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Abstract

This article provides a systematic meta-analysis of micro-econometric evaluation

studies on the effectiveness of active labour market policies. The analysis is built

upon a dataset of 55 experimental and quasi-experimental studies published between

1990 and 2015. For 277 different subgroups we extract a total of 630 causal impact

estimates on the labour market outcomes of the participants. We split up the long

and short-term impacts in our analysis, which is demarcated before and after a

year after the start of the programme. After correcting for publication bias and the

country-specific macroeconomic background characteristics, subsidised private sector

labour programmes turn out to be the most effective in both the short and long-term,

followed by training and retraining programmes. Public employment schemes turn

out to have negative effects in both the short and long-term. Sanctioning schemes

with enhanced services including job-search assistance do not seem to have any effect.

Longer-lasting programmes are found to be more effective than the shorter ones.

Programmes implemented in years characterised with low levels of economic growth

appear to be more effective in the long run than those implemented in years with

high levels of economic growth. Altogether, our findings provide a guideline for the

design of future labour market policies by providing an overview of ‘what works’.
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1 Introduction

In many Western countries, a considerable amount of public money is spent to enhance

the labour market perspectives and to decrease the welfare dependency of the unemployed

through active labour market policies (ALMPs). In 2011, the average public expenditures

on ALMPs amounted to 0.5 per cent of Gross Domestic Product (GDP) in the OECD.1

This sums up to nearly 227 billion US dollars in 2011 alone. Governments have various

reasons to argue for the decision to invest in ALMPs. Aside from the individual negative

aspects of unemployment – for instance, the loss of income and depreciation of human

capital – unemployment benefits also weigh heavily on the national budget. Henceforth

unemployment strikes modern Western welfare states twice as hard.

The regained interest in ALMPs since the 1990s – exemplified by the British New

Deal, the Welfare-to-Work reforms signed under the Clinton administration, and similar

efforts by other governments – has led to a large number of microeconometric programme

evaluations have been carried out, leading to a substantial amount of microeconometric

evaluation studies in the literature. For the design of future policy, these evaluation

studies can be informative as they can tell whether a previous intervention had been

successful in improving the labour market outcomes of its participants. Proven effective

programmes can then be implemented elsewhere and scaled up. In this article we present

a meta-analysis based upon a new, systematically assembled dataset of experimental and

quasi-experimental impact evaluation studies.

Individual impact evaluations typically assess the effectiveness of a particular

programme, on a particular group, and in a particular period of time. Accordingly,

individual studies do not provide a general answer to the question which programmes are

effective under which circumstances, even though these studies have a solid experimental

or quasi-experimental setup. For instance, Caliendo and Künn (2015) look at the

1OECD Social Expenditure Database (SOCX), Social Expenditure: Aggregated data, http://dx.doi.
org/10.1787/els-socx-data-en
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effectiveness of a specific type of labour subsidy (a start-up subsidy) on the reemployment

rates of unemployed females, while Dorsett et al. (2013) conduct a randomised experiment

of a labour market programme considering enhanced job-search services in the UK. To

the contrary, Alegre et al. (2015) perform an impact evaluation of training programmes

in the Spanish region of Catalonia. The only way to accurately generalise the lessons

from this highly heterogeneous literature is by means of an appropriate meta-analysis.

Based on a survey of academic researchers affiliated with the Institude for the Study

of Labour (IZA) and the National Bureau of Economic Research (NBER) in Spring 2007,

Card et al. (2010) conduct a meta-analysis of the sign and significance of the effectivess

of ALMPs, covering the period from 1996 up to 2010. With respect to labour market

outcomes, they find a distinct variation in the effectiveness between different programme

types. They also find a disparity in the short, medium, and long-term effectiveness of

different programme types. The authors find that training programmes have a positive

impact in the medium term, while being ineffective in the short term. Kluve (2010)

conduct a similar meta-analysis of the sign and significance of the effectiveness of European

ALMPs. They also conclude that it is mostly the programme type that seems to explain

the variation in programme effectiveness.

However, the meta-analysis of Card et al. (2010) is restricted to the work of IZA and

NBER fellows only, whereas the analysis of Kluve (2010) not only includes experimental or

quasi-experimental effect studies, but also non-experimental non-causal studies. Both of

these previously published meta-analyses are limited to studies published seven years back

at the latest. Furthermore, those meta-analytic studies do not measure the magnitude

of the effect sizes, but only consider the sign and significance of the effects. This is a

significant drawback, statistically significant but relatively small impact estimators are

treated in the same way as larger ones. Next to this, active labour market programmes

are costly, and for policymakers the magnitude of the effect is crucial to make a reliable

cost-benefit assessment.
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In this paper we incorporate standardised effect size estimates. This allows for a

viable comparison between the different types of ALMPs, improving on the meta-analyses

