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Abstract. This paper provides a meta-analysis of microeconometric evaluation studies on the
effectiveness of active labor market policies. The analysis is built upon a systematically assembled
data set of causal impact estimates from 57 experimental and quasi-experimental studies, providing
654 estimates published between January 1990 and December 2017. We distinguish between the
short and longer term impacts in our analysis; at 6, 12, 24, and 36 months after program start. After
correcting for publication bias and country-specific macroeconomic characteristics, subsidized labor
and public employment programs have negative short-term impacts, which gradually turn positive in
the longer run. Schemes with enhanced services including job-search assistance and training programs
do not have these negative short-term effects, and stay positive from 6 until 36 months after program
start.

Keywords. Active labor market policy evaluation; Meta-analysis; Effect size; Publication bias; Meta-
regression

1. Introduction

In Western countries, a considerable amount of public money is spent on active labor market policies
(ALMPs) to enhance the labor market prospects and to decrease the welfare dependency of the
unemployed. In 2013, average public expenditures on ALMPs amounted to 0.5% of Gross Domestic
Product (GDP) in the OECD countries, which is equivalent to 1.0% of total government expenditures
(OECD, 2017). Governments have various reasons 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.
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The renewed interest in ALMPs in the 1990s — exemplified by the British New Deal, the Welfare-
to-Work reforms signed under the Clinton administration, and similar efforts undertaken by other
governments (see Robinson, 2000; Bonoli, 2010) — has led to a large number of microeconometric
program evaluations that have been published in scientific journals. These evaluation studies can be
informative for the design of future policy, as they can tell whether a previous intervention had been
successful in improving the labor market outcomes of its participants. Proven effective programs
can then be implemented elsewhere and scaled up. In this paper we present a meta-analysis based
upon a new, systematically assembled data set of experimental and quasi-experimental impact evaluation
studies.

Individual impact evaluations typically assess the effectiveness of a particular program, on a particular
group, and in a particular period of time. Accordingly, individual studies do not provide a general answer
to the question which program types are effective and under which circumstances, even though these
studies have a solid experimental or quasi-experimental design. For example, Caliendo and Kiinn (2015)
look at the effectiveness of a specific type of labor subsidy (a start-up subsidy) on the re-employment
rates of unemployed females. Dorsett ef al. (2013) on the other hand conduct a randomized experiment
of a labor market program involving enhanced job-search services in the UK, while Alegre et al. (2015)
perform an impact evaluation of training programs in the Spanish region of Catalonia. Some studies do
evaluate multiple program types in different regions, such as Dyke et al. (2006) who asses the effects of
the Temporary Assistance for Needy Families (TANF) programs in Missouri and North Carolina, but it
remains difficult to extrapolate these lessons to another region or time period. Meta-analysis provides a
way to generalize the lessons from this heterogeneous collection of studies. A meta-analysis quantifies the
size of the program effect, and controls for the implemented evaluation design, the background settings,
and publication bias.

Card et al. (2010) conduct a meta-analysis based on the sign and significance of the effects of ALMPs,
covering the period from 1995 up to 2007. In addition to this, Card et al. (2017) provide an update using
a Google Scholar search to identify all studies citing Card et al. (2010), up until 2014. With respect to
labor market outcomes, both studies point at the same pattern of results with respect to differences in
the effectiveness between training, subsidized labor, and enhanced services programs. Also the short,
medium, and long-term effectiveness differs: training programs appear to be ineffective in the short term,
but they have a positive impact in the medium term. In the literature this phenomenon is known as the
lock-in effect, which we further explain in Section 2. Kluve (2010) conducts a similar meta-analysis of
the sign and significance of the effectiveness of European ALMPs. He also concludes that it is mostly
the program type that explains the variation in program effectiveness. In a systematic review Filges et al.
(2016) conclude that there is a general effect of participating in ALMPs, though the effect is small.
Reviews by Crépon and van den Berg (2016) and McKenzie (2017) also highlight that ALMPs turn out
to be far less effective than expected.

However, the meta-analysis of Card et al. (2010) is restricted to a partially complete sample of studies
from the Institute for the Study of Labor (IZA) and the National Bureau of Economic Research (NBER).
It is based on a survey of their fellows, of whom 55% responded. The data set used by Card et al. (2017) is
similar to the one used in Card et al. (2010), but includes the studies citing Card et al. (2010), derived from
Google Scholar. The analysis of Kluve (2010) not only includes experimental and quasi-experimental
effect studies, but also non-experimental non-causal studies. Both of these previously published meta-
analyses are based on samples assembled in the beginning of 2007, and do not measure the magnitude
of the effect sizes, but only consider the sign and significance of the effects. Statistically significant
yet relatively small impact estimators are treated in the same way as larger ones, which is a significant
drawback. Since active labor market programs are costly, the magnitude of the effect is important for
policymakers for cost-benefit assessments.

