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Abstract. In this paper we evaluate the e¤ectiveness of educational programmes used as an employment strategy for disabled workers in Norway. To
obtain these estimates we follow the employment career of a sample of participants in educational programmes and nonparticipants three years after
they had left the vocational rehabilitation beneﬁt system. We specify an
employment outcome model that includes both unobserved heterogeneity and
selection bias due to correlation between unmeasured factors and a person’s
training status. Even though participants in educational programmes have
employment rates that are around eight percentage points higher than those
who did not participate in such programmes, econometric selection models
produce a training e¤ect for education not signiﬁcantly di¤erent from zero.
Key words: programme evaluation, education, disability, employment
JEL classiﬁcation: I210, J240, J310
1. Introduction
Concern about the wide gap in educational level and general skills between
partly disabled and non-disabled workers has resulted in an increasing use of
ordinary education as a vocational rehabilitation strategy.2 The main purpose
1 The data were provided by The Norwegian Social Data Service in Bergen. I would like to thank
Dag Kiberg for preparing the raw data. All the data are gathered from sources at The Directorate
of Labour, The Social Insurance Organization and Statistics Norway. None of the mentioned institutions are in any circumstances responsible for the analysis or for the conclusions drawn from it.
2 The level of education of ordinary unemployed is also substantially higher compared to vocational rehabilitation clients. Only 50 percent of the vocational rehabilitation (VR) clients have
high school or more, while the same number is 75 percent for ordinary unemployed. Around 85
percent of the labour force in Norway have high school or more.
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of both educational and other training programmes for partly disabled workers is to enhance participants’ human capital and productive skills and, in turn,
increase their employment prospects. Although education is the most commonly used vocational rehabilitation programme in Norway, little research
has been done to evaluate its e¤ectiveness and economic impact.3 We focus
on this deﬁciency and examine the e¤ects of general training (education) on
employment among partly disabled workers.
Our longitudinal data allow us to use several di¤erent approaches to compare the employment outcomes of participants and the employment outcomes
of eligible but nonparticipating individuals used to proxy the outcome of participants had they not participated. We specify employment outcome models
without invoking distributional assumptions about omitted variables, and
model potential correlation between omitted variables and education using
an index-su‰cient representation.
Our data consist of a random sample of 1506 persons who entered the
vocational rehabilitation beneﬁt scheme in 1989 and left it before 1991. Besides
the beneﬁt given to disabled people who have previously been employed, the
Norwegian vocational rehabilitation system o¤ers active training to employ
persons with various disabilities. Members of our training group consist of
individuals who participated in educational training programmes. These clients are integrated into ordinary classes in the public school system, or attend
classroom training aimed speciﬁcally towards unemployed people. The comparison group consists of individuals who received rehabilitation beneﬁt, and
were directed to and had applied for training, but did not participate in active
VR training.4,5 The outcome for untrained persons is used to proxy the outcome for participants had they not participated in the programme. We focus
on the average treatment e¤ect on the treated, sometimes denoted TT, since
this is usually the most interesting policy parameter. This treatment parameter
focuses on the e¤ect of training on the trainees. To obtain the estimates of
the e¤ect of education we follow the employment career of participants and
nonparticipants for four years after they leave the vocational rehabilitation
system.
In non-experimental evaluation studies, persons who receive education are
not necessarily comparable to nonparticipants even in the hypothetical case
where the participants did not participate in the programme. Using nonparticipants to proxy participants in the case where participants had not been
educated runs the risk of producing selection bias in estimates of the e¤ect of
education due to di¤erences in observed and unobserved factors between the
two groups. The solution to selection bias due to observable characteristics (in
the data) is to include these variables in regression analysis. With longitudinal
3 For the US economy, Dean and Dolan (1992) analyse the e¤ectiveness of higher education for
persons with work disabilities. Some evaluation studies on the overall e¤ectiveness of vocational
rehabilitation programmes using a comparison group approach has been done for the US economy, for instance Nowak (1983), Worrall (1988), Dean and Dolan (1991). None of these studies
look at the e¤ects of education on the movement in and out of employment.
4 The decision to accept a person for training, given that the person has applied, is mainly made
by case workers. However, there can be a substantial time lag between acceptance and the startup
of training, giving room for ‘‘drop outs’’ due to lack of motivation, employment, or other reasons.
5 Our comparison group consists of persons not participating in a training programme more
broadly deﬁned than education. We do not know how many persons in the comparison group
applied for educational programmes.
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data and a binary outcome variable this corresponds to estimating a randome¤ects probit model where dependence in successive employment probabilities
for each person is internalized. In this model unobserved heterogeneity is
assumed to be normally distributed and independent of explanatory variables.
Selection bias due to unobserved variables implies that at least one
individual-speciﬁc factor not observed in the data is correlated with a person’s
training status and employment outcome. One potential form of selection bias
due to unobserved variables may be that trainees have higher motivation or
ability than nonparticipants, and that motivation or ability is an important
factor for the employment outcome after training. It may also be the case that
motivated people have higher opportunity cost and thus are more eager to get
employed without participating in an employment programme.
Several di¤erent approaches to correct for selection bias have been discussed in the literature. Heckman (1979) proposed a two-stage procedure that
can be used to correct for non-random selection into training programmes.
The original model relies on the assumption of a bivariate normal distribution
between the error terms. In this paper we reject the assumption of normality,
and are thus forced to use other, less developed, methods to estimate the e¤ect
of educational programmes. Recent developments in models of selection bias
are related to the classical econometric selection model of Heckman, but are
based on non-parametric and semi-parametric estimation of the selection
equation and the outcome equation. These estimation techniques o¤er more
ﬂexibility in analysing critical parts of a regression relationship, for instance
non-normality, although at the cost of poorer e‰ciency compared to a correctly speciﬁed parametric model. However, a parametric model runs a greater
risk of model bias due to misspeciﬁcation. Flexible estimators require fewer
modeling assumptions. See, for instance, Vella (1998) for a recent overview
of selection models using semi-parametric estimation strategies, and Ichimura
and Todd (2001) on how to implement non-parametric and semi-parametric
estimators.
In this paper we estimate the selection equation using a kernel regression method. To capture potential selection bias due to correlation between
unobserved variables and a person’s training status we include a smoothed
single-index variable estimated from the selection equation in the outcome
regression. The employment equation is estimated using a semi-parametric
approach based on a mixture representation of unobserved heterogeneity.
Descriptive statistics reveal that participants in educational programmes
have substantially higher success rates in the labour market compared to the
employment outcome of eligible individuals not participating in active training. Mean employment rates for persons participating in educational programmes are around eight percentage points higher than employment rates
experienced by nonparticipants. However, we ﬁnd that persons participating in
training programmes are more likely to be employed even without the training
programme than persons not participating in such programmes. Adjustment
for observed discrepancies between trainees and nonparticipants reduces the
estimated average training e¤ect on the treated to less than three percentage
points. In our selection model we ﬁnd that the introduction of unobservables
correlated with the education dummy reduces the estimated training e¤ect
even more, indicating creaming also on unobservables, although the magnitude is very small and imprecisely estimated.
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We organize the rest of the paper in the following way. In the next section
we introduce the data and institutional settings. In section 3 we discuss the
selection process, and estimate a simple probit model to see if trainees are
statistically di¤erent on observed variables from members of the comparison
group. In section 4 we ﬁrst present some simple cross-sectional and longitudinal estimates of the e¤ects of education on the employment probability,
where we control for observed di¤erences between trainees and members of
the comparison group. In section 5 we relax the assumption that the e¤ects of
omitted variables are randomly distributed and independent of background
variables. Section 6 summarizes our ﬁndings.

