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Abstract

This doctoral dissertation aims to provide evidence for the design of active labour
market policies (ALMPs). The research is structured into two main objectives:
evaluating the effectiveness of specific design features of ALMPs on employment
outcomes and assessing jobseeker profiling models to optimize the selection of

target groups.

To address the first objective, we developed two impact evaluations. In Chapter
II, we investigated the role of timing, intensity, and occupational specificity in an
adult training program in Catalonia (Spain). We employed a conditional
difference-in-differences strategy and found that the overall employment effect of
the program was positive. However, we did not find clear evidence of a timing
effect, as we obtained minor differences across cohorts. We detected a remarkable
non-linear effect of the intensity of work-based learning (internships) on the
employment probability. Nonetheless, the impacts of the intensity of classroom-

based learning and occupational specificity were substantially smaller.

In Chapter IV, we analysed the role of job search assistance and intermediation
in a program implemented through vouchers and performance-based pay in
Veneto (Italy). The policy assigned individuals to three treatment groups with
different treatment endowments according to the score of a profiling model. Using
a regression discontinuity strategy, we compared the effects of different treatment
levels and did not find an impact on the employment outcomes after two years.
Regarding the assistance component, one key finding was that the vouchers were
underutilized, leading to minimal differences in treatment uptake. Concerning the
intermediation component, the differences between the payments of each

treatment group seemed overall insufficient to yield lasting effects.

To achieve the second objective, we studied the predictive performance of two
types of jobseeker profiling models. The rule-based model currently deployed in
the public employment service of Catalonia was found to have poor predictive
performance, both in its ability to discriminate jobseekers that will be long-term
unemployed and in calibrating the employment predictions. In contrast, a newly

developed statistical model demonstrated superior performance, leveraging



administrative data and machine learning techniques to achieve excellent
calibration. This model could potentially better align ALMP resources with

individual needs.

Our research has tried to contribute both to the academic and the policy spheres.
With respect to the academic literature, we have paid greater attention to the
specific tools and target groups included in program designs. This approach allows
us to go beyond the simple classification of types of ALMPs, digging into the
components of the intervention that might attain a behavioural or cognitive
change. Moreover, we have advanced contemporary research on different topics
like the occupational specificity or the voucher implementation by studying them
in the framework of ALMPs. With respect to policymaking, we have brought
evidence on highly discussed issues in Southern Europe like the profiling of
jobseekers or the use of internships in adult training programs. Both elements
have been recently regulated at the national level in Spain and Italy, so our

analyses might serve to continue the policy design at the rest of government levels.
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Chapter 1.

Introduction

Labour markets have been evolving in the last years due to international trends
like technological progress, globalisation, and demographic change (OECD,
2019a). Firstly, technical changes in areas like automation or information and
communication technologies have been suggested both as labour substitutes (e.g.
industrial robots) and as labour complements (e.g. computers or phones).
Nedelkoska and Quintini (2018) estimated that only 14 % of current jobs suffer
the risk of full automation. However, the fear of job destruction has augmented
with the development of artificial intelligence (OECD, 2023a). Secondly, the
increase of international trade since 1975 has been clear in the advanced
economies, but also in emergent economies like China or Eastern Europe (Donoso
et al., 2015; Dauth et al., 2017). Nonetheless, Autor et al. (2016) show that the
analyses on the benefits of globalisation for the consumers must be accompanied
by the costs of slow labour adjustments in local labour markets. Thirdly, the
population of developed countries like Spain or Italy is remarkably ageing while
developing countries need to integrate many young people into labour markets.
In the OECD, this may reinforce the higher demand of services (like cares) and
the lower demand of durable goods (like cars), so changes in the sectorial structure
are expected. Such adjustments might be assisted by more migration, but we must

consider that foreign workers face larger labour market risks (OECD, 2019a).

These international trends might affect more severely countries whose national
labour markets already presented important deficiencies. In this dissertation, we
focus on Spain and Italy, two countries with the highest rates of people at risk of
poverty or social exclusion in the EU (OECD, 2023c¢). In both countries, one out
of four persons is at this situation. Moreover, the low decrease of these rates in
most OECD countries suggest that this indicator might hidden structural
problems (Eurostat, 2024f). However, social exclusion is a multidimensional
concept and not all countries suffer from high unemployment. Spain and Italy do
have a problem by presenting the largest rates of long-term unemployment and of

in-work poverty in the EU (Eurostat, 2024c; Hick & Marx, 2023).
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To address the risks and potentials of these international trends, public policies
appear as useful instruments. Hemerijck (2017) summarizes with three words the
three functions that social policy may play in contemporary societies: stocks,
flows, and buffers. First, it may elevate the level of the stock of productivity (in
market assets) or capabilities (in non-market assets) with which individuals face
different risks along their life-course. For instance, adult training for employed
workers updates them to use new technological advancements. Second, it may
ease the flow from different labour market or life-course states. For example,
policies like job search assistance speed up labour reallocation in import-exposed
industries. Third, it may act as a buffer against the lack of sufficient incomes.
With low fertility rates, family benefits may diminish the economic risks of having
children and then the population ageing might stop. Importantly, policies like
unemployment benefits may work on the three different areas in a complementary
way: buffering the drop of income, facilitating a smooth flow from a well-matched

to another well-matched job, and retaining an alive stock of human capital.

This doctoral thesis evaluates three interventions related to labour markets with
the aim of improving the designs of active labour market policies. It is made up
of three research chapters based on working papers authored or coauthored by us
that were developed as part of the doctoral studies. The first policy is an adult
training program implemented in the region of Catalonia (Spain) from 2016 to
2018. These calls had the largest budget in the training area of the Catalan public
employment service (SOC, 2024). The second policy is the jobseeker profiling
model deployed in the public employment service of Catalonia from 2015 to 2020.
This policy is not aimed at changing the behaviour of jobseekers, but at predicting
it with the objective of selecting the target groups of active labour market policies.
The third policy is a program of job search services executed in the region of
Veneto (Italy) from 2017 to 2022. This has been the regional instrument available
for workers older than 30 years to fund the participation in the active labour

market policies offered in the quasi-market of private providers.

The chapter continues in Section 1 with the definition of key concepts used during
the doctoral thesis. Then, we offer a justification in Section 2 of the cases of study
and the pertinence of an international cotutelle. Section 3 mentions the objectives
and hypotheses of the investigation. Lastly, Section 4 describes the methods used

across the whole thesis and those specific of each chapter.
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1. Concepts

1.1. Public policies

Public policies have been briefly defined as “whatever governments choose to do
or not to do” (Dye, 2012, p. 3). Maintaining the essence, Howlett (2019) relying
on Lasswell (1951) defined public policies as “government decisions composed of
policy goals and means at different levels of abstraction” (p. 4)'. The first element
of this definition, the policy goals, regards the objectives the policymakers have
in mind when carrying out some action or inaction. The second element specifies
the tools or instruments used to reach such goals, which encompasses both non-
interventions and interventions. The third element is especially important in
decentralized countries like Spain or Italy, since it highlights the multi-level
governance of a policy. The different levels of abstraction of goals and means are
the product of different levels of government, being in a hierarchical way or

recommended in a non-compulsory way?.

