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1 Introduction 

Evaluations of active labour market programmes (ALMPs) often point to private sector em-
ployment programmes as the most successful type of programme to get unemployed persons 
back to work. Although the specific features of the programmes tend to vary between coun-
tries, this seems to be one of the most persistent lessons that can be learned from the abun-
dance of evaluations that have emerged in recent years. However, most of the evaluation stud-
ies estimate mean treatment effects implicitly assuming that all persons respond in the same 
way to a given programme. Also, in some cases, selection into programmes may be based on 
observable as well as unobservable characteristics of the potential participants. If such selec-
tion is not properly accounted for, the estimation results may be biased. The recent literature 
on evaluating social programmes points to the fact that different persons respond differently 
to the same programme. Therefore it is important to evaluate programmes using models that 
allow for heterogeneous treatment effects1. This will provide additional information on distri-
butional issues and allow us to gain further insight into the functioning of such programmes. 
In this paper, we will therefore take another look at the employment effects of private sector 
employment (PSE) programmes taking into account selection into programmes and heteroge-
neous treatment effects. 

In this paper, we evaluate the employment effects of Danish ALMPs aimed at welfare benefit 
recipients. We estimate an econometric model with treatment effects and discrete outcomes 
and we allow the responses to treatment to vary among observationally identical persons. The 
empirical analysis is based on a register-based dataset that gives information on participation 
in labour market programmes and subsequent employment. All previous evaluations of Dan-
ish labour market and social policies have estimated mean effects, but have not allowed for 
heterogeneous treatment effects2. In addition, there has not been much focus on the (social) 
labour market programmes aimed at recipients of welfare benefits, whereas the corresponding 
labour market programmes aimed at recipients of unemployment insurance benefits have been 
extensively investigated (this is the case for Denmark as well as for other countries). Hence, 
our paper contributes to a very sparse empirical literature on heterogeneous treatment effects 
and our empirical results do also contribute to the knowledge about the effectiveness of social 
programmes. 

                                                 

1 See Heckman (2001). 
2 See Bolvig et al. (2003) and Graversen (2004a) for some recent examples of this. 
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Traditionally, evaluations of programme effects consider a treatment group and a control 
group, where individuals in the latter are non-participants (i.e. they do not participate in any 
programmes). However, in a Danish context an unemployed person will end up in a pro-
gramme sooner or later and hence it is not possible to create a ‘standard’ control group of per-
sons who have not participated in any programmes. Therefore, we are only investigating the 
relative efficiency of the various ALMPs, i.e. we compare the effects of different pro-
grammes, but we do not compare participation to non-participation. Given the fact that the 
welfare benefit recipients have to participate in ALMPs, it is essential to know which pro-
grammes fulfil the purposes in the optimal way. A similar situation also arises in other coun-
tries with a comprehensive welfare state, see for instance Carling and Richardson (2004) and 
Sianesi (2002) for their analyses of labour market policy in Sweden, another example of a 
Scandinavian welfare state. Such a comparison of different programmes also has important 
implications for the allocation done by caseworkers, see Lechner and Smith (forthcoming) for 
another analysis of this aspect. 

In our analysis, we focus on the employment effects, primarily since that is the main purpose 
of the programmes, in contrast to many of the US training programmes where the main focus 
is on increasing earnings. In general, many European countries have put a lot of emphasis on 
labour market and social policies to reduce their high levels of unemployment. This has lead 
to an extensive use of various types of programmes and consequently to a strong interest in 
evaluating the employment effects of these programmes. Some recent examples of such eva-
luations are Gerfin and Lechner (2002) who evaluate the active labour market policy in Swit-
zerland, and Andrén and Andrén (2002) who evaluate labour market training programmes in 
Sweden. 

The empirical model is a latent variable model with employment as the discrete outcomes and 
with selection into programmes determined by both observable and unobservable charac-
teristics. The unobservables are specified to follow a one-factor structure model and they en-
ter into the selection equation as well as the outcome equations. The model has originally 
been formulated by Aakvik et al. (2005), and its structure is particularly convenient for deriv-
ing mean treatment effects and distributional treatment effects. This type of model has re-
cently also been applied by Andrén and Andrén (2002) and Aakvik et al. (2003) using Swed-
ish and Norwegian data, respectively. 
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The estimation of the parameters of the empirical model provides us with a number of impor-
tant results. First, we get evidence on the mean employment effects of the PSE programmes 
relative to other ALMPs. Second, our estimation results allow us to derive the distribution of 
treatment effects across participants and thereby determine to which degree the PSE pro-
grammes have different effects on different persons. Third, the estimation results also provide 
some evidence on the importance of controlling for unobservables in the selection and em-
ployment processes. 

The remainder of the paper is organized as follows. In Section 2, we describe the institutional 
settings of the Danish social policy, while we describe the data for our analysis in Section 3. 
Section 4 presents the econometric model and the various treatment effects that we estimate. 
The results from the empirical analysis are presented and discussed in Section 5, while Sec-
tion 6 concludes the paper. 

 

2 Institutional settings 

In Denmark there are two different administrative systems for individuals experiencing un-
employment, the labour market system (unemployment insurance) and the social system (wel-
fare). The former is responsible for the activities related to unemployed individuals insured 
against unemployment and eligible for unemployment insurance benefits (UI-benefits). A 
number of unemployment funds administrate the disbursement of UI-benefits, whereas the 
public employment service organizes various activities (e.g. job provision and ALMPs) with 
the intention of alleviating the unemployment problem of the UI-benefit recipients. 

Unemployed individuals who are not insured against unemployment or who are not eligible 
for UI-benefits can receive welfare benefits (when certain conditions related to the overall 
income and wealth of the household are met). In contrast to UI-benefits that can only be re-
ceived for a limited period (up to four years), welfare benefits can in principle be received for 
an unlimited period. The administration of the disbursement of welfare benefits is placed in 
the hands of the municipalities. The municipalities are also responsible for the organization 
and administration of the different measures available to assist the welfare benefit recipients 
in becoming self-supporting.  

The measures that can be used to remedy the unemployment problem of UI-benefit recipients 
and welfare benefit recipients are very similar. For both groups there is a ‘right-and-duty’ 
principle associated with the ALMPs. The unemployed have a right to receive assistance in 
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the form of an ALMP-offer. At the same time, they have a duty to participate in ALMPs and 
other activities when offered to retain eligibility to the UI-benefits and welfare benefits. At 
present, approximately 3 per cent of the labour force (measured in full-time equivalents) par-
ticipates in some kind of ALMP. More than half of the participants are welfare benefit recipi-
ents. In international comparisons, Denmark is among the countries that use the largest part of 
GDP on ALMPs (Martin and Grubb (2001)). 

The municipalities have had the possibility to assign welfare benefit recipients into ALMPs 
since 1977 (Brogaard and Weise (1997)). Before 1994, when a new legislation was imple-
mented, the ALMPs were primarily used to alleviate the unemployment problem of young 
welfare benefit recipients. But today, all welfare benefit recipients have to participate in an 
ALMP if they do not become self-supporting after a certain period. In the available dataset 
there is no information on programme periods that ended before 1994.  

At present, welfare benefit recipients below 30 years have to receive an ALMP-offer not later 
than 3 months after the first day on welfare. If they do not succeed to become independent of 
welfare benefits after the end of an ALMP, they have to receive a new ALMP-offer 3 months 
after the end of the previous programme period at the latest. Hence, welfare benefit recipients 
below 30 years are subject to a more or less continuous treatment in programmes while on 
welfare. Welfare benefit recipients above 30 years should participate in an ALMP after 12 
months at the latest. They only have a right to receive one ALMP-offer during a welfare spell. 
But most municipalities choose to give a new ALMP-offer if the first programme was not 
successful in bringing the welfare benefit recipients from welfare to a situation where they are 
self-supporting.3 

The decision to assign a welfare benefit recipient into a given programme is made by case-
workers in the municipality. For all welfare benefit recipients the type of the ALMP-offer 
should depend on the background and desires of the individual welfare benefit recipient. If 
possible, the welfare benefit recipients should receive a selection of programmes to choose 
from. However, apart from the desires and needs of the welfare benefit recipients, the case-

                                                 

3 Before mid-1998, the current rules regarding the ALMPs for welfare benefit recipients below 30 years only 
applied to welfare benefit recipients below 25 years. The rules regarding the ALMPs for welfare benefit recipi-
ents above 30 years that are effective today applied to welfare benefit recipient above 25 years. Another differ-
ence compared with the present rules is that the municipalities were not obliged to give ALMP-offers to welfare 
benefit recipient below 25 years with problems in addition to unemployment. However, a large part of the mu-
nicipalities chose to offer ALMPs to this group as well, even if they were not required to do so. 
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workers have to take account of the availability of different programme types, the cost of the 
programmes and the current state of the regional labour market. 

The main purposes of the ALMPs are to improve the labour market prospects of the welfare 
benefit recipients by upgrading their skills and to increase the intensity of job search by test-
ing job-readiness and reducing ‘leisure time’. However, for welfare benefit recipients with 
problems in addition to unemployment (e.g. problems related to health, childcare or lack of 
self-confidence) participation in a programme should primarily improve everyday life (e.g. 
through support for the handling of everyday activities and the creation of a basic network). 
The hope is that the improvement in everyday life in the long run will bring this group of wel-
fare benefit recipients closer to the labour market and a to situation where they are self-
supporting. Ideally, the programme chosen for each individual should be the programme that 
meets these purposes in the best way. 

