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Abstract

Job characteristics can affect worker turnover through their effect on utility and through their

effect on outside job opportunities. We separately identify and estimate the roles of these two

channels. Our method exploits information on job changes and relies on an augmented sample

selection correction. Taking our approach to an exhaustive register of Dutch primary school

teachers, and using arguably plausible exclusion restrictions, we show a detailed picture of

preferences for school characteristics. We also study how preference estimates may be biased

when ignoring information on job opportunities and discuss the implications for the analysis of

teacher turnover.
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1 Introduction

The study of labor turnover plays a central role in labor market analysis.1 More specifically, a

large literature has studied how the determinants of job quit decisions relate to wages and wage

dynamics (Topel and Ward, 1992), or more generally to job satisfaction (Freeman, 1978; Akerlof

et al., 1988). A standard approach in the literature consists in modeling the job quit probability

as a function of the characteristics of the current job. These characteristics can affect a worker’s

decision to leave her job through two channels: preferences (their effect on the worker’s utility)

and job offers (their effects on the worker’s outside job opportunities). The main contribution of

this paper is to separately identify and estimate the role of these two channels in worker turnover.

Job quit probabilities contain information on workers’ preferences for job characteristics.

A commonly used preference measure is the marginal rate of substitution between two job

attributes. If one of these attributes is the wage, this rate becomes the Marginal Willingness

to Pay (MWP hereafter) for a given amenity. Recognizing the difficulties to estimate MWP

from hedonic wage regressions,2 Gronberg and Reed (1994) argued that, within the context of

a standard job search model, MWP may be directly estimated as the (relative) coefficients of

amenities in a job turnover regression. Their insight is that the job hazard rate depends on wages

and amenities only through the worker’s utility function, so the more a worker is satisfied with

her job, the less likely she is to leave it.

In this paper, we show that estimates from job turnover regressions may not solely reflect

workers’ preferences for job attributes. The intuitive argument is that a worker may be staying

in her job not because she likes it, but because this job reduces her access to attractive job

opportunities. In the context of a job search model this will happen if, unlike in Gronberg and

Reed (1994), the arrival rate or the distribution of job offers depends on the characteristics of

the current job. In this case, job characteristics will not only affect turnover through workers’

1Although this paper focuses on the determinants of job turnover, this topic has also received considerable
attention in microeconomic theory, see Burdett (1978) or Jovanovic (1979), and in macroeconomics, see Hall (1972),
to cite only a few references.

2Hedonic wage regressions consist in regressing wages on amenities and a variety of controls (f.e. Thaler and
Rosen, 1975). It was recognized early on that failing to account for unobserved individual heterogeneity in wage
regressions could result in preference estimates that are severely biased (f.e. Brown, 1980, Hwang et al., 1992).
More recently Hwang et al. (1998) and Gronberg and Reed (1994) showed that even in the absence of confounding
unobserved heterogeneity, search frictions prevent one from identifying workers MWP directly from cross-sectional
wage/amenity correlations.
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preferences for jobs, but also because these jobs affect outside opportunities.3

The method that we propose separates these two determinants of job turnover and recovers

workers’ preferences as well as the correlations between current and outside job characteristics.

This not only corrects MWP estimates for a potential bias, but also produces a new set of results

on the relationship between characteristics of the current job and the outside job opportunities.

Disentangling preferences from opportunities is important from a policy perspective: while

preferences are relevant for workers’ welfare, the relationship between job characteristics and

job opportunities is related to sorting and allocation issues that may be influenced by the policy

maker.4 Overall, our approach thus leads to a better understanding of the channels through which

job characteristics affect turnover.

Our approach exploits information on job-to-job transitions. In the simple theoretical frame-

work that we use as a motivation, we let worker’s decision to move from one job to another

depend on current and outside job characteristics. However, unlike Gronberg and Reed (1994),

we let outside job offers and current job characteristics be correlated. To recover the model’s

parameters, we show that this problem is formally equivalent to the standard sample selection

problem in econometrics (Heckman, 1976). This is because job characteristics posterior to a job

change are selected within the set of available job opportunities. Identification of this type of

models can then be achieved if one or several determinants of the mobility decision (cost shifters)

can be excluded from the job offer equations. We show that one such exclusion restriction is

sufficient to identify the distribution of outside job’s characteristics, and that workers’ preferences

may then be recovered in a second step by “differencing out” the effect of job characteristics on

job opportunities.

Our proof of identification does not rely on parametric assumptions. However, in the presence

of a large set of job attributes (ten, in our application), nonparametric estimation is likely to be

subject to a severe curse of dimensionality. To deal with this, we impose a linear index structure

3We shall discuss potential sources of correlation between current and outside job characteristics when presenting
our application on teacher turnover. In the context of a job search model where the wage is the only job characteristic,
a structural source of correlation can be found in Postel-Vinay and Robin (2002). If an outside firm competes with
a worker’s current employer over, say, wages, the most productive of these two firms will outbid the other. If the
worker changes job, the wage at the new firm will thus be equal to the highest wage that her previous employer
could afford. This means that the worker’s outside job offer depends on her current firm’s productivity.

4Sorting on the teacher labor market is an important question (Rivkin et al., 2005). However, due to data
limitations (the absence of data on teacher quality) we will not be able to document sorting patterns in this paper.
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on workers’ utility and job characteristics equations. When parametric assumptions such as

normality are made, estimation simply consists in applying a multi-outcome version of Heckman

(1979)’s two-step selection correction method, augmented with a third step to recover workers’

preferences. This simple estimation method may easily be extended in various directions. In

particular, we show how to allow for individual-specific unobserved heterogeneity in the mobility

and outcomes equations. Building on Wooldridge (1995), this can be done by applying our

method period by period. In addition, we also propose an easy-to-implement semiparametric

version of our estimator that is based on Newey (2009).

We apply our approach to an exhaustive administrative data set of primary school teachers in

the Netherlands, in a setting where wages are rigid, and therefore where other characteristics

are likely to influence teacher mobility. We estimate teachers’ preferences for a large number of

attributes, including the percentage of disadvantaged students and school quality. There is a long

standing interest in the estimation of teachers’ preferences for school characteristics, as knowing

the determinants of school change decisions may help policy makers set the right incentives to

work in disadvantaged schools (Antos and Rosen, 1975; Hanushek et al., 2004).

In the context of teacher labor markets, there are reasons to expect that current job character-

istics affect school turnover through job opportunities, in addition to their effect via teachers’

preferences. For example, some school characteristics such as school quality may directly

affect student intakes, and thus the school’s demand for teachers. In addition, teachers’ current

job attributes may also constrain outside opportunities: teachers working in schools in poorer

neighborhoods may find it more difficult to get a job offer from a school in a more affluent

neighborhood, or private schools may prefer to hire teachers who already worked in private

schools before.

The validity of our approach relies on the presence of convincing exclusion restrictions. We

use two excluded covariates in our empirical work. The first one is based on an interaction

between demographic shocks and funding rules which lead to shocks to schools’ staff budget.

The second excluded covariate is based on the fertility of teachers’ colleagues, which affects the

school’s demand for teachers. In both cases we argue that a teacher’s outside job opportunities

are unlikely to be influenced by these variables. Moreover, having two excluded covariates
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yields overidentification conditions that provide evidence on the joint validity of our exclusion

restrictions.

Our estimates of teachers’ preferences show that the main school characteristics driving

teacher mobility between schools are the proportion of disadvantaged pupils, the pupils/teacher

ratio, the support/teaching staff ratio, and teaching hours. According to our estimates, Dutch

teachers also value school quality, measured as an average test score rank. In addition, we find

qualitatively similar estimates when allowing for teacher unobserved heterogeneity, and in a

semiparametric specification that is robust to non-normality. Comparing our results with an

approach that ignores information on outside job characteristics, we find that the latter does a

relatively good job in highlighting which amenities matter for teachers but that estimates based

on job turnover alone can be biased in terms of magnitude. The differences between our method

and the job duration approach are driven by significant correlations between the characteristics

of current and outside jobs which differ markedly across amenities.