The development of public policies is usually described through different tasks
depicted in a policy cycle (Subirats et al., 2008). Inside this process, following
Howlett & Mukherjee (2018), the design of a policy may be understood as one
stage of the cycle (as a verb) or as the product of such stage (as a noun). In other
words, the concept of policy design is used both to describe the content of a policy
as reflected in official texts and the task of formulating it (Siddiki & Curley, 2022).
Under this model, the stage of design is followed by the implementation of the
policy and its impact evaluation. The key point is that policies usually survive
more than one fiscal exercise, so the impact evaluation is then used for policy
design. To make this possible, the evaluation should give some insights on the

specific elements to include in a design.

! Two conceptual clarifications are pertinent. First, we will sometimes use “policy” to mean “public
policy” for brevity. Notice that there are also private policies, but we focus on the public ones.
Second, considering that all policies may be analysed at different levels of abstraction, we use
policy, program, and intervention as synonyms.

2 Classic studies in political science usually distinguish policy design from policy implementation
(Subirats et al., 2008). The hierarchical approach of our definition involves that a decision will be
considered part of the design or implementation depending on the agent regarded as central. For
instance, an order issued by the manager of the public employment service is part of the design
for such organism and part of the implementation for the parliament. The non-compulsory
approach regards the distinction between hard and soft law that has made its way into many
public policies, including the labour market policies (Pérez del Prado, 2021).
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If we focus on the design as content, the seminal work of Schneider & Ingram
(1997) tried to detect a set of elements common to many policies. It is possible to
integrate the core of their list of elements into the goals and means architecture
of our initial definition. Regarding the goals, it is necessary to specify what is the
desired situation in a certain space and time with mention to the population of
interest, i.e. the target groups (Sabatier & Mazmanian, 1980). Concerning the
means, policymakers should pay attention to the type of tools to achieve the goals
and to their specific features. There are three types of tools or instruments applied
in many policy fields to influence the behaviour of the targeted individuals:
goods/services provision, money transfer, and regulation (Howlett, 2018)3. We can
even reduce this typology to two classes: financial tools (goods/services provision
or money transfer) and nonfinancial tools (regulation). However, designing a
policy is more intricate than selecting one of these three options. Some of the
features of the design are transversal across different policy fields, like the transfer
channel of money (e.g. voucher vs. cash) or the sector that manages a public
service provision (e.g. with public employees or via outsourcing). Other features
are more dependent on the policy field, like the occupations targeted by a training
course. Therefore, it is not possible to make a complete list of design features, but
some of them might be the legal form of the design documents, the duration, the
timing, the legal form of the providers, the level of services or the amount of
money offered (Howlett & Goetz, 2014; Howlett & Mukherjee, 2018).

There are two extra elements emphasized by Schneider & Ingram (1997) that
should be present in a policy design: assumptions and rationales. Firstly, a good
design includes a set of statements that acts as glue between means and goals:
the assumptions on the causal model. This is usually depicted with a figure called
theory of change, logic model, or causal graph. Visualizing the causal graphs of
many policies allow us to cluster them by fields of public policy like health,
education, or energy. Secondly, the rationales regard the justifications of existence
of certain goals or means in an isolated way. They address questions like “why
should we try to decrease part-time employment?” (on goals) or “why should we
pay an unemployment insurance?” (on tools). Taking all these elements into

consideration, we have a policy design.

3 Howlett (2018) originally talks about a fourth group: information-based instruments. However,

information provision may be considered a service and be integrated into the first group.
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Following the cycle of the policy, after the design and implementation of a
program, such policy design may be judged according to the social welfare it
generates. On the means side of the design, the bad news is that the strength of
the connection between means and goals is not obvious, so it must be estimated
using evaluation techniques. In short, assumptions on a causal model are
assumptions. Furthermore, public policies may even have unintended
consequences on outcomes they did not target (Linares Martinez, 2018). On the
goals side of the design, although the causal model captured existing effects, the
groups targeted may not be the optimal ones for achieving the maximum social

welfare.

1.2. Labour market policies

Our thesis focuses on active labour market policies, a subset of labour market
policies. According to Clegg & Durazzi (2023), labour market policies are
“government interventions that explicitly aim to shape the labour market risks
confronting workers” (p. 5). This definition broadens the concepts of international
entities like the European Union or the OECD, which had established datasets
on a narrower set of policies (DG EMPL, 2018; OECD, 2022; Grubb & Keese,
2018; Grubb & Puymoyen, 2008). Inside this definition of labour market policies,
we might include the following interventions: active labour market policies, passive
labour market policies, employment protection legislation, collective bargaining
policies, and minimum wage policies (OECD, 1990; Blanchard et al., 2014).
Following seminal works in the literature, it is useful to understand active labour
market policies in relation to the other labour market policies (Calmfors, 1994;
OECD, 1990; DG EMPL, 1990; Rehn, 1989). Let us define what we mean by each

subset of interventions paying greater attention to the active ones.

Firstly, active labour market policies (ALMPs)* are interventions that pursue the
transition or retention of individuals to/in employment (Cronert, 2022; Cahuc et
al., 2014; Auer et al., 2008)°. Note that after socioeconomic changes started at the

1970s, ALMPs also aimed at transitions from one to other employment considered

* They were originally called active manpower policies (Meidner, 1969).
? Cronert (2022) also considers the transition to education programs as the objective of ALMPs.
We argue that it is more coherent to understand this as an intermediate objective and (stable)

employment as the final objective.
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better in terms of quality (Bonoli, 2007)°. Theorists have also posited that ALMPs
might have secondary objectives like avoiding inflation or wage pressures (Erixon,
2010; Calmfors, 1994). The concept of ALMPs has conventionally included four
tools: job search services, adult training, employment subsidies, and geographical
mobility subsidies. We will see later that their differences are related both to the
type of tool and to the channels used to impact the employment probability. In

what follows we advance some ideas and dig into the historical roots of ALMPs.

Following Bonoli (2010; 2013) and Clegg and Durazzi (2023), the origin of the
ALMPs was in Sweden during the 1950s with the Rehn-Meidner model. The tools
included under the label of ALMPs were not new neither in the economic theory
nor in public policy applications at that time (Weishaupt, 2011; Auer et al., 2008;
Rehn, 1990). The novelty was the development of an economic theory that
encompassed three policy fields under the same macroeconomic framework: fiscal
policies, monetary policies, and labour market policies (Erixon, 2010). For
recessions, Rehn (1985) explicitly opposed the inflationary expansive policy of
generalized public demand with his anti-inflationary expansive policy through
targeted public demand. On one side, the Rehn-Meidner theory promoted the
supply of labour emphasizing the importance of mobility (Rehn, 1989). This
concept was central in his theory and regarded both geographical and
occupational mobility, whether vertical or horizontal. Rehn (1989) admitted that
there were people with a low willingness to move, but he argued that even they
would benefit from ALMPs. The idea was that those with a sufficient willingness
to move will do it if costs are affordable and will leave their previous
occupational /local labour markets less tight. On the other side, the Swedish
economists highlighted the need of additionally increasing the demand of labour.
Rehn (1985) defended employment subsidies both for public and private jobs, but
also suggested using other fields of economic policy. For instance, he considered
positive for this end to use investment funds, export credits, public house building,

or public demand (Rehn, 1989).

The policy reception of these interventions has varied over time beyond Sweden.

