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�� )NTRODUCTION

Estimating the rate of return to education has a long history in applied econometrics. Most

empirical studies are based on model specifications where log wages are linearly related to

some regressors (including measures of human capital accumulation). Typically, estimates are

obtained using least-squares techniques. For a long time, labor economists and applied econo-

metricians have argued that least-squares estimates produce upward biased estimates of the

return to schooling. It as been recognized that least squares estimates are likely to suffer ’’en-

dogeneity bias’’ as well as ’’ability bias’’.1 As a consequence, several authors have devoted

attention to issues surrounding endogeneity and ability bias and several approaches have been

proposed to overcome these problems. Much effort has been devoted to the estimation of wage

equation where education choices are suitably instrumented out. Some have proposed to use

data on twins (or siblings) in order to reduce the ability bias, Taubman (1976) while authors

such as Blackburn and Neumark (1993) have used instruments such as IQ tests in order to

eliminate ability bias. Other methods have been based on the possibility to identify exogenous

influences on the schooling decision such as the season of birth, Angrist and Krueger (1991),

military service lotteries, Angrist and Krueger (1992), geographical location, Card (1993) or

changes in the minimum schooling age, Harmon and Walker (1996).

Despite the large number of papers devoted to the estimation of the rate of return to schooling,

the schooling decision has practically not been analyzed using dynamic programming princi-

ples2. This is surprising. Schooling decisions are intrinsically dynamic and stochastic. Individ-

uals choose to enrol in school in the earlier stage of their life and bear some costs (direct costs

such as transportation, books, tuition or psychic learning costs) in return for higher (but uncer-

tain) wages. Sometimes, higher level of education translates into higher job quality. However,

at the same time, those enrolled in school receive parental support or other types of intergen-

erational transfers so the net costs of schooling is not straightforward to define. Finally, the

benefits from schooling are limited by the fact that total time spent in the labor market is finite.

This means that modelling schooling decisions accurately and comprehensively requires to take

into account both direct and psychic learning costs, parental support while at school, ability at

school, ability in the labor market and the discount factor. Clearly, reduced-form strategies

� Endogeneity bias refers to the correlation that might exist between schooling decisions and the return to schooling while ability bias refers
to the fact that individuals who have more ability are likely to go to school longer (they perceive lower costs) but receive also higher wages
(Griliches,1977).
� Indeed, we are not aware of any published paper devoted to a structural analysis of the decision to continue schooling or not.
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based on standard regression techniques cannot incorporate all information contained in the

dynamic structure of schooling decisions and cannot be used to make inference about all sur-

rounding parameters.

The purpose of this paper is to estimate a structural model of schooling decisions using stochas-

tic dynamic programming principles which can be used to obtain estimates of the wage returns

to education (as well as experience), the non-wage benefit returns and several other fundamen-

tal parameters. We formulate a dynamic and stochastic non-stationary model where individual

choose between an additional year of schooling (beyond a minimum level of six (6) years) and

entering the labor market. We assume that individuals know that they must retire when they

turn sixty-five years old and that wages grow stochastically with experience between entrance

in the labor market and retirement. Using recursive methods, we can solve value functions in

closed-form and set an exact likelihood for the number of years of education obtained by a

given individual.

Our model has the structure of an optimal stopping problem; a very common type of dynamic

discrete choice model which has seen several applications in the recent literature (see Eckstein

and Wolpin (1989) for a survey, Wolpin (1987) for an example with finite horizon and Rust

(1987) for an example with physical capital investment). We implement our model on a cross

section of Swedish labor force participants (both males and females) and use the information

contained in the number of years of schooling completed as well as wages earned at the survey

time (for those who worked). We pay a particular attention to the stochastic specification of the

model and the role of unobserved ability. We consider a version of the model where unobserved

ability (drawn from an unknown univariate distribution) affects both learning costs and potential

wages and, in order to be as flexible as possible, we also consider a less restricted version of the

model where individual (random) effects in the wage function (representing unobserved ability

in the labor market) and individual effects in the costs of learning (representing ability at school)

are jointly distributed. In all cases, the distribution of the individual effect is integrated out using

a discrete approximation with a fixed number of points of support.

Finally, in a version of the model, we analyze the potential misspecification of the dynamic

optimization problem in the case where labor market compensation is the sum of a wage paid

and non-wage compensation and we consider the possibility that education affects wages as well

as non-wage benefits. Indeed, we can obtain estimates of both types of returns to education.

Our model has several attractive features.
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q First, the allowance for potential correlation between the unobservable factors affecting learning costs, while
imposing all restrictions implied by the dynamic structure of education choices, implies that we can obtain
consistent estimates for all structural parameters (including the returns to education) under any arbitrary form
of ability or endogeneity bias.

q Second, because the likelihood in constructed from information on education choices which are themselves
the solution to the finite horizon dynamic program for all individuals (regardless of their work status at the
survey time) and information on wages (for those who worked at the time of the survey time), those who are
not working at the survey time need to be excluded from the analysis. Indeed, with some restricted distribution
for wages, it would be possible to estimate the returns to education with no wage data3.

q Thirdly, the specification of education choices as a dynamic programming problem allows us to obtain esti-
mates for the net costs of schooling (the difference between learning costs and income while at school) and for
the subjective interest rates; two parameters that are intrinsically unidentifiable in standard models based on
regression methods.

q Finally, because the likelihood function uses wage data and education choices (length), we can allow the pres-
ence of unobserved non-wage benefits and we can estimate the effects of education on both wages and non-
wage benefits.

�� 3OME %MPIRICAL &ACTS

The importance of human capital in the process of economic growth and development is widely

recognized. As a consequence, estimating the return to human capital (especially the returns

to schooling) is one of the most active areas of applied labor market analysis. The magnitude

of the returns to schooling been the object of constant debates among Swedish economists.

Several economists have argued that the Swedish labor market offers much smaller returns to

education and experience than other western countries. For instance, the centralized bargaining

system of wage determination has often been cited as a major cause of the leveling of pre-tax

wages in Sweden4

In this paper, we implement a structural model of the decision to invest in schooling on a sample

of Swedish labor force participants. The sample used in the analysis is extracted from the

Swedish survey ’’Household Market and Non-Market Activities (HUS). The HUS project is a

large scale project launched in 1980. It is devoted to the construction of a reliable data base

which can be used to study the dynamic of household behavior. The first wave of the Hus

Survey is quite comprehensive and provides detailed information on a random sample of 2,300

Swedish households in 19845. Information is gathered in a personal interview. The questions

asked cover a broad set of activities; childhood, parental background, education, experience,

labor market status at interview time, wages, income and family composition. Only individuals
� In standard reduced-form analysis, the exclusion of individuals who are not working at survey time introduces selection bias which

needs to be tackled using exclusion restrictions. These restrictions are however somewhat arbitrary.
� Centralized bargaining system also implies a much narrower dispersion of wages across industries and occupations. For a discussion of

related issues at the European level, see Layard, Nickell and Jackman (1991).
� This is the only complete wave available at the time of this study.
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living in Sweden at the survey time and capable of conducting the interview in Swedish have

been surveyed.

Basically, information on wages have been obtained using two sources; tax register informations

or information provided during the interview. However, in order to access the tax registers,

respondents had to give their permission. For two thirds of the respondents, information on

wages is gathered from the Swedish tax registers which ensures a high degree of accuracy while

the remaining individuals provided the information during the interview. Each respondent was

generally allowed to give wage/income information for the time period that suited him/her best

(year or month) so that information on hours worked needed to be use to construct a wage rate.

In this paper, the wage used is an hourly wage rate which has been obtained by dividing labor

income by hours of work.

The education variable is the reported years of schooling.6 Individuals are also asked what is

their primary occupation at the survey time. This question allows us to identify those individuals

who are still acquiring schooling and therefore to take into account that education length is right-

censored for some individuals. This is particularly relevant for young people. It is also used to

identify those who are not working at the survey time.