2. Data and institutional settings
The available data are drawn from several independent databases. The data
contain information on socioeconomic background variables and labour market participation for a random sample of the Norwegian population. The
present available observation period is ﬁve years, from the beginning of 1989
to the beginning of 1994.
Vocational rehabilitation is a social insurance scheme, where individuals
receive a beneﬁt after a period, usually of 52 weeks, on sickness leave. Not
everyone who receives this beneﬁt participates in active vocational training
programmes. We use an internal comparison group, that is, individuals who
were directed to and applied for a training programme, but did not receive
active training as part of their rehabilitation e¤ort, either due to self-selection
out of the programme or due to supply side restrictions. Bell et al. (1995) o¤er
several arguments in favour of internal comparison groups, see also Heckman
et al. (1998). Internal comparison groups are often favoured since they usually
mimic the treatment group better than other types of constructed comparison
groups. In internal comparison groups, nonparticipants are located in the
same labour market as participants. Heckman et al. (1998) have shown that
failure to match within local labour markets can be an important source of
bias in evaluation studies.
Our sample consists of persons who had a documented medical diagnosis
making them eligible for vocational rehabilitation, and who applied for participation in a training programme in 1989. We focus on the outcome of
individuals discharged from vocational rehabilitation before 1991. We can
observe retrospectively which clients applied for and participated in training,
and what type of training they received. Individuals who participated in other
types of training than education, such as sheltered work, wage subsidies,
employment schemes in the public sector, etc., are left out from the sample
since we choose to focus on the e¤ect of educational programmes.6 For a
6 It might be the case that people who have participated in an educational programme as part of
their rehabilitation e¤ort are more likely to continue their education with their own funds after the
end of vocational rehabilitation. It is di‰cult to estimate the e¤ect of education as part of the VR
programme if some persons continue with their education elsewhere, since we are not able to
identify the separate e¤ect of education as part of the VR e¤ort and their self-ﬁnanced education.
If individuals continue education elsewhere, the estimated e¤ect of education is likely to be
downward biased.
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detailed analysis of the selection into di¤erent training programmes and the
e¤ect of education compared to work related training, see Aakvik and Kjerstad (2002).
The decision to accept a person into a training programme is mainly taken
by case workers at the Employment O‰ce and local managers of vocational
rehabilitation centres. This decision is usually based on subjective judgement
regarding employment prospects. Guidelines emphasize that an ‘‘evaluation
of the clients’ total situation in each case should be considered when a participation decision is made. Main inclusion criteria are health, age, personal
characteristics, social conditions, education and labour market experience.’’
The candidates for training participation may themselves also inﬂuence the
participation decision by supplying subjective information to the programme
administrator and case workers.
Disabled individuals participating in educational programmes are usually
integrated into regular classes run by the public school system. The vocational
rehabilitation service varies greatly in substance and duration across clients,
reﬂecting a diverse clientele and the broad orientation of vocational rehabilitation. Unfortunately, we are not able from the data to distinguish among
the di¤erent types of education and classroom training that each individual
receives. Thus education is a dummy variable taking the value one if a person
participates in an educational programme, and zero otherwise. All expenses
are covered by the social security system. The vocational rehabilitation beneﬁt, which amounts to about 60 percent of previous income, ceases upon return
to work.
Before proceeding, we examine the characteristics of participants in educational programmes and nonparticipants in our sample. Table 1 contains
descriptive statistics on central variables in our empirical analysis.7
A simple measure of the e¤ect of education as a re-employment strategy
for disabled workers would be to compare employment histories of participants and nonparticipants. Table 1 shows that members of the treatment
group have higher employment rates compared to nonparticipants for all subsequent years. Individuals participating in educational programmes have a 7
percentage point higher employment rate than nonparticipants one year after
having completed training. The employment rate among those participating
in education programs increases by three percentage points from 1991 to 1992
and is constant from 1992 to 1993.8 Nonparticipants have the same pattern,
but with only a two percentage point increase.
Our simple measure of treatment e¤ects discussed above is hampered by
the lack of controlling for observed and possible unobserved individual characteristics. Failure to control for such di¤erences leads to bias in the estimate
of training impacts, see for instance Heckman and Hotz (1989). Table 1
reveals several discrepancies in observed characteristics between trainees
and comparison-group members. For instance, women are over-represented
7 Missing observations are not a major problem in our analysis. The same persons are followed
over time. We can thus ﬁll in for many missing observations using data for di¤erent years. Less
than 1 percent of the observations in the sample were deleted due to missing observations.
8 A chi-square test of no training e¤ect reveals a test statistic signiﬁcant at the 1 percent level,
indicating that the training e¤ect is positive. However, this test assumes that the treatment group
and the comparison group are drawn randomly from a population, which is not likely to be the
case in nonexperimental data.
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Table 1. Sample characteristics of participants and nonparticipants