The OECD rapidly supported the ALMPs at its recommendations of 1964, 1966,

6 This includes transitions from temporary to permanent employment, from part-time to full-time

employment, or from mismatched to matched employment (whether vertical or horizontal).
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1968, 1970, and 1976 (Alujas Ruiz, 2002)". During the 1960s, Weishaupt (2011)
describes how these reports seem to have influenced the policies of job search
services and adult training passed in Denmark, Germany, Austria, United
Kingdom, and Ireland. The unemployment rose in the 1970s and ALMPs were
still promoted in European countries like Sweden or Germany, but changing the
focus from adult training to employment subsidies (Bonoli, 2013). This
reorientation was supported by studies like Baily & Tobin (1977), who highlighted
the positive effect of employment subsidies, but adding cautionary messages on
displacement and production effects. The 1980s were characterized by a greater
divergence in the adoption of ALMPs across European countries, with the Nordic
countries maintaining the focus on ALMPs and Anglophone countries drawing
attention to the rest of labour market policies. Continental Europe invested more
money in PLMPs than in ALMPs, usually reserving the latter for insured workers,
in contrast to the Nordic strategy of expanding the labour force (Weishaupt,
2011). In the academic sphere, Calmfors (1994) took up the challenge of studying
the interactions of ALMPs with other labour market policies. The 1990s and 2000s
had this broader vision on all labour market policies, but now the EU took the
role of principal advocator of ALMPs (Weishaupt, 2011). During the 2010s, we
have seen in the European policy discussion the integration of the ALMPs inside
larger policy packages sometimes called active social policy or social investment,
in which there is space for work-life balance policies or active ageing (Bonoli, 2013;
Hemerijck, 2017).

Secondly, passive labour market policies (PLMPs) are interventions aimed at
alleviating the economic losses caused by unemployment or inactivity (Cahuc et
al., 2014; Auer et al., 2008). Their tools are money transfers in the form of
unemployment benefits, public-funded redundancy compensations, public-funded
bankruptcy compensations, or early retirement benefits (DG EMPL, 2018;
OECD, 2022). In short, if an ALMP is a trampoline towards employment, a
PLMP is a life net for the fall in income®. The flagship of PLMPs is the
unemployment insurance, a social insurance system that was first implemented

by a public entity in Ghent in 1901 (Weishaupt, 2011). France was the first

" It is important to consider that Rehn was the Director of the OECD’s Manpower and Social
Affairs Directorate from 1962 to 1974 (Weishaupt, 2011).

8 The same metaphor was used as subtitle in World Bank (2001): “From safety net to
springboard”.
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country to execute this policy in all its territory in 1905. Then, unemployment
insurances were sequentially appearing in Europe with some differences in design
features, like the mandatory condition or the implementation through unions
(Weishaupt, 2011).

Interrelating ALMPs and PLMPs, the literature has tended to conflate two
conceptions of active labour market policies (Bonoli, 2011). The Swedish
interpretation highlights that the government should be active by intervening the
economy to correct labour market failures. The English interpretation emphasizes
that the benefit recipient should be active by searching for a job while receiving
public funds. We use ALMPs exclusively to regard the first interpretation and,
following Clasen & Mascaro (2022), we leave the second meaning to the concept

of activation or conditionality in the design of PLMPs.

Thirdly, employment protection legislation (EPL) is a set of public policies that
regulate the processes of hirings and dismissals. For this reason, they are specially
related to the so-called external flexibility of firms. Regulation materializes as
unstructured data in documents gathering decisions at many levels of
policymaking, so the characterization of the design of these policies is a complex
task. To do it, the OECD created the EPL Database (OECD, 2020). These
regulations usually set different rules for hirings with open-ended and temporary
contracts, and for individual and collective dismissals. Some of the aspects
regulated for the individual dismissals of workers with open-ended contract are
“procedural requirements before notice can be given, notice period and severance
pay, the regulatory framework for unfair dismissals and enforcement of unfair
dismissal regulation” (p. 178). Regarding the hiring of workers with temporary
contracts’, some of the items delimited in these policies are the valid reasons to
use these contracts, the maximum number of consecutive temporary contracts,
the maximum cumulated duration of this sequence of contracts, or the

requirement of authorizations or declarations of these contracts.

Fourthly, collective bargaining policies (CBP) are a set of public policies that
delimit the processes of setting wage and working conditions agreed between trade
unions and employer organizations. Collective bargaining agreements are private

policies, because decision-makers are private agents. However, public authorities

% Inside the category of temporary contracts, the OECD (2020) includes both the fixed-term labour
contracts and the temporary agency work contracts.
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may intervene in these pacts through regulations, that may have different features
in respect to their goals and means'. Let us review examples of these rules to
influence the collective bargaining coverage, control, and centralization (Visser,
2024; Visser, 2021). Regarding coverage, extension policies force the application
of collective agreements to all workers in its jurisdiction, not only to members of
signatory unions (Visser, 2016). This policy may take different legal forms, like a
provision of a law, an administrative order, or judicial decisions (Visser, 2024).
Moreover, temporal validity policies!! delimit the duration of collective agreements
by establishing a minimum /maximum duration as a default or mandatory option.
Notice that the minimum duration may even be indefinite by default, as in
Portugal until 2003, where the collective agreement could only be terminated if

the parties explicitly settle it (Visser, 2016).

There are other CBP that may facilitate the enforcement of the agreements
through control. Policies on works councils may make their presence in each
establishment something mandatory, but other policies may also force the union
representation in the workplace as separate from these work councils.
Additionally, CBP may also regulate the conflicts of rights by referring grievances
through an arbitration procedure established in the law. CBP may also interfere
on the degree of centralization of collective bargaining. Favourability policies
impose a hierarchy of levels of bargaining in which a certain level is considered
superior in application. For instance, sectorial agreements may take priority on
enterprise agreements, or the opposite. The favourability rule is usually
understood in a positive way for the worker, meaning that even under sectorial
favourability, an enterprise agreement may be applied rather than the sectorial if

the former improves the employment conditions of the latter (Visser, 2024).

Fifthly, minimum wage policies (MWP) are the alternative path took by some
governments to delimit the processes of setting wages. These policies also use
regulations as tool but are substantive instead of procedural because government

directly establish the minimum wages without requiring the approval of social

10 For the analysis of policies that use regulation tools, it is useful to consider an approach to
codify the documents of a policy design known as Institutional Grammar (Frantz & Siddiki, 2022).
After splitting the documents in units of analysis (usually statements), one of the dimensions
proposed by this approach is the prescriptive operator of the unit. This variable identifies if a
provision of a regulation requires (must), allows (may), or forbids (must not) a certain action.
Therefore, the policies presented below are just particular cases of certain prescriptive operators.
1 They are also known as ultra-activity, after-effects, or temporal extension policies.
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actors. Thereby, to difference these rules from the wage floors set in collective
bargaining, they are sometimes called statutory minimum wages. Picot (2023)
argues that the main design features of MWP are: the coverage (national or
sectorial), the level, the process to adjust such level, their differentiation in

function of the worker category, and the enforcement rules.

Now that we have briefly presented all labour market policies, we may concentrate
on the two sides of the ALMPs studied in our doctoral thesis. We try to bring
evidence about the effectiveness of different design features (on the means side)
and about the selection of different target groups (on the goals side). Let us review
what have been the conventional solutions for configuration of tools and target
groups in ALMPs.