Throughout this study, we have worked with a sample restricted to males and females below

65 years of age.7We do not distinguish according to hours of work and therefore include part-

time workers as well as full-time workers. Individuals with missing values for education or

experience have been excluded. However, individuals who report not to be working at interview

time (therefore reporting no current wages) or for whom wage observations are missing are

included in the analysis. This is simply because the likelihood function used does not require

that we have necessarily wages and education choices for each individual. Indeed, excluding

those who are not working at the survey time would probably introduce selection-bias which

would require correction at some stage.8 Finally, we exclude those individuals reporting to be

self -employed (less than 5%). This is because the self-employed in Sweden are subject to

different tax rules and their labor income reported in the survey tend to be very low. We do

not think that the responses provided are reliable. After these exclusions, our original sample

� The question asked is ’’How many years of schooling have you had ? (Include vocational training, college and university).’’
� Although we have worked with individuals between 18 and 65, the results reported in this paper are those obtained for prime-aged males
and females (between 36 and 45 years of age).
� For a treatment of selectivity bias in a reduced-form framework, see Garen (1984).
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contains 1752 individuals aged between 18 and 65. Sample statistics for the entire sample is

found in Table 1 along with information 9

3@AKD �

2@LOKD 2S@SHRSHBR

Sample Total Males (36-45) Females (36-45)
Sample average Sample average Sample average

% raised in rural area 40.0 36.3 40.0
% raised in urban areas10 13.0 17.0 15.0
% male 47.0 - -
Age 41.7 40.3 40.4
Education (years) 10.8 11.7 10.8
Wage per hour (1983 S.kr) 50.2 54.1 47.7
Experience (years) 18.0 20.8 13.4
% fathers with high schooling11 10.0 11.0 8.0
% fathers with low schooling 74.0 70.0 79.0
% working at survey 81.0 93.0 84.0
# of observations 1752 226 252

3@AKD �

"NLOKDSDC $CTB@SHNM HM 2VDCDM

Education Cumul. % Hazard % Education Cumul. % Hazard %
6 years 6.1% 6.1% 13 years 79.7% 26.2%
7 years 21.3% 16.2% 14 years 85.8% 30.0%
8 years 30.6% 11.8% 15 years 91.4% 38.7%
9 years 41.7% 15.9% 16 years 94.5% 36.0%
10 years 51.4% 16.4% 17 years 97.0% 45.5%
11 years 63.2% 24.0% 18 years 98.1% 36.7%
12 years 72.5% 25.3% 19 and more 100% -

The data indicates that most of the individuals in our sample have been raised in rural areas

or in a small town as only 13% have been raised in a large urban areas (including Stockholm,

Göteborg and Malmö). The average age, as of 1984, was 42 years old while the average level

of schooling completed was around 11 years. Interestingly, only 26% of the individuals in the

sample come from families where the father has completed more than elementary school.12

� For a more detailed description of the HUS survey and information on coding procedures, see Klevmarken and Olovsson (1993).
�� Urban areas include Stockholm, Göteborg and Malmö.
�� This percentage refers to the fraction of individuals whose father have completed schooling beyond elementary schooling (beyond 7 years).
�� However, this fraction varies substantially across cohorts.
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Table 2 documents the empirical distribution of completed schooling. Only individuals who

had completed elementary level are considered. Both cumulative percentages and empirical

hazards (expressed as %) are reported in Table 2. The empirical hazard function is actually

plotted in Figure 1. It indicates that the fraction of individuals terminating school is steadily

increasing with schooling. In particular, the empirical frequencies indicate that around 50% of

the Swedish labour force participants have completed 10 years or less and that only 20% have

completed 13 years or more; that is the equivalent of university training.

%HFTQD �

$LOHQHB@K '@Y@QC %TMBSHNM �HM �� ENQ SGD #DBHRHNM SN (MSDQQTOS 2BGNNKHMF

x 1614121086420
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�� 4HE -ODEL

We model education choices as a dynamic discrete choice problem in a nonstationary environ-

ment. We assume that individuals choose between two human capital accumulation strategies;

acquiring general human capital (schooling) and entering the labor market (to obtain benefits

from schooling and acquire additional human capital from labor market experience). The de-

cision to remain at school (obtain an additional year of schooling) is modeled as an optimal

stopping problem; that is when an individual decides to enter the labor market, it is impossible

to return to school. The individual therefore faces the option to shift from general human capital
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accumulation (schooling) to a labor market human capital accumulation (experience). Given

the complexity of the problem considered, we ignore non-participation as well as mobility in

the labor markets and focus simply on education and labor market work.13

���� 4HEORETICAL 3TRUCTURE

In this sub-section, we present the theoretical structure of our empirical model.

q !SSUMPTION �

Each individual maximize his (her) expected lifetime earnings (in logarithms) by choosing the

optimal time to interrupt schooling and enter the labor market. The control variable, d
S
� is such

that

d
S
� � if an individual invests in an additional year of schooling at t.

d
S
� � if an individual leaves school at the beginning of period t (to enter the labor market).

q !SSUMPTION �

At any given period t, every individual enrolled at school must bear a cost, c
S
� It is understood

that c
S

incorporates any direct costs such as books, transportation or other similar costs as well

as other psychological costs associated to the disutility of learning. At the same time, each

individual receives parental support, I
S
� When an individual is not at school, c

S
� (

S
� �� This

means that the net cost of being at school, z
S

is defined as

z
S
� B

S
` (

S

Both c
S

and I
S

are in logarithms.

q !SSUMPTION �

At the beginning of period t, the amount of general human capital acquired, denoted S
S
� is

simply the total number of years spent as school as of t and we assume that any time spent at

school beyond t̃ is unproductive. That is

2
S
�

S8
R��

C
R

if t v t̃

�� These issues are also typically ignored by those authors concerned with the estimation of reduced-form models devoted to the economic
returns to schooling and education.
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and

2
S
�

]
S8

R��

C
R

if t � t̃

q !SSUMPTION �

The return to human capital is captured in the equation for the log wage paid in the labor market

, denoted w
S
� and non-wage benefits, denoted y

S
(also in logarithm). The wage regression

equation is

$V
S
� �

�V

 �

RV
�2

S
� S� 
 �

DV
�2

S
� S� (1)

while the non-wage benefit regression equation is

$X
S
� �

�X

 �

RX
�2

S
� S� 
 �

DX
�2

S
� S� (2)

where�
RV
��� and�

RX
��� represent to return to education and�

DV
��� and�

DX
��� represent the

return to experience.14

As it is done often in dynamic optimization problems, the solution to the stochastic dynamic

problem can be characterized using recursive methods. Noting that beyond T (at retirement)

earnings are set to 0, the expected lifetime earnings at T are simply given by

5
3
� �

�

 �

R
�2

3
� 3 � 
 �

D
�2

3
� 3 � (3)

where

�
�
� �

�V

 �

�X

�
R
� �

RV
�2

3
� S� 
 �

RX
�2

3
� S�

�
D
� �

DV
�2

3
� S� 
 �

DX
�2

3
� S�

Clearly, V
3

is the terminal value terminal value and it can be used to solve the value functions

for entering the labor market at any arbitrary date. Given assumption 3, it is clear that from

t̃ onward, an individual can only work in the labor market as it is never optimal to acquire

additional schooling. The choice between an additional year of schooling and entering the labor

market is therefore made from period 0 until periodt̃ only. This means that, working backward

from T, the value of going to school for an additional year att̃ and the value of entering the

labor market can be characterized using T-t̃ recursions.

�� The function �
R
��� and �

D
��� are typically chosen to be linear in education and experience and, possibly, experience squared.
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Generally, the value functions associated to the decision to remain in school, VR

S

�2
S
�� given that

an individual has already acquired S(t) years of schooling, can be expressed as

5 R

S

�2
S
� � `z�S� 
 n$5

S
�
�C

S
� �� (4)

where EV
S
�

�C
S
� �� denotes the value of following the optimal policy next period (either

remain at school or start working) and the expected value is taken over the distribution of

potential wages (equation 1) while z�S� is simply B
S
` (

S
�Setting d

S
to 1 reduces the total time

in the labor market but raises entering wages and non-wage benefits.

