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Abstract
This paper examines the determinants of the choice of the major when the

length of post-secondary studies and subsequent labor market earnings are
uncertain. For that purpose, we use French data coming from the 1998 Gen-
eration survey collected by CEREQ (Centre d’Etudes et de Recherches sur
les Qualifications, France). Our econometric approach is based on a struc-
tural dynamic programming model of schooling and employment choices.
Once graduated from high school, individuals are supposed to compute the
optimal value function corresponding to each major and then to choose the
major associated with the highest value function. Relying on a two-component
mixture distribution, we account for correlation between the unobserved
individual-specific preferences that affect the values of each post secondary
field of study, the unobserved individual-specific factors that affect the proba-
bilities to reach the different educational levels and those that affect the labor
market earnings equation. Following Arcidiacono and Jones (2003), we rely
on the EM algorithm with a sequential maximization step to produce con-
sistent parameter estimates. Simulating for each given field of study a 10
percent increase in the expected earnings results in a statistically significant
but quantitatively small impact on the allocation between fields. We also
show that the overall finding is robust to an alternative semi-structural spec-
ification of the schooling decision process, which yields significant but even
smaller effects.

∗We would like to thank Nicolas Chopin, Xavier d’Haultfoeuille, Guy Laroque, Robert Miller,
Gerard J. van den Berg, participants in seminars at CREST-INSEE (Paris, January 2008) and at
Université du Mans (January 2008), at the CEPR-EEEPE conference (Madrid, October 2007) and
at the IZA Workshop on “Heterogeneity in Micro Econometric Models” (Bonn, June 2007) for very
helpful discussions and comments.

†DEPP, CREST-INSEE, Paris, and IZA, Bonn. E-mail: magali.beffy@education.gouv.fr
‡CNRS, CREST-INSEE, Paris, CEPR, London, and IZA, Bonn. E-mail: fougere@ensae.fr
§CREST-ENSAE and PSE, Paris. E-mail: maurel@ensae.fr

1



JEL Classification: J24, C35, D84

1 Introduction

Over recent years, the French higher education system has been the object of
much debate and sharp criticism. In a report for the French Conseil d’Analyse
Economique, Aghion and Cohen (2004) emphasize the main difficulties that the
French post-secondary education system, and especially the French university, has
to cope with. Pointing out, among others things, the high dropout rate in French
universities, they argue that the French post-secondary education system needs ur-
gently to be reformed. In this context, it seems crucial to understand students’
educational choices.

In this paper, we focus on the effect of expected labor market income on in-
dividual post-secondary major choices. In particular, we assess the sensitivity of
students’ major choices to expected earnings by estimating both a dynamic struc-
tural model and a semi-structural model of post-secondary educational choices.
More precisely, we try to disentangle the simultaneous effects of preferences, abil-
ities and expected returns on the choice of major. In the existing applied literature,
several papers explicitly consider the impact of expected labor market earnings on
schooling and career choices. A first set of papers study these issues by using a
rational expectations framework. For instance, Willis and Rosen (1979) allow the
demand for college education to depend on expected future earnings. Assuming
that students form rational (i.e. unbiased) expectations, these authors show that the
expected flow of post-education earnings are strong determinants of college atten-
dance. Berger (1988) also focuses on the impact of expected earnings on the indi-
vidual demand for post-secondary education: his results show that, when choosing
college majors, students are more influenced by the (rationally) expected flow of
future earnings than by their expected initial earnings.1 Then, following Keane and
Wolpin (1997), several econometricians have estimated structural dynamic models
of schooling decisions (Cameron and Heckman, 1998, 2001; Eckstein and Wolpin
1999; Belzil and Hansen, 2002; Keane and Wolpin, 2001). Their papers assume
that students form rational earnings expectations conditional on schooling deci-
sions, and that the expected earnings affect in turn schooling choices. More re-
cently, Arcidiacono (2004, 2005) has considered sequential models of college at-
tendance in which the value of each major depends on the corresponding expected

1Several articles have shown that there exists some large differences in earnings across majors in
the U.S. (see, for instance, James et al., 1989; Loury and Garman, 1995; Brewer, Eide and Ehren-
berg, 1999). However, none of these papers model the choice of the major itself as a function of
expected earnings. Altonji (1993) estimates a sequential model in which schooling decisions depend
on expected returns to education, but he does not explicitly consider the choice of major.
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flow of earnings. Our model is close to Arcidiacono’s models. Nevertheless, un-
like Arcidiacono, we assume that students face an uncertain length of studies when
choosing their post-secondary major. As we will see further, including uncertainty
in terms of level of education seems to be necessary to correctly account for ob-
served educational paths.

A second set of papers examines the validity of the rational expectations as-
sumption in the context of educational choices. More precisely, these papers con-
sider the specification and the estimation of schooling decision models in which the
rational expectations assumption is relaxed. For instance, Buchinsky and Leslie
(2000) use a dynamic schooling decision framework in which they compare the
predictions of models assuming different forecasting behaviors (myopic, rational
or adaptative); their results show that assuming adaptative (i.e. Bayesian) earnings
expectations leads to more realistic predictions in terms of the impact on educa-
tional attainment of the changes in the wage structure observed from 1980 to 1994
in the U.S. Previously, Freeman (1971, 1975) and Manski (1993) have proposed
models assuming that individuals have myopic expectations relatively to their po-
tential labor market earnings. Within such a framework, students are assumed to
form their wage expectations by observing the earnings of comparable individuals
who are currently working. According to Manski’s terminology, such expecta-
tions are computed “in the manner of practicing econometricians”. More recently,
Boudarbat and Montmarquette (2007) examine the effect of expected earnings on
the choice of the field of studies in Canada; for that purpose, they estimate a mixed
multinomial logit model applied to the choice of major, using a sample of Cana-
dian university graduates. These authors also relax the assumption of rational ex-
pectations; following a suggestion by Manski (1993), the predicted earnings are
computed from the wages of young individuals who have the same education level
and who are currently working.

Unlike the previous papers, our approach concentrates on the effects of ex-
pected earnings on the choice of the field, in a framework in which the length of
post-secondary studies is uncertain to the individual. Noteworthy, stylized facts
seem to be consistent with such a framework.2 It is also the first microecono-
metric study devoted to these issues in France. Our study has at least two main
limitations. First, in the absence of appropriate information allowing identifica-
tion of risk-aversion coefficients, we do not consider individual attitudes towards
risk.3 We also ignore the possibility for the student to switch major during his/her

2Indeed, descriptive statistics from the Panel 1989 database (DEPP, French Ministry of Educa-
tion) show that most students complete a final level of education which is different from the level
they aimed at when entering college (see Appendix A, Table 15).

3Among recent studies addressing this issue, the reader can consult papers by Belzil and Hansen
(2004), Saks and Shore (2005), Brodaty, Gary-Bobo and Prieto (2006).

3



post-secondary studies. Such a switch is potentially an endogenous event whose
treatment would make the model much more complicated, and stylized facts show
that this is a sensible assumption, given the broad majors we consider in the paper
(see Table 14 in Appendix A).

The remainder of the paper is organized as follows. Section 2 describes the
structural dynamic model of educational choices. The econometric counterpart
of this model and the likelihood function are discussed in Section 3. Section 4
presents an alternative semi-structural model of post-secondary schooling choices.
Section 5 describes the data and presents some preliminary statistics, while Section
6 contains the estimation and simulation results.

2 A structural dynamic model

In this section, we present a structural dynamic model of post-secondary educa-
tional choices. After graduating from high-school, individuals are assumed to
choose their field of study in which they will complete a certain level of educa-
tion. Note that we restrict our analysis to individuals who attend university. 4 Once
they leave the post-secondary education system, they are supposed to enter the
labor market which is supposed to be an absorbing state.

The structural approach requires that we explicitly specify the post-secondary
education path in terms of successive decisions: the individual goes on studying
at the end of the year considered or leaves the post-secondary education system to
enter the labor market.

Thus we consider the following sequence of individual decisions:

• Stage 1: When entering college, each student chooses his/her post-secondary
major j∗ among a set of M majors. For each j ∈ {1, . . . ,M}, we denote
by d1

j a dummy variable which is equal to one if major j is chosen, zero
otherwise.

• Stage 2: At the end of each completed level of education k ∈ {1, . . . ,K −
1}, he/she decides either to keep on studying in the field chosen in stage 1
(dk+1 = 1) or to enter the labor market (dk+1 = 0).

Let us consider a post-secondary student maximizing his/her expected dis-
counted lifetime utility. Lifetime utility is assumed to be time separable and the

4The argument justifying our choice to focus on individuals attending university is detailed in the
section devoted to the data.
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per-period utility of choosing option d, school or work, Ud
t , depends on the choice

made by the individual at time t. In the following, we will denote by β the discount
factor.

Following Heckman and Singer (1984), we assume that there are R types of
individuals, with Πr denoting the proportion of type r in the population of stu-
dents.5 Individuals are supposed to know their type. Within this framework, unob-
served heterogeneity (i.e. unobserved preferences and abilities for each major and
each level of education, and unobserved labor market productivity) is type-specific.
From now on we will consider a type-r individual and for the sake of simplicity
the subscript r will be omitted.

