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1. Introduction

Microeconomic evaluation studies try to assess the effectiveness of a country’s 
active labour market policy. The proclaimed objective of labour market pro-
grammes is the improvement of the chances of individuals to find regular employ-
ment. However, the outcome of such programmes is uncertain. Basically, par-
ticipation in a labour market programme can have three possible outcomes: the 
probability of employment can either increase, decrease or remain unchanged. 
Evaluation studies aim at quantifying the effect of participation in a labour 
market programme on the probability of employment.

Previous studies on the impact of labour market programmes in Germany 
established different effects depending on the data used, the period observed, and 
the methods applied. Most studies are based on the East German Labour Market 
Monitor from 1990 to 1994, the Labour Market Monitor Saxony-Anhalt and 
the German Socio-Economic Panel. The problem of selection bias is approached 
by applying different methods: P (1996), H (1997, 1998) and 
K, P and S (1999) use parametric models and consider observ-
able heterogeneity. F and P (1998, 2000) additionally use a non-
parametric difference-in-difference method to correct for unobservable heteroge-
neity. H and W, 2000 evaluate the effect of further training by means 
of a hazard rate model for matched samples. Other studies apply matching meth-
ods, sometimes supplemented by difference-in-difference or parametric models 
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(see B et al., 2000, 2001, 2004, E and L, 2000, 2001 
H, 1998, L, 1998). Simulation studies using different methods 
show that matching and the difference-in-difference method yield best results 
with regard to removing observable and unobservable heterogeneity (H, 
C and R, 2001). Recent studies based on matching methods  tend 
to result in negative or insignificant effects of further training programmes.1

However, the literature rarely analyses whether the effect of participation in a 
programme is influenced by individual characteristics, economic environment or 
the organisational design of training measures. Therefore, the aim of this study 
is to evaluate the employment effects of further training programmes for Saxony 
between 1990 and 2001 for different subgroups representing individual charac-
teristics as well as some aspects of the economic environment.

Our methodological approach differs in three aspects from other studies. First, 
we follow the concept of perforated unemployment, that means the unemploy-
ment spell of participants includes the further training episode. Second, we use 
the pre-history of the employment status as an indicator of the employment prob-
ability before the start of the programme, in order to eliminate Ashenfelter’s Dip. 
Third, we employ a matching algorithm which provides an optimal full assign-
ment. The results of our evaluation study show a negative effect of participation 
in further training programmes. 

The paper is organised as follows. Sections 2 and 3 give a short overview of 
the legal basis of further training programmes in Germany and the development 
of participation in East Germany and Saxony as well as the description of the 
data. Section 4 theoretically describes the fundamental problem of microeco-
nomic evaluation and lists assumptions on the matching process and the result-
ing requirements for the data. Following we explain our selection of variables 
(section 5) and spells (section 6). Sections 7 and 8 present the matching approach 
and the model of duration analysis we employ for our empirical study. Results 
are presented in section 9 and section 10 concludes our paper.

1 For an overview of evaluation studies in East Germany see also H and C 
(2000).
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2. Further Training in East Germany – Especially in Saxony

Further training programmes belong to the most important programmes of active 
labour market policy in East Germany. They intend to integrate unemployed 
persons into the labour market by promoting vocational qualifications. Further 
training programmes include vocational re-training measures and the extension 
or adaptation of vocational skills. Such further training measures can last up 
to 24 months for re-training in a new profession and three to eight months for 
extension or adaptation programmes. Participants can get a subsistence allow-
ance (Unterhaltsgeld) if they are entitled to unemployment benefits or assistance. 
Local employment offices assign private training centres or schools to carry out 
further training programmes. The local employment office also selects the unem-
ployed persons to take part in further training measures. 

The importance of further training programmes in East Germany and Saxony 
can be seen from the number of participants (Figure 1). The maximum is in 
1992 with an annual average of about 500,000 persons and 150,000 persons, 
respectively. In the following years the number of participating persons steadily 
declined to currently about 60,000 in East Germany.

Figure 1: Participants in Further Training Programmes in East Germany and Saxony 
from 1991 to 2004 (in Thousands)

0

100

200

300

400

500

600

1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004

Pa
rt

ic
ip

an
ts

 

Further Training Saxony Further Training East Germany

Source: Bundesanstalt für Arbeit



 R / S / W

3. Data Description

We base our evaluation of active labour market programmes on the Micro Census 
of Saxony in January 2000, January 2001 and January 2002. The Census offers 
the required data to satisfy the first assumption: it includes demographic char-
acteristics as well as information on the employment history.2 The Saxon data 
base is linked with the German Micro Census in as much as it is carried out 
three times per year with the similar questions and the similar procedure as the 
German one. A fraction of 0.5% of all households in Saxony are committed to 
participate, resulting in 10,000 households per census. All persons in these house-
holds (approx. 15,000 participants) are interviewed. It is obligatory to answer the 
questions of the Micro Census. A household can participate at most three times 
in the census, implying partial rotation of the participants. 

In contrast to the German Micro Census, the Saxon Census includes quarterly 
information on participants’ employment history since 1989. Due to the partial 
rotation, this information is available only once per person. The complete indi-
vidual employment history can be reconstructed using quarterly information 
from the three censuses used. Our sample covers the period from the first quar-
ter of 1989 until the fourth quarter of 2001. It includes spells of unemployment 
and participation in active labour market policies (ALMP), where it is possible 
to have more than one spell per person. There are no similar datasets for other 
East German federal states.