The value of stopping schooling (that is entering the labor market), VV

S

�2
S
�, is given by

5 V

S
�2

S
� � �

�

 �

R
�2

S
� S� 
 �

D
�2

S
� S� 
 n$5

S
�
�C

S
� �� (5)

and denotes the discounted expected value of lifetime earnings of starting work in the labour

market with t-1 years of schooling and T -t-1 years of potential specific human capital accu-

mulation. The decision to stop schooling is therefore based simply on the comparison between

the value functions in (5) and (6) respectively.

���� %CONOMETRIC 3PECIFICATION

In order to implement the model empirically, assumptions about decision timing, maximum

schooling allowed and the lifetime horizon need to be discussed. First, the estimation requires

that both T and t̃ are known in advance (both to the agent and the econometrician). At the

same time, the initial conditions have to be examined. That is because, in our sample, virtually

everyone in the sample has 6 years of education (the legal minimum years of schooling for

the older cohorts in our sample). As a consequence, we only model the decision to acquire

schooling beyond six years. Furthermore, except for three (3) outliers, no one reports having

completed 25 years of education or more. As a consequence, we sett̃ to 19 years (25 years

minus 6). Finally, we assume that the returns to accumulated education and experience is 0 at

65 (the age of retirement for a majority of Swedes).

In order to be realistic, some of the parameters of the model have to be parameterized using

observed regressors available in the HUS data set. However, for internal consistency reasons,

we must be cautious. Introducing regressors such as occupation and industry (such as it is

done it the reduced-form literature) would be inconsistent with the dynamic structure of the

model. Indeed, variables such as occupation and industry are known to be highly correlated
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with individual specific (unobservable ) effects. For this reason, the only exogenous regressors

considered age and sex. The remaining factors (education and experience) are endogenous. We

ignore unemployment as well as non-participation and disregard the fact that entering the labor

market might require search activities.

The simple theoretical model presented above implies that individuals facing the same parame-

ters would make similar decisions regarding school enrolment. A brief inspection of the data

reported in Section 2 reveals a relatively high level of dispersion in schooling attainments across

individuals. This means that estimating a model which is empirically relevant will require the

introduction of a stochastic component. In order to capture uncertainty (a key feature of any

intertemporal decisions made regarding labor market participation or education choices), sto-

chastic elements must be introduced in the empirical model specification. Two strategies are

considered in this paper. We first estimate a model where unobservable components are as-

sumed to be representable by a sequence of i.i.d. normal random variables and, secondly, we

implement more general models where individual effects in labor market opportunities as well

as learning costs are introduced along with i.i.d. shocks. Individual effects are particularly im-

portant to capture the effects of unobserved ability as well as other regressors which cannot be

included.

������ -ODEL WITH I�I�D� SHOCKS

First, we consider a model where individual heterogeneity is introduced through exogenous

regressors and where intrinsic randomness is represented by series of i.i.d. random terms.

q !SSUMPTION �

In order to be realistic, we must allow for the possibility of heterogeneity in the cost of learning

as well as in parental support. At the same time, it is not possible to identify I
S

from c
S

without

making unrealistic assumption� For this reason, we consider two distinct functional forms for

the net cost (net benefit) function z�S��

q Restricted Case

z
H�S�

� B
H�S�

` (
H�S�

� DWO�7 �

BH
n� 
 �B

HS
(6)

where

�
HS
z H�H�C-��� }�

B

�
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represents a purely random innovation to the costs of obtaining an additional year of schooling.

The vector column X
B

contains an intercept term, a binary variable equal to 1 when an individual

has been raised in a rural area and 0 if the individual has been raised in a large urban area or in

a small town and parental education. Parent’s education is introduced through class variables;

’’low education’’ indicates those whose father (or mother) has completed elementary school

only while ’’high education’’ designates those whose parents have completed some university

degree. The reference group is those whose parents have completed high-school or vocational

training. This specification implies that for each individual, the deterministic component of the

difference between income and costs is negative.

q Unrestricted Case

z
H�S�

� B
H�S�

` (
H�S�

� 7 �

BH

n 
 �B
HS

(7)

In this case, the deterministic component is unrestricted and negative values simply mean that

parental support exceeds learning costs while positive values imply the converse.

q !SSUMPTION �

The wage received by individual i, at time t, is given by

V
HS
� �

�

 �

R
�2

S
� S� 
 �

D
�2

S
� S� 
7 �

VH
t 
 �V

HS
(8)

where

�V
HS
z H�H�C-��� }�

V
�

also represents a purely random innovation to wages paid in the labor market. The column

vector X
V

includes 4 binary variables used to allocate all individuals across 5 cohorts according

to their age in 1984. The age groups are 18-25, 26-35, 36-45, 46-55 and 56-65. In the current

paper, we estimate the model on stratified samples by age and sex and we choose�
R

and�
D

such that log wages are linear in education, experience and possibly experience squared.

Clearly, the probability of continuing investment in schooling (that is the probability of acquire

an additional year of schooling) is given by

/ �C
HS
� �� � / �5 R

HS

�2
S
�` 5 V

HS

�2
S
� � �B

HS


 �V
HS

� �
HS

(9)

and, it can be expressed as
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h�
5 R

HS

�2
S
�` 5 V

HS

�2
S
�

}
� (10)

where } denotes the variance of �
HS

and, if we assume independence, it is equal to }�
V


 }�
B

�

Given this, the likelihood function for a sample of N observations on completed education, ~
H
�

can be expressed as

+R �
-9
H��

��
~ H9
R��

/ �C
H�S

� ��

	
/ �C

H�~
H

�

� ��

�
(11)

Furthermore, given information on wages earned at time t on M individuals, we can also use

the information contained in the density of observed wages, that is

+V �
,9
H��

�

}
V

��
KNFV

HS
` �

�
` �

R
�2

S
� S�` �

D
�2

S
� S�

}
V

� (12)

and construct a likelihood function that is simply the product of LR and LT�

������ -ODEL WITH )NDIVIDUAL %FFECTS

The model specification which was just presented implies that given education, experience, sex

and year of birth (cohort effect), the unobservable component of the sequence of potential wages

earned by an individual is uncorrelated across time. This assumption is practically untenable.

The model can be improved substantially by the inclusion of unobserved heterogeneity. For

this reason, we incorporate a random individual effect in the model.

The inclusion of a random effect is particularly common in panel data analysis and in duration

analysis. Structural models are typically more cumbersome to estimate and, for this reason,

the rapidly growing area of the literature concerned with the estimation of stochastic dynamic

programming in a non-stationary environment has often ignored individual effects.15

In order to estimate a model with individual unobserved heterogeneity, we retain assumption 4

and assume that

V
HS
� �

�

 �

R
�2

S
� S� 
 �

D
�2

S
� S� 
 �V

H


 �V
HS

(13)

where �V represents the effect of unobserved ability on labor market wages.

�� For a survey of the literature, see Eckstein and Wolpin (1989).
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Given the allowance for unobserved ability in labor market productivity, it is natural to use a

similar procedure in the equation representing the net costs. Consistent with the i.i.d. model,

we either assume that

z
H
� B

H
` (

H
� DWO�7 �

BH
n 
 �B

H
� 
 �B

HS
(14)

or

z
H
� B

H
` (

H
� 7 �

BH
n 
 �B

H

 �B

HS
(15)

Estimation of the conditional model (conditional on yV and/or yB� requires the individual effect

to be integrated out. In the paper, we consider two different strategies.