The utility associated to schooling in the post-secondary field j at the level k is
assumed to be given by:

U s
j,k = αs,j,k + Xsβs,j + εs,j,k (1)

It depends on a type-specific intercept αs,j,k, which captures unobserved prefer-
ences as well as abilities for major j and level of study k, and on a random term
εs,j,k independent of αs,j,k. Xs is a set of observable individual covariates that
affect the attractiveness of studying in field j (e.g. gender, place of birth, parents’
nationality and profession, past educational history of the student, including the
cumulated delay when entering secondary school or when graduating from high
school). βs,j is a parameter vector associated with Xs and specific to field j.

Having obtained the educational level (degree) k in major j∗, the student may
enter the labor market. We assume that the labor market is an absorbing state:
individuals do not resume studies after entering the labor force. In order to take
both employment and nonemployment spells into account in the utility associated
to work, we refer to average earnings as wages weighted by employment spell
durations. Hence, the average monthly log-earnings in a Tobs years long labor
market history for a worker with education (j, k), is given by :

lnwjk =
∑Ne

s=1 ln(ws,jk)les
Tobs

(2)

with

Tobs =
Ne∑
s=1

les +
Nu∑
s=1

lus

5Econometric models of schooling decisions estimated by Keane and Wolpin (1997, 2001), Eck-
stein and Wolpin (1999), Cameron and Heckman (1998, 2001), and Arcidiacono (2004, 2005) rely
on a similar assumption.
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where Ne (respectively, Nu) is the number of observed employment (nonemploy-
ment) spells in the individual labor market history, ws,jk is the monthly wage in the
s-th employment spell, les (respectively, lus ) are durations of the s-th employment
(respectively, nonemployment) spell, and Tobs is the total length of the observed
labor market history of the individual.6Denoting by Uw

j,k the utility of being in
the work force given that k years of schooling have been completed in the post-
secondary field j, we set:

Uw
j,k = lnw

r
jk = αw + Xw,j,kβw + εw (3)

Thereafter, we focus only on this aggregate notion of labor market earnings,
without modeling separately wages and individual probabilities of employment
(and nonemployment). This could be consistent with the students’ behavior when
they take their post-secondary schooling decisions: most individuals anticipate fu-
ture labor market conditions as a whole, without separately taking into account the
effects of their educational choices on wages and on employment probabilities.

Labor market earnings depend on the post-secondary educational field and
level, namely on the pair (j∗, k∗j ). Note that our framework accounts for the earn-
ings gaps, not only between schooling levels (within a given field of study), but
also between fields of study (for a given educational level, or degree). Earnings are
also supposed to be a function of exogenous and predetermined individual charac-
teristics. Xw,j,k is a vector of observed characteristics that may affect labor market
earnings, including post-secondary education, αw represents the type-specific in-
tercept, and εw denotes an independent random factor that affects the individual’s
earnings.

Let us now write the value functions associated with each schooling decision.

• The value of choosing major j is given by (Bellman,1957):

V s
j = V s

j,1 = U s
j,1 + βEmax

(
V w

j,1, V
s
j,2 | Xs, Xw

)
With

V w
j,1 = Uw

j,1

• The value of studying one more year to reach the level of education k = 2 is
given by:

V s
j,2 = U s

j,2 + βEmax
(
V w

j,2, V
s
j,3 | Xs, Xw

)
6As there is no information in the data about the level of unemployment benefits received during

the unemployment spells, we assume that this amount is equal to one.
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With

V w
j,2 = Uw

j,2

• The value of studying one more year to reach a level of education k, k ∈
{3, ...,K − 1},once level k − 1 has been reached, is given by:

V s
j,k = U s

j,k + βEmax
(
V w

j,k, V
s
j,k+1 | Xs, Xw, d2 = 1, ..., dk−1 = 1

)
With

V w
j,k = Uw

j,k

• Finally, the value of studying one more year to reach the last level of studying
K, once K − 1 has been reached, is given by:

V s
j,K = U s

j,K + βEmax
(
V w

j,K | Xs, Xw, d2 = 1, ..., dK−1 = 1
)

With

V w
j,K = Uw

j,K

3 Econometric specification

Let us recall that the type-specific intercepts are mass points of a discrete distribu-
tion with probabilities (Π1, ...,ΠR) verifying

∑R
r=1 Πr = 1, and that the residuals

of the equations are stochastically independent of these type-specific intercepts.

3.1 The econometric model

3.2 Stochastic assumptions

Residuals are supposed to be normally distributed. We assume that the random vec-
tor (εs,1,1, . . . , εs,M,1) affecting the choice of the major, and the residuals (εs,j,k)k>1

and εware independently distributed.7 Consequently, the whole vector of residuals8

7Correlated unobserved heterogeneity across equations is captured by type-specific random in-
tercepts (αr

s,j,k)j=1,...,M ;k=1,...,K and αr
w.

8Only differences in utility levels matter in random utility models.
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is assumed to be distributed as:

εs,1,2

...
εs,1,K

εs,2,2

...
εs,M,K

εs,2,1 − εs,1,1

εs,3,1 − εs,1,1

...
εs,M,1 − εs,1,1

εw



∼ N (0,Σ)

where Σ is the (MK) × (MK) covariance matrix of the model residuals.The
particular order of the residuals in this vector enables us both to use Cholesky
decomposition and to verify our constraints. Thus, if Γ denotes the Cholesky factor
for the covariance matrix Σ, we have:

Σ = Γ.Γ′ (4)

where

Γ =


IM(K−1) 0 0 ... ... 0
01,M(K−1) 1 0 0 ... 0
01,M(K−1) α11 exp(d1) 0 ... 0

... ... ... ... ... ....

01,M(K−1) 0 ... ... 0 exp(dM−1)

 (5)

Note that we impose the positivity of the diagonal terms of matrix Γ. Hence, the
Cholesky decomposition of Σ is unique. IM(K−1) denotes the identity matrix with
M(K − 1) rows and columns, 01,M(K−1) denotes a row of M(K − 1) zeros.

3.3 The likelihood function

Under our stochastic assumptions, the contribution to the likelihood function of an
individual of type r who chooses the field j∗, who reaches the educational level
k∗ ∈ {2, . . . ,K − 1}, and who gets the average labor market log-earnings lnw

r
jk

is:
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Pr (∀j 6= j∗, Vs,j∗ > Vs,j)× Pr (d2 = 1, ..., dk∗ = 1, dk∗+1 = 0)× f (Vw,j∗,k∗)

= Pr (∀j 6= j∗, Vs,j∗ > Vs,j)×
k∗−1∏
k=1

Pr (Vs,j∗,k+1 > Vw,j∗,k)

×Pr (Vs,j∗,k∗+1 < Vw,j∗,k∗)× f (Vw,j∗,k∗)

For an individual entering the labor market after reaching only the educational level
k∗ = 1, the contribution to the likelihood is expressed as:

Pr (∀j 6= j∗, Vs,j∗ > Vs,j)× Pr (Vs,j∗,2 < Vw,j∗,1)× f (Vw,j∗,1)

Finally, for an individual reaching the last level of education k∗ = K, the contri-
bution to the likelihood is expressed as:

Pr (∀j 6= j∗, Vs,j∗ > Vs,j)×
K−1∏
k=1

Pr (Vs,j∗,k+1 > Vw,j∗,k)× f (Vw,j∗,K)

where

Pr (∀j 6= j∗, Vs,j∗ > Vs,j)
= Pr [∀j 6= j∗, εs,j∗,1 − εs,j,1 > αs,j,1 − αs,j∗,1 + Xs (βs,j − βs,j∗)

+β (Emax (Vw,j,1, Vs,j,2)− Emax (Vw,j∗,1, Vs,j∗,2))] ,

Pr (Vs,j,k > Vw,j,k−1)

= Pr [εw − εs,j,k < αs,j,k + Xsβs,j + βEmax (Vw,j,k, Vs,j,k+1)− (αw + Xw,j,k−1βw)]

= Φ(
αs,j + Xsβs,j + βEmax (Vw,j,k, Vs,j,k+1)− (αw + Xw,j,k−1βw)√

σ2
w + σ2

s,j,k

),

and

f (Vw,j,k) =
1

σw
ϕ(

Vw,j,k − αw −Xw,j,kβw

σw
)
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ϕ and Φ being respectively the density and cumulative density functions of the
standard normal distribution N (0, 1). Finally, for estimating the probability:

Pr (∀j 6= j∗, Vs,j∗ > Vs,j) ,

we use a method proposed by Train (2003).9

Note that the first stage of the econometric model corresponds to the estimation
of a multinomial probit model (MNP). Within the MNP framework, the choice
probabilities Pr(j|r) do not have a closed-form expression.10 As it is detailed in
the section devoted to data, estimations are based on J = 3 aggregated majors.
Thus, in stage 1, each choice probability is expressed as a double integral which
can be evaluated using usual integration procedures (such as quadrature methods),
without the need to rely on GHK probit simulator.

