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Abstract 
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precision and robustness of standard matching estimators. We find negative employment effects in the short term 
for all programme types, effects whose magnitude and persistence is directly related to programme duration. In 
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the longer-term positive effects seem to be sustainable over the eight-year observation period. 
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1 Introduction 

In the 1990s, many continental European countries used active labour market policies 

(ALMP) as important tools for reducing Europe’s notoriously high levels of unemployment 

without the painful side effects of substantial labour market reforms. Since in many countries 

substantial numbers of the unemployed are considered to have inadequate education, training 

is viewed as one of the most important and promising components of this policy (ILO 1998). 

However, this raises the question of whether substantial human capital investments should be 

preferred to less intense adjustments of skills as a means of reducing unemployment. From the 

returns-to-education literature (see, e.g., the survey by Card 1999) it might be conjectured that 

this is, in fact, a trade-off between short- and long-term gains. This question has yet to be 

assessed empirically in the literature because there is insufficient appropriate long-term data. 

Most existing evaluation studies (as surveyed, for example, by Fay 1996; Heckman, LaLonde, 

and Smith 1999; Martin and Grubb 2001; and Kluve and Schmidt 2002) have focused on the 

short- to medium-term effects of training programmes and are thus not able to fully address 

this question. The few studies that do estimate long-term effects (Couch 1992; Hotz, Imbens, 

and Klerman 2000; Winter-Ebmer 2001; Jespersen, Munch, and Skipper, 2004; Jacobson, 

LaLonde, and Sullivan 2005) suggest that there are long-term gains from substantial training, 

but in these studies there are no direct comparisons with other (less intense) forms of training. 

We contribute to filling this gap in the literature by estimating short-, medium-, and 

long-term effects of different types of West German government-sponsored training (GST) 

programmes for the unemployed on participant outcomes: employment, unemployment, and 

earnings. German training programmes include those types of programmes commonly used in 

most other OECD countries, but the overall range of training programmes is more diverse 

with respect not only to the form and intensity of the human capital investment involved but 

also to their respective duration (ranging from several weeks to more than two years). 



Moreover, our administrative data contain sufficiently detailed information and large enough 

sample sizes to capture important aspects of this heterogeneity, and we are able to measure 

interesting outcome variables on a monthly basis over a period of eight years after a person 

has entered one of the training programmes. 

We cannot use experimental, instrumental variable, or discontinuity methods to 

identify our parameters of interest. These limitations stem from the strong political and public 

resistance against social experiments in Europe and also from the lack of exogenous variation 

(over regions and time) in eligibility or assignment rules. However, our data include nearly 20 

years of individual pre-programme employment and earnings histories in addition to a rich set 

of personal, regional, and employer information; this enables us to correct for selectivity by 

using microeconometric matching methods. We use a matching estimator that accounts for 

multiple treatments, as proposed by Imbens (2000) and by Lechner (2001, 2002a, 2002b). 

This estimator has two advantages: it is essentially nonparametric, and it allows for 

unrestricted effect heterogeneity. We implement a weighted regression on top of the matching 

in order to increase matching quality and efficiency. Furthermore, we improve efficiency as 

compared with one-to-one matching by predicting the counterfactual outcome using a 

weighted mean of similar observations in the comparison pool. 

For West German unemployed individuals who enter training from January 1992 to 

June 1993, all types of training that we evaluate exhibit negative short-term effects on 

employment. The magnitude and duration of these “lock-in” effects (in the terminology of 

Van Ours 2004) are directly related to the duration of the programme itself. In the long run, 

however, these programmes increase employment rates by 10–20 percentage points. The 

positive effects for shorter types of training appear fairly quickly, but positive effects can take 

as many as three years to appear with the longest and most intense types of training. Yet these 

positive effects are sustained in the long run for both programme types. Not surprisingly, the 



long-term effects of the most intensive programme, which is also the one with the largest 

lock-in effect, dominates the effects of the other, shorter programmes. When cumulating the 

effects over the eight-year period—that is, combining the lock-in and long-run effects—all 

programmes are similarly effective in increasing the employment rates of their participants. 

Besides adding to the discussion on reducing unemployment via substantial human 

capital investments versus less intense training, our results help to resolve the training 

literature anomaly of drastically different estimates for effects of training on the unemployed. 

The literature’s consensus is thus that there is no robust evidence that training programmes for 

the unemployed have positive effects (as most vividly illustrated by Heckman’s statement, on 

p. 23 of the April 6, 1996, edition of The Economist, that “zero is not a bad number”). We 

argue that the divergent findings are strongly influenced by data availability: the different 

studies are based on very different time horizons over which they measure their respective 

outcome variables. Given that the effects of training programmes are a mixture of lock-in 

effects (which disappear over time) and long-run effects, it is not surprising that any estimated 

effects are extremely sensitive to the time window for which the outcome variables are 

available. 

In addition to clarifying these more general considerations, we also provide new 

insights into the effectiveness of GST in West Germany. Although West German GST 

spending has averaged about €4 billion per year since 1991, little is known about the 

effectiveness of these programmes because appropriate data is lacking. Most of the previous 

studies (see reviews by Hujer and Caliendo 2001 and by Wunsch 2005) use survey data from 

the German Socioeconomic Panel (GSOEP).1 These data do make it possible to distinguish 

                                                      
1  The GSOEP data is based on an annual questionnaire-based survey first conducted in 1984. It provides individual data on 

personal and socioeconomic characteristics as well as retrospective information on the respondent’s employment history 

and participation in training programmes. It is the most widely used data source for empirical analyses of the German 

labour market. 



GST from other forms of further vocational training, but there are not enough observations to 

appropriately account for effect heterogeneity with respect to participants and different types 

of GST.2 On the other hand, even the few studies that use richer data do not exploit this 

information to analyse different forms of GST, although there is substantial heterogeneity 

among them. 

Using a previous, less informative version of our data base, Klose and Bender (2000) 

analyse the effects of GST for a cohort of participants ending programmes in 1986. They 

construct a control group based on eligibility and then use a hierarchical matching approach to 

estimate hazard rate models. They find ambiguous results concerning the employment effects 

of GST. Speckesser (2004) and Fitzenberger and Speckesser (2007) draw their sample from 

the same administrative records as we do. However, these studies restrict their analysis to one 

special type of GST and observe outcomes for only three years after the beginning of the 

programme. They apply propensity score matching to samples that are stratified by elapsed 

unemployment duration in order to account for potential nonrandomness of programme start 

dates (cf. Sianesi 2004). They find negative lock-in effects in the first months after 

programme start. Speckesser (2004), who focuses on training conducted in the period 1993-

1994, finds no significant effects thereafter—mainly because of rapidly decreasing sample 

size toward the end of his observation period. Fitzenberger and Speckesser (2007), who use 

entries into unemployment in 1993 and look at programmes starting within the first two years 

of unemployment, obtain positive employment effects of 10–20 percentage points beginning 

8–12 months after programme start. 

                                                      
2  Small sample sizes may be one reason why some authors (e.g., Hujer, Maurer, and Wellner 1999a, 1999b) who use the 

GSOEP do not distinguish between GST and other forms of further vocational training. 



None of the studies conducted for West Germany has analysed long-term effects of 

GST (i.e., beyond three years after the programme).3 However, since the German programmes 

are long and intensive by international standards, data that cover considerably more than two 

or three years after the programme are crucial for understanding their differential impacts. 

Finally, in contrast to earlier studies, our multiple-treatments framework allows us to 

assess whether caseworkers are sending those who are unemployed to the programmes for 

which the expected return is largest. We find that this is apparently not the case, because 

alternative assignment rules would have generated larger overall returns. 

The remainder of the paper proceeds as follows. Section 2 provides information on the 

use of ALMP and, in particular, on training in West Germany; it also describes the different 

types of training we evaluate. Section 3 outlines the data and the definition of our evaluation 

sample and provides descriptive statistics of the data. In Section 4 we discuss the 

identification and estimation strategy. The estimation results and an extensive assessment of 

their sensitivity are detailed in Section 5, and Section 6 concludes. The Appendix contains 

additional information on the data and on the estimation procedure. Further details are 

available in the Internet Appendix.4 

2 Labour market policies in West Germany 

2.1 The use of ALMP in West Germany 

Besides counselling and job placement services, the most important instruments of 

ALMP in West Germany are training programmes, rehabilitation measures, and subsidised 

employment. Table 1 displays the expenditure for different measures of passive and active 

labour market policies in West Germany for the years 1991–2003. In line with the 

                                                      
3  For East Germany, the companion paper to this study is Lechner, Miquel, and Wunsch (2007); likewise, the companion 

paper to the study of Fitzenberger and Speckesser (2007)  is Fitzenberger and Völter (2007). 

4  www.siaw.unisg.ch/lechner/lmw_fuu. 



development of the unemployment rate, an increasing fraction of expenditures is used for 

payment of income support during unemployment (unemployment benefits, unemployment 

assistance). The structure of expenditures for ALMP is relatively stable. Training, which has 

the objective of updating and increasing the human capital of those workers who drop out of 

the production process and become unemployed, is by far the most utilised instrument, 

followed by rehabilitation programmes (which aim to improve the labour market integration 

of the disabled and persons with severe health problems) and subsidised employment 

(temporary wage subsidies and job creation schemes; see Table 1). 

Table 1: Expenditure on active and passive labour market policies 1991-2003  

 1991 1993 1995 1997 1999 2001 2003 
Total expenditure in million EUR 25,008 35,425 39,275 42,781 41,858 40,745 47,613 

     
Shares of total expenditure for active and passive labour market policy in 

% 
Training 13 10 10 8 10 11 7 

Temporary wage subsidy 1 <1 <1 <1 2 2 1 
Short-time work 1 5 1 1 1 1 1 

Job creation schemes 6 4 4 3 3 2 1 
Early retirement 1 <1 <1 <1 <1 1 2 

Rehabilitation programmes 7 6 4 4 4 5 5 
Unemployment benefits 33 43 46 47 39 40 44 

Unemployment assistance 14 15 19 23 24 18 19 
Other expenditure 25 18 15 13 17 19 19 

Unemployment rate in % 6.2 8.0 9.1 10.8 9.6 8.0 9.3 
Sources:  BA (1992-2004). 
Notes: Training: further training, retraining, short training according to §41a EPA (abolished at the end of 

1992). Temporary wage subsidies are subsidies during the phase of initial skill adaptation in a new job 
(Einarbeitungs-zuschüsse). 'Other expenditure' mainly includes counselling and job placement services 
as well as administrative costs of the public employment service (PES). 