There is a broad range of different types of programmes that the caseworkers can choose from 
when giving ALMP-offers to the welfare benefit recipients. We have chosen to group the pro-
grammes in four main categories: private sector employment (PSE) programmes, public sec-
tor employment programmes, classroom training and other programmes. However, through 
most of the paper the three last programme categories are lumped together under the heading 
non-PSE programmes. The programme category ‘private sector employment programmes’ 
consists of programmes where the participants work in a private firm. During the programme 
period the participants receive a wage subsidy. In public sector employment programmes the 
participants either work in a public institution or in a special employment project created by 
the municipalities. The welfare benefit recipients in these programmes often carry out work 
that would otherwise not be done. This can be e.g. snow clearing for senior citizens, nature 
preservation and assistance of the permanent staff in municipal institutions (schools, youth 
hostels, theatres, sports centres, museums etc.). Participants in classroom training attend 
classes to upgrade their qualifications in different fields. The residual group of programmes 
termed ‘other programmes’ consists of the self-employment grant programme and pro-
grammes that could not be placed in the three other programme categories (mainly because of 
missing data). A more detailed description of the programmes can be found in Danish Minis-
try of Labour (2001) and Graversen (2004a).4 

                                                 

4 In contrast to Graversen (2004a), the category ‘other programmes’ does not include rehabilitation programmes. 
These programmes are available for individuals whose working capacity is reduced (because of e.g. physical or 
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Since all welfare benefit recipients have to participate in an ALMP if they do not succeed to 
become independent of the welfare benefit before an ALMP-offer is given, it is not possible 
to create a ‘standard’ control group for the purpose of estimating the effect of the pro-
grammes. One possibility to circumvent this problem is to use the variation in the timing of 
the programmes to estimate the programme effects (Abbring and van den Berg (2003)). How-
ever, in this study we choose to estimate the effect of the PSE programmes relative to the ef-
fect of other programme types (non-PSE programmes).5 The advantage of this approach is 
that we only have to include participants in the empirical analyses. The disadvantage is of 
course that we do not identify the effect of programme participation relative to the effect of 
non-participation. Anyway, given the fact that the welfare benefit recipients have to partici-
pate in ALMPs, it is essential to know which programmes fulfil the purposes of the program-
mes in the optimal way. 

 

3 Data 

In this study we use a data set drawn from The Register for Analyses relating to the Social 
Responsibility of Enterprises. This is a large longitudinal database that has been constructed 
by The Danish National Institute of Social Research in collaboration with Statistics Denmark. 
The database is based on administrative data merged from several administrative registers by 
use of civil registration numbers. It contains a 10 per cent random sample of the Danish Popu-
lation in the age group 17-66. For each individual the database provides detailed information 
on various individual characteristics such as e.g. age, gender, nationality, municipality of resi-
dence, marital status, children, educational attainment, work experience, employment and 
unemployment. The database is updated at an annual basis and at present the individuals in 
the sample can be followed during the period 1984-2000.  

A number of conditions have to be met for an individual to be part of the sample used in this 
study. First, we select a sample of individuals who ended an ALMP during the period 1994-
1998.6 The individuals may have participated in more than one programme during this period 

                                                                                                                                                         

psychological problems) to such degree that there is a very limited chance that standard ALMPs will help bring-
ing the individuals from public assistance to employment. 
5 Carling and Richardson (2004) use a similar approach. 
6 The database does not provide information on ALMPs that ended before 1994. 



 8

but we only include information on the first programme episode.7,8 Second, we restrict the 
sample in various ways to ensure that we have the necessary information for our analysis. 
Finally, we restrict our attention to men (excluding immigrants and refugees from countries 
outside EU and North-America) aged 18-59. Below we detail the various sample selection 
rules together with the ensuing loss of observations: 

  Individuals who ended an ALMP during 1994-1998   20,105 observations 
  Restrict to ALMP starting in 1993 or later     20,060 observations 
  Restrict to ALMP with length between 2 weeks and 5 years 18,454 observations 
  Exclude individuals with missing basis information   18,339 observations 
  Restrict to men             9,193 observations 
  Exclude immigrants and refugees         7,841 observations  
  Restrict to age 18-59 when starting ALMP       7,181 observations 

Restrict to individuals with information for all years incl. one year before and one 
year after the programme period         6,987 observations  

  Exclude individuals in public sector employment programmes with missing data 
                  6,822 observations 
  Exclude individuals from municipalities with less than 10 ALMP participants   
                  6,613 observations 

Thus, we end up with a sample of 6,613 men. Of these, 1,391 (21 per cent) participated in a 
PSE programme and 5,222  (79 per cent) participated in another type of programme. 

We constructed an algorithm that utilizes the information in the database to determine for 
every month whether an individual is employed, unemployed, studying or outside the labour 
market (e.g. individuals receiving early retirement pension). Periods in different programmes 
                                                 

7 Individuals categorized as participants in job training programmes in the public sector (approximately 2 per 
cent of the ALMP participants) are excluded from the sample. There seems to be a problem with the municipali-
ties’ registration of this programme type. Among welfare benefit recipients that the municipalities have regis-
tered to be participants in job training programmes in the public sector a large fraction are also registered to have 
participated in programmes arranged by the public employment service. The reason for this may be that some 
municipalities erroneously have reported UI-benefit recipients participating in ALMPs in municipal institutions 
as participants in ALMPs aimed at welfare benefit recipients. 
8 The database contains information on the actual starting date and ending date of ALMP periods. However, 
there are two major problems with this information, cf. Graversen (2004b). The first problem is that some pro-
gramme periods are cut up into smaller sub-periods with intervening periods where the programme participants 
do not participate in the programme. The second problem is that some programme periods are overlapping in 
time. If two programme periods of the same type overlap or there is less than one week between the end of the 
first programme period and the start of the second programme period, we choose to collapse the two periods into 
one programme period. If two programme periods are not of the same type, we simply chose to include informa-
tion on the programme period that starts first. It should be noted, that to determine whether two programmes are 
of the same type we use a finer categorization of the programmes than the relatively broad categorization used in 
the text. 
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intended to alleviate the unemployment problem of individuals (ALMPs and rehabilitation 
programmes) are categorized as unemployment. A minor part of the sample (3-4 per cent) 
could not be categorized into the four different groups mentioned above. 

Looking at the raw data, we see that participants in PSE programmes are more likely to be 
employed after the end of the programme period than participants in the other programme 
types. One year after the programme period more than half of the participants in PSE pro-
grammes are employed, whereas this is only the case for approximately one third of the par-
ticipants in public sector employment programmes and classroom training, cf. Figure 1. 
Among the participants in PSE programmes fewer individuals are unemployed and outside 
the labour market than is the case for non-PSE programme participants, cf. Figures 2 and 3. 
The proportion of programme participants participating in an ordinary education is almost the 
same for the different programme types, cf. Figure 4. 

The virtues of the PSE programmes could be due to a selective assignment with respect to the 
characteristics of the participants. Compared to the participants in non-PSE programmes the 
participants in PSE programmes are a little younger, more likely to have a formal education 
beyond primary or lower secondary school, have slightly more work experience and spent less 
time in unemployment prior to the programme period, cf. Table 1. But the differences are 
quite modest. To obtain a more firmly based assessment of the employment effect of PSE 
programmes relative to the other ALMPs, we formulate and estimate an econometric model 
that accounts for the differences in observed and unobserved characteristics of participants in 
PSE programmes and non-PSE programmes. 

In addition to the individual characteristics of the welfare benefit recipients, we also include 
various characteristics of the municipalities where the welfare benefit recipients live. To ac-
count for the fact that the welfare benefit recipients may be confronted with different labour 
markets (some may live an area with a high unemployment rate and a lack of vacant jobs, 
whereas other may be living in a area with a booming economy), we include a measure of the 
regional unemployment rate relative to the countrywide unemployment rate. Our labour mar-
ket regions are identical to the commuting areas defined by the Ministry of Environment and 
Energy (2001). The commuting areas are formed in such a way that a relatively large fraction 
of the residents in a given region work within the region. This also means that the level of 
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commuting between one commuting area and other commuting areas is limited.9 The unem-
ployment rate in each region is calculated on an annual basis by using the available informa-
tion in our large longitudinal database covering 10 per cent of the population of working age. 

Another characteristic of the municipalities that we include in the statistical analyses is the 
number of residents in each municipality.10 The size of a municipality may have an impact on 
the type of programmes that can be offered to the welfare benefit recipients. If a municipality 
is small, there may be less programmes to choose from. There will typically be fewer private 
firms and public institutions than in larger municipalities. It may also influence the effect of 
the programmes if the caseworkers in the small municipalities mainly choose programmes on 
the basis of the availability of different programmes instead of the expected benefits. When 
the size of the municipalities is used as an explanatory variable, this variable might also act as 
a proxy for unmeasured characteristics, e.g. because the problems of the welfare benefit re-
cipients in the large municipalities are of another character than the problems of welfare bene-
fit recipients in smaller municipalities. 

Finally, we include a variable that measures the use of PSE programmes in each municipality 
relative to the countrywide use of this programme type. Let Wit denote the value of this vari-
able for individual i in year t. More precisely, this variable is defined in the following way: 

)/(
)/(

ALMP
t

PSE
t

ALMP
it

PSE
it

it NN
NN

W ≡          (1) 

where PSE
itN  is the number of PSE programme participants in the municipality where individ-

ual i lives, ALMP
itN  is the number of ALMP participants in this municipality, PSE

tN  is the num-

ber of PSE programme participants on national basis, and ALMP
tN  is the number of ALMP 

participants on national basis.11 Obviously, Wit has the same value for individuals living in the 
same municipality. 

                                                 

9 During the sample period there were 275 municipalities in Denmark. These municipalities are grouped into 45 
commuting areas by The Ministry of Environment and Energy (2001). 
10 These data are publicly available from StatBank Denmark (www.statistikbanken.dk). 
11 The data used to form Wit originate from StatBank Denmark. The number of programme participants in each 
municipality available from this source is given in full-time equivalents. We would of course prefer to know the 
actual number of participants in each programme type since this would give the best measure of the likelihood of 
being assigned into a PSE programme in each municipality. But the available data should do well since the aver-
age duration of the different programme types is not that different across municipalities. Unfortunately, the data 
are only available from 1995 onwards. 
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The relative use of PSE programmes in the municipalities is used as an instrument in our sta-
tistical model that controls for selection into programmes, i.e. this variable is included in the 
selection equation, but excluded in the employment equations. Obviously, we expect this 
variable to influence the probability that a welfare benefit recipient participates in a PSE pro-
gramme. To be a valid instrument, the relative use of PSE programmes in a municipality 
should not have a direct effect on the employment outcome after training. The only effect on 
the outcome should be through the possible effect of the actual programme choice (the pro-
gramme effect). There is a very large degree of variation in the instrument. In some munici-
palities, 70 per cent of the ALMP participants participate in PSE programmes, whereas in 
other municipalities no AMLP participants participate in PSE programmes. The average frac-
tion of ALMP participants who participate in PSE programmes is 18 per cent. The value of 
the instrument may vary between different municipalities for various reasons. One important 
reason for the variation is that different municipalities make different choices regarding the 
desired composition of ALMP programmes and exert different effort into obtaining available 
PSE programme slots. Municipalities that are very much alike in terms of employment possi-
bilities can thus have very different values of the instrument. The value of the instrument may 
also depend on the occupational structure in the municipality. If there are many private firms 
in a municipality, it may be easier for the municipality to establish PSE programme arrange-
ments. There also exist potential reasons for variation that may render the instrument invalid, 
e.g. if the municipalities with a high relative use of PSE programmes are the municipalities 
that have the most employable ALMP participants. However, in Section 5 we provide further 
details on the correlation between the instrument and employment probabilities, supporting 
the validity of this instrument. 