published until now. We also control for the macroeconomic conditions in the country the

programme was administered in our analysis, to test whether the impact is dependent on

this. Furthermore, we base our analysis on a systematically assembled dataset including

only causal effect studies. We further extend the scope of the meta-analytic evidence with

seven years by expanding the time period up to 2015 inclusive. To answer the question

which programmes are most effective and under which circumstances, we discriminate

between the following programme types: (i) training and retraining programmes, aiming

at the formation of human capital, (ii) subsidised labour schemes, including tax credits

and start-up subsidies, (iii) public sector employment schemes, in which the government

attempts to directly create employment, and (iv) enhanced services schemes, including

job-search assistance and regular encounters with caseworkers. Many studies in our

sample make a distinction between short and long-term programme effects, allowing us

to analyse the effects over time as well. We extract the programme impact estimates

on the participants’ labour market outcomes in terms of standardised effect sizes on the

short term (up to a year after the start of the programme), and long term (longer than a

year after the start of the programme).

After controlling for the country-specific macroeconomic background characteristics

and publication bias, we find that ALMPs overall succeed to improve the labour market

outcomes of its participants. There is, however, a disparity in the effectiveness between

the different programme types. Public employment schemes generally have the least

favourable impacts in both the short and long term, although the (negative) difference

with training and retraining programmes dissipates somewhat in the long run. Subsidised

private sector labour on the other hand is the most effective in both the short term and

the long term. In the short run, enhanced services schemes are less effective than training

and retraining programmes, but in the long run they tend to be more effective. We
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also find that longer lasting programmes turn out to be more effective than programmes

with a shorter duration, regardless of the programme type. We do not find gender

differences among the effectiveness of active labour market programmes, and also the

maximum age of the target group seems to be irrelevant. The macroeconomic background

characteristics, accordingly the unemployment rate and the growth rate of GDP in the

year the programme was introduced, do not seem to influence the short term results.

We do find that the growth rate of GDP in the year the programme is introduced is

negatively correlated with the long-term programme effectiveness. This may hint that

programmes implemented in years characterised by low levels of economic growth are

more effective in the long run than those implemented in periods when the growth rate

of GDP is high. The remainder of this article is structured as follows. In the next section

we cover our methodology, which includes our inclusion protocol and search strategy. Our

meta-analytic results are demonstrated in section 3, leading to a conclusion presented in

section 4.

2 Methodology

2.1 Research question, search strategy, and selection protocol

The main goal of this meta-analysis is to estimate the causal effect of participation in

an active labour market programme (ALMP) on the labour market outcomes of the

participants. Apart from answering this main question, we determine how the effectiveness

differs among different types of ALMPs, namely training and retraining programmes,

subsidised private sector labour, public sector employment schemes, and programmes

involving job-search assistance and enhanced services. We also examine which of these

programmes are more effective in the short run, and whether there is a difference between

the programme types in the short run and the long run impact. We also check what the

effect of the duration of the programme is on the effectiveness. Finally, we investigate
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whether the effectiveness is different for male and female participants, and whether the

effectiveness varies across different time periods.

We have searched the Web of Science core collection for studies containing either

one of the terms ‘Active Labour Market’, ‘Welfare-to-Work’, or ‘Activation Programme’

together with the term ‘effect’. This search has resulted in a set of 474 studies (while

taking account of spelling differences). Before extracting causal treatment effect estimates

from empirical studies, we first have to define our selection protocol. The inclusion criteria

of this ‘protocol’ allow us to make a clear demarcation of which studies to include or not

to include. Our protocol is defined such to include only studies that satisfy all of the

following:

I. studies that focus specifically on the evaluation of ALMPs;

II. randomised control trials (RCT) or quasi-experimental studies (QES);

III. studies that show equivalence in observables between control and treatment group;

IV. published and peer-reviewed studies or theses;

V. studies published in English;

VI. studies that have been published between 1990 and 2015.

The reasoning behind imposing these restrictions is as follows. We only include studies

that focus specifically on the evaluation of active labour market programmes, excluding

all papers focusing on methodological questions only, while just providing an application

of the discussed method to a programme that has been evaluated in an earlier study.

To account for possible selection bias into an active labour market programme, we

only consider RCT and QES that show equivalence in observables between control

and treatment group, ensuring a proper identification of the programme effect. Of

the quasi-experimental identification approaches, we include (i) matching methods,

(ii) difference-in-differences, (iii) regression discontinuity designs, and (iv) instrumental

variables in our sample. Earlier meta-analyses, such as Kluve (2010) have neglected to
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impose such a restriction on their dataset, though we argue that it is crucial to be certain

of the (quasi-)experimental design of a study, as selection biases are of such importance

in programme evaluation. Frölich (2004) provides an overview of the main identification

strategies applied in microeconometric policy evaluation. We exclude working papers

from our analysis, and only include peer-reviewed studies. We do so because the scientific

quality of these studies has been assessed through the peer-review process. We only

include studies published in English for the sake of accessibility and correct interpretation.