Since our approach also delivers estimates of the correlations between current and outside

characteristics, it provides a new set of results relevant for the analysis of worker turnover which,

as far as we know, has not yet been reported. For example, we find that teachers working in

schools with larger proportions of students with low-educated parents are less likely to draw an

offer from a school where this proportion is small. To put these results in perspective, we then

decompose the effect of job attributes on turnover into two parts: a “preference” effect and a “job

opportunities” effect. As outside and current job characteristics are positively correlated, these

two effects go in opposite directions. In particular our results suggest that, if turnover was driven

only by teachers’ preferences, the effect of school quality or the proportion of disadvantaged

minority students on job turnover would be substantially stronger.

We are not the first to argue that duration-based methods may provide biased estimates of

workers’ preferences. For example, Boyd et al. (2005) note that job transition probabilities reflect

not only a teacher’s choice to transfer, but also her opportunities to do so. Boyd et al. (2010)

analyze teacher and school preferences separately thanks to a rich data set on the centralized

transfer request system in New York City (see also Boyd et al., 2003). An important advantage

of the approach we propose in this paper is that it is widely applicable and can be used to analyze
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labor markets where there is no centralized application system, such as teacher labor markets

in many European countries or – more generally – non-teacher labor markets. All one needs to

implement our approach is a standard labor force survey with information on amenities and a

reliable exclusion restriction.5

The paper is organized as follows. In section 2 we introduce the framework and derive

a nonparametric identification result for teachers’ preferences. In section 3 we describe our

three-step estimation strategy. The application to teacher turnover starts in section 4 where we

discuss the Dutch teacher market and describe the data. In section 5 we present our estimates of

teachers’ preferences and study the role of individual preferences and job opportunities in teacher

turnover. In section 6 we perform several robustness checks. Finally, section 7 concludes.

2 Identifying workers’ preferences using job-to-job mobility

In this section, we derive a nonparametric identification result for workers’ preferences, using

data on job turnover and job characteristics before and after job change.6 Our approach is

general, but in light of our application we shall refer to the teacher labor market in order to

illustrate the model and assumptions.

We are interested in identifying workers’ preferences over a set of J job attributes which we

denote as A = (a1, ...,aJ). Specifically, let X denote teachers’ characteristics, and let V (A,X) be

the value of a job. The marginal willingness to trade amenity a j for amenity ak is defined as:7

MWP jk(A, X) =
∂V (A, X)/∂a j

∂V (A, X)/∂ak
, for j 6= k.

The marginal willingness to trade is the variation in ak needed to keep the value of the job

constant when a j increases marginally. Hence, it measures the worker’s relative preferences for

two job characteristics. When ak is the wage, MWP jk is the marginal willingness to pay for a j.

We use the notation MWP throughout the paper, although the “numeraire” ak is not the wage

5Plausible exclusion restrictions may also be available in other labor markets. For example, Gibbons and Katz
(1992) and Dustmann and Meghir (2005) use plant closure as an exogenous shock on workers’ mobility.

6Note that standard job turnover regressions do not require data on job attributes posterior to a job move. This is
thus an additional data requirement of our approach.

7Job attributes are assumed continuous in this discussion. In the empirical analysis, only one out of the ten job
characteristics is discretely distributed (the public school dummy).

5



in our empirical application. The aim of this section is to provide conditions under which the

preference parameters MWP jk(·) are identified, for each ( j, k) pair of job attributes.

Our approach relies on job-to-job transitions as a source of identification for individual

preferences. Suppose that, at a given point in time, an alternative job with characteristics A∗,

and value V (A∗, X), is available to the worker. In the following we refer to alternative jobs as

“outside jobs” or “job offers”, indistinctly. Suppose also that the worker decides to move if:

V (A∗, X)>V (A, X)+ c(X , Z), (1)

where c(·) is a mobility cost. For example, c(·) could reflect the current school’s demand for

teachers, or monetary/psychic costs associated with changing job. Note that this representation

is quite general. If workers receive multiple job offers in a period, V (A∗, X) may be interpreted

as the value of the best alternative.

According to the mobility rule (1), workers weigh the various attributes of their job in

proportion to their preferences when deciding whether to change job or to stay in their current

job.8 However, exploiting (1) for identifying preferences is not direct, as the characteristics A∗

of an alternative job are not observed in the data if the worker chooses to remain in her job. To

address this selection problem, we rely on the availability of exogenous cost shifters Z which are

not related to outside job offers. Our main identifying assumption is as follows.

Assumption 1. The characteristics A∗ of outside jobs are statistically independent of the cost

shifters Z, conditionally on the current job’s amenities A and teacher characteristics X.

Assumption 1 allows the characteristics of current and outside jobs to be correlated. The cost

shifters Z play the role of standard excluded regressors. The validity of the resulting exclusion

restriction must be carefully studied. We shall provide an extensive discussion of our choice of

excluded covariates in the empirical section. In addition, in order to strengthen the exclusion

restriction, we shall allow for additional controls and for unobserved teacher heterogeneity.

In addition, we shall make the following assumption on mobility costs.
8Note that the function V (A,X) is the expected value, not the instantaneous utility u(A,X), attached to a job. As

a result, MWPjk(A,X) may not be equal to the ratio ∂u(A,X)/∂a j
∂u(A,X)/∂ak

. Under the assumptions of a standard search model,
these two quantities are equal. However they may differ if a worker’s search environment depends on her current
job characteristics. Hence MWPjk(A,X) may not be interpreted as a primitive preference parameter.
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Assumption 2. c(X , Z) has an absolutely continuous distribution given (A∗, A, X , Z). In addi-

tion, c(X , Z) is independent of A given (A∗,V (A, X), X , Z).

Assumption 2 states that mobility costs are independent of current job characteristics, condi-

tionally on amenity offers, the current job value, individual heterogeneity, and cost determinants.

In particular, the latter include the cost shifters Z. In the application, Z will capture the fact

that a school’s demand for teachers may correlate with the school’s characteristics. Regarding

individual heterogeneity, we will control for a range of teacher covariates, and in a robustness

check for teacher unobserved heterogeneity.

The following identification result is shown in the appendix.

Theorem 1. Let Assumptions 1 and 2 hold. In addition, suppose that the technical assump-

tion A1 in the appendix is satisfied. Then, the marginal willingness to trade MWP jk(A, X) is

nonparametrically identified for all j 6= k.

The idea of the proof is that the following ratio of job change probabilities, for two different

values of the cost shifters z1 and z2, is nonparametrically identified from the data:

Pr(Q = 1|A∗, A, X , Z = z2)

Pr(Q = 1|A∗, A, X , Z = z1)
,

where the distribution of job offers A∗ has been “differenced out” due to Assumption 1. As, by

Assumption 2 this ratio only depend on A through V (A,X), one can then directly recover the

marginal willingness to trade parameters.9

Before ending this discussion on identification, note that so far we have ignored that indi-

viduals can also decide to exit the labor market. As our data contain no information on labor

market outcomes for individuals who leave the teacher labor market, we focus the empirical

analysis on individuals who do not leave. For our approach to be consistent, the conditions of

Theorem 1 need to hold conditionally on the individual not exiting the teacher labor market. In

particular, we are thus assuming that there is no dependence between teaching and non-teaching

job opportunities, conditional on the current job’s characteristics, teacher characteristics, and
9Theorem 1 deals with the identification of workers’ preferences. Identification of the conditional distribution of

job opportunities (A∗ given A and X) may be shown if Z has large support by an identification at infinity argument,
as in Heckman (1990). The parametric method that we describe in the next section estimates both preferences and
job opportunities.

7



cost shifters. Note that, as independence is conditional on the current job characteristics, this

assumption may still hold if a shock affects the teaching and the non-teaching labor markets

in similar ways. In addition, to make our empirical analysis robust to local demand shocks

that could induce some correlation between teaching and non-teaching job opportunities (even

conditional on the current job’s characteristics), we also control for local labor market conditions.

3 Estimation

In this section, we present the econometric model and its estimation. We first focus on the

benchmark model with observed covariates, and then extend the model to allow for additive

unobserved individual heterogeneity.