In this paper, we improve on the existing meta-analytic literature in multiple ways. We adopt a systematic
search and reporting procedure in which we incorporate standardized effect size estimates, following
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Stanley et al. (2013). These standardized effect sizes allow for a comparison between the different
types of ALMPs in a meta-regression model, while controlling for study-specific characteristics (after
Stanley and Doucouliagos, 2014). We also incorporate information on the macroeconomic conditions
in the country the program was administered, as these might be related to the effectiveness as well.
Furthermore, we base our analysis on a data set including only causal effect studies to rule out any
selection effects at study level. We further extend the scope of the meta-analytic evidence by expanding
the time period up to and until December 2017. Finally, we also include a theoretical framework, which
we also use to relate our findings to.

To answer the question which programs are most effective and under which circumstances, we
discriminate between the following program types: (i) training and retraining programs, which are aimed
at the formation of human capital, (ii) subsidized labor schemes, including working tax credits and start-up
subsidies, (iii) public sector employment schemes, in which the government attempts to directly hire the
unemployed, and (iv) enhanced services schemes, including job-search assistance and regular encounters
with caseworkers, sometimes accompanied by sanctions in case the participant does not fulfill certain
participation criteria.

Many studies in our sample make a distinction between short and long-term program effects, allowing
for the analysis of the effects over time as well. We extract the program impact estimates on the participants’
labor market outcomes in terms of standardized effect sizes at 6, 12, 24, and 36 months after program
start.

After controlling for country-specific macroeconomic background characteristics and publication bias,
we find that ALMPs are generally successful in improving the labor market outcomes of their participants,
yet the effects are small (d < 0.1). There is, however, a disparity in the effectiveness between the different
program types. Public sector employment schemes, characterized by job creation in the public sector, as
well as subsidized labor, have negative impacts in the short term. These negative “lock-in” effects turn
into positive impacts over time. These lock-in effects of subsidized labor programs tend to last shorter
than those of public employment schemes. The impact of subsidized labor turns positive after 12 months,
whereas with public employment this is the case only after 36 months. Both enhanced services and
training programs have positive impacts in both the short and longer run.

The remainder of this paper is structured as follows. In the next section we provide a brief theoretical
framework. In Section 3 we describe our sample, including our search strategy and selection protocol.
In Section 4 we briefly discuss our meta-analytic models, followed by our main results. We present our
concluding remarks and policy implications in Section 5.

2. Theoretical Background

Over the past three decades, many OECD countries have transformed their policies with respect to the
labor market from “passive”, i.e. unemployment insurance and welfare benefits, to “active”. The basic
idea behind this “activation” concept is to reduce structural unemployment by steering the unemployed to
find employment and/or to promote wage growth (Martin 2015). In order to understand and explain why
particular activation programs work better than others, it is useful to consider a theoretical framework
that identifies the core differences between these activation strategies.

Overviews by for example, Heckman et al. (1999) and Martin (2015) generally divide ALMPs in
the following main categories: (a) classroom training; (b) subsidized employment, which both includes
entirely subsidized temporary government jobs on the one hand, and subsidized entry-level jobs for young
people on the other hand; (c) subsidies to private firms to promote the provision of on-the-job training;
(d) training in how to obtain a job; (e) direct support to job search, including referrals to employers
and free access to job listings. In this meta-analysis we discriminate between training, subsidized labor,
public employment, and enhanced services/job-search assistance. Training corresponds to category (a),
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Figure 1. The Layard—Nickell (1986) Model.
Notes: The difference between the equilibrium employment rate A and the full—employment rate is the
involuntary unemployment rate u.

subsidized labor combines categories (b) and (c), public employment is in line with category (b), and
enhanced services is a combination of categories (d) and (e).