������ 5NIVARIATE )NDIVIDUAL %FFECTS

In the case where ability is introduced through an unknown univariate distribution flexible

approach would be to assume that

yB
H
� `nyV

H
(16)

where n is an unknown parameter (positive) to be estimated. Identification of n is straight-

forward given that the support points of yV appears in the wage function. The positivity sign

of n ensures a correlation between labor market and schooling ability. we assume that yV (or

equivalently -yB� is a random draw from a population characterized by a cdf G
�
V���. We assume

that G
�
V��� is unknown but we approximate it by a discrete distribution with a fixed number of

discrete points and work. The distribution is given by

/Q�yV
I
� y

I
� � |

I
(17)

for j=1,..J. In order to estimate the model, we must integrate out the distribution of y and the

likelihood function is given by

+ �
-9
H��

�
)8

I��

|
I

�
~ H9
R��

/ �C
H�S
� � J �V

I

�

	
/ �C

H�~
H

�

� � J �V
I

��
�

}
V

��KNFV
HS
J yV

I

�

�
(18)

where yI
H

appears both in the cost equation and the benefit equation.

��KNFV
HS
J �V

I

� � ��
KNFV

HS
` �

�
` �

RH
�2

S
� S�` �

DH
�2

S
� S�` �V

I

}
V

�
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and where ���� denotes the standard normal density. Both |
I
’s andyV

I

’s are parameters to be

estimated. Clearly,

)8
I��

|
I
� � and|

I
w � j=1,...J (19)

Estimation therefore requires the level of J fixed in advance.16

In the cases where non-wage benefits are also considered, we assume that non-wage benefits,

y
HS
� are a known function of education (to the economic agent). We assume that non-wage

benefit can increase with education only (experience does not affect non-wage benefit or job

quality) and

X
HS
� �

�X

 �

RX
�2

S
� S� 
 �X

H

(20)

The individual effect,yX
H

is assumed to be such that

yX
H

� n
X
yV
H

(21)

which simply means that unobserved ability in the labor market raises non-wage benefits but

that we allow different intercept terms for the non-wage benefit function. The non-wage returns

to education are also different than the wage returns but it is not individual specific.

"IVARIATE )NDIVIDUAL %FFECTS An estimation strategy based on the assumption that unobserved

ability raises wages as well as reduce learning costs can be judged as too restrictive if, for

example, the skills required to do well at school are different from those required in the labor

market. A more flexible model specification may be obtained if we assume that�B and�V are

jointly distributed with cdf with cdf H
�
V
��
B(.,.). This might be justified if, for instance, skills

that are required to perform well in the labor market are not identical to those skills required at

school. In such a case, the model presented in 3.2.2 would be unduly restrictive. In this case,

we can approximate H(.,.) by a discrete distribution with J� points of supports.17 In the case

where J=2, the probabilities are expressed as follows:

/Q��V � �V
�
� �B � �B

�
� � |

�

/Q��V � �V
�
� �B � �B

�
� � |

�

�� Heckman and Singer (1984) have analyzed the estimation procedure for the case where the number of points of support is itself estimated.
However, the computation of standard errors is problematic.
�� This method is often used in bi-variate duration models. See van den Berg, Lindeboom and Ridder (1994) for an example.
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/Q��V � �V
�
� �B � �B

�
� � |

�

/Q��V � �V
�
� �B � �B

�
� � |

�

where yV
�
� yV

�
and yB

�
� yB

�
and the likelihood function takes a form similar to (14) and (15).

This specification has the advantage of allowing a less restrictive covariance structure between

ability in the labor market and ability at school.

�� 2ESULTS FROM A 3AMPLE OF 0RIME!GE 7ORKERS

In this section, we present the results obtained when we implemented the model on a sample

of prime-age workers between 36 and 45 at the time of the survey. Section 4.1 is devoted to

model specifications where all stochastic components are represented by a sequence of i.i.d.

shocks and where individual specific unobserved heterogeneity is therefore ignored. Estimates

obtained with individual effects (univariate or bi-variate) are in section 4.2.

���� -ODEL WITH I�I�D� 3HOCKS

Two different versions of the model with i.i.d. shocks are presented in section 4.1. First, in

Table 3A, net learning costs are restricted to be positive with an exponential transform while in

the second version (Table 3B), learning costs are specified as a linear function (with an inter-

cept term and a slope for the rural/non-rural distinction, father’s education level and mother’s

education level). Parent’s education is introduced through class variables presented in Section

3.1. The rate of interest is restricted to be positive also with an exponential transform.

The results can be summarized as follows. The large negative values for the estimates of the

intercept term (-28 for males and -10 for females) found in Table 3A reveal that net learning

costs (imposed to be non-negative) are very small although higher for those individuals born

(and raised) in rural areas and lower for those individuals whose parents have higher education

levels. The estimates for the returns to human capital are different for males and females; the

rate of return to education is around 14% for males and 11%for females while the returns to
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experience are estimated around 2% for males and negative (-1.5% for females).18 Interestingly,

the rate of interest is found to be practically equal to 0. Finally, the distribution parameter for

the variance of the error term in the costs of schooling (}
B
� is relatively high (3.23)and indicate

that a model specification does not fully capture all dispersion in schooling decisions choices

so the variance of the i.i.d. shocks need to be very high.

The estimates obtained with a linear net learning costs function are found in Table 3B. The

results indicate that the benefits exceed the learning costs substantially as the strongly negative

intercept terms (-3.72 for males and -3.32 for females) ensure that cost will be negative for each

class of individuals. However, the sign of the coefficients for the parent’s education variables

are still of the proper sign. This means that individuals whose parents have university degree

will have lower net costs (higher income) of attending school. The estimates for the returns to

human capital are strongly affected by the positivity restriction of the learning costs. The returns

to education become much smaller (3.5% for males and 3.6% for females) while the returns to

experience are not significantly different from 0 for both males and females. Although the

estimated rate of interest has raised slightly (it is now less than half a percent) for males, it is

still practically 0 for females.

3@AKD � 

,NCDK VHSG H�H�C� 2GNBJR `/NRHSHUD �1DRSQHBSDC� +D@QMHMF "NRSR
Males (36-45) Females (36-45)

Learning Cost intercept -28.7660 (8.22) -10.3089 (5.05)
rural 0.6573 (0.16) 0.5331 (0.20)
Father educ

KNV
27.84 (8.21) 0.7147 (0.55)

Father educ
GHFG

-22.9044 (6.58) -8.0895 (4.24)
Mother educ

KNV
0.1807 (0.11) 8.7924 (5.38)

Mother educ
GHFG

-17.3111 (4.99) -4.4501 (2.34)
Wage Function intercept 2.5756 (0.19) 3.4170 (0.11)

education 0.1383 (0.006) 0.1106 (0.006)
experience 0.0209 (0.007) -0.0156 (0.006)

Rate of Interest 3.69*10`�� 1.23*10`�

Variances }
B

3.2291 (0.20) 3.0274 (0.26)
}
V

0.2234 (0.98) 0.2780 (0.11)
Mean Log Lik. -3.259 -3.081
Sample 226 252

�� Age earnings profile are known to be relatively flat in Sweden when compared to the US or Canada.
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3@AKD �!

,NCDK VHSG H�H�C� 2GNBJR `4MQDRSQHBSDC KD@QMHMF BNRSR
Males (36-45) Females (36-45)

Learning Cost intercept -3.7180 (0.26) -3.3227 (0.23)
rural 0.1841 (0.06) 0.1090 (0.04)
Father educ

KNV
0.1952 (0.04) 0.1311 (0.03)

Father educ
GHFG

-0.0754 (0.06) 0.0871 (0.05)
Mother educ

KNV
0.0711 (0.05) 0.1545 (0.04)

Mother educ
GHFG

-0.2037 (0.11) -0.0406 (0.07)
Wage Function intercept 3.7015 (0.12) 3.5036 (0.08)

education 0.0355 (0.01) 0.0360 (0.007)
experience 0.001 (0.005) 0.0050 (0.005)

Rate of Interest 8.31*10`� 1.25*10`�

Variances }
B

2.9281 (0.53) 2.0751 (0.59)
}
V

0.2393 (0.09) 0.36531 (0.11)
Mean Log Lik. -2.776 -2.859
Sample 226 252

���� -ODELS WITH )NDIVIDUAL %FFECTS

In this sub-section, we discuss the estimates obtained for model specifications where unob-

served ability is introduced. We consider two cases. First, we introduce unobserved ability as a

univariate unknown random variable that appears in both labor market outcomes (wages) and

learning costs. However, in the learning costs, the ability effect is multiplied by an unknown

parameter to be estimated. Secondly, we consider a model where ability in the labor market

and ability at school are two distinct random variables which are assumed to follow a bi-variate

distribution. This is a more flexible model.