Number of individuals
Employment rates, percent, 1991
Employment rates, percent, 1992
Employment rates, percent, 1993
Male, percent
Age, 1989
Work experience in years, 1989
Work experience in years, 1993
Mean income of spouses in NOK, 1989
Mean income of spouses in NOK, 1993
Percent with children
Married, percent, 1989
Unemployment rate, 1989a
Unemployment rate, 1993
Education in years, 1989

Educational
programmes

Non-participants

277
45
48
48
45
31.6
8.4
10.4
59432
79973
30
32
3.60
4.40
10.58

1229
38
40
40
52
35.7
10.2
12.1
58540
71049
28
41
3.39
4.38
9.94

a We have calculated the unemployment rate as the total number of unemployed individuals
multiplied by 100 and divided by the total number of individuals in the age interval between 16
and 67 in the municipality (kommune). In o‰cial statistics the number of unemployed individuals
is divided by the number of individuals in the labour force, producing higher rates than those reported here.

in educational programmes. Furthermore, participants in educational programmes are more than 4 years younger than members of the comparison
group. They also have more years of schooling in the beginning of our
observation period, but less experience in the labour market.
The revealed di¤erences in descriptive statistics between the two groups are
expected to inﬂuence the impact of training. In the next section we analyse the
selection process more formally using a probit model.
3. Selection of participants into educational programmes
We analyse the selection of participants into educational programmes using a
simple probit model. The selection of individuals into training may be a complicated process inﬂuenced by the client’s own decisions, institutional eligibility criteria, subjective judgements of local programme administrators or case
workers, and by random components such as ‘‘ﬁrst-come, ﬁrst-serve’’. Given
the relatively vague criteria for selection and the large degree of discrepancy
among case workers we would expect unobserved (to the econometrician)
variables to have a strong inﬂuence on the selection outcome and, potentially,
the employment outcome as well. An ideal situation for analysing the selection process would require a lot of information on case workers, health indicators and local labour markets, which is usually not available.
Whatever the nature of the selection process into training, it can be
described in terms of an index function. Let di be an index, which is assumed
to be a linear function of observed (zi ) and unobserved (ni ) variables. The
probit model takes the following form
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ni @ N½0; 1

if di > 0; and 0 otherwise;

ð1Þ

where di is a dichotomous variable taking the value one if person i is a participant in an educational programme, and zero if the person is a member
of the comparison group. zi is a vector of explanatory variables, including
age, work experience, gender, years of education prior to training, income of
spouse, local unemployment rate, medical diagnosis, as well as a constant
term. All the variables are measured in 1989. g is a set of parameters that
reﬂect the e¤ect of changes in background variables on the training index.
ni is assumed to be a standard normally distributed error term leading to a
probit model,
Probðdi ¼ 1Þ ¼ Probðni >

g 0 zi Þ ¼ Fðg 0 zi Þ;

ð2Þ

where F denotes the standard normal cumulative distribution function (c.d.f.).
The probit model estimates the e¤ect of background variables on the index
function. Discussing coe‰cients in terms of marginal e¤ects is often more
interesting. The e¤ect of a unit change in a continuous variable zik on the
probability of being a training participant, where zik is the kth element of
the p-vector of explanatory variables zi , can be calculated by the following
equation
qEðdi jzi Þ qFðg 0 zi Þ
¼
¼ fðg 0 zi Þgk ;
qzik
qzik

ð3Þ

where f is the standard normal probability density function (p.d.f.). Taking
1 Pn
the sample average, i.e.
fðg 0 zi Þgk gives the reported marginal e¤ects.
n i¼1
Thus the marginal e¤ects are calculated as the mean of the analytic derivative
calculated for each person (mean derivatives). Marginal e¤ects for dummy
variables are calculated as the change in Fð Þ when the dummy variable goes
from 0 to 1 for all observations. The average of these numbers gives the
reported marginal e¤ects for dummy variables.
We report the coe‰cients and standard errors for the selection regression
of equation (1) in Column 1 in Table 2, while marginal e¤ects are reported in
Column 2.
The Chi-squared test shows that the selection model is signiﬁcant as measured against the same model, with no explanatory variables. This means that
trainees in educational programmes di¤er signiﬁcantly from nonparticipants
with respect to important observable variables. We have also included 13
dummy variables that indicate the medical diagnosis of each person in the
sample. Most of these were not statistically di¤erent from zero in the regression. To save space we have omitted these numbers from the tables.
Individual characteristics such as youth, higher level of education (before
training), and more working experience signiﬁcantly increase the probability
of participating in educational training programmes. So does a higher level of
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Table 2. Selection of participants into educational programmes
Probit estimates
1
Constant
Work experience
Spouse’s income/100000
Married
Age
Male
Children
Education
Unemployment
Prob (di ¼ 1 j zi )
Number of observations
Log-Likelihood
Chi-squared