1.2.1. Tools of ALMP

The tools or instruments included in policy designs to provoke behavioural
changes on the target individuals are usually the fundamentum of many ALMP
classifications. There have been different typologies proposed by international
organizations (DG EMPL, 2018; OECD, 2022), researchers from economics
(Brown & Koettl, 2015; Rehn, 1985) or from social policy (Bonoli, 2013). We
argue that there are many common points between these classifications, so we are
going to take ideas from different sources. We use a hierarchical classification of
ALMPs that follows the two dimensions of goals and means of public policies.
The first level of this classification is available at Table 1. Initially, we are going
to explain each dimension of classification. Then, we deep into each cell to describe

how each tool may contribute to each goal.

Table 1 — First-level classification of ALMPs

Matching Productivity
Service provision Job search services Adult training
Money transfers Geographical mobility subsidies Employment subsidies

Note: The columns refer to the goal and the rows to the mean.
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Regarding the goals dimension, Crépon & van den Berg (2016) propose an
interesting way of classifying ALMPs according to their main objective!>. There
are programs aimed at facilitating the matching process between employers and
workers. Inside this group we may place the job search services and the
geographical mobility subsidies. In a sense, these policies try to modify the supply
of labour by acting first on the behaviours, preferences or beliefs of workers (Rehn,
1985). There are other programs directed at increasing the productivity of the
workers. On one side, adult training attacks the numerator of the productivity
function by increasing the productive skills of workers (the output). On the other
side, employment subsidies influence the denominator of the productivity function
by decreasing the labour costs (the input). Complementary, these programs are
aimed at changing the demand of labour by intervening first on the behaviours
and beliefs of employers (Rehn, 1985). In sum, matching interventions
immediately reduce the costs of job search to the jobseeker, whereas productivity

interventions immediately decrease the costs of the employer.

Regarding the means dimension, we think that it is useful to depart from the tool
classification developed by political scientists across different policy fields
(Howlett, 2018). In the previous section, we summarized it in three clusters of
tools: goods/services provision, money transfer, and regulation. We saw before
that regulation is the tool of EPL and CB, leaving the other remaining clusters
to ALMPs and PLMPs. Thereby, ALMPs work either through service provision
or through money transfers. A similar distinction has been proposed by Weishaupt
(2011) and OECD (1990) by distinguishing financial and non-financial
interventions. As we can see in Table 1, if we follow the original proposal of Rehn
(1989) that gave remarkable importance to mobility, we can place ALMPs in the
four cells resulting from combining the means (services or money) and the goals

(matching or productivity).

The classification proposed in Table 1 may be further detailed either decomposing
the design features of the intervention (on the means side) or looking at the
intermediate variables targeted by each intervention (the goals side). Let us
introduce now each tool and the theories that justify public funding of these

interventions. The research chapters devote a deeper literature review on the uses

2 This idea is also in Kluve (2010), but without explicitly linking employment subsidies to
productivity.
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and effects of job search services and adult training, since they have been the

tools studied in this doctoral dissertation.

Job search services. The literature has usually proposed a miscellaneous concept
that incorporates job search assistance, monitoring, and sanctions (Card et al.,
2018); enhanced services, which include assistance and sanctions (Vooren et al.,
2018); employment services (Kluve et al., 2019); labour market intermediation
services (Escudero et al., 2018); or just job search assistance (Filges et al., 2018).
Our suggestion is using “job search services”, a concept that encompasses both
assistance and intermediation. We argue that it is useful to separate job search
assistance and job search intermediation because they intervene on the job search
through two different channels'®: improving the job search made by the worker or
delegating such job search in an intermediary. Assistance per se does not remove
the job search as a task of the jobseeker, whereas intermediation substitutes the
job search of the participant by assigning the task to a caseworker. Both tools
may be mixed, e.g. having both better job search developed by the worker and
job search performed by a third-party, but they represent two different strategies
to cope with the problem. Thereby, public or private employment offices might

use one or both strategies.

Job search intermediation has sometimes been called vacancy referral (Bollens &
Cockx, 2017; Huuskonen, 2023; Jeremy, 2023), employer intermediation (Brown
& Koettl, 2015), job placement (Cahuc et al., 2014), or simply labour market
intermediation (Clegg & Durazzi, 2023; Escudero et al., 2019; Dammert et al.,
2015). Another way of thinking on job search services is as a cumulative
continuum of services sorted from less to more proactiveness by part of the service
provider!. First, the less proactive service is what Autor (2009) calls a basic job
board, which is simply an offline or online platform in which many employers pool
their vacancies and workers register their profiles as jobseekers. Second, the next
degree of proactiveness might be what we call a closed vacancy referral. This
involves an evaluation of the suitability of several vacancies for a certain jobseeker

(if the service is for a worker). In the setup of ALMPs, under this service the

13 Inside job search services, besides job search assistance and intermediation, some researchers
introduce the job search requirements (Cahuc et al., 2014; Kluve, 2010). These requirements,
whether soft (monitoring) or hard (sanctioning), are always linked to PLMPs. For this reason, as
we argued before, we place job search requirements (conditionality) as a tool feature of PLMPs.

1 Inversely, we can think them as a continuum from more to less automatable.
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worker fixes the value of some parameters of the search like the occupation, the
industry, or the location. If these values match those of more than one vacancy,
the intermediary may assess how the search parameters set by the employer align
with those of a particular jobseeker. This deals with the other part of the
intermediation, because the provider may evaluate several jobseekers for a certain
vacancy (giving a service for an employer). The following degree of proactiveness
involves interventions aimed at modifying the behaviors or preferences of the

jobseeker, which we refer to as job search assistance.

Job search assistance includes interventions that have been deeply studied by
psychologists. Liu et al. (2014) propose two subsets of tools depending on the
intermediate outcomes that they target (job search skills or jobseeker’s
motivation). The first group may include actions like training on job search skills
to approach vacancies via internet or networking, but also training on self-
presentation abilities. These interventions target the quality of the job search.
The second group focuses on psychological elements like self-efficacy, proactivity,
goal setting, social support or stress management. These interventions are aimed
at the quantity of the job search. Junquera (2024a), based on Crépon & van den
Berg (2016), has proposed a third subset to include those tools directed at a third
intermediate outcome: the job search targets. The job search targets encompass
the occupations, sectors, and geographical areas of interest. The interventions in
this group are mainly based on the provision of costly or difficult-to-access
information on labour or product markets. They foster a compromise between the
supply and the demand of labour. We may think them as a redirection of the
search or as an open vacancy referral. The main idea is that the employment office
tries to change some of the key search parameters to have an earlier or more

socially efficient match.

The existence of employment offices might be explained by an incomplete
information problem. Collecting information on vacancies is costly for jobseekers.
Equivalently, gathering information on jobseekers is costly for employers. In this
situation, there is a place for firms in the form of employment offices that facilitate
the matching process through assuming the high fixed cost of collecting employers

with vacancies and jobseekers (Cahuc et al., 2014).

But why should the government fund a public employment office? Lee (2009)

argues that the public provision of these services is justified by an asymmetric
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information problem between jobseekers and private providers of intermediation.
Departing from true cases of abuse of private providers towards jobseekers in
USAY, Lee (2009) maintains that if workers cannot differentiate between low-
quality (abusive) and high-quality (non-abusive) providers, the latter have an
incentive to offer low-quality services. This might be a reasonable assumption due
to the lower educational attainment of clients of these services and to the problems
associated to incomplete contracts (Lee, 2009; Cahuc et al., 2014). The
consequence is that only low-quality providers remain in the market, a situation
that is known as adverse selection. The introduction of public providers of
intermediation may solve the problem by crowding out the low-quality private
providers. The argument is that uninformed jobseekers might use public
employment services (PES) without cost and without risk of abuse. To face this
situation, low-quality private intermediaries may either exit the market or offer a

credible high-quality service'S.