We furthermore restrict our sample to studies published in the period 1990 – 2015. After

filtering out the studies that do not satisfy our inclusion criteria, we have 55 studies left.

These studies conjointly contain 277 subgroups for programme type, gender, or age of

the target group. This boils down to a total amount of 630 appropriate effect estimates

on different moments after the start of the programme.

2.2 Extraction of standardised effect size estimates

In order to make an appropriate comparison between the different effect estimates, we

computed standardised effect sizes using the standardised mean difference method. The

effect size ESsm is then defined as the difference in the sample means of the control and

treatment groups, divided by the pooled standard error spooled, which is calculated as:

spooled =

√
(ntreatmeant − 1)s2treatment + (ncontrol − 1)s2control

ntreatment + ncontrol − 2
(1)

While most studies do not report the variances of the treatment and the control groups,

they do report the results of a simple test comparing both means. The ESsm can then be

calculated using the following formula, using the t-statistic of this mean-difference test:

ESsm = t

√
ntreatment + ncontrol
ntreatmentncontrol

(2)

7



We have applied equation 2 to all of the impact estimators in the studies in our dataset

to calculate the effect size. When the t-statistics, p-values, or standard errors are not

reported, we have used the t-value corresponding the reported significance level in the

case of a statistically significant result, and have reported 0 otherwise, as this is the most

accurate approximation we could make in that case.

Labour market outcomes can be captured in a variety of positively and negatively

defined outcome variables. For instance, the probability of being employed is a positive

outcome variable, whereas the probability of being unemployed is a negative outcome

variable. Since these dependent variables vary significantly, we have defined the outcome

variables in positive terms. Doing so, the marginal effects can generally be interpreted

as an improvement in the overall labour market status of the participant. Also, some

studies report multiple outcome variables for the same subgroup. Some studies for

example report the effect on earnings next to the effect on the probability of beining

employed. In that case we have kept the outcome estimate we consider as the most

important, in the order of the entries in Table 1, which shows the relative frequencies of

the positive (+) and negative (–) outcome variables we are left with after applying this

procedure. For each study, we have used the outcome variable with the lowest ‘number’,

as shown in the first column. We argue that the impact on the the probabilities of

being employed, respectively not being unemployed, is of higher importance than the

impact on the duration of employment, duration of unemployment, and earnings. We

argue this because not being unemployed, regardless of earnings, prevents human capital

depreciation through the loss of workers’ job skills.

2.3 Background characteristics

In order to determine which programme types are the most effective in improving the

labour market outcomes of the participants, we code a dummy for each programme
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Table 1: Outcome variables

Outcome variables by order of importance Sign (+/–) Frequency (%)

1 Probability of being employed + 59.05
2 Probability of not being unemployed + 0.48
3 Probability of unemployment – 3.94
4 Duration of employment + 19.21
5 Duration of unemployment – 11.90
6 Earnings + 5.87

type as explanatory variables into our dataset. Furthermore, we incorporate background

characteristics, such as the duration of the intervention and the amount of participants.

Finally, we encode dummy variables to account for differences in evaluation design, since

we incorporate a variety of research designs in our sample (those depicted in 2.1).

The estimated programme effects can be considered country-specific, due to differ-

ences in the macroeconomic conditions. For instance, a recession can be held responsible

for an increase in unemployment for which an ALMP has been designed. Due to the cyc-

lical nature of this unemployment, human capital-enhancing ALMPs aiming at structural

unemployment can turn out to be ineffective. To take account for these conjectural vari-

ations, we include the unemployment rate and the yearly growth rate of Gross Domestic

Product (GDP) in the concerning countries in the year the programme was introduced.

3 Analysis and results

3.1 Descriptive analysis

Before proceeding to the multivariate meta-analytic analysis, we will first present our

sample descriptively. Table 2 shows the distribution of the studies and effect estimates by

year of publication. There is a noticable increase in the amount of causal effect studies

after the second half of the 2000s. This might be partly attributable to the ongoing

methodological progress in the econometric evaluation literature, of which Imbens and

9



Wooldridge (2009) present a historical review, or it could have been a logical result of

the regained interest in ALMPs since the Great Recession.

Table 2: Sample characteristics: studies and effect estimates by year of publication

No. of studies Percentage No. of estimates Percentage
(1) (2) (3) (4)

1995 1 1.82 1 0.36
1998 1 1.82 2 0.72
1999 1 1.82 14 5.05
2000 1 1.82 2 0.72
2002 3 5.45 12 4.33
2003 1 1.82 2 0.72
2005 6 10.91 18 6.50
2006 4 7.27 27 9.75
2007 3 5.45 13 4.69
2008 9 16.36 39 14.08
2009 4 7.27 19 6.86
2010 5 9.09 47 19.98
2011 5 9.09 34 12.27
2012 1 1.82 2 0.72
2013 3 5.45 21 7.58
2014 3 5.45 9 3.25
2015 4 7.27 15 5.42

55 100.00 277 100.00

Table 3 presents a break-down of the effect estimates by sample characteristics.