Marginal e¤ects
2

1.145**
(0.433)
0.015*
(0.009)
0.061
(0.111)
0.193
(0.134)
0.028**
(0.007)
0.263**
(0.092)
0.108
(0.098)
0.124**
(0.024)
0.048*
(0.025)
16.2%
1506
660
119

0.284
0.033
0.003
0.045
0.006
0.063
0.024
0.033
0.012

Note: Numbers in parentheses are standard errors. ** Indicates signiﬁcant at the 1 percent level,
while * indicates signiﬁcant at the 5 percent level, both for a two-sided test of population coefﬁcients equal to zero. To save space we have omitted 13 dummies indicating individual medical
diagnosis. We have tried speciﬁcations with interaction terms and with some variables entered
non-linearly. None of these speciﬁcations turned out to improve the ﬁt of the model or to give new
insight.

unemployment in the local district. Finally, the chances of participating are
higher for women than for men.9
4. Models for the e¤ect of education on employment
4.1. Controlling for observed di¤erences between the treatment and
comparison group
The e¤ect of training can generally be decomposed into an e¤ect on wages,
working hours, employment, and time of employment after training. In Norway, employment is the clearly deﬁned objective of vocational rehabilitation,
pointed out in several governmental reports. Card and Sullivan (1988), and
LaLonde (1995) also point out that most of the earnings gains reported in the
literature follow from higher employment rather than increased wages. In this
paper we focus on employment as our measure of success (or lack therof )
of training. We start with estimating simple cross-sectional and longitudinal

9 The selection process into vocational rehabilitation programmes is di¤erent from the selection
process into labour market programmes for ordinary unemployed individuals. Unemployed individuals may opt to collect a training allowance if they are not entitled to unemployment beneﬁts.
A person is entitled to unemployment insurance if she has been attached to the labour market for
some time prior to the occurrence of unemployment. Unemployed persons marginally attached to
the labour market are thus likely to be over-represented on training programmes since they receive
a training allowance during the training period. This type of self-selection is less likely to be the
case in VR training programmes, since most participants rely on beneﬁt schemes other than the
training allowance. See the discussion in Aakvik (2000).
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probit models of the e¤ects of education as an employment strategy for disabled workers. These estimates will give us a benchmark to which later models
will be compared. Later we specify models that are ﬂexible in capturing the
e¤ects of heterogeneity in unobserved variables, and that control for correlation between omitted variables and a person’s training status.
As a starting point, we specify models that adjust for observed di¤erences
that exist between the trainees and members of the comparison groups. Here
we assume that the employment outcome of trainees and nonparticipants are
stochastically independent of a person’s training status given that we control
for di¤erences in observed variables.
Longitudinal data introduce the problem of serial correlation in the subsequent employment probabilities over time for each person. Employment
rates are assumed to be a function of explanatory variables with regression
coe‰cients that vary from one individual to the next. We assume that this
variability reﬂects individual heterogeneity due to omitted variables, rather
than state dependence. The structural random-e¤ects probit model for longitudinal data may be written
yit ¼ b t0 xit þ mt di þ eit
yit ¼ 1

if yit > 0; and 0 otherwise;

ð4Þ

where yit is the observed dichotomous response variable taking the value one
if person i is employed at time t, and zero if the person is not employed. A
person is deﬁned as employed if she has an employment spell of more than
60 days in a given year. The job must at least be a regular part time job. xit is
a vector of explanatory time varying and time invariant variables including
a constant term, di is a dummy variable taking the value one if a person has
participated in an educational programme, and zero otherwise, and m is the
training e¤ect. b is a parameter vector that reﬂects the e¤ects of the changes
in background variables on the employment index. ei is a standard normally
distributed error term.
If eit is an independent standard normal variable, the longitudinal structure
of the data is irrelevant, and we may apply a standard pooled probit model
to estimate the e¤ect of training. To allow for time-varying coe‰cients we
also estimate a cross-sectional version of the probit model. The cross-sectional
probit models are more general than the panel data model we estimate in this
paper since in the panel data probit model with and without random e¤ects
we assume that the regression coe‰cients are ﬁxed over time. Lechner (1995)
provides a framework for testing the assumption of the programme e¤ect
being time constant.
The longitudinal data have an inherent problem of correlation between the
dependent variable over time for each individual due to omitted variables. Let
eit ¼ ci þ uit , where ci captures individual speciﬁc unobserved characteristics,
and uit is meant to account for the purely stochastic aspects of the model.
Since uit is stochastic, we have
Covðuit ; xit Þ ¼ Covðuit ; di Þ ¼ Covðuit ; ci Þ ¼ Eðuit Þ ¼ 0
Covðuit ; uis Þ ¼ su

if t ¼ s

and

Covðuit ; uis Þ ¼ 0 if t 0 s:

ð5Þ
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These are assumptions often made in panel data models. Where our assumptions di¤er from the usual ones is in the individual component. A ﬁrst
approach starts with the assumption that ci is a random variable with mean
zero and variance sc2 . In this model selection is assumed to be captured
by observed variables, that is, selection bias due to correlation between
unobserved variables and training status is absent. This model is used as a
benchmark to which other speciﬁcations can be compared. ci is removed from
the model by integrating the likelihood function over the normal probability
density function. It is assumed that there is a positive correlation between
any two measurements for the same individual. The within person correlation
takes the following simple form
Corrðci þ uit ; ci þ uis Þ ¼ r ¼ sc2 =ðsu2 þ sc2 Þ;

