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Abstract

JEL Classification J08, J68, C52

Using the administrative records of the Spanish Public Employment Service for the period 2018-2019, we analysed
the impact of participation in job search assistance and training programmes on the chances of unemployed jobseek-
ers finding employment, as well as the quality of the job obtained. Propensity score matching techniques were used
to evaluate the effectiveness of these programmes. We found that participation exerted a positive and significant
differential effect on the probability of transition from unemployment to employment and on the probability of find-
ing a job of intermediate quality compared to non-participation. This positive impact was largely due to the effect

of training programmes, the magnitude of which persisted even as the period elapsed between participation and exit
towards employment increased, whereas job search assistance was less effective over time. The positive influence

of participation appeared to be more intense for specific socioeconomic groups.

Keywords Active labour market policies, Job search assistance, Training for the unemployed, Job finding, Evaluation

1 Introduction

Research on the impact of active labour market poli-
cies (ALMPs) is an area of labour economics that has
grown considerably in the last three decades. ALMPs
have gained prominence as a result of the development
of so-called ‘activation strategies’ (Malo 2018). It is com-
mon to find economic policy reports and documents that
describe these programmes as a fundamental tool in the
fight against unemployment, and the role of these poli-
cies has in fact been and remains crucial in Europe as a
strategy to improve employability (Martin 2015). Since
the European Employment Strategy was first approved
in 1997, the budgets for programmes to promote the
employment of specific groups (young people, long-term
unemployed, women, people at risk of social exclusion)
have increased considerably.
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Along the same lines, according to the European Com-
mission, Public Employment Services (PES) — and the
ALMPs they carry out — should play a leading role in mit-
igating the adverse effects of economic shocks and reduc-
ing long-term unemployment. Concerns about how to
achieve more effective targeting of ALMPs and resource
allocation have gained special attention from policymak-
ers in EU Member States. As a result, many research
papers have focussed on the causal impact of specific
active measures. More evaluations of the impact of these
programmes have been published at the international
level, and some studies have systematized the results of
this large empirical literature using meta-analysis (Card
et al. 2010, 2018; Kluve 2010).

This article focusses on the effects of ALMPs on
job search outcomes in Spain and provides an evalua-
tion of the impact of participation in such programmes
(grouped into ‘job search assistance’ and ‘training’) on
the probability of an unemployed worker’s finding a job.
Job search assistance programmes are aimed at helping
unemployed workers to find a job through orientation,
search advice, support and intermediation services, as
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well as providing access to available information on the
situation and trends of the labour market.! Training pro-
grammes, meanwhile, are measures that seek to improve
human capital by updating, renewing and increasing the
skills and qualifications of workers.

Expenditure on ALMPs in Spain expanded until 2010,
suffered budgetary cuts in the period 2011-2013 and
increased again starting in 2014. The share of job search
assistance services was below 15% of the total expendi-
ture on ALMPs until 2014 and rose to 20%—25% in the
period 2016—2018. Training programmes have tradition-
ally accounted for around 20% of the budget, although
their share decreased to about 15% in the period 2017—
2019. Although successive governments have been pro-
moting policy evaluation, so far this kind of exercise is
quite scarce in Spain. One reason for this paucity of stud-
ies is related to the difficulty of accessing adequate data-
bases. Many of existing works have focussed on training
programmes and used information for certain regions,
because control over the implementation of ALMPs in
Spain are transferred to the regional governments.” In
general, the evaluation studies have found positive effects
for participation on workers’ outcomes.

The contribution of this article to the existing eco-
nomic literature on the evaluation of ALMPs is threefold.
First, we use representative, adequate data that come
from a database that is difficult to access: the adminis-
trative records of the PES of one of the Spanish regions
(the Community of Madrid). These data are of high qual-
ity. They allow us to build a rigorous definition of the
comparison group, as well as the delimitation and use
of alternative treatment groups, depending on when the
last service received by an individual begins; this allows a
refinement that improves on previous studies on ALMP
effects. The comparison group is made up of those job-
seekers who did not participate in any programme in
2018, whereas the treatment groups comprise those who
received their ‘last’ service in the months of September
to December 2018. By narrowing this period, we can
examine whether the effect of participation in ALMPs
changes.

! In the database we use, they are the following: ‘employment pathway’ (it
includes individual and personalized employment itinerary actions, includ-
ing those aimed at people with difficult job placement and long-term unem-
ployed); ‘guidance and orientation’ (it includes individualized diagnosis and
profile development actions, curriculum definition, techniques for active
job search, preparation of selection tests and personalized attention); ‘pro-
fessional information’ (it includes actions on professional information and
active labour market policies, training offers and mobility programmes); and
‘intermediation’ (it includes intermediation actions by sending job offers to
job seekers).

% The Spanish PES comprises the regional employment services of the 17

regions (Autonomous Communities) that collect regional data about job
offers, job requests and contracts.
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Second, we focus on two types of activation meas-
ures — job search assistance and training — due to the
availability of information on the dataset. This choice
separates us from other studies on ALMPs, because eval-
uation of the job search assistance is less common than
that for training, as the former has been less studied in
the international empirical literature. For instance, in
the meta-analysis carried out by Card et al. (2018), job
search services account for 15% of the estimates, this
share being lower among studies focussed on non-Nordic
European countries; in Kluve et al. (2019), the proportion
is 10%. Our analyses are also carried out in an aggregate
way but also in a disaggregated manner for more specific
programmes. This applies particularly to job search assis-
tance programmes.

Third, the article expands the types of indicators used
to measure the employment outcomes of unemployed
workers when analysing the potential impact that ALMPs
can produce. In this sense, we analyse the effect not only
on the probability of finding a job but also on the quality
of the job found by considering an indicator based on fea-
tures related to the type and duration of the labour con-
tract and working hours.

To carry out the empirical analysis, we use microdata
from administrative records of the PES of the Autono-
mous Community of Madrid for the period January
2018-December 2019. These records contain informa-
tion about (a) jobseekers registered in public employment
offices; (b) the services received by the participants in
ALMPs related to job search assistance and training; and
(c) the employment contracts of those who have found a
job. To evaluate the effectiveness of these programmes,
we use the matching method based on the probability
of assignment to treatment (propensity score matching,
PSM), because the delimitation of the groups of peo-
ple who receive services (treatment group) and those
who do not receive them (control group) was not car-
ried out through a randomized experiment (or lottery).
The objective of this technique is to restore the condi-
tions of an experiment by constructing a comparison
group appropriate to the treatment group, both groups
being as similar as possible in terms of their observable
characteristics.

Our findings suggest that there is a positive and sig-
nificant differential effect on the probability of transi-
tion from unemployment to employment and on the

3 We follow a static evaluation programme approach. The dynamic nature
of the assignment raises some methodological issues — mainly that non-
treated individuals may become treated later on (Sianesi 2004; Crépon
et al. 2009). Several papers address this problem and propose alternative
approaches, such as the timing of events and the dynamic treatment assign-
ment, which are not without limitations either (Abbring and van den Berg,
2003; Lechner 2009; Vikstrom, 2017).
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probability of finding a job of ‘intermediate quality’
among jobseekers who receive employment services
compared to jobseekers who do not receive them. This
positive impact is largely due to effects of training and
qualification programmes.

The remainder of this article can be outlined follows.
In section two, we briefly review the empirical literature
focussed on the assessment of the effects of ALMPs on
labour outcomes. In section three, the PSM technique is
presented. Section four describes the database and the
delimitation of the treatment and comparison groups.
Section five contains the results of the estimation of the
models. Finally, section six presents the conclusions.