2.2 Training as a part of German ALMP 

In Germany, labour market training consists of a heterogeneous set of instruments that 

differ largely in duration and in the form and intensity of the human capital investment 

required. German training courses traditionally have the following aims: assessing, 

maintaining, or improving the occupational knowledge and skills of the participant; adjusting 

skills to technological changes; facilitating career improvement; and/or awarding a first 

professional degree. Usually, participants in such training programmes receive a transfer 



payment that is of the same amount as unemployment benefits.5 Moreover, the Public 

Employment Service (PES) bears the direct cost of the programme, and it may also cover 

parts of additional expenses for child care, transportation, and accommodations. Most training 

courses are full-time courses, which may include on-the-job training in addition to classroom 

training. 

For our analysis, we aggregate the different programmes into groups according to their 

homogeneity with respect to participation selection, educational content, and organisation; 

other grouping criteria include sample size and available information that distinguishes 

different types of programmes. Table 2 shows the resulting groups of training programmes 

and a residual category. Ignoring the programme types for which the number of observations 

is too small, we restrict our analysis to so-called practice firms, general further vocational 

training, and retraining programmes. 

Table 2: Definition of programmes 

Programme Description 
Short training Further training in the profession held with planned duration ≤ 6 months. 
Long training Further training in the profession held with planned duration > 6 months.  
Retraining Training to obtain a new professional degree in a field other than the profession 

currently held. 
Practice firm Further training that simulates a job in a specific field of profession 
Other programmes Career improvement: Further training to obtain a higher professional degree, e.g. 

master craftsman, technician, or a (below university) degree in business administration. 
Residual category: Various very small and heterogeneous programmes. 

Note:  Due to insufficient sample size the category other programmes is not evaluated in this study. 

Practice firms simulate working in a specific field of profession. There are two forms 

of practice firms, which can simulate either the commercial part of a company 

(administration, accounting, customer relations, etc.) or the manufacturing part.6 In our 

                                                      
5  Otherwise known as the maintenance allowance (MA). Before 1994, the replacement rate of the MA was somewhat 

higher than the one of unemployment benefits. 

6  For the commercial part, practice firms trade “virtual” goods and services with each other to provide realistic conditions 

for participants, who are the practice firm’s employees. The skills so obtained correspond to what is required for the 



sample, the mean duration of training in practice firms was six months (see Figure 1). Practice 

firms are common in Europe, though participation is not always supported by the PES.7 

Figure 1: Distribution of the planned programme duration  

 

Note:  Horizontal axis: planned duration of a programme determined before programme start in months. 

Further training comprises courses that provide a general adjustment of working skills 

or an additional qualification in the profession currently held as well as courses that award a 

first professional degree. Planned durations range from one month to about two years (Figure 

1). The further training type makes up a fairly large and heterogeneous group of programmes, 

so we split it into two subgroups based on the planned duration of an individual course. As a 

characterisation of the programme and not of its participants, planned instead of actual 

duration has the advantage of being independent of the behaviour of the individual during 

participation (e.g., a short actual duration could be associated either with a short course or 

with a long course that a participant left early). 

The programmes that we classify as short training (which also includes job search 

assistance) are used as an instrument of ALMP in most OECD countries (OECD 1996a, 

1996b). However, only a few countries use training that lasts longer than six months, and in 

most of these countries the longest programmes last no more than a year. 
                                                                                                                                                                      

specific job held within the practice firm (e.g., that of an accountant). For the manufacturing part, courses in practice firms 

are heterogeneous and range from specialist training in technical professions to obtaining a driver’s licence for special 

vehicles to simply practising the craft of bricklaying. 

7  There is a Europe-wide network of practice firms that has more than 5,000 members. 



Retraining enables participants to work in a different field by awarding a new 

professional degree. Planned durations are long (up to three years; 21 months, on average). 

The acquired skills are equivalent to an apprenticeship in the German apprenticeship system. 

Thus, the human capital investment is quite substantial. Almost two thirds of the participants 

in our sample were trained for professions in the service sector, with most of the balance in 

the manufacturing sector. Retraining is a rather unique feature of German ALMP because of 

its long duration and because a professional degree is awarded. Similar programmes are rarely 

used in other countries; when they are used, the targets are specific groups of displaced 

workers (see e.g. Winter-Ebmer 2001 for an Austrian programme).8 

3 Data and definition of the evaluation sample 

3.1  The new database 

We use administrative data from three different sources that have only recently been 

made available to the scientific community: the IAB Employment Subsample (ES), the 

Benefit Payment Register (BPR), and the Training Participant Data (TPD).9 Table 3 provides 

a description of the main features of these data sets. The data were merged to obtain an 

integrated database that covers not only participant information but also the full history of 

insured employment and benefit receipt for both participants and nonparticipants in 

government-sponsored training from 1975 to 1997. We also use supplementary data from the 

employment and benefit records up to the year 2002.10 

                                                      
8  Some OECD countries (e.g., the United States, Canada, Australia, and Sweden) do have retraining that prepares for 

employment in a different profession, but the extent of the human capital investment is far below that involved in German 

retraining. 

9  The common German abbreviations for these data sources are (respectively) IABS, LED, and FuU. A detailed description 

of the ES is provided by Bender, Haas, and Klose (2000); for the other sources, see Bender et al. (2005). 

10  Following abolishment of the Employment Promotion Act (EPA) and the introduction of Social Code III on January 1, 

1998, data collection and processing were also changed. The new data are similar to the data formerly included in the ES 



Table 3: Combined data sources used  

 ES BPR TPD 
Source Employer supplied mandatory 

social insurance entries. 
Benefit payment register of 
the PES 1975-1997. 

Questionnaires filled in by the 
labour officer for statistical 
purposes (ST35). 

Population 1% random sample of persons 
covered by social insurance for 
at least one day 1975-1997. 
Self-employed, civil servants, 
university students are not 
included. Data until 2002. 

Recipients of benefit pay-
ments from the PES 1975-
2002. 

Participants in further 
training, retraining, short 
training, German language 
courses and temporary wage 
subsidies 1975-1997. 

Available 
information 

Personal characteristics and 
history of employment.  

Information about the 
receipt of benefit payments 
from the public 
employment service. 

Personal characteristics of 
participants and information 
about training programmes. 

Important 
variables 

Gender, age, nationality, educa-
tion, profession, occupational 
status, industry, firm size, 
earnings, regional information. 

Type and amount of 
benefits received. 

Type, duration and result of 
the programme, type of 
income support paid during 
participation. 

Structure Spells based on daily informa-
tion. 

Spells based on daily 
information. 

Spells based on monthly 
information. 

Note:  The merged data is based on monthly information. For detailed information on the merging and 
recoding procedures see Bender et al. (2005). The creation of this data base is a result of a three year 
joint project of research groups at the Universities of Mannheim (Bergemann, Fitzenberger, Speckesser) 
and St. Gallen (Lechner, Miquel, Wunsch) as well as the Institute for Employment Research of the FEA 
(Bender). 

This new database is the most comprehensive one in Germany with respect to training 

conducted prior to 1998. With this database, we are able to reconstruct more than 25 years of 

individual employment histories. It contains detailed personal, regional, employer, and 

earnings information (see Appendix A for a complete list of variables). Thus, it allows 

controlling for many, if not most, of the factors that determine selection into programmes (see 

the detailed discussion in Section 4.2) as well as a precise measurement of interesting 

outcome variables (e.g., employment status, earnings). Moreover, it is possible to distinguish 

different programme types, and there are enough observations for the major programme 

groups to account for programme heterogeneity. 

Of course, there are also several drawbacks, four of which could be important for 

interpretation of our results. First, the data do not cover nonworking recipients of social 

                                                                                                                                                                      
and in the BPR. See Internet Appendix IA.2 for a comparison of the definitions of outcome variables before and after this 

break in data collection. 



assistance because they receive benefits not from the PES but rather from the local 

authorities; this has the effect of underestimating unemployment. Second, employment that is 

not subject to social security contributions is unobserved, which also underestimates 

employment. This type of employment includes self-employment and working as a civil 

servant (“Beamter”) as well as minor employment below the relevant earnings threshold. 

Third, we do not observe programmes other than training. In particular, it is impossible to 

distinguish between subsidised employment (as in job creation schemes) and regular 

employment in the first labour market. However, this is not a severe problem for West 

Germany because the number of subsidised employees has always been rather small. Fourth, 

we observe actual programme start dates but not the date on which the jobseeker learns about 

programme assignment. This raises the issue of anticipation effects (see the discussion in 

Sections 3.3 and 4.2). 

It is important to note that these drawbacks affect only the measurement of the 

outcome variables, not the representativeness of the sample used for the estimation. The 

reason is that those missing groups of unemployed and workers are not eligible for the 

programmes we consider. Because we are interested in estimating the effects for participants 

(i.e., the average treatment effects on the treated), ineligibles play no role in our empirical 

analysis. 

Despite these drawbacks, this database is—in comparison to what has previously been 

used in evaluation studies for Germany—a substantial improvement along several 

dimensions: sample size, selection and outcome information, and observable programme 

heterogeneity. Moreover, relative to what is available for other countries, the database is 

unique with respect to the length of observable pre- and post-treatment employment histories 

(up to 19 years before and 8 years after entry in a programme). 



3.2 Definition of the population, our sample, and programme participation 

Our population of interest is the inflow into unemployment from employment or out of 

labour force (i.e., true entries) between January 1992 and June 1994. By choosing this period, 

we are able to focus on the most recent programmes and still allow for a long enough 

observation period for detecting long-term effects.11 When selecting our evaluation sample, 

we seek a homogenous group of people that includes the prime-age members of the West 

German population who are eligible for participation in training. To avoid most influences 

coming from retirement, early retirement, and primary education, we impose an age 

restriction (20–55 years). Concentrating on the main body of the active labour force, we also 

exclude any unemployed individuals who were trainees, home workers, or apprentices or 

whose last employment was less intensive than half of the usual number of hours for full-time 

work. 