Adult training. This subset of ALMPs has also been related to multiple names
such as retraining (Vooren et al., 2019; Kruppe & Lang, 2020), labour market
training (Filges et al., 2018; Andrén & Gustaffson, 2004), continuous training
(Lechner, 2000), vocational training (Hirshleifer et al., 2016; Andrén & Andrén,
2006), or simply training (Card et al., 2018; Escudero et al., 2018; Kluve, 2010).
They do not always refer to the exact same intervention, because the concept
sometimes highlights a specific tool feature. We support the use of “adult training”
to be more specific with the interventions usually framed under the label of ALMP
and to be as general as possible to include different configurations of their design.
Inside the European Union, CEDEFOP (2014) makes an interesting distinction
between initial education/training and adult education/training!”. This recognizes
that vocational training may be offered inside the educational system (initial) or
outside it (adult). We argue that the idea of adult training is aligned with two

design features that were in the origins of ALMPs in Sweden.

5 Some examples of abuse were the following: providers of intermediation not making effort after
jobseekers paid the fee, referral of vacancies unfeasible for the jobseeker due to distance reasons,
collusion with employers for dismissals...

16 We must recognize that the more the public provider offers a credible high-quality service, the
more it pushes private providers to increase their quality to compete. However, Larsen & Vesan
(2011) remind that high quality of job search intermediation in PES is not something trivial.

7 The ISCED 2011 also has a similar distinction between adult and initial education (UNESCO
Institute of Statistics, 2012).
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One of the interventions promoted during the origin of ALMPs in Sweden were
called quick retrainings (Bonoli, 2010). This concept highlights two important
features of these interventions: its non-initial character and its short duration. On
the non-initial character, Rehn (1985) argued that labour market training
programs had always being separated from the educational system. He defended
the importance of “generous help to workers to leave imperilled fields (by
providing retraining or moving allowances) and take up jobs in more prosperous
fields and areas” (Rehn, 1985, p. 66). On the short duration, notice what Rehn
(1985) calls the original principle of the system: “the ability to make rapid
improvisations in courses to reflect changes in the local labour market situation
and to utilize as teachers anyone with experience in a given occupation, without
much reverence for formal certifications, etc.” (p. 75). This idea crashes with the
rigid calendars and procedures of the educational system. Moreover, it indicates
that these training courses are generally shorter than those offered under the

educational legislation.

These two characteristics are generally shared by all training interventions under
systems of ALMPs, but there are also substantial differences in other features of
the programs. Kemper et al. (2022) gathered some variables that may be called
features of adult training like the learning model (classroom-based vs. work-
based), the intensity (usually proxied through duration), the degree of formality
(including certification and regulation of curriculums), or the economic support
to beneficiaries (through cash or services like childcare). Other studies have
focused on the target groups mentioned in the policy goals, like unemployed
workers or employed workers (the so-called continuous training). We have
specially concentrated on the first two design features. Regarding the learning
model, the OECD (2018) defines work-based training as “learning that takes place
through some combination of observing, undertaking and reflecting on productive
work in real workplaces” (p. 29). This learning strategy is sometimes called
internships when there is not a payment to the trainee and apprenticeships when
there is (OECD, 2023d). Concerning the intensity, the extension of the learning
is difficult to observe, but we can use duration as a proxy of the quantity of hours
devoted to such learning or the amount of money paid to the teacher as a proxy

of the quality of such learning process (Escudero et al., 2019; Martin, 2015).

Economists have justified the public funding of adult training both when there is

imperfect or perfect competition in labour markets (Cahuc et al., 2014). Tt is
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useful to distinguish between on-the-job training (for employees) and out-of-the-
job training (for unemployed workers). The type of ALMP that we have called
adult training is closer to the Becker’s definition of general training, since it is not
firm-specific (Leuven, 2005). Regarding out-of-the-job training, Cahuc et al.
(2014) argues that informational asymmetries may produce several social
inefficient individual decisions on general training. On one side, an overeducation
of the worker due to the difficulties to signal her productivity. On the other side,
undereducation due to imperfect credit markets (also argued in Boeri & van Ours,
2008), transaction costs, or the difficulty to signal her productivity if she was
trained. Concerning on-the-job training, Boeri and van Ours (2008) maintain that
public funding of these programs is only justified when labour markets are not
monopsonistic. When the situation is closer to perfect competition due to lack of
market power and lack of search frictions, firms have no incentives to invest on
training because their workers can easily change to another company. We will

focus on adult training for unemployed workers.

From the social policy literature, the participation of individuals in adult training
programs has been promoted due to the “(changing) skill requirements on the
supply side of the economy” (Hemerijck et al., 2023, p. 485). In a sense, this also
compels the state to fund adult training, since those now with mature age took
their initial training under a very different socioeconomic structure. For example,
changes like the tertiarization of the economy were promoted by the state through
free trade agreements. Thereby, the state varied the “rules of the game” after
individuals invested on certain education decisions now obsolete, so its

intervention may be understood as a compensation.

Employment subsidies. Under this label, like Crépon & van den Berg (2016) and
Kluve et al. (2019), we place interventions that subsidize labour costs either in
the private or the public sector. The programs aimed at the private sector have
received names like subsidized labour (Vooren et al., 2019), subsidized private
sector employment (Card et al., 2018), private sector incentives (Escudero et al.,
2018; Filges et al., 2018), wage subsidies (Jaenichen & Stephan, 2011; Garcia-
Pérez & Rebollo-Sanz, 2009; Katz, 1998), or marginal employment premiums
(Rehn, 1990). The programs directed towards the public sector have been called
public sector employment (Vooren et al., 2019; Eichler & Lechner, 2002),
subsidized public sector employment (Card et al., 2018), public works (Escudero

et al., 2018), or direct employment programs in the public sector (Filges et al.,
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2018). The concept of “employment subsidies” is useful to highlight the common
base of all these programs that differentiates them from adult training: they fund
labour costs through money transfers without doing efforts to guarantee a
minimally formalized training experience. All these interventions incentivize

hiring by offering an increase in the productivity of the organization.

That said, a second level classification is useful because it clarifies the different
mechanisms (intermediate variables) targeted by each type of employment
subsidy. On one side, employment subsidized at the private sector may influence
the employment probability after the subsidy due to a second mechanism:
signalling (Crépon & van den Berg, 2016). If employers are reluctant to hire the
targeted individuals due to the lack of information on its productivity or
statistical discrimination, these interventions might subsidize part of this risk by
allowing employers to assess such productivity in the workplace. The downside is
that, because hirings precisely depend on the risk perceptions of private
employers, recruitment could take more time to happen than in public jobs. On
the other side, employment subsidized at the public sector may not have an effect
through the signalling channel due to the highly bureaucratized character of many
public administrations. In these cases, hiring is widely standardized through a set
of pre-specified variables, so unobservable factors like productivity are usually not

considered directly in the recruitment process.

Different studies on ALMPs have indicated how wide is the space of design
features linked to these interventions (Cronert, 2019; Crépon & van den Berg,
2016; Katz, 1998; Rehn, 1990). Some of these variables are the duration, the
subsidy amount (as a proportion of the wage or a lump sum), the transfer channel
(e.g. cash, a tax decrease, or a social security contribution reduction), and the
characteristics of the subsidized agent (the employer). Cronert (2019) analysed
3,464 versions of programs of employment subsidies implemented in Europe from
1998 to 2013. He proposed two latent dimensions to group these subsidies while
collecting 79 % of the variance in several variables of the design: how outsider
might be considered the target group and how structural/cyclical might be
considered the labour market challenges faced by the subsidy.