There are three possible sources of inaccuracies in our information on unem-
ployment spells. First, since interviewed persons have to report retrospective 
information, they might give an incorrect sequence of their various spells or a 
wrong classification of their employment status, especially when the survey period 
extends far back into the past. Second, since the data frequency is quarterly, 
there is no information available on the exact time of a status change. The status 
change could have occurred in the same quarter it is reported or in the quarter 
before. Finally, short spells within a quarter cannot be observed.

2 H and S (1999) show, that including employment history in addition to demo-
graphic characteristics is very important to control for selection bias. 
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4. The Microeconomic Evaluation Problem 

Microeconomic evaluation is based on the model of potential outcomes.3 It 
identifies the impact of labour market programmes on individual employment 
opportunities by comparing the outcome of a treated person with the probable 
outcome for the hypothetical case of non-treatment. The potential outcome can 
be defined for instance as personal income, unemployment duration or duration 
of future employment.

A direct estimation is impossible because the treatment outcome and the non-
treatment outcome cannot be observed for a person simultaneously. In this sense, 
the fundamental evaluation problem is a missing data problem.

For a causal interpretation of the individual treatment effects it is necessary to 
satisfy the SUTVA (stable unit treatment assumption). It requires independence 
of individual treatment effects, i.e. the programme effect for each participant 
must not be affected by the treatment of other persons. This excludes indirect 
effects on the regional labour market or the whole economy4 and permits the 
estimation of average treatment effects to overcome the fundamental evaluation 
problem independent of size and composition of the treated population group. 
The average effect of treatment on the treated indicates the expected outcome 
for persons who received treatment compared to the hypothetical situation of 
non-treatment. Therefore, a group of non-treated persons with – on average – 
the same relevant observable and unobservable characteristics as the participa-
tion group has to be found. If this is not exactly possible the estimation results 
will be distorted by a selection bias. 

One of the most popular methods to overcome the problem of selection bias is 
a matching procedure. The basic idea is that the outcome of a well chosen group 
of non-treated persons is a good proxy for the counterfactual outcome as long as 
the persons in both groups have the same observable characteristics. 

The simplicity of this idea as well as the important fact that matching leaves 
the individual treatment effects completely unrestricted – that means robustness 
to heterogeneous treatment effects in the population – are the main reasons for 
its popularity. On the other hand, matching is highly demanding on the data at 
hand. The identifying assumption, the conditional independence assumption, 

3 This model is also known as Roy-Rubin-model. For a detailed description see H, 
LL and S (1999), pp. 1877–1879.

4 See F (2004), pp. 4–5 for a detailed discussion of this assumption and possible indi-
rect effects.
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requires that conditional on characteristics X the assignment to the treatment and 
the non-treatment group is independent of the potential outcomes. It is satisfied 
only if all variables that influence both the selection process and the potential 
outcome are used for matching. This also implies that all relevant characteristics 
must be observable. Since this is seldom the case, many studies use the difference-
in-difference approach to handle heterogeneity in unobservable characteristics. 
The problems associated with this approach5 can be avoided by using adequate 
proxy variables for the unobserved characteristics.

A further necessary condition for identifying an unbiased treatment effect 
is the common support condition,6 which states that for each chosen X it must 
be possible to find both participants and non-participants. Both assumptions 
together are sometimes referred to as strongly ignorable treatment assignment.7

5. Choice of Variables

The selection of relevant variables for the analysis is derived from human capital 
theory and recent empirical studies.8 Theory suggests decreasing investment into 
human capital with age, and labour market statistics show a negative influence of 
age on labour demand.9 Another important factor for labour market behaviour is 
gender as it is obvious from the employment structure.10 For the selection proc-
ess gender may be important too, because the assignment to training measures 
depends on the fraction of men and women among the unemployed11. Therefore, 
gender and age are included into the matching process.

5 One of the most important problems is the choice of the reference time before the measure 
starts – it should be unaffected by the future participation and temporary heterogeneity of 
participants and non-participants. Furthermore, short-run results cannot be interpreted due 
to Ashenfelter’s dip, the decrease of the employment probability before an ALMP-measure, 
and the mean reversion afterwards.

6 H, I and T (1997) decompose the conventional bias measure into dif-
ferent components and show that failure of the common support condition (one component 
of the bias) results in a substantial increase of the bias. 

7 See R and R (1983), p. 43.
8 This variable selection procedure is also used e.g. in H, M and W (1997), 

p. 13 or C (2001), pp. 25–27. 
9 The unemployment rate of persons of 55 to 60 years is 16.7%, in contrast to 11.5% for per-

sons in the age bracket of 30 to 40. See B  A (2004a), overview I/5.
10 The share of women in the total number of part time and low paid employment is 84.4% and 

69.7%, respectively. See B  A (2004b, 2004c).
11 See §8 SGB III.
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Furthermore, we expect human capital to have a positive influence on the 
selection process for training12 and on employment opportunities. To get quasi 
time-invariant information about formal education levels all persons who were 
younger than 25 at the beginning of the observation period (1989) were excluded 
from further analysis, because education is usually completed at the age of 25. 
If not, persons are not unemployed and hence not included in the sample. A 
problem could arise if persons continue their education after an unemployment 
period. If a previous participant has a higher qualification at the interview date 
than at the beginning of the considered unemployment period, it is possible that 
this person is matched with a – at matching time – higher qualified person. If a 
non-treated person continues education during unemployment, the person could 
be matched with a better-educated participant. Due to the selected sample we 
expect this problem will rarely occur and thus will not bias the estimation results 
in a systematic way.