The regional treatment intensity has also been used in other studies evaluating labour market 
policies; see e.g. Frölich and Lechner (2004) who evaluate the Swiss active labour market 
policies using exogenous variation across Swiss cantons. In their case, the central law obliges 
the cantons to have a different number of programmes, thereby creating truly exogenous 
variation. In addition, their methodology differs from ours.  

There is, however, an obvious endogeneity problem if Wit is included in the statistical model 
as the variable is defined in (1). If individual i begins an ALMP period during year t this may 
have an impact on Wit. This is problematic, if Wit is used to explain the choice of the pro-
gramme type for an individual beginning a programme period in year t. For this reason we 
choose to lead Wit with two years (i.e. we use Wi(t+2) instead of Wit). 
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The reason that we lead the information on the relative use of PSE programmes in each mu-
nicipality by 2 years instead of 1 year is that a considerable share of the programme periods 
started in year t will continue into year t+1. The average duration of ALMP periods is ap-
proximately 6 months. Hence, if an individual starts a programme period in year t this may 
influence Wi(t+1) as well as Wit. Wi(t+2) is of course only a good instrument if there is some de-
gree of correlation in this variable over time. Municipalities with a high relative use of PSE 
programmes in one year should also have a relatively high use of this programme type in the 
surrounding years. 

A more obvious approach to overcome the endogeneity problem of Wit would have been to 
lag this variable. But the data used to form Wit is only available from 1995 onwards. The sam-
ple contains individuals who begin a programme episode in the period 1993-1998. If we 
chose to lag Wit with one period, we would face a problem with missing data for the years 
1993-1995. Hence, to avoid this we have chosen to lead the variable. 

In some municipalities, very few individuals participate in ALMPs. In these municipalities, 
the variable Wit may not give a good indication of the probability of being assigned into a PSE 
programme. For this reason, we have chosen to exclude individuals from municipalities where 
the number of ALMP participants (full-time equivalents) is less than 10.  

 

4 The econometric model 

To estimate the employment effect of PSE programmes relative to other ALMPs we use a 
latent variable model formulated by Aakvik et al. (2005). This type of model has recently also 
been applied by Andrén and Andrén (2002) and Aakvik et al. (2003). The model explicitly 
accounts for the differences in observed and unobserved characteristics of the participants in 
PSE programmes and non-PSE programmes. In contrast to most of the applied research on the 
effect of ALMPs, the model allows that the employment effect of the programmes vary 
among observationally identical persons, and that the assignment into programmes may de-
pend on the expected employment effect.12 Within this framework it is possible to estimate 
traditionally defined mean treatment effects as well as the distribution of the treatment effect. 

 

                                                 

12 See Heckman (1997) for a discussion of the problems of conventional IV methods when treatment effects are 
heterogeneous and person-specific outcomes from treatment influence the assignment into programmes. 
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4.1 A latent variable model 

Let Di be a dichotomous variable that is equal to 1 if individual i participates in a PSE pro-
gramme and 0 if the individual participates in another type of programme. The assignment 

into the two different programme categories is determined by a latent variable *
iD : 

otherwiseDDifD

UZD

iii

DiDii

0,01 *

*

=≥=

+= β
       (2) 

where Zi is a vector of observed variables and UDi is an unobserved random variable. The la-

tent variable *
iD can be thought of as the net utility or gain to the caseworker (responsible for 

the case of individual i) from assigning individual i into a PSE programme rather than another 
type of programme. 

If Di=1, the employment status is Y1i, and if Di=0, the employment status is Y0i. Y1i and Y0i are 
both dichotomous variables that are equal to 1 if the individual is employed and 0 otherwise. 
An individual is only observed in one of the two different states (Di=1, Di=0) and hence the 
observed employment status Yi is equal to 

)()1( 01001 iiiiiiiii YYDYYDYDY −+=−+=       (3) 

The potential employment status if an individual is assigned into a PSE programme is deter-
mined by 

otherwiseYYifY

UXY

iii

iii

0,01 1
*

11

11
*

1

=≥=

+= β
        (4) 

where *
1iY  is a latent index describing the joint effect of the desire and ability to find employ-

ment. Xi is a vector of observed variables and U1i is an unobserved random variable.  

The potential employment status if individual i is assigned into a non-PSE programme is gi-
ven by 

otherwiseYYifY

UXY

iii

iii

0,01 0
*

00

00
*

0

=≥=

+= β
        (5) 

where *
0iY  is a latent variable, Xi is the same vector of observed variables that affects *

1iY  and 

U0i is an unobserved random variable.  
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Note that in general the model is not identified if the variables in Z and X are identical.13 This 
is the case though if the unobserved variables are normally distributed, as we assume in this 
paper. However, to improve the empirical identification of the model we impose an exclusion 
restriction on the model. The variable W (the relative use of PSE programmes in the relevant 
municipality) defined in Section 3 is included in Z but not in X. More formally, we assume 
that Z=(X, W). 

4.2 Individual-specific treatment effects  

Define the individual-specific treatment effect iΔ  in the following way 

]0[]0[ 001101 ≥+−≥+=−=Δ iiiiiii UXUXYY ββ 11      (6) 

where [.]1  is the indicator function. For a given individual i iΔ  measures what the employ-

ment status would be in the case when the individual is assigned into a PSE programme com-
pared to the employment status in the case when the individual participates in a non-PSE pro-

gramme. iΔ can attain three possible values: 0,1 and –1. 

The effect of the unobserved variables U1i and U0i is the same in the two potential states if 

U1i=U0i. In this case Δ can only attain two different values for individuals with a given value 

of X.14 Let Ui denote the common value of U1i and U0i. Then, if 0)( 01 >− ββiX , Δ can at-

tain the values 0 (if 1βii XU −< or 0βii XU −≥ ) and 1 (if 01 ββ iii XUX −<≤− ). If 

0)( 01 <− ββiX , Δ can attain the values 0 (if 1βii XU −≥ or 0βii XU −< ) and –1 (if 

10 ββ iii XUX −<≤− ). Thus in contrast to a model with continuous outcomes 

( ii YY 1
*

1 = , ii YY 0
*

0 = ) it is possible that the treatment effects vary by unobserved characteristics 

even if the effect of these characteristics is the same in both states. Some individuals may 
have unfavourable unobserved characteristics (low Ui –values) such that it is very unlikely 
that they find employment after the end of a programme no matter what type of programme 
they are assigned into. Equivalently, some individuals may have very favourable unobserved 
characteristics making them very likely to be employed after the programme period irrespec-
tive of the programme type chosen. 

                                                 

13 See e.g. Heckman (1990) for a discussion of the identification problem. 

14 In the special case where 0)( 01 =− ββiX , Δ is equal to zero for all individuals. 
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In this paper we allow the effect of the unobservables to be different in the two states (i.e. it 

may be the case that U1i≠U0i). This creates an additional source of heterogeneity in the treat-

ment effects such that all three different values for Δ (0,1 and -1) may be experienced for 

different individuals with the same observed characteristics. 

Very strong assumptions are required to estimate individual-specific treatment effects (see 
e.g. Heckman et al. (1999)). For this reason we estimate different population means and dis-
tributions of Δ . 

4.3 Different treatment parameters and distributions of interest 

In most applied research on the effects of ALMPs the focus has been on the estimation of the 
mean effect of treatment on the treated (TT), i.e. the average treatment effect of those who 
participate in a given programme. 15 Another parameter that is often referred to is the average 
treatment effect (ATE). ATE is the mean treatment effect of a randomly selected individual 
from a given population. 

In our setting, the treatment effect is the change in the outcome variable from participating in 
a PSE programme instead of a non-PSE programme. Hence, TT is the average treatment ef-
fect among those individuals who participate in a PSE programme, and ATE is the average 
treatment effect of a randomly selected individual from the group of all ALMP participants. 

For individuals with a given value of X and Z, TT and ATE are defined as 

)1,,|(),( ===Δ≡Δ DzZxXEzxTT         (7) 

)|()( xXExATE =Δ≡Δ 16           (8) 

Recently, there has been an increased interest in other parameters characterizing the treatment 
effect of programmes (e.g. the LATE parameter of Imbens and Angrist (1994)). Heckman and 
Vytlacil (2000) show that the different available estimators of the treatment effect of pro-
grammes can be expressed as a weighted average of a parameter called the marginal treatment 
effect (MTE). MTE is defined as 

),|(),( uUxXEux D
MTE ==Δ≡Δ          (9) 

                                                 

15 See e.g. Heckman et al. (1999) for a comprehensive survey of the methods used in the evaluation of ALMPs. 
16 ATE does not depend on Z since Y1 and Y0 (used to calculate Δ ) are independent of D by assumption. 
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For small values of UD, MTE is the average treatment effect of individuals with unobserved 
characteristics that make them least likely to participate in a PSE programme. For large values 
of UD, MTE is the average treatment effect of individuals with unobserved characteristics that 
make them most likely to participate in a PSE programme. 

If UD is independent of U1 and U0 then all three mean treatment effect parameters defined in 
(7), (8) and (9) are equal for a given value of X. This will generally not be the case if the PSE 
programme participants are selected on the basis of unobserved characteristics that affect the 
outcome in the PSE programme state or the non-PSE state. 

In our latent variable model it is actually possible to identify the distribution of the potential 
outcomes Y1 and Y0. For individuals participating in a PSE programme the probabilities char-
acterizing the joint distribution of the two outcome variables is given by 

)1,,|,Pr(),,,( 001101, 01
=====≡ DzZxXjYjYzxjjPTT

YY     (10) 

where }1,0{1 ∈j and }1,0{0 ∈j . 