2 Review of the literature

ALMPs have different aims* and can be grouped into dif-
ferent categories.” Concerns about the effectiveness and
efficiency of such measures have gained special attention
from policymakers in the EU Member States. Numer-
ous microeconomic studies on the impact of these types
of measures in developed countries can be found in the
literature. The review carried out in this section focusses
on analyses of the impact of ALMPs on the participants
and offers an overview of its main results in national and
international literature. In particular, we focus on job
search services, including measures such as counselling
and monitoring, search assistance and placement man-
agement, and training, both in the classroom and on the
job.

First, although the results of the existing impact assess-
ment studies are diverse, they suggest that ALMPs pro-
duce positive treatment effects, albeit small in size, on the
participating people. This occurs with training measures
for the unemployed (Martin and Grubb 2001; Raaum
and Torp 2002; Bergemann et al. 2009; Fitzenberger et al.
2012), although there are studies that find insignificant
or even negative treatment effects (Sianesi 2004), while
it also happens in the case of job search assistance pro-
grammes, with many studies finding positive treatment
effects (Dolton and O’Neill, 2002; Blundell et al. 2004;
Graversen and van Ours 2008; Malmberg-Heimonen
and Tge 2016), although others have found them null or
sometimes negative (Van den Berg and van der Klaauw
2006; Centeno et al. 2009). The meta-analysis results
tend to confirm the previous findings (see Heckman et al.

* The objectives of active measures can include reducing outflows from
employment, increasing inflows into employment, increasing labour mar-
ket attachment, increasing productivity, improving job search efficiency or
improving job match quality.

5 The main categories are counselling and job search services and sanc-
tions, training programmes, private sector incentive schemes and direct
employment programmes.
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1999; Kluve and Schmidt 2002; Kluve 2010; Card et al.
2010, 2018; Vooren et al. 2019).

Second, the impacts of ALMPs differ according to
the type of action. In the sample in Kluve (2010), the
estimates with significantly positive treatment effects
represent 73.9% of those referring to hiring incentive
programmes, 71.4% of those for job search assistance ser-
vices, 54.3% among those of training actions and 26.9%
among those for direct job creation. These differences
according to the type of programme are maintained
when estimates are made that control for programme
characteristics, the techniques used in the studies or par-
ticipant attributes.

Third, the effects of ALMPs also differ according to
the time horizon considered. Training programmes
(and incentives for hiring in the private sector) tend to
have null (or even negative) average effects in the short
term, together with more positive average impacts in
the medium and long term (Forslund et al. 2011; Crépon
et al. 2012; Card et al. 2018). In contrast, job search assis-
tance programmes are more likely to be effective pri-
marily in the short term or show more stable positive
impacts over time (Sorensen 2016). In Card et al. (2018),
the treatment effects of job search services are around
1-2 percentage points (pp) in all time horizons, while
those of training actions are 2 pp in the short term and
almost 7 pp in the medium and long term. These time
profiles for effects are consistent with the nature of the
programme groups. This would imply that participants
obtain higher labour gains, on average, through actions
that emphasize the accumulation of human capital than
through those that focus on getting workers back to work
as quickly as possible.

Fourth, the impact of these programmes varies for dif-
ferent groups of participants. ALMPs produce very posi-
tive treatment impacts for the long-term unemployed,
especially in the case of training programmes and, to a
lesser extent, job search assistance services (Card et al.
2018). Although ALMPs are less likely to produce posi-
tive effects (and these effects are more likely to be small)
for participants who are young or older workers, spe-
cific meta-analyses referring to these groups suggest that
training seems to be beneficial for young people, espe-
cially if it involves on-the-job training or is combined
with internships or work experiences (Kluve et al. 2019;
Ghisletta et al. 2021), while a combination of training and
job search services (and wage subsidies) are better for
older workers (Orfao and Malo 2023).

In the Spanish case, the evaluation of training and
job search programmes has been scarcer due to the
lack of available data. Most such work has analysed
training actions, used regional data, and relied on PSM
techniques. Thus, there is a growing body of impact
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evaluation studies of training programmes for the
unemployed carried out by PES (Mato and Cueto 2008;
Ramos et al. 2009; Cueto and Mato 2009; Arellano
2010; Cueto et al. 2010; Cansino and Sdnchez Braza
2011; Clemente et al. 2014; Alegre et al. 2015; Blazquez
et al. 2012, 2019). The results of most of these works
are positive. Normally, the estimated treatment impacts
imply a positive differential in the employment rate of
participants with respect to that of non-participants
(or an increase in the probability of being employed) of
between 5 and 10 pp. The size of this effect is similar to
that found by studies for training measures developed
in other countries that have obtained positive results.

In any case, the effects differ according to the char-
acteristics of the unemployed people and the training
actions. In general, higher effects tend to be found for
the most disadvantaged groups in terms of employ-
ment, such as women, people with lower levels of edu-
cation and the long-term unemployed. The few works
that have examined the duration of actions (e.g. Cueto
et al. 2010) find that longer courses produce greater
effects, but these are only slightly higher than those of
medium duration, which, given the cost, would imply
that the latter are more efficient. In addition, pro-
grammes that provide relatively more specific train-
ing or that are offered in combination with other types
of active policies, such as individualized guidance,
improve employment access results.

The evidence regarding evaluations of job search
assistance services in Spain is much more limited (Her-
rarte and Sdez 2008; Ramos et al. 2009; Blazquez et al.
2019). The treatment effects found are usually positive,
with a differential impact for participants (compared
to non-participants) that ranges between a 1 and 5 pp
greater probability of moving towards employment
or being employed at a given time after participation.
The size of this effect differs depending on the workers’
attributes and the type of action. It is higher when job
search services are combined with other types of pro-
grammes, mainly training courses.

Finally, Malo and Cueto (2016) carried out a meta-
analysis of the impact evaluations of Spanish ALMPs
that used a comparison group. Their meta-analysis
included 12 studies (published between 2008 and 2014)
that make up a total of 144 impact estimates. Grouping
the evaluations into training courses, job orientation/
intermediation and hiring incentives, the authors found
positive impacts on average. Training actions and job
search assistance services increased the probability of
accessing a job by up to 5-6 pp, while hiring incentives
did so by less than 4 pp.

J. M. Arranz, C. Garcia-Serrano

3 Methodology

Our objective here is to estimate the impact of jobseeker
participation in ALMPs on the probability of finding a job
using impact evaluation techniques. To do so, we follow
the Roy—Rubin econometric model (see Roy 1951; Rubin
1974), which involves determining what the impact of
treatment of individuals would have been on an outcome
of interest if they had not been treated. The problem in
this case is that, to calculate the average treatment effect
(ATE) of the programme, we must compare the results
of a ‘control group’ or ‘counterfactual’ with those of the
‘treated group”:

ATE = E1|T = 1) — E(Yo|T = 0) (1)

where T is a binary treatment variable that takes the
value 1 if the individual receives treatment and 0O other-
wise, and Y(T) is the potential outcome for each indi-
vidual receiving the treatment (Y;) or not (Y,). The ATE
corresponds to a situation in which a randomly chosen
individual from the population is assigned to participate
in the programme, so participating and non-participat-
ing individuals have an equal probability of receiving the
treatment.

The problem is that the delimitation of the group of
people who receive services provided by the PES (treat-
ment group) and that made up by those who do not
receive them (control group) has not been carried out
through a random experiment. In the absence of an
experiment, we can estimate the average treatment on
the treated (ATT) of the programme given by the follow-
ing expression:

ATT =EMW|IT =1) —E(Y|T = 1) (2)

where the expected value of the ATT is the difference
between the expected outcome values with and without
treatment (first and second term, respectively) for those
who participate in treatment.