Training and retraining programmes have been evaluated most frequently, followed by

programmes regarding labour subsidies. This group consists of labour subsidies for

‘regular’ jobs or private work practice, in contrast to directy created public employment

schemes. Job-search assistance programmes occur less frequently in our sample. This does

not neccessarily imply that these programmes are less often implemented, nor that they

are evaluated less often, but it might also be attributable our methodological inclusion

criteria.

Roughly half of our sample consists of effect estimates of programmes implemented

in Germany. Many of these studies consider evaluations of programmes implemented after
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the German reunification in 1990, followed by the East-German transition to a market

economy and the analogous increase in unemployment. Other Eastern European countries,

that is to say Estonia, Poland, Romania, Serbia and Slovakia conjointly account for 34

programme estimates, resembling roughly one-eight of our sample. Nordic countries,

consisting of Denmark, Norway, and Sweden together contribute to 38 programme

estimates, another one-eight of our sample.

More than half of the effect estimates refer to programmes that do not last longer

than a year before completion. No more than seven per cent of the estimates concern

programmes that take longer than a year on average. For about one-third of the estimates

the average programme duration is not specified. Nearly all programmes took place in

the 1990s and the 2000s. With respect to the evaluation designs, 85 per cent of the

effect estimates have been brought about by the use of matching methods, followed by

randomised experiments (7.5 per cent) and difference-in-differences setups (5 per cent).
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Table 3: Sample characteristics: estimated programme effects

Number of estimates Percentage
(1) (2)

(a) by programme type
Job-search assistance 22 7.94
Mixed 9 3.25
Public employment 21 7.58
Sanctioning 3 1.08
Self-employment subsidy 14 5.05
Subsidised labour 99 35.74
Training or retraining 109 39.35

(b) by country
Austria 12 4.33
Canada 2 0.72
Denmark 9 3.25
Estonia 10 3.61
Germany 151 54.51
New Zealand 3 1.08
Norway 12 4.33
Poland 16 5.78
Portugal 4 1.44
Romania 4 1.44
Russia 2 0.72
Serbia 3 1.08
Slovakia 1 0.36
Sweden 17 6.14
Switzerland 9 3.25
United Kingdom 7 2.53
United States 15 5.42

(d) by programme duration
Up to 6 months 90 32.49
Between 7 and 12 months 74 26.71
Longer than 12 months 19 6.86
Not reported 94 33.94

(e) by year of programme introduction
1980s 7 2.53
1990s 107 38.63
2000s 160 57.76
2010s 3 1.08
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Table 3 (continued)

Number of estimates Percentage
(1) (2)

(f) by gender
Only men 82 29.60
Only women 82 29.60
Both men and women 113 40.79

(g) by age of target group
Up to 25 years 17 6.14
Up to 50 years 52 18.77
Unrestricted or unknown 121 43.68

(h) by evaluation design
Difference-in-Differences 14 5.08
Instrumental Variables 3 1.08
Matching 238 85.92
Randomised Experiment 21 7.58
Regression Discontinuity 1 0.36

Based on 277 effect estimates from 55 studies.

3.2 Mean effect sizes

The overall short-term impacts of each programme type have been put out in Table 4.

The unweighted mean effect sizes are shown in column 1. The weighted mean effect sizes

under the fixed-effects model are shown in column 2. This fixed-effects model assumes

some degree of homogeneity, as in an error term that is invariant across studies. However,

in our sample this assumption might not be realistic due to differences in settings and

participants across studies.

We can check whether the distribution of the effect sizes is truly homogeneous

by performing a statistical test for homogeneity developed by Hedges (1982). This test

is based on the Q-statistic, which has a chi-squared distribution and k − 1 degrees of

freedom, where k equals the number of effect sizes. The Q-statistic is computed using
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the following formula, where ESi stands for effect size i and SEi for its standard error:

Q =
k∑

i=1

(ESi − ES)2

SE2
(3)

The results for the homogeneity test are displayed in column 4. The null hypothesis of

homogeneity is rejected in each subgroup, implying heterogeneous standard errors of the

effect sizes in our sample. One approach to account for heterogeneity is by adding an

additional error term that varies across studies. The random-effects model takes account

for this, of which the results are shown in column 3.