3.1 The selection model

In our application, jobs are characterized by ten attributes, which describe the type and composi-

tion of the school. Because of data limitations, fully nonparametric estimation of preferences

following Theorem 1 faces a severe curse of dimensionality. To deal with this issue, we impose

an index structure on the model. Specifically, we assume that the job value V is linear in A and

X and that the mobility cost c(X ,Z) is the sum of an index linear in X and Z and a stochastic

component ν independent of A, X and Z.10 For individual i at date t, the mobility rule (1) thus

takes the form:

Qit = 1{θ(A∗it−Ait)+θX Xit +θZZit +νit > 0} . (2)

The marginal willingness to pay for the various job attributes can directly be recovered from the

vector θ = (θ1, ...,θJ), as MWP jk = θ j/θk.

Similarly, we model amenity offers as follows:

A∗it = αAit +αX Xit + εit . (3)

Note that (3) is a system of J equations, where J is the number of job attributes. In particular,

α is a J× J matrix of coefficients which plays an important role here, as it measures to which

10Note that mobility costs thus satisfy Assumption 2.
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extent amenity offers and current amenities are correlated.

We assume that εit is independent of Ait , Xit , and Zit . Hence, (3) satisfies the exclusion

restriction of Assumption 1. In our empirical application we use two excluded regressors. This

allows us to obtain overidentifying restrictions implied by the exclusion. In addition, note that

the unobservables νit and εit are allowed to be correlated.

Combining (2) and (3) we obtain the reduced-form equation:

Qit = 1{ψAit +ψX Xit +θZZit +ηit > 0} , (4)

where ψX = θX +θαX , and where ηit = νit +θεit is independent of Ait , Xit , and Zit .

We thus obtain the following mapping between the reduced-form parameter ψ and the

preference parameter θ :

ψ = θ (α− IJ) , (5)

where IJ denotes the J× J identity matrix. Equation (5) shows that ψ is a composite of teachers’

preferences (θ ) and characteristics of the job offer process (α). This provides a clear separation

of the effect of job characteristics on job turnover into a preference effect and a job opportunities

effect. Our estimation strategy aims at separately estimating θ and α . We proceed in three

simple steps:

Step 1. We estimate the reduced-form parameters ψ in (4). Parametric estimators (such as

probit or logit) or semiparametric estimators (e.g., Ichimura, 1993, Klein and Spady, 1993) may

be used for this purpose.

In this first step we normalize the variance of ηit to one. This means that we recover the

vector ψ up to scale. The output of the first step consists of the parameter estimates ψ̂ and the

predicted probabilities P̂r(Qit = 1|Ait , Xit , Zit).

Step 2. To estimate α we start by noting that, conditional on job change, we have:

E(A∗it |Ait , Xit , Zit , Qit = 1) = αAit +αX Xit +E(εit |ψAit +ψX Xit +θZZit +ηit > 0) . (6)

9



Therefore, α can be consistently estimated by regressing the job attributes A∗it of teachers who

have just moved (that is, for Qit = 1) on Ait , Xit , and a flexible function of the estimated job

change probability P̂r(Qit = 1|Ait , Xit , Zit). For example, one may use the methods described in

Das et al. (2003) or Newey (2009). This step delivers the estimate α̂ .

As an example, under normality (6) becomes, for j = 1, ...,J:

E
(
A∗jit |Ait , Xit , Zit , Qit = 1

)
= αAit +αX Xit +ρ jσ jλ (ψAit +ψX Xit +θZZit) ,

where σ j is the standard error of the jth element of εit , and where ρ j is its correlation with

ηit . The function λ (·) is the familiar inverse Mills’ ratio: λ (·) = φ(·)
Φ(·) , where φ(·) (resp. Φ(·))

denotes the probability (resp. cumulative) distribution function of the standard normal. In this

case, the estimate α̂ thus coincides with the Heckman (1979) two-step estimator.

Step 3. Finally, we estimate the 1× J vector θ as:

θ̂ = ψ̂ (α̂− IJ)
−1 .

Note that θ̂ depends on a scale normalization which does not affect the MWP estimates:

M̂WP jk =
θ̂ j

θ̂k
.

Our three-step estimation method thus consists of a simple selection correction estimator, aug-

mented with a final step where teachers’ preferences are recovered. In our empirical application,

we specify η and ε as normally distributed variables, so that the first two steps of our estimation

follow the standard Heckman (1979) procedure except that we have a multidimensional outcome.

In addition, we also present results using a semiparametric specification following Newey (2009).

For inference, we use the nonparametric bootstrap, since this conveniently takes into account the

multi-step nature of the estimation algorithm and the clustering of the errors at the school level.

Note that the first step of the estimation procedure does not deliver consistent estimates of

teachers’ MWP in general. This is because, when amenity offers are correlated with current
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amenities, it is generally the case that:

ψ̂ j

ψ̂k
6=

θ̂ j

θ̂k
= M̂WP jk.

When amenity offers are correlated with current amenities, the first-step coefficients (ψ̂) are

composite estimates of preferences (θ̂ ) and determinants of job opportunities (α̂). Our selection

correction approach allows to separately estimate these two parameters.

3.2 Individual unobserved heterogeneity

The benchmark specification in our empirical analysis accounts for school and teacher charac-

teristics which are observed in the data. To extend our framework and allow for unobserved

individual heterogeneity, we introduce heterogeneous intercepts in both the offer equation (3) and

the mobility equation (4). To provide a motivation for this specification, note that workers may

differ with respect to the mobility costs they incur when changing jobs (in particular, our data

do not have information on marital status or children). Also, search costs can be heterogeneous

across workers.

An attractive feature of the estimation method presented in the previous subsection is that

it can easily be extended to allow for the presence of unobserved heterogeneity. To do so, we

build on the approach suggested by Wooldridge (1995) and treat the unobserved intercepts as

correlated random effects.11 We model each individual effect as a linear function of Xi1,Ai1 plus

a residual.12 Formally the individual effects in the offer equation and in the selection equation

are modeled as βAAi1 +βX Xi1 +βi and µAAi1 + µX Xi1 + µi, respectively, where βi and µi are

independent of Ait ,Xit ,Zit for t ≥ 1.

11See also Semykina and Wooldridge (2007). Another approach, suggested by Kyriazidou (1997), considers
individual fixed effects. A theoretical and empirical comparative analysis of these two methods is conducted in
Dustmann and Rochina-Barrachina (2007). In Kyriazidou’s approach, the main source of information is provided
by individuals who move at least twice while the determinants of mobility vary little or none. We found that our
data are not suitable for this type of approach and require us to impose slightly more structure via a correlated
random-effects specification.

12Wooldridge (1995) suggests a conditioning of individual effects on the whole sequence of regressors, Xit ,Ait
for all t. Because the Ait ’s are not strictly exogenous in our case, we only condition individual effects on the initial
values.
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The selection model with unobserved individual heterogeneity is thus:

A∗it = αAit +αX Xit +βAAi1 +βX Xi1 + ε̃it , (7)

Qit = 1{ψAit +ψX Xit +θZZit +µAAi1 +µX Xi1 + η̃it > 0} , (8)

where ε̃it = βi + εit and η̃it = µi +ηit . This selection model is almost identical to model (3)-(4).

As in Wooldridge (1995), we can thus use the same three-step estimation technique, period by

period, to recover the preference parameters.

4 Primary school teachers in the Netherlands

4.1 The Dutch market for primary school teachers

We use our approach to estimate the preferences of primary school teachers in the Netherlands.

In this subsection, we present some features of the Dutch education system that are relevant

for our analysis.13 First, there is financial and statutory equality between public and private

schools. The latter, which are not governed by a public legal entity, are subject to private law,

have discretion in their teaching content and practice (within rules and end goals set by the

ministry of education) and can refuse admission to pupils. Otherwise, private schools do not

differ from public schools. In particular, both types of schools are publicly funded and cannot

charge student fees. Schools are governed by a school board which, for public schools, is the

municipal authority. Some school boards administer more than one school.