Defining the participation status for individuals in the sample is linked to the 

conceptional framework that forms the basis of our empirical analysis—in other words, it 

depends on whether a dynamic or a static causal model is used (see Section 4.2, where we 

argue that the model actually chosen is identified). Therefore, several issues must be taken 

into account. Had the sample been large enough, an attractive approach would have been to 

use the dynamic evaluation framework (as suggested by Robins 1986; Miquel and Lechner 

2001; Lechner 2008), which would allow us to account both for the timing of programme 

starts and for sequential treatment assignment. Alternative approaches that take the timing of 

programme starts explicitly into account are discussed in the “timing of events” literature by 

Abbring and van den Berg (2003, 2004) and also in the more structural approach advocated 

                                                      
11  Furthermore, since we observe only training spells after the participant left training and since some courses 

have a duration of more than two years and since there is no training information after 1997, it follows that 

concentrating on the period January 1992 through June 1994 does not lead to a underrepresentation of long 

training spells. 



by Heckman and Navarro (2007).12 However, given our sample sizes, neither approach is 

feasible with our data at the desired level of flexibility, even if we further aggregate the 

programme types (which is also undesirable for obvious reasons). Sample sizes are also too 

small to follow the approach suggested by Fredriksson and Johansson (2003, 2008) and 

applied by Sianesi (2004) to estimate effects conditional on elapsed unemployment duration. 

The disadvantage of that approach is the difficulty of interpreting estimated effects, given that 

a substantial fraction of nonparticipants in any given period might participate in a programme 

shortly thereafter. Hence the estimated effects are mixtures of the “true” programme effect 

and differences due to shifted future programme effects (for which the lock-in part may be 

particularly relevant). 

As a compromise that trades off the issues just raised and is feasible for use with our 

data, we consider a classical static evaluation model and use the following definitions: 

participants are those unemployed who start a programme within the first 12 months of their 

unemployment spell; and nonparticipants are those who do not start a programme in this 

period (this is, in fact, the shortest such time window that allows for sufficient sample sizes in 

each of the programmes). Using these definitions within a static evaluation approach provides 

a more obvious—though not necessarily cleaner—definition of nonparticipation than the 

approaches advocated by Fredriksson and Johansson (2003, 2008) and Sianesi (2004). 

                                                      
12  These papers represent literatures that, at least in applications, usually follow a more structural and parametric 

approach. In addition to the explicit handling of the timing issue, the advantages are the possibility of 

incorporating unobservable confounders and establishing a more direct relation to economic theory. However, 

there are important disadvantages as well: restrictive assumptions about the joint distribution of unobservable 

and observable confounders; much more limited effect heterogeneity, which is particularly important for this 

study; and technical assumptions (e.g., the mixed proportional hazard assumption) that are usually hard to 

motivate from an economic perspective. 



The potential problems with requiring that nonparticipants not enter a programme 

within the first 12 months of unemployment have been discussed by Fredriksson and 

Johansson (2003, 2008): nonparticipants so defined might be a positively selected subgroup of 

potential nonparticipants, since they are unlikely to enter a programme because they have 

already found a job. This could induce a bias that leads to underestimating the programme 

effect. To check the sensitivity of our results with respect to this issue, we shortened the 

treatment window to only six months, which should considerably reduce this potential bias.13 

The results (detailed in Section 5.5) show no evidence for this bias. Furthermore, since our 

results indicate considerable positive effects, the existence of such a bias would only 

strengthen our point that the programmes are effective in increasing employment. 

For interpretation of our results it is important to know which share of the control 

group receives treatment later on (this is similar to the problem of substitution bias in an 

experiment). Another issue is subsequent programme participation over time. In this study, we 

evaluate the first programme within an unemployment spell and measure outcomes beginning 

with the first period after this first programme start. Thus, we treat subsequent participation as 

part of the outcome variables. In essence, we evaluate a sequence of one or more programmes 

of variable lengths and composition, a sequence that happens to start with a particular 

programme. Since we restrict only the first part of the sequence and since we measure 

outcomes beginning with the first period after programme start (rather than relative to the 

programme end), a static evaluation approach is able to account for the relevant selection 

problem.14 

                                                      
13  However, the population for which we estimate the effect also changes when we change the treatment window. Thus, 

effect heterogeneity may also lead to different estimated effects. 

14  Participation in a subsequent programme may depend on the outcome of the first programme leading to endogenous 

control variables in that stage. 



Table 4 shows the share of observations by the treatment status participating in 

additional programmes. Only about 11% of nonparticipants receive some sort of training until 

the end of 1997 (i.e., 4.5 to 6 years after entering unemployment). Naturally, the longest 

programme (retraining) exhibits the lowest level (9%) of subsequent participation. For the 

other programmes, between 14% and 24% of trainees participate again, and a large fraction of 

them participate in the same programme type (with the exception of short training, which is 

often followed by participation in long training). In sum, subsequent participation is not high 

(in light of how long a time period is considered) and, when there is subsequent participation, 

it’s usually in the same type of programme. Thus, the effect estimates presented here are close 

to the “pure” effect of the first programme—that is, to the effect of the first participation had 

there not been any subsequent programme participation. 

Table 4: Future programme participation until 1997 by treatment status 

 Treatment status in study (first treatment) 
Future programme participation until 
1997  

Nonparticipatio
n 

Practice 
firm 

Short train-
ing 

Long 
training 

Retraining 

No future programme 89.1 81.5 76.3 86.0 90.7 
Practice firm 1.7 8.5 1.5 0.8 0.8 
Short training - - 1.5 - 0.3 
Long training 7.6 8.1 13.5 10.6 4.4 
Retraining 1.7 2.7 8.3 2.9 4.1 
Other 0.3 0.4 0.6 0.3 0.3 
Total other treatments than first 
treatment 10.9 18.5 23.7 14.0 9.3 

Note: Entries show the fraction (%) of members of the subsamples stated in the columns who participated at 
least once in the treatments stated in rows after their first treatment (programme participants) or after 12 
months after entering unemployment (nonparticipants). Due to data limitations only training spells 
completed by the end of 1997 are observable. *Other includes all training programmes we observe in 
the data but which we do not evaluate due to insufficient sample sizes (see Table 2).  

As a final sample selection step, to ensure eligibility we require all individuals to have 

been employed15 at least once before programme participation and to have received 

unemployment benefits (UB) or unemployment assistance (UA) in the month before 

                                                      
15  An “employed” individual is one whom we observe at least once in insured employment (for the majority of individuals in 

our sample, the first observation in the data is an employment spell). 



programme start (and, for nonparticipants, in the month of programme start as well).16 This 

requirement excludes two small groups of eligibles:17 (i) former recipients of UB who must 

exhaust all personal wealth before passing the means test for UA; and (ii) individuals who 

return to the labour market after child care or home care of some other person in the 

household. These groups are excluded because we lack the information (e.g., on wealth or on 

duration and form of care) to justify matching for this population. Appendix A shows how the 

sample selection rules affect the sample sizes. 

Conditioning on the state before and at programme start requires the use of variables 

that are measured relative to the start of the programme,18 but for nonparticipants there are no 

programme start dates. In this paper we adapt a version of one approach suggested by Lechner 

(1999, 2002b) to simulate start dates for nonparticipants. We regress the log time to 

participation within the unemployment spell of participants on a set of personal and regional 

characteristics that seem important for the timing of the programme; then we use the 

estimated coefficients together with a draw from the residual distribution to predict a 

corresponding value for nonparticipants.19 Thus, the underlying assumption is that the 

assignment of programme start dates is random conditional on these variables.20 We exclude 

                                                      
16  In fact, receipt of UB or UA directly before entering a programme is not entirely sufficient to ensure eligibility. 

Individuals must also have a formal professional degree plus three years of work experience (since 1994, zero years) or, 

alternatively, at least six years (since 1994, three years) of work experience. Thus, by also requiring individuals to be 

employed at least once before the programme, the remaining group of participants and nonparticipants is most likely to be 

eligible. 

17  Only 8% of participants belong to these two groups. 

18  Moreover, all variables jointly influencing selection into programmes and outcomes are measured relative to the start of 

the programme. 

19  The most important variables are age, region, presence of children, number of previous employment spells, and number of 

months in programmes in the past. See Figure B.2 (in Appendix B) for the distribution of programme start dates in all 

groups. There are no apparent differences between participants and nonparticipants. 

20  This is a weaker assumption than the one underlying purely random draws of start dates for nonparticipants. 



those nonparticipants for whom this simulated date lies outside the 12-month treatment 

window and those who are not eligible at the assigned start date.21 

3.3 Descriptive statistics 

Table 5 shows descriptive statistics for selected variables for the different subsamples 

defined by treatment status. The results in this table can be summarised as follows. Women 

are underrepresented in practice firms and retraining. Participants in retraining are on 

average 31 years old and thus are much younger (by about five years) than other unemployed. 

This conforms to the intuition that substantive human capital investments are most beneficial 

if the productive period of the new human capital is long. Also, retraining participants are less 

educated and less skilled than the rest, and these programmes involve proportionally fewer 

foreign-born individuals than are in the group of nonparticipants. Past earnings of participants 

in short training, long training, and retraining are between €100 and €200 higher than in the 

other groups. Nonparticipants exhibit the highest fraction of employment, which might be 

explained by the higher share of elderly unemployed, but differences to the other groups are 

not large. Remaining UB claims do not show much variation across groups, and regional 

differences are also small. 

                                                      
21 The simulation finds a suitable control observation by ensuring that - until the assigned programme start date in the 

unemployment spell - matched control and treated are comparable. By excluding the nontreated who do not fulfil the 

eligibility conditions in the later matching steps, we preclude the possibility of obtaining a consistent estimate of the 

average treatment effect for the population. However, the average treatment effect on the treated, which is the parameter 

we are interested in, can still be recovered from the data because none of the programme participants is removed by this 

procedure. 