In the random-effects model, enhanced services are shown to have a statistically

insignificant effect in both the short term (up to one year after the start of the programme)

and long term (from one year onwards). Public sector employment programmes turn out

to have a negative impact overall, although the long-term impact is slightly less negative

compared to the short-term impact. Private-sector subsidised labour seems to have a

positive impact, which slightly diminishes over time. Training and retraining programmes

also have a positive effects in the short term as in the long-term, although the impact of

subsides labour programmes is considerably larger.

3.3 Publication bias

In our selection criteria we stipulated that only published, peer-reviewed studies are

to be included in the sample. This is to ensure the quality of the effect estimates we

base this meta-analysis on. However, when academic journals not only select studies

for publication based on the quality of the research design, but also on other factors,

this could constitute a selection bias. This would threaten the internal validity of the

meta-analysis. In the absence of a publication bias, the studies will be evenly distributed

around the mean in a funnel plot. As the blue marks in Figure 1 show, this is not the case

in our sample, suggesting the presence of a publication bias, i.e. studies with relatively
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Table 4: Mean and weighted programme effects by programme type

Mean Fixed- Random- Q-
effect size effects effects statistic

(1) (2) (3) (4)

(i) Short-term effects (≤ 1 year after programme start)
Enhanced services (n = 17) -0.007 -0.007*** -0.002 121.22***
Public employment (n = 17) -0.187** -0.200*** -0.187*** 749.79***
Subsidised labour (n = 127) 0.327*** 0.224*** 0.330*** 9,326.89***
Training or retraining (n = 76) 0.076*** -0.006*** 0.059*** 2,076.63***

(ii) Long-term effects (> 1 year after programme start)
Enhanced services (n = 18) 0.043* -0.008*** -0.001 114.84***
Public employment (n = 41) -0.057*** -0.065*** -0.058*** 220.81***
Subsidised labour (n = 109) 0.185*** 0.116*** 0.184*** 4,305.98***
Training or retraining (n = 100) 0.033*** 0.004*** 0.016*** 517.41***

***, **, * denote 1, 5, and 10% significance levels, respectively.

large effect sizes together with relatively large standard errors seem to be overrepresented.

A formal test for publication bias has been developed by Egger et al. (1997). The

Egger test is based on a simple regression of the standardised effect estimate against its

standard errror:

ESi = β1 + α1SEi + ui (4)

Because this meta-regression model (MRA) contains heteroskedasticity, equation 4 is

being estimated by Weighted Least Squares (WLS) instead of Ordinary Least Squares

(OLS), using SE2
i as weights. Alternatively, WLS can be obtained by dividing equation 4

by an estimate of the standard deviation of this hetroskedasticity: SEi. This brings us

to the following model that can be estimated by a regular OLS procedure:

ESi
SEi

= ti = α1 + β1
1

SEi
+ ui (5)

Here, (1/SEi) gives an indication of the precision of the estimate. Then, a rejection of
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the null hypothesis under which the intercept that is equal to zero, known as the Funnel

Plot Asymmetry Test (FAT), indicates a publication bias. As a first approach to assess

the possibility of a publication bias, we have applied the Egger test to the entire dataset

to give a general indication. The results of this test are shown in Table 5. The null

hypothesis of no publication bias is rejected with a p−value of 0.000, giving us a clear

indication for the presence of a publication bias.

Table 5: Results Egger test for publication bias

Coef. Std. err. t p > |t| 95% conf. interv.

slope -0.0171 0.0049 -3.51 0.000 -0.027 -0.008
intercept (bias) 2.6773 0.3127 8.56 0.000 2.063 3.291

H0: no publication bias, p = 0.000

Figure 1: Funnel plot with 95% confidence bands, entire sample
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A non-parametric approach to correct for publication bias in meta-analyses has

been devoloped by (Duval and Tweedie, 2000), known as the “trim and fill” method.

Their concept involves a rank-based data augmentation technique. First, the procedure

tests for publication bias by estimating the number of missing studies. In the presence of

a publication bias, the missing outcomes and their standard errors are then predicted and

filled in. The result of this procedure on the complete dataset is illustrated in Figure 1.

The blue dots indicate the original effect estimates and the red dots represent the filled

values. The procedure added 118 observations to our dataset.

Consecutive to the trim and fill procedure, the publication bias adjusted mean effects

have been calculated. We have done this separately for each of the subgroups depicted in

Table 3. Given the affirming results of the previously implemented heterogeneity tests,

we have estimated the mean effect sizes per subgroup using the random-effects model,

being the most suitable in this case. The results are shown in Table 6. In some of the

subgroups, no publication bias was found, and therefore no filling has taken place. For

that reason, we have correspondingly marked the mean effects with a dagger in the case

of a publication bias.