Since other time-variant information, like income and family background, is 
not available for the matching time the estimated treatment effect will proba-
bly be biased. Moreover, these characteristics could follow different paths in the 
treatment and the non-treatment group. However, we assume that employment 
history can be used as a proxy for the time-variant characteristics in the match-
ing process. Therefore, we generate the following employment history variables: 
the share of time spent in employment, non-employment and unemployment, 
as well as the frequency of changes into and the mean duration of employment, 
‘non-employment’ and unemployment. Moreover, the labour market statuses for 
six quarters before matching are included.

Besides demographic characteristics and employment history, a similar eco-
nomic environment of the compared persons is important for unbiased estima-
tion results.13 Therefore, information about the place of residence and the start of 
the considered unemployment spell are included additionally. The latter is nec-
essary because of various changes of labour market policy and other economic 
factors during the observation time.

12 According to recent empirical studies, persons who completed an apprenticeship or any higher 
education are more likely to participate in vocational training. See e.g. H, M and 
W (1997), p. 13 and C (2001), p. 27.

13 H, I and T (1997) analyse possible sources of biased estimation results. 
They identify a mismatch of labour market conditions across treatment group members and 
comparison-group members as one major source of bias.
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6. Selection of Spells

Our aim is to compare the outcome of a treated person with the person’s hypotheti-
cal outcome in case of non-treatment to answer the question whether participation 
can increase the probability to find employment, or whether participation does 
not influence employability, or whether participation even affects it negatively. In 
order to eliminate potential biases in the estimation of the treatment effect which 
cannot be handled by matching, it is necessary to select spells carefully.

We define our spells according to the concept of perforated unemployment14, 
which means that the unemployment spell of participants includes the further 
training episode. A typical participation spell starts with the entry in unemploy-
ment in a specific quarter. After a few quarters unemployment is discontinued by 
a change into further training. Following the measure unemployment is contin-
ued. We regard the three periods as a whole. Thus, the only way to end a spell suc-
cessfully is to change into employment. Not applying the concept of perforated 
unemployment would induce a selection bias. In this case spells of participation 
would start with the end of the measure and focus on unemployment duration 
after the training. At the beginning of the evaluation period most participants are 
already out of regular employment for a relatively long period of time. Accord-
ingly, they have disadvantages on the labour market. If they would be compared 
with unemployment spells of non-participants whose unemployment period 
started recently the participation effect could not be estimated correctly. 

We only select unemployment spells for the group of non-participants. For 
both groups, only spells of persons who have never participated in any ALMP-
measure before the observation time are included. We also exclude all spells for 
persons older than 55 years, because these persons could probably use the policy 
to smooth their transition to retirement.

Two other sources of bias are an anticipation effect and a cohort effect, which 
make it difficult to find the correct treatment effect. Therefore, it is necessary to 
eliminate or to measure these effects.

Many studies observe a decrease in the probability of employment before par-
ticipation in ALMP-measures. This effect was first observed by Ashenfelter15 and 
is therefore referred to as Ashenfelter’s Dip. The most popular explanation for 
this effect is that future participants anticipate their participation and therefore 
reduce their job search intensity.

14 See B (1992).
15 See A (1978). 
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In Germany the legal requirements of taking part in an ALMP-measure could 
be a more important explanation of the dip, because only persons who are unem-
ployed and entitled to unemployment benefits are allowed to participate in an 
ALMP-measure. The entitlement to unemployment benefits requires a mini-
mum length of employment. This means most of the participants change from 
employment to unemployment and start a training measure after a few quarters. 
In our data, 92% of participants are employed one quarter before they change 
into unemployment and 80% of participants are unemployed less than four quar-
ters before the start of the measure. Therefore, the cohort effect is a result of the 
selection of participants with specific labour market histories who are compared 
to a non-selected group of non-participants. This implies that participants and 
non-participants follow different employment paths. The employment quota of 
participants declines substantially before the start of the programme, whereas 
non-participants can have different employment histories. The only criterion is 
the registration of unemployment, a possible entitlement of unemployment ben-
efits or an allowance to participate in an ALMP-measure are unknown. 

A possibility to deal with both, the cohort and anticipation effect, is to match 
partners with similar employment histories so that participants and non-par-
ticipants have the same employment probability before the ALMP-measure. In 
order to eliminate the effects, we only select non-participants as potential match-
ing partners for every participant whose unemployment period is at least as long 
as the one of the participant before entering training. This selection procedure 
ensures that participants and non-participant follow similar employment paths 
until the start of the programme.

With this rules we select 850 participation spells for the matching procedure. 
In the case of non-participation 3,726 spells are available. 

7. Application of the Matching Approach

The matching control group consists of individual counterfactual outcomes for 
each participant. These counterfactual outcomes are determined in this study 
as the outcome of one special non-participant who has similar relevant observed 
characteristics. This technique is commonly referred to as nearest neighbour 
matching16 or nearest available pair matching.

16 For a short overview over different nearest neighbour matching approaches see H, 
LL and S (1999), pp. 1953–1954.
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When using this approach, two central questions have to be answered: how 
to define similarity between participants and non-participants and how to make 
sure that every participant is assigned to a best non-participant?