The justification of the public funding of employment subsidies has usually been
framed in a macroeconomic framework. It is useful to depart from the existence

of equilibrium unemployment due to the existence of efficiency wages, unions more
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focused on insiders than outsiders, and/or the moral hazard problem of
unemployment benefits (Layard et al., 2005). To cope with this equilibrium
unemployment, governments may implement expansionary demand policies, but
this may generate inflation problems. Baily & Tobin (1977) suggest that an
employment subsidy targeted towards unemployed workers increases the
aggregate demand and “contribute less to wage pressure than a corresponding
increase in regular employment” (Calmfors, 1994, p. 24). The reason is that
increasing public demand without fostering the hiring incentives on certain groups
of workers might generate a competition of firms across employed workers, which

would raise wages.

Geographical mobility subsidies. This category of interventions has not been
included in contemporaneous literature reviews on ALMPs, probably due to the
scarce number of evaluations of these programs (Caliendo et al., 2023). This is
interesting due to the importance of geographical mobility subsidies in the Rehn’s
theory and in the Swedish policy of the 1950s and 1960s (Erixon, 2010). In the
proposal of Rehn (1990), to decrease the unemployment rates, the subsidized
agent is not necessarily an unemployed worker. Geographical mobility subsidies
may push employees in an overheated territory to move to the incentivized
territory, leaving vacancies for those unemployed workers that are not willing to

change their residence.

We may create a second level classification for these subsidies by distinguishing
two possible channels to influence the employment probability: subsidizing
commuting or subsidizing residential changes. Inside these categories we can also
distinguish some design features. For commuting, Potter et al. (2006) describes
how some developed countries have experimented with subsidies on the costs of
public or private transports, whether by car, bus, weekly plane, or bicycle. For
residential changes, Caliendo et al. (2023) reports that Germany designed different
incentives for the cases in which (a) the costs of getting a new job included to
maintain two households or (b) this new employment required a full relocation
with higher transportation costs. In any case, policymakers need to make a
decision on other design features like the subsidy amount (whether as proportion
or as lump-sum pay), the duration, or the transfer channel (e.g. through the tax

system or through cash).
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The existence of public geographical mobility subsidies may be grounded on the
existence of structural unemployment due to a wage-setting procedure that
depends on the unemployment rate of its territory and the unemployment rate of
a leading territory in the same region. For example, let us think about a provincial
sectorial collective agreement determining wages in the municipality of Barcelona
and also in a small municipality of the province of Barcelona. If wages in the
leading local labour market cannot decrease more, subsidizing mobility to less
tight local labour markets is justified due to the negative externalities of
unemployment or due to other externalities like traffic congestion. The funding of
these ALMPs could be done by increasing taxes on the leading territories

according to a Pigovian logic (Layard et al., 2005).

Lastly, we may think that the four tools usually understood as ALMPs have two
modalities: aimed at employment or aimed at self-employment. Job search services
for self-employment may offer information on possible product markets to enter
or may delegate tasks related to firm creation. Thus, labour market intermediation
might be understood as the sum of job search intermediation (a service for
workers) and job offers intermediation (a service for employers). Adult training
programs for self-employment would train people on legal and economic aspects
to manage a company. Employment subsidies for self-employment are the so-called
start-up incentives, which may not only fund labour costs, but also capital costs
(Romén et al., 2013). In relation to geographical mobility subsidies, some
governments have offered housing grants in a more general framework than labour

market policies, so both employees and people who is self-employed are eligible
(van Dijk, 2019).

1.2.2. Target groups of ALMP

Another decision that policy designers must make is the target groups of the
policy goals. Since ALMPs are implemented to face not only transitions from
unemployment to employment, they have not been only directed at unemployed
workers. Cronert (2022) took all the ALMPs except job search services executed
in the EU plus Norway from 1998 to 2013 and concluded that 87 % were targeted
towards the unemployed, 38 % towards the inactive, and 23 % towards the
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employed'. This is a one-dimensional approach to define target groups, but
nothing precludes to classify individuals into multi-dimensional target groups (e.g.
low-skilled unemployed, high-skilled unemployed, low-skilled inactive...). Thereby,
the number of target groups that may be made up is infinite, so policy designers
usually deal with a shorter list of candidate target groups. Beyond philosophical
considerations on which group to attend, the literature has attempted to put

forward two main paths for selecting target groups in a data-driven manner!’.

Firstly, one reason to attend the selection of target groups is that interventions
may have heterogeneous effects in function of the characteristics of the
participants (Kluve et al., 2019). In potential outcomes terms, conditional average
treatment effects on the treated for each program D = d are usually estimated for
each candidate target group X = z. Formally, this estimand is E[Y;(D = d)|D =
d, X = 2] — E[Y;(D =0)|D = d, X = 2]. Such counterfactual view of ALMPs
allows to consider the possible deadweight effects (European Commision, 2017).
Notice that it is not necessary to restrict the analysis to the treated population,
but also consider the displacement effects on the untreated population (Cheung
et al., forthcoming; Crépon & van den Berg, 2016). The classic approach to
heterogeneity is called subgroup analysis, because groups are defined in advance
and then potential outcomes are estimated (Yang et al., 2021). The
contemporaneous approach to heterogeneity is more prone to define groups after
potential outcomes are estimated using techniques like causal forests (Imai &
Ratkovic, 2013; Wager & Athey, 2018).

Secondly, when treatment effects have not been credibly estimated for different
target groups, a more modest approach is to allocate treatments according to the
unemployment probability of an individual in the future under no interventions.
In potential outcome terms, the estimand of this approach is E[Y;—.(D = 0)],
where t is usually one year later in labour market policy applications. If the
previous strategy allocates resources according to how beneficial a treatment is
for a group, this strategy does it according to how severe is her diagnosis. This
procedure is usually called jobseeker profiling (Desiere et al., 2019; Kortner &

Bonoli, 2023). While the previous strategy is focused on effect estimation, this

8 The percentages do not sum up to 100 because a program may be targeted to two or three of
these groups, i.e. they are not categories of a unique variable.

19 Kuppler et al. (2022) is an interesting outlier in the literature, because it combines philosophical
debates on distributive justice with statistical procedures for choosing target groups.
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one is concentrated on prediction. In practice, jobseeker profiling usually joins the
pre-determined and the post-hoc grouping of individuals. To evaluate the
predictive performance, it compares the observed with the predicted value using
a variable whose categories are initially defined. To deploy the model, a PES may
generate new groups from the predicted score attending its specific goals and costs

(Kuppler et al., 2022).

Two additional dimensions may be considered when deciding targeting:
stigmatization and inflation. On one side, Calmfors (1994) considered targeting
as one of the crucial design features and introduced a warning: ALMPs should
not be targeted in a way that give them bad reputation, because if this is the case
employers may use them as screening devices. For this reason, he recommended
an anticipation of future long-term unemployment by directing programs towards
medium-term unemployed. On the other side, Rehn (1990) proposed selecting the
target groups taking into account the inflation consequences. Specifically, he
argued that focusing ALMPs on sectors with high product demand might relief
the inflationary pressures derived from an insufficient product supply. This would
avoid confronting the empty vacancies with a wage growth and would allow to

decrease the unemployment rate.

