θ2(Xi.|Xi0.;Θ
(s)) lnπθ1,θ2(Xi0.; Θ1), (B4)

Θ
(s+1),−z
2 = Argmax

Θ−z
2

∑

i,J(i)

∑

θ1,θ2

[
pθ1,θ2(Xi.|Xi0.;Θ

(s)) ...

...

ti1−1∑

t=ti0

ln g
(
(y,a)it+1, eit+1, z

c
it, zit|eit, θ1, θ2, xit, xit+1; Θ

−z
2

) ]
,

(B5)

Θ
(s+1),z
2 = Argmax

Θz
2

∑

i,J(i)

∑

θ1,θ2

[
pθ1,θ2(Xi.|Xi0.;Θ

(s)) ...

...

ti1−1∑

t=ti0

lnh
(
zit, (y,a)it+1|z

c
it = zn

it = 0, eit = 1, θ1, θ2, xit; Θ
z
2, Θ

(s+1),−z
2

) ]
,

(B6)

where J(i) indexes the jobs held by individual i.

The M-step of this algorithm differs from the maximization of the complete likelihood as max-

imization with respect to Θ2 is achieved sequentially, maximizing the part of the complete likeli-

hood corresponding to voluntary mobility given previous estimates of the offer parameters. This

sequential EM algorithm is considered by Arcidiacono and Jones (2003), who prove that it yields

consistent estimates of the parameters. They also show that, as this estimator differs from ML, it

is not asymptotically efficient. It is to be noted that Arcidiacono and Jones (2003) focus on uncon-

ditional EM. The extension of their analysis to the case where prior probabilities are conditional

on some covariates is however straightforward.

The calculations in the M-step are as follows. In (B4), we estimate the two components of

Θ1 by ordered PROBIT. The dependent variable is the indicator of the sample number, where

the modified dataset is the original one duplicated K1K2 times. The maximization is weighted by
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the groups’ posterior probabilities. In (B5), we estimate all sets of parameters corresponding to

wage equations, like Θyc
2 for instance, by OLS. We estimate parameters corresponding to amenity

equations, like Θ1ac
2 , by PROBIT. Lastly, we estimate the set of parameters corresponding to shocks

or decisions, like Θc
2, also by PROBIT. All regressions are weighted by the posterior probabilities.

To update the parameters ruling voluntary mobility (Θz
2), we maximize a likelihood that we

present in the next section. The maximization of this likelihood being somewhat longer than the

rest of the E and M steps, we proceeded in two stages. In a first stage, we estimated the global

model assuming no selection effects in the voluntary mobility process, i.e. we replaced (5) with:

zt = 1
{

α̃zx + β̃1zθ1 + β̃2zθ2 + εz > 0
}

,

where εz is normally distributed, i.i.d., and independent of covariates. We then computed the pos-

terior probabilities for every individual in the sample, and maximized the likelihood corresponding

to the voluntary mobility rule, weighted by these probabilities. We finally runned a second se-

quential EM, allowing for selection in voluntary mobility, and taking the latter estimates as initial

conditions for the maximization of the corresponding likelihood. Our experiments showed that the

number of iterations necessary for EM to converge numerically was much reduced by proceeding

this way.

B.2 Voluntary mobility

The likelihood corresponding to the voluntary mobility rule, for one transition t/t + 1, conditional

on (xit, z
c
it = zn

it = 0, eit = 1, θ1it = θ1, θ2it = θ2) writes:

L =
∏

i,zit=1

f(zit = 1, (y,a)it+1; Θ
z
2, Θ

−z
2 ) ×

∏

i,zit=0

f(zit = 0; Θz
2, Θ

−z
2 ),

=
∏

i,zit=1

f((y,a)it+1; Θ
−z
2 ) ×

∏

i,zit=1

f(zit = 1|(y,a)it+1; Θ
z
2, Θ

−z
2 ) ×

∏

i,zit=0

f(zit = 0; Θz
2, Θ

−z
2 ).

(B7)

Note that the first term in (B7) depends on Θ−z
2 only, namely on parameters α∗

y, ρ∗... As the

maximization in (B6) is with respect to Θz
2 only, it is equivalent to maximize only the two last

terms in (B7).