One possible procedure is matching with replacement, where every participant 
is assigned to the closest non-participant irrespective of how often one non-par-
ticipant is used as partner for participants. This technique contains the potential 
problem that only a few non-participants are used very often while other very 
similar non-participants are not considered. This may result in a rise of the vari-
ance of the estimated treatment effect.17

When the number of non-participants markedly exceeds the number of par-
ticipants – which is the case in our study – matching without replacement is usu-
ally applied. L (1998) improves a two-step procedure by R 
and R (1985) by defining variable callipers for the so-called participation 
tendency. In the first step this single aggregated measure of similarity is used for 
pre-selection. In the second step additional characteristics for measuring simi-
larity between a participant and possible partners are included. The deviation of 
these characteristics is not restricted.

L’ (1998) assignment process is to randomly order the participants, 
successively find the closest non-participant from the particular sub-sample and 
remove the matched pair from the pool of considered persons. Each participant 
for which no similar non-participant can be found is excluded from further anal-
ysis. This is a standard procedure in the empirical literature.18

The application of any matching procedure without replacement raises several 
questions if one non-participant is the best partner for more than one participant. 
Who should be assigned to this non-participant: the first drawn participant, the 
closest, or the participant who has no alternative partners? The standard proce-
dure assigns the first drawn participant. The disadvantages of this random choice 
are the risk of not finding adequate partners for the later drawn participants and 
therefore losing observations, and additionally it cannot be ensured that the best 
possible assignment is found. The former problem may not be important if the 
sample size is sufficiently large. Since we divide the sample of participants into 
various sub-samples in this study, we however cannot ignore this problem. Thus, 
a procedure is desirable that guarantees not to lose observations due to the design 
of the assignment process and simultaneously ensures to find the best possible 
assignment result.

17 See L (2000), p. 9.
18 For applications see e.g. C (2001) or G and L (2002).
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In finite samples the importance of some characteristics for the participation 
decision and employment prospects may differ, i.e. persons with identical pro-
pensity scores may have dissimilar labour market prospects due to the fact that 
characteristics affect their participation decision and employment chances not 
to the same degree. F (2004) recommends to use the principal covari-
ates affecting the outcome or a so-called augmented propensity score for match-
ing. Furthermore, using a symmetric metric, matching by use of the propensity 
score would lead to an undesirable asymmetry, when the propensity score is close 
to 0 or 1.19 

Because of the finite sample size of the sub-samples we cannot use the pro-
pensity score as the only distance measure. Therefore, in this study we apply a 
one-step balancing-score matching, that uses personal characteristics as well as 
the participation tendency. The included characteristics are differently scaled. It 
is pointed out in statistical literature that to measure different scaled covariates 
with one and the same distance measure is inappropriate.20 Regarding e.g. quan-
titative covariates as qualitative ones or vice versa, results in loss of information 
from the data or an overvaluation of the qualitative variables. The most common 
way to construct aggregated distance measures is a two step procedure. In a first 
step scale-specific distance measures are quantified. Then, after a suitable stand-
ardisation of the specific distances, the distances are weighted with the number 
of the included variables in each distance measure.21

Similarity between participant i and non-participant j in participation ten-
dency and metric variables is measured by the Mahalanobis distance22

 1ˆ ˆ ˆ ˆ[( , ) ( , )] [( , ) ( , )],ij i i j j i i j jMD I X I X I X I X−′= − Σ −  (1)

where Xi and Xj are the n × 1-vectors of the considered covariates, Îi denotes the 
estimated participation tendency and 1−Σ the inverse of the covariance matrix 
of (Î,Xi ). The Mahalanobis distance has the advantage that potential correla-
tions between the covariates are accounted for by including the inverse of their 
covariance matrix.23

19 See L (1998), p. 115.
20 See e.g. O (1980), pp. 50–51 for further details.
21 See e.g. K and P (1996), p. 453.
22 The participation tendency is treated as a metric variable because normal distribution can be 

assumed. See L (1998), p. 115. 
23 See K and P (1996), p. 450.



 R / S / W

This distance measure contains the following variables (included in vector X ): 
age, start of the unemployment spell, share of time spent in employment and 
unemployment as well as mean duration of employment and unemployment.

We estimate the participation tendency Îi as the latent variable of the index 
function of a probit model. In this estimation we include demographic variables 
(gender, age and human capital) by default. Indicators for the economic envi-
ronment (start of the considered unemployment spell and place of residence) and 
for the employment history (share of time spent in employment/unemployment, 
mean duration of employment/unemployment and labour market statuses for 
six quarters before matching) enter the estimation only in the case they improve 
the model. To measure similarity in nominally scaled variables the generalised 
matching coefficient:24
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Having this type of matching coefficient it is possible to measure similarity allow-
ing for different numbers of values in the covariates.

The included variables (covariates z) are: gender, human capital, place of resi-
dence and labour market status for each of six quarters before matching.