2. Justification

This doctoral thesis analyses labour market policies implemented in two countries
using insights from two disciplines. In the first part, we contextualize and justify
the pertinence of analysing cases of studies from both countries. In the second
part, we justify the relevance of writing a dissertation from the perspective of two

social sciences.

2.1. Spain and Italy

We analyse three policies related to the labour markets of two countries, Spain
and Italy, during the period 2015-2022. Specifically, we focus on two regions of
these states: Catalonia and Veneto. To contextualize these countries, we are going
to review for the period of interest: (1) the main economic and social features of
these territories with their average values, and (2) the main features of their

labour market policies. Then, we are going to present three reasons that justify

30



our dissertation in relation with these socioeconomic and policy configurations.
All the following data come from Eurostat (2024a; 2024b; 2024c), except the
statistics on collective bargaining, which are estimated in OECD (2023d) and
Visser (2024).

Spain has 46.9 million inhabitants and a GDP per capita of 25,250 €, below the
EU-27 average of 30,689 €. The percentage of the population aged 15-64 that is
in the labour force is 74 % and the unemployment rate has ranged from 22.1 %
in 2015 to 13 % in 2022. At the regional level, Catalonia has 7.5 million
inhabitants and a GDP per capita of 29,750 €. Its unemployment rate has gone
from 18.6 % in 2015 to 10 % in 2022. Regarding the income in Spain, the
inequality of its distribution measured through the ratio of the highest versus the
lowest quintile is 6.2, which is above the EU average (5.01). Also related to income,

its collective bargaining coverage rate is 73 % and the union density is 13 %.

Italy has 60 million inhabitants and a GDP per capita of 29,539 €, closer to the
EU-27 average mentioned before. The labour force participation rate among those
aged 15-64 is 65 % and the unemployment rate has gone from 12 % in 2015 to 8.1
% in 2022. At the regional level, Veneto has 4.9 million inhabitants and a GDP
per capita of 33,238 €. The unemployment rate has ranged from 7.1 % in 2015 to
4.2 % in 2022. Concerning income in Italy, the inequality of its distribution is
similar to the one found in Spain with a value of 5.92, distant from Nordic
countries like Denmark (4.05) or Continental countries like Germany (4.76). Such
distribution is conditioned by a collective bargaining coverage rate of 100 % and

a union density rate of 33 %.

Let us make now a brief review on the state of the different labour market policies

at these two countries during the years of interest.

Active labour market policies. In Spain, ALMPs are designed and implemented at
the three levels of government (state, region, and municipality), but most
decisions are made at the regional level after the decentralization process ended
in 2011 (Cueto & Suérez, 2015; Rojas, 2012). This has provoked that some regions
like Catalonia established a quasi-market of ALMP providers for services like
adult training. An important source of funding comes from transfers from the
state to the regional level according to indicators of implementation, which are
far from effect estimates of the programs (Cueto & Suérez, 2015; Cebrian Lépez

et al., 2021). As we see in Table 2, in Spain, the total expenditure per person
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wanting to work in all ALMPs except job search services is 1,477 currency units
at purchasing power standards (DG EMPL, 2020). Although it is not very far
from the European average, it is still well below Nordic countries like Denmark
or Sweden. If we look at the distribution of the expenditure across tools, we see
that in Spain it is much more prevalent the use of employment subsidies than
adult training. Something similar happens with the expenditure in job search
services, being close to the EU average but having around one third of the

resources devoted in Nordic countries.

The current system of ALMPs in Italy has been substantially delimited by the
Jobs Act reform (2014-2016) of the Renzi Cabinet (OECD, 2019b). The policy
governance is also multi-level and unequally shared between the central and the
regional governments, giving more weight to the regions. Both in Italy and in
Spain, the state level determines the minimum set of programs that every region
should offer. Regarding funding, transfers from the state to the regions started as
in Spain through yearly agreements during 2016 and 2017 but changed to a
permanent transfer from 2018 (OECD, 2019b). Quasi-markets for service
provision were promoted throughout the country with a first phase of jobseeker
profiling and a second phase of participation in ALMPs through vouchers
(Scarano, 2019). Table 2 shows that the actual expenditure of Italy in adult
training or subsidies (either for employment or mobility) is very low in
comparative terms. The 972 currency units per person wanting to work are very
distant from the EU average. The distribution across tools resembles Spain, since
it gives more weight to subsidies than to adult training. The spending on job
search services, 0.002 % of the GDP, is even more negligible. There is a stark
difference with the country with the largest expenditure, Germany, which invests
0.219 % of the GDP in this tool.

32



Table 2 — Country expenditure in ALMPs. Data for 2018 in purchasing power

standards for members of the European Union plus Norway.

Country Total Adult Private Public Self- Job
ALMP, training  employment employment employment search
except subsidies subsidies subsidies services
JSS (JSS)

DK 8,269.2 17.65 82.35 0 0 0.195

LU 5,660.8  32.06 65.44 2.47 0.03 0.032

SE 5,600 11.9 87.45 0 0.65 0.181

FI 3,698 47.82 25.43 24.68 2.07 0.088

BE 3,466.6  31.21 60.63 8.03 0.13 0.100

AT 3,167.1 73.47 16.44 9.18 0.91 0.106

HU 3,062.3  4.81 21.99 69.9 3.3 0.044

NL 2,904 16.14 83.86 0 0 0.078

NO 2,652.6  33.81 65.74 0 0.44 0.094

CZ 2,508.2 1.92 79.26 18.32 0.51 0.026

1IE 2,255.4  39.8 12.34 47.86 0 0.008

DE 2,216.3 71.09 18.13 7.27 3.51 0.219

EU 2,219.4  29.16 53.95 13.7 3.19 0.061

ES 1,477.3  20.6 34.77 21.38 23.26 0.067

EE 1,328.9  27.49 70.07 0.08 2.37 0.101

PL 1,295.2 1.91 81.83 4.18 12.09 0.027

HR 1,221.6  25.46 24.72 27.37 22.45 0.053

LT 1,197.8  33.46 66.53 0 0 0.020

PT 1,101.2  52.86 37.07 8.91 1.17 0.036

SK 973.8 13.62 76.48 4.62 5.28 0.002

IT 972.8 30.01 69.28 0.61 0.1 0.002

SI 865.9 32 27.44 37.87 2.7 0.042

MT 062.7 7.82 90.74 1.44 0 0.022

BG 440.7 28.59 27.18 44.04 0.16 0.000

LV 376.4 52.15 29.46 16.82 1.57 0.023

CY 280.6 36.89 63.01 0 0.11 0.016

RO 149 13.56 85.17 1.14 0.2 0.000

Note: The data come from DG EMPL (2020), which does not have available data

for France, Greece, and United Kingdom. The first column shows the total
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expenditure per person willing to work (those unemployed plus inactive people
who want to work but are not searching or immediately available to work) in
absolute terms at purchasing power standards. The rest of columns show row
proportions. This is the last available analysis including data from Italy. In the
EU database, geographical mobility subsidies are included in the private
employment subsidies category (4). The last column shows data on the country
expenditure in 2018 as percentage of its GDP and comes from DG EMPL (2024).