Primary school teachers must have obtained a teaching certificate. They are qualified to

teach all subjects with the exception of sports, arts, and foreign languages which are taught by

special teachers. Teachers are employed by the school board which has full discretion in the

management of its labor force (within rules set by the ministry of education). However, wage

scales are set centrally by the government. Basically, teachers are on a wage ladder and move up

one rung every year until they reach the top of the ladder and then move on to the next one (there

are three wage scales overall). A teacher’s wage is thus an almost deterministic function of her

experience, the only source of randomness being that some teachers skip the first rung when they

13For a detailed description of the Dutch education system, see Eurydice (2008).
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move from one wage ladder to the next. There is no wage compensation for working in a given

type of school. This is an important feature as teacher selection between schools is therefore

only based on non-wage job characteristics.

The school year runs from August 1st to July 31st of the following calendar year. There is

a 6-week holiday during the summer and other shorter holidays throughout the year. Primary

schools receive government funding under three budget headings: running costs, accommodation

and staff. The latter budget is a function of the number and types of pupils registered in the

school on October 1st. Schools funding is driven by a compensatory policy aimed at giving more

resources to schools with a larger number of disadvantaged pupils. The scheme is based on

weights as follows: a weight of 1.9 is assigned to pupils with a non-Dutch cultural background

and whose parents have a low level of education, 1.7 to pupils from traveler families, 1.4 to those

living in a children’s home or a foster family, 1.25 to children whose parents are Dutch and have

a low level of education and 1 to everyone else.14 Therefore, a school’s demand for teachers

depends both on the number and on the types of children who register. Below we use changes in

this budget (which reflect changes in the pupil population) as an important source of variation in

teachers’ mobility.

Schools that have more disadvantaged students are allotted more funding for staff. However,

they cannot offer a teacher a wage higher than what her experience grants her. Schools can

thus spend this additional funding on support staff (increasing the support/teaching staff ratio),

on teaching material (e.g. on computers) or on hiring more teachers. There is no class size

rule in the Netherlands so schools with large numbers of disadvantaged pupils can hire more

teachers and make smaller classes. Schools can thus use their budget to compete for teachers on

non-wage job attributes, which motivates our empirical analysis of teacher preferences for these

characteristics.

4.2 Data

We use administrative data that contain every contract between a teacher and a primary school in

the Netherlands. Merging this register with other data sets on schools, we construct a matched

14Our data span over the period 1999-2002. Since then, a new scheme has been introduced in August 2006.
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teacher-school panel with one observation per teacher i and year t.15 We restrict our sample to

female teachers since the overwhelming majority (over 80 percent) of primary school teachers in

the Netherlands are women. We further consider only teachers whose age is between 20 and 60.

There are essentially no teachers younger than 20, and to avoid potentially confounding effects

of retirement we cut our sample at age 60.

We have access to data for three school years, from 1999 to 2002. For every teacher one

observation per school year is kept, corresponding to her main employment. We assume that this

is the observation for the school s = s(i, t) where the teacher has the highest teaching load on

December 31st of year t.16 The choice of December 31st is motivated by an empirical regularity

in teacher school-to-school transitions (the vast majority of school changes take place between

July and November). The school change indicator Qit equals 1 if s(i, t) 6= s(i, t + 1) and 0

otherwise. The total attrition rate is 14%, which includes retirements.

We have no information on teachers’ outcomes if they stop working or take a non-teaching

job. We thus abstract from individual decisions to leave the Dutch teacher labor market. We

discussed at the end of Section 2 the assumption that allows us to conduct our analysis only for

teachers who stay in the market. We assume that non-teaching job offers are not correlated with

alternative teaching jobs conditionally on the current teaching job. To control for local labor

market conditions and thus reinforce the validity of this assumption, we include four region

dummies as well as the regional unemployment rate in levels and changes. We also control for

the unemployment insurance rate and vacancy rate at the provincial level (12 provinces).

Figure 1 shows mobility rates by age, which serves as our main proxy for experience.

Mobility rates are particularly high and nonlinear at the beginning of teachers’ career. For this

reason, our controls Xit include age in a flexible manner with single year age dummies up to

age 25, after which we have dummies for 26-30, 30-39, 40-49 and 50+. We also include the

teacher’s current wage as an individual characteristic. As we pointed out above, selection across

jobs cannot operate through wages because these follow a rigid scheme set by the government.17

15Since our data set covers the whole country, we do not have the attrition problem faced by studies based on
state or district-level data (e.g. Hanushek et al., 2004 or Boyd et al., 2005).

16Most teachers work in one school but some arts, sports or foreign language teachers may be employed in several
schools. We cannot identify these teachers but we expect them to have smaller teaching loads in each school they
work at. Also, we drop observations posterior to an exit from and a re-entry in the teacher labor market.

17The wage may thus be interpreted as an additional proxy for teaching experience.
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Figure 1. Mobility rates by age

In addition, our data allow us to compute a dummy that equals one if the teacher is on a

parental leave during the second semester of year t (i.e. between July and December of year

t), as we observe the starting and ending dates as well as the reason of all individual absence

spells. We expect this variable to affect a teacher’s decision to change job on that year. Finally,

we add relative seniority within the school and an extensive set of controls to strengthen our

main identifying assumption. We discuss these controls in the next subsection when motivating

our exclusion restrictions.

Table 1 shows a set of basic descriptive statistics for the teachers in our sample. On average,

teachers are 41 years-old, and in any given school-year in our observation period about 3.4

percent are on parental leave.

Since most job transitions take place between school years it seems natural that teachers care

about the pupil population and school attributes of the school-year that is about to start and not of

the school-year that just ended. We therefore assume that teachers base their job change decision

on the upcoming school-year’s attributes of their current school. We also include the current

teaching load (year t) to the vector of job attributes Ait since we do not observe i’s counterfactual

teaching load in her old school in case she moves.

Our data contain information on ten job attributes that may enter teachers’ value function.

These variables are presented in Table 2, where means and standard deviations are computed
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Table 1. Descriptive statistics on teachers

Average age (years) 40.5
% < 30 years old 19.3
% 30−39 years old 22.6
% 40−49 years old 37.8
% > 50 years old 20.3
% Parental leave 3.4
% Movers 3.5

Number of observations 167,550
Number of individuals 70,159

Note: “Parental leave”: at least one parental leave. “Movers”: at least one school change.

among the population of teachers.

We measure the socio-economic composition of the school through the proportions of disad-

vantaged children within the school. The proportion of children coming from a disadvantaged

ethnic minority is around 16 percent on average. In comparison, the proportion of children

coming from disadvantaged native Dutch families is 14 percent.18

The pupil-teacher ratio – a proxy for class size – is 20 on average. Population density

is defined as the logarithm of the number of inhabitants per square kilometer in the school’s

municipality. About one third of teachers work in public schools. Notice however that, as

discussed above, private schools in the Netherlands are publicly financed. The teaching load is

a variable taking values between zero and one, and giving the full-time equivalent number of

teaching hours.

The test score variable is computed using a national exit test taken at the end of primary

education (in February). We control for the average percentile score within the school. Some

schools (14%) do not implement this exam. We drop these schools from our sample for our

benchmark estimation results. We have run robustness checks in which we included these schools

and dropped the test variable from the list of job attributes. We also account for the average age

and gender among teachers within the school. Finally, since our data set contains the employment

contracts of non-teaching staff, we compute a variable that gives the number of support staff per

full-time teacher within the school.
18Disadvantaged minority pupils include all pupils in weighting categories 4 and 5 (see section 3.1). Disadvan-

taged Dutch pupils are all children in categories 2 and 3. Since there are very few children in categories 3 and 4 we
chose to merge them with category 2 and 5, respectively.
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Table 2. Descriptive statistics on schools in 2000

Mean Std.Dev.