Our aggregate distance measure is constructed as a weighted average of the 
Mahalanobis distance and the generalised matching coefficient:

 
1

[ (1 ) ],ij ij ijM a MC bMD
a b

= − +α
+

 (4)

24 See K and P (1996), p. 446 for a detailed description.
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where a and b denote the number of metrically and nominally scaled covariates, 
respectively. The factor α ensures that the medians of both distance measures, 
(1 − MCij) and MDij, are equal. In our study it proved inappropriate to use the 
number of the included variables as the only weighting factors, because in this 
case the impact of the nominally scaled variables on the aggregate measure is 
dominated by that of the metric variables. This results in significant differences 
between matched participants and non-participants in the nominally scaled cov-
ariates. Therefore, we extended the standard procedure by including the weight-
ing factor α. Thus, we achieve the desired similarity between participants and 
non-participants in all considered covariates.25

For the assignment process we use the Hungarian algorithm, which is known 
from graph theory and linear optimisation. The algorithm was introduced by 
K (1955) to solve the classical assignment problem. The basic idea is to 
update the edge weights of a bipartite graph with appropriate vertex potentials26 
so that a complete Matching with zero weight exists in the resulting sub-graph. 

This iterative process requires a complete bipartite graph with left and right 
vertices of the same size and nonnegative edge weights. The solution process is as 
follows: The first step is to construct a sub-graph by choosing a potential for the 
left vertices so that edges with zero weight arise. In the second step a matching 
with maximum number of edges is searched for in this sub-graph. This is done 
by an iterative improvement of an initial matching along a prior labelled path. If 
the result of this improvement process is a complete matching this is an optimal 
matching with minimum overall weight. 

If the matching is incomplete, the minimum weight of all edges with labels on 
the left side and no labels on the right side is the new vertex potential. The edge 
weights are updated with this potential and a new sub-graph results, where a new 
search for a matching with maximum number of edges starts until an optimal 
matching with minimum overall weight is found.27

The requirement of nonnegative edge weights is fulfilled by the choice of the 
aggregate distance measure, which has exclusively positive distance values. Obvi-
ously, implementing this algorithm avoids the problem of losing observations due 
to the design of the assignment process and yields an optimal result. 

25 No significant differences in means and distributions of the covariates between participants 
and non-participants are found for all (sub-) samples.

26 A vertex potential is the valuation of the vertices with real numbers to allow for manipulations 
of the edge weight without changing the optimal solution. 

27 For a detailed description of this assignment algorithm see e. g. B et al. (1990), pp. 499–
508.
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To check the quality of the matching result, we test if differences in the means 
and distributions of the characteristics in the treatment and the non-treatment 
group arise.28 No significant differences – neither of the means nor the distri-
butions of the covariates – between both groups are found for all (sub-) samples 
after matching. Table 1 on pages 600 f. shows the tests for the whole sample as 
an example.29

8. Duration Analysis

One possible indicator for the impact of labour market programmes is the change 
in the duration a person is unemployed. Usually it is adequate to compare the 
means of the matched participation and the non-participation outcome. How-
ever, a simple comparison of average participants’ and non-participants’ unem-
ployment durations is not the appropriate approach for three reasons: the main 
reason is the existence of censored spells, i.e. unemployment durations that are 
not finished at the interview time. Second, the unemployment spells start in dif-
ferent periods. Thus, labour market conditions may vary between different per-
sons. The third problem is the change in the composition of the groups, because 
some persons take up employment and are not considered for the whole obser-
vation period. This is why the distribution of characteristics in the participants’ 
and the non-participants’ groups may differ over time.

One possible approach to deal with this kind of problems is to apply a sur-
vival analysis. The outcome variable here is the unemployment duration until 
an observed person changes into employment, the so called survival function. 
To estimate the survival function S(t) = P(T > t), we use the Kaplan-Meier-esti-
mator:30

 
|

ˆ( ) ,
j

j j

jj t t

n d
S t

n
≤

−
= ∏  (5)

where nj denotes the number of individual spells at risk at time tj and dj the 
number of failure spells at tj . In our study only the change of the initial status 

28 Differences in means are checked by t-tests, for the distributions we applied KS-tests (for met-
rical variables) and chi-square-tests (nominally scaled variables), respectively.

29 The tests for all the sub-samples are presented in R, S and W (2004), 
Table A.2 in the Appendix.

30 See K and M (1958), p. 463.
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of unemployment to employment is defined as a failure (and thus, the unem-
ployment spell is completed). All other unemployment spells are considered as 
censored. 

9. Results

The aim of the study is to evaluate the effects of further training on the individual 
unemployment duration of different groups of persons representing individual 
characteristics and some aspects of the economic environment. We analyse the 
whole sample as well as the sub-sample of long-term unemployed persons. Addi-
tionally, we divide our sample in different sub-samples by gender, education, age, 
beginning of the unemployment period and duration of the measures. 

The results show a negative influence of further training on employment 
chances, with gradual differences in the analysed groups. For lack of space we 
present only the results for the whole sample and the gender sub-samples. When 
distinguishing between different times for the beginning of the unemployment 
period, we find interesting results. Therefore, we present especially these results in 
detail. The other sub-samples can be seen in Figures A.1 to A.8 in the Annex.

The Figures show the estimated survival function, i.e. the probability of being 
unemployed for each quarter after the beginning of the unemployment spell. The 
dashed line identifies participation, the solid line the situation of non-participa-
tion. Fine lines show the 95% confidence interval for both cases, participation 
and non-participation.31 The Figures reveal that the influence of participation 
differs across our sub-samples.