Equivalently the probabilities characterizing the distribution of Y1 and Y0 for an individual 
chosen at random or an individual with a given value of the unobserved variable UD are given 
by the following equations: 

)|,Pr(),,( 001101, 01
xXjYjYxjjP ATE

YY ===≡        (11) 

),|,Pr(),,,( 001101, 01
uUxXjYjYuxjjP D

MTE
YY ====≡      (12) 

Another distribution that can be identified is the distribution of the treatment effect Δ . For 
individuals actually participating in a PSE programme, individuals selected at random and 
individuals with a given value of the unobserved variable UD, the probabilities characterizing 
the distribution of the treatment effect are defined in the following way: 

)1,,|Pr(),,( ====Δ≡Δ DzZxXjzxjP TT        (13) 

)|Pr(),( xXjxjP ATE ==Δ≡Δ           (14) 

),|Pr(),,( uUxXjuxjP D
MTE ===Δ≡Δ        (15) 

where }1,0,1{−∈j . 
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There is a close connection between the mean treatment effect, the joint distribution of the 
potential outcomes and the distribution of the treatment effect. Knowledge of the joint distri-
bution of the potential outcomes is more informative than knowledge of the mean treatment 
effect or the distribution of the treatment effect. If the joint distribution of the potential out-
comes is known, then the two other ways to describe the effect of PSE programme participa-
tion can easily be derived. For the individuals who actually participate in a PSE programme 
the mean treatment effect is given by 

),,1,0(),,0,1(),(
0101 ,, zxPzxPzx TT

YY
TT

YY
TT −=Δ          

and the probabilities characterizing the distribution of the treatment effect are given by 

),,1,0(),,1(
01 , zxPzxP TT

YY
TT =−Δ             

),,1,1(),,0,0(),,0(
0101 ,, zxPzxPzxP TT

YY
TT

YY
TT +=Δ          

),,0,1(),,1(
01 , zxPzxP TT

YY
TT =Δ             

Similar expressions apply for ),(xATEΔ  ),,( uxMTEΔ  ),,( zxjP ATE
Δ and ),,( uxjP MTE

Δ  

( }1,0,1{−∈j ). 

4.4 A one-factor structure assumption 

Following Aakvik et al. (2005), we assume that the unobserved variables are normally dis-
tributed with a common factor θ , an assumption first introduced by Heckman (1981). The 
random variables UD, U1 and U0 are generated by the following equations: 

iii

iii

DiiDDi

U

U

U

000

111

εθα

εθα

εθα

+=

+=

+=

             (16) 

,Dε ,1ε 0ε and θ  are independent normally distributed with mean 0 and variance equal to 1. 

To identify the model we set Dα equal to 1.  

From the model (given by (2)-(5) and (16)) the different mean treatment parameters and the 
probabilities characterizing the distribution of the potential outcomes and the treatment effects 
defined in Section 4.3 can be expressed as a function of the observed variables and the pa-
rameters in the model. The mean treatment parameters can be expressed in the following way: 
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θθφθαβθαβ dxxxATE )()]()([)( 0011∫ +Φ−+Φ=Δ        (17) 

θθφθβθαβθαβ
β

dzxx
z

zx D
D

TT )()()]()([
)2/(

1),( 0011∫ +Φ+Φ−+Φ
Φ

=Δ  (18) 

θθφθφθαβθαβ
φ

duxx
u

uxMTE )()()]()([
)2/(

2),( 0011∫ −+Φ−+Φ=Δ    (19) 

Similar expressions can be derived for the joint distribution of the potential outcomes and the 
distribution of the treatment effect, cf. appendix A. 

4.5 Estimation of the model 

Conditioning on the individual specific factor θ, the contribution to the likelihood function of 
individual i has the following form: 
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),,|,Pr()(

iiiiiii

iiiiiii

XDYZD

ZXYDL

θθ

θθ

=

=
         (20) 

Let )(),( 1 iiiDi PP θθ and )(0 iiP θ be defined as 
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 (21) 

where )(⋅Φ denotes the standard normal cumulative density function. Then equation (20) can 

be rewritten as follows 
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Let )(⋅φ denote the standard normal probability density function. Then the unconditional like-

lihood contribution of individual i is obtained by integrating out the unobserved factor θi 

from )( iiL θ 17 

                                                 

17 When integrating out θi we assume that ),( ZX⊥θ . This is a standard assumption in random effects models 
and it can be viewed as a solution to a missing conditioning variables problem in matching; see Heckman and 
Vytlacil (forthcoming) for further details on this point and discussion of various identifying assumptions. 
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iiiii dLL θθφθ )()(∫
∞

∞−
=            (23) 

The full likelihood function L is given by 

∏
=

=
N

i
iLL

1

              (24) 

where N is the sample size. 

The parameters of the model are estimated by the maximum likelihood method and we ap-
proximate the integral in (23) by Gauss-Hermite quadrature, cf. appendix B.  

To obtain estimates of the different mean treatment parameters and the probabilities charac-
terizing the distribution of the potential outcomes and the treatment effect we insert the esti-
mated parameters from the maximum likelihood procedure into the equations given in (17), 
(18), (19) and appendix A. The integrals appearing in these expressions are again approxi-
mated by Gauss-Hermite quadrature. To compute the associated standard errors we use the 
delta method (see e.g. Ruud (2000)). From these estimated treatment parameters conditional 
on X and Z, we estimate the corresponding treatment parameters integrated over the distribu-
tion of X and Z by taking sample averages, i.e. integrating with respect to the empirical distri-

bution of X and Z. This means that we, for example, estimate ATEΔ  by 
1

1 ( )N ATE
ii

x
N =

Δ∑ . 

 

5 Results 

We have estimated two versions of the econometric model, one without selection on unob-

servables (α1=α0=0) and one with selection on unobservables (α1≠0, α0≠0 and α1≠α0). Below 
we mainly discuss the results from the latter, since that is the most satisfactory model where 
we have allowed a more flexible structure of the error terms across equations. We will briefly 
comment on the differences between the results from the two versions of the model. 

Before looking at the estimation results, we notice that the raw data (reported in Table 1) 
show that participants in PSE programmes have a 18.4 percentage points higher employment 
rate than participants in other programmes when we compare their employment status 12 
months after the end of the programmes. It is even higher, 21.9 percentage points, if we com-
pare their employment status only 6 months after the end of the programmes. 
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When we control for the observable characteristics of participants, we find that the average 
treatment effect falls to 13.6 percentage points (see Table 5, last column). When we also con-
trol for selection on unobservables the effect increases slightly to 17.2 percentage points, but 
now it is no longer statistically significant. 

5.1 Coefficient estimates 

Estimates of the parameters of the econometric model are reported in Tables 2, 3 and 4. The 
estimates of the parameters of the selection equation are reported in Table 2, while the esti-
mates of the parameters of the employment equations for participants in PSE programmes and 
participants in non-PSE programmes are reported in Table 3 and Table 4, respectively. 

The estimated parameters of the selection equation clearly show that there is non-random se-
lection into PSE programmes. The persons that participate in PSE programmes differ signifi-
cantly from participants in other programmes with respect to observable characteristics. Per-
sons with more work experience, less previous unemployment, and below 30 years of age 
have a significantly higher probability of being assigned to a PSE programme. The estimated 
coefficients also show a decreasing trend over the period 1993-1998 in the probability of be-
ing assigned to a PSE programme. Persons living in larger municipalities and in municipali-
ties where the relative importance of PSE programmes is high have a higher probability of 
participating in a PSE programme. 

For both employment equations, we find that a number of background characteristics have an 
impact on the probability of getting employed. The estimated coefficients reflect very reason-
able effects: younger persons, better-educated persons, persons with more work experience, 
and persons with less previous unemployment have a significantly higher probability of being 
employed 12 months after the end of the programme. Also in accordance with our a priori 
expectations, we find that persons in regions with a high relative unemployment level have 
the lowest employment probabilities. All of the effects are very similar for the two employ-
ment equations. 

Comparing the estimation results for the two versions of the model, with and without selec-
tion on unobservables, we find that the coefficient estimates are very similar, in particular for 
the selection equation where many of them are even identical to two digits significance. Also 
for the two employment equations, the coefficient estimates are quite similar. This is consis-
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tent with the result that for both employment equations the common unobserved factor have a 
loading coefficient not significantly different from zero.18  

In the model that controls for selection into programmes, we have used the relative impor-
tance of PSE programmes in the municipality as an instrument. Table 2 shows that the effect 
of this variable is significantly different from zero (with a z-value of more than 11). Thus, it 
satisfies the first requirement for being a valid instrument, namely that it is correlated with the 
assignment into programme category. To be a valid instrument it also has to satisfy the re-
quirement that it should not affect the employment outcome directly, but only indirectly 
through the actual programme choice, cf. the discussion in Section 3. As evidence on this, we 
have calculated the correlation between the instrument and the indicator variable for being 
employed 12 months after the end of the ALMP period. This correlation is only 0.005 and a 
statistical test cannot reject that it is different from zero (the p-value is 0.69). We have also 
estimated the model with the instrument included in the two outcome equations. The esti-
mated coefficients of this variable were close to zero (with z-values of 0.1 and 1.2, respec-
tively). Thus, there is no indication that the relative importance of PSE programmes in the 
municipality affects the employment outcome directly and it appears to be a valid instrument. 
It is not possible to test the exclusion restriction more formally, since the exclusion restriction 
is almost an identifying assumption in our model. Without the exclusion restriction, the model 
is only parametrically identified through the normality assumption. 

5.2 Mean treatment effects 

Based on the maximum likelihood estimates of the parameters, we calculate the different 
treatment effects. They are reported in Tables 5, 6 and 7. Let us first comment on the mean 
treatment effects. 

The average treatment effect indicates that PSE programmes have a positive employment ef-
fect (0.172), although it is not significantly positive when we correct for selection on unob-
servables. For those who are selected into the PSE programmes, we find that the programmes 
have a negative employment effect (-0.139), but again the effect is not statistically significant. 
This result suggests that selection into PSE programmes is negatively related to the expected 

                                                 

18 However, even if the common unobserved factor has loading coefficient estimates that are not individually 
significantly different from zero, the standard likelihood ratio test rejects the hypothesis that there is no selection 
on unobservables at a 5 per cent level of significance. Under the hypothesis that α1=α0=0, the likelihood ratio 
test statistic is chi-square distributed with 2 degrees of freedom. The value of the likelihood ratio test statistic is 
6.08, while the critical value at the 5 per cent level of significance is 5.99. 