������ 5NIVARIATE )NDIVIDUAL %FFECTS

The model with univariate distribution of ability has been estimated with a restricted learning

costs function (Table 4A) as well as an unrestricted version (Table 4B). We assume that the

population of individuals can be represented adequately with a discrete distribution with three

(3) points of support and the effect of ability in the learning costs function is the product of
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the labor market ability (yV� times a parameter (n
I
� to be estimated� Given the overwhelming

evidence that interest rate is very low, we fix it to 0.19

The results indicate the relevance of introducing unobserved heterogeneity. We first summarize

Table 4A. For males, the three (3) intercept terms in the wage function are 1.7552 (for 40% of

the population) , 2.6359 (for 10% of the population) and 3.3728 (for the remaining 50% of the

population). The estimates for n
B

(0.31) indicates that the effect of ability in the net benefit

function is smaller than the effect of ability in the labor market. However, despite a large

variation in individual effects (as measured by the impact on wages), education is found to

raise wages by 16% as opposed to 14% (with no unobserved heterogeneity).

For females, the low ability class contains of 28% of the population with an intercept of 0.2636

while the medium ability class contains 1% of the population with an intercept of 2.3913. The

remaining 71% is in the high ability group with an intercept of 3.2617. The estimate for n
B

(.2986) is close to the obtained for males. Like for males, the returns to education seem also

affected when unobserved ability is introduced; the estimate is 16% as opposed to 11%. The

returns to experience is also practically 0 for females.

Finally, in order to re-examine the implication of the positivity restriction of the cost function,

we have implemented a version of the univariate ability model on our sample of males and

females (Table 4B) and used a simple linear function for the net cost function. The results

are striking. For males, the ability points are 1.3895 (for only 1% of the population), 2.7426

(for 91%) of the population and 4.1332 (for 8% of the population). Given the small positive

values for the effect of being raised in a rural region (0.1868) and the value for n
B

(0.9953), this

implies that, for all individuals, the deterministic components of the net learning costs function

is negative. We interpret this as evidence in favor of the hypothesis that learning costs are

minimal when compare to income or family support while at school.20 By far, the most striking

consequence of abandoning the positivity of the learning costs is a substantial reduction the

returns to education as the estimate obtained is now 3.4%. Indeed, a comparison of the returns

to education in Table 3B and Table 4B indicates that, when learnings costs are unrestricted, the

effect of introducing unobserved heterogeneity is much smaller.

�� It turns out that estimates can be obtained but they are almost always 0.
�� Indeed, when we introduce unobserved heterogeneity, the estimates for the variance of the learning costs i.i.d. shock (not reported in the
tables to save space) are generally small. They are typically between 0.5 and 0.8.
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3@AKD �  

,NCDK VHSG 4MHU@QH@SD (MCHUHCT@K $mDBS

1DRSQHBSDC -DS +D@QMHMF "NRSR

Males (36-45) Females (36-45)
Learning Costs rural 0.1489 (0.03) 0.0828 (0.03)

Father educ
KNV

0.0626 (0.09) 0.0665 (0.06)
Father educ

GHFG
-0.2009 (0.26) -0.1903 (0.07)

Mother educ
KNV

0.0712 (0.16) 0.1023 (0.05)
Mother educ

GHFG
-0.2738 (0.16) -0.0455 (0.11)

n
B

0.3102 (0.07) 0.2986 (0.05)
Ability yV

�
1.7552 (0.15) 0.2636 (0.36)

yV
�

2.6359 (0.24) 2.3913 (0.12)
yV
�

3.3728 (0.21) 3.2617 (0.11)
p
�

0.3989 (0.10) 0.2797 (0.001)
p
�

0.0969 (0.004) 0.008 (0.003)
Wage Function education 0.1639 (0.002) 0.1557 (0.007)

experience 0.0027 (0.006) -0.0007 (0.006)
Rate of Interest - -
Mean Log Lik. -2.922 -2.912
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3@AKD �!

,NCDK VHSG 4MHU@QH@SD (MCHUHCT@K $mDBS

4MQDRSQHBSDC -DS +D@QMHMF "NRSR

Males (36-45) Females (36-45)
Learning Costs rural 0.1868 (0.21) 0.1117 (0.05)

Father educ
KNV

0.1991 (0.21) 0.1363 (0.06)
Father educ

GHFG
-0.0733 (0.93) -0.0177 (0.06)

Mother educ
KNV

0.0711 (0.32) 0.1594 (0.11)
Mother educ

GHFG
-0.2036 (0.28) -0.0281 (0.11)

n
B

0.9953 (0.17) 1.0021 (0.05)
Ability yV

�
1.3895 (0.21) 3.5197 (0.07)

yV
�

2.7426 (0.48) 3.5327 (0.15)
yV
�

4.1332 ( 2.94) 5.1446 (0.17)
p
�

0.0098 (0.002) 0.0567 (0.005)
p
�

0.9126 (8.21) 0.9240 (0.06)
Wage Function education 0.0343 (0.02) 0.0349 (0.009)

experience -0.0009 (0.04) 0.0060 (0.005)
Rate of Interest - -
Sample -2.539 -2.739

������ "I6ARIATE $ISTRIBUTION

As flexible as the unrestricted cost specification can be, our estimates can be criticized for

imposing a restricted correlation structure between ability in the labor market and ability at

school. For this reason, we implement a version or the model where both types of abilities are

assumed to follow a joint distribution which is approximated with four points of support. We

restrict ourself to the unrestricted net costs function and estimate one version for males (column

1) and one for females (column 2)21 In this case, those with the higher value for yB are those

with higher learning costs (or lower income while at school) and that those with high ability in

the labor market and high ability at school (low costs) are those who have high value for yV

and low value for yB�

�� Throughout the analysis, the model allowing for negative costs (or benefits) has proven to be more accurate. This has been through for
each cohort analyzed as well as for males and females.
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The male population is split as follows; 58% in high learning cost/high labor market ability

(p
�
�, 29% in low learning cost/high labor market ability (p

��
, 12% in high learning costs/low

labor market ability (p
�
� and almost 0% in low learning costs/low labor market ability. The

correlation coefficient is -.0325. The returns to education are around 3.70% per year while the

return to experience is minimal and insignificant.

The results for the females are in column 2. Around 79% in high learning cost/high labor

market ability (p
�
�, 20% in low learning cost/high labor market ability (p

��
, 0.4 % in high

learning costs/low labor market ability (p
�
� and almost 0% in low learning costs/low labor

market ability (p
�
�. The correlation coefficient is -0.0057. The returns to education is 3.6% for

females

At this stage, it is already possible to draw some preliminary conclusions from our analysis.

First, estimated learning costs, when imposed to be positive, are found to be minimal. Second,

when the positivity restrictions is removed, it has been found that the net psychic benefit of

attending school are important. Finally, the estimates for the returns to education are highly

sensitive to the specification of the net cost function. The returns are found to be 3 times higher

when we imposed positive costs (in which case they are estimated very close to 0).
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3@AKD �

,NCDK VHSG !HU@QH@SD (MCHUHCT@K $mDBS

4MQDRSQHBSDC +D@QMHMF "NRSR

Males (36-45) Females (36-45)
Learning Costs rural areas 0.1866 (0.05) 0.0706 (0.03)

Father educ
KNV

0.1965 (0.06) 0.1125 (0.04)
Father educ

GHFG
-0.0868 (0.06) -0.0036 (0.05)

Mother educ
KNV

0.0702 (0.07) 0.1221 (0.04)
Mother educ

GHFG
-0.2030 (0.10) -0.0341 (0.05)

�B
�

-3.1695 (0.85) -2.5464 (0.25)
�B
�

-3.5692 (0.88) -2.9418 (0.35)
Wage Function education 0.0367 (0.008) 0.0360 (0.009)

experience 0.0011 (0.005) 0.0049 (0.006)
�V
�

3.7604 (0.16) 3.5036 (0.10)
�V
�

3.6677 (0.15) 1.0423 (0.11)
Rate of Interest - -
Probabilities |

�
0.5808 0.7933

|
�

0.2949 0.2005
|
�

0.1248 0.0040
Log Likelihood -2.769 -2.802

�� 4HE 7AGE AND .ON7AGE 2ETURNS TO %DUCATION OF 9OUNG 7ORKERS

After having implemented our model on a sample of prime-age workers, we investigate the

returns to education on a sample of young workers aged between 18 and 25 in 1984. The sample

statistics for the sample of young workers is in Appendix 1.The estimation of the returns to

education on a sample of young workers is likely to lead to different results than those obtained

on a sample of prime-age workers. The returns to education are most likely stronger in earlier

years of the life cycle and can probably be estimated more precisely. Furthermore, investigating

education choices of young individuals illustrate the advantages of our method as, for a certain

number of individuals, the length of schooling is right censored. In Section 5.1, we investigate

the wage returns to education and compare our results to those obtained with prime-age workers.