Heckman et al. (1999) advocate the use of general equilibrium models to develop a theoretical rationale
to the effects of ALMP, especially since most ALMPs target large populations, like the entire stock of
unemployed in a particular country. To explain the effects of ALMP on equilibrium employment, Calmfors
(1994) utilizes a model introduced by Richard Layard and Stephen Nickell (see Layard and Nickell, 1986;
Johnson and Layard, 1986; Layard et al., 2005). A graphical representation of this model is displayed in
Figure 1. The employment schedule is downward-sloping and relates employment, which in this model
equals labor demand, to the real wage. The upward-sloping curve represents the wage-setting schedule,
showing that higher aggregate employment levels coincide with higher real wages.! The equilibrium
values of the employment level and the real wage are at point A, where both curves intersect. The vertical
line indicates full employment of the labor force, and involuntary open unemployment is then represented
by uy, the difference between this line and point A.

ALMPs may improve the matching process on the labor market to resolve unemployment, through for
instance the elimination of mismatch between the skills that are requested by employers and labor demand
via training programs. Intensified and more active searching through enhanced services programs also
improve the matching process. Subsidized labor and public employment schemes can have a screening
function for uncertainty about the employability of applicants, where program participation provides a
substitute for work experience.

Improved matching affects both the employment and wage-setting schedules in the Layard—Nickell
model. When vacancies are filled more quickly, it becomes less costly for firms to open vacancies and
recruit personnel. This incentivizes firms to open up more vacancies, which corresponds to an increase
in labor demand and a shift of the employment schedule to the right (Calmfors and Lang, 1995). With
increased matching efficiency and vacancies becoming filled in more quickly, firms do not have to
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offer high wages to attract workers anymore. This mechanism causes the wage-setting schedule to shift
downwards (Johnson and Layard, 1986). Both effects decrease involuntary employment, shifting point
A more toward the full-employment schedule. There are, however, also effects working in the opposite
direction. During the period of program participation, the participants are likely less actively engaged in
the job-search process. These negative “lock-in” effects are an important aspect when considering the
effectiveness of ALMPs. This meta-analysis reveals which program types are associated with the largest
lock-in effects, and for which programs the positive unemployment-reducing effects dominate over time.

3. A Dataset of Effect Estimates

3.1 Search Strategy and Selection Protocol

To assemble a new data set of ALMP evaluations, we have searched the Web of Science core collection
for studies containing either one of the terms “Active Labor Market”, “Active Labour Market”, “Welfare-
to-Work”, “Activation Program”, or “Activation Programme” together with the term “effect”. This search
was completed at the end of January 2018. Before extracting the 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 includes
only studies that satisfy all of the following criteria: (i) the study focuses specifically on the evaluation
of ALMPs, (ii) the composition of the intervention is clear, (iii) the study is based on experimental or
quasi-experimental data, (iv) it has been published in a peer-reviewed journal, (v) it is in the English
language, and (vi) it has been published between January 1990 and the December 2017.

The reasoning behind imposing these restrictions is as follows. We only include studies that focus
specifically on the evaluation of active labor market programs, excluding all papers focusing solely on
methodological questions, while just providing an application of the discussed method to a program that
has been evaluated in an earlier study. We also need to be sure of the composition of the intervention, in
the sense that it has to fit in one of the categories stated in Section 2. This criterion boils down to the fact
that we leave out any “mixed” program estimates, which fit in more than one of our categories. Because
the compositions are not straightforward across the literature, our meta-analysis cannot synthesize this
“mixed” category accurately.

To account for possible selection bias into an active labor market program, we only consider randomized
control trials (RCT) and quasi-experimental studies, ensuring a proper identification of the program 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 not imposed this restriction on their data set. Yet, this is crucial
because ALMP evaluations typically have to deal with selection biases. Without a causal identification
strategy it is difficult to control for these selection biases. Frolich (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 between January 1990 and December 2017. After
filtering out the studies that do not satisfy our inclusion criteria, we have 57 studies left. Because we
perform four separate analyses at 6, 12, 24, and 36 months after the start of the program, we only code the
effect estimates at these points in time. We omit any available estimates at other moments after program
start. In total, these 57 studies contain 799 effect estimates on different moments after the start of the
program. We eventually end up with 654 unique program estimates. In the next subsection we elaborate
on how we arrive at 654 observations for our final analyses.
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3.2 Extraction of Standardized Effect Size Estimates

Before we can make an appropriate comparison between the different effect estimates, we computed
standardized effect sizes using the standardized mean difference method. The effect size E S;,,, or Cohen’s
d, is then defined as the difference in the sample means of the control and treatment groups, divided by
the pooled standard deviation. This pooled standard deviation is calculated as:

e))