Table 5: Means of selected variables by treatment status 

 

Non-
participation 

Practice 
firm 

Short 
training 

Long 
training 

Re-
training 

Observations 15,687 259 482 385 387 
Woman 46 37 43 45 38 
Age in months+ 36 36 35 35 31 
Age below 26 years 17 14 16 14 21 
Age above 50 years 13 6 6 6 1 
Married+ 53 44 47 42 43 
No children+ 62 67 62 64 62 
German citizenship+ 82 83 90 91 87 
University entrance school degree+ 3 3 4 7 5 
No vocational degree+ 25 20 16 13 28 
Vocational degree+ 69 79 78 74 67 
University or college degree+ 5 0 5 13 4 
Unskilled worker* 37 38 29 22 48 
Skilled worker* 22 21 21 14 18 
White-collar worker* 29 32 37 52 25 
Part-time worker* 11 6 8 10 7 
Last monthly earnings from employment in EUR* 1,396 1,434 1,570 1,672 1,558 
Federal state: Schleswig-Holstein, Hamburg, Bremen 22 31 22 22 23 
Federal state: Northrhine-Westphalia 30 20 28 34 33 
Federal state: Rhineland-Palatinate, Hesse, Saarland 17 20 16 18 17 
Federal state: Baden-Württemberg, Bavaria 31 29 35 25 27 
Legal unemployment benefit claim in months+ 10 9 10 9 8 
Time to participation in months within relevant UE 
spell 4 6 5 6 5 
Fraction of months unemployed since begin of first  
employment in life that was subject to social security 
contributions+ 8 10 9 7 7 
Fraction of months employed since …+ 71 67 69 68 67 
Planned programme duration in months - 7 4 10 21 
Note:  If not stated otherwise, entries are in per cent and measured at (simulated) programme start. *Refers to 

the last employment before relevant unemployment spell. +Measured at entry into unemployment. 

Card and Sullivan (1988) and Heckman and Smith (1999) argue that balancing pre-

programme employment histories is usually much more important than balancing other 

personal characteristics when correcting for possible selection bias. Their argument is that the 

lagged outcome variables are much better predictors of future outcomes than are the other 

variables. Hence we show in Figure 2 the monthly mean employment and unemployment 

rates for all groups centred at (simulated) programme start.22 Prior to training, all curves are 

on a similar level; this indicates that selection (and thus the required correction for selection 

bias due to the observable variables) with respect to pre-programme employment histories is 
                                                      
22  An “unemployed” individual is one who received UB or UA during the month considered. 



rather small. For most of the time, the employment level of future retrainees is the lowest 

whereas that of nonparticipants is the highest. Because the sample selection criteria require 

people to enter unemployment from employment or from out of labour force and also that 

they still be unemployed at programme start, unemployment rates are low both before and at 

programme start. Note also that, as shown in the figure the employment rates of participants 

and nonparticipants decline at the same speed; this suggests that the behaviour of participants 

and nonparticipants are much the same as participation approaches. It thus seems that subjects 

are not influenced by so-called anticipation effects—which might result, for example, from 

future participants stopping their job search in the run-up to participating in a programme. 



Figure 2: Employment and unemployment rates by participation status  

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

-96 -84 -72 -60 -48 -36 -24 -12 0 12 24 36 48 60 72 84 96

Employment

Nonparticipation Practice firm Short training Long training Retraining
 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

-96 -84 -72 -60 -48 -36 -24 -12 0 12 24 36 48 60 72 84 96

Unemployment

Nonparticipation Practice firm Short training Long training Retraining
 

Note:  Horizontal axis: months relative to programme start (0); negative: before, positive: after 
programme start. The number of observations before programme start decreases with 
increasing distance to programme start. 

After training, the different employment rates recover quickly at speeds that depend 

mainly on programme duration. An unexpected finding is that, for nonparticipants, 



employment rate recovery slows down suddenly, about one year after the simulated 

programme start, to the 35%–40% level. This timing coincides with the end of the benefit 

period for this group, which suggests that a large group of nonparticipants leaves the labour 

force once benefits are exhausted. This hypothesis is reinforced when one considers 

unemployment levels that exhibit no large differences after the initial programme period is 

over. Note that (a) programme participation increases the benefit period and (b) the time in a 

programme is coded as “unemployment”; consequently, more of the nonworking people 

remain registered as unemployed, which probably makes up the difference in employment 

rates. Combining the insight (from Table 5 and Figure 2) that retrainees are not good a priori 

risks on the labour market with the observation that their long-run employment rates are 

among the highest, is already suggestive of a positive effect for this programme. 

4 Identification and estimation 

4.1 The conditional independence assumption and matching 

We base our analysis on the static multiple-treatments model of the microeconometric 

evaluation literature. An individual chooses between several states, as in choosing whether or 

not to participate in a specific training programme. The different states are called treatments 

in that literature. The potential participant in a programme is assigned a vector of hypothetical 

outcomes 0{ ,..., }M
t tY Y  (e.g., employment) for each treatment status {0,..., }S M∈  and each 

period {1,..., }∈t T  since participation started. This notation allows us, under the usual 

assumptions (see Rubin 1974), to define our parameters of interest—namely, the average 

treatment effects on the treated (ATET) for pairwise comparisons of the effects of different 

states (Lechner 2001, 2002a, 2002b; Imbens 2000, 2004): 

, ( | ) ( | ) ( | )θ ≡ − = = = − =m l m l m l
t t t t tE Y Y S m E Y S m E Y S m ;  

; , {0,..., }; {1,..., }≠ ∈ ∈m l m l M t T . 



Thus ATET ( ,θ m l
t ) is the expected effect for an individual who is drawn randomly 

from the population of participants in treatment m only. Without further assumptions, an 

ATET cannot be identified from the data because the counterfactual outcome is unobserved. 

But if all factors that jointly influence outcomes and the participation decision are observable, 

then it follows—conditional on these factors (call them X)—that the participation decision 

and the potential outcomes are independent. This property is formalized in the conditional 

independence assumption (CIA): 

( | , ) ( | , );= = = = =m m
t tE Y S l X x E Y S m X x  ; , {0,..., }; {1,..., }≠ ∈ ∈m l m l M t T . 

We will assume that this assumption holds conditional on the start date D of the 

programme (so ∈D X ), which, in turn, is assumed to be random conditional on the variables 

used to simulate start dates for nonparticipants (see Section 3.2). 

4.2 Is the conditional independence assumption plausible with our data? 

Plausibility of the CIA requires that all major factors that jointly determine 

participation and potential outcomes be observed in the data. Thus, the task is to identify these 

variables and show that they are actually available in the data. The first part of this task 

requires an understanding of the underlying participation decisions. Selection into 

programmes is determined by three main factors, which we shall discuss in turn: eligibility, 

selection by caseworkers, and self-selection by potential participants. 

In Germany, eligibility to participate in training programmes requires that the potential 

participant qualify for or receive unemployment insurance payments. Moreover, he or she 

must have either a professional degree from the German apprenticeship (or higher education 

system) or a minimum amount of work experience. We control for these factors by the 

education variables, individual employment records, and information from the benefit 

payment register. 



Usually the caseworker proposes participation in training to improve a client’s 

employment prospects, though sometimes the unemployed also proposes a programme. In 

either case, the unemployed must apply for permission before beginning any subsidised 

programme. The caseworker decides whether or not the applicant will be admitted. There is 

no legal entitlement to participation, and caseworkers have a considerable amount of 

discretion. Normally the caseworker decides in consultation with the potential participant 

whether or not to enter a training programme and, if so, what kind would be appropriate 

(based on an assessment of the unemployed’s prospects and specific qualification needs). 

According to German legislation, caseworkers must take into account the local labour market 

as well as the chances that the applicant will complete a specific programme successfully. 

Variables capturing information about employment prospects and chances for successful 

programme completion include age, educational attainment, family status, and past 

employment history, including information about past employers, earnings, position in job, 

specific occupation, and industry. In addition, the data contains detailed regional information 

that allows us to control for local labour market conditions by using regional dummies and 

local unemployment rates. Moreover, since unemployment was rising during the period 1992–

1994 and since participation shows a varying pattern, conditioning on the month of the 

programmes’ starts will net out seasonal and timing effects. 

From the point of view of the unemployed, the decision of whether or not to 

participate in a programme is guided by considerations that are similar to those of the 

caseworker. However, there are additional reasons for joining or not joining a programme. If, 

for example, the unemployed sees no chance of finding a job anyway (with or without a 

programme), then he may prefer not to join a programme that would reduce his leisure time. 

Once again, this requires controlling for all factors that determine individual employment 

prospects and labour market conditions. Moreover, legislation provides rather strong 

incentives for participation in government-supported training. On the one hand, those 



unemployed who refuse to participate in a training course thereby risk suspension of benefits. 

On the other hand, periods during which the unemployed receive transfer payments while 

participating in a training programme count toward acquiring unemployment benefit claims. 

Therefore, we constructed variables from the (un-)employment histories that indicate the 

remaining UB claim. 

Although this is much more information than is usually available in studies that rely 

on the CIA (e.g., Heckman and Smith 1999; Brodaty, Crépon, and Fougère 2001; Larsson 

2003; Dorsett 2006), some potentially important factors are missing. In contrast to Gerfin and 

Lechner (2002) and Sianesi (2004), there is no information about the caseworker’s direct 

assessment of the unemployed’s characteristics and prospects—for example, with respect to 

motivation and ability. Neither do we observe crime and health histories. For these variables, 

we rely on their indirect effects on the employment history that materialised in the past. 

Because we observe up to 20 years of individual pre-treatment employment histories, we are 

confident that these indirect effects have been sufficiently well captured. Recall also that 

a priori differences in pre-treatment employment and unemployment rates are relatively small 

(see Figure 2 in Section 3.3). Following the reasoning outlined by Altonji, Elder, and Taber 

(2005), these small differences suggest that any bias for those key outcome variables that is 

due to unobservables may likewise be small. 

Finally, it is important to note that most of the variables we use as conditioning 

variables to justify the CIA—in particular, all variables that summarise individual 

employment histories—are calculated at the beginning of the unemployment spell rather than 

at programme start. This further reduces the potential impacts both of anticipation effects and 

of the simulated programme start dates for nonparticipants. 