In Section 5.2, we extend our model to the case where education raises wages as well as job

quality (or non-wage benefits).
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���� 4HE 7AGE 2ETURNS

In order to investigate the individuals between 18 and 25, we must group males and females.

This is because the total number of males and females is only 193. In order to make a distinction,

we incorporate a sex binary variable (equal to 1 for males) in the cost function. We report

estimates obtained with both a restricted and an unrestricted cost function in the case where we

have a univariate distribution ability (Table 6A) and a bi-variate distribution (6B).

We first analyze those results found in Table 6A (univariate individual effect). Generally speak-

ing, unlike for the prime-age workers, it is difficult to obtain significant estimates of the effect

of family education background on net costs for young individuals. Furthermore, there is prac-

tically no differences between males and females. This is true whether or not the learning cost

function is restricted. With the restricted cost function, returns to education are 12% while

there are around 5% when the cost function is unrestricted. We also note that the returns to

experience seem more important for younger workers; 2.5% in the restricted case and 4% in

the unrestricted case.

The results with the bi-variate heterogeneity distribution are in Table 6B. In the case of young

workers, the estimation strategy with the most flexible approach seem to give slightly different

results than those obtained with the univariate distribution. With the restricted cost function, we

obtain returns to education of 13% (as opposed to 12% in the univariate case). In the unrestricted

case, the returns to education are 7% (as opposed to 5% in the univariate case). The estimates

for experience are however similar; 2.8% in the restricted case and 4.2% in the unrestricted

case. The distribution parameters imply a weak positive correlation between net learning costs

of .0156 in the restricted case and -.0278 in the unrestricted case.
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3@AKD � 

,NCDK VHSG 4MHU@QH@SD (MCHUHCT@K $mDBS HM6@FDR @MC "NRSR

,@KDRAND %DL@KDR ADSVDDM �� @MC ��

�

Restricted Unrestricted
Learning Costs rural -0.0923 (0.11)

Sex (male=1) -0.0486 (0.09) -0.0032 (0.02)
Father educ

KNV
-0.0501 (0.06) -0.0064 (0.03)

Father educ
GHFG

-0.4755 (0.40) -0.0712 (0.03)
Mother educ

KNV
0.1765 (0.14) 0.0319 (0.02)

Mother educ
GHFG

-0.3795 (0.30) -0.0562 (0.03)
n
B

0.1732 (0.23) 0.9927 (0.03)
Ability yV

�
0.4194 (0.53) 0.4861 (0.44)

yV
�

2.3987 (0.52) 1.7220 (0.47)
yV
�

2.8614 (0.31) 3.1006 (0.20)
p
�

0.0160 (.0001) 0.0143 (0.001)
p
�

0.2678 (0.12) 0.0277 (0.008)
Wage Function education 0.1207 (0.03) 0.0514 (0.02)

experience 0.0246 (0.02) 0.0414 (0.02)
Rate of Interest - -
Log Likelihood -2.380 -2.319
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3@AKD �!

,NCDK VHSG !HU@QH@SD (MCHUHCT@K $mDBS

,@KDR @MC %DL@KDR���` ��

Restricted Unrestricted
Learning Costs rural areas 0.0994 (0.10) 0.02539 (0.29)

Sex 0.0048 (0.06) -0.0004 (0.05)
Father educ

KNV
-0.0206 (0.11) -0.0084 (0.07)

Father educ
GHFG

-0.3582 (0.20) -0.0969 (0.04)
Mother educ

KNV
0.1187 (0.08) 0.0405 (0.03)

Mother educ
GHFG

0.3374 (0.20) -0.0865 (0.04)
�B
�

-0.2833 (0.41) -2.2485 (0.69)
�B
�

-0.2950 (0.75) -2.7476 (0.75)
Wage Function education 0.1285 (0.02) 0.0697 (0.01)

experience 0.0283 (0.01) 0.0423 (0.02)
�V
�

2.7113 (0.15) 2.9525 (0.18)
�V
�

1.4729 (0.39) 0.7639 (0.41)
Probabilities |

�
0.9480 0.9386

|
�

0.0001 0.0146
|
�

0.0230 0.0569
Log Likelihood -2.391 -2.364

�� 4HE 7AGE AND .ON7AGE 2ETURNS TO %DUCATION OF

���� ! -ODEL WITH .ON7AGE "ENEFITS

This section is devoted to the introduction of non-wage benefits in the dynamic programming

model. In this context, non-wage benefits may incorporate any monetary payment which take

forms other than wages as well as the monetary value of ’’job quality’’. We assume that higher

education raises non-wage benefits as well as wages. As explained before, although we do

not have data on non-wage benefits, the solution of the dynamic programming problem solved

by the economic agents when coupled with observations on wages, allows us to identify the

non-wage portion of the returns to education.

As such, the introduction of non-wage benefits can be done in any framework discussed before;

a model with simple i.i.d. shocks (with no individual heterogeneity), a model with univariate
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distribution of ability and a model with a flexible bi-variate of ability. In the case where we

consider unobserved heterogeneity, the introduction of a third type of heterogeneity (ability to

obtain higher non-wage benefits or better job quality) is needed. We disregard the fully flexible

case where a tri-variate distribution of abilities would be estimated as this would require the

estimation of too large a number of free parameters. Instead, we consider that ability to raise

non-wage benefit, yX� is simply the product of yV time a parameter n
X

and we assume that

this holds in the case where we have a univariate distribution as well as in the case where

we estimate a joint distribution of yB� yV� In this section, we report estimates for the univariate

heterogeneity distribution and with the bi-variate distribution. In both cases, we report estimates

with the restricted and unrestricted net cost function.

The estimates with the univariate distribution are in Table 7A while those obtained with the bi-

variate distribution are in Table 7B. The impact on the estimates of the returns to education of

introducing non-wage returns to education are quite spectacular. The wage returns to education

in the restricted case is now 3.8% and 3.4% in the unrestricted case. The returns to experience

is 2.3% in the restricted case and 4.5% in the unrestricted case. When compared to Table 6A,

these estimates reveal that introducing non-wage returns has indeed reduced the wage returns

to education. In the univariate heterogeneity distribution case, the estimates of the non-wage

benefit returns to education are small (1.3% in the restricted case and 2% in the unrestricted

case) but estimated very imprecisely. However, as noted before, the univariate distribution is

not really flexible so these estimates have to compared with those obtained when we estimated

a bi-variate distribution.

These estimates are in Table 7B. As noted in Table 6A and 6B, allowing for a flexible correlation

structure seem preferable as we observe notable differences between Table 7A and Table 7B.

In the unrestricted case, the wage returns to education are 4.7% while the returns to experience

are 3.3%. The non-wage returns to education are around 9% but also imprecisely estimated.