 22

outcome, a sort of perverse selection since those being assigned to the programmes cannot 
expect to benefit from them. 

Previous analyses of the employment effect have typically found that PSE programmes have a 
positive effect. Our results indicate that these previous findings may be due to the use of mod-
els with too restrictive assumptions, primarily about the role of unobservables. By relaxing 
the restrictive assumptions we have obtained a more diverse picture, although this to some 
degree occurs at the expense of increased standard errors. However, our results question the 
conventional wisdom on the employment effects of PSE programmes. 

The large difference between the estimated employment effect (-0.139) and the raw mean 
effect (0.184) shows that controlling for selection is very important in our setting, despite the 
fact that the factor loadings are not individually significantly different from zero. Our estima-
tion results show that the factor loadings are large, but very imprecisely estimated. This result 
is remarkably similar to the results obtained by Aakvik et al. (2005) and Aakvik et al. (2003) 
using the same empirical model. 

The calculation of the marginal treatment effects allows us to investigate further the relation-
ship between the unobservables and the treatment effect. In Table 7, we report the mean MTE 
for three different values of the unobserved characteristics in the selection equation, UD. It is 
seen that the mean MTE is decreasing in UD. This means that those most likely to participate 
in PSE programmes (those having large UD values) benefit the least from these programmes. 
This is in accordance with the evidence reported above on ATE and TT, since they also 
showed that a random person would be better off than an actual participant in the PSE pro-
grammes. 

A possible explanation for this result is that the caseworkers doing the allocation to different 
programmes select the most (unconditionally) employable persons for PSE programmes, 
thereby cream-skimming the group of unemployed persons. The reasons behind this may be 
that the private employers, directly or indirectly, impose some requirements on the potential 
participants in PSE programmes. This may lead to a selection where persons who would have 
been employed anyway are chosen for PSE programmes. Below we provide further evidence 
on the selection on observables and unobservables, see Section 5.4. 

5.3 Distributional treatment effects 

We have also calculated estimates of the distributional treatment effects (reported in Tables 5, 
6 and 7). These results show that if a random ALMP-participant is assigned to a PSE pro-
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gramme, then the participant benefits from the programme with probability 0.345, but will be 
hurt by it with probability 0.174. In other words, roughly twice as many participants will 
benefit as those being hurt by the programme. But nearly half of the population will not be 
affected by the type of programme, since they will be either employed or unemployed regard-
less of whether they participate in a PSE programme or in another programme.  

Looking at the effect of treatment on the treated, the picture is a bit different. For those actu-
ally participating in the PSE programmes, the probability of benefiting from the programme is 
only 0.172, whereas the probability of being hurt by it is almost twice as high, 0.312. More 
than half of those participating in a PSE programme are unaffected by it. 

The distributional marginal treatment effects provide further insight into the consequences of 
selection into the programmes. The distributional impact of the PSE programmes is most 
negative for those most likely to participate in the programmes (those having large UD val-
ues). When we calculate the distributional MTE for a large value of UD (in this case equal to 
2) the results resemble those for TT. A much better distribution of effects appears for those 
persons least likely to enter a PSE programme (with UD =-2), where we find that more than 
half of the potential participants would benefit from participation, i.e. they would become 
employed because of participation in a PSE programme as opposed to another type of pro-
gramme. The probability of becoming unemployed would be as low as 0.056 for these per-
sons. 

These distributional treatment effects show that there is a considerable amount of heterogene-
ity in the response to the programmes. They also illustrate that the mean treatment effects hide 
this heterogeneity in the individual responses. 

5.4 Selection on observables and unobservables  

As discussed above, there is a considerable amount of heterogeneity in the response to the 
programmes. The estimated treatment effects vary substantially with observables as well as 

with unobservables. First, consider the estimated average treatment effect, )(xATEΔ , which 

has a standard deviation of 0.087, compared to its mean of 0.172. Similarly, the estimated 

treatment effect for those participating in PSE programmes, ),( zxTTΔ , has a standard devia-

tion of 0.096, compared to its mean of –0.139. Hence, both these treatment effects show a 
considerable variation with the observed variables.  

Additional information on this heterogeneity can be seen from Table 8 that reports the mar-
ginal effects of each observable variable on the mean treatment effects. It is seen that being 
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married, having no or little work experience, having spent the last 12 months in ordinary edu-
cation, and living in a region with high unemployment are all associated with smaller treat-
ment effects. This has potentially important implications for the allocation of unemployed 
persons to programmes, if caseworkers would take these differences into account in the allo-
cation. At present, e.g. married men are over-represented in PSE programmes, but the em-
ployment effect of participating in PSE programmes are much smaller for married men than 
for single men. 

We can also gain more insight into the relationship between selection into programmes and 
employment outcomes by looking at correlations between unobservables and observables, 
respectively. Given our factor structure model, it is straightforward to calculate the correla-
tions between the unobservables from the estimated parameters (in particular, note that they 
do not depend on values of X and Z): 

    corr(U0, U1) = -0.165 

    corr(UD, U0) = 0.442 

    corr(UD, U1) = -0.186 

The first correlation shows that the unobservables determining the two employment outcomes 
are negatively correlated, indicating that those individuals with unobservables that make them 
more likely to be employed after having participated in a PSE programme will be less likely 
to be employed after having participated in a non-PSE programme. However, the correlation 
is only –0.165, so it is fairly weak. The other two correlations show that unobservables that 
are favouring selection into PSE programmes are positively correlated with unobservables 
that increase the employment chances after a non-PSE programme but negatively correlated 
with unobservables that increase the employment chances after a PSE programme. Hence, 
those most likely to participate in a PSE programme (holding constant X and Z) have the low-
est treatment effects. This once again illustrates the main point. 

We can in the same way examine the dependence between the observables. Since our model 

captures the effects of the observable variables through the indices 1βX , 0βX  and DZβ , we 

can estimate the correlations of these indices: 

corr( 0βX , 1βX ) =  0.851 

    corr( DZβ , 0βX ) =  0.497 
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    corr( DZβ , 1βX ) =  0.399 

All the correlations are positive and strong. Thus, the observed variables that increase the 
probability of participating in a PSE programme are also associated with better employment 
chances after both types of programmes. 

Finally, we can also use the correlations to illustrate that individuals most likely to participate 
in a PSE programme are those who benefit the least from it. This holds for both unobserv-
ables and observables, which can be seen from the following two correlations: 

corr(UD, U1 -U0) = -0.428 

    corr( DZβ , )( 01 ββ −X ) =  -0.412 

We see that the unobservables and the observables reinforce one another, and furthermore it 
can be noticed that the two correlations are of the same magnitude, such that the impact of the 
two types of heterogeneity is similar in size. 

5.5 Sensitivity analyses 

In this subsection we report the results of some estimations that we have performed to test the 
sensitivity of the parameter estimates to different assumptions. First, let us consider our use of 
an instrument to improve on the identification of the model. As described in Section 4, we 
include a variable in Z, but not in X, i.e. we use an exclusion restriction although this is not 
formally necessary to obtain identification in the presence of a normal factor structure. We 
have also estimated the model without this variable and we obtain results (not reported in the 
paper) that are basically the same as those obtained with the instrument included. However, 
the main difference is that the standard errors of the estimated parameters are much larger 
without the instrument, which confirms that the instrument improves on the empirical identi-
fication of the model.  

The results may also depend on the assumption that the common factor θ  is normally distrib-

uted. Therefore, we have estimated the model with an alternative assumption, namely that θ  
follows a discrete distribution with a finite number of support points (corresponding to the 
well-known Heckman-Singer procedure (Heckman and Singer (1984))). We have used three 
points of support and the estimation results obtained from using the discrete distribution for θ  
(reported in Tables 9 and 10) are fairly similar to the results obtained by using the normality 
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assumption.19,20 The results on the mean treatment effects and the distributional treatment 
effects (reported in Tables 11, 12 and 13) are qualitatively similar, but they vary considerably 
in magnitude. Another difference is that the standard errors are smaller when we use the dis-
crete distribution for θ .21 With the alternative assumption about the distribution of the com-
mon factor, we find a less favourable mean ATE (0.082) and an even larger negative mean TT 
(-0.275). ATE is still insignificant, whereas TT is now strongly significant. In their original 
analysis of this model, Aakvik et al. (2005) also investigated the sensitivity to the normality 
assumption and they found that their results were robust with respect to this assumption. 

 

6 Conclusion 

In this paper, we have taken a new look at the employment effects of private sector employ-
ment programmes taking into account selection into programmes and heterogeneous treatment 
effects. Our results give a more diverse picture of the employment effects than previous ana-
lyses. Even though the raw data and the model without selection on unobservables provide a 
significantly positive mean effect of participation in PSE programmes relative to other 
ALMPs, the model that takes into account selection on unobservables gives an insignificant 
(and even negative) employment effect. We also find evidence of substantial heterogeneity in 
the employment effects of PSE programmes. Last, but not least, our results show that those 
most likely to be assigned to PSE programmes are those who benefit the least from it. 

Our results thus suggest that there is room for improvement in the way participants are allo-
cated between programmes. If unemployed persons were allocated such that those participat-

                                                 

19 Let v1, v2 and v3 (where v1< v2< v3) denote the three points of support, and let p1, p2 and p3 (where p1+ p2+ 
p3=1) denote the probabilities associated with each of the three points. We normalize the mean of the common 
factor θ  to 0 and the variance to 1. To simplify the calculations, we assume that v2 is equal to 0. This means that 

))1(/( 2131 pppv −−= and ))/(1( 1113 vpvv −= . Hence, compared to the model with a normally distrib-
uted common factor, only two additional parameters (p1 and p2) have to be estimated. When p1 and p2 are given, 
p3 can easily be calculated from the restriction that the probabilities p1, p2 and p3 have to sum to 1. 
20 Assuming that there is selection on unobservables (i.e. α1≠0, α0≠0 and α1≠α0), then the model with a normally 
distributed common factor is not nested within the model where the common factor follows a discrete distribu-
tion. But according to the Akaike Information Criterion the latter is the preferred model. 
21 A major reason for the smaller standard errors on the mean and distributional treatment parameters obtained 
with the alternative model (where θ  follows a discrete distribution with three points of support) is that the esti-
mated value of the parameter α0 is much larger than in the model with a normally distributed common factor. 
The estimates of α0 in the two models are 0.801 and 3.905, whereas the standard errors are relatively similar 
(0.534 and 0.732, respectively). 
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ing in PSE programmes were those who would benefit most from it, then the overall employ-
ment chances of the participants would be considerable improved. The optimal allocation 
could be based on observables, but it would make an even bigger difference if unobservables 
were also used in an optimal way. Currently, the caseworkers doing the allocation use this 
information perversely. This might be changed e.g. by creating the right incentives for the 
caseworkers. An optimal allocation would require that the caseworkers obtain as much infor-
mation as possible from the unemployed persons and use it optimally in the allocation. Other-
wise, it will not be possible to reap the optimal employment gains from the ALMPs.  