4.3  Estimation 

All possible parametric, semiparametric, and nonparametric estimators of ATETs are 

implicitly or explicitly built on the principle that—in order to compare two programmes—for 

each participant in one of the programmes we need a comparison observation from the other 

programme that exhibits the same characteristics regarding all factors that jointly influence 

selection and outcomes (see Section 4.2 for these variables). In this study we use modified 

propensity score-matching estimators for multiple treatments to produce such comparisons. 

One of the key advantages of these semiparametric estimators is that they allow arbitrary 

individual effect heterogeneity (for matching with a binary treatment, see Heckman, LaLonde, 

and Smith 1999; for multiple treatments, see Imbens 2000 and Lechner 2001; for an excellent 

survey of advances in this field, see Imbens 2004). Among many others, Gerfin and Lechner 

(2002) and Larsson (2003) use generic versions of this estimator. 

For the sake of notational simplicity we suppress the subscript t (indicating time after 

programme). By the conditional independence assumption, the ATET is identified as 

, ( | ) ( ( | , ) | );θ = = − = = =m l m lE Y S m E E Y X x S l S m ; , {0,..., }.≠ ∈m l m l M  

The first term on the right-hand side can be estimated by the sample mean in =S m . 

The second term is estimated by a semiparametric or nonparametric estimator ˆ ( )lm x : 
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Here hK  is a kernel function and −ix x  is the Mahalanobis distance. Rosenbaum and Rubin 

(1983) have shown that independence conditional on X implies independence conditional on 

the one-dimensional propensity score ( ) Pr( | )= = =mp x S m X x , which considerably reduces 

the dimensionality of the nonparametric estimation problem. They argue further that one may 

match not only on the propensity score but also on a subset x  of x  in order to ensure that 



only a minor effect would result from a misspecification of the propensity score’s functional 

form. In our application, the vector x  includes gender, the programme start date, and three 

dummy variables that indicate whether or not the participant is observed to be employed 12, 

24, and 48 months before the programme (these variables are already included in the 

propensity score). However, excluding all additional matching variables except gender does 

not change the qualitative results that we obtain for the effects of training (see Section 5.5 and 

Internet Appendix IF for details), which reinforces the point that selection problems are not 

especially important in this sample. 

Internet Appendix IB contains the detailed results of a multivariate analysis that 

models selection into the different treatment groups (to obtain the propensity scores) using a 

multinomial probit model that is estimated by simulated maximum likelihood. The analysis 

revealed that age, nationality, education, and last occupation are important individual 

characteristics that determine participation. Furthermore, observed employment and 

unemployment histories are significantly correlated with participation choice. Regional 

information, which entered the probit to capture the specifics of supply and demand in the 

local labour market, also plays an important role in the selection process. 

One important issue is that we can estimate the effects of interest only for treated 

individuals, for whom there is overlap in the conditioning variables for all comparison states. 

We define this common support in terms of the propensity score, and we delete observations 

with scores below the maximum of the minima and above the minimum of the maxima over 

all treatment states. We thus delete 19% of nonparticipants, 6% of participants in practice 

firms, 11% of participants in short training, 21% of those in long training, and 9% of 

retrainees. So, with the exception of long training, the losses are moderate. 

We improve the standard matching estimator for multiple treatments along two 

dimensions. First, to enable higher precision when many “good” comparison observations are 



available, we incorporate the idea of calliper or radius matching (see e.g. Dehejia and Wahba 

2002) into the standard algorithm. We use a triangular kernel function 

( ) 1( )hK u u h h u= < ⋅ − , where h is some specified radius. If the neighbourhood defined by h 

is empty, we use the nearest neighbour obtained by one-to-one matching. The radius h is 

defined as 90% of the maximum distance obtained by nearest-neighbour matching. 

Second, we increase the matching quality by applying a bias adjustment procedure. 

We exploit the fact that appropriate weighted regressions that use the sampling weights from 

matching have the double robustness property. This property implies that the estimator 

remains consistent if either the matching step is based on a correctly specified selection model 

or the regression model is correctly specified (see especially Scharfstein, Rotnitzky, and 

Robins 1999; Robins 2000; and Bang and Robins 2005; see also Rubin 1979; Joffe et al. 

2004). Moreover, this procedure should increase precision and may reduce both small-sample 

bias and asymptotic bias of matching estimators (see Abadie and Imbens 2006a),23 thereby 

increasing estimator robustness in this dimension as well. Specifically, we run a weighted 

regression of the outcome in the comparison pool on the vector x  of additional matching 

variables using the matching weights. We then use the estimated coefficients to predict the 

outcome in the treated and in the comparison pool, subtracting the difference between them 

from ˆ ( )lm x . The actual matching protocol is detailed in Appendix C. 

All issues concerning the estimation and tests of its operational characteristics are 

contained in the Internet Appendix. See in particular Appendices IC and ID for the 

implications of imposing common support and match quality, respectively. For the latter, 

                                                      
23  Although the results of Abadie and Imbens (2006a) do not apply as well to radius propensity score matching with 

additional regressions as to the additional discrete variables used here, one may argue that our estimation is similar to the 

case of one continuous variable (the propensity score) and additional discrete matching variables in the one-to-many 

matching framework analysed by Abadie and Imbens (2006a). In this case, we’d conclude that our estimator is consistent, 

and the asymptotic distribution unbiased, because there is only one continuous variable. 



Figures ID.1 and ID.2 display the pre-programme lineup of our primary outcomes 

(employment, unemployment) after matching. They show that our estimator succeeds in 

balancing the employment histories of treated and controls in these important dimensions. 

Moreover, as already indicated by Figure 2 in Section 3.3, we find that the extent of selection 

correction is small (see Internet Appendix IF.7 for the difference between unmatched and 

matched potential outcomes of nonparticipants).24 

As described in Appendix C, we use fixed-weight standard errors similar to those 

proposed by Lechner (2001) and applied in Gerfin and Lechner (2002); the only difference is 

that here we allow for heteroscedasticity.25 The longer working paper version (Lechner, 

Miquel, and Wunsch 2006) contains more technical information about the estimator that is 

omitted here for the sake of brevity. The most important sensitivity checks are discussed in 

Section 5.5. In short, the estimator performed reasonably well. 

5 The effects of training 

5.1 Measurement of the outcomes in the labour market 

According to German legislation, two key objectives of ALMP are increasing 

reemployment chances and reducing the likelihood of remaining unemployed. Hence the 

important outcome variables are those that concern an individual’s employment status, such 

as registered unemployment and gainful employment. Some of the employment outcome 

variables that we construct are designed to measure the quality of a particular employment, as 

                                                      
24  As mentioned previously, Altonji, Elder, and Taber (2005) show that, under certain assumptions, a small selection 

correction based on observables may indicate a small selection bias due to unobservables. They also devise a way to 

bound the true effect despite selection on unobservables. The procedure is not implemented in this paper, because those 

assumptions seem too strong to be plausible in our context. 

25  Although derived for a different type of matching estimator, the results of Abadie and Imbens (2006b) suggest that 

bootstrap-based inference is less attractive in this context than previously supposed. 



approximated for example by the job’s duration and earnings compared to the previous job. 

Also, gross earnings are used as a crude measure of productive value. 

All effects are measured monthly beginning with the month after the programme 

started (with simulated start dates for nonparticipants). Focusing on the beginning rather than 

the end precludes a programme from appearing to be successful simply because it keeps 

participants busy by making them stay in the programme. We consider a programme to be 

most successful if all its participants left for “good” employment immediately after starting 

the programme. We use a conservative measure of unemployment: anyone participating in 

any of the programmes is considered to be registered unemployed (and not employed). 

We measure the programme effects for up to eight years after programme start. It is 

important to note that, despite the long follow-up period, the attrition problems typical of the 

survey data literature are absent. Of course, even in these administrative data there is some 

attrition because individuals may leave the labour force (via migration, mortality, etc.) and 

thus leave no traces in the data, since neither their employment records nor records from the 

unemployment insurance system will exist.26 However, for a person who is employed or 

unemployed with benefits or participates in some programme in Germany, such records 

always exist. Moreover, it is certain that an unobserved person is neither employed nor 

registered unemployed nor participating in a programme. Hence, binary outcomes can be 

constructed for the full eight-year period for all persons in the sample. 

5.2 Mean effects of programmes for their participants 

In Table 6, panel (a) shows the means of the outcomes in the various treatment groups 

( ( | ))mE Y S m=  on the main diagonal and shows the estimated counterfactual expectations 

( ( | ))=lE Y S m  off the diagonal. Panel (b) displays all pairwise comparisons between the 

                                                      
26  See Figure IA.1 in Internet Appendix IA for the means of an outcome variable not observed in the data by participation 

status before matching. 



programmes and nonparticipation ( ( | ))− =m lE Y Y S m . Panel (c) gives the sample size in 

each group after imposing common support, and panel (d) shows the approximate programme 

cost (in euros) per participant. Here we concentrate on the long-term employment effects by 

considering only the outcome variable employment eight years after participation started 

(point-estimate in month 96). 

Table 6: Estimated employment effects eight years after programme start  

l  
Nonparticipatio

n Practice firm Short training Long training Retraining 

m   (a) Estimate of ( )lE Y S m=  

Nonparticipation 49.4 58.4 64.5 58.5 68.1 
Practice firm 46.4 55.1 62.1 61.8 66.1 
Short training 48.7 59.1 62.4 60.9 75.6 
Long training 52 61.3 59.8 61.1 75.3 
Retraining 51.3 65.3 66 62.7 69.6 

m  (b) Estimate of ,

0 ( )m l m lE Y Y S mθ = − =  

Nonparticipation 0 -9.0  -15.1* -9.1 -18.7*   
Practice firm 8.7 0  -7.0  -6.7  -11.0 
Short training 13.7* 3.3 0 1.5  -13.2* 
Long training 9.1* -0.2 1.3 0  -14.2*   
Retraining  18.3*   4.3 3.6 6.9 0 
 (c) Sample size after imposing common support 
 12,681 243 431 303 352 
 (d) Approximate average programme cost per participant in EUR+ 
 - 6,565 4,439 9,930 20,983 

Note: Bold numbers indicate significance at the 5% level, numbers in italics relate to the 10% level and * to 
the 1% level. + The approximate cost of one month spent in a programme is 1,200 EUR (incl. income 
support and direct programme cost). This number is multiplied by the mean programme duration in 
each group. 