Unconditional on the type, the contribution to the likelihood function of a stu-
dent who chooses the field j∗, who reaches the educational level k∗ and who gets
the average labor market log-earnings lnwj∗,k∗ follows a finite mixture distribu-
tion:

l(j∗, k∗, lnwj∗,k) =
R∑

r=1

Πrl(j∗, k∗, lnw
r
j∗,k∗ |r) (6)

where l(j∗, k∗, lnw
r
j∗,k∗ |r) denotes the individual contribution to the likelihood

given the type r.

3.4 Estimation

In order to explain our estimation strategy, let us introduce some further notations:
θS denotes the schooling choices parameters, both in terms of major and level of
education, and θW those of the wage equation. These vectors do not include type-
specific intercepts.

As it is usual for a finite mixture of gaussian distributions, we rely on the
Expectation-Maximization (EM) algorithm (Dempster, Laird and Rubin, 1977) to

9This method basically consists in completing the Cholesky matrix Γ by adding columns and
rows of zeros:

Γc =



IM(K−1) 0 0 0 ... ... 0

01,M(K−1) 0 0 0 ... ... 0

01,M(K−1) 0 1 0 0 ... 0
01,M(K−1) 0 α32 exp(d1) 0 ... 0

... ... ... ... ... ....
01,M(K−1) 0 0 ... ... 0 exp(dJ−1)


10Each choice probability is a J − 1 dimensional integral which must be evaluated numerically.
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estimate our model. This algorithm works by iterating the two following steps until
the stability of the log-likelihood function is reached.

At each iteration n of this algorithm, we use the values
(
θ
(n)
S , θ

(n)
W

)
of the

parameter vector, the values (π(n)
r )r=1...R of the mixture distribution and the set

of values Ω(n)
r =

(
α

r,(n)
s,j,k , α

r,(n)
w

)
(r)

of the type-specific intercepts, which are all

obtained from the previous iteration of the algorithm. More precisely, the two steps
are the following:

B E-step

For each type r = 1, ..., R and for each individual i, the posterior probability
for the individual i to be of type r is:

Pr (Ti = r|j∗i , k∗i , wi, Xi) =
π

(n)
r Pr(j∗i , k∗i , wi|Ti = r, Xi)∑R

r=1 π
(n)
r Pr(j∗i , k∗i , wi|Ti = r, Xi)

where Ti is the random variable representing the individual type. In the
following, π

(n)
i,r denote these posterior probabilities. Then, we compute the

expected completed log-likelihood :

N∑
i=1

R∑
r=1

π
(n)
i,r ln l

(
j∗i , k∗i , wi|Ti = r, (Πr)r, (Ω(n)

r )r, θS , θW

)
(7)

B M-step

We maximize the expected completed log-likelihood function in terms of
((Πr)r,Ωr, θS , θW ).

This maximization can be done in two successive steps.

First we update π
(n)
k such as:

π(n+1)
r =

∑N
i=1 π

(n)
ir∑R

l=1

∑N
i=1 π

(n)
il

(8)

Then, due to the partial separability of the conditional completed log-likelihood
function (Arcidiacono and Jones, 2003), we get two sequential optimization
problems since the residuals associated with schooling choices are assumed
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to be independent from the residuals associated with earnings. Henceforth:

N∑
i=1

R∑
r=1

π
(n)
i,r ln l (fi, li, wi|Ti = r, (Πr)r, (Ωr)r, θS , θW )

=
N∑

i=1

R∑
r=1

π
(n)
i,r ln l (wi|Ti = r, (Πr)r, (αr

w)r, θW )

+
N∑

i=1

R∑
r=1

π
(n)
i,r ln l

(
fi, li|Ti = r, (Πr)r, (αr

w)r, (αr
s,j,k)r, θS , θW

)

It implies that first, we maximize the log-wage equation. Then, given the
estimates of this equation, we estimate the parameters of the post-secondary
schooling choices. Although this procedure does not yield Full Informa-
tion Maximum Likelihood estimates, Arcidiacono and Jones (2003) show
that this method produces consistent estimates of the parameters, with large
computational savings.

In order to get standard errors estimates, we rely on a parametric bootstrap
procedure, instead of a non parametric one, since this last method is unstable
when applied to the EM algorithm. The parametric bootstrap consists first
in obtaining reliable parameter estimates denoted θ̂. We get θ̂ by replicating
the previously described EM algorithm with different random initial values
for the parameters. The iteration process is necessary to ensure we obtain a
global maximum. Then, given X and θ̂, we draw H vectors of the endoge-
nous variables

(
jh
i , kh

i , wh
i

)
h=1...H

. For each newly generated data set, we
estimate θ∗h. Final parameters and standard errors estimates are calculated
as:

θ∗ =
1
H

H∑
h=1

θ∗h (9)

σθ∗ =
1

H − 1

H∑
h=1

(θ∗h − θ∗)2 (10)
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3.5 Identification

In order to ensure identification, we impose restrictions on the parameters11. Namely,
as the probit model is only identified up to a scaling parameter, we set :

∀j ∈ {1, . . . , J}, σs,j,2 = σs,j,3 = . . . = σs,j,5 = 1 (11)

We also impose the following restrictions on type-specific unobserved heterogene-
ity parameters:

αr=1
s,1,5 = 0 (12)

and finally:
∀r ∈ {1, . . . , R}, αr

s,1,1 = 0 (13)

In order to identify our model without relying on distributional assumptions,
we use some exclusion restrictions. The most crucial one concerns the introduction
into the wage equation of a dummy exogenous variable, which is assumed to affect
directly only the wage and not the two other outcomes. In our application, it is
chosen as an indicator of the residence in Paris (Region Ile de France)12.Besides,
the covariates indicating the father’s and mother’s professions (in 1998), the age
of the student in 6th and 12th grades, and the high-school major are included in
the list of regressors affecting the choice of the major and the determination of the
length of studies, but they are excluded from the earnings equation.

4 A semi-structural approach

Let us now consider an alternative semi-structural model of post-secondary educa-
tional choices relying on a somewhat less extreme form of rationality. It will then
be interesting to check the robustness of the results obtained with the structural
dynamic model to this alternative specification.

The main difference with the structural specification comes from the under-
lying process that determines the educational level. Unlike the preceding model,
this approach does not explicitly assume that the individual chooses when to leave
university by computing and comparing the expected value of entering the labor
market with the expected value of completing a supplementary year of schooling.
Instead, we suppose that the length of studies k∗j is generated by the following

11The need to impose those identifying constraints stems from the expression of the likelihood
function.

12Arcidiacono(2004) uses a similar type of exclusion. In order to identify the effects of expected
earnings on the choice of major, he incorporates average state earnings into the earnings equation.
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reduced-form latent model:

k∗j =



1 if k̃r
j ≤ s2

2 if s2 < k̃r
j ≤ s3

...
K if sK+1 < k̃r

j

where k̃j denotes the individual propensity to succeed in long post-secondary stud-
ies within major j, and {s2, . . . , sK+1} are latent (unknown) thresholds that cor-
respond to the minimum ability levels required to obtain the different degrees. The
latent propensity k̃r

j is assumed to depend linearly on observable covariates X2

(such as gender, nationality, parents’ profession, etc..). It also depends on a type-
specific intercept αr

2 and on an independent term v which is unknown ex ante by
the student when he /she decides to enter college. Thus the propensity k̃r

j is defined
as:

k̃r
j = αr

2 + X ′
2,jβ2 + v

where αr
2 and β2 are unknown parameters to be estimated. In this expression, X2,j

is a vector of exogenous regressors including individual characteristics but also
covariates that are specific to the major j. For instance, we assume that the average
proportion of college students in the same major and in the same university may
affect the length of studies.13

As for the choice of the major, for a student of type r, let us denote by V r
j

the value function associated with the choice of field j (j = 1, . . . ,M). This value
function is assumed to be composed of two additive elements, respectively denoted
by v0j and vr

1j . The first term vr
0j represents the intrinsic value (i.e. the consump-

tion value) of the major, while vr
1j may be considered as the investment value of

a post-secondary education in field j. It is a function of the sum of the expected
future average (monthly) labor market earnings which are associated with the K
educational levels that can be reached within field j, each of these expected values
being weighted by the probability Pr(k∗ = k | j∗ = j) to reach the k-th educa-
tional level within field j (j = 1, ...,M). Then, for a student of type r, the value
V r

j of major j can be written as :

V r
j = vr

0j + vr
1j , for j = 1, ...M

13This variable is calculated using information coming from the SISE database provided by the
French Ministry of Education.

14



where

vr
1j = α

∑
k∈{1,...,K}

Pr(k∗ = k | r, j∗ = j).E
(
V r

w,j,k | r, j∗ = j, k∗ = k
)

E
(
V r

w,j,k | r, j∗ = j, k∗ = k
)

denoting the expected earnings associated with edu-
cation (j, k), for a student of type r, and α being an unknown sensibility parameter
to be estimated. Note that Vw,j,k refers to the value of being in the work force given
that k years of schooling have been completed in the post-secondary field j and has
the same expression as in the structural dynamic model.