The focus that we have taken in our analysis implies some limitations of our study: First, we 
focus on employment effects – for obvious and good reasons, described in the introduction – 
but that does not rule out the possibility of other types of effects. For example, the pro-
grammes may have effects on occupational choice, on subsequent earnings, or on well-being, 
but such effects are beyond the scope of our analysis. Second, our analysis does not provide 
evidence on whether participation in any programme is beneficial or not compared to non-
participation. Again, we already gave the reasons for this in the introduction of the paper. 

One caveat that should be kept in mind is that the empirical results may depend on the method 
and the model specification, e.g. the results may be sensitive to the distributional assumptions. 
Clearly, a model with a more general error structure than the one-factor structure model might 
yield other results. Also, we have employed a normality assumption, which may be overly 
restrictive (but obviously it has some very nice properties that make the computations tracta-
ble). In line with Aakvik et al. (2005) we have investigated the sensitivity to the normality 
assumption for the common factor and we find that the results are qualitatively robust with 
respect to this assumption, even though the magnitudes of the effects vary. Another way to 
investigate the importance of the various assumptions would be to perform a semi-parametric 
estimation of the model, but that is beyond the scope of this paper and will be left for future 
research. 
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Appendix A  

The assumptions of our model specified in Section 4 imply that the probabilities charac-
terizing the joint distribution of the potential outcomes Y1 and Y0 and the distribution of the 
treatment effect can be expressed by relatively simple formulas. 

For individuals with observed characteristics x and z the following expressions apply if the 
individuals are randomly selected into a PSE programme:  
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If the individuals are selected into a PSE programme using the selection mechanism implied 
by our model the following results apply: 
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If the individuals are selected into a PSE programme using the selection mechanism implied 
by our model and the unobserved variable UD of the individuals is equal to u then the follow-
ing results apply: 
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Appendix B 

The estimation of the model specified in Section 4 involves numerical integration. The fol-
lowing integral have to be calculated during the iterations of the maximum likelihood estima-
tion procedure: 
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where )(θiL  is a known function except for a finite number of parameters ( 0101 ,,,, ααβββD ). 

Using the linear change of variables, θ)2/1(=q , equation (B1) can be written as 
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With the use of the Gauss-Hermite quadrature rule (see e.g. Judd (2000)) this integral can be 
approximated by 
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where K is the number of evaluation points used for the approximation, and wk is the weight 
associated with the evaluation point qk (k=1,…,K). When K is increased, the accuracy of the 
approximation in (B3) is improved. 

For the empirical analyses in this paper we use 5 evaluation points.22 The weights and the 
location of the evaluation points are taken from the online calculator at www.efunda.com. 

 

 

 

                                                 

22 The same choice is made by Aakvik et al. (2005) and Andrén and Andrén (2002), who estimate a similar mo-
del. In a somewhat different setting (a panel probit model), Butler and Moffit (1982) show that the estimated 
coefficients change very little when the number of evaluation points is increased. 

http://www.efunda.com/
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Figure 1 
Proportion of participants in different types of ALMPs who are employed after the end of the 
programme period 

 
Figure 2 
Proportion of participants in different types of ALMPs who are unemployed after the end of 
the programme period 
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Figure 3 
Proportion of participants in different types of ALMPs who are outside the labour market af-
ter the end of the programme period 

 
Figure 4 
Proportion of participants in different types of ALMPs who are in ordinary education after the 
end of the programme period 
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Figure 5 
Proportion of participants in different types of ALMPs who cannot be categorized after the 
end of the programme period 
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Table 1 
Descriptive statistics (mean values) for participants in private sector employment (PSE) pro-
grammes and participants in non-PSE programmes 
 

 Participants in 
PSE programmes 

Participants in 
non-PSE programmes 

   
Number of observations 1391 5222 
   
Outcome variables   
Employment status:   
6 months after end of programme period 0.546 0.327 
12 months after end of programme period 0.532 0.348 
   
Individual characteristics   
Year when programme started:   
1993 0.201 0.074 
1994 0.382 0.326 
1995 0.206 0.225 
1996 0.101 0.155 
1997 0.071 0.134 
1998 0.040 0.086 
   
Marital status:   
Single 0.764 0.817 
Married 0.069 0.054 
Cohabitating 0.167 0.129 
   
Has children 0.134 0.102 
   
Age:   
17-24 0.558 0.517 
25-29 0.142 0.121 
30-39 0.175 0.199 
40-49 0.096 0.129 
50-66 0.030 0.034 
   
Completed education:   
Primary or lower secondary school 0.579 0.624 
Upper secondary school 0.209 0.183 
Vocational education 0.191 0.158 
Further or higher education 0.021 0.034 
   
Work experience:   
0-2 years 0.512 0.572 
2-5 years 0.207 0.172 
5-10 years 0.157 0.142 
10+ years 0.124 0.114 
   
Fraction of time spent in different states during the 
12 months preceding programme period:   
Employment 0.370 0.346 
Unemployment 0.475 0.509 
Ordinary education 0.155 0.145 
   
   
   
  (continued) 
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Fraction of time spent in different states during 24 
months period starting 3 years (and ending 1 year) 
before the programme period:   
Employment 0.307 0.262 
Unemployment 0.320 0.373 
Ordinary education 0.093 0.090 
No available information regarding the variable 
above 0.280 0.275 
   
Characteristics of municipality   
Number of residents in municipality in 1996:   
Less than 20,000 0.273 0.320 
20,000-40,000 0.183 0.164 
40,000-100,000 0.300 0.232 
More than 100,000 0.244 0.284 
   
Regional unemployment rate relative to countrywide 
unemployment rate 1.013 1.028 
   
Percentage of programme participants in PSE pro-
grammes relative to countrywide importance of PSE 
programmes 1.222 0.992 
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Table 2 
Estimates of the parameters determining selection into PSE programmes 
 
 Model without selection on unob-

servables (α1=α0=0) 
Model with selection on unobserv-

ables (α1≠0, α1≠0 and α1≠α0) 
 Coeff. Std.a Marg.b Coeff. Std.a Marg.b 
Constant -1.480 0.251 -0.277 -1.485 0.244 -0.278 
Age (ref. group: 17-24):       
  25-29 -0.070 0.099 -0.013 -0.072 0.099 -0.013 
  30-39 -0.401 0.106 -0.075 -0.394 0.106 -0.074 
  40-49 -0.684 0.129 -0.128 -0.672 0.129 -0.126 
  50-66 -0.496 0.180 -0.093 -0.487 0.180 -0.091 
Marital status (Ref. group: Single)       
  Married 0.193 0.134 0.036 0.176 0.134 0.033 
  Cohabitating 0.247 0.086 0.046 0.241 0.086 0.045 
Has children 0.164 0.109 0.031 0.172 0.109 0.032 
Completed education (Ref. group: 
Primary or lower sec. school):       
  Upper secondary school 0.112 0.082 0.021 0.108 0.082 0.020 
  Vocational education 0.139 0.078 0.026 0.137 0.078 0.026 
  Further or higher education -0.188 0.168 -0.035 -0.182 0.169 -0.034 
Work experience (Ref. group: 0-2 
years):       
  2-5 years 0.495 0.085 0.093 0.488 0.085 0.091 
  5-10 years 0.604 0.109 0.113 0.601 0.109 0.113 
  10+ years 0.715 0.128 0.134 0.703 0.128 0.132 
Status during the 12 months preceding 
the programme period (Ref. group: 
Employment):       
  Unemployment -0.102 0.106 -0.019 -0.114 0.107 -0.021 
  Ordinary education -0.028 0.116 -0.005 -0.022 0.117 -0.005 
Status during 24 months period starting 
3 years (and ending 1 year) before the 
programme period (Ref. group: Em-
ployment):       
  Unemployment -0.289 0.116 -0.054 -0.287 0.114 -0.054 
  Ordinary education -0.137 0.151 -0.026 -0.132 0.151 -0.025 
  No available information -0.011 0.099 -0.002 -0.015 0.100 -0.003 
Year when programme started (Ref. 
group: 1994):       
  1993 0.631 0.084 0.118 0.635 0.084 0.119 
  1995 -0.196 0.070 -0.037 -0.192 0.071 -0.036 
  1996 -0.499 0.085 -0.093 -0.497 0.085 -0.093 
  1997 -0.643 0.095 -0.120 -0.641 0.095 -0.120 
  1998 -0.765 0.116 -0.143 -0.761 0.116 -0.143 
Number of residents in municipality 
(Ref. group: 0-20,000):       
  20,000-40,000 0.199 0.081 0.037 0.197 0.081 0.037 
  40,000-100,000 0.243 0.073 0.046 0.239 0.073 0.045 
  More than 100,000 0.186 0.073 0.035 0.191 0.073 0.036 
Relative unemployment level -0.195 0.215 -0.037 -0.191 0.215 -0.036 
Relative importance of PSE pro-
grammes 0.473 0.043 0.089 0.479 0.044 0.090 
Common unobserved factor 1.000 c   1.000 c   
       
Log-likelihood -7131.7   -7128.7   
       
Note.  Figures in bold indicate significance at a 5 per cent level. 
a.  Asymptotic standard errors. 
b.  Mean marginal effect on the probability of participating in a PSE programme. 
c.  The parameter is fixed at the given value. 
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Table 3 
Estimates of the parameters determining the employment status 12 months after the end of the 
programme period (participants in PSE programmes) 
 