The columns in panel (a) show the (estimated) outcomes in counterfactual state l for 

the different subpopulations characterised by m. Thus, they reveal the magnitude of the 

selection bias for which the estimation procedure corrects—a magnitude of as much as 10 

percentage points for some inter-programme comparisons. However, the correction for 

selection bias amounts to no more than 3 percentage points for comparisons involving 

nonparticipants. 

The estimates of the mean effects of treatment m versus treatment l for the 

subpopulation observed in state m in panel (b) can be computed directly from panel (a) by 



subtracting the value in a cell from the value in the shaded cell of the same row. These 

estimates show that, in the long run, all programmes have positive effects when compared 

with nonparticipation. Retraining has the largest long-term effect (about 18 percentage 

points) when compared with nonparticipation, which suggests that this expensive programme 

has a substantial and sustained impact. Short training has comparative long-term effects 

(about 14 percentage points), whereas less effect (about 9 percentage points) is seen for 

practice firms and long training. 

Table 6 is also informative about the question of whether, on average, caseworkers 

send a given subpopulation of unemployed into the programme from which the highest return 

can be expected. If this presumption is true, then the effect must be larger for the participants 

in that programme than for any of the comparison groups (i.e., , ,  > − ∀ ≠m l l m
t t l mθ θ ). Even 

without standard errors for these comparisons, the results indicate some room for 

improvement in treatment assignment. We shall return to this issue in Section 5.4. 

Figure 3 plots monthly estimates of the effects of the different programmes (compared 

to the other treatments) for participants in the respective programme (ATET) for employment. 

A line above zero indicates that the programme has a positive effect relative to the state 

associated with that particular line. In other words, a line above zero is good news for the 

programme appearing in the header of the respective graph and bad news for the one 

associated with the particular line. We find that all programmes have some negative lock-in 

effect due to reduced job search or received job offers during participation in the programme. 

The length of this negative effect is tied to programme duration: about two years for 

retraining, one year for long training, and about six months for short training and practice 

firms. 



Figure 3: Dynamics of the effects ( ,ˆm l
tθ ): Employment differences in %-points 
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Note:  Horizontal axis: months after programme start. Sig.: significant at the 5% level (point-wise, symmetric 

t-test).  

After the lock-in effect, all analysed programmes exhibit positive employment effects 

compared to nonparticipation, effects that are sustained over the full eight-year period. The 

effect of practice firms, short training, and long training is about 10 percentage points, and 

that of retraining is about 20 percentage points. Moreover, in the long run, participants in the 



former three programmes would have benefited even more had they instead participated in 

retraining, which implies that it is the dominant programme in the long run. 

In Figure IE.1 of Internet Appendix IE we also plot the employment effects of the four 

programmes for the population of nonparticipants in order to compare the programme effects 

against nonparticipation for the same population. We find that, after the initial lock-in effects, 

all programmes systematically dominate nonparticipation. Retraining fares best in this long-

run comparison; the three other programmes all exhibit similar but lesser long-term effects. 

To check whether jobs are (somewhat) stable, we use an outcome variable that requires 

at least seven months of continuous employment (six months is the usual probation period in 

Germany, within which termination of a job is easy for both parties). We obtained comparable 

results. In a similar vein we coded an individual as employed only if he received at least 90% 

of his previous job’s pay prior to training. For this outcome variable the effects for practice 

firms are smaller and no longer significant after five years; for the other programmes, results 

remain unchanged (detailed results are available in Internet Appendix IE). 

It is likely that a substantive programme like retraining may affect not only the 

employment probability but also the new job’s productive value. For the latter, earnings are a 

convenient summary measure. However, the earnings differences (earnings are coded as zero 

if not employed) are very much driven by the employment dynamics. It is therefore not 

surprising that the earnings differences confirm the previous results: eight years after 

programme start, the gain in monthly earnings from retraining exceeds the gain from 

nonparticipation by about €550. The gains from the other programmes as compared with 

nonparticipation are also positive, but they range from €150 to €400 lower than for retraining 

(see Internet Appendix IE). 

At least from the perspective of the unemployment insurance system, it is of some 

relevance to consider the outcome variable registered unemployment (see Figure IE.4 in the 



Internet Appendix).27 We find that only retraining dominates nonparticipation systematically 

after the lock-in period. For the other programmes, participation tends to increase the 

maximum unemployment benefit entitlement period and so nonworkers have an incentive to 

remain registered. Thus, the major effect of these programmes when compared with 

nonparticipation is to bring those unemployed back to work who otherwise would leave the 

labour force. Inter-programme comparisons show that retraining sometimes dominates the 

other programmes in the long run. 

Figure 3 shows that the programmes involve indirect costs in terms of the initial 

negative effects (most of which are likely due to lock-in)—for example, reduced probability 

of finding a job during programme participation. The first step of a cost–benefit analysis is 

comparing the initial negative effects to the positive effects that may occur later. Toward this 

end, we cumulate the effects over time, starting with the first month of the programme. 

Figure 4 displays the respective total effects for employment at any moment in time during 

the eight-year interval for which there is reliable data. 

                                                      
27  Registered unemployment is defined as an individual receiving UB or UA or participating in a training programme. 



Figure 4: Cumulated employment effects (
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Note:  Horizontal axis: months after programme start. Sig.: significant at the 5% level (point-wise, 

symmetric t-test). Read entry for ,ˆm l

tθ   as: "On average for participants in m, t months after 

beginning participation in m, it increased the total time in employment compared to l  by ,ˆm l

tθ  
months." 

Compared to nonparticipation, all programmes exhibit a positive and significant net 

gain of 8–11 months of employment over the eight-year period. It is interestingly that, despite 

its large lock-in effect, retraining shows the greatest net gain. Short training fares similarly 



well (in part because of its small lock-in effect), but its long-term effects are considerably 

smaller than for retraining. Note also that for retraining it takes more than five years for 

positive net gains to occur, whereas for short training it only takes about one year. 

Furthermore, in terms of cumulated earnings, short training—with a gain of €42,000 

compared to nonparticipation—clearly outperforms the €37,000 gain for retraining. For 

practice firms and long training, the gain is about €25,000 (see Internet Appendix IE). 

Finally, for practice firms and, in particular, short training, there is no additional cost in terms 

of accumulated unemployment compared with nonparticipation, whereas participants in long 

training accumulate four more months (and those in retraining seven more months) of 

unemployment than nonparticipants (see Internet Appendix IE). 

Finally, note that the comparison between short training and long training reveals no 

positive returns to the additional investment in time and money (approximate programme 

costs almost double) required for long training. In fact, the results are quite positive for a 

“short” programme with a maximum duration of six months and a much lower average 

duration. When looking at the direct inter-programme comparisons between short training 

and long training (see Table 6 for employment; see Table IE.1 in Internet Appendix IE for all 

other outcomes), the differences are small and insignificant. Thus, the respective participants 

would have fared much the same had they participated in the cheaper alternative. However, it 

is important to note that, despite the limited information on the actual course contents, we can 

eliminate the possibility that long training is just “more of the same”, because a nonnegligible 

fraction of long training courses differ fundamentally from short training courses (which 

include, e.g., job search assistance). 

5.3 Heterogeneity by types of unemployed 

We investigate whether groups defined by different exogenous characteristics exhibit 

different effects. To do so, we stratify the sample along the dimensions of local 

unemployment rate, gender, unemployment duration, occupational status, education, and 



employability.28 Matching is performed within these strata. Unfortunately, in many strata the 

sample size is too low to allow for finding differences that are statistically significant. 

 
 

Despite this problem, Table 7 shows that some conclusions can still be drawn.29 

Retraining is effective for all subgroups, but the employment effect (compared with 

nonparticipation) is highest for women and for unemployed without a vocational degree. 

Practice firms are less effective for men and for short-term unemployed. An explanation for 

                                                      
28  Employability is measured as the predicted probability of being employed four years after programme start. The 

coefficients used for the prediction are estimated by a probit model among nonparticipants that includes as explanatory 

variables the variables of the multinomial probit estimation as well as some additional variables relevant for predicting 

employment. 

29  These results are based on multinomial probit estimates from the joint selection model, but the remaining steps of the 

estimation are performed in the subsamples. The observations do not add up to the number of observations in the full 

sample, because the common support criterion removes more observations if it is enforced in subsamples (see Table IC.2 

in Internet Appendix ? IC for detailed numbers). 



the former result could be that the types of practice firms typically attended by men and 

women are different (men, mainly manufacturing; women, mainly commercial), so that in this 

case we are actually measuring the effects of two different programmes, not the effects of a 

male–female difference. Short training seems to be less effective for women and for higher-

skilled unemployed. On the other hand, long training seems to be ineffective for the 

unemployed who have good a priori employment chances. An interesting finding is that the 

lock-in effects and hence the implicit costs of the programmes, especially the longer ones, are 

considerably (about 10 percentage points) greater for these unemployed with good a priori 

employment chances, which suggests a less favourable cost–benefit relation for this group of 

persons (see Figure IE.11 in Internet Appendix IE). In sum, effect heterogeneity is an issue, 

and it is one that provides an important role for (a differentiated) treatment assignment. This 

issue will be addressed in the next section. 

5.4 Policy experiments 

The estimates of the (counterfactual) mean potential outcomes in all states for each 

population of participants and nonparticipants allow us to simulate directly the outcomes of 

different policy regimes.30 Table 8 shows the mean employment rates eight years after 

programme start under different assignment rules together with the corresponding 

approximate programme cost. Those scenarios are fairly extreme, rely on rough cost 

measures, and ignore macro effects completely. Therefore, they should not be considered as 

actual policy alternatives but rather as tools for assessing the overall importance of the 

estimated effects. 