Amenities
Disadv. minority pupils (fraction) 0.163 0.250
Disadv. Dutch pupils (fraction) 0.138 0.116
Pupil-teacher ratio 20.1 3.8
Teacher hours (in full-time equivalents (FTE)) 0.734 0.250
Population density - log(population/km2) 6.7 1.2
Public school 0.322 0.467
School quality (average percentile test score) 0.493 0.131
Age teachers (average) 41.4 3.8
Female teachers (fraction) 0.824 0.095
Support staff (in FTE as fraction of total staff) 0.098 0.113

Excluded covariates Zbud Zpl

Mean -0.97 0.28
Quantile 25% / 50% / 75% -11.6/-1.0/9.3 0/0/0.46
Pr(Z ≤ 0) 0.53 0.65
Pr(Z > 0) 0.47 0.35

Number of schools 5,758
Number of teachers per school (FTE) 10.4 (7.6)
Number of pupils per school 223

Note: Zbud is the change in a school’s budget. Zpl is the total teaching loads of a teacher’s colleagues who are on
parental leave.
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4.3 Exclusion restrictions

We rely on two covariates as determinants of job mobility that are excluded from amenity offer

equations. The first one is a shock to the pupil population of the school which, given the Dutch

institutional context, triggers a shock to the staff budget. The second variable is based on the

fertility of a teacher’s colleagues. We shall use these variables both separately and jointly as

exclusion restrictions. We discuss each of them in turn.

Shocks to the school’s budget. A school’s staff budget Bt for a given year is computed as

the weighted sum of the five groups of pupils registered at the school (the student numbers are

taken on October 1st). We define our first excluded regressor as Zbud
t = Bt+1−Bt , that is the

change in the school budget. This variable exploits demographic shocks to the school’s student

body, both in terms of the number of pupils and of the distribution of types (such as the share of

disadvantaged pupils).

The variable Zbud
t captures how a school’s demand for teachers changes from one year to the

next. Ideally, we would like to know whether the school is closing (or opening) a class but this

information is not available in our data. Schools probably smooth the impact of budget shocks

to some extent. We expect however that a teacher is more likely to leave (resp. to stay in) a

school if Zbud is negative (resp. positive). This is confirmed by our estimation results which

show that these shocks are a significant predictor of mobility (see Table B1 in the appendix). A

set of descriptive statistics on schools, together with the distribution of Zbud across schools in

2000 is reported in Table 2.

For our exclusion restriction to be valid, the shock Zbud on individual mobility needs to

be independent of the characteristics of alternative jobs available to a teacher. To strengthen

the exclusion restriction, we control for some potential confounders in addition to the controls

presented above. A first potential concern is that a given region is hit by an aggregate demographic

shock. In that case, a teacher who has to leave her school may have access to fewer outside

jobs because the pupil population in other schools also decreases. We address this concern by

controlling for two aggregate demand proxies: the sum of Zbud among all the other schools that

are in the same town as school s, and the sum of Zbud among all the schools that are in the same
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district but not in the same town as school s.19 A second concern is that, since there are no

catchment areas in the Netherlands, a school’s pupil population may decrease as a result of it

being perceived as a “bad” school. In this case, other schools may be less inclined to hire its

former teachers. We account for this possibility by controlling for the rank of a given school in

the distribution of school average test scores within the town and the district.

Finally, note that this type of exclusion restriction is not new in the education and labor

economics literature. For example, Hoxby (2000) uses similar variation in student populations to

study the effect of class size on test scores. Gibbons and Katz (1992) and Dustmann and Meghir

(2005) use workers displaced as a result of firm closure to produce an arguably exogenous sample

of job changers.

Fertility of colleagues. We also construct a second variable based on fertility. At all dates we

observe all the teaching loads in the school, and whether teachers are on a parental leave. For

each teacher i we compute Zpl
i as the sum of the teaching loads of her colleagues who are on a

parental leave (between July and December).

For the exclusion restriction to be valid we need to assume that the parental leaves of a

teacher’s colleagues affects her probability to leave the school but not her outside job opportuni-

ties. This assumption seems likely to hold but one may think that colleagues’ parental leave is

too small a phenomenon to have an impact on teacher turnover. It turns out that Zpl is positive

for 35% of our observations. Moreover, our estimation results show that colleagues’ fertility

plays a significant role in a teacher’s mobility decision (see Table B1 in the appendix).

5 Results

This section presents our main estimation results. We start with the estimates of teacher pref-

erences for job characteristics. Then, we study the role of job opportunities in the analysis of

individual preferences and of labor turnover.

19Districts are administrative areas, larger than cities, defined by the Dutch ministry of education.
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Table 3. Estimates of preference parameters (θ ) and MWP (θ/θPT )

θ j θ j/θPT

Disadv. minority pupils -0.410*** (0.079) -43.2*** (15.6)
Disadv. Dutch pupils -0.146 (0.092) -15.4 (10.7)
Pupil-teacher ratio (PT) -0.009** (0.004) ref.
Teacher hours 0.254*** (0.070) 26.8** (13.0)
Population density -0.056*** (0.020) -5.9* (3.3)
Public school -0.137** (0.063) -14.5 (8.9)
School quality 0.958** (0.378) 101.0* (55.8)
Age teachers 0.010*** (0.003) 1.0* (0.6)
Female teachers 0.253** (0.110) 26.7* (16.2)
Support staff -0.513*** (0.100) -54.1** (26.9)
Note: */**/*** statistically significant at the 10/5/1 percent level.

5.1 Teacher preferences

We start by reporting our estimates of the weights of each job characteristic in the value of a

job. The first two columns in Table 3 present the estimates of the preference parameters θ . All

reported standard errors are bootstrapped using 499 replications and take clustering at the school

level into account. The last two columns in the table show the MWP parameter estimates together

with their standard errors, using as reference characteristic the pupil-teacher ratio.

The sign and significance of the parameters θ convey information on teacher preferences.

The results show the following general picture: teachers are less willing to work in schools with

a high proportion of disadvantaged pupils, large classes or a small teaching/support staff ratio.

They prefer to work in schools with higher average test scores, a more experienced staff (that is,

a higher average age) and a higher proportion of female teachers. They would also rather work

more hours and in less densely populated areas.

The proportion of disadvantaged minority pupils is perceived as a disamenity by teachers

as its θ coefficient is significantly negative. This is consistent with previous findings in the

literature (e.g., Hanushek et al. 2004; Scafidi et al. 2007). Depending on the institutional context

and/or data availability these previous studies typically use the proportion of minority pupils and

of pupils eligible for subsidized lunch to control for students’ socio-economic background. In

our data, in contrast, we observe the proportions of pupils with low-educated parents from a

Dutch or a non-Dutch background.
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Not surprisingly, teachers prefer schools with a smaller pupil-teacher ratio. As we mentioned

above, schools with a larger budget cannot post higher wages since wages are set at the national

level and are tied to experience. However, schools can hire more teachers and reduce class size

in order to attract teachers. Our results in the second column of Table 3 show the changes in

pupil-teacher ratio required to compensate for a one unit change in each amenity (MWP). For

example, to compensate for a 10 percentage point increase in the proportion of minority students

one would need to reduce the pupil-teacher ratio by more than 4 (0.1×43.2).

To put these results in perspective, remember that the weighting in the Dutch budget scheme

is such that a school’s budget almost doubles when the proportion of disadvantaged minority

pupils goes from 0 to 100% (disadvantaged minority pupils have a weight of 1.9 in the funding

scheme). In practice we observe that schools where this proportion is 0 have a pupil-teacher

ratio of 23 on average whereas schools where this proportion is 100% have a pupil-teacher

ratio of 12. It seems that these latter schools use most of their extra budget to reduce class

size. This is consistent with our results in the sense that schools try to provide what teachers

value. Yet this not enough to fully compensate teachers. A decrease of 23− 12 = 11 in the

pupil-teacher ratio only compensates for a 100∗11/43.2≈ 25 percentage point increase in the

proportion of disadvantaged minority pupils. This simple calculation may explain why schools

in disadvantaged areas can have problems retaining their teachers.