In the unrestricted case (the preferred specification), the wage returns to education are 3.5%

while the returns to experience are close to 5%. Interestingly, the non-wage returns are found

to be very high (16.5%) and are estimated very precisely. In the restricted case, the distribution

parameters imply that the correlation is .0249 while, in the unrestricted case, it is -0.0622.
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,NCDK VHSG 4MHU@QH@SD (MCHUHCT@K $mDBS`6@FD @MC -NM6@FD !DMDnS
restricted unrestricted

Learning Costs rural -0.0644 (0.11) 0.0153 (0.006)
Sex -0.0124 (0.07) -0.0009 (0.01)
n
B

-2.4487 (1.88) 0.3701 (0.05)
Ability yV

�
0.9919 (0.44) 1.4293 (0.28)

yV
�

3.2118 (0.19) 3.1569 (0.20)
yV
�

8.7614 (21.4) 6.0062 (0.31)
p
�

0.0262 (0.002) 0.0493
p
�

0.9700 0.9423
Wage Function education 0.0382 (0.01) 0.0337 (0.02)

experience 0.0234 (0.02) 0.0453 (0.02)
Non-Wage Benefit education 0.0131 (0.02) 0.0200 (0.02)

n
X

-0.8498 (0.04) -1.0134 (0.02)
Rate of Interest - -
Mean Log Lik. -2.561 -2.689
Sample 214 209

3@AKD �!

,NCDK VHSG !HU@QH@SD (MCHUHCT@K $mDBS`6@FD @MC -NM6@FD !DMDnS
Unrestricted Restricted

Learning Costs rural areas -0.0094 (0.01) -0.0764 (0.08)
Sex -0.0053 (0.01) -0.0070 (0.09)
�B
�

1.6057 (0.73) -0.08101 (0.62)
�B
�

1.3593 (0.75) -2.1823 (0.59)
Wage Function education 0.0471 (0.02) 0.0346 (0.02)

experience 0.0333 (0.017) 0.0495 (0.008)
�V
�

3.1279 (0.16) 3.3244 (0.13)
�V
�

0.8502 (0.36) 2.9843 (0.09)
Non-Wage Benefit education 0.0905 (0.08) 0.1655 (0.03)

n
X

-1.4436 (0.26) 1.2174 (0.23)
Rate of Interest - -
Probabilities |

�
0.8110 0.5860

|
�

0.1650 0.2340
|
�

0.0001 0.0820
Mean Log Lik -2.285 -2.383
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�� 3UMMARY

In this section, we summarize some of our main findings. The reader will remember that esti-

mates differ according to the cost function specification as well as the stochastic specification.

���� -ODELS WITH 7AGE 2ETURNS

First, we summarize those results obtained when only wage returns are considered. Those

obtained for prime-age workers are in Table 8A while those obtained for younger workers are

in Table 8B. For prime-age workers, we report the wage returns to education for males and

females under both specifications of the net cost function in the i.i.d model, the univariate

ability model and the bi-variate model. To ease comparison with reduced-form literature, we

also report ordinary lest squares estimates. In terms of the stochastic specification, least squares

corresponds to the case where education and wages are exogenous. The model specification

with an i.i.d. shock corresponds to a case where wages and education are endogenous but

stochastically independent. Stochastic dependence between ability in the labor market and at

school can only be capturer in the univariate model and in the bi-variate model. However, the

bi-variate model is by far the most flexible.

Apart from the striking differences between estimates obtained when the cost function is re-

stricted and when it is unrestricted, the most notable feature is the very small difference between

least squares estimates of the wage returns to education and other estimates (i.i.d., univariate

and bivariate). Although it is not too surprising to see the wage returns in the i.i.d. model close

to the least squares estimates (since education length is stochastically independent from wages),

it might be surprising to observe that the most flexible model specification (bi-variate ability

distribution with unrestricted cost function) gives a wage return to education for males of 3.7%

which is only .2% superior to ordinary least squares (3.5%). This might be interpreted as very

weak evidence in favor of the hypothesis that least squares estimates are downward biased. For

females, both the i.i.d and the bivariate model coincide with least squares estimates (3.6%) so

there appears to be no bias.

In Table 8B, we report similar estimates for young individuals (18-25). Although we also note

the same discrepancy between estimates from the restricted cost function and the unrestricted

one, there is a much clearer divergence between estimates obtain under various stochastic speci-

fications. Indeed, the results indicate that the wage returns to education increase as we go from
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ordinary least squares (4.2%) to model where the dependence between labor market ability

and ability at school is flexibly estimated (7%). We might see this as evidence in favor of the

hypothesis that ordinary least squares estimates are downward bias.

3@AKD � 

3GD 1DSTQMR SN 2BGNNKHMFFOR 0RIME!GE 7ORKERS �����	�  2TLL@QX

i.i.d. Univ. Bi-variate OLS
Wage

Males 3.5%
Restricted Costs 13.8% 16.4% 12.2%
Unrestricted Costs 3.6% 3.4% 3.7%

Females 3.6%
Restricted Costs 11.1% 15.6% 10.7%
Unrestricted Costs 3.6% 3.5% 3.6%

3@AKD �!

3GD 1DSTQMR SN 2BGNNKHMF ENQ 8NTMF6NQKERR ���` ��� � 2TLL@QX
i.i.d. Univ. Bi-variate OLS

Wage
Males/Females 4.2%

Restricted Costs 11.5% 12.1% 12.9%
Unrestricted Costs 6.5% 5.1% 7.0%

���� -ODELS WITH 7AGE AND .ON7AGE 2ETURNS

Finally, we summarize our findings regarding the allowance for non-wage returns to education.

First, we notice that allowing for non-wage benefits tend to reduce the discrepancy between

estimates obtained with a restricted and unrestricted cost function. This is not surprising. Fur-

thermore, the presence of non-wage benefits reduce the wage returns to education. For instance,

in the flexible bi-variate ability model, the wage returns drop from 7.0% (when only wage ben-

efits are allowed) to 3.5% (when we allow for non-wage benefits). Again, modelling education

choices as a structural dynamic discrete choice model appears to payoff since these estimates

are different from least squares estimates of the wage returns (4.2%). What appeared before as

an downward bias, seems now an upward bias. The non-wage returns are found to be high for

young workers, particularly in the flexible model (16%). Given that no least squares estimates

of the non-wage returns can be obtained without data on non-wage benefits, we cannot really
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comment on the validity of this result. Indeed, how one values non-wage benefit in a given job

might be highly subjective.

3@AKD �"

3GD 1DSTQMR SN 2BGNNKHMF ENQ 8NTMF6NQKERR ���` ��� � 2TLL@QX
i.i.d. Univ. Bi-variate OLS

Wage
Males/Females 4.2%

Restricted Costs - 3.8% 4.7%
Unrestricted Costs 4.2% 3.4% 3.5%

Non-Wage
Males/Females -

Restricted Costs - 1.3% 9.0%
Unrestricted Costs - 2.0% 16.5%

�� #ONCLUSION

In this paper, we have implemented a dynamic programming model of schooling decisions on

a cross- section of Swedish individuals. Our model allows us to take into account endogeneity

of schooling decisions in estimating the wage and non-wage returns to education and experi-

ence while imposing all the restrictions impled by economic theory. This allowed us to obtain

estimates of other surrounding parameters such as the effect of parental education on the net

learning costs and the subjective rate of interest.

Throughout the analysis, it has been found that parental support (or other type of income) plays

an important role to the extent that income while at school must exceed learning costs by a sub-

stantial amount. This is true for males and females as well as young and prime-age individuals.

We have always found compelling evidence that the subjective rate of interest is very small;

practically 0. As it would be expected in the case of most Nordic countries, we have found that

the returns to education are small. In the most flexible model where any arbitrary correlation

between ability at school and in the labor market is allowed, the estimates for prime-age workers

are around 3.7% for males and 3.6% for females. For the more recent cohort (18-25), estimates

are higher (around 7%). Overall, when we ignored the possibility of non-wage benefits, we

have generally found that least squares estimates are generally smaller than structural estimates

estimated most flexibly. This was specifically true for young individuals and prime-age male

workers although least squares estimates for females seem coincident with our structural esti-
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mates with a bi-variate ability distribution. This might be understood as evidence in favor of

least squares estimates being downward bias.