In this context (see Caliendo and Kopeinig 2008;
Khandker et al. 2010), the impact of the interven-
tion is ATE=ATT +B, where the term B (E [Y,|T=1]
— E[Y,|T=0]) is the extent of the selection bias that
appears when we do not have a random experiment
(with an experiment, B=0). The basic objective of a good
impact assessment is then to find ways either to get rid
of the selection bias or to account for it. For that reason,
because the second term in Eq. (2) is not observable and
we do not have a random specific assignment rule to the
programme, we use a quasi-experimental method — that
is, propensity score matching (PSM) — to identify the
ATT.

The PSM method constructs a statistical comparison
group by modelling the probability of participating in
the programme on the basis of observed characteristics
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unaffected by the programme. Participants are then
matched to non-participants based on this probability
using various methods (algorithms). The ATT of the pro-
gramme is calculated as the mean difference in outcomes
between these two groups.

Carrying out the matching method can be difficult if
it is conditioned on many variables, because this would
imply finding a pair for all the participants among the
non-participants with the same observable character-
istics. This is known as the ‘curse of dimensionality! To
avoid this problem, Rosenbaum and Rubin (1983) pro-
posed synthesizing all the information from multiple var-
iables into a single variable and then calculating, for each
unit of the treatment and potential comparison groups,
the probability of participating in the programme condi-
tioned on the observed values of its characteristics. This
is the so-called ‘propensity score, P(X), which is calcu-
lated as follows:

P(X) =Pr(T =11X) (3)

This score is a real number between 0 and 1. As the first
step, this probability is normally estimated using a dis-
crete choice model (logit or probit).

There are two strong assumptions for identifying the
estimates of the ATT of a programme using PSM: (1) the
conditional independence assumption (CIA); and (2) the
presence of common support. The CIA states (see Rosen-
baum and Rubin 1983) that, given a set of explanatory
variables (X) that are unaffected by the treatment (T), the
potential outcomes (Y) are independent of the treatment
assignment:

(Y1, Yo) L TIX (4)

This implies that participation in the programme is
based on observed characteristics and there is no dif-
ference between the treated and comparison groups
conditioned on X. As Imbens (2004) points out, if this
condition is met, conditioning on the propensity score
removes all biases due to observable attributes. CIA is a
strong assumption. We support this by making it possi-
ble to control for many observed characteristics affect-
ing the programme (assuming that unobserved selection
is limited). Nevertheless, if any unobserved factors affect
participation status and the outcome of interest, a hidden
bias (unobserved heterogeneity) is involved (see Rosen-
baum 2002). This bias is related to the potential impact of
confounding variables not available to researchers, such
employment histories or soft skills and personality traits
(Lechner and Wunsch 2013; Caliendo et al. 2017). Later,
we test to ensure there is no hidden bias and, therefore,
that the CIA holds.

In relation to the assumption of common support, the
following must be met:

Page50f19 20

0<PD=1X) <1 (5)

The basic intuition is that there must be at least one
similar individual in the potential comparison group for
each treated individual. This assumption ensures that the
observations of the treatment group have ‘close’ com-
parison observations in the propensity score distribution
(Rosenbaum and Rubin 1983; Heckman et al. 1999).

In the second step, treated and untreated individu-
als are then matched based on this closest probability or
score with matching algorithms. By pairing treated indi-
viduals with counterfactuals with a similar probability of
participating in the programme, the problem of sample
selection bias is avoided.® If CIA holds, as well as com-
mon support in P(X) across treated and non-treated indi-
viduals, the PSM estimator for the ATT can be written
as the mean difference in Y over the common support,
weighting the comparison group by the propensity score
distribution of the treated group’:

ATTpsm = Epoxy| T=1{E[Y1]T = 1,P(X)] — E[Yo|T = 0, P(X)]}
(6)
Different matching methods can be used to do this and
obtain estimates of the outcomes of those assigned to the
treatment and comparison groups.® All these matching
methods use algorithms to calculate the ATT but differ in
the definition of the neighbours for the treated individu-
als and the weight assigned to them. The question is how
one should select a specific matching algorithm. Caliendo
and Kopeinig (2008) compare the trade-offs in terms of
bias (distance of estimated treatment effect from true
effect) and variance or efficiency (precision of estimated
treatment effect) for different matching algorithms (the
nearest neighbour with and without calliper, with single
or multiple neighbours, with and without replacement,
with radius or kernel matching, etc.). They concluded
that there is not a winner for all situations: the choice
depends on the data structure, so that if the results are
similar, the choice may be unimportant. Moreover, all
PSM estimators should yield the same results asymptoti-
cally, because they all become closer to comparing exact
matches with large sample sizes (Smith 2000).

© We test whether the treatment and comparison groups are balanced,
because PSM requires that both groups have the same distribution of X.
Imbens (2004) notes that P(X) may also be used as a weight to obtain a bal-
anced sample of treated and untreated individuals. If P(X) is known, the
estimator can be implemented directly as the difference between a weighted
average of the outcomes for the treated and non-treated individuals.

7 For the identification of the ATT, the CIA assumption can be relaxed to
Y, L T|X and the support points to 0<P(D=1|X;) <1 (see Caliendo and
Kopeinig 2008; Khandker et al. 2010).

8 The estimation of the propensity score and the matching procedure were

conducted using the Stata module psmatch2 developed by Leuven and
Sianesi (2003).
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In our case, the data source provides us with a large
sample. We have tried several approaches and tested the
sensitivity of the results with respect to the algorithm
chosen. In the end, we have chosen ‘the nearest neigh-
bour (one to one) matching with replacement and with-
out calliper’ because, being just one matching variant, it
is the most straightforward estimator. This algorithm also
increases the average quality of matching and decreases
the bias compared to other estimators without replace-
ment (see Caliendo and Kopeinig 2008). Nevertheless,
we have tried other PSM estimators and obtained similar
results (see Table A of the Appendix).

4 Data

4.1 Dataset

To carry out the analysis of the impact of the services
provided by the PES on the job placement probabilities
of the participants, the administrative records of the PES
for the region of Madrid for the period January 2018-
December 2019 were used. These provide information
contained in three types of microdata files: (a) jobseek-
ers registered with the employment offices; (b) services
related to job search assistance and training received
by participants; and (c) employment contracts of those
who have accessed a job. The links between these micro-
data can be made thanks to the availability of a unique
anonymized personal identification number (PIN) for
each person in the three files. This PIN makes it possible
to identify the monthly information of the same person
in all files, merge it and save it in a new database.

First, the jobseekers’ records include the universe of
(employed and unemployed) jobseekers registered at
public employment offices.” Registration is voluntary,
except for those receiving benefits and those who want
access to ALMPs and support for active job search. These
records contain information on personal and labour
characteristics (sex, age, education, nationality, specific
occupational work experience, unemployment benefit
recipiency, time enrolled at PES, etc.) and features related
to the job search process (geographical area of job search,
type of workday selected in their job applications, desired
occupation, etc.). On average, 430,000—-450,000 unem-
ployed jobseekers were registered as such each month in
2018.

Second, records of the services provided by the PES
have been merged with the jobseekers for each month
and person to identify which individuals in the sample
have participated in an active action and which have

° Employed and unemployed jobseekers may apply for employment services
in public employment offices. In this study, we only focussed on unem-
ployed jobseekers, because we are interested in measuring the effects of
these services on the likelihood that the unemployed will find a job after
receiving them.

J. M. Arranz, C. Garcia-Serrano

not each month in 2018. All the jobseekers are entitled
to participate in programmes if they request it, so those
who ask for a service receive it. The caseworkers at the
employment offices decide on the type of service they
offer to the jobseekers after a personal interview accord-
ing to the individual’s request'® Jobseekers do not com-
pete for services. We focussed on training programmes
and services intended to facilitate the job search pro-
cess of the worker!! In 2018, there were around 866,000
actions provided by the PES, and 274,190 different people
participated in them.