The average age of teachers within the school plays a positive and significant role in teachers’

utility. This effect is almost equivalent to the effect of reducing the pupil-teacher ratio by one

unit. It is difficult to interpret this effect without more detailed data. Since a teacher’s age

is a good indicator of her experience, one interpretation would be that teachers prefer more

experienced colleagues. Another interpretation could be that teaching positions in schools with

a more experienced staff are more secure than in other schools. Below we present preference

estimates for different age groups that shed more light on this. Also difficult to interpret is the

teachers’ preferences to work in schools with larger proportions of female teachers (remember

that our estimations are run on a sample of female teachers).

Teachers prefer schools with a lower support-to-teaching staff ratio. Support staff can be

seen as one of the many indicators of working conditions and we may expect teachers to prefer
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schools where the support staff is large. Indeed, the survey by Guarino et al. (2006) shows that

schools with more administrative support for teachers tend to show a lower teacher attrition rate.

Note that Table 3 shows that teachers in the Netherlands prefer the relative size of the support

staff to be low. In other words, they would rather work in schools that spend their budget on

hiring more teachers than on hiring support staff. This result is therefore not inconsistent with

previous findings.

We find significant preferences for more teaching hours. We suspect that there may be

heterogeneity by age in the preferences for this variable at the extensive margin (two-thirds of

the teachers in our sample do not have a full-time contract), something we will investigate below.

Population density seems to have a negative effect on teachers’ utility. Since wages are set by a

fixed national scheme, teachers may prefer less densely populated areas where they would enjoy

a higher real wage.

The preference parameter estimate for public schools is negative and borderline significant at

the 10% level (p-value = 0.102). As we mentioned in section 4.1, public and private schools in

the Netherlands mainly differ with respect to religion and to discretion in the way teaching is

organized. Funding, wages and curriculum are the same. It thus seems that the limited differences

between the two types of schools stills affect the teachers’ utility. However, like teaching hours,

preferences for public schools may differ across individuals.

Lastly, we find that school quality as captured by student achievement plays a major role in

teachers’ preferences, especially when compared with the proportion of disadvantaged minority

students (who score on average 1 standard deviation lower than non-minority students). Hanushek

et al. (2004) also find that student achievement is one of the drivers of teacher turnover. Scafidi

et al. (2007) show that the effect of test scores on turnover may be due to the correlation between

this variable and other school characteristics, especially ethnic composition. Our results indicate

that in the Netherlands, even when one controls for the education and nationality of students’

parents, test scores still play an important role in teachers’ preferences for schools.
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5.2 Job opportunities: dependence between current and offered job characteristics

While teacher preferences for school characteristics are the main targets of the estimation, the

analysis of teacher turnover between schools should also account for the search environment that

teachers face when making their mobility decisions. Our approach produces new results on the

dependence between the current job characteristics of a teacher and her outside job opportunities.

The results reported in Table 4 show that many α jk estimates are significantly positive. However,

the extent to which current job characteristics affect outside opportunities shows substantial

variation across amenities.

If we look at the elements on the diagonal of Table 4, we note that a∗j significantly and

positively depends on a j for all job attributes. For example, a teacher working in a school with a

larger proportion of disadvantaged minority pupils is more likely to have access to an alternative

school with a large proportion of similar students. We saw in Table 3 that working in a school

with a large proportion of disadvantaged students has a negative effect on teachers’ utility. Here

we see that this also decreases her chances of moving to a school where this proportion is low.

Table 4 also shows strong dependence between the current teaching load of a teacher and

the job offers she receives, between the status (public or private) of the current and the outside

schools, and between the population density of the area of the current and the outside schools.

The same goes for the average test score in the current school and that in the outside schools. In

contrast, for the last three amenities in the table, the dependence between the current job and the

job offers is weaker.

The fact that the degree of dependence varies across amenities is relevant for measuring

teachers’ preferences. Table 5 compares our estimates of preference parameters and MWP with

the estimates from a simple turnover regression. In the bottom panel, the MWP are computed

taking the pupil teacher ratio as the reference amenity. The MWP estimates are qualitatively

similar, so it is fair to say that the Gronberg and Reed (1994) approach paints a relatively accurate

picture of teacher preferences in our data. Still, we note differences in MWP estimates between

the two methods which, in the case of school quality, can be large (101 vs. 66). We find that this

difference is significant at the 5% level for population density, and at the 10% level for public

school and school quality.
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Table 5. Estimates of preference parameters and MWP: θ vs. ψ

θ −ψ

Disadv. minority pupils -0.410*** (0.079) -0.247*** (0.054)
Disadv. Dutch pupils -0.146 (0.092) -0.109 (0.066)
Pupil-teacher ratio (PT) -0.009** (0.004) -0.007** (0.003)
Teacher hours 0.254*** (0.070) 0.169*** (0.028)
Population density -0.056*** (0.020) -0.012 (0.009)
Public school -0.137** (0.063) -0.021 (0.016)
School quality 0.958** (0.378) 0.434** (0.213)
Age teachers 0.010*** (0.003) 0.007*** (0.002)
Female teachers 0.253** (0.110) 0.130 (0.091)
Support staff -0.513*** (0.100) -0.337*** (0.061)

θ/θPT ψ/ψPT

Disadv. minority pupils -43.2*** (15.6) -37.4** (14.9)
Disadv. Dutch pupils -15.4 (10.7) -16.5 (12.5)
Pupil-teacher ratio (PT) ref. ref.
Teacher hours 26.8** (13.0) 25.5* (13.3)
Population density -5.9* (3.3) -1.9 (1.6)
Public school -14.5 (8.9) -3.1 (2.7)
School quality 101.0* (55.8) 65.6 (46.6)
Age teachers 1.0* (0.6) 1.1 (0.7)
Female teachers 26.7* (16.2) 19.7 (16.6)
Support staff -54.1** (26.9) -50.8* (28.6)
Note: */**/*** statistically significant at the 10/5/1 percent level.
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Interestingly, the magnitude of the coefficient estimates θ̂ and ψ̂ in Table 5 is substantially

different. While, as we have just seen, this does not necessarily imply large differences in

preference estimates (which are defined up to scale), this difference in magnitude has implications

for teacher turnover.

5.3 Teacher turnover: a decomposition exercise

In our model, school characteristics affect turnover in two different ways: through preferences

and job opportunities. In the rest of this section, we perform a simple decomposition exercise to

assess the influence of these two effects on the job turnover probability.

We consider the effect of a change in the vector of amenities, from Ait to Ãit . The difference

in the turnover probability is then given by:

∆

(
Ait , Ãit

)
= Pr

(
Qit = 1|Ãit ,Xit ,Zit

)
−Pr(Qit = 1|Ait ,Xit ,Zit)

= F
(

θαÃit−θ Ãit +ψX Xit +θZZit

)
−F (θαAit−θAit +ψX Xit +θZZit) ,

where we have used (4) and (5), and where we have denoted as F(·) the cdf of −ηit (standard

normal in the main specification).

We decompose this difference into a preference effect and a job opportunity effect as follows:

∆

(
Ait , Ãit

)
=
[
F
(

θαAit−θ Ãit +ψX Xit +θZZit

)
−F (θαAit−θAit +ψX Xit +θZZit)

]
+
[
F
(

θαÃit−θ Ãit +ψX Xit +θZZit

)
−F

(
θαAit−θ Ãit +ψX Xit +θZZit

)]
. (9)

We interpret the first term on the right-hand side of (9) as the effect of a change in amenities

on teachers’ turnover that goes through preferences, holding outside opportunities constant. The

second term is interpreted as the effect of a change in current amenities on turnover that goes

through outside opportunities, holding teachers’ utility constant.

To illustrate these two effects, we consider counterfactual changes in one single amenity at a

time. For example, we compute the probability that a worker leaves her school assuming that

the proportion of disadvantaged minority pupils takes another value, while keeping the value
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of other amenities (pupil/teacher ratio, school quality...) equal to the value that we observe in

the data. This counterfactual probability, averaged across teachers, is shown in dashed on the

top-left graph of Figure 2, as a function of the proportion of disadvantaged pupils. It reflects

both the preference effect and the job opportunities effect. On the same graph, the solid curve

shows another counterfactual probability, where the job opportunities effect is shut down and

thus turnover is only driven by preferences. The same exercise is repeated for each of the other

job characteristics (except public/private which is binary) in the other graphs of Figure 2.20

The graphs show that the preference and job opportunities effects go in opposite direction.