The subcomponent vr
0j can be interpreted as the non-pecuniary value of field

j for a student of type r. It may correspond to the “social gratification” brought
by studying in major j and to the individual’s taste for this major. We assume
that vr

0j is a linear function of a set of observable individual covariates that affect
the attractiveness of field j (e.g. gender, place of birth, parents’ nationality and
profession, past educational history of the student, including the cumulated delay
when entering secondary school or when graduating from high school). It is also
depending on a type-specific intercept αr

(1,j) and on a random term uj independent
of αr

(1,j). Consequently, vr
0j is specified as

vr
0j = αr

(1,j) + X ′
1β

j
1 + uj

where βj
1 is a parameter vector associated with X1 and specific to field j. The indi-

vidual chooses the education field j∗ that corresponds to the highest value function:

j∗ = arg max
j∈{1,...,M}

V r
j

Finally, the stochastic assumptions as well as the estimation strategy are similar
to those of the structural model. Residuals are supposed to be normally distributed,
and the random vector affecting the choice of the major, the residuals v and ε en-
tering the two other equations are supposed to be independently distributed.14We
finally also rely on the EM algorithm with a sequential maximization step to esti-
mate the model.

5 Data

The models presented above are estimated using French data coming from the
“Génération 98” survey collected by CEREQ (Centre d’Etudes et de Recherches

14Correlated unobserved heterogeneity across equations is captured by type-specific random in-
tercepts (αr

(1,j))j=1,...,M , αr
2, and αr

3.
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sur les Qualifications, Marseille).15 This survey consists of a large sample of
55,000 individuals who left the French educational system in 1998 and were in-
terviewed three years later, in 2001. In the original sample, education levels range
from the lowest to the highest, respectively referred to as “Level VI” and “Level
I” in the French qualification nomenclature. The main advantage of this database
for our approach lies in the fact that it includes information both on individuals’
educational trajectory and on their labor market histories (over the three first years
following the exit from the educational system). Furthermore, the survey provides
us with a set of individual covariates which are used as controls in our estima-
tion procedure, such as gender, place of birth, nationality, parents’ profession, and
residence when leaving the educational system.

Our subsample of interest is constituted of respondents having at least passed
the national high school final examination successfully:16 it is then restricted to
14,365 individuals. Furthermore, within this selected sample, we focused on the
4,213 individuals having attended university except medicine faculties and IUT
(“Institut Universitaires de Technologie”, which are two-years vocational colleges).
This sample selection was made in order to keep an homogeneous set of post-
secondary tracks, both in terms of selection and possible length of studies.

University studies are aggregated into three broad fields: “Sciences”, “Human-
ities and Social Sciences” (including art studies) and “Management, Economics
and Law”. We then consider five different educational levels (i.e. degrees) that
may be reached within each major. They are respectively denoted by “dropout”
(less than two years of college), “two years of college”, “BA degree” (“Licence”
in French), “MA degree” (“Maîtrise”) and “Graduate” (more than four years af-
ter High School). Tables 1 and 2 below provide basic descriptive statistics for the
selected subsample.

We cross our main variables of interest (post-secondary track, length of studies,
and labor marker wages) with several individual characteristics. We also study the
associations between the variables of interest which are endogenous variables in
the structural model exposed above. Tables 10 to 13 (reported in Appendix A)
provide a descriptive outlook for the determinants of universitary schooling choices
in France.

We first focus on the choice of the study field. Tables 10 and 11 show that this
choice is related with gender, age in 6th grade and age in 12th grade,17 parents’
nationality and profession.

Noteworthy, male students are more likely to attend majors in Sciences while
15These data have been previously used by Brodaty, Gary-Bobo and Prieto (2006), who estimate a

structural model of individual educational investments in presence of students’ attitudes toward risk.
16In France, this national exam is called “baccalauréat”.
17These variables can be seen as proxies for the individual schooling ability.
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female students are more likely to attend majors in Humanities and Social Sciences.
There is also a high statistical association between students’ age in 6th grade and
the chosen field: individuals who were above the “normal” age in 6th grade are less
likely to attend a major in Science, while they are more likely to attend a major in
Law, Economics and Management. The age in 12th grade is also, to a lower extent,
correlated with the choice of the major : individuals who are above 18 when getting
their Baccalaureat are less likely to attend a major in Sciences, while they are more
likely to study in Humanities and Social Sciences.

Parental characteristics also seem to play in important role on the choice of
the major. Noteworthy, students whose at least one parent is not French, are less
likely to study Sciences. Parents’ professions are also correlated with the choice of
the major: students whose father is a farmer are more likely to study in Sciences,
while they are less likely to study in Humanities and Social Sciences, or in Law,
Economics and Management. Also note that individuals whose father is a blue-
collar worker are more likely to attend a major in Human and Social Sciences, and
less likely to attend a major in Sciences.18 Table 10 also shows a strong correla-
tion between the chosen field and the length of studies. While students studying in
Sciences are more likely to complete high level studies (“Graduate” level), those
studying in Humanities and Social Sciences are much more likely to drop out dur-
ing the first two years of college.

Besides, all individual characteristics considered here are correlated with the
length of studies (see tables 12 and 13).Noteworthy, the individual age in 12th

grade is negatively correlated with the length of studies.
Finally, the higher the level, the larger the mean of log earnings (table 3 re-

ported below). There are significant differences in average earnings associated
with different majors. However, it is less pronounced than the difference between
long and short studies. We find that Sciences ranks first, followed by Law, Eco-
nomics and Management, and finally Humanities and Social Sciences. There is no
significant difference between these fields either in terms of the number of months
after the first job, or in terms of the contract of the first job (see Tables 16 and 17
reported in Appendix A). Unsurprisingly, the level of the degree individuals get
seems to have a crucial effect on earnings. And as expected, the mean log-earning
is greater in the Paris region, as well as for men (see Table 18 in Appendix A).

18Mother’s profession is associated with the field of study in a similar way.
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Table 1: Descriptive statistics: majors and levels of post-secondary schooling

Number Percent

Major
Sciences 1,093 25.94
Humanities and Social Sciences 1,719 40.80
Law, Economics and Management 1,401 33.25
Post-secondary education level
Dropout 1,359 32.26
Two years of college 479 11.37
Licence (BA degree) 693 16.45
Maîtrise (MA degree) 741 17.59
Post Maîtrise (Graduates) 941 22.34
Baccalaureat
General 3,421 81.28
Technological 655 15.56
Vocational 133 3.16
Secondary schooling track
L 1,013 24.89
ES 963 23.66
S 1,439 35.36
ST, SMS 655 16.09

Source: Génération 1998 (CEREQ, Marseille)

18



Table 2: Descriptive statistics: covariates

Number Percent

Gender
Male 1,746 41.44
Female 2,467 58.56
Born abroad
No 4,123 97.86
Yes 90 2.14
Age in 6th grade
≤ 10 402 9.54
11 3,542 84.07
≥ 12 269 6.38
Age in 12th grade
≤ 17 537 12.75
18 2,011 47.73
19 1,078 25.59
≥ 20 587 13.93
Parents’ nationality
Mother or father is not french 338 8.02
Both parents are french 3,875 91.98
Father’s profession (in 1998)
Farmer 157 4.13
Tradesman 457 12.02
Executive 1,153 30.33
Technician 435 11.44
White-collar 926 24.36
Blue-collar 674 17.73
Mother’s profession (in 1998)
Farmer 84 2.11
Tradesman 178 4.47
Executive 738 18.54
Technician 233 5.85
White-collar 2,012 50.54
Blue-collar 268 6.73
Housewife 468 11.76

Source: Génération 1998 (CEREQ, Marseille)
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Table 3: Average log-earnings according to the length and the field of studies

Field Length Average monthly log-earnings

Dropout 5.97
Two years of college 6.18
Licence (BA degree) 6.27
Maitrise (MA degree) 6.36
Post Maitrise (Graduates) 6.75

Sciences 6.54
Humanities and Social Sciences 6.08
Law, Economics and Management 6.34
Sciences Dropout 6.16

Two years of college 6.39
Licence (BA degree) 6.43
Maitrise (MA degree) 6.52
Post Maitrise (Graduates) 6.85

Humanities and Social Sciences Dropout 5.91
Two years of college 6.04
Licence (BA degree) 6.20
Maitrise (MA degree) 6.10
Post Maitrise (Graduates) 6.41

Law, Economics and Management Dropout 5.94
Two years of college 6.22
Licence (BA degree) 6.29
Maitrise (MA degree) 6.44
Post Maitrise (Graduates) 6.84

Total 6.29

Source: Génération 1998 (CEREQ, Marseille)

6 Results

Tables 19 to 24 (reported in Appendix B.1) give the parameter estimates of the
structural dynamic model. The estimates of the semi-structural model are reported
in Tables 25 to 30 (Appendix B.2).
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6.1 Structural dynamic model