The duration of the different actions is diverse. Because
information on the start and the end date of each service
is available in the dataset, we can calculate their dura-
tion. On average, the actions that took place in 2018 had
a duration of 29 days. This mean that duration differs
according to the type of service: 197 days for employment
pathway, 1.2 days for professional information, 4.4 days
for career guidance and 96 days for training, on aver-
age. Moreover, the mean number of services jobseekers
received from employment offices in 2018 was 3.2, with
44.2% of them receiving only one service and almost 15%
receiving six services or more. Merging the files allowed
the aggregation of the information of all services received
in 2018 by each person each month, so all information
about their participation in ALMPs is available for the
analyses.

Third, the contract files were used to identify which
jobseekers have gained a contract and which have not.
The period in which this is recorded refers to the first
three months of 2019 (January—March). This period was
selected to prevent the jobseekers from having received
another service in the first months of 2019 or being
affected by another type of intervention, which would
have produced various effects that would not allow the
impact of participation in each programme to be cap-
tured correctly.

4.2 Definition of the treatment and comparison groups
The procedure for merging the individual informa-
tion contained in the three microdata files allowed the
delimitation of a treatment group (jobseekers who have
received services provided by the employment offices)
and a potential comparison group (similar jobseekers
who have not received services).

10 For example, the first time a jobseeker goes to an employment office, they
are given guidance and information and, depending on the needs of the
individual, can be offered training and qualification actions as well. Case-
worker discretion either does not exist or is very limited; caseworkers can-
not refuse to offer or provide a service that jobseekers are demanding.

1 Wage subsidies aimed at favouring the hiring of certain groups of work-
ers, mixed programmes combining employment and training and orienta-
tion programmes aimed at assisting self-employment are not analysed in
this article.
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To delimit the treatment group, we considered whether
jobseekers received services in December 2018 or in
the previous three months. For this reason, our sample
of participants was made up of unemployed jobseekers
registered in December 2018 who received job search
assistance or training either that month or, at most, in
the previous three months — that is, from September to
December. Thus, we distinguish individuals who received
treatment during: (a) September to December; (b) Octo-
ber to December; (c) November and December; and (d)
December. Because jobseekers may receive multiple
employment services, we focussed on the impact of the
last type of service received. Our sample of non-partic-
ipants comprised unemployed jobseekers registered in
December 2018 who did not participate in any ALMP
measure in that month or previously (i.e. they did not
receive services in any month of 2018, nor during the first
three months of 2019). This makes it possible to apply
impact assessment techniques by defining a counterfac-
tual to quantify the effect of participation in ALMPs on
the probability of finding a job in the months from Janu-
ary to March 2019.

In selecting the sample, we followed a procedure akin
to that employed by other published works using similar
administrative data. For instance, Blazquez et al. (2019),
using the same dataset for the region of Madrid in the
period 2010-2012, selected all the individuals regis-
tered as unemployed at employment offices in December
2010 and defined as non-participants all those who did
not participate in any ALMP measure during a period of
three consecutive years.'> Although our selection may
potentially induce an under-representation of spells of
short duration, this does not seem to have been the case.
More than 40% of jobseekers had durations equal to or
less than six months, and the share of long-term unem-
ployment was around 55%, without significant differ-
ences between the treatment and comparison groups (see
below). This proportion coincides with that published by
the Spanish Labour Force Survey (54% in 2018).

We have deleted observations for people under 16 or
over 65 years of age, as well as those with some type of
disability. The final sample was thus made up of 316,769
jobseekers in December 2018, of whom 246,360 (77.8%)
did not receive any service in 2018, while 70,409 (22.2%)
received at least one service that year, the last of which

12 vikstrom (2017) used information on all unemployed individuals
included in the register administered by the Swedish PES and right censors
those jobseekers entering any other programme before the work practice
scheme on which the author focussed. Lechner and Wunsch (2013), using
German administrative data, defined as non-participants those individuals
who did not start any programme in a period of 12 months. Alternatively,
there are studies that establish the end of a programme (e.g. the comple-
tion of a training course) as the beginning of the period of analysis (Arellano
2010).
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ended between September and December 2018. In view
of these data, there are enough individuals in the poten-
tial comparison group sample relative to each person
included in the treatment group sample, among whom
the best match was sought according to their observed
characteristics. The data revealed a considerable similar-
ity in the profiles of both participants and non-partic-
ipants (see Table 5 below): the difference in means was
zero or close to that value for most of the variables and
categories considered. The average profile of the treated
person was a male, Spanish, almost 43 years old, with a
medium level of education, who had been unemployed
between 1 and 6 months, had worked in the service sec-
tor, and who had been looking for a job in ‘Madrid capi-
tal’ The average profile of the untreated person was quite
similar.

5 Results

Our research sought to evaluate the effectiveness of the
services provided by the PES. This section presents the
results of the estimation of the PSM models. First, we
analyse whether this intervention improved the job-
seekers’ transition from unemployment to employment.
Second, we focus on the impact of participation on job
quality. Third, we examine whether the effects of ALMPs
differ by type of programme and socioeconomic group.
Finally, we assess the quality of the matching procedure.

5.1 Job finding results

To perform the evaluation, the PSM technique discussed
above was used. The application of this technique con-
sisted of several stages. The first stage involved estimating
the probability of participating in a programme provided
by the employment offices based on the observations of
the group of jobseekers who received services and those
who did not. To determine this probability, a binomial
probit model was estimated, where the dependent vari-
able Y took the value 1 if the person participated in a
programme and the value 0 if the person did not partici-
pate, using as explanatory variables those that can affect
the probability of receiving a service and, therefore, the
matching function, such as sex, age, nationality, educa-
tional level, area of residence, economic sector (industry)
of the previous job, an indicator of whether they receive
unemployment benefits and an indicator of whether the
person is among the long-term unemployed.

Table 1 provides the results of the estimation of the
probit model. Coefficients are presented for each cat-
egory. The results of various specifications of the model
are shown in each of the columns: the probability of
treatment in December 2018 after having received a ser-
vice in the last four months (from September to Decem-
ber 2018) in Column (1); in the last three months (from
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October to December 2018) in Column (2); in the last
two months (November and December 2018) in Column
(3); and in the last month (December 2018) in Column
(4).

While there were hardly any differences by national-
ity and sector of economic activity on the probability
of treatment, women, young people (16—30 years old),
individuals with vocational training or university educa-
tion, persons who did not reside in ‘Madrid capital, work-
ers receiving unemployment benefits and the long-term
unemployed were more likely to receive services pro-
vided by the PES.

The second stage of the PSM technique consisted in
evaluating the impact of the services provided by the
employment offices using the comparison groups built
from the potential comparison individuals that most
resemble the treatment groups in terms of estimated
probability (or propensity score). To do this, after calcu-
lating the probability of treatment, we matched people
from the treatment group to the potential comparison
group. The algorithm used for the matching was ‘the
single nearest neighbour (one-to-one) matching with
replacement and without calliper’ We used this algorithm
to quantify the impact of participation on the probability
of having a work contract during the first three months
after receiving a service provided by the PES.

Table 2 (Panel A) provides the main results of the eval-
uation exercise for the sample of workers who received
their ‘last’ service at different times in 2018: either in
the last month (December) of that year (Row (4)) or in a
previous month (Rows (1) to (3)). In particular, the prob-
ability of having a contract three months after receiving
a service for the treated and untreated, the ATT and the
significance of these parameters are presented (‘t-stat’
indicates the t-statistic under the hypothesis that the
ATT effect is null).