Table 8: Long-run outcomes of alternative assignment rules  

No. Assignment rule Mean employ-
ment rate in % 

Approximate 
programme cost 
in million EUR 

1 Actual allocation 50.7 13.0 
2 Everyone assigned to nonparticipation 49.4 - 

                                                      
30  We thank an anonymous referee for this suggestion. 



3 Everyone assigned to practice firm 58.6 82.7 
4 Everyone assigned to short training 64.3 55.9 
5 Everyone assigned to long training 58.8 125.0 
6 Everyone assigned to retraining 68.5 264.2 
7 Participants in practice firm assigned to short training, participants 

in long training assigned to retraining 51.2 15.9 
8 Same as 7 but 50% of nonparticipants assigned to short training 

and 50% of nonparticipants assigned to retraining 66.4 160.0 
9 Participants in practice firm assigned to long training, 

corresponding number of participants in long training assigned to 
practice firm such that the overall fractions of participants in each 
programme remain unchanged 50.8 13.0 

Note: Mean employment rates are calculated from Table 6 panel (a) and the fraction of people in each state 
after imposing common support. The approximate cost of one month spent in a programme is 1,200 
EUR (incl. income support and direct programme cost). 

The first finding is that sending everyone to any one of the four programmes would 

have led to a considerably higher employment rate than did the actual allocation. The best 

result is obtained by assigning everyone to retraining, which would increase the long-run 

(year-8) employment rate in our sample by about 18% more than did the actual allocation. 

However, this would also be the most expensive option. If we take programme costs into 

account, it seems the most favourable option is to send everyone to short training, which 

would increase the employment rate by about 14% over the actual allocation. Shifting 

participants from the less effective programmes (practice firm and long training) to the two 

more effective ones has only a negligible effect on the overall employment rate in our 

simulations. In contrast, assigning also half of the nonparticipants to short training and 

retraining would raise the employment rate considerably but would also be quite costly. 

Finally, a cost-neutral reallocation (e.g., among participants in practice firms and in long 

training) would have almost no effect on the employment rate. 

5.5  Sensitivity analysis 

We performed a thorough sensitivity analysis to check the robustness of our results to 

various implementation issues. Because of space constraints, we discuss only the main points 

here (see Internet Appendices IE and IF for detailed results). 



First, in view of the arguments given by Fredriksson and Johansson (2003, 2008), the 

interpretation and validity of our results depend on our definition of the nonparticipation 

status and of the treatment window. We condition nonparticipation on either ending 

unemployment or not ending unemployment without entering a programme within the first 12 

months of unemployment, which could lead to some bias in our results. This bias could work 

in favour of the nonparticipation status so defined if nearly every unemployed must 

participate, because these nonparticipants might be a positively selected subgroup of potential 

nonparticipants and this, in turn, may lead to an underestimation of the programme effects. 

However, this is far from being the case in our sample (see Table 4). In particular, when we 

look at future programme participation as an outcome variable, we find only small and mostly 

insignificant differences between all treatment groups—both in a given period and in the 

cumulated estimates (the differences are always fewer than 2 months cumulated over the 8-

year period). Hence this type of bias is of no concern: because we find positive and significant 

employment effects for all programmes, removing any such bias would actually increase the 

effect for which we test. 

Second, we also test the sensitivity of our results with respect to the choice of the 

treatment window by reducing it from 12 to 6 months. According to the logic of Fredriksson 

and Johansson (2003, 2008), if there is a bias then it should decrease under this scenario. 

Observe that the estimated effect also changes, since nonparticipants are defined differently. 

The first effect is a loss of some precision—especially for short training, where sample sizes 

are considerably smaller (40%–50% of the original participants are lost). The results for 

practice firms remain unchanged. The effects of short training and retraining appear 

somewhat smaller and those of long training somewhat larger. However, the overall 

conclusions do not change. Thus, if there is a bias, it cannot be large (as already suggested by 

Table 4). 



Third, the common support criterion can be varied, which affects the population for 

which the effects are estimated as well as match quality. This criterion is made stricter by 

defining the upper and lower bounds as the tenth largest and smallest observation instead of 

the minimum or maximum, which leads to a better match in the (now shorter) tails of the 

propensity score distribution. The smaller sample sizes mean that some effects are no longer 

significant, especially for practice firms toward the end of the observation period. Still, the 

overall conclusions do not change. This holds also when we impose no common support 

restriction; the only notable effects are an increase in precision and some deterioration of 

match quality. 

Fourth, the additional matching variables (other than gender) used to define the 

distance metric in the matching algorithm are omitted, which might reduce match quality for 

these key predictors of outcomes. In this case the results are unchanged for all programmes 

except practice firms, whose effects at the end of the observation period are no longer 

significant. 

Fifth, given that our sample sizes in the treatment groups are small, we can use a more 

parsimonious specification of the multinomial probit for participation. Thus, we exclude all 

variables whose coefficients’ t-values < 1 and so retain only the most important selection 

variables. Our results do not change. 

Sixth, we check the bias estimate coming from the regression step in the weighted 

matching estimator used here (see Internet Appendix IF.6). A large and volatile value would 

clearly raise concerns about the adjustment procedure. This is not the case, however, 

compared to the magnitude of the effects and given the sample sizes in the five treatment 

groups. 



Finally, we used three-month moving averages instead of monthly observations for the 

respective outcome variables. Not surprisingly, the results are a bit “smoother”; however, the 

efficiency gains are small. Our conclusions remain unchanged. 

The earlier version of this paper (Lechner, Miquel, and Wunsch 2006) contains further 

sensitivity checks with respect to the sampling design, the definition of nonparticipants, the 

choice of the treatment window, the simulation of programme start dates for nonparticipants, 

and the performance of the matching estimator. For the sake of brevity, these details are 

omitted here (Table IF.1 in Internet Appendix IF summarizes the main results). Our principal 

conclusions remain unchanged. 

6 Conclusion 

For a sample of West German unemployed who enter government-sponsored training 

during 1992–1994, we evaluate the short-, medium-, and long-run effects of different types of 

training on individual employment, unemployment, and earnings. These programmes differ 

considerably in duration and in the form and intensity of the human capital investment 

required. The administrative data used is particularly rich and allows us to correct for 

selectivity via microeconometric matching methods and also to measure interesting outcome 

variables on a monthly basis for a period of eight years after programme entry. 

As found in earlier studies (e.g., Lechner and Gerfin 2002 for Switzerland; Jespersen, 

Munch, and Skipper 2004 for Denmark; Fitzenberger and Speckesser 2007 for Germany), 

there are negative short-run (lock-in) effects on employment for all types of training. The 

extent and duration of these effects are directly related to a programme’s duration. Yet in the 

long run (after about two to four years), all programmes increase employment rates and 

earnings. With regard to employment eight years after programme start (the longest 

observable horizon), retraining, which involves the most substantial investment in human 

capital, dominates all other programmes as well as nonparticipation: the gain in employment 



probability over nonparticipation is about 20 percentage points. This holds not only for 

participants in retraining but also (though to a lesser extent) for participants in other 

programmes had they participated in retraining. The other training programmes also dominate 

nonparticipation but exhibit a somewhat smaller gain (of about 10 percentage points) after 

eight years. Focussing on the overall performance over the eight-year period—that is, netting 

out positive and negative effects over time—we see that the training programmes increase the 

total period of employment by about 8 to 10 months. 

Besides providing new insights into the effectiveness of government-sponsored 

training in West Germany, our results contribute to the more general discussion of shorter and 

less intense training versus substantial human capital investments as means for reducing 

unemployment. In contrast to the presumption of a potential trade-off between the short- and 

long-term gains of training that is less versus more intense, we find that both the least intense 

and the most intense programme types have sustainable positive long-run effects on 

employment and earnings. There is, however, a trade-off in terms of initial lock-in effects. 

This means that positive effects materialise much earlier for shorter than for longer 

programmes. 

The earnings results also help us understand a puzzle of the previous literature, in 

which significantly positive effects cannot be found for most training programmes. If one 

considers the consensus of the education literature that one year of full-time schooling yields 

increased earnings of 5%–10% (Card 1999), then it should be surprising that the programmes 

examined here can, within a period of only a few months or much less, have effects large 

enough to be detectible within noisy data—even with large samples. Yet even the shorter 

German programmes are long by international standards, and retraining involves rather 

significant human capital investments. These factors are enough to push beyond the “noise 

threshold” and thus are detectable in our study. 



Finally, policy simulations based on our results show that changing the participation 

structure could increase considerably the effectiveness of West Germany’s active labour 

market policy. 
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Appendix A: Sample selection rules 

Table A.1: Sample selection rules and remaining numbers of observations 

 Nonpar-
ticipation 

Practice 
firm 

Short 
training 

Long 
training 

Retraining Other 

Persons entering unemployment 
between Jan. 1992 and Jun. 1994 37,440 289 520 429 452 317 

Eligibility: Only individuals receiving UB or UA in the month before (simulated) programme start  
Remaining observations 24,354 279 505 412 412 288 
Simulated programme start of nonparticipants within 12 months after entering unemployment and   

receipt of UB or UA in this month 
Remaining observations 21,379 279 505 412 412 288 

Personal characteristics :  a) 20 ≤ age ≤ 55;  b) no trainees or apprentices; c) at least one observation of 
employment;  

                 d) no home workers; e) no part-time worker below half of full-time equivalent 
Final sample 15,687 259 482 385 387 263 

Note:  All variables are measured in the period before programme start. 