As can be seen in Figure 2, over the whole sample the participation in further 
training has a negative influence on the employment probability. In case of non-
participation 65% of the persons find a job within three quarters while in case 
of participation only 8% do. After twelve quarters about 45% of the participants 
are still not employed. In case they had not participated in the measure the rate 
of persons not employed would only be 16%.

31 The confidence intervals should not be used to draw inferential conclusions about the equal-
ity of median survival times for both groups, see H and L (1999), p. 156.
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Table 1: Comparison of Means and Distributions of Participants (P) and Non-participants (NP) before and after Matching

Variable

Whole Sample

Before Matching After Matching

Mean Distributione Mean Distributione

Pc NPc Differenced Test Resultd Pc NPc Differenced Test Resultd

Gender (male = 1)
0.382

(0.486)
0.534

(0.499)
–0.151
(0.000)

63.294
(0.000)

0.382
(0.486)

0.376
(0.485)

0.006
(0.803)

0.062
(0.803)

Start of Unemployment Spell
20.168
(11.348)

25.284
(12.421)

–5.115
(0.000)

5.736
(0.000)

20.168
(11.348)

20.272
(11.509)

–0.104
(0.852)

0.655
(0.784)

Completed Apprenticeship/Technician
0.816

(0.387)
0.835

(0.371)
–0.018
(0.201)

1.636
(0.201)

0.816
(0.387)

0.834
(0.372)

–0.018
(0.338)

0.918
(0.338)

University/College Degree
0.114

(0.318)
0.080

(0.272)
0.034

(0.002)
10.044
(0.002)

0.114
(0.318)

0.108
(0.311)

0.006
(0.699)

0.149
(0.700)

Age
36.425
(5.448)

38.344
(5.546)

–1.920
(0.000)

3.850
(0.000)

36.425
(5.448)

36.431
(5.332)

–0.006
(0.984)

0.461
(0.982)

Residence Chemnitz
0.362

(0.481)
0.417

(0.493)
–0.055
(0.003)

8.669
(0.003)

0.362
(0.481)

0.369
(0.482)

–0.007
(0.763)

0.91
(0.763)

Residence Dresden
0.404

(0.491)
0.362

(0.481)
0.041

(0.024)
5.110

(0.24)
0.404

(0.491)
0.400

(0.489)
0.004

(0.805)
0.610

(0.805)

Share of Time in Unemploymenta 0.031
(0.090)

0.094
(0.194)

–0.064
(0.000)

3.624
(0.000)

0.031
(0.090)

0.039
(0.100)

–0.008
(0.923)

0.946
(0.333)

Share of Time in Employmenta 0.905
(0.212)

0.865
(0.245)

0.040
(0.000)

2.317
(0.000)

0.905
(0.212)

0.909
(0.217)

–0.004
(0.674)

0.970
(0.303)

Share of Time in Non-Employmenta 
0.064

(0.188)
0.040

(0.159)
0.023

(0.000)
1.889

(0.002)
0.064

(0.188)
0.059

(0.188)
0.005

(0.595)
0.703

(0.706)

Mean Duration of Unemployment
0.640

(1.830)
0.958

(2.595)
–0.317
(0.001)

2.666
(0.000)

0.640
(1.830)

0.505
(1.866)

0.135
(0.127)

0.946
(0.333)
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Variable

Whole Sample

Before Matching After Matching

Mean Distributione Mean Distributione

Pc NPc Differenced Test Resultd Pc NPc Differenced Test Resultd

Mean Duration of Employment
13.747
(9.566)

15.564
(12.131)

–1.817
(0.000)

3.076
(0.000)

13.747
(9.566)

14.133
(9.504)

–0.386
(0.405)

0.800
(0.544)

Mean Duration of Non-Employment
0.955

(2.862)
0.602

(2.633)
0.353

(0.001)
1.889

(0.000)
0.955

(2.862)
0.94

(3.432)
0.015

(0.922)
0.703

(0.706)

Labour Market Status t − 1b 

(Employment = 1)
0.924

(0.266)
0.943

(0.231)
–0.020
(0.028)

4.807
(0.028)

0.924
(0.266)

0.926
(0.262)

–0.002
(0.854)

0.340
(0.854)

Labour Market Status t − 2b 
(Employment = 1) 

0.908
(0.289)

0.922
(0.267)

–0.014
(0.169)

1.892
(0.169)

0.908
(0.289)

0.921
(0.269)

–0.013
(0.340)

0.912
(0.340)

Labour Market Status t − 3b 
(Employment = 1)

0.898
(0.303)

0.888
(0.316)

0.010
(0.397)

0.718
(0.397)

0.898
(0.303)

0.909
(0.287)

–0.011
(0.265)

0.675
(0.411)

Labour Market Status t − 4b 
(Employment = 1)

0.888
(0.315)

0.847
(0.360)

0.041
(0.002)

9.354
(0.002)

0.888
(0.315)

0.905
(0.293)

–0.017
(0.265)

1.242
(0.265)

Labour Market Status t − 5b 

(Employment = 1)
0.879

(0.326)
0.903

(0.297)
–0.024
(0.039)

4.269
(0.039)

0.879
(0.326)

0.893
(0.309)

–0.014
(0.360)

0.838
(0.360)

Labour Market Status t − 6b 

(Employment = 1)
0.878

(0.328)
0.895

(0.307)
–0.017
(0.154)

2.036
(0.154)

0.878
(0.328)

0.888
(0.315)

–0.01
(0.497)

0.461
(0.497)

Long Term Unemployed 
0.280

(0.449)
0.442

(0.497)
–0.162
(0.000)

75.245
(0.000)

0.280
(0.449)

0.303
(0.460)

–0.023
(0.286)

1.139
(0.286)

a Time spent in the respective employment status relative to the time until the start of the considered unemployment spell
b “t − n” denotes the number of quarters until the start of the considered unemployment spell
c standard deviation in brackets
d p-value in brackets
e for metrical scaled variables KS-test; for nominal scaled variables chi-square test.
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Figure 2: Survival Functions in Participation and Non-participation Case; 
Whole Sample 
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Source: Micro Census Saxony, own calculations.