The results of the ATT estimation indicated that
the impact of participation was positive and statisti-
cally significant, so that jobseekers who received ser-
vices provided by employment offices were more likely
to transition from unemployment to employment than
similar non-treated jobseekers. The differential in prob-
abilities between the two groups ranged between about
5 pp for those people who received a service at most four
months before the moment of observation as jobseek-
ers (between September and December 2018) and 10 pp
for those people who received it within the last month
(December 2018).

Focussing on this last sample (jobseekers who had
received the service in the last month), the estimated
probability of being employed after treatment was 24.5%
for the treatment group and, according to the model, it
would have been 14.6% for those treated in the absence
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of the service. This means that the estimated causal effect
of participation in the active policies being analysed
increases the probability of getting a contract by 9.9 pp,
which is a large impact. The results thus indicate that the
services provided by the PES are benefiting the employ-
ment of their recipients.

5.2 Job quality results

We now turn to assess whether the ALMPs provided by
the employment offices helped participants to find higher
quality jobs relative to the employment they would have
achieved in the absence of participation. The variables
used to measure employment quality were type of labour
contract, working hours and contract duration. A com-
posite quality indicator that combined these three vari-
ables was constructed. This indicator was constructed
such that it presented the following categories: ‘high
quality; if the contract was permanent, full-time and
lasted more than one year; low quality’ if the contract
was temporary, part-time and lasted one year or less; and
‘intermediate quality’ for the rest of the cases (perma-
nent, part-time contracts of any duration, and temporary,
full-time contracts of any duration). For the sample of
jobseekers who received services between September and
December 2018, the majority of those who signed a con-
tract in the first three months of 2019 did so for ‘inter-
mediate quality’ jobs (accounting for 75.9% of the total),
while the rest found either ‘low quality’ jobs (14.3%) or
‘high quality’ jobs (9.8%).

Table 2 (Panel B) provides the results of the estima-
tion using the four treatment and comparison groups
previously presented with ‘the nearest neighbour’
algorithm for the three job quality indicator catego-
ries. The results of the ATT estimation showed that
the effect of participation for jobseekers who received
PES-provided services only had statistically significant
and positive effects on the probability of transitioning
from unemployment to ‘intermediate quality’ employ-
ment. These effects ranged between 4.4 pp for those
people who received a service at most four months
before the moment of observation (between September
and December 2018) and 8.4 pp for those people who
received it in the last month (December 2018). Thus,
the positive effects are of greater magnitude the more
recently the service was received.

We also estimated the effect of ALMPs separately for
the three different job quality variables. The results of
the estimation (not shown, but available upon request)
showed that the services provided by the PES increase
the probability of leaving unemployment for a job with
a temporary contract, but do not exhibit significant
effects on the probability of exiting unemployment for
a permanent contract. At the same time, they showed
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Table 1 Results of the estimation of the propensity score: probit model (Y=1 if the person is treated, Y =0 if the person is not treated)

Received treatment during
September to December

Received treatment during Received treatment during Received treatment

October to December (last

November and December

during December (last

(last 4 months) 3 months) (last 2 months) month)
(1) (2) (3) (4)
Sex
Man —0.128%** —0.128%%* —0.137%%* —0.134%%%
(0.0053) (0.0056) (0.0061) (0.0076)
Woman (ref) - - - -
Nationality
Spanish -0.0122 -0.0119 -0.0146* —0.0268**
(0.0076) (0.0080) (0.0088) (0.0110)
Non-Spanish (ref) - - - -
Age groups
16-30 (ref.) - - - -
31-45 —0.204*** —0.202%** —0.196*** —0.152%**
(0.0075) (0.0079) (0.0086) (0.0106)
46-55 —0.155%** —0.1627%** —0.170*** —0.142%**
(0.0080) (0.0084) (0.0092) (0.0114)
56-65 —0.565%** —0.582%** —0.597%** —0.574%%*
(0.0087) (0.0092) (0.0102) (0.0129)
Educational level
Primary educ. or less (ref) - - - -
General secondary educa-  0.0603*** 0.0526%** 0.0578%*** 0.0682%**
tion
(0.0064) (0.0068) (0.0075) (0.0095)
Vocational training 0.334*** 0.323%** 0.328*** 0.344%**
(0.0089) (0.0094) (0.0103) (0.0127)
University studies 0.277*** 0.272%** 0.268*** 0.297***
(0.0083) (0.0087) (0.0096) (0.0120)
Recipiency of unemployment benefits
Yes 0.183%** 0.192%** 0.197%** 0.169%**
(0.0054) (0.0057) (0.0063) (0.0078)
No (ref.) - - - -
Long-term unemployment
Yes 0.310%** 0.276%** 0.252%** 0.1871%**
(0.0057) (0.0060) (0.0066) (0.0083)
No (ref.) - - - -
Area
Madrid Capital —0.258*** —0.220%** —0.210%** —0.215%**
(0.0051) (0.0054) (0.0060) (0.0075)
Rest (ref.) - - - -
Industry Services —0.0138** —0.0176*** —0.0232%** -0.0125
(0.0062) (0.0067) (0.0073) (0.0091)
Rest (ref) - - - -
Constant —0.666*** —0.770%** —0.937*** —1.298***
(0.0099) (0.0104) (0.0114) (0.0142)
Observations 316,769 303,986 287,598 266,503

Own elaboration based on the data provided by the PES-CM. *** indicates that the coefficient is statistically significant at 1%, ** at 5%, and * at 10%. Coefficients and
standard errors (in parenthesis). Source: PES-CM administrative records
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Table 2 Causal effect (ATT) of receiving services (job search assistance and training) on the probability of being hired during the first
three months after participation, according to when the service was received

Services received during Treated group Comparison group ATT S.E t-stat Sign
Panel A. Job finding
(1) September to December 0.191 0.138 0.053 0.022 239 **
(2) October to December 0.201 0.139 0.061 0.022 2.82 i
(3) November and December 0214 0.141 0.073 0.022 339 Fxx
(4) December 0.245 0.146 0.099 0.022 443 Hxx
Panel B. Job quality
(1) September to December
Low quality job 0.027 0.027 0.001 0.008 0.09
Intermediate quality job 0.147 0.102 0.044 0.020 222 *xX
High quality job 0.016 0.009 0.007 0.007 1.03
(2) October to December
Low quality job 0.028 0.025 0.002 0.008 0.29
Intermediate quality job 0.155 0.104 0.051 0.020 257 *xx
High quality job 0018 0.009 0.008 0.007 1.15
(3) November and December
Low quality job 0.028 0.025 0.003 0.008 043
Intermediate quality job 0.167 0.106 0.061 0.020 3.09 e
High quality job 0.019 0.010 0.009 0.007 1.29
(4) December
Low quality job 0.030 0.026 0.004 0.008 0.52
Intermediate quality job 0.194 0.110 0.084 0.020 4.11 *x%
High quality job 0.021 0.010 0.011 0.008 148

Own elaboration based on the data provided by the PES-CM. ***indicates statistical significance at 1%, ** at 5%, and * at 1%. Estimation by PSM (‘the nearest
neighbour with replacement and without calliper” algorithm). Source: PES-CM administrative records

that the services increase the probability of leaving
unemployment for a full-time job, but do not have sig-
nificant effects on the probability of exiting unemploy-
ment for a part-time contract. Finally, they suggested
that participation in the programmes increased the
probability of exiting unemployment for a contract with
an effective duration greater than 6 months.