From equation (5) the latter read:

L̃ =
∏

i,zit=1

f(zit = 1|(y,a)it+1; Θ
z
2, Θ

−z
2 ) ×

∏

i,zit=0

f(zit = 0; Θz
2, Θ

−z
2 ),

=
∏

i,zit=1

Φ

(
yit+1 + δ∗ait+1 − αzxit − β1zθ1 − β2zθ2

σ

)

·
∏

i,zit=0

[ ∑

b∈{0,1}J




J∏

j=1

Φ
(
(−1)bj (α∗

j,axit + β∗
j,1aθ1 + β∗

j,2aθ2)
)



· Φ

(
α∗

yxit + β∗
yθ1 + (ρ∗ + δ∗) b − αzxit − β1zθ1 − β2zθ2

σz

) ]
.

where we dropped the conditioning variables for simplicity. Recall that the parameters of wage and

amenity offers are supposedly known at this stage of the EM algorithm. For instance, they are equal
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to the parameters of the wage and amenity equations posterior to constrained job change. Lastly,

to find initial conditions in the first M-step of the algorithm we performed a PROBIT regression

of zt on x, weighted by the posterior probabilities.

B.3 Inference

Lastly, we turn to the estimation of asymptotic standard errors. Slightly modifying the moment

conditions derived by Arcidiacono and Jones (2003) to account for the conditionning, we obtain,

from (B4)-(B6):

E




∑

θ1,θ2

pθ1,θ2(X|(y, a)t0 ;Θ)
∂

∂Θ1
lnπθ1,θ2((y, a)t0 ; Θ1)


 = 0,

E




∑

θ1,θ2

pθ1,θ2(X|(y, a)t0 ;Θ)
∂

∂Θ−z
2

ln g
(
(y,a), e, zc, z|e, θ1, θ2, x; Θ−z

2

)

 = 0,

E




∑

θ1,θ2

pθ1,θ2(X|(y, a)t0 ;Θ)
∂

∂Θz
2

lnh
(
z, (y,a)|zc = z = 0, e = 1, θ1, θ2, x; Θz

2, Θ
−z
2

)

 = 0.

Arcidiacono and Jones (2003) propose to estimate the asymptotic variance-covariance matrix by

using the usual GMM formula. However, this formula involves first-order derivatives of the moment

conditions; that is: second derivatives of the (sequential) likelihood. In models allowing for many

parameters, the calculation of these quantities can be cumbersome. In our case, indeed, we found

second derivatives of the likelihoods to be long to compute. With more than 200 parameters in the

model, the computation of the matrix of second derivatives requires 20000 evaluations (numerical

evaluations of the likelihood, or analytical computations of second derivatives).

To circumvent this problem, we use the generalized information matrix equality derived by

Newey and McFadden (1994), p. 2163. To see how this works in the case of a mixture of sequential

likelihoods, let us rewrite the above system of moment equations in compact form:

E

(
∑

k

pk

∂ lnπk

∂π

)
= 0, (B8)

E

(
∑

k

pk

∂ ln gk

∂α

)
= 0, (B9)

E

(
∑

k

pk

∂ lnhk

∂β

)
= 0, (B10)

where:

f(y|x; π, α, β) =
∑

k

πk(x; π)gk(y|x; α)hk(y|x; α, β),

is the incomplete likelihood, and

pk = p(k|y, x; π, α, β) =
πk(x; π)gk(y|x; α)hk(y|x; α, β)

f(y|x; π, α, β)
,
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is the posterior probability of group k given the data. Vector parameters α, β, π are mutually

exclusive.

As f is a mixture of sequential, or partial likelihoods in the sense of Cox (1975), the following

equality holds: ∫
gk(y|x; α1)hk(y|x; α2, β)dy = 1, (B11)

for all k, all x and for all (α1, α2, β). This point is crucial, as it is used in the consistency proof of

the partial likelihood estimator. Moreover, it implies that the moment conditions (B8)-(B10) are

satisfied over the whole parameter space, as noticed by Newey and McFadden (1994) in the general

context of GMM estimators.

To see why, let us consider (B9). Differentiating (B11) with respect to α1 yields, for all param-

eters, and under suitable regularity conditions:

∫
∂ ln gk(y|x; α1)

∂α1
gk(y|x; α1)hk(y|x; α2, β)dy =

∫
∂gk(y|x; α1)

∂α1
hk(y|x; α2, β)dy,

=
∂

∂α1

∫
gk(y|x; α1)hk(y|x; α2, β)dy,

= 0.