Tables 19 to 21 report the parameter estimates associated with the individual co-
variates (Xs) affecting the propensity to pursue studies within each major19. Stu-
dents whose father is a farmer, tradesman or a technician have a higher propen-
sity to pursue studies within sciences majors. Besides, students whose father is a
technician have a higher propensity to pursue studies within humanities and social
sciences majors. Having a technician or blue-collar father is positively related to
the probability of pursuing studies within law, economics and management ma-
jors. Similar overall effects are found for mother’s profession. The gender of the
student has no statistically significant effect on the probability to pursue studies
within each of the three majors. Students whose both parents are French have a
higher propensity to pursue studies in each major. Students who obtained a Bac-
calauréat (i.e. the terminal high-school diploma in France) from a vocational or
a technological track as well as in humanities have a higher propensity to pursue
studies within sciences major. Those who obtained a Baccalauréat in humanities
also have a higher propensity to pursue studies within humanities and social sci-
ences major. Students who were older than expected (i.e. 12 years old or above)
at the entry into junior high-school (sixth grade) have a lower propensity to pursue
studies within sciences as well as law, economics and management majors. Those
who were younger than expected when graduating from high school (i.e. 17 years
old or below) have a higher probability of pursuing studies within sciences and
humanities and social sciences majors.

Table 22 gives the parameter estimates of the (log-)earnings equation. On aver-
age, earnings are lower for females and they are higher in the region Ile-de-France
(including Paris). Mean (log-)earnings increase with the length of studies in post-
secondary education20.

Tables 23 and 24 report the parameter estimates of the distribution of unob-
served individual heterogeneity terms21. The first group of individuals represents
90,5 percent of the population of students, while the second group represents only
9,5 percent of the population. Comparing with the first group, individuals in the
second group are characterized by a lower type-specific preference α2,1 for studies

19Note that it stems from the specification of the structural model that the covariates Xs affect both
the choice of the major and the sequential decisions to pursue studies or to enter the labor market.
Interpreting these estimates is therefore not straightforward.

20Nevertheless this increase is not significant. Estimating the earnings equation without the inter-
actions between female gender and level as well as between Ile-de-France and level would probably
provide more significant parameter estimates.

21Two types of heterogeneity are considered in this version. We are currently working on the
estimation of the structural model with more types which will be more satisfying to control for
unobserved heterogeneity.
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in humanities and social sciences, and a higher preference α3,1 for studies in law,
economics and management. Noteworthy, they are also characterized by a lower
type-specific earnings intercept αw. Finally, they also have a lower propensity
to pursue MA level studies within sciences majors, graduate level studies within
law,economics and management majors and a higher propensity to pursue gradu-
ate level studies when studying sciences.

The model fit is rather good. Table 4 shows nevertheless that the model over-
estimates the proportion of students in humanities and social sciences.

To get a more precise view of the effect of expected wages on the choice of the
post-secondary major, we run simulation exercises that consider a 10% increase
or decrease in the expected earnings associated with a given major (tables 4 to 6
below).22

In general, the impacts are quantitatively rather small and statistically signifi-
cant. The lowest impacts concern the majors in law, economics and management.
A 10% increase in the expected earnings associated with majors in sciences leads
to an increase of 2.4 percentage points in the proportion of students in this major.
This increase is mainly compensated by a decrease of 2.1 percentage points in the
proportion of students in humanities and social sciences (see Table 4).A 10% de-
crease in the expected earnings associated with majors in sciences results in almost
symmetric, although very slightly higher, variations in allocations across majors.

Impacts resulting from a 10% increase or decrease in the expected earnings
associated with majors in humanities and social sciences are slightly higher (see
Table 5). For instance, a 10% increase in the expected earnings associated with a
post-secondary in these majors results in an increase of 2.8 percentage points in the
proportion of students in these majors, this increase being mainly compensated by
a decrease of about 2 percentage points in the proportion of students in sciences.
Once again, a 10% decrease in expected earnings has slightly higher impacts on
allocations.

A variation in the level of expected earnings associated with a post-secondary
education in law, economics and management has quantitatively lower impacts.
For instance, a 10% increase in the expected earnings associated with a post-
secondary education in these majors results in an increase of 1.1 percentage points
in the proportion of students in these majors, this increase being compensated by
a decrease of 0.30 percentage points in the proportion of students in sciences, and
by a decrease of 0.79 percentage points in the proportion of students in humanities
and social sciences (see Table 6).

22Simulating both types of variation enables us to see whether the impacts on allocations across
majors are symmetric or not.
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6.2 Semi-structural model

Let us now turn to the estimations of the semi-structural model. Under this alter-
native specification, we find even smaller but still significant effects of expected
earnings on the allocation between majors. Hence, the main finding of a signifi-
cant but quantitatively small impact of expected earnings on post-secondary major
choices is robust to this alternative semi-structural specification.

Tables 25 and 26 report the parameter estimates of the equations generating
the major choice. Students whose father is a farmer or a tradesman choose less
frequently majors in humanities and social sciences. Those whose father is a tech-
nician or a white-collar worker choose more frequently majors in law, economics
and management, while students whose father is blue-collar worker choose less
frequently this major. Noteworthy, students whose mother is blue-collar worker
choose more frequently majors in law, economics and management. Other profes-
sions of the parents have generally no effect on the major choice. The place of
birth of the student and the nationality of his/her parents, as well as his/her gen-
der, have no statistically significant effect on this choice. Students who obtained
a Baccalauréat (i.e. the terminal high-school diploma in France) in sciences are
less likely to choose a post-secondary major in law, economics and management.
Students who were older than expected (i.e. 12 years old or above) at the entry into
junior high-school (sixth grade) choose less frequently a post-secondary major in
law, economics and management. Those who were younger than expected when
graduating from high school (i.e. 17 years old or below) choose less frequently
a major in humanities and social sciences, while those who were on time when
graduating from high school (i.e. 18 years old) choose less frequently a major in
law, economics and management. Finally, the expected wage returns in a given
post-secondary major has a statistically significant but rather small effect on the
choice of the major (see the value for the estimate of parameter α in Table 29).

Most covariates have a significant impact on the length of post-secondary stud-
ies (see Table 27). For instance, students whose parents are white-collar or blue-
collar workers leave more rapidly (i.e. at a lower level) the post-secondary edu-
cational system. Students whose both parents are French reach generally a higher
level of post-secondary education. Students who were older than expected (19
years old or above) when leaving high-school (i.e. in twelfth grade) are more
likely to drop earlier, while those who were younger than expected (i.e. 10 years
old or below) at the entry into junior high-school reach a higher level of education.
Those who obtained their Baccalauréat in sciences are also more likely to reach a
higher level of post-secondary education. When the proportion of college students
who are studying in the same major and in the same university increases, which
implies that the proportion of students preparing a BA or MA degree is lower in
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this major and in this university, the individual probability of reaching a high level
of education (B.A. and above) in this major is lower, other things being equal. This
may result from the selection implemented by the university administration after
the end of college (i.e. at the entry in the third year of post-secondary schooling in
the major), or from peers effects; this second interpretation is the one set forth by
Arcidiacono (2004, 2005). Finally, there is no gender difference in the length of
post-secondary studies.

Table 28 gives the parameter estimates of the (log-)earnings equation. On av-
erage, earnings are lower for females (especially before the BA degree) and they
are higher in the region Ile-de-France (including Paris). Note that the latter positive
effect is lower for those holding a BA degree. Mean (log-)earnings increase with
the length of studies in post-secondary education. However, this increase is lower
from the MA degree in the majors in humanities and social sciences.

Tables 29 and 30 report the parameter estimates of the distribution of unob-
served individual heterogeneity terms. The first group of individuals represents
approximately 59 percent of the population of students. Individuals in this group
are characterized by the lowest type-specific preference α(1.2) for studies in human-
ities and social sciences, and the highest type-specific propensity (or ability) α2 to
undertake long post-secondary studies. The second group represents 30 percent of
the population of students. Individuals in this group are characterized by the high-
est type-specific preference α(1.2) for studies in humanities and social sciences and
the lowest preference α(1.3) for studies in law, economics and management. They
also have the highest type-specific earnings intercept α3. The third group repre-
sents 11 percent of the population; it is characterized by the lowest type-specific
propensity (or ability) α2 to undertake long post-secondary studies as well as by
the lowest type-specific productivity term α3.

The model fit is very good. Table 7 shows that the model very slightly under-
estimates the proportion of students in sciences.

To get a more precise view of the effect of expected wages on the choice of the
post-secondary major, we run simulation exercises that consider a 10% increase
or decrease in the expected earnings associated with a given major (tables 7 to 9
below).23

In general, the impacts are quantitatively small even though they are statisti-
cally significant. The lowest impacts concern the majors in law, economics and
management. A 10% increase in the expected earnings associated with majors
in sciences leads to an increase of 0.4 percentage points in the proportion of stu-
dents in this major. This increase is mainly compensated by a decrease of 0.31

23Simulating both types of variation enables us to see whether the impacts on allocations across
majors are symmetric or not.
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percentage points in the proportion of students in humanities and social sciences
(see Table 7).A 10% decrease in the expected earnings associated with majors in
sciences results in almost symmetric variations in allocations across majors.