5.3 Heterogeneity
In this section, we focus on the effects of the ALMPs on
the employment of the participants but disaggregated
by type of service and groups of workers. For this, five
categories of services were considered, which resulted
from the aggregation of similar actions provided by the
public employment offices (‘employment pathway, ‘guid-
ance and orientation, ‘professional information, ‘interme-
diation’ and ‘training’); and different groups of workers
were defined according to a set of sociodemographic and
labour variables (sex, nationality, age, level of education,
duration of unemployment, and receipt of unemploy-
ment benefits).

The results by programme type are provided in
Table 3. The ATT estimation showed that the impact of

participation in almost all services had positive and sta-
tistically significant effects (except in the case of ‘employ-
ment pathway’) on the probability of transitioning from
unemployment to employment based on the sample of
participants whose last service was received in December
2018. These probabilities were higher for ‘intermediation’
and ‘training’ actions, whose differential effects were 14
and 11 pp, respectively. The positive effects were some-
what smaller in the case of ‘guidance and orientation” and
‘professional information’ services, reaching 6 and 8.7 pp,
respectively.

An interesting result is that the effects on the prob-
ability of finding a job varied depending on the period
when the considered services were received. In general,
the impacts found tend to decrease when we were less
restrictive in terms of the period elapsed between par-
ticipation in the last service and the moment at which
the possible exit towards employment begins to be
measured. In the case of ‘guidance and orientation” and
‘professional information; the effects were positive and
significant when the last service was received during
December 2018, but they were positive and statistically
insignificant when the last service was received earlier.
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Table 3 Causal effect (ATT) of receiving services on the probability of being hired in the first three months after participation,

according to when the service was received, by type of programme

Treated group Comparison group ATT S.E t-stat Sign

Employment pathway

(1) September to December 0.132 0.120 0.012 0.026 047

(2) October to December 0.133 0.115 0.018 0.026 0.69

(3) November and December 0.136 0.108 0.028 0.026 1.09

(4) December 0.138 0.102 0.036 0.028 131
Guidance and orientation

(1) September to December 0.152 0.134 0.018 0.023 0.80

(2) October to December 0.160 0.134 0.026 0.023 1.14

(3) November and December 0.170 0.136 0.034 0.023 145

(4) December 0.198 0.137 0.061 0.025 245 Hxx
Professional information

(1) September to December 0.196 0.159 0.037 0.023 161

(2) October to December 0.197 0.162 0.035 0.023 1.54

(3) November and December 0.207 0.159 0.048 0.023 2.06 **

(4) December 0.269 0.182 0.087 0.028 3.07 xHx
Intermediation

(1) September to December 0.217 0.136 0.081 0.024 334 *rx

(2) October to December 0.234 0.139 0.094 0.024 397 i

(3) November and December 0.252 0.142 0.110 0.024 4.64 *x%

(4) December 0.293 0.153 0.141 0.025 572 *Hx
Training and qualification

(1) September to December 0.245 0.143 0.103 0.024 424 xxx

(2) October to December 0.249 0.143 0.106 0.024 436 i

(3) November and December 0.259 0.144 0.115 0.025 4.64 xrx

(4) December 0.252 0.149 0.103 0.026 392 o

See Table 2

Estimation by PSM (‘the nearest neighbour with replacement and without calliper’ algorithm). Source: PES-CM administrative records

The effects of the ‘employment pathway’ actions were
not statistically significant in any of the cases. Finally,
the impacts of ‘intermediation; which were always statis-
tically significant, fell from 14 to 8 pp by extending the
period considered, while those of the ‘training’ actions,
as their duration was longer over time, were maintained,
showing differential effects of 10—11 pp regardless of the
period considered.

These findings are in line with those obtained in other
studies. For instance, Blazquez et al. (2019), with data
also referring to the region of Madrid but in the period
2010-2012, found that among long-term unemployed
jobseekers who participated in training, the likelihood of
finding a ‘significant’ job in the short term (one year after
participation) was 8.8 pp higher than that of non-partic-
ipants, while the corresponding difference in job search
and assistance programmes was 2 pp (the effects were
somewhat smaller when considering a ‘non-significant’
job). This relatively large effect of participation in training

and qualification programmes has also been observed in
other empirical works for Spain (see Cueto et al. 2010).

The results by socioeconomic group are provided in
Table 4. The impact of participation in any type of ser-
vices on the probability of exiting from unemployment
to employment after treatment was positive and sig-
nificant for all groups of participants compared to those
who did not participate. These probabilities were slightly
higher among men than women; among natives than
non-natives; among workers in the central age groups
(i.e. 31-54 years) than those at the extremes of the work-
ing life (i.e. under 30 and over 55 years of age); among
those with vocational training or university education
than those with a maximum of primary education or
general secondary education; among the short-term
unemployed (less than one year unemployed) than the
long-term unemployed (one year or more unemployed);
and among the non-recipients of unemployment benefits
than among recipients.
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Table 4 Causal effect (ATT) of receiving services on the probability of being hired in the first three months after participation, by

socioeconomic characteristics

J. M. Arranz, C. Garcia-Serrano

Treated group Comparison group ATT S.E t-stat Sign

All 0.245 0.146 0.099 0.022 443 *xx
Sex

Woman 0217 0.130 0.087 0.031 2.79 oex

Man 0.277 0.165 0.112 0.030 3.69 e
Nationality

Non-Spanish 0.257 0.166 0.091 0.036 253 **

Spanish 0.243 0.143 0.100 0.025 3.96 o
Age groups

16-30 0.309 0.240 0.069 0.049 141

31-45 0277 0.134 0.143 0.042 337 Frx

46-54 0212 0.123 0.088 0.041 213 **

55-65 0.141 0.068 0.072 0.036 2.01 **
Educational level

Primary education or less 0.234 0.165 0.068 0.031 224 **

General secondary education 0.235 0.145 0.089 0.041 218 **

Vocational training 0.302 0.185 0117 0.058 2.01 **

University studies 0.235 0.109 0.146 0.048 2.62 o
Duration of unemployment

Short-term (less than 1 year) 0.335 0217 0.118 0.034 342 i

Long-term (1 year or more) 0.166 0.084 0.082 0.025 3.24 el
Recipiency of benefits

No 0.250 0.145 0.105 0.029 3.59 o

Yes 0.239 0.148 0.091 0.034 2.68 X
Recipiency & 55-65 years old 0.109 0.099 0.011 0.053 0.20

See Table 2

Estimation by PSM (‘the nearest neighbour with replacement and without calliper’ algorithm). Specification that corresponds to Row (4) of Table 2, Panel A. Source:

PES-CM administrative records

Our results are, to some extent, in line with previous
work, which has found higher positive effects of training
among males and native workers (Clemente et al. 2014;
Blazquez et al. 2019), although other studies have pro-
vided evidence of either higher impacts among women
or no significant differences, especially for training pro-
grammes (Arellano 2010; Card et al. 2010). By age, the
empirical literature has usually found that ALMPs for
youths and older workers are less positive than for other
groups (Card et al. 2018). The differences might be par-
tially explained by the fact that young workers not only
have less work experience, but also fewer job search
skills because they have entered the labour market more
recently than older jobseekers.

Regarding older workers, the interaction of the variable
for receiving unemployment benefits with the age group
of 55-65 years (the category of those most likely to be
disengaged from the labour market, among other reasons
because they are receiving special assistance benefits
for older workers) in our estimation yielded no signifi-
cant results. This means that participation in activation

programmes does not produce any positive and signifi-
cant differential effect on the employment of this group.