2 2
s _ \/(n[reatmeam‘ - l)strearment + (ncomml - l)scontml
Spooled = :

n”‘@(l””(’,nf + nc()ntr{)l - 2’

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 effect size and its standard error can then be calculated
using the following formulas, using the ¢-statistic of this mean-difference test (Lipsey and Wilson, 2001,

p- 198):
Nyreatment + Meontrol
ESXm = t‘l s (23)
NtreatmentM control

ny+ny ESpsn
SE(ES,) = . 2b
(ESm) \/ nin, +2(n1+n2) 0

We have applied Equations 2a and 2b to all of the impact estimators from the studies in our data set to
calculate the effect sizes, as well as their standard errors. When the #-statistics or p-values could not be
extracted from the study, we have used the ¢-value corresponding to the reported significance level in
the case of a statistically significant result, as this is the most accurate approximation we could make in
that case. In the case of a statistically insignificant result we have coded a ¢-statistic corresponding to a
p-value of 0.99. These approximations are both underestimates of the exact effect size. We have done
this for approximately 35% of the observations.

Labor market outcomes can be captured in a variety of positively and negatively defined outcome
variables. 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 labor 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 being 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 (4) and negative () outcomes after applying this procedure. For each study,
we have used the outcome variable with the lowest “number”, as shown in the first column, resulting
in 654 effect estimations.> We took this order because not being unemployed, regardless of earnings,
prevents human capital depreciation through the loss of workers’ job skills. The first column shows
the distribution of outcome variables including duplicate effect sizes for the same treatment/subgroup.
The second column shows the distribution of outcome variables after applying our procedure to remove
these duplicates. In here we take the outcome variable with the highest “ranking” per treatment/subgroup.
Thus, when one study reports both the effect on the probability of being employed as the effect on
earnings, we take the effect on the probability of employment for our main analysis. We control for the
category of outcome variable in the meta-analytic model later on to see whether this influences our results,
by performing a separate analysis only for the studies that report the probability of being employed as a
robustness check.
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Table 1. Distribution of Outcome Variables.

One outcome per

With duplicates treatment
Outcome variables by order of importance Sign (+/-) Freq. % Freq. %
1 Probability of being employed + 544 66.09 544 83.18
2 Probability of not being unemployed + 30 3.75 0 0.00
3 Probability of unemployment - 68 8.51 25 3.82
4 Duration of employment + 36 4.51 36 5.50
5 Duration of unemployment - 19 2.38 17 2.60
6 Earnings + 102 12.77 32 4.89

799 100.00 654 100.00

Notes: The first column shows the distribution of outcome variables including duplicate effect sizes for the same
treatment/subgroup. The second column shows the distribution of outcome variables after applying a procedure to
remove these duplicates, that is, by taking the outcome variable with the highest “ranking” per treatment/subgroup.

3.3 Background Characteristics

To determine which program types are the most effective in improving the labor market outcomes of
the participants, we code a dummy for each program type as explanatory variables into our data set.
Furthermore, we incorporate background characteristics, such as the duration of the intervention and the
gender of the participants. We also encode dummy variables for the evaluation design, enabling us to
distinguish between them in our meta-analytic model. The estimated program effects can be considered
country-specific, due to differences in the macroeconomic conditions. A recession can be responsible
for an increase in unemployment for which an ALMP has been designed. Due to the cyclical nature of
unemployment, human capital-enhancing ALMPs aiming at structural unemployment can be ineffective.
To take account for these conjectural variations, we include the unemployment rate in the year the program
was introduced.?

4. Analysis and Results

4.1 Descriptive Statistics

Before proceeding to the weighted mean effects and the multivariate meta-analysis, we first present
our sample descriptively. A substantial part of the sample consists of evaluation studies of German
programs that have been implemented in the beginning of the 1990s. This may partly be attributable
to the efforts undertaken in Germany following the reunification in 1990. There is also a noticeable
increase in the amount of causal effect studies just before the beginning of the 21st century. This might
be partly attributable to the ongoing methodological progress in the econometric evaluation literature, of
which Imbens and Wooldridge (2009) present a historical review. The welfare reforms in the United States
(Personal Responsibility and Work Opportunity Reconciliation Act, 1996) and the United Kingdom (New
Deal for Young People, 1998; Working Families Tax Credit, 1999) also explain these developments. The
German Harz reforms that have been implemented since 2003 have also been evaluated frequently.
Table 2 presents a breakdown of the effect estimates by sample characteristics. Training and retraining
programs have been evaluated most frequently, followed by programs regarding labor subsidies. This
group consists of subsidies for “regular” jobs or private work practice, in contrast to directly created public
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Table 2. Sample Characteristics: Estimated Program Effects.