This may be seen by noting that the slope of the dashed curve (total effect) is consistently lower

than the slope of the solid curve (preference effect). The reason for this is that offered job

characteristics and current job characteristics are positively associated, as shown by the estimates

in Table 4.

As an example, the top left graph on the figure shows that teachers are more likely to leave

their school if the proportion of disadvantaged minority pupils increases (dashed curve). However,

this effect would be much stronger if turnover only depended on preferences, as illustrated by

the steeper solid curve. This difference is due to the fact that teachers working in a school where

the proportion of disadvantaged pupils is high do not have many opportunities to work in schools

where this proportion is low.

The relationship between job opportunities and current amenities varies substantially with

the amenity considered. For the proportion of disadvantaged minority pupils the combined effect

is roughly half of the preference effect. The difference is also substantial for school quality and

to a lesser extent for population density.

6 Robustness checks

In this last section of the paper we start by studying the robustness of our results to the presence

of additive unobserved teacher heterogeneity. We then document preference heterogeneity by

20Formally, let A( j,a)
it be the vector equal to Ait except for its jth attribute, equal to a. For each j, the dashed curve

in Figure 2 is the average (over i, t) of Pr
(

Qit = 1|A( j,a)
it ,Xit ,Zit

)
= F

(
θαA( j,a)

it −θA( j,a)
it +ψX Xit +θZZit

)
. The

solid curve, net of the job opportunity effect, shows the sample average of F
(

θαAit −θA( j,a)
it +ψX Xit +θZZit

)
.
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age groups. Finally, we end the section by performing several robustness checks pertaining to

our exclusion restrictions and our parametric assumptions.

6.1 Unobserved teacher heterogeneity

The results we showed in the previous section are based on a model specification that does

not account for unobserved teacher heterogeneity. As we discussed in section 3.2, it is easy to

augment the selection and outcome equations of model (2)-(3) with an individual effect modeled,

following Wooldridge (1995), as a linear function of Ai1 and Xi1 plus a normally distributed

residual. Table 6 reports the estimates of preference parameters θ when the model allows for

different specifications of individual unobserved heterogeneity: when the individual intercept is

assumed to depend on Xi1, on Ai1, or on both Xi1 and Ai1. For comparison, we also show in the

first column the benchmark estimation results, without unobserved heterogeneity.

The first two columns show that there are essentially no differences between the preference

parameters estimated in a model without unobserved heterogeneity and those estimated in a

model that allows for individual effects correlated only with individual characteristics’ initial

values Xi1. If we look at the next column, we see that differences do arise when the individual

effects are correlated with the job characteristics’ first observed values Ai1. First, teachers

now show more significant and more negative preferences for the proportion of disadvantaged

Dutch pupils in the school. We also see a sign reversal for population density. Meanwhile, the

preferences are now less precisely estimated. Once we allow for the individual intercept to be

correlated with both Ai1 and Xi1, the parameter estimates for teaching hours, population density,

public schools and school quality are no longer significant. We note that the point estimates

remain quite large and the loss of significance seems to come from a loss of precision due to the

large number of parameters we need to introduce to account for unobserved heterogeneity in that

specification.

Overall, the general qualitative picture of teacher preferences remains similar when allowing

for unobserved heterogeneity. The main difference arise from the parameter estimate associ-

ated with the proportion of disadvantaged Dutch pupils, which increases in magnitude as the

specification of heterogeneity gets more flexible, and the parameter estimates associated with
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teaching hours, population density and school quality, which are less precise when heterogeneity

is accounted for.

6.2 Preference heterogeneity by age

Teachers may value different amenities at different points in their life. Table 7 presents preference

estimates for three age groups that roughly correspond to young school teachers who are starting

their career (aged 20 to 26), mid-career teachers who often need to combine work with raising

young children (aged 27 to 39), and teachers aged 40 to 60.

As can be seen from Table 7, these estimates stratified by age group are less precise than the

ones based on the whole population and shown in Table 3. We nevertheless see some interesting

patterns arise. First, teachers in all age groups prefer schools with fewer disadvantaged minority

pupils, with young teachers also preferring fewer disadvantaged Dutch pupils. Although not

always precisely estimated, teachers’ taste for smaller classes and also for school quality is

remarkably similar across age groups.

We also observe some differences. With age teachers value working hours differently. In

particular younger teachers seem to value more hours, whereas the point estimate suggests that

mid-career teachers want to decrease the amount of time they work. We also see that older

teachers prefer to work in less densely populated areas, and older teachers also appear to prefer

to work in private schools. As to the composition of the school staff, in particular colleagues’

age seems to be valued differently by younger and older teachers: the younger teachers prefer

younger colleagues whereas the 40 to 60-year-old teachers prefer older colleagues.

The overall picture that emerges is that, although there is some heterogeneity across age

groups, teachers’ preferences for amenities such as student composition, class size, and school

quality seems to vary little with age.

6.3 The exclusion restriction and parametric assumptions

Our estimation strategy relies on two determinants of teachers’ mobility to achieve identification.

The benchmark estimation results reported above assume that the school budget shock, Zbud , and

colleagues’ parental leaves, Zpl , enter the job change decision (2) but are excluded from the job
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Table 7. Preference estimates (θ ) by age group

20-26 27-39 40-60

Disadv. minority pupils -0.308** (0.155) -0.329*** (0.111) -0.527*** (0.166)
Disadv. Dutch pupils -0.373* (0.196) 0.005 (0.139) -0.158 (0.185)
Pupil-teacher ratio -0.009 (0.009) -0.011* (0.006) -0.010 (0.007)
Teacher hours 0.884*** (0.181) -0.146 (0.136) -0.040 (0.200)
Population density -0.023 (0.039) -0.032 (0.026) -0.120** (0.051)
Public school 0.159 (0.107) -0.150* (0.087) -0.412** (0.204)
School quality 1.209 (0.783) 1.217* (0.717) 1.464* (0.781)
Age teachers -0.021** (0.008) -0.005 (0.005) 0.042*** (0.008)
Female teachers 0.113 (0.238) 0.360** (0.182) 0.312 (0.195)
Support staff -0.069 (0.212) -0.672*** (0.174) -0.631*** (0.225)
Note: */**/*** statistically significant at the 10/5/1 percent level.

Table 8. Estimates of preference parameters (θ ) - Exclusion restriction and Semiparametric
model

Excluded covariates Semiparametric

Budget Mat. Leave model

Disadv. minority pupils -0.413*** (0.077) -0.365*** (0.088) -0.470*** (0.103)
Disadv. Dutch pupils -0.146 (0.095) -0.129 (0.084) -0.173 (0.115)
Pupil-teacher ratio -0.010** (0.004) -0.008* (0.004) -0.011** (0.005)
Teacher hours 0.256*** (0.070) 0.227*** (0.068) 0.327** (0.144)
Population density -0.057*** (0.020) -0.051** (0.021) -0.066*** (0.024)
Public school -0.139** (0.065) -0.123** (0.058) -0.158** (0.071)
School quality 0.967** (0.377) 0.855** (0.358) 1.109** (0.451)
Age teachers 0.010*** (0.003) 0.009*** (0.003) 0.011*** (0.004)
Female teachers 0.255** (0.107) 0.225** (0.102) 0.295** (0.123)
Support staff -0.518*** (0.104) -0.459*** (0.115) -0.599*** (0.126)
Note: */**/*** statistically significant at the 10/5/1 percent level.

offer equations (3). Since we only need one exclusion restriction to identify the model we can

assess the sensitivity of our results to changes in the set of excluded covariates. The first two

columns of Table 8 show the estimates of the preference parameters θ where the set of excluded

covariates consists only of Zbud or only of Zpl . The point estimates and their precision remain

almost constant across the two specifications, providing support for the validity of our exclusion

restriction.