Comparing Figures 3 and 4 demonstrates that the participation effect is negative 
particularly for women. While the non-participation curve of men and women is 
similar,32 the participation in further training noticeably delays women’s transi-
tion to employment compared to men. After four quarters 22% of male partici-
pants and 10% of female participants are employed. The ratio increases to about 
55% and 39% for men and women, respectively after ten quarters. Over a longer 
time horizon the share of not employed female participants exceeds that of male 
participants (43% and 28%, respectively after twenty quarters).

Our results for three sub-samples, which describe different beginnings of 
unemployment spells, show a very interesting drift of participation effects with 
respect to the effectiveness of further training (Figures 5 to 7). This drift can 
be explained by a changing economic and legal basis during our observational 
period. Three different periods can be identified: the first period starts in 1989 

32 After four quarters 74% of the observed men and 68% of the observed women are employed; 
after 10 quarters the share is 84% and 80%, respectively.
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Figure 3: Survival Functions in Participation and Non-participation Case; Men 
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Source: Micro Census Saxony, own calculations.

Figures 4: Survival Functions in Participation and Non-participation Case; Women 
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Source: Micro Census Saxony, own calculations.
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and ends about 1992. This period is characterised by the transformation proc-
ess in East Germany. One political answer to the changing conditions on the 
labour market was a large implementation of further training (see also Figure 1) 
which was mainly used to ease the pressure on the labour market. The imple-
mented programmes were not differentiated regarding personal, regional or eco-
nomic requirements.

The second period begins around 1993 and ends about 1996. Practice in the 
Federal Employment Office and Training Agencies began to change which led to 
a decreasing number of participants in training programmes. Therefore, it could 
have been easier to adjust the programmes to the labour demand requirements 
but de facto there was no major focus on integration of participants into regular 
employment. Instead Further Training was mainly used to extend the duration 
of unemployment benefits. 

In the third period which starts around 1997 the training policy was modi-
fied by introducing the so called ‘target group focussing’. Now subsidies on fur-
ther training measures were primarily granted to specific target groups like long-
term  unemployed and older or younger persons without professional skills. Local 

Figure 5: Survival Functions in Participation and Non-participation Case;
Start of the Unemployment Spell until 1992
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Source: Micro Census Saxony, own calculations.
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employment offices continued to plan training programmes but regional labour 
demand was not part of the consideration.

In all three periods participation in further training results in a prolongation 
of unemployment duration compared to the situation of non-participation. But 
there are some remarkable changes in the shape of the curves.

Especially during the first period until 1992 a very fast drop out of unemploy-
ment for non-participation can be observed (see Figure 5). A large divergence 
between the survival curves can already be noticed after three quarters. The 
survival curves begin to converge afterwards but in the long run the difference 
between the two remains at about 20%. 

The shape of the curves can be explained by the developments in the first 
period described above. Since the participants in further training programmes 
had a large share in the total number of unemployed persons in this period, it is 
possible that programmes affected the regular labour market. Thus, the funda-
mental assumption for microeconomic evaluation, the SUTVA, may be violated. 
In this case an additional macroeconomic analysis would be appropriate, but this 
is beyond the scope of this paper.

Figure 6: Survival Functions in Participation and Non-participation Case;
Start of the Unemployment Spell between 1993 and 1996 
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Source: Micro Census Saxony, own calculations.
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As can be seen in Figure 6, in the second period from 1993 to 1996 effects of 
further training are similar to those in the first period. Participants and their 
hypothetical counterparts changed slightly slower into employment. A possi-
ble explanation for this difference is that target group focussing was gradually 
implemented then. Therefore, persons with lower employment chances often 
participated in training programmes. In the long run, the gap between both sur-
vival curves is nearly the same as in the first period.

Figure 7 shows that the survival functions changed considerably in the third 
period since 1997. The survival curve of participants is relatively linear, unlike 
the respective curve for the second period. Instead of a fading out, the partici-
pants’ survival function becomes even steeper after the tenth quarter. Moreo-
ver, the non-participation survival curve shows a slower decline from the third 
quarter than in the period before and has a concave instead of a convex shape 
afterwards. The shape of both curves implies a smaller difference between the 
participation and non-participation outcome. We cannot observe the further 
development of the survival functions, because the observation time ends already 
after 17 quarters. 

Figure 7: Survival Functions in Participation and Non-participation Case;
Start of the Unemployment Spell from 1997
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This change relative to the previous period may be a result of a more rigid 
implementation of target group focussing. We can also observe this trend in our 
data, e.g. the share of long-term unemployed persons changed from 24% in the 
first period to nearly 33% in the third period. In other target groups we cannot 
identify changes due to our selection of spells.