 Model without selection on unob-

servables (α1=α0=0) 
Model with selection on unob-

servables (α1≠0, α1≠0 and α1≠α0)
 Coeff. Std.a Marg.b Coeff. Std.a Marg.b 
Constant 1.346 0.369 0.497 1.578 0.541 0.553 
Age (ref. group: 17-24):       
  25-29 0.037 0.135 0.014 0.043 0.139 0.015 
  30-39 -0.262 0.148 -0.097 -0.228 0.156 -0.080 
  40-49 -0.722 0.186 -0.267 -0.681 0.194 -0.239 
  50-66 -0.708 0.251 -0.261 -0.681 0.260 -0.239 
Marital status (Ref. group: Single)       
  Married 0.035 0.182 0.013 0.022 0.188 0.008 
  Cohabitating 0.026 0.113 0.010 0.006 0.120 0.002 
Has children 0.128 0.147 0.047 0.109 0.151 0.038 
Completed education (Ref. group: 
Primary or lower sec. school):       
  Upper secondary school 0.028 0.109 0.010 0.017 0.114 0.006 
  Vocational education 0.255 0.105 0.094 0.250 0.108 0.088 
  Further or higher education 0.376 0.268 0.139 0.399 0.281 0.140 
Work experience (Ref. group: 0-2 
years):       
  2-5 years 0.196 0.115 0.072 0.153 0.129 0.054 
  5-10 years 0.418 0.155 0.154 0.371 0.167 0.130 
  10+ years 0.558 0.180 0.206 0.504 0.193 0.177 
Status during the 12 months preced-
ing the programme period (Ref. 
group: Employment):       
  Unemployment -0.320 0.142 -0.118 -0.311 0.146 -0.109 
  Ordinary education -0.257 0.154 -0.095 -0.263 0.160 -0.092 
Status during 24 months period start-
ing 3 years (and ending 1 year) be-
fore the programme period (Ref. 
group: Employment):       
  Unemployment -0.511 0.153 -0.189 -0.497 0.158 -0.174 
  Ordinary education -0.114 0.204 -0.042 -0.109 0.210 -0.038 
  No available information 0.056 0.134 0.021 0.059 0.137 0.021 
Year when programme started (Ref. 
group: 1994):       
  1993 0.191 0.098 0.071 0.132 0.120 0.046 
  1995 0.057 0.098 0.021 0.072 0.103 0.025 
  1996 0.013 0.125 0.005 0.057 0.141 0.020 
  1997 -0.142 0.141 -0.053 -0.089 0.160 -0.031 
  1998 -0.013 0.197 -0.005 0.063 0.225 0.022 
Number of residents in municipality 
(Ref. group: 0-20,000):       
  20,000-40,000  0.005 0.107 0.002 -0.006 0.112 -0.002 
  40,000-100,000 -0.049 0.098 -0.018 -0.074 0.110 -0.026 
  More than 100,000  0.136 0.103  0.050 0.139 0.105 0.049 
Relative unemployment level -1.089 0.332 -0.402 -1.058 0.341 -0.371 
Relative importance of PSE pro-
grammes       
Common unobserved factor    -0.273 0.337  
       
Note.  Figures in bold indicate significance at a 5 per cent level. 
a.  Asymptotic standard errors. 
b.  Mean marginal effect on the probability of being employed after a PSE programme. 
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Table 4 
Estimates of the parameters determining the employment status 12 months after the end of the 
programme period (participants in non-PSE programmes) 
 
 Model without selection on unob-

servables (α1=α0=0) 
Model with selection on unob-

servables (α1≠0, α1≠0 and α1≠α0)
 Coeff. Std.a Marg.b Coeff. Std.a Marg.b 
Constant 0.667 0.156 0.228 1.034 0.380 0.286
Age (ref. group: 17-24):  
  25-29 -0.020 0.071 -0.007 -0.033 0.089 -0.009
  30-39 -0.357 0.075 -0.122 -0.506 0.171 -0.140
  40-49 -0.504 0.091 -0.172 -0.729 0.242 -0.202
  50-66 -0.660 0.137 -0.225 -0.900 0.294 -0.249
Marital status (Ref. group: Single)  
  Married 0.424 0.099 0.145 0.547 0.179 0.152
  Cohabitating 0.158 0.063 0.054 0.238 0.107 0.066
Has children 0.010 0.081 0.004 0.041 0.103 0.011
Completed education (Ref. group: 
Primary or lower sec. school):  
  Upper secondary school 0.089 0.058 0.030 0.132 0.082 0.037
  Vocational education 0.376 0.059 0.128 0.483 0.137 0.134
  Further or higher education 0.245 0.109 0.084 0.274 0.145 0.076
Work experience (Ref. group: 0-2 
years):  
  2-5 years 0.105 0.062 0.036 0.215 0.115 0.060
  5-10 years 0.173 0.078 0.059 0.319 0.153 0.088
  10+ years 0.255 0.093 0.087 0.439 0.194 0.122
Status during the 12 months preced-
ing the programme period (Ref. 
group: Employment):  
  Unemployment -0.480 0.073 -0.164 -0.599 0.164 -0.166
  Ordinary education 0.045 0.079 0.015 0.060 0.100 0.017
Status during 24 months period start-
ing 3 years (and ending 1 year) be-
fore the programme period (Ref. 
group: Employment):  
  Unemployment -0.570 0.083 -0.195 -0.746 0.212 -0.207
  Ordinary education -0.115 0.105 -0.039 -0.156 0.138 -0.043
  No available information -0.177 0.071 -0.060 -0.212 0.099 -0.059
Year when programme started (Ref. 
group: 1994):  
  1993 -0.005 0.075 -0.002 0.127 0.127 0.035
  1995 -0.039 0.052 -0.013 -0.082 0.073 -0.023
  1996 -0.022 0.058 -0.008 -0.104 0.093 -0.029
  1997 -0.042 0.062 -0.014 -0.156 0.113 -0.043
  1998 -0.125 0.075 -0.043 -0.273 0.150 -0.076
Number of residents in municipality 
(Ref. group: 0-20,000):  
  20,000-40,000 -0.036 0.057 -0.012 -0.027 0.073 -0.001
  40,000-100,000 -0.060 0.051 -0.021 -0.072 0.070 -0.002
  More than 100,000 0.006 0.050 0.002 0.032 0.064 0.009
Relative unemployment level -0.568 0.133 -0.194 -0.732 0.247 -0.203
Relative importance of PSE pro-
grammes  
Common unobserved factor   0.801 0.534  
       
Note.  Figures in bold indicate significance at a 5 per cent level. 
a.  Asymptotic standard errors. 
b.  Mean marginal effect on the probability of being employed after a non-PSE programme. 
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Table 5 
The average treatment effect ( ATEΔ ) and associated distributional treatment parameters 
 
 

1 0, (1,0)ATE
Y YP  

1 0, (0,1)ATE
Y YP  

1 0, (1,1)ATE
Y YP

1 0, (0,0)ATE
Y YP  )0(ATEPΔ  ATEΔ  

Model without selection 
on unobservables 
(α1=α0=0) 0.298 0.162 0.194 0.346 0.540 0.136 
 (0.010) (0.006) (0.006) (0.010) (0.006) (0.016) 
Model with selection on 
unobservables (α1≠0, 
α1≠0 and α1≠α0) 0.345 0.174 0.242 0.239 0.481 0.172 
 (0.091) (0.027) (0.022) (0.093) (0.073) (0.112) 
       
Note.  Figures in bold indicate significance at a 5 per cent level. Standard errors are given in parentheses. 
 
 
Table 6 
The effect of treatment on the treated ( TTΔ ) and associated distributional treatment parameters 
 
 

1 0, (1,0)TT
Y YP  

1 0, (0,1)TT
Y YP  

1 0, (1,1)TT
Y YP

1 0, (0,0)TT
Y YP  )0(TTPΔ  TTΔ  

Model without selection 
on unobservables 
(α1=α0=0) 0.308 0.164 0.224 0.306 0.529 0.144 
 (0.009) (0.006) (0.007) (0.009) (0.005) (0.015) 
Model with selection on 
unobservables (α1≠0, 
α1≠0 and α1≠α0) 0.172 0.312 0.360 0.157 0.517 -0.139 
 (0.060) (0.068) (0.060) (0.067) (0.035) (0.123) 
       
Note.  Figures in bold indicate significance at a 5 per cent level. Standard errors are given in parentheses. 
 
 
Table 7 
The marginal treatment effect ( MTEΔ ) and associated distributional treatment parameters 
 
 

1 0, (1,0)MTE
Y YP  

1 0, (0,1)MTE
Y YP  

1 0, (1,1)MTE
Y YP

1 0, (0,0)MTE
Y YP  )0(MTEPΔ  MTEΔ  

Model without selection 
on unobservables 
(α1=α0=0) 0.298 0.162 0.194 0.346 0.540 0.136 
 (0.010) (0.006) (0.006) (0.010) (0.006) (0.016) 
Model with selection on 
unobservables (α1≠0, 
α1≠0 and α1≠α0)       
  UD=-2 0.550 0.056 0.136 0.257 0.393 0.494 
 (0.194) (0.034) (0.060) (0.185) (0.161) (0.228) 
       
  UD=0 0.340 0.157 0.252 0.250 0.503 0.182 
 (0.083) (0.035) (0.035) (0.084) (0.050) (0.117) 
       
  UD=2 0.158 0.328 0.332 0.182 0.514 -0.170 
 (0.062) (0.079) (0.063) (0.077) (0.037) (0.137) 
       
Note.  Figures in bold indicate significance at a 5 per cent level. Standard errors are given in parentheses. 
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Table 8 
Marginal effect of explanatory variables on the average treatment effect and the effect of 
treatment on the treated 
 
 

]
)(
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ATE

X δ
δΔ
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z

zx
E

TT

Z δ
δΔ

 

 (α1=α0=0) (α1≠0, α1≠0 
and α1≠α0) 

(α1=α0=0) (α1≠0, α1≠0 
and α1≠α0) 