Impacts resulting from a 10% increase or decrease in the expected earnings
associated with majors in humanities and social sciences are slightly higher (see
Table 8). For instance, a 10% increase in the expected earnings associated with
a post-secondary in these majors results in an increase of 0.46 percentage points
in the proportion of students in these majors, this increase being mainly compen-
sated by a decrease of about 0.31 percentage points in the proportion of students in
sciences. Once again, a 10% decrease in expected earnings has almost symmetric
impacts on allocations.

A variation in the level of expected earnings associated with a post-secondary
education in law, economics and management has quantitatively lower impacts.
For instance, a 10% increase in the expected earnings associated with a post-
secondary education in these majors results in an increase of 0.24 percentage points
in the proportion of students in these majors, this increase being compensated by
a decrease of 0.09 percentage points in the proportion of students in sciences, and
by a decrease of 0.15 percentage points in the proportion of students in humanities
and social sciences (see Table 9).
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Table 4: Simulation of a 10% variation in expected earnings of the majors in sci-
ences (structural dynamic model)

Observed Predicted (pS − pP ) σ̂(pS−pP )

proportions proportions Standard error

Sciences
10% increase

Sample distribution
Sciences 25.94 22.88 2.392 0.047
Humanities and Social Sciences 40.80 47.04 -2.077 0.028
Law, Economics and Management 33.25 30.07 -0.315 0.024

10% decrease
Sample distribution
Sciences 25.94 22.88 -2.507 0.060
Humanities and Social Sciences 40.80 47.04 2.191 0.039
Law, Economics and Management 33.25 30.07 0.316 0.026

Source: Génération 1998 (CEREQ)

Remark: pS and pP denote the predicted proportions after and before the simulation, respectively.
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Table 5: Simulation of a 10% variation in expected earnings of the majors in hu-
manities and social sciences (structural dynamic model)

Observed Predicted (pS − pP ) σ̂(pS−pP )

proportion proportion Standard error

Humanities and Social Sciences
10% increase

Sample distribution
Sciences 25.94 22.88 -2.004 0.036
Humanities and Social Sciences 40.80 47.04 2.797 0.046
Law, Economics and Management 33.25 30.07 -0.793 0.038

10% decrease
Sample distribution
Sciences 25.94 22.88 2.280 0.031
Humanities and Social Sciences 40.80 47.04 -3.130 0.048
Law, Economics and Management 33.25 30.07 0.850 0.042

Source: Génération 1998 (CEREQ).

Remark: pS and pP denote the predicted proportions after and before the simulation, respectively.
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Table 6: Simulation of a 10% variation in expected earnings of majors in law,
economics and management (structural dynamic model)

Observed Predicted (pS − pP ) σ̂(pS−pP )

Probability Probability Standard error

Law, Economics and Management
10% increase

Sample distribution
Sciences 25.94 22.88 -0.303 0.024
Humanities and Social Sciences 40.80 47.04 -0.788 0.039
Law, Economics and Management 33.25 30.07 1.092 0.049

10% decrease
Sample distribution
Sciences 25.94 22.88 0.328 0.026
Humanities and Social Sciences 40.80 47.04 0.858 0.041
Law, Economics and Management 33.25 30.07 -1.186 0.051

Source: Génération 1998 (CEREQ).

Remark: pS and pP denote the predicted proportions after and before the simulation, respectively.
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Table 7: Simulation of a 10% variation in expected earnings of the majors in sci-
ences (semi-structural model)

Observed Predicted (pS − pP ) σ̂(pS−pP )

proportions proportions Standard error

Sciences
10% increase

Sample distribution
Sciences 25.94 25.82 0.404 0.016
Humanities and Social Sciences 40.80 40.67 -0.312 0.014
Law, Economics and Management 33.25 33.51 -0.091 0.005

10% decrease
Sample distribution
Sciences 25.94 25.82 -0.444 0.017
Humanities and Social Sciences 40.80 40.67 0.344 0.015
Law, Economics and Management 33.25 33.51 0.100 0.005

Source: Génération 1998 (CEREQ)

Remark: pS and pP denote the predicted proportions after and before the simulation, respectively.
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Table 8: Simulation of a 10% variation in expected earnings of the majors in hu-
manities and social sciences (semi-structural model)

Observed Predicted (pS − pP ) σ̂(pS−pP )

proportion proportion Standard error

Humanities and Social Sciences
10% increase

Sample distribution
Sciences 25.94 25.82 -0.312 0.014
Humanities and Social Sciences 40.80 40.67 0.461 0.018
Law, Economics and Management 33.25 33.51 -0.149 0.009

10% decrease
Sample distribution
Sciences 25.94 25.82 0.344 0.016
Humanities and Social Sciences 40.80 40.67 -0.507 0.020
Law, Economics and Management 33.25 33.51 0.163 0.009

Source: Génération 1998 (CEREQ).

Remark: pS and pP denote the predicted proportions after and before the simulation, respectively.
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Table 9: Simulation of a 10% variation in expected earnings of majors in law,
economics and management (semi-structural model)

Observed Predicted (pS − pP ) σ̂(pS−pP )

Probability Probability Standard error

Law, Economics and Management
10% increase

Sample distribution
Sciences 25.94 25.82 -0.091 0.005
Humanities and Social Sciences 40.80 40.67 -0.148 0.009
Law, Economics and Management 33.25 33.51 0.239 0.013

10% decrease
Sample distribution
Sciences 25.94 25.82 0.100 0.005
Humanities and Social Sciences 40.80 40.67 0.164 0.009
Law, Economics and Management 33.25 33.51 -0.264 0.014

Source: Génération 1998 (CEREQ).

Remark: pS and pP denote the predicted proportions after and before the simulation, respectively.
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A Other descriptive statistics

Table 10: Distribution of various subgroups across majors (in percent, beginning)

Sciences Humanities Law, Economics
and Social Sciences and Management

Gender
Male 39.40 29.32 31.27
Female 16.42 48.93 34.66
Born Abroad
No 25.93 40.84 33.23
Yes 26.67 38.89 34.44
Age in 6th grade
≤ 10 29.60 38.81 31.59
11 26.23 41.22 32.55
≥ 12 16.73 38.29 44.98
Age in 12th grade
≤ 17 27 41.53 31.47
18 29.39 37.69 32.92
19 21.99 43.78 34.23
≥ 20 20.44 45.32 34.24
Parents’ nationality
Mother or father is not French 16.27 44.08 39.64
Both parents are French 26.79 40.52 32.70
Father’s profession (in 1998)
Farmer 33.76 36.31 29.94
Tradesman 27.35 38.29 34.35
Executive 29.66 38.94 31.40
Technician 27.13 40.23 32.64
White-collar 24.84 40.82 34.34
Blue-collar 20.62 44.96 34.42
Mother’s profession (in 1998)
Farmer 34.52 39.29 26.19
Tradesman 28.09 37.64 34.27
Executive 28.86 40.24 30.89
Technician 25.32 43.35 31.33
White-collar 25.05 42.15 32.80
Blue-collar 22.39 41.42 36.19
Housewife 25.43 36.75 37.82
Educational Level
Dropout 23.33 40.61 28.98
Two years of college 10.80 12.16 10.85
Licence (BA degree) 11.07 22.45 13.28
Maîtrise (MA degree) 16.19 12.39 25.05
Post Maîtrise (Graduates) 38.61 12.39 21.84



Table 11: Distribution of various subgroups across majors (in percent, end)

Sciences Humanities Law, Business
and Social Sciences and Management

Baccalauréat
General 28.00 41.33 30.66
Technological 18.02 40.15 41.83
Vocational 12.78 29.32 57.89
Secondary schooling track
L 1.78 77.59 20.63
ES 3.74 40.71 55.56
S 62.68 16.26 21.06
ST, SMS 18.02 40.15 41.83

Source: Génération 1998 (CEREQ, Marseille)

Remarks: Lines sum up to 100%, except for educational levels, for which columns sum up to 100%.
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Table 12: Distribution of various subgroups across educational levels (in percent,
beginning)