To get an indication of the magnitude of the publication bias, we compare the point

estimates that have been corrected for publication bias from section (i) of Table 6 with

the point estimates in column (3) of Table 4. The short and long-term impacts of training

and retraining programmes both contain an upward bias in terms of magnitude of the

effect, but not in terms of statistical significance – both the short and long-term impacts

remain significantly positive after the correction. The long-term impact of programmes

comprising enhanced services shows a negative publication bias; the impact turns out to

be more negative after correction. It could be that this pattern of negative publication

bias has resulted from that fact that researchers and sponsors do not like negative results,

on which they decide to quit working on or funding the project. For the other programme

types, the trim and fill prodedure does not provide evidence for a publication bias.
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Table 6: Random-effects by subgroup – corrected for publication bias (if applicable)

Short-term Long-term
impact impact

(1) (2)

(i) by programme type
Enhanced services -0.002 (17) -0.004† (18/22)
Public employment -0.187*** (17) -0.058*** (41)
Subsidised labour 0.330*** (127) 0.184*** (109)
Training or retraining 0.043***† (76/83) 0.009**† (100/113)

(ii) by programme duration
Up to 6 months 0.022*** (65) 0.126*** (74)
Between 7 and 12 months 0.377*** (98) -0.008† (92/99)
Longer than 12 months 0.071*** (82) 0.071*** (103)
Not reported 0.057***† (75/78) 0.007*† (79/100)

(iii) by year of programme introduction
1990s 0.002† (86/92) 0.016***† (106/129)
2000s 0.276*** (155) 0.095*** (159)

(iv) by gender
Only men 0.208*** (83) 0.110*** (76)
Only women 0.279*** (86) 0.085*** (78)
Both men and women 0.040*** (76) 0.023*** (115)

(v) by age of target group
Up to 25 years 0.017† (7/9) -0.060*† (9/11)
Up to 50 years -0.016 (37) -0.014† (39/43)
Unrestricted or unknown 0.029*** (117) 0.109*** (111)

(vi) by evaluation design
Difference-in-Differences 0.046* (11) 0.053** (17)
Matching 0.192*** (219) 0.066*** (236)
Randomised Experiment 0.157*** (12) 0.029† (13/19)

Total sample 0.181*** (245) 0.065*** (269)
Original observations 245 () 269 ()

***, **, * denote 1, 5, and 10% significance levels, respectively.
† corrected for publication bias. Number of observations between parentheses.
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Regarding the other subgroups in the remaining sections in Table 6, we see that

programmes with a duration up to a year seem to be more effective in the short-term

than in the long-term, when compared with programmes that last longer than a year.

Furthermore we see some gender differences in the effectiveness of ALMPs. Additionaly,

programmes targeted at young people aged up to 25 years seem to be more effective than

ALMPs targeted at people aged above 50 years, on which the average programme effect

is negative in both the short and long-term. However, due to across-study heterogeneity,

these differences might as well be driven by the background characteristics as by other

factors. Also, since not all studies provide estimates for all subgroups (e.g. male/female),

it is clear that our dataset resembles an unbalanced panel structure. This could also

drive the results in the mean analysis.

3.4 Multivariate analysis

A regression approach allows us to make a more accurate description and interpretation of

subgroup differences in the presence of across-study heterogeneity, by allowing us to test

for the statistical significance of subgroup differences, and control for (macroeconomic)

background characteristics. It furthermore allows us to control for the fact that not

all studies report all subgroup estimates through the means of cluster-robust standard

errors.

3.4.1 Meta-regression corrected for publication bias

To control for publication bias in a meta-regression model, one can simply start with

the FAT–PET model on which the Egger test is based, that is a simple linear relation

between the standardised effect size and its standard error. However, on the basis of

Monte Carlo simulations Stanley (2008) argues that this setup gives biased results. To

improve on this, Stanley and Doucouliagos (2013) propose a quadratic version of the

FAT–Precision Effect Test (PET) as a starting point of a meta-regression analysis (MRA),
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by applying WLS to the following model while using SE2
i as weights:

ESi = β1 + α2SE
2
i + ui (6)

Or equivalently, one can apply OLS after dividing equation 6 by SEi:

ESi
SEi

= ti = α2SEi + β1
1

SEi
+ vi (7)

Then, β̂1 gives the Precision Effect Estimate with Standard Error (PEESE), an MRA

correction for publication bias (Stanley and Doucouliagos, 2013). We extend model 6

with moderator variables Zk, to accomodate for ‘genuine’ variation among the effect sizes,

more specifically the variation among the subgroups we are interested in (see Table 6),

as well as macroeconomic control variables Mi, being the rate of GDP growth and the

unemployment rate in the year the programme was introduced:

ESi = β1 + α2SE
2
i +

K∑
k=1

γkZk +
L∑
l=1

δiMi + ui (8)

We have estimated this model by WLS using SE2
i as weights, for the short and long-term

impacts. The results for the short-term impact have been put out in Table 7 and the

results for the long-term impact are shown in Table 8.