Finally, to further study the impact of the parametric assumptions on the results, we estimate

a more flexible (non-normal) specification of the selection model. The mobility decision is

now specified as Qit = 1{Λ(ψAit +ψX Xit +θZZit)+νit > 0}, where Λ(·) is a second-order
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polynomial, and where ν follows a logistic distribution. In the second step, we replaced the

inverse Mills’ ratio of Heckman (1979)’s method by a polynomial in the first-stage index.21

Results, shown in the last column of Table 8, are similar to the benchmark estimates from Table

3. This provides evidence that our estimates are not driven by our parametric assumptions.

7 Conclusion

In this paper we have argued that job characteristics affect worker turnover not only through

their preferences, but also through their effect on job opportunities. We have proposed a simple

three-step method to estimate these two effects, and shown how it can easily be modified to allow

for unobserved worker heterogeneity.

Taking our model to an administrative data set of primary school teachers in the Netherlands,

we have obtained estimates of preferences that are qualitatively consistent with earlier results in

the literature (e.g., Hanushek et al., 2004, Scafidi et al., 2007), the main school characteristics

driving teachers’ mobility being the proportion of disadvantaged pupils, the pupil-teacher ratio,

the support to teaching staff ratio and teaching hours (although our estimates suggest that

preferences are age-dependent for that latter amenity). Our estimates also indicate that Dutch

school teachers value school quality. Although existing funding rules double the budget of

schools that teach disadvantaged minority children, we have argued that using this budget to

reduce pupil-teacher ratios does not fully compensate teachers. One important open question

is whether equivalent wage compensation would keep teachers indifferent between teaching

disadvantaged and non-disadvantaged pupils.

In addition, we find that the two effects of job characteristics on turnover go in opposite

directions, the preference effect being partly (though not completely) offset by the job opportu-

nities effect. For example, we find that the effect of the proportion of disadvantaged minority

pupils or school quality on turnover would be substantially stronger if turnover was only driven

by teachers’ preferences.

The two channels that we identify are both relevant for the policy maker. Knowing teachers’

preferences is important for welfare analysis, and to study workers’ decisions to enter or leave the

21See Newey (2009) for more details.
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teacher labor market. Constraints on job opportunities are also worth investigating as they may

be influenced by specific policies aimed at changing the allocation of teachers across schools.

In order to assess the effect of a given policy using our framework, one needs to put more

economic structure on the correlations between current and outside job characteristics that

we have estimated in this paper. One source for these correlations could arise from inter-firm

competition, as in Postel-Vinay and Robin (2002). Another reason could be that, through directed

search, unobserved heterogeneity drives a worker’s preferences as well as her search for outside

jobs. On the other side of the market, it could be that employers use the applicant’s former job

characteristics as a signal of their preferences or of their ability. The recent paper by Boyd et al.

(2010) offers a first insight into these issues. It would be interesting to embed our approach

into an equilibrium model of the labor market to study how the job offer distribution, which we

considered to be exogenous, could result from the interactions of worker and firm preferences.

Another possible extension is to better account for teacher heterogeneity. Allowing for

heterogeneity in teacher quality is particularly relevant when studying sorting patterns in the

market (Rivkin et al., 2005). Extending our framework to allow for these additional features

and applying it to matched teacher-class-school data, or more generally matched worker-firm-

productivity data, is an interesting avenue for future work.
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A Proof of Theorem 1

In addition to Assumptions 1 and 2 we need the following technical assumptions.

Assumption A1. i) f (A∗|A,X)> 0 almost surely. ii) Pr(Q = 1|A∗, A, X , Z)> 0 almost surely. iii) For

some z1 and z2 in the support of Z:

∂

∂a j

(
Pr(Q = 1|A∗, A j = a j, A− j, X , Z = z2)

Pr(Q = 1|A∗, A j = a j, A− j, X , Z = z1)

)
6= 0 a.s., for all j.

Assumption A1i) rules out situations where the support of amenity offers depends on current amenities

and worker characteristics. A1ii) states that for any values of the vector (A∗, A, X , Z) workers have a

strictly positive probability of changing job. This assumption has a technical purpose, as our identification

proof relies on ratios of job change probabilities to exploit the variation in the excluded variable. Lastly,
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A1iii) is a technical assumption that states that the ratio of job change probabilities for two values of the

cost shifter is a non-trivial function of amenities of the current job. As the proof below shows, this ratio

can be recovered from the data, so A1iii) is testable.

Proof. Let us start by defining:

B(A∗, A, X , Z) = Pr(Q = 1|A, X , Z) f (A∗|A, X , Z, Q = 1) ,

where f is a generic notation for a distribution function. Note that B(A∗, A, X , Z) is readily available from

the data. Using Bayes’ rule we have:

B(A∗, A, X , Z) = Pr(Q = 1|A∗, A, X , Z) f (A∗|A, X , Z)

= Pr(Q = 1|A∗, A, X , Z) f (A∗|A, X) ,

where we have used Assumption 1. Using Assumptions A1i) and A1ii) we obtain, for z1 and z2 in the

support of Z:

B(A∗, A, X , z2)

B(A∗, A, X , z1)
=

Pr(Q = 1|A∗, A, X , Z = z2)

Pr(Q = 1|A∗, A, X , Z = z1)
,

where the offer distribution has been “differenced out”. Lastly, using (1) we also have:

Pr(Q = 1|A∗, A, X , Z) = Pr
(

c(X , Z)<V (A∗, X)−V (A, X) | A∗, A, X , Z
)

= Pr
(

c(X , Z)<V (A∗, X)−V (A, X) | A∗, X , Z
)

by Assumption 2, which depends on A only through V (A, X). Taking (z1, z2) as in Assumptions A1iii)

thus implies that, almost surely:

MWP jk(a, x) =
∂V (a, x)/∂a j

∂V (a, x)/∂ak

=

∂

∂a j

(
Pr(Q=1|A∗,A=a,X=x,Z=z2)
Pr(Q=1|A∗,A=a,X=x,Z=z1)

)
∂

∂ak

(
Pr(Q=1|A∗,A=a,X=x,Z=z2)
Pr(Q=1|A∗,A=a,X=x,Z=z1)

) =

∂

∂a j

(
B(A∗,a,x,z2)
B(A∗,a,x,z1)

)
∂

∂ak

(
B(A∗,a,x,z2)
B(A∗,a,x,z1)

) ,
so MWP jk(a,x) is non-parametrically identified for all j 6= k.
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B Additional results

Table B1. Estimated reduced form turnover equation (4)

Amenities:
Disadv. minority pupils 0.247*** (0.054)
Disadv. Dutch pupils 0.109 (0.066)
Pupil-teacher ratio 0.007** (0.003)
Teacher hours -0.169*** (0.028)
Population density 0.012 (0.009)
Public school 0.021 (0.016)
School quality -0.434** (0.213)
Age teachers -0.007*** (0.002)
Female teachers -0.130 (0.091)
Support staff 0.337*** (0.061)
Individual characteristics:
Age 21 0.111* (0.060)
Age 22 0.052 (0.046)
Age 23 -0.013 (0.039)
Age 24 -0.043 (0.038)
Age 25 0.005 (0.036)
Age 20-29 0.620*** (0.038)
Age 30-39 0.497*** (0.027)
Age 40-49 0.270*** (0.023)
ln(wage) 0.026 (0.109)
On maternity leave -0.674*** (0.054)
Tenure (rank in school) 0.060** (0.025)
Temporary contract 0.897*** (0.023)
School rank at municipality level 0.010 (0.051)
School rank at district level 0.057 (0.100)
Local labor market controls:
Sum Zbud at municipality level 0.063* (0.036)
Sum Zbud at district level 0.022 (0.020)
Region = North -0.045 (0.071)
Region = South -0.065* (0.038)
Region = East -0.075*** (0.024)
UI rate (Province) -0.060* (0.032)
Vacancy rate (Province) 3.453 (2.216)
Unemp. rate (Region) 0.019 (0.037)
∆ Unemp. rate (Region) -0.104 (0.064)
Exclusion restrictions:
Zbud -0.003*** (0.000)
Zpl -0.043*** (0.014)
Intercept -2.068** (0.880)
Note: */**/*** statistically significant at the 10/5/1 percent level.
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