Dropout Two years of college BA MA Graduates

Gender
Male 32.02 12.20 13.63 16.27 25.89
Female 32.43 10.78 18.44 18.52 19.82
Born Abroad
No 32.16 11.47 16.61 17.66 22.10
Yes 36.67 6.67 8.89 14.44 33.33
Age in 6th grade
≤ 10 21.64 9.20 12.19 20.90 36.07
11 31.96 11.55 17.00 17.73 21.77
≥ 12 52.04 12.27 15.61 10.78 9.29
Age in 12th grade
≤ 17 20.11 9.87 17.32 20.48 32.22
18 24.47 10.64 16.96 19.34 28.59
19 40.35 12.15 16.79 17.07 13.64
≥ 20 55.20 13.80 13.29 9.88 7.84
Parents’ nationality
Mother or father is not French 51.48 12.43 8.28 14.20 13.61
Both parents are French 30.58 11.28 17.16 17.88 23.10
Father’s profession (in 1998)
Farmer 23.57 10.19 24.20 22.93 19.11
Tradesman 28.45 14 17.72 18.38 21.44
Executive 23.16 8.59 15.52 18.21 34.52
Technician 26.67 11.95 18.39 20.69 22.30
White-collar 38.44 12.31 15.44 17.28 16.52
Blue-collar 45.55 12.91 14.84 14.69 12.02
Mother’s profession (in 1998)
Farmer 26.19 9.52 22.62 22.62 19.05
Tradesman 25.84 14.61 18.54 15.73 25.28
Executive 21.82 10.43 17.89 17.89 31.98
Technician 34.33 11.16 18.45 12.45 23.61
White-collar 35.39 11.68 15.26 18.14 19.53
Blue-collar 43.66 8.58 17.54 17.16 13.06
Housewife 33.55 11.97 14.74 16.24 23.50
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Table 13: Distribution of various subgroups across educational levels (in percent,
end)

Dropout Two years of college BA MA Graduates

Baccalauréat
General 25.29 11.28 17.68 19.56 26.19
Technological 58.93 12.67 11.91 9.77 6.72
Vocational 80.45 6.02, 7.52 5.26 0.75
Secondary schooling track
L 34.75 12.24 23.79 16.19 13.03
ES 26.27 11.01 18.28 25.75 18.69
S 18.00 10.84 13.00 17.79 40.38
ST, SMS 58.93 12.67 11.91 9.77 6.72

Source: Génération 1998 (CEREQ, Marseille)

Remarks: Lines sum up to 100%.

Table 14: Majors switching after one year of college (in percent)
Major (first year of college) LEM HSS S

Major (second year of college)
LEM 94.95 1.45 0.69
HSS 4.89 97.78 3.70
S 0.16 0.77 95.60

Source: Panel 1989 (DEPP, French Ministry of Education)

Remarks: Lines sum up to 100%.

Abbreviations: HSS for Humanities and Social Sciences, LEM for Law, Economics and Manage-

ment, S for Sciences.
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Table 15: Aspiration levels and effective level of studies (in percent)

Level of studies Less than college College BA MA or more

Aspiration (first year of college)
Less than college 33.71 12.36 28.09 25.84
College 45 20.50 17 17.50
BA 32.49 16.40 24.61 26.50
MA or more 23.06 13.97 25.40 37.57

Source: Panel 1989 (DEPP, French Ministry of Education)

Remarks: Lines sum up to 100%.

Table 16: Type of the labor contract in the first job (in percent)

Major Type of contract Dropout Two years of college BA MA Graduates

HSS Short-term contract 35.46 37.13 40.94 37.32 44.50
Long-term contract 21.07 18.32 17.32 17.70 20.10
Emploi jeune 10.39 15.35 9.97 11.96 5.74
Interim 14.09 9.41 - - -
Civil servant - - 13.39 14.83 19.62

LEM Short-term contract 34.68 35.33 34.07 33.81 42.24
Long-term contract 18.48 26.67 29.67 33.81 39.60
Emploi jeune - 10.00 - - -
Interim 18.73 7.33 8.79 11.17 4.29
Civil servant - - 9.34 6.59 7.26
Contrat de qualification 7.85 - - - -

S Short-term contract 33.33 33.33 40.34 39.20 42.72
Long-term contract 15.66 26.32 21.01 32.39 41.29
Interim 22.09 21.05 12.61 10.80 2.39
Emploi jeune 8.84 8.77 - - -
Civil servant - - 10.08 6.82 6.44

Remarks: Columns sum up to 100%. Emplois jeunes are publicly subsidized jobs,

Contrats de qualification are workplace employment programs.

Abbreviations: HSS for Humanities and Social Sciences, LEM for Law, Economics and Manage-

ment, S for Sciences.
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Table 17: Average number of months in nonemployment before the first job

Average number of months

Sciences Dropout 6.23
2 years of college 5.55
BA degree 4.79
MA degree 5.47
Graduates 3.55

Humanities and Social Sciences Dropout 5.79
2 years of college 5.05
BA degree 6.49
MA degree 6.36
Graduates 3.53

Law, Economics and Management Dropout 5.61
2 years of college 5.01
BA degree 4.41
MA degree 5.42
Graduates 3.56

Source: Génération 1998 (CEREQ, Marseille)

Table 18: Average monthly log-earnings

Average monthly log-earnings

Out of the region Ile-de-France 6.22
In the region Ile-de-France 6.68
At least one of the parents born abroad 6.21
Both parents born in France 6.30
Male 6.50
Female 6.13

Source: Génération 1998 (CEREQ, Marseille)
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B Parameter estimates

B.1 Structural dynamic model

Table 19: Schooling parameters

Covariates Estimate Standard Error
Sciences
Father’s profession (in 1998)
Executive Ref Ref
Farmer or tradesman 0.051 0.018
Technician 0.070 0.018
White-collar 0.017 0.020
Blue-collar 0.038 0.020
Unknown 0.009 0.024
Mother’s profession (in 1998)
Executive Ref Ref
Farmer or tradesman 0.103 0.031
Technician 0.092 0.030
White-collar 0.058 0.017
Blue-collar 0.074 0.025
Unknown 0.055 0.020
Born abroad 0.039 0.052
Woman 0.012 0.022
Both parents are French 0.108 0.029
Age in 6th grade
≤ 10 -0.017 0.019
11 Ref Ref
≥ 12 -0.062 0.030
Age in 12th grade
≤ 17 0.039 0.018
18 Ref Ref
19 -0.005 0.018
≥ 20 0.008 0.020
Baccalauréat
General, sciences Ref Ref
General, humanities 0.036 0.015
General, economics 0.024 0.014
Vocational or technological 0.036 0.017



Table 20: Schooling parameters

Covariates Estimate Standard Error
Humanities and Social Sciences
Father’s profession (in 1998)
Executive Ref Ref
Farmer or tradesman 0.031 0.017
Technician 0.051 0.019
White-collar -0.011 0.017
Blue-collar 0.018 0.017
Unknown -0.017 0.023
Mother’s profession (in 1998)
Executive Ref Ref
Farmer or tradesman 0.114 0.021
Technician 0.108 0.028
White-collar 0.061 0.016
Blue-collar 0.065 0.024
Unknown 0.060 0.020
Born abroad 0.059 0.030
Woman 0.004 0.021
Both parents are French 0.087 0.022
Age in 6th grade
≤ 10 -0.013 0.021
11 Ref Ref
≥ 12 -0.028 0.021
Age in 12th grade
≤ 17 0.041 0.019
18 Ref Ref
19 0.005 0.012
≥ 20 0.018 0.016
Baccalauréat
General, sciences Ref Ref
General, humanities 0.031 0.015
General, economics 0.009 0.015
Vocational or technological 0.018 0.015



Table 21: Schooling parameters (end)

Covariates Estimate Standard Error
Law, Economics and Management
Father’s profession (in 1998)
Executive Ref Ref
Farmer or tradesman 0.042 0.022
Technician 0.054 0.026
White-collar -0.019 0.016
Blue-collar 0.066 0.021
Unknown -0.006 0.029
Mother’s profession (in 1998)
Executive Ref Ref
Farmer or tradesman 0.017 0.040
Technician 0.042 0.036
White-collar 0.016 0.024
Blue-collar -0.005 0.039
Unknown 0.030 0.029
Born abroad -0.050 0.056
Woman 0.035 0.025
Both parents are French 0.075 0.025
Age in 6th grade
≤ 10 0.009 0.024
11 Ref Ref
≥ 12 years -0.046 0.020
Age in 12th grade
≤ 17 -0.014 0.023
18 Ref Ref
19 -0.030 0.019
≥ 20 0.013 0.020
Baccalauréat
General, sciences Ref Ref
General, humanities 0.020 0.024
General, economics 0.019 0.019
Vocational or technological 0.020 0.017

Source: Génération 1998 (CEREQ. Marseille)



Table 22: Earnings equation

Covariates Estimate St. Error
Intercept 3.798 0.052
Both parents are French 0.083 0.045
Region Ile de France 0.326 0.069
Female -0.257 0.052
Born abroad 0.023 0.078
Field of studies
Sciences Ref Ref
Humanities and Social Sciences 0.023 0.049
Law. Economics and Management 0.018 0.056
Level of studies
Dropout Ref Ref
Two years of college 0.064 0.104
Licence (BA degree) 0.036 0.092
Maitrise (MA degree) 0.011 0.084
Post Maitrise (Graduates) 0.040 0.078
Interactions between field and level
Humanities and Social Sciences
Dropout Ref Ref
Two years of college -0.067 0.124
Licence (BA degree) -0.048 0.090
Maitrise (MA degree) -0.028 0.088
Post Maitrise (Graduates) -0.050 0.082
Law, Economics and Management
Dropout Ref Ref
Two years of college -0.063 0.120
Licence (BA degree) -0.021 0.109
Maitrise (MA degree) -0.014 0.088
Post Maitrise (Graduates) -0.027 0.087
Interactions between female gender and level
Dropout Ref Ref
Two years of college 0.001 0.134
Licence (BA degree) 0.009 0.090
Maitrise (MA degree) 0.017 0.086
Post Maitrise (Graduates) -0.003 0.085
Interactions between region Ile-de-France and level
Dropout Ref Ref
Two years of college -0.031 0.149
Licence (BA degree) -0.040 0.133
Maitrise (MA degree) 0.023 0.104
Post Maitrise (Graduates) -0.003 0.127