Frequency Percentage Cumulative
M @3] 3)

(a) by program type
Enhanced sevices/sanctioning 82 12.54 12.54
Public employment 73 11.16 23.70
Subsidized labor 247 37.77 61.47
Training or retraining 252 38.53 100.00
(b) by country
Austria 48 7.34 7.34
Belgium 1 0.15 7.49
Denmark 36 5.50 13.00
Germany 372 56.88 69.88
New Zealand 9 1.38 71.25
Norway 37 5.66 76.91
Poland 26 3.89 80.89
Portugal 4 0.61 81.50
Romania 4 0.61 82.11
Russia 2 0.31 82.42
Serbia 2 0.31 82.72
Slovak Republic 2 0.31 83.03
Spain 16 2.45 85.47
Sweden 35 5.35 90.83
Switzerland 19 291 93.73
United Kingdom 8 1.22 94.95
United States 33 5.05 100.00
(c) by program duration
Up to 6 months 234 35.80 35.80
Between 7 and 12 months 143 21.87 57.67
Longer than 12 months 42 6.42 64.09
Not reported 268 40.98 100.00
(d) by decennium of program introduction
1980s 25 3.82 3.82
1990s 224 34.25 38.07
2000s 399 61.01 99.08
2010s 6 0.92 100.00
(e) by gender
Only men 190 29.05 29.05
Only women 179 27.37 56.42
Both men and women 285 43.58 100.00
(f) by evaluation design
Difference-in-Differences 22 3.36 3.06
Instrumental Variables 8 1.22 4.59
Matching 576 88.07 92.66
Randomized Experiment 48 7.34 100.00

Notes: Based on 654 effect estimates from 57 studies.
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employment schemes. Enhanced services, including job-search assistance, and sanctioning programs
occur less frequently in our sample. This does not necessarily imply that these programs are less frequently
implemented, nor that they are evaluated less often, but this pattern may also be attributable to our
methodological inclusion criteria.

Roughly half of our sample consists of effect estimates of programs implemented in Germany. Many
of these studies consider evaluations of programs implemented after the German reunification in 1990,
followed by the East-German transition to a market economy and the analogous increase in unemployment.
Furthermore, the German Hartz reforms came into effect in the first half of the 2000s. These reforms
included many ALMP measures. Due to the controversies about the Hartz reforms, many evaluation
studies have been performed.

Other Eastern European countries, that is, Poland, Romania, Russia, Serbia, and the Slovak Republic
account for 36 program estimates, resembling roughly 5% of our sample. Anglo countries, being New
Zealand, the United Kingdom, and the United States, contribute to 50 program estimates, which is roughly
equivalent to another 7.5% of our sample. Nordic countries, consisting of Denmark, Norway, and Sweden
together contribute to 108 program estimates, roughly 16.5% of our sample. The variety in countries and
regions also indicates the importance of the different institutional environments. To take account of these
institutional environments we include year and country indicators, or macroeconomic indicators, in our
multivariate meta-regression further in this paper.

Over one-third of the effect estimates refer to programs that do not last longer than a year until
completion. About 6% of the estimates concern programs that take longer than a year on average. For
another one-third of the estimates the average program duration is not specified. Nearly all programs took
place in the 1990s and the 2000s. With respect to the evaluation designs, more than 85% of the effect
estimates are based on matching methods, followed by randomized experiments (7.5%) and difference-
in-differences setups (3%).

4.2 Mean Effect Sizes

Table 3 displays some more basic sample characteristics of the effect sizes and the overall impacts of
each program type at 12 and 24 months after the start of the program. The overall impacts at 6 and
36 months after program start are shown in Table A2. The unweighted mean effect sizes are shown in
column 1. The weighted mean effect sizes under the fixed-effects model are shown in column 3. This
fixed-effects model assumes homogeneity in the error term 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, p. 493). 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
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 4. In addition to the random-effects weighted averages, we estimate an unrestricted
fixed-effects weighted least squares (FE-WLS) model. This is obtained by regressing the effect size
divided by its standard error on the inverse standard error and no constant, as proposed by Stanley and
Doucouliagos (2015). Given the heterogeneity in our dataset, this is our preferred model, as from their
simulations it seems that this approach produces the least biased results, compared to the random effects
model. These WLS results are shown in column 5.