It follows that:
∫ ∑

k

p(k|y, x; π, α1, α2, β)
∂ ln gk(y|x; α1)

∂α1
f(y|x; π, α1, α2, β)dy =

∑

k

πk(x; π)

∫
∂ ln gk(y|x; α1)

∂α1
gk(y|x; α1)hk(y|x; α2, β)dy = 0,

for all parameters, at not only at true values.

The same argument applies to (B10). Moreover, for all parameters:

∫ ∑

k

p(k|y, x; π, α1, α2, β)
∂ lnπk(x; π)

∂π
f(y|x; π, α1, α2, β)dy

=
∑

k

∂πk(x; π)

∂π

∫
gk(y|x; α1)hk(y|x; α2, β)dy

=
∂

∑
k πk(x; π)

∂π
= 0.

Let us now consider the first term in the matrix of second derivatives. From the previous

argument we obtain:

0 =
∂

∂π

(∫ ∑

k

pk

∂ lnπk

∂π
f(y)dy

)
,

= E

(
∂

∂π

(
∑

k

pk

∂ lnπk

∂π

))
+

∫ ∑

k

pk

∂ lnπk

∂π

∂f(y)

∂π

′

dy,

= E

(
∂

∂π

(
∑

k

pk

∂ lnπk

∂π

))
+ E

(
∑

k

pk

∂ lnπk

∂π

∂ ln f(y)

∂π

′
)

,
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where from now on all functions and derivatives are evaluated at true values. Now, notice that:

∂f(y)

∂π
=

∂

∂π

(
∑

k

πkgkhk

)
,

=
∑

k

∂ lnπk

∂π
πkgkhk,

=

(
∑

k

pk

∂ lnπk

∂π

)
f(y).

It thus follows that:

E

(
∂

∂π

(
∑

k

pk

∂ lnπk

∂π

))
= −E

((
∑

k

pk

∂ lnπk

∂π

) (
∑

k

pk

∂ lnπk

∂π

)′)
.

We can derive similar expressions for the eight other terms by using the same methodology. Namely,

we find after some calculation:

E

(
∂

∂α

(
∑

k

pk

∂ lnπk

∂π

))
= −E

((
∑

k

pk

∂ lnπk

∂π

) (
∑

k

pk

∂ ln(gkhk)

∂α

)′)
,

E

(
∂

∂β

(
∑

k

pk

∂ lnπk

∂π

))
= −E

((
∑

k

pk

∂ lnπk

∂π

) (
∑

k

pk

∂ lnhk

∂β

)′)
,

E

(
∂

∂π

(
∑

k

pk

∂ ln gk

∂α

))
= −E

((
∑

k

pk

∂ ln gk

∂α

) (
∑

k

pk

∂ lnπk

∂π

)′)
,

E

(
∂

∂α

(
∑

k

pk

∂ ln gk

∂α

))
= −E

((
∑

k

pk

∂ ln gk

∂α

)(
∑

k

pk

∂ ln(gkhk)

∂α

)′)
,

E

(
∂

∂β

(
∑

k

pk

∂ ln gk

∂α

))
= −E

((
∑

k

pk

∂ ln gk

∂α

) (
∑

k

pk

∂ lnhk

∂β

)′)
,

E

(
∂

∂π

(
∑

k

pk

∂ lnhk

∂β

))
= −E

((
∑

k

pk

∂ lnhk

∂β

)(
∑

k

pk

∂ lnπk

∂π

)′)
,

E

(
∂

∂α

(
∑

k

pk

∂ lnhk

∂β

))
= −E

((
∑

k

pk

∂ lnhk

∂β

)(
∑

k

pk

∂ ln(gkhk)

∂α

)′)
,

E

(
∂

∂β

(
∑

k

pk

∂ lnhk

∂β

))
= −E

((
∑

k

pk

∂ lnhk

∂β

)(
∑

k

pk

∂ lnhk

∂β

)′)
.
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It is clear from these expressions that the information matrix equality is not satisfied if hk

depends in a non-trivial manner on α, i.e. if the sequential EM is not equivalent to ML. However,

the computation of the matrix of cross-products of first derivatives involves roughly the same

number of calculations as the computation of the matrix composed of the above terms.

In problems where the number of parameters is large and the (sequential) likelihood is not

straightforward to compute, this idea provides a fast alternative way to compute standard errors.
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