Source: Génération 1998 (CEREQ. Marseille)



Table 23: Other parameters

Covariance matrix of residuals for major choices
1 0.376

(−) (0.029)
0.376 9.997

(0.029) (0.962)



Estimate St. Error
σ (standard error of earnings equation) 0.802 0.011
β (discount parameter) 0.992 0.001
Type probabilities
Type 1 0.905 0.005
Type 2 0.095 0.005

Source: Génération 1998 (CEREQ)
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Table 24: Type-specific heterogeneity parameters (schooling and earnings specific)

Estimate St. Error
Schooling heterogeneity parameters

Type 1
αs,1,1 0.000 -
αs,1,2 -1.289 0.097
αs,1,3 0.318 0.117
αs,1,4 0.311 0.092
αs,1,5 0.000 -
αs,2,1 0.733 0.098
αs,2,2 -1.350 0.084
αs,2,3 0.267 0.095
αs,2,4 0.377 0.089
αs,2,5 0.304 0.066
αs,3,1 -1.063 0.065
αs,3,2 -1.151 0.090
αs,3,3 0.496 0.095
αs,3,4 0.019 0.099
αs,3,5 0.508 0.103
Type 2
αs,1,1 0.000 -
αs,1,2 -1.385 0.089
αs,1,3 0.397 0.107
αs,1,4 0.164 0.098
αs,1,5 0.275 0.094
αs,2,1 0.488 0.073
αs,2,2 -1.146 0.086
αs,2,3 0.177 0.096
αs,2,4 0.243 0.086
αs,2,5 0.338 0.065
αs,3,1 -0.350 0.102
αs,3,2 -1.210 0.096
αs,3,3 0.383 0.098
αs,3,4 0.123 0.101
αs,3,5 0.265 0.107

Earnings heterogeneity parameters
Type 1
αw 2.568 0.036
Type 2
αw -1.005 0.044

Source: Génération 1998 (CEREQ)
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B.2 Semi-structural model

Table 25: Choice of the major (beginning)

Covariates Estimate Standard Error
Sciences Ref Ref
Humanities and Social Sciences
Father’s profession (in 1998)
Executive Ref Ref
Farmer or tradesman -0.244 0.099
Technician -0.403 0.274
White-collar -0.113 0.130
Blue-collar -0.332 0.303
Unknown -0.223 0.094
Mother’s profession (in 1998)
Executive Ref Ref
Farmer or tradesman -0.111 0.217
Technician -0.130 0.109
White-collar -0.422 0.270
Blue-collar 0.178 0.140
Unknown 0.213 0.288
Born abroad -0.154 0.182
Woman -0.363 0.348
Both parents are French -0.028 0.172
Age in 6th grade
≤ 10 -0.412 0.269
11 Ref Ref
≥ 12 -0.182 0.106
Age in 12th grade
≤ 17 -0.373 0.180
18 Ref Ref
19 -0.153 0.162
≥ 20 -0.002 0.299
Baccalauréat
General, sciences Ref Ref
General, humanities -0.200 0.142
General, economics 0.090 0.252
Vocational or technological -0.038 0.214



Table 26: Choice of the major (end)

Covariates Estimate Standard Error
Law, Economics and Management
Father’s profession (in 1998)
Executive Ref Ref
Farmer or tradesman -0.375 0.370
Technician 0.596 0.070
White-collar 0.544 0.194
Blue-collar -0.299 0.135
Unknown -0.706 0.249
Mother’s profession (in 1998)
Executive Ref Ref
Farmer or tradesman -0.017 0.129
Technician 0.090 0.328
White-collar -0.180 0.159
Blue-collar 0.711 0.330
Unknown 0.105 0.135
Born abroad 0.048 0.266
Woman 0.110 0.084
Both parents are French -0.278 0.216
Age in 6th grade
≤ 10 0.183 0.105
11 Ref Ref
≥ 12 years -0.622 0.242
Age in 12th grade
≤ 17 2.881 0.108
18 Ref Ref
19 1.628 0.233
≥ 20 2.158 0.095
Baccalauréat
General, sciences Ref Ref
General, humanities 4.697 0.196
General, economics 1.329 0.097
Vocational or technological 3.108 0.194

Source: Génération 1998 (CEREQ. Marseille)



Table 27: Equation for the length of studies

Covariates Estimate Standard Error
Father’s profession (in 1998)
Farmer or tradesman -0.162 0.049
Executive Ref Ref
Technician -0.165 0.063
White-collar -0.387 0.055
Blue-collar -0.425 0.052
Unknown -0.168 0.065
Mother’s profession (in 1998)
Farmer or tradesman 0.086 0.105
Executive Ref Ref
Technician -0.161 0.094
White-collar -0.054 0.057
Blue-collar -0.131 0.084
Unknown 0.126 0.080
Born abroad 0.252 0.135
Woman 0.029 0.043
Both parents are French 0.382 0.069
Age in 6th grade
≤ 10 0.221 0.063
11 Ref Ref
≥ 12 0.086 0.083
Age in 12th grade
≤ 17 0.029 0.068
18 Ref Ref
19 -0.387 0.041
≥ 20 -0.688 0.056
Baccalauréat
General, sciences Ref Ref
General, humanities -0.778 0.048
General, economics -0.403 0.051
Vocational or technological -1.192 0.056
Proportion of students in college -1.287 0.135

Source: Génération 1998 (CEREQ, Marseille)



Table 28: Earnings equation

Covariates Estimate St. Error
Intercept 3.611 0.046
Both parents are French 0.072 0.047
Region Ile de France 0.267 0.080
Female -0.251 0.051
Born abroad 0.102 0.097
Field of studies
Sciences Ref Ref
Humanities and Social Sciences -0.076 0.051
Law. Economics and Management -0.044 0.056
Level of studies
Dropout Ref Ref
Two years of college 0.219 0.092
Licence (BA degree) 0.418 0.074
Maitrise (MA degree) 0.231 0.078
Post Maitrise (Graduates) 0.803 0.055
Interactions between field and level
Humanities and Social Sciences
Dropout Ref Ref
Two years of college -0.175 0.112
Licence (BA degree) -0.059 0.083
Maitrise (MA degree) -0.095 0.091
Post Maitrise (Graduates) -0.173 0.077
Law, Economics and Management
Dropout Ref Ref
Two years of college 0.004 0.105
Licence (BA degree) 0.047 0.087
Maitrise (MA degree) 0.128 0.082
Post Maitrise (Graduates) 0.069 0.075
Interactions between female gender and level
Dropout Ref Ref
Two years of college 0.152 0.100
Licence (BA degree) 0.061 0.078
Maitrise (MA degree) 0.201 0.074
Post Maitrise (Graduates) -0.077 0.064
Interactions between region Ile-de-France and level
Dropout Ref Ref
Two years of college -0.007 0.165
Licence (BA degree) -0.254 0.120
Maitrise (MA degree) 0.088 0.101
Post Maitrise (Graduates) 0.012 0.084

Source: Génération 1998 (CEREQ. Marseille)



Table 29: Other parameters

Covariance matrix of residuals

1 0 0 0
0 1 −0.105 0

(−) (−) (0.115) (−)
0 −0.105 13.075 0

(−) (0.115) (1.337) (−)
0 0 0 0.772

(−) (−) (−) (0.008)



Estimate St. Error
Thresholds
s2 -3.187 0.153
s3 -2.775 0.151
s4 -2.198 0.157
s5 -1.491 0.151

α 0.287 0.011
Type probabilities
Type 1 0.587 0.005
Type 2 0.301 0.004
Type 3 0.111 0.006

Source: Génération 1998 (CEREQ)
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Table 30: Type-specific heterogeneity parameters

Estimate St. Error
Type 1
α(1.1) 0.000 -
α(1.2) -1.057 0.145
α(1.3) -1.666 0.199
α2 0.000 -
α3 2.751 0.022
Type 2
α(1.1) 0.000 -
α(1.2) -0.158 0.158
α(1.3) -2.705 0.170
α2 -0.822 0.023
α3 2.891 0.020
Type 3
α(1.1) 0.000 -
α(1.2) -0.472 0.191
α(1.3) -1.796 0.257
α2 -1.360 0.059
α3 -0.589 0.031

Source: Génération 1998 (CEREQ)
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