The first column shows the results of model 8 without controlling for the macroe-

conomic background variables Mi, wheras the second column shows the results after

controlling for those country specific background characterestics. Because not all studies

report the average programme duration, we have repeated this exercise using only the

observations that do contain the average programme duration. Those results are shown

in the third column. We have done this for the sake of a fair comparison with the results

after adding the average programme duration, shown in the fourth column.

In terms of statistical significance, the short-run impacts of each programme type
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do not differ substantially in the baseline model. Only public sector employment schemes

seem to perform significantly worse than training and retraining programmes. With

respect to the size of the estimates, enhanced services have just about the same impact

as the training programmes. Subsidised labour schemes seem to be more effective, but

the difference is not statistically significant. The baseline results do also not provide

evidence for a disparity in the effectiveness between male and female participants. The

maximum age of the target group is also irrelevant for the short-term programme impact,

and so is the research design. The effectiveness however seems to be increasing in the

year of programme introduction, conveying that recently implemented programmes are

more effective than programmes implemented more back in time, though the effect is

minor and only signficant at p < 0.10.

After controlling for the macroeconomic background characteristics, this image

does not change, apart from the fact that the year of programme introducation loses

its significance. The unemployment rate in the year of programme introduction gains

significance. Narrowing down the sample size has its effects on the signs and significance

levels of some of the covariates for the different programme type. Subsidised labour

seem to be more effective than training and retraining programmes in the short run,

while enhanced sevices tend to be less effective. We find a positive effect of the average

duration of the programme when adding this variable to the specification. The estimates

for the dummy variables for the programme types remain more or less the same.

In the long run, the differences among the different programme types are more

pronounced than in the short run. After narrowing down the sample size and adding the

average programme duration, most covariates remain statistically significant. Programmes

consisting of enhanced services turn out to be more effective than training programmes

in the long-run. The same holds for subsidised private sector labour. In the long-run,

the difference between the impact of public sector employment schemes and training

or retraining programmes disappears. As for the short run, there is also no evidence
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for a difference in the effectiveness of ALMPs between male and female participants in

the long run. The average programme duration remains increasing in the programme

impact in the long run. The growth rate of GDP and the unemployment rate in the

year the programme was introduced do not seem to be correlated with the programme

impact in the long run. A final finding is that randomised experiments do not show

significantly different long-term effect estimates than matching studies. This result

suggests that matching studies are on the same bar as randomised experiments when

it comes to tackling the selection bias in the evaluation of labour market programmes.

Quasi-experimental studies employing a difference-in-differences setup on the other hand

show slightly higher long-term effects than matching studies. This difference indicates

that those studies still show an upward selection bias.
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Table 7: Results PEESE-MRA – short run (up to 12 months after the start of the programme)

Baseline Add macro Smaller Add programme
model indicators sample size duration

(1) (2) (3) (4)
Publication bias
α̂2 18.839 (12.684) 12.970 (12.233) 23.208 (12.637*) 21.354 (11.589*)

β̂1 (constant) -32.177 (15.935*) -28.162 (19.067) -66.438 (24.453**) -59.573 (21.205**)

Subgroup characteristics
Programme type Enhanced services 0.013 (0.018) 0.017 (0.013) -0.380 (0.203*) -0.236 (0.203)
(ref=Training) Public employment -0.244 (0.056***) -0.256 (0.058***) -0.358 (0.129**) -0.400 (0.117***)

Subsidised labour 0.165 (0.133) 0.155 (0.130) 0.260 (0.128*) 0.216 (0.101**)
Mixed 0.012 (0.095) 0.058 (0.091) -0.415 (0.302) -0.495 (0.288)

Gender Male 0.015 (0.056) 0.013 (0.059) 0.093 (0.135) 0.087 (0.132)
(ref=Mixed) Female 0.007 (0.003) 0.015 (0.067) 0.144 (0.156) 0.138 (0.153)

Maximum age of target group (years) -0.000 (0.003) -0.002 (0.003) -0.003 (0.012) -0.004 (0.005)

Year of programme introduction 0.016 (0.008*) 0.014 (0.010) 0.034 (0.153**) 0.030 (0.011**)

Duration of programme (months) – – – 0.014 (0.008*)

Research design Diff-in-diff 0.057 (0.082) 0.022 (0.078) 0.090 (0.153) -0.032 (0.167)
(ref=Matching) Instrumental variables 0.027 (0.048) 0.052 (0.062) – –

Randomised experiment 0.006 (0.050) 0.014 (0.051) 0.113 (0.179) -0.019 (0.227)

Macroeconomic background characteristics
GDP growth rate – 0.011 (0.015) 0.018 (0.030) 0.026 (0.028)
Unemployment rate – 0.017 (0.008*) -0.065 (0.034*) -0.050 (0.031)