ð6Þ

where t 0 s. For t ¼ s the correlation is one. This is the Heckman and Willis
(1976) uniform correlation model for which Butler and Mo‰tt (1982) have
made an e‰cient computer algorithm. The estimate of the serial correlation
component r gives a test for the appropriateness of the random-e¤ects model
versus the speciﬁcation that does not model the within-subject correlation, and
is reported together with the coe‰cient estimates. For di¤erent panel probit
models and their properties see, for instance, Bertschek and Lechner (1998).
The econometric framework leads to di¤erent probit models where the
e¤ect of training can be evaluated on employment outcomes. The treatment
e¤ect for a given individual is the di¤erence in employment outcome in the
treated state and the employment outcome in the untreated state. However,
this person-speciﬁc treatment e¤ect is a counterfactual, and can rarely be
estimated. Instead, it is more common to work with averages.10 We write the
probability of employment as, Probðyit ¼ 1Þ ¼ Fðbt0 xit þ mt di Þ. The average
e¤ect of treatment (ATE) within this framework is simply
ATE ¼

n
1X
½Fðbt0 xit þ mt Þ
n i¼1

Fðbt0 xit Þ

ð7Þ

where n is the total sample used in this paper. It should be noted that this
parameter is not the training e¤ect for a random person in the general population. However, it is the training e¤ect on employment for a random person
in our sample. Since we use an internal comparison group, this parameter is
not very di¤erent from the e¤ect of treatment on the treated (TT). The TT
parameter is calculated using only training participants in a similar form as
in equation (7). Standard errors for the treatment e¤ects are calculated using
bootstrap.
4.2. Empirical results
We report the employment regressions in Table 3.1, where we control for
observed di¤erences between trainees and members of the comparison group.
10 For a thorough discussion of di¤erent treatment parameters see, for instance, Heckman (1997).
An econometric framework for estimating distributional treatment e¤ects on discrete outcomes is
given in Aakvik et al. (2002).
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Table 3.1. Probit regressions of employment
Probit
model
1991
1
Constant
Work experience
Work exp. squared/10
Spouse’s income (log)
Married
Age
Age squared/100
Male
Education
Children
Local unemployment
Training e¤ect:
Education (di )

Probit
model
1992
2

Probit
model
1993
3

Pooled
probit model
1991–1993
4

1.245*
(0.507)
0.150**
(0.020)
0.027**
(0.007)
0.027**
(0.009)
0.067
(0.101)
0.136**
(0.026)
0.111**
(0.031)
0.514**
(0.080)
0.087**
(0.021)
0.181*
(0.087)
0.013
(0.039)

1.334*
(0.531)
0.138**
(0.020)
0.019**
(0.007)
0.032**
(0.009)
0.005
(0.100)
0.131**
(0.027)
0.088**
(0.032)
0.448**
(0.079)
0.085**
(0.021)
0.248**
(0.087)
0.022
(0.036)

1.278*
(0.551)
0.133**
(0.019)
0.015*
(0.007)
0.028**
(0.008)
0.015
(0.099)
0.123**
(0.027)
0.073**
(0.032)
0.494**
(0.080)
0.096**
(0.021)
0.233**
(0.087)
0.004
(0.037)

1.158**
(0.301)
0.139**
(0.011)
0.020**
(0.004)
0.029**
(0.005)
0.029
(0.058)
0.125**
(0.015)
0.084**
(0.018)
0.486**
(0.046)
0.089**
(0.012)
0.221**
(0.050)
0.013
(0.021)

1.415*
(0.790)
0.374**
(0.032)
0.053**
(0.011)
0.062**
(0.013)
0.165
(0.140)
0.224**
(0.041)
0.010*
(0.005)
1.348**
(0.135)
0.212**
(0.035)
0.435**
(0.142)
0.002
(0.046)

0.062
(0.039)

0.045
(0.036)

0.038
(0.037)

0.048
(0.051)

0.039
(0.142)
0.836**
(0.036)
1.3

Correlation (r)
Training e¤ect
(percent)a
Number of
observations
Log-Likelihood
Chi-squared statistics

Random e¤ects
probit model
1991–1993
5

2.4

1.8

1.5

1.9

(0.018)
1506

(0.016)
1506

(0.013)
1506

(0.019)
4518

(0.015)
4518

2728
660

1991
1474

916
190

910
223

893
260

Note: Numbers in parentheses are standard errors. ** Indicates signiﬁcant at the 1 percent level,
while * indicates signiﬁcant at the 10 percent level, both for a two-sided test of population coe‰cients equal to zero.
a The training e¤ect reported here is the e¤ect of treatment on the treated (TT). Standard errors
are calculated using bootstrapping.

Members of the comparison group are used to proxy the outcome of participants had they not participated. Columns 1–3 report the estimates of the
e¤ect of training in 1991, 1992 and 1993, respectively, using cross-sectional
estimation techniques. In Column 4 we use a standard probit model on the
pooled data to estimate the e¤ect of training, where we assume that eit is
an independent standard normal variable. In Column 5 we report the results
from the random-e¤ects probit model stated in equation (4), incorporating
serial correlation in subsequent employment outcomes. Marginal e¤ects are
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Table 3.2. Marginal e¤ects in probit regressions of employment
Probit
model
1991
1
Constant
Work experience
Work exp. squared/10
Spouse’s income (log)
Married
Age
Age squared/100
Male
Education
Children
Local unemployment
Training (di ) (ATE)

0.481
0.056
0.010
0.011
0.028
0.052
0.042
0.198
0.034
0.065
0.006
0.026

Probit
model
1992
2
0.521
0.052
0.009
0.013
0.003
0.051
0.034
0.173
0.034
0.093
0.007
0.019

Probit
model
1993
3
0.498
0.051
0.007
0.012
0.007
0.047
0.028
0.190
0.037
0.088
0.004
0.016