In the FE-WLS model, enhanced services are shown to have a statistically insignificant effect in the
short term (up to one year after the start of the program) and a small negative effect in the longer term
(from one year onwards). Public sector employment programs have a negative impact overall, although the
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Table 3. Mean and Weighted Program Effects by Programme Type.

Sample Mean SD Fixed-effects Random-effects FE-WLS
(1 2 3) 4 ()

(i) 12 months after program start
Enhanced services (22) 0.023 0.063 0.004™ 0.004
Public employment (21) —0.124 0.146 —0.048"" —0.048™"
Subsidized labor (79) —0.078 0.210 —0.054"" —0.054™
Training/retraining (83) —0.020 0.123 —0.038"" —0.038""
Overall effect (205) —0.048 0.123 —0.023"" —0.023™
(ii) 24 months after program start
Enhanced services (23) 0.018 0.041 —0.009"" —0.009™
Public employment (20) —0.168 0.247 -0.032"" —0.032"
Subsidized labor (66) 0.000 0.138 —0.001 —0.001
Training/retraining (64) 0.034 0.113 —0.001 —0.001
Overall effect (173) —0.004 0.150 —0.005"" 0.004™" —0.005"
Notes: ™, ™, " denote 1% , 5% , and 10% significance levels, respectively. Numbers of observations in parentheses.

Mean and weighted program effects on 6 and 36 months after program start can be found in Table A2.

longer term impact is slightly less negative compared to the short-term impact. Private-sector subsidized
labor seems to have a negative impact in the short run, which turns into a positive impact in the longer
run. Training and retraining programs have negative effects in the short term, and insignificant effects
in the longer term. The FE-WLS results for subsidized labor and training and retraining turn positive at
36 months after program start (see Table A2). However, in this mean-effect analysis we do not control
for publication bias and background characteristics. In the next part of this paper, we address these issues
and provide our main results.

4.3 Publication Bias

In our selection criteria, we stipulate 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, this
could constitute a selection bias. If studies that report relatively high effect sizes are more likely to be
published, this would be also the case in our sample. These missing studies would threaten the internal
validity of the meta-analysis, because then the sample would not reflect the true distribution of effect
sizes. A way of visualizing this publication bias is to plot the effect sizes against their standard errors in a
so-called funnel plot. In the absence of publication bias, the studies will be evenly distributed around the
mean in this funnel plot (Stanley and Doucouliagos, 2010).

Next to this visual representation of the publication bias, we can formally test for it using a test that
has been developed by Egger et al. (1997). The Egger test is based on a simple (meta-)regression of the
standardized effect estimate against its standard error:

ES; = ap + BoSE; + u;. 3)

Because this meta-regression model (MRA) contains heteroscedasticity, Equation 3 should be estimated
by Weighted Least Squares (WLS) instead of Ordinary Least Squares (OLS), using 1/SE? as weights
(Stanley, 2005). Alternatively, WLS can be obtained by dividing Equation 3 by an estimate of the standard
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deviation of this heteroscedasticity: SE;. This brings us to the following model that can be estimated by
aregular OLS procedure:

ti=PBo+a “

SE;

Here, (1/SE;) gives an indication of the precision of the estimate. Then, a rejection of the null hypothesis
under which the intercept is equal to zero indicates publication bias. This test is known as the Funnel
Plot Asymmetry Test (FAT) (Stanley, 2008). However, on the basis of Monte Carlo simulations, Stanley
(2008) argues that this setup gives biased results. To improve on this, Stanley and Doucouliagos (2014)
propose a quadratic version of the FAT-PET as a starting point of a meta-regression analysis (MRA) to get
the Precision Effect Estimate with Standard Error (PEESE) estimate for ,30 (Stanley and Doucouliagos,
2014), by applying WLS to the following model while using 1/ SE,.2 as weights:

ES; = Bo+ aoSE? + u;. 6))
Or equivalently, by applying OLS after dividing Equation 5 by SE;:
1
ti = apSE; + ﬂo + Ui (6)
As a first approach to assess the possibility of a publication bias, we have applied FAT (Equation 4)
to the entire data set to give a general indication. However, since many of our effect size estimates are

derived from p-values based on confidence intervals, many estimates are on the 95% confidence band in
the funnel plot, as can be seen in Figure 2, where the red x-marks represent the effect sizes that have been
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