Constant 0.269 0.267 0.268 0.112 
Age (ref. group: 17-24):     
  25-29 0.020 0.024 0.021 0.017 
  30-39 0.025 0.060 0.030 0.015 
  40-49 -0.095 -0.037 -0.087 -0.118 
  50-66 0.036 0.011 -0.027 -0.049 
Marital status (Ref. group: Single)     
  Married -0.132 -0.144 -0.137 -0.125 
  Cohabitating -0.044 -0.064 -0.047 -0.038 
Has children 0.044 0.027 0.043 0.047 
Completed education (Ref. group: Primary 
or lower sec. school):     
  Upper secondary school -0.021 -0.031 -0.022 -0.019 
  Vocational education -0.034 -0.046 -0.039 -0.029 
  Further or higher education 0.055 0.064 0.053 0.047 
Work experience (Ref. group: 0-2 years):     
  2-5 years 0.036 -0.006 0.034 0.050 
  5-10 years 0.095 0.042 0.091 0.113 
  10+ years 0.119 0.055 0.114 0.139 
Status during the 12 months preceding the 
programme period (Ref. group: Employ-
ment):     
  Unemployment 0.046 0.057 0.051 0.042 
  Ordinary education -0.110 -0.109 -0.111 -0.115 
Status during 24 months period starting 3 
years (and ending 1 year) before the pro-
gramme period (Ref. group: Employment):     
  Unemployment 0.006 0.032 0.013 -0.003 
  Ordinary education -0.003 0.005 -0.001 -0.011 
  No available information 0.081 0.079 0.083 0.079 
Year when programme started (Ref. group: 
1994):     
  1993 0.072 0.011 0.070 0.084 
  1995 0.035 0.048 0.036 0.027 
  1996 0.012 0.049 0.014 -0.007 
  1997 -0.038 0.012 -0.036 -0.061 
  1998 0.038 0.098 0.042 0.013 
Number of residents in municipality (Ref. 
group: 0-20,000):     
  20,000-40,000 0.014 -0.001 0.014 0.021 
  40,000-100,000 0.003 -0.024 0.002 0.002 
  More than 100,000 0.048 0.040 0.047 0.063 
Relative unemployment level -0.208 -0.168 -0.202 -0.199 
Relative importance of PSE programmes    0.054 
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Table 9 
Estimates of the parameters determining selection into PSE programmes when the common 
factor follows a discrete distribution with 3 points of support and there is selection on unob-
servables (α1≠0, α1≠0 and α1≠α0) 
 
 Coeff. Std.a Marg.b 
Constant -1.276 0.310 -0.200 
Age (ref. group: 17-24):    
  25-29 -0.102 0.113 -0.016 
  30-39 -0.551 0.129 -0.086 
  40-49 -0.908 0.160 -0.142 
  50-66 -0.675 0.218 -0.106 
Marital status (Ref. group: Single)    
  Married 0.211 0.154 0.033 
  Cohabitating 0.277 0.096 0.043 
Has children 0.213 0.123 0.033 
Completed education (Ref. group: Primary or lower sec. school):    
  Upper secondary school 0.164 0.096 0.026 
  Vocational education 0.132 0.089 0.021 
  Further or higher education -0.273 0.222 -0.043 
Work experience (Ref. group: 0-2 years):    
  2-5 years 0.618 0.098 0.097 
  5-10 years 0.811 0.131 0.127 
  10+ years 0.971 0.157 0.152 
Status during the 12 months preceding the programme period (Ref. 
group: Employment):    
  Unemployment -0.124 0.124 -0.019 
  Ordinary education -0.019 0.136 -0.003 
Status during 24 months period starting 3 years (and ending 1 year) 
before the programme period (Ref. group: Employment):    
  Unemployment -0.368 0.135 -0.058 
  Ordinary education -0.167 0.174 -0.026 
  No available information -0.035 0.118 -0.005 
Year when programme started (Ref. group: 1994):    
  1993 0.631 0.086 0.099 
  1995 -0.230 0.084 -0.036 
  1996 -0.654 0.113 -0.103 
  1997 -0.874 0.132 -0.137 
  1998 -1.029 0.169 -0.161 
Number of residents in municipality (Ref. group: 0-20,000):    
  20,000-40,000 0.255 0.094 0.040 
  40,000-100,000 0.248 0.084 0.039 
  More than 100,000 0.221 0.090 0.035 
Relative unemployment level -0.325 0.268 -0.051 
Relative importance of PSE programmes 0.537 0.046 0.084 
Common unobserved factor 1.000 c   
    
v1 -0.729 0.075  
v2 0.000 c   
v3 2.504 0.209  
p1=Pr(θ=v1) 0.424 0.044  
p2=Pr(θ=v2) 0.452 0.049  
p3=Pr(θ=v3) 0.124 0.017  
    
Log-likelihood -7119.1   
    
Note.  Figures in bold indicate significance at a 5 per cent level. 
a.  Asymptotic standard errors. 
b.  Mean marginal effect on the probability of participating in a PSE programme. 
c.  The parameter is fixed at the given value. 
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Table 10 
Estimates of the parameters determining the employment status 12 months after the end of the 
programme period when the common factor follows a discrete distribution with 3 points of 
support and there is selection on unobservables (α1≠0, α1≠0 and α1≠α0) 
 
 Participants in PSE programmes Participants in non-PSE pro-

grammes 
 Coeff. Std.a Marg.b Coeff. Std.a Marg.b 
Constant 1.382 0.404 0.511 2.939 0.685 0.427 
Age (ref. group: 17-24):       
  25-29 0.037 0.135 0.014 -0.080 0.142 -0.012 
  30-39 -0.243 0.156 -0.090 -0.841 0.193 -0.122 
  40-49 -0.691 0.198 -0.255 -1.215 0.263 -0.176 
  50-66 -0.683 0.258 -0.252 -1.420 0.331 -0.206 
Marital status (Ref. group: Single)       
  Married 0.022 0.184 0.008 0.936 0.244 0.136 
  Cohabitating 0.012 0.117 0.004 0.447 0.150 0.065 
Has children 0.118 0.149 0.043 0.036 0.160 0.005 
Completed education (Ref. group: 
Primary or lower sec. school):       
  Upper secondary school 0.021 0.112 0.008 0.286 0.148 0.042 
  Vocational education 0.251 0.106 0.093 0.753 0.165 0.109 
  Further or higher education 0.394 0.271 0.145 0.463 0.233 0.067 
Work experience (Ref. group: 0-2 
years):       
  2-5 years 0.170 0.131 0.063 0.405 0.151 0.059 
  5-10 years 0.388 0.171 0.143 0.528 0.184 0.077 
  10+ years 0.522 0.201 0.193 0.780 0.230 0.113 
Status during the 12 months preced-
ing the programme period (Ref. 
group: Employment):       
  Unemployment -0.314 0.143 -0.116 -1.015 0.231 -0.147 
  Ordinary education -0.263 0.155 -0.097 0.115 0.200 0.017 
Status during 24 months period start-
ing 3 years (and ending 1 year) be-
fore the programme period (Ref. 
group: Employment):       
  Unemployment -0.491 0.156 -0.181 -1.261 0.254 -0.183 
  Ordinary education -0.108 0.205 -0.040 -0.315 0.250 -0.046 
  No available information 0.061 0.134 0.022 -0.438 0.172 -0.064 
Year when programme started (Ref. 
group: 1994):       
  1993 0.163 0.114 0.060 0.236 0.173 0.034 
  1995 0.069 0.101 0.025 -0.138 0.110 -0.020 
  1996 0.048 0.142 0.018 -0.174 0.131 -0.025 
  1997 -0.093 0.166 -0.034 -0.314 0.152 -0.046 
  1998 -0.037 0.225 -0.014 -0.551 0.204 -0.080 
Number of residents in municipality 
(Ref. group: 0-20,000):       
  20,000-40,000 -0.004 0.110 -0.001 0.031 0.122 0.004 
  40,000-100,000 -0.062 0.105 -0.023 0.062 0.112 0.009 
  More than 100,000  0.134 0.103  0.050 0.082 0.109 0.012 
Relative unemployment level -1.046 0.332 -0.387 -1.353 0.372 -0.197 
Relative importance of PSE pro-
grammes       
Common unobserved factor -0.065 0.129  3.905 0.732  
       
Note.  Figures in bold indicate significance at a 5 per cent level. 
a.  Asymptotic standard errors. 
b.  Mean marginal effect on the probability of being employed.  
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Table 11 
The average treatment effect ( ATEΔ ) and associated distributional treatment parameters in a 
model where the common factor follows a discrete distribution with 3 points of support and 
there is selection on unobservables (α1≠0, α1≠0 and α1≠α0) 
 

1 0, (1,0)ATE
Y YP  

1 0, (0,1)ATE
Y YP  

1 0, (1,1)ATE
Y YP  

1 0, (0,0)ATE
Y YP  )0(ATEPΔ  ATEΔ  

0.281 0.199 0.245 0.275 0.520 0.082 
(0.054) (0.016) (0.016) (0.054) (0.039) (0.069) 

      
Note.  Figures in bold indicate significance at a 5 per cent level. Standard errors are given in parentheses. 
 
 
Table 12 
The effect of treatment on the treated ( TTΔ ) and associated distributional treatment parameters 
in a model where the common factor follows a discrete distribution with 3 points of support 
and there is selection on unobservables (α1≠0, α1≠0 and α1≠α0) 
 

1 0, (1,0)TT
Y YP  

1 0, (0,1)TT
Y YP  

1 0, (1,1)TT
Y YP  

1 0, (0,0)TT
Y YP  )0(TTPΔ  TTΔ  

0.107 0.382 0.425 0.086 0.512 -0.275 
(0.019) (0.021) (0.021) (0.018) (0.029) (0.027) 

      
Note.  Figures in bold indicate significance at a 5 per cent level. Standard errors are given in parentheses. 
 
 
Table 13 
The marginal treatment effect ( MTEΔ ) and associated distributional treatment parameters (for 
selected values of UD) in a model where the common factor follows a discrete distribution 
with 3 points of support and there is selection on unobservables (α1≠0, α1≠0 and α1≠α0) 
 
 

1 0, (1,0)MTE
Y YP  

1 0, (0,1)MTE
Y YP  

1 0, (1,1)MTE
Y YP

1 0, (0,0)MTE
Y YP  )0(MTEPΔ  MTEΔ  

  UD=-2 0.420 0.080 0.119 0.381 0.500 0.341 
 (0.082) (0.015) (0.016) (0.081) (0.068) (0.096) 
       
  UD=0 0.294 0.172 0.239 0.296 0.534 0.113 
 (0.056) (0.026) (0.027) (0.056) (0.030) (0.082) 
       
  UD=2 0.077 0.418 0.413 0.091 0.505 -0.341 
 (0.022) (0.029) (0.025) (0.023) (0.033) (0.039) 
       
Note.  Figures in bold indicate significance at a 5 per cent level. Standard errors are given in parentheses. 
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