Pooled
probit model
1991–1993
4
0.451
0.053
0.009
0.012
0.012
0.048
0.032
0.189
0.035
0.083
0.006
0.021

Random-e¤ects
probit model
1991–1993
5
0.469
0.121
0.017
0.019
0.056
0.074
0.034
0.442
0.071
0.139
0.002
0.014

reported in Table 3.2. In the cross-sectional regressions in Columns 1–3
we estimate employment in each year as a function of background variables
including a dummy for participation in educational programmes. The dependent variable is coded 1 if a person was re-employed in a speciﬁc year, and
zero otherwise. A pooled probit model and a random-e¤ects probit model are
used to estimate the e¤ect of training on employment simultaneously on all
three years following the end of training.
Our cross-sectional probit models of employment e¤ects of education show
point estimates varying from 2.4 percentage points in 1991 to 1.5 percentage
points in 1993. We cannot reject the null hypothesis that the program e¤ects
are jointly zero. These treatment e¤ects are the e¤ect of treatment on the
treated (TT). The average treatment e¤ects (ATE) reported in Table 3.2 are
slightly higher than the estimated TT-parameters. This suggests that the case
workers are not doing a very good job of sorting persons with the largest
expected gain into the program. Although the estimated e¤ects of education
are positive, they are not statistically di¤erent from zero. Estimating a randome¤ects probit model, where data from 1991 to 1993 are pooled, improves the
ﬁt of the model, but the training dummy remains insigniﬁcantly di¤erent from
zero.
Other variables behave much as expected, and most of them are signiﬁcantly di¤erent from zero. The e¤ect of work experience on the probability of
employment is increasing and concave, and higher spousal income increase
the probability of getting a job. The e¤ect of age is similar to other Norwegian
studies of vocational rehabilitation, where younger individuals have better
chances of getting a job, everything else equal; see Aakvik and Risa (1998).
Women have better chances of being employed compared to men, mainly
because the relatively high fraction of part-time employment among women in
our sample.11 The e¤ect of education is positive and signiﬁcant on the prob11 Using only full time employment as our success measure does not change the results much
except for the gender variable. Male clients have better chances of getting a full time job than
female clients.
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ability of employment. Having a child reduces the employment probabilities.
Higher unemployment rates in local districts also reduce the probability of
employment. However, this coe‰cient is not statistically signiﬁcantly di¤erent
from zero.
The within-person correlation in the dependent variable stated in equation
(5) is signiﬁcant and estimated to equal 0.84, as reported in Table 3. This is
due to relatively stable employment relationships given that a person gets a
job. In a random-e¤ects model where we used only 1991 and 1993 data, withinperson correlation was reduced to 0.45. Removing the 1992 data had no
impact on the estimated coe‰cients or standard errors. However, the change
in the estimated correlation when the 1992 data are dropped is not fully consistent with the simple random e¤ects probit model, where it is assumed the
correlation is time constant.
Comparing the results of Table 2 and Table 3 shows strong indications
that the observed selection process is consistent with a hypothesis of ‘‘creaming’’, in the sense that persons most likely to be employed are over represented
in training programmes. For instance, young, highly educated female individuals with high work experience are over-represented as programme participants. These individuals also have signiﬁcantly higher employment rates
whether they participate in educational programmes or not. An exception is
the local unemployment rate, which increases the probability of participating
in training, but decreases the probability of employment. The relatively strong
drop in the di¤erence in employment rates after adjustment for observed characteristics also indicates that creaming takes place in the Norwegian vocational
rehabilitation sector.
5. Unobserved heterogeneity and selection bias
5.1. Nonparametric speciﬁcation of unobserved heterogeneity in
employment outcomes
Table 2 revealed a strong dependence between the education dummy variable
(di ) and several background variables. This is selection on observable variables, and is eliminated by including the vector of observed variables in the
employment regressions, see Goldberger (1972). However, the models reported
in Table 3.1 may be ﬂawed by not allowing for a ﬂexible speciﬁcation of
unobserved population heterogeneity. The random-e¤ects model reported in
Table 3 assumes that the e¤ect of unobservables is normally distributed.
Economic theory has in most cases little to say about the functional form
of individual-speciﬁc e¤ects. The choice of the normal distribution of ci in
panel data models is usually based on convention. Heckman and Singer (1984)
show that structural parameter estimates are sensitive to the speciﬁcation of
the error term distribution within the framework of a single-duration Weibull
model. To capture potential non-normality we allow ci to follow a discrete
distribution with a small number of mass points. Contrary to the standard
random-e¤ects probit model presented in Table 3.1, the mass point approach
does not assume any parametric known distribution for ci . Both the mass
points and the associated probabilities are parameters of the probit likelihood
function, so the procedure jointly estimates the distribution of unobservables
and the structural parameters of interest. The nonparametric estimation of the
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unknown distribution of unobservables has its origins in Kiefer and Wolfowitz (1956), and was extended by Laird (1978) and Lindsey (1983a, 1983b).
For a description of the maximizing algorithm, see Cosslett (1983). For a
single-spell duration model, see Heckman and Singer (1984).
Let the probit model for our data be
Probðyit ¼ 1 j xit ; di ; ci Þ ¼ Fðb 0 xit þ mdi þ ci Þ;

ð8Þ

where the xit -vector does not include a constant term. The heterogeneity term
ci is assumed to be independent of observed background variables and training status.12 We approximate the unknown distribution of ci by a number k
of mass points
a1 ; . . . ; ak