Finally, we have seen that when the model specification allows individuals to make education

choices according to wage and non-wage benefits, the wage returns have been reduced by a

half (from 7% to 3.5%). Not surprisingly, we found non-wage benefit to be very important;

the non-wage returns to education vary from 2% (univariate ability) to 16% (bi-variate ability).

More importantly, once non-wage benefit have been introduced, we find that the wage returns

(at least for young workers) are below those obtained by least squares, suggesting that least

squares estimates might indeed be downward biased.

Overall, we believe that our estimation strategy is quite promising. We have been able to obtain

estimates for the non-wage returns to education ( a parameter intrinsically not identified in

standard regression analysis) and to evaluate the effect of omitting non-wage benefit in a model

specification. At the same time, the non-parametric estimation of the joint distribution of labor

market ability and the net learning cost allowed us to evaluate the effect of estimating the returns

to education when ability at school and in the labor market are assumed to be independent or

assumed to be correlated in a restrictive fashion. Throughout the analysis, we however have

relied on the hypothesis that the subjective interest rate was a parameter (indeed estimated

to be very small). Population homogeneity in terms of discounting is probably an untenable

assumption. Clearly, our model could be used to analyze the returns to education in a framework

where the subjective interest rate could be treated an individual effect, perhaps correlated with

labor market ability. This is an avenue for research which we are likely to take in a near future.

�� 2EFERENCES

Angrist, J. & A. Krueger, 1991. Does Compulsory Schooling Attendance Affect Schooling and

Earnings, 1UARTERLY *OURNAL OF %CONOMICS � November, 106 (4), 979-1014.

Angrist, J. & A. Krueger, 1992. Estimating the Payoff to Schooling using the Vietnam-Era

Draft Lottery, National Bureau of Economic Research (Cambridge M.A.) 7ORKING PAPER .O

�����

Blackburn, M. & D. Neumark, 1993. Omitted Ability Bias and the Increase in the Return to

Schooling, *OURNAL OF ,ABOR %CONOMICS � July, 11 (3): 521-543.

- 32-



Card, D., 1993. Using Geographic Variation in College proximity to estimate the Return to

Schooling, ."%2 7ORKING 0APER .O� ����.

Eckstein, Z. & K. Wolpin, 1989. The Specification and Estimation of Dynamic Stochastic

Discrete Choice Models, 4HE *OURNAL OF (UMAN 2ESOURCES, 562-598�

Garen, J., 1984. The Returns to Schooling: A Selectivity Bias Approach With a Continuous

Choice Variable, %CONOMETRICA � 52 (5): 1199-1218.

Griliches, Z., 1977. Estimating the Returns to Schooling: Some Econometric Problems. %CONO

METRICA � 45 (1): 1-22.

Harmon, C. & I. Walker, 1996. Estimates of the Economic return to Schooling for the United

Kindom, !MERICAN %CONOMIC 2EVIEW� 85 (5): 1278-1286.

Heckman, J. & B. Singer, 1984. A method for Minimizing the impact of distributional assump-

tions in econometric models for duration data, %CONOMETRICA� 52:271-320.

Klevmarken, A. & P. Olovsson, 1993. Household Market and Nonmarket Activities: Proce-

dures and Codes. The Industrial Institute for Economic and Social Research.

Taubman, P., 1976. The determinants of Earnings: Genetics, Family and Other environments:

A Study of White Male twins, !MERICAN %CONOMIC 2EVIEW � 66 (5): 858-870.

van den Berg, G., M. Lindeboom & G. Ridder, 1994. Attrition in Longitudinal Panel data and

the Empirical Analysis of Dynamic Labour Market Behaviour, *OURNAL OF !PPLIED %CONOMET

RICS � 9, 421-435.

Wolpin, K., 1987. Estimating a Structural Job Search Model: The Transition between School

to Work, %CONOMETRICA

- 33-



!PPENDIX �
Sample Males (18-25) Females (18-25)

Sample average Sample average
% raised in rural area 18.0 22.0
% raised in urban areas22 18.0 15.0
% male - -
Age 22.3 22.2
Education (years) 11.5 11.3
Wage per hour (1983 S.kr) 35.0 43.2
Experience (years) 3.2 3.1
% fathers with high schooling23 21.0 16.0
% fathers with low schooling 59.0 61.0
% working at survey 87.0 82.0
# of observations 85 108

3@AKD � 

,NCDK VHSG H�H�C�2GNBJR`4MQDRSQHBSDC +D@QMHMF"NRSR
Males (36-45) Females (36-45)

Learning Cost intercept -1.4504 (0.32) -2.2137 (0.35)
rural 0.1744 (0.07) 0.5412 (0.18)
Father educ

KNV
0.1849 (0.10) 0.6155 (0.27)

Father educ
GHFG

-0.0740 (0.18) 0.1568 (0.34)
Mother educ

KNV
0.0673 (0.10) 0.9133 (0.25)

Mother educ
GHFG

-0.1979 (0.11) -0.1716 (0.46)
Wage Function intercept 3.6558 (0.160 3.5219 (0.09)

education 0.0370 (0.007) 0.0393 (0.008)
experience 0.0033 (0.006) 0.0035 (0.005)

Non-Wage Benefit intercept -2.3066 (0.22) -0.1796 (0.35)
education -0.0019 (0.01) 0.1214 (0.015)

Rate of Interest - -
Variances }

B
2.1888 (0.13) 5.2642 (0.57)

}
V

-2.1393 (0.10) -1.8531 (0.10)
Mean Log Lik. -2.827 -2.815
Sample

�� Urban areas include Stockholm, Göteborg and Malmö.
�� This percentage refers to the fraction of individuals whose father have completed schooling beyond elementary schooling (beyond 7 years).
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,NCDK VHSG (MCHUHCT@K $mDBS HM6@FDR @MC "NRSR`4MQDRSQHBSDC +D@QMHMF"NRSR

factor loading
Males (36-45) Females (36-45)

Learning Costs rural 0.4113 (0.205) 0.0153 (0.006)
Father educ

KNV
0.4388 (0.215) 0.0157 (0.005)

Father educ
GHFG

-0.1666 (0.19) -0.0043 (0.009)
n
B

0.4652 (3.13) 1.6550 (1.04)
Ability yV

�
1.3414 (0.19) 2.4789 (0.18)

yV
�

3.6976 (0.11) 3.5669 (0.055)
yV
�

4.0866 (0.17) 5.2747 (0.247)
p
�

0.0099 0.0316
p
�

0.8665 0.9534
Wage Function education 0.0345 (0.006) 0.0397 (0.006)

experience 0.0008 (0.004) 0.0013 (0.002)
Non-Wage Benefit education 0.0455 (0.0364) -0.0349 (0.007)

n
X

-1.0221 (0.117) -1.0085 (0.020)
Rate of Interest
Mean Log Lik. -2.561 -2.689
Sample 214 209
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,NCDK VHSG (MCHUH`4MQDRSQHBSDC +D@QMHMF"NRSR
bivariate

Males (36-45) Females (36-45)
Learning Costs rural areas 0.5658 (1.1835) 0.6905 (0.8308)

Father educ
KNV

0.6057 (1.246) 0.7891 (1.2875)
Father educ

GHFG
-0.2351 (0.538) 0.2003 (0.570)

�B
�

-0.0284 (1.063) 1.9964 (9.540)
�B
�

-0.3244 (0.642) 1.3599 (9.388)
Wage Function education 0.0384 (0.005) 0.0359 (0.008)

experience 0.0019 (0.004) 0.0002 (0.005)
�V
�

1.2907 (0.200) 2.3416 (0.285)
�V
�

3.6993 (0.112) 3.6102 (0.088)
Non-Wage Benefit education 0.0634 (0.213) 0.1691 (0.314)

n
X

Rate of Interest - -
Probabilities |

�
0.3001 0.9999

|
�

1.07`� 0
|
�

0.0099 0
Log Likelihood -2.563 -2.787
Sample 214 209
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