5.4 Matching quality assessment
One of the keys to the validity of PSM (estimated with a
probit model) is the ‘overlap’ or ‘common support condi-
tion! The set of explanatory variables included in the pro-
bit regression makes it likely that the labour outcome of
the treated and comparison groups, given the propensity
score, differs only due to treatment, and hence, the CIA
holds. To ensure that this condition is met, we performed
a graphical analysis and plotted the propensity score dis-
tribution for the treated and comparison groups to assess
the overlap achieved. The results are displayed in Fig. 1.
These suggest that the overlap is quite good in the four
different specifications depending on the time of receipt
of the service provided, although there are differences in
the density of the propensity score that can be observed
in the tails of the distribution.

Moreover, when performing PSM, it is crucial to assess
the quality of the match. This means that we should
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determine whether the ‘balancing’ or equilibrium prop-
erty is satisfied or not. That is, if a good balance has
been achieved, the marginal distribution of each vari-
able would be similar in the treatment and comparison
groups. There are a few methods to test this ‘balance’
assumption. One of the most commonly used is the
standardized percentage bias proposed by Rosenbaum
and Rubin (1985), which is the percentage difference of
the sample means in the subsamples of the (complete or
matched) treatment and comparison groups as a percent-
age of the square root of the mean of the sample vari-
ances of both groups. A reduction of the standardized
bias after matching could prove that the balance of vari-
ables improves with matching. Rosenbaum and Rubin
(1985) consider a standardized mean difference with an
absolute value less than 20 as acceptable.

We used the command pstest in Stata to perform the
calculations for this method. For example, Table 5 reports
the results after PSM estimation using ‘one-to-one
matching with replacement and without calliper’ (speci-
fication that corresponds to Row (1) of Table 2, Panel
A). The results are quite similar for alternative match-
ing estimators. This table also presents the unmatched
(U) and matched (M) means of the variables for treated
and untreated individuals, the percentage of bias, and the
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t-statistic, which tests the hypothesis that the mean value
of each variable is the same in both groups. The t-statistic
has been calculated before and after matching.

The results indicate that the levels of standardized bias
are very low, as they are always below 20 (note the bias
percentage for M). In addition, the t-statistic indicates
that the null hypothesis cannot be rejected at the 5% level
of significance for each variable after matching. The same
holds true when looking at Fig. 2, which allows one to
assess the quality of the match by showing the percent-
age of bias before and after matching. In summary, all the
information just presented leads to the conclusion that
the balance of the variables and the quality of the match-
ing achieved in the present study is quite good.

Table A.1 of the Appendix shows the estimates of the
ATT with different algorithms, such as the single nearest
neighbour with and without replacement, with or with-
out calliper (0.01, 0.05 or 0.1), and matching with mul-
tiple neighbours (5, 10 or 15). The results correspond
to the model specification shown in Row (1) of Table 2,
Panel A. The magnitudes of the ATT with alternative
matching algorithms are very similar to those obtained
with the algorithm we used.

Finally, our strategy assumed that the results are
independent of the treatment once we control for the

T T

0 6 0 A 2 3 4 5
(1) (2)
BN Notteated MMM Treated | | Nottreated NN Treated
T T T T T T T T T
0 A1 2 3 4 0 A 2 3
3) 4)
I Nottreated (NN Tratados‘ ’_ Not treated [ Treated

Fig. 1 Evaluation of the quality of the match: distribution of the probability of receiving services (treated) and of not receiving them (not treated).
Results of specifications (1) to (4) of the probit model shown in Table 2, Panel A. Source: PES-CM administrative records. Note: Own elaboration

based on the data provided by the PES-CM
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Table 5 Unmatched (U) and matched (M) means of the variables for the treatment and comparison groups, percentage bias, and
t-test on the hypothesis that the mean value of each variable is the same in the treatment and comparison groups

Links Treated group Comparison group % bias Bias t-test p>t
Sex (Man) u 0.55337 0.58611 —6.6 —15.53 0
M 0.55337 0.55342 0 99.8 -0.02 0.983
Nationality (Spanish) U 0.84756 0.83532 34 7.78 0
M 0.84756 0.84785 -0.1 97.7 -0.15 0.882
Age groups
31-45 u 033763 0.32096 35 833 0
M 033763 0.33766 0 99.8 -0.01 0.991
46-55 U 0.28096 0.23459 10.6 25.26 0
M 0.28096 0.28093 0 99.9 0.01 0.991
56-65 U 0.17813 0.28463 =255 -57.04 0
M 0.17813 0.17809 0 100 0.02 0.983
Educational level
Secondary education U 0.39955 042141 —44 -10.63 0
M 0.39955 0.39961 0 99.8 -0.02 0.983
Vocational training u 0.15437 0.09828 16.9 42.86 0
M 0.15437 0.15425 0 99.8 0.06 0.949
University studies u 0.17341 0.13863 9.6 23.58 0
M 0.17341 0.17346 0 99.8 —-0.03 0.978
Recipiency of unemployment benefits (Yes) U 041878 037321 9.3 2195 0
M 041878 041878 0 100 0 1
Long-term unemployment (Yes) U 0.59161 0.53736 11 2554 0
M 0.59161 0.59166 0 99.9 -0.02 0.987
Area
(Madrid capital) U 0.39934 0.50645 -21.6 -50.36 0
M 0.39934 0.39931 0 100 0.01 0.991
Industry
(Services) U 0.77115 0.77344 -0.5 -1.28 0.202
M 0.77115 0.77134 0 91.9 -0.08 0934

Own elaboration based on the data provided by the PES-CM. ‘t-test’is the test for equality of means of the two samples (treated and comparison groups) before (U)

and after (M) the match.’p’is the probability value of the t-test

Specification that corresponds to Row (1) of Table 2, Panel A. Source: PES-CM administrative records

measured characteristics and are dependent on the
available observable attributes. This implies that all
existing selection bias is assumed to be determined by
the attributes used as variables in the propensity score
estimate. However, unobservable characteristics may
play a relevant role. Any characteristic associated with
the programme participation and the outcome vari-
able, conditional on the observable explanatory vari-
ables, can induce bias (the so-called hidden bias). In our
context, unobservable features could be potentially rel-
evant.!® As it is not possible to test directly whether the

13 Potential bias may be reduced because the dataset allowed us to include
socioeconomic variables together with information on unemployment
duration, area of residence and previous work experience. However, we did
not have information on health, soft skills or employment histories.

PSM estimates are free of hidden bias, a sensitivity test
was carried out to assess the robustness of our results to
the presence of this bias, using the Rosenbaum bounds
strategy.14

This test considers that the probability of being treated
is a function of observed and unobserved factors (Rosen-
baum 1987). If there is no hidden bias, then the effect of
the unobserved factors (y) takes the value zero, so it has
no effect on the probability of participation. This means
that the unobserved factors are the same in the treated
group as they are in the non-treated group. Assuming
that the probability of being treated follows a logistic
distribution, the only case where treated and untreated

4 Hidden bias has been used in the empirical literature in the context of
PSM by Arranz et al. (2021) and Chatri et al. (2021), among others.
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Fig. 2 Evaluation of the quality of the matching. Results of specifications (1) to (4) of the probit model shown in Table 2, Panel A. Source: PES-CM
administrative records. Note: Own elaboration based on the data provided by the PES-CM

individuals have the same probability is when e=1. In
this case, no hidden bias is present, and the conditions of
CIA are maintained. Higher values of e’ would indicate
that there is a hidden bias. Becker and Caliendo (2007)
developed a Stata routine for implementing this sensitiv-
ity analysis by exploiting the Mantel-Haenszel (QMH)
statistical test. Rosenbaum (2002) has shown that for val-
ues of y>1, the QMH test is limited by two distributions
QMH +and QMH —. These represent the case in which
the ATT has been overestimated or underestimated,
respectively.