ð9Þ

kb1

with
Probðci ¼ aj Þ ¼ pj

j ¼ 1; . . . ; k;

k
X

pj ¼ 1

ð10Þ

j¼1

where aj are the mass points of the mixing distribution and pj their corresponding probabilities. The marginal likelihood function of individual i can
be written
Li ¼

n
X
j¼1

pj

T
Y
½Fðb 0 xit þ mdi þ aj Þ yit ½1

Fðb 0 xit þ mdi þ aj Þ 1

yit

:

ð11Þ

t¼1

The model with one mass point is equal to the pooled probit model since the
single mass point represents a constant term.
5.2. Selection bias due to correlation between unobserved variables and
training status
Selection on unobservables is present if unmeasured characteristics of that
individual a¤ect both the training participation decision and the employment
outcome of an individual. In our study we account for the selection process
into training using an index-su‰cient representation, where the mean selection
bias is represented by an index function rather than by the full vector of background characteristics. The procedure we use here is motivated by the twoequation selectivity approach of Heckman (1976, 1979). Our approach, however, avoids relying on normality in the speciﬁcation of the error terms in the
selection and employment equations. In the ﬁrst stage we estimate the conditional mean of the training variable using the method of kernels. The kernel
procedure secures a smooth index. In the second stage we include the estimated
12 Linear models with unobserved heterogeneity independent of the error term give unbiased estimates of structural parameters. It is the nonlinearity that creates bias in estimating structural
parameters if ci is omitted. See the discussion by Cameron and Heckman (1998).
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single-index variable in the semiparametric employment outcome regression,
which is used to estimate the training e¤ect for participants.13 A simple singleindex training model can be written in the following form
yit ¼ b 0 xit þ mdi þ lðdi Þ þ ci þ uit ;

ð12Þ

where we have partitioned the error term into two components, one that is
individual-speciﬁc not varying over time, and one purely random term that
may vary over time. It is assumed that the correlation between a person’s
training status and unobservables arises through the error term in the selection
equation. lð Þ is an unknown smooth function of the single-index di , see for
instance Ahn and Powell (1993). The single index is the mean of the observable
training outcome variable di given some vector of conditioning selection variables zi , that is
di ¼ di ðzi Þ ¼ Eðdi jzi Þ:

ð13Þ

It is assumed that uit is a mean-zero random variable and that the distribution
of unobserved heterogeneity ci in the employment outcome can be approximated by a number of mass points of ﬁnite support. Substitution of (13) into
(12) yields the following reduced form
yit ¼ b 0 xit þ mdi þ yðzi Þ þ ci þ uit ;

ð14Þ

where yðzi Þ ¼ lðdi ðzi ÞÞ.
The single-index variable di is estimated by nonparametric methods using
a kernel regression estimator. Let h be the smoothing (bandwidth) parameter.
The cross validation mean squared prediction error (CVMSPE) is a goodness
of ﬁt measure for the kernel method. We have based the choice of h on the
maximum of CVMSPE, which gave a bandwidth parameter of 0.2. Let the
conditional mean of the training dummy be si ¼ g 0 zi .14 The weighting function for each observation is
pi ðsÞ ¼ K½ðsi

sÞ=h;

ð16Þ

where Kð Þ is the kernel function. Kð Þ tends to zero as the distance between s
and si increases, that is, less weight is given if two observations are far from
each other. Given these weights, the smoothed selection regression function is
computed as
13 We also used other indexes, namely the propensity score estimated by a probit model, and the
inverse Mills ratio for participants and nonparticipants also from the probit selection equation.
We also explored the bivariate probit model. Results from these models are available upon
request. However, we rejected the normality assumption in the probit selection equation using a
conditional moment test. In this test the third and fourth moments are regressed on a constant
term and the score of the likelihood function. Results from the normality tests are available from
the author.
Aakvik et al. (2002) use a full information maximum likelihood procedure where unobserved
heterogeneity in both the selection equation and the employment equation is formulated in terms
of a mixture distribution, which avoids relying on normality assumptions.
14 We use Manski’s maximum score estimator of g; see Manski (1985). The score estimator gives
consistent estimates of the parameter vector.
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"
d^i ðsÞ ¼

n
X

# "
pi ðsÞ di

i¼1

n
X

#
pi ðsÞ

1

:

ð17Þ

i¼1

Our ﬁnal estimator in equation (14) is a hybrid between a parametric and a
non-parametric selection model, where the probit speciﬁcation represents the
parametric part and the selection and heterogeneity the non-parametric part.
The standard errors are estimated by bootstrap methods. Three methods are
explored; normal approximation, percentile, and bias-corrected. The three
methods gave approximately the same results, and we report the results using
the normal approximation with 100 replications in the text.
The zi -vector in equation (13) consists of the same variables as the xi -vector
in equation (14). Thus the classical identiﬁcation problem applies. In particular, without valid instruments the identiﬁcation rests on a functional form assumption. In this paper, the decision to go into training and the recording of
the employment outcomes take place at di¤erent periods. Several background
variables are time-varying. Time varying-variables can be used as exclusion
restrictions to identify the structural parameters, o¤ering a solution to a problem that plagues many datasets; see, for instance, Heckman et al. (1998).15
5.3. Empirical results
We have estimated the binary probit employment model with discrete mixture
distribution and correction for selectivity using a single-index su‰cient representation. In Columns 1 and 2 in Table 4 we show the results for the one mass
point model (pooled probit). Column 1 reports the estimates without the
index, while the estimates including the index are reported in Column 2. In
Columns 3 and 4 we show the results without and with the selection correction
term for the model with two mass points. We have calculated the training
e¤ects in percentage points and reported them at the end of the table. The
asymptotic distribution and the rate of convergence are not known for the
discrete mixture model, although some results are available, see for instance
Cameron and Heckman (1998). The model did not converge without starting
values. As starting values we used the pooled probit estimates.
It is clear from Table 4 that additional mass points improve the model ﬁt
signiﬁcantly. The likelihood function with one mass point is 2728, while the
model with two masses has a likelihood of 2053. We are not able to ﬁnd
maximum points for the likelihood function that are robust to di¤erent starting values for more than two mass points. However, many studies deem