Appendix B: Data 

Table B.1: Descriptive statistics 

 

Nonpar-
ticipation 

Practice 
firm 

Short 
training 

Long 
training 

Retraining 

Observations 15,687 259 482 385 387 

 
Personal characteristics 

Woman 45.7 37.1 42.9 45.2 38.2 
Age in years 36.0 36.0 34.8 35.2 31.0 
Below age 25 17.0 14.3 16.2 13.8 20.7 
Above age 50 12.9 6.2 6.0 6.0 0.8 
Not married 46.8 55.6 52.7 57.9 57.1 
Married 53.2 44.4 47.3 42.1 42.9 
No child 62.1 66.8 62.0 63.6 62.3 
At least one child 37.9 33.2 38.0 36.4 37.7 
German nationality 82.0 82.6 89.6 90.9 86.6 
Western European nationality 11.1 7.7 6.2 3.4 8.0 
Eastern European nationality 3.7 5.8 1.2 2.6 2.3 
Other nationality 3.2 3.9 2.9 3.1 3.1 
No university entrance school degree, no vocational 
degree 23.9 19.7 15.4 11.9 26.1 
No university entrance school degree, vocational degree 66.4 76.8 74.3 68.1 63.8 
University entrance school degree, no vocational degree 0.8 0.8 0.6 1.0 2.3 
University entrance school degree, vocational degree 2.6 2.3 3.7 5.7 2.8 
College degree 1.7 0.4 3.1 5.2 1.6 
University degree 3.2 0.0 2.3 7.5 2.8 

 
Regional information 

Schleswig-Holstein, Hamburg, Bremen 21.8 31.3 21.8 22.1 22.7 
Northrhine-Westphalia 29.6 20.5 27.6 33.5 33.1 
Rhineland-Palatinate, Hesse, Saarland 17.5 19.7 15.8 18.2 16.5 
Baden-Württemberg, Bavaria 30.8 28.6 34.9 25.2 27.1 
Local unemployment rate 8.3 8.3 8.1 8.4 8.4 
Table B.1 to be continued 



 

Table B.1: Descriptive statistics (continued-1) 

 

Nonpar-
ticipation 

Practice 
firm 

Short 
training 

Long 
training 

Retraining 

City with more than 100,000 inhabitants 30.8 24.7 18.3 20.0 24.3 
City with more than 300,000 inhabitants 16.1 8.5 5.0 4.2 8.5 

 
Timing variables 

Beginning of unemployment spell Mar 93 Feb 93 Feb 93 Apr 96 Apr 93 
Programme start date Aug 93 Sep 93 Jul 93 Oct 93 Oct 93 
Time to treatment in months 4.3 5.7 5.2 5.6 5.0 

 
Benefit claim 

Receipt of unemployment benefits (UB) 90.0 86.5 91.7 89.1 86.8 
Receipt of unemployment assistance 10.0 13.5 8.3 10.9 13.2 
UB claim at beginning of unemployment in months+ 10.5 9.3 9.6 9.4 8.1 
UB claim at programme start in months 7.3 5.3 5.6 5.2 4.4 

 
Characteristics of last employment* 

Unskilled worker 36.9 38.2 29.0 21.6 48.3 
Skilled worker 20.8 20.8 21.4 14.3 17.8 
Master craftsman 0.9 0.8 0.4 0.5 0.5 
White-collar worker 28.6 32.0 36.9 51.7 24.5 
Part-time worker 10.6 5.8 8.1 9.9 6.7 
Last monthly earnings in EUR 1396 1434 1570 1672 1558 
Firm size 1-9 employees 20.6 18.1 20.7 20.0 21.2 
Firm size 10-99 employees 36.0 39.4 35.7 36.1 35.1 
Firm size 100-499 employees 20.2 22.0 18.7 20.3 21.2 
Firm size 500 or more employees 17.5 15.1 15.6 17.7 18.6 
Technical profession 16.9 17 17 12.1 20.7 
Construction worker 9.1 9.7 6.4 4.9 7.2 
Office worker 13.9 24.7 22.4 25.5 12.7 
Service provider 15.7 11.6 10.7 9.9 19.9 
Production worker 12 10.1 9.4 9.1 11.4 
Other occupation 32.4 26.9 34.1 38.5 28.1 
Agriculture, forestry, fishing, mining, electricity supply 1.6 4.2 0.8 0.3 1.8 
Manufacturing 37.8 39.8 36.7 37.9 37.7 
Construction 7.7 6.6 6.2 4.7 5.4 
Commerce 15.3 13.5 18.5 16.9 10.9 
Logistics 4.4 2.7 6.0 6.2 7.8 
Services 30.7 30.5 27.7 31.5 34.5 

 
Employment history 

Number of programmes in last 2 years 0.0 0.1 0.1 0.1 0.0 
Number of programmes in last 5 years 0.1 0.2 0.2 0.2 0.1 
Number of programmes in the past 0.2 0.3 0.2 0.3 0.2 
Months in programmes in last 2 years 0.2 0.4 0.5 0.5 0.1 
Months in programmes in last 5 years 0.7 1.5 1.3 1.4 0.6 
Months in programmes in the past 1.1 2.0 1.7 1.9 1.1 
Number of employments in last 2 years 1.2 1.2 1.2 1.2 1.2 
Number of employments in last 5 years 1.7 1.9 1.7 1.7 1.8 
Number of employments in the past 2.8 3.2 2.9 2.6 3.0 
Months in employment in last 2 years 18.2 18.1 18.3 18.6 18.5 
Months in employment in last 5 years 40.8 38.9 41.2 40.3 38.0 
Months in employment in the past 84.7 81.3 85.1 83.9 69.7 
Table B.1 to be continued 



Table B.1: Descriptive statistics (continued-2) 

 

Nonpar-
ticipation 

Practice 
firm 

Short 
training 

Long 
training 

Retraining 

Number of unemployment spells in last 2 years 1.2 1.3 1.3 1.2 1.2 
Number of unemployment spells in last 5 years 1.7 1.9 1.7 1.7 1.6 
Number of unemployment spells in the past 2.4 2.9 2.5 2.4 2.4 
Months in unemployment in last 2 years 1.2 1.9 1.4 1.1 1.0 
Months in unemployment in last 5 years 4.3 6.0 4.4 4.0 4.0 
Months in unemployment in the past 10.2 13.0 10.6 8.8 8.7 
Number of spells out of labour force in last 2 years 0.6 0.6 0.5 0.5 0.5 
Number of spells out of labour force in last 5 years 0.9 1.0 0.9 0.8 1.1 
Number of spells out of labour force in the past 1.5 1.7 1.5 1.3 1.7 
Months out of labour force in last 2 years 3.5 3.0 2.9 2.7 3.1 
Months out of labour force in last 5 years 7.6 7.2 7.1 7.6 9.1 
Months out of labour force in the past 15.7 15.4 15.3 18.0 19.2 
Fraction unemployed 7.8 10.0 8.6 7.2 7.0 
Fraction employed 71.2 67.0 68.8 68.0 66.8 
Fraction out of labour force 13.1 12.5 12.5 13.5 15.9 
Mean duration of unemployment in last 2 years 0.5 0.8 0.6 0.5 0.5 
Mean duration of unemployment in last 5 years 1.5 2.0 1.5 1.3 1.3 
Mean duration of unemployment in the past 2.5 3.1 2.6 2.2 2.0 
Mean duration of employment in last 2 years 16.5 16.2 16.7 17.2 17.0 
Mean duration of employment in last 5 years 30.9 28.9 31.5 31.8 28.1 
Mean duration of employment in the past 48.3 42.2 48.9 49.3 35.9 
Mean duration out of labour force in last 2 years 3.0 2.5 2.5 2.4 2.7 
Mean duration out of labour force in last 5 years 5.2 4.4 4.7 5.4 6.0 
Mean duration out of labour force in the past 8.0 6.5 7.6 9.3 9.5 
Note:  Sample before imposing the common support requirement. If not stated otherwise, entries are in per 

cent and measured at (simulated) programme start. *Refers to the last employment before (simulated) 
programme start. +Measured at entry into unemployment. See also note below Table 5 as well as the 
more extensive definition of variables. 



Figure B.1: Distribution of (assigned) programme start dates (frequencies in %) 
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Note:  Left panel: calendar month. Right panel: months from entry into unemployment to programme start. 



Appendix C: Technical details of the matching estimator used 

Table C.1: A matching protocol for the estimation of 
,

0
m lθ  

Step 1 Specify and estimate a multinomial probit model to obtain the marginal choice probabilities (see 
Internet-Appendix): ;   

Step 2 Restrict sample to common support: Delete all observations with probabilities larger than the smallest 
maximum and smaller than the largest minimum of all subsamples defined by S.  

Step 3 Estimate the (counterfactual) expectations of the outcome variables for any given pair m and l. 
 
1. Standard propensity score matching step (multiple treatments) 
a-1) Choose one observation in the subsample defined by participation in m and delete it from that 
pool. 
b-1) Find an observation in the subsample of participants in l that is as close as possible to the one 

chosen in step a-1) in terms of . 'Closeness' is based on the Mahalanobis 
distance. Do not remove that observation, so that it can be used again.  

c-1) Repeat a-1) and b-1) until no participant in m is left. 
 
2. Exploit thick support of X to increase efficiency (radius matching step) 
d-1) Compute the maximum distance (d) obtained for any comparison between treated and matched 

comparison observations. 
a-2) Repeat a-1). 
b-2) Repeat b-1). If possible, find other observations in the subsample of participants in l that are at 

least as close as R * d to the one chosen in step a-2) (to gain efficiency); R is fixed to 90% in 
this application but different values are checked in the sensitivity analysis). Do not remove 
these observations, so that they can be used again. Compute weights for all chosen 
comparisons observations that are proportional to their distance (calculated in b-1). 
Normalise the weights such that they add to one. 

c-2) Repeat a-2) and b-2) until no participant in m is left. 
d-2) For any potential comparison observation, add the weights obtained in a-2) and b-2). 
 
3. Exploit double robustness properties to adjust small mismatches by regression 
e) Using the weights  obtained in d-2), run a weighted linear regression of the outcome variable 

on the variables used to define the distance (and an intercept).  
f-1) Predict the potential outcome  of every observation using the coefficients of this regres-

sion:   
f-2) Estimate the bias of the matching estimator for  as: 

 . 
g) Using the weights obtained by weighted matching in d-2), compute a weighted mean of the 

outcome variables in l. Subtract the bias from this estimate. 
 
4. Final estimate 
h) Compute the treatment effect by subtracting the weighted mean of the outcomes in the comparison 

group (l) from the weighted mean in the treatment group (m). 
Step 4 Repeat Step 3 for all combinations of m and l. 
Note: Lechner (2001) suggests an estimator of the asymptotic standard errors for  conditional on the 

weights that we use here.  includes the date of the beginning of the programme, gender, three 
dummies indicating if the individual is employed (and observed) 12, 24 and 48 months before the 
programme.  is included to ensure a high match quality with respect to these critical variables.  
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