Table A.2 of the Appendix provides the results of this
test with the limits of QMH and its level of significance
for different values of e for ‘the nearest neighbour’ PSM
estimator. The QMH bounds for e’ =1 yielded a scenario
where the ATT estimation was free from hidden bias, and

both were statistically significant. The higher values of e’
represented the effect that an unobserved factor would
have on the probabilities of receiving treatment to justify
the estimated ATT. QMH —was always significant, and
for QMH + the results were only sensitive to the existence
of an unobserved factor that would increase the probabil-
ity of being treated for one specific value. Therefore, we
can safely conclude that our estimates are quite robust to
the existence of hidden bias. This result aligns with previ-
ous ones pointing out that, although unobservable vari-
ables may play a role for selection into ALMPs, they do
not make a significant difference in estimating treatment
effects on employment prospects if rich administrative
data are available (Lechner and Wunsch 2013; Caliendo
etal. 2017).
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6 Conclusions

This paper focussed on the study of two broad types of
ALMPs used to combat unemployment: job search assis-
tance and training. Specifically, we analysed the effect of
participation in these programmes on the employment
opportunities and the job quality of unemployed job-
seekers. Jobs were classified as high, intermediate and
low quality depending on features related to the type of
contract, working hours and duration of the contract.
Employment success was measured as having obtained a
contract during the first three months after participating
in an active action.

We merged microdata from the PES administrative
records for the Community of Madrid in Spain covering
the period January 2018—December 2019; selected those
people who were registered as unemployed jobseek-
ers in December 2018; defined several treatment groups
consisting of participants in active programmes in that
month or, at most, in the three previous months, with
their most recent service received from the employment
offices in 2018; and constructed a potential comparison
group consisting of non-participants. PSM techniques
were used to quantify the causal effect of participation in
ALMPs on employment and job quality.

Our evaluation analyses revealed that the overall par-
ticipation of jobseekers in ALMPs exerted a positive and
significant impact on their probability of finding a job
compared to non-participants. The impacts ranged from
a differential probability of 5 pp for those who received
a service at most four months prior to observation as
jobseekers (between September and December 2018), to
10 pp for people who had received a service in the last
month (December 2018). These effects concentrated
on the likelihood of getting an intermediate quality job,
which reflects the positive impact of participation on the
probability of finding a job with a temporary, full-time
contract lasting at least six months.

Participation in almost all of the programmes con-
sidered had positive and significant effects when using
the sample of participants whose last service was
received in December 2018. These effects were higher
for intermediation and training actions and smaller

J. M. Arranz, C. Garcia-Serrano

for orientation and job search services. The effects
also varied depending on the period when services
were received. These impacts tended to decrease as
time elapsed between participation in the last service
and the moment of measurement increases, except for
training actions. The job search assistance services did
not produce significant effects when considering longer
participation periods. Finally, the positive influence of
participation appeared to be more intense for specific
groups: men, natives, middle-aged people, individuals
with vocational training or college studies, the short-
term unemployed and non-recipients of unemployment
benefits.

Summing up, three main findings can be derived
from this evaluation. First, the participation of job-
seekers in ALMPs could allow them to enhance their
employment rates and increase their chance of finding
a job of a certain quality. Second, the treatment effect
associated with participation of some disadvantaged
groups in the labour market, such as the young and the
long-term unemployed, although smaller than other
groups, is still positive. Third, the influence of train-
ing on the probability of a jobseeker’s transitioning to
employment is more effective than participation in job
search assistance programmes.

Thus, our empirical results support the consensus of
prior research with respect to the need to help unem-
ployed workers improve their chances of returning
to employment. Despite this, more effort should be
directed at prevention measures. In this context, profil-
ing tools could help PES to identify jobseekers who are
more likely to become long-term unemployed and pro-
vide them with early activation. Although our results
showed that the positive impact of training is higher
than that of job search assistance services, the effects
of the latter are usually also positive. Given its low unit
cost, orientation and job search measures could also be
a useful tool to improve the employability of jobseek-
ers, especially for the long-term unemployed.
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Appendix
See Tables 6, 7

Table 6 Causal effect (ATT) of receiving services (job search assistance and training) on the probability of being hired during the first
three months after participation: services received in the last 4 months (during September to December 2018)

Algorithms Treated group Comparison group ATT S.E t-stat

NN with replacement

Without calliper 0.191 0.138 0.053 0.022 2.39
Calliper 0.01 0.191 0.138 0.053 0.022 239
Calliper 0.02 0.191 0.138 0.053 0.022 2.39
Calliper 0.05 0.191 0.138 0.053 0.022 239
Calliper 0.10 0.191 0.138 0.053 0.022 2.39
NN without replacement
Without calliper 0.191 0.151 0.039 0.002 19.53
Calliper 0.01 0.191 0.151 0.039 0.002 19.51
Calliper 0.02 0.191 0.151 0.039 0.002 19.53
Calliper 0.05 0.191 0.151 0.039 0.002 19.51
Calliper 0.10 0.191 0.151 0.039 0.002 19.51
Kernel (bandwidth 0.06) 0.191 0.150 0.041 0.002 2441
Oversampling
NN (2) multiple neighbours 0.191 0.130 0.060 0.015 391
NN (5) multiple neighbours 0.191 0.134 0.057 0.010 577
NN (10) multiple neighbours 0.191 0.137 0.053 0.007 753
NN (15) multiple neighbours 0.191 0.135 0.056 0.006 9.54

Estimation by PSM: different algorithms
Source: PES-CM administrative records

Own elaboration based on the data provided by the PES-CM. By default, NN is one to one (single) neighbourhood. The number of observations on common support
after matching is 70,409 for the treated group and 246,360 for the comparison group. Regarding the meaning of ‘t-stat; see Table 2
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Table 7 Sensitivity to the presence of hidden bias

\" Q_mh+ Q_mh - p_mh+ p_mh —

Services received during September to December (in the last 4 months)

1 2.749 2.749 0.003 0.003
15 1573 7279 0.058 0.000

2 4.728 10.657 0.000 0.000
25 7239 13419 0.000 0.000

3 9.355 15.792 0.000 0.000
35 11.204 17.893 0.000 0.000

4 12.860 19.795 0.000 0.000
45 14.367 21.540 0.000 0.000

5 15.757 23.161 0.000 0.000
Services received during October to December (in the last 3 months)
1 3422 3422 0.000 0.000
15 0.872 7.948 0.192 0.000

2 3.989 11.338 0.000 0.000
25 6.460 14.118 0.000 0.000

3 8537 16.509 0.000 0.000
35 10.347 18.631 0.000 0.000

4 11.964 20.551 0.000 0.000
4.5 13434 22315 0.000 0.000

5 14.789 23954 0.000 0.000

Services received during November and December (in the last
2 months)

1 4.220 4.220 0.000 0.000
1.5 0.031 8.731 0.488 0.000
2 3.097 12.126 0.001 0.000
25 5515 14916 0.000 0.000
3 7.540 17.321 0.000 0.000
35 9.299 19.456 0.000 0.000
4 10.868 21.390 0.000 0.000
4.5 12.291 23.167 0.000 0.000
5 13.600 24.819 0.000 0.000
Services received during December (in the last month)

1 5558 5558 0.000 0.000
1.5 1.299 10.026 0.097 0.000
2 1.581 13.409 0.057 0.000
25 3.906 16.195 0.000 0.000
3 5.839 18.598 0.000 0.000
35 7.510 20.731 0.000 0.000
4 8.993 22663 0.000 0.000
45 10.333 24437 0.000 0.000
5 11.562 26.086 0.000 0.000

Estimation by PSM (‘the nearest neighbour with replacement and without
calliper’algorithm). Source: PES-CM administrative records

Note: Own elaboration based on the data provided by the PES-CM
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