The results for the third group could be taken as a hint that further training is 
more successful if policy is focussed on specific target groups. This may indicate 
the direction to improve the effectiveness of training programmes. 

In our analysis of the whole sample and the above described sub-samples 
we find a negative influence of further training on employment chances, with 
gradual differences in the analysed groups. These results are slightly worse than 
those of other recent evaluation studies which find insignificant effects (F-
, 2001, 2004, L, 2000). 

10. Conclusions

In this study we have evaluated the employment effects of further training pro-
grammes for Saxony between 1990 and 2001. Our methodological approach 
differs in three aspects from other studies in the literature. First, we follow the 
concept of perforated unemployment which implies that the duration of the pro-
gramme is included in the total time of unemployment. This approach improves 
the comparability of the situation of participation and the hypothetical situation 
of non-participation. Second, we use the prehistory of the employment status. 
The structure and duration of employment and unemployment periods is used 
as an indicator of the probability of changing into employment before the start 
of the programme. Thereby we avoid heterogeneity between participants and 
non-participants and at the same time we eliminate Ashenfelter’s Dip. Third, we 
employ the Hungarian algorithm for matching, which provides an optimal full 
assignment. This technique avoids the problem of losing observations due to the 
design of the assignment process and yields an optimal result as is required for 
an appropriate assignment procedure.

Since in the literature analyses of whether the effect of participation in a pro-
gramme is influenced by individual characteristics or economic environment 
are rarely found, we evaluated the employment effects of further training pro-
grammes for different sub-samples representing individual characteristics as well 
as some aspects of the economic environment. The results of our evaluation show 
a negative effect of participation in further training programmes – with gradual 
differences in the sub-samples. These results are similar to the findings of other 
evaluation studies.
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This can be interpreted as a first indication that the employment prospects 
of the participants are influenced by personal characteristics, economic envi-
ronment and the organisational design of training measures. Further research 
should focus on institutional factors like entrance requirements, the subjects 
of the courses, their adjustment to regional demand, practical work experience 
during the measure. With this information it would be possible to detect poten-
tially successful measures.

Annex

Figures A.1–A.8: Survival Functions in Participation and Non-participation Case for the 
Sub-samples

Figure A.1: Younger than 40 
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Figure A.2: Older than 40 
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Figure A.3: Skilled 
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Figure A.4: High Skilled 
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Figure A.5: Measure Shorter than 4 Quarters
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Figure A.6: Measure 4 to 7 Quarters 
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Figure A.7: Measure Longer than 7 Quarters
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Figure A.8: Long Term Unemployed 
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SUMMARY

This study evaluates the effects of further training on the individual unemploy-
ment duration of different groups of persons representing individual characteris-
tics and some aspects of the economic environment. The Micro Census Saxony 
enables us to include additional information about a person’s employment his-
tory to eliminate the bias resulting from unobservable characteristics and to avoid 
Ashenfelter’s Dip. In order to solve the sample selection problem we employ an 
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optimal full matching assignment, the Hungarian algorithm. The impact of 
participation in further training is evaluated by comparing the unemployment 
duration between participants and non-participants using the Kaplan-Meier-esti-
mator. Overall, we find empirical evidence that participation in further training 
programmes results in even longer unemployment duration.

ZUSAMMENFASSUNG

In dieser Studie werden die Effekte von öffentlich geförderten Weiterbildungs-
maßnahmen auf die individuelle Arbeitslosigkeitsdauer für verschiedene Gruppen 
von Personen evaluiert, die sich in ihren persönlichen Merkmalen und einigen 
ökonomischen Aspekten unterscheiden. Mit Hilfe des Mikrozensus Sachsen ist es 
möglich, zusätzliche Informationen über die Erwerbsgeschichte der Personen ein-
zubeziehen, so dass Verzerrungen aufgrund unbeobachtbarer Heterogenität und 
des Ashenfelter’s Dip vermieden werden. Um das Zuordnungsproblem zu lösen, 
wird als Matchingverfahren der ungarische Algorithmus eingesetzt. Der Einfluss 
der Teilnahme an Weiterbildungsmaßnahmen wird durch einen Vergleich der 
Arbeitslosigkeitsdauer zwischen Teilnehmern und Nichtteilnehmern mit Hilfe des 
Kaplan-Meier-Schätzers evaluiert. Die Ergebnisse der empirischen Untersuchung 
deuten darauf hin, dass die Teilnahme an Weiterbildungsprogrammen in allen 
betrachteten Personengruppen zu einer längeren Arbeitslosigkeitsdauer führt.

RÉSUMÉ

Cette étude évalue l’effet des programmes publics de formation continue sur la 
durée du chômage des individus, en tenant compte que les personnes se distin-
guent par leurs traits individuels et leur situation économique. Avec l’échantillon 
«Mikrozensus» de Saxe qui contient des informations sur l’histoire de l’activité 
professionnelle, il est possible d’éviter le biais dû à une hétérogénéité non-obser-
vée ainsi que le «dip de Ashenfelter». Afin de résoudre le problème de classement, 
on utilise l’algorithme hongrois comme méthode de «matching». L’effet de la par-
ticipation à un programme public de formation continue est estimé en compa-
rant avec un estimateur de Kaplan-Meier la durée de chômage des participants 
et des non-participants. Les résultats empiriques suggèrent que la participation 
dans un programme public de formation continue résulte en une prolongation 
de la durée de chômage.