Number of observations 245 245 170 170
Number of clusters (studies) 40 40 20 20
R-squared 0.286 0.308 0.410 0.424

***, **, * denote 1, 5, and 10% significance levels, respectively.
Robust standard errrors are within parentheses.
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Table 8: Results PEESE-MRA – long run (>12 months after the start of the programme)

Baseline Add macro Smaller Add programme
model indicators sample size duration

(1) (2) (3) (4)
Publication bias
α̂2 18.997 (10.308*) 15.481 (8.994*) 11.895 (13.076) 12.944 (13.004)

β̂1 (constant) -16.307 (9.354*) 6.157 (6.787) -13.593 (13.598) -16.009 (14.714)

Subgroup characteristics
Programme type Enhanced services -0.014 (0.003***) -0.013 (0.003***) 0.214 (0.121*) 0.241 (0.127*)
(ref=Training) Public employment -0.108 (0.023***) -0.079 (0.019***) -0.064 (0.048) -0.076 (0.050)

Subsidised labour 0.087 (0.040**) 0.104 (0.045**) 0.108 (0.046**) 0.097 (0.045**)
Mixed 0.118 (0.027***) 0.165 (0.041***) 0.175 (0.050***) 0.174 (0.049***)

Gender Male 0.043 (0.038) 0.088 (0.054) 0.268 (0.132*) 0.248 (0.117**)
(ref=Mixed) Female 0.024 (0.022) 0.067 (0.041) 0.251 (0.113**) 0.233 (0.102**)

Maximum age of target group (years) 0.003 (0.001**) 0.004 (0.002***) 0.002 (0.002) 0.002 (0.002)

Year of programme introduction 0.008 (0.005*) -0.003 (0.003) 0.007 (0.007) 0.007 (0.007)

Duration of programme (months) – – – 0.006 (0.004*)

Research design Diff-in-diff 0.072 (0.044) 0.105 (0.048**) 0.333 (0.155**) 0.272 (0.138*)
(ref=Matching) Instrumental variables 0.030 (0.017*) 0.092 (0.044**) – –

Randomised experiment 0.086 (0.062) 0.095 (0.062) 0.149 (0.041***) -0.019 (0.097)

Macroeconomic background characteristics
GDP growth rate – -0.041 (0.017**) -0.067 (0.026**) -0.062 (0.024**)
Unemployment rate – -0.017 (0.008**) 0.025 (0.033) 0.027 (0.033)

Number of observations 269 269 190 190
Number of studies (clusters) 37 37 23 23
R-squared 0.254 0.314 0.437 0.469

***, **, * denote 1, 5, and 10% significance levels, respectively.
Robust standard errrors are within parentheses.
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4 Concluding remarks

The results of this meta-analysis reveal a considerable heterogeneity in the effectiveness

by different types of active labour market policies. From our meta-regression model

adjusted for publication bias, public employment schemes turn out to be less effective

than training and retraining programmes in the short run (up to a year after starting the

programme), but this difference disappears in the long run. Enhanced services tend to

be equally effective as training and retraining schemes in the short run, but are shown to

be more effective in the long run. Subsidised private sector labour is superior to training

and retraining programmes with respect to labour market outcomes in both the short

and long run.

Generally, longer lasting programmes turn out to be more effective than the ones

with a shorter duration. We do not find evidence for a difference in effectiveness with

respect to the gender of the participant. The macroeconomic background characteristics –

as it were the unemployment rate and the growth rate of GDP in the year the programme

was introduced – do not seem to be driving the results in the short term. In the long

term (longer than a year after start), programmes implemented in years with lower levels

of GDP growth seem to be more effective than those implemented in years with high

levels of economic growth. This may also be driven by the business cycle; periods of low

economic growth are usually followed by periods of higher economic growth. This could

explain the increase in job-finding rates of the participants in the years following.

Our results move forward from the existing meta-analytic evidence by using a

standardised measure of effect size, instead of discriminating only on the basis of the stat-

istical significance of the estimates. We furthermore restrict our sample to experimental

and quasi-experimental studies to provide a syntesis based on causal effect estimates

only. In line with previous meta-analyses by Card et al. (2010) and Kluve (2010), our

meta-regression results show that the evaluation design of a study is associated with
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the programme’s impact estimate, but only for quasi-experimental studies employing a

difference-in-differences design. Those studies seem to report significantly higher effect

estimates than studies employing matching methods and randomised experiments. A

positive result is that matching studies do not report systematically different effect estim-

ates than randomised experiments. Apparently, matching methods accurately address

the selection problem in the evaluation of labour market programmes. This may partly

be attributed to the methodological advances in matching methods. In our sample, many

studies employ matching methods. Therefore, it is meaningful to continue the focus

on randomised evaluations of active labour market policies to facilitate the decision of

policymakers on which types of future active labour market programmes to implement.
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