15 There is a close connection between the Local Average Treatment E¤ect (LATE) parameter
developed in Imbens and Angrist (1994), and the types of instruments used in the identiﬁcation of
treatment e¤ects; see Vytlacil (2002). Using discrete instruments, LATE is deﬁned as the e¤ect of
treatment for those who are triggered by the instrument to go into training (treatment e¤ects for
‘compliers’). In the continuous case, LATE is the e¤ect for those who are just indi¤erent to going
into training. This e¤ect has to be simulated for all levels of the selection index, see for instance
Aakvik et al. (2002). The e¤ect of treatment on the treated (TT) that is estimated in this paper is
the integral of the LATE up to the level where the unobservables make the individual indi¤erent
to entering into training, while ATE is the integral over the full support of the selection index, see
for instance Aakvik et al. (2002).
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Table 4. Probit regressions of employment with a discrete mixture distribution and correction for
selectivity bias
1a
Work experience

0.139**
(0.012)
0.020**
(0.003)
0.029**
(0.005)
0.029
(0.055)
0.125**
(0.023)
0.008**
(0.002)
0.486**
(0.045)
0.089**
(0.013)
0.221**
(0.048)
0.013**
(0.020)

Work experience2/10
Spouse’s income/100000
Married
Age
Age squared/10
Male
Education
Children
Local unemployment
Index

1.158**
(0.305)

Mass probability
Training: Education (di )
Training E¤ect (percent)
Number of obs.
Log-Likelihood

–

2a
0.136**
(0.013)
0.020**
(0.003)
0.028**
(0.004)
0.038
(0.056)
0.121**
(0.013)
0.008**
(0.002)
0.454**
(0.049)
0.074**
(0.014)
0.210**
(0.050)
0.009
(0.019)
0.056
(0.051)
1.104**
(0.301)

–

a1
a2

1b

–

0.048
(0.050)
1.9
(0.019)
4518
2728

0.061
(0.052)
0.2
(0.002)
4518
2726

2b
0.174**
(0.020)
0.032**
(0.008)
0.033**
(0.010)
0.008
(0.110)
0.067**
(0.026)
0.001
(0.003)
0.604**
(0.085)
0.092**
(0.027)
0.247*
(0.100)
0.026
(0.035)

–
1.500**
(0.580*)
1.225*
(0.571*)
0.565
0.133
(0.105)
2.1
(0.018)
4518
2053

0.172**
(0.023)
0.033**
(0.009)
0.024**
(0.009)
0.199
(0.111)
0.050*
(0.025)
0.001
(0.003)
0.450**
(0.096)
0.065*
(0.031)
0.146
(0.103)
0.022
(0.036)
0.050
(0.057)
1.856**
(0.588)
0.886**
(0.589)
0.557
0.063
(0.056)
0.2
(0.002)
4518
2052

Note: Column 1a is a probit model with one mass point and no selection correction. Column 1b is
a one mass point model with selection correction. Table 2a is a probit model with two mass points
and no selection correction while Column 2b is a two mass point model with selection correction.
Numbers in parentheses are standard errors from bootstrap using the normal approximation with
100 replications.

two mass points su‰cient to characterize unobserved heterogeneity; see for
instance Cameron and Heckman (1998) and Card and Sullivan (1988).
The e¤ect of selection bias is negative but these e¤ects are estimated with
large standard errors, and are relatively small in magnitude. The e¤ect of the
index variable is almost of the same magnitude as the training e¤ect, reducing the training e¤ect almost to zero. The e¤ect of training without including
the index is also relatively small, and is not statistically signiﬁcantly di¤erent
from zero at conventional signiﬁcance levels. We experimented with di¤erent speciﬁcations by adding indexes of higher order. However, the estimated
coe‰cients on these terms were very small and not signiﬁcantly di¤erent from
zero.
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6. Concluding remarks
Our main objective in this paper is to evaluate what e¤ect education as a
vocational rehabilitation programme for disabled persons has in terms of
increasing employment rates. Descriptive statistics reveal that the employment
rate among persons participating in educational programmes was more than
eight percentage points higher than employment rate for eligible individuals
not participating in active training. However, many factors can render this
simple estimator of the training e¤ect invalid. First, we ﬁnd evidence of differences in observed characteristics between vocational rehabilitation clients
participating in educational programmes and VR clients not participating
in any programme. Individual characteristics such as youth, higher level of
education (before training), and more work experience signiﬁcantly increase
the probability of participating in educational training programmes. So does
higher level of unemployment in the local district. Finally, the chances of
participating are higher for women than for men.
All the individual characteristics that increase the probability of participating in educational training have positive e¤ects on the probability of being
employed after the training period. This fact is consistent with the hypothesis
of creaming in the sense that persons participating in training programmes
are those most likely to obtain a job after training. The local unemployment
rate contradicts the creaming hypothesis in the sense that individuals living
in areas with a relatively high unemployment rate are more likely to participate in training programmes, but are less likely to get a job. However, this
coe‰cient is not statistically di¤erent from zero in the employment outcome.
Adjustment for observed discrepancies between trainees and nonparticipants reduces the estimated training e¤ects to below three percentage points.
We rejected the assumption of normality for the error terms. Thus, standard
econometric selection models relying on joint normality of the error terms
cannot be used. We specify an alternative model that uses non-parametric
and semi-parametric estimation techniques. From these models we ﬁnd that
selection on unobservables accords with the creaming hypothesis, although
the magnitude is low.
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