Passive labour market policies. The generosity of the system of PLMPs in Spain
and Italy may be approximated through the replacement rates exposed in Table
3. The proportion of previous in-work income maintained after unemployment are
always above the OECD average even after five years in Spain. The situation in
Italy is similar until the first year. From the second year, the amount of income
provided by PLMPs decreases substantially in relation to previous earnings. The
conditionality of the PLMPs is especially high in the sanctioning dimension in the
two countries both for the insurance and for the means-tested benefits.
Specifically, the unemployment insurances of Spain and Italy are placed in the
positions 6 and 7 out of 35 member states of the OECD for this dimension of
strictness. These indices collect the conditionality according to program designs
but looking at indicators of policy implementation in Spain we estimate that only
1 % of the unemployment benefits managed by the central PES were linked to a
sanction (Ministry of Labour of the Government of Spain, 2024). Both countries
are in the bottom of the classification of strictness of job search requirements

procedures for this benefit (Immervoll et al., 2020).

Employment protection legislation. Spain has an intermediate degree of strictness
on the dismissal of permanent workers, being placed at the 15th position out of
37 developed countries studied in OECD (2020). Italy has a high strictness on the
dismissal of permanent workers in relative terms, since it ranks at position 5 out
of the 37 states. In this country, some elements of the EPL for these workers are
established through collective bargaining, like the notice or the trial periods.
According to the data from OECD (2020), “in Italy, sectoral agreements generally
provide for shorter trial periods and longer notice periods” (p. 192). On the degree
of strictness of dismissals with temporary contracts, both countries are in the

intermediate group one next to the other. Their indexes lie very close to the
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average value for OECD members, with Spain just below Germany in the ranking
(OECD, 2021)*. Notice that the variability between countries in the regulatory
strictness to fire a permanent worker (CV = 0.180) is lower than the variability
found to fire a temporary worker (CV = 0.457)?'. Lastly, Spain and Italy are
countries located in the group of high strictness of regulation for hiring temporary

workers, since they are at the 5th and 3rd positions in this ranking (OECD, 2020).

Table 3 — Replacement rates of PLMPs in Spain, Italy, and OECD. Averages for
[2015, 2022].

After 2 After 6 After 1 After 2 After 5

months months year years years
Spain 77.75 77.75 57.125 57.125 33
Ttaly 73.375 70.625 60.5 30.875 15
OECD 64.25 56.5 44.125 35.5 28.375

Note: The data come from OECD (2024). The values are estimated for a
household of a single person without children that had 67 % of the average wage
as previous in-work incomes. The columns indicate the time elapsed since the

entrance in the unemployment status.

Collective bargaining policies. Let us review the configurations in the two countries
using data from OECD (2023d)*. Both Spain and Italy have extension policies,
in Spain through erga omnes collective agreements and in Italy through the case
law on pay scales. The temporal validity of collective agreements is of one year

after expiration in Spain and if there is not new agreement, the higher-level

2 This classification is made through the index of termination of fixed-term contracts, which is
an average that gives equal weight to the indicator of protection against terminating fixed-term
contracts before the end of the contract and the indicator of protection against terminating fixed-
term contracts at the end of the contract (OECD, 2021). The clustering in three groups (high,
intermediate, and low regulatory protection) follows OECD (2020). It considers as the high group
the 10 countries at the top of the ranking, as the low group the 10 countries at the bottom, and
the rest is assigned to the intermediate protection level.

2L CV denotes the coefficient of variation.

2 We used the values of the last year available (2019).
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document applies (if any)?. We do not have evidence on the presence of such
mandatory public policy for Italy (Visser, 2016). To influence the enforcement,
the union workplace representation is mandatory in Italy, but in Spain is only
guaranteed if they have negotiated a collective agreement. The situation is the
opposite with respect to policies on arbitration procedures. Spain forces collective
agreements to include a specific procedure for handling grievances, whereas Italy
does not. Regarding centralization, the favourability policy of Spain gives priority
to enterprise over sectorial agreements®. However, workers in most sectors were
not finally covered by enterprise agreements, possibly because “most new
collective agreements were signed by small or medium-sized firms, with low
coverage” (Rocha, 2018, p. 257). The policy in Italy sets sectorial favourability as
standard but allows unions and employers to deviate from it if sectorial collective

agreements allow these deviances (Visser, 2024).

Minimum wage policies. Spain has maintained the following design features along
the years of interest: national coverage, no differentiation between workers, and
incorporation of some interventions to enforce the policy (Eurofound, 2023).
However, the level of the statutory minimum wage has experienced remarkable
changes, growing from the 655 € in 2016 to the 1,000 € in 2022 (Gorjon et al.,
2022). Picot (2023) argues that the process of minimum wage updating cannot be
characterized by an indexation or by the involvement of social actors, but by a
“full government discretion” (p. 242). On the contrary, Italy does not have a
statutory minimum wage, as minimum wages are set by social partners in sectoral

collective agreements.

We have already seen that there are remarkable similarities between Spain and
Italy. This is something that is usually recognized even more broadly in the
literature on varieties of capitalism, grouping both countries as mixed market
economies (Molina & Rhodes, 2007). Beyond the similarities, we argue that there
are three main reasons to develop a doctoral thesis focused on both countries: the

weak tradition of evaluation in these contexts, the high unemployment in some of

2 This changed in 2022, because the Labour Reform Act established the indefinite temporal
validity of collective agreements (Rojo Torrecilla, 2022).

2 This also changed in 2022 with the Labour Reform Act, because it removed the enterprise
favourability on wages (Rojo Torrecilla, 2022).
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their regions, and their low expenditure in ALMPs. These three grounds

correspond to a scientific reason, a societal reason, and an economic reason.

The first reason is the low tradition of evaluation in Spain and Italy. Looking at
the most citated survey of ALMP evaluations, only 20 out of the 857 estimates
came from a program implemented in Italy or Spain (Card et al., 2018).
Specifically, these 20 estimates were the sum of 7 studies with Spanish data and
2 studies with Italian data. Compare these values with the 40 studies found for
Germany or the 21 studies did for Sweden. This would not be a problem if there
were not interactions between the effect of ALMPs and the effect of other labour
market policies implemented across each state. However, authors like Boeri & van
Ours (2008) or Blanchard et al. (2014) have made a case on the existence of policy
interactions. It might be the case that these joint effects actually exist, but this
would not be a problem if the highly and lowly evaluated countries were similar
in these other labour market policies. Regarding PLMPs, in Immervoll et al.
(2020) we see that countries like Germany and Sweden are characterized by an
intense monitoring of job search but with low levels of sanctioning. Spain and
Italy present the opposite situation: an elevated sanctioning with minimal
monitoring of job search. Concerning EPL, Germany and Sweden have equal
severance pay in temporary and open-ended contracts at least for a worker with
9 months of tenure, while employers in Italy or Spain face higher severance pays
in case of open-ended contracts (OECD, 2021)*. Lastly, there are also differences
in the policies regulating wage-setting. In relation to Germany, it has a collective
bargaining rate of 48 %, which is far from the rates found for our countries of
interest (Visser, 2024). If we compare the collective bargaining of Italy and Spain
versus Sweden, the main difference lies in the ability to enforce the agreements.
Following the indicator measuring this phenomenon in Visser (2024), compared
with Spain and Italy, Sweden more than doubles the capacity to control collective

agreements.

We have shown that there are differences between our countries and the most
evaluated ones, and that these differences might impact the effect estimates.

Thereby, our dissertation is justified because surveys on ALMPs have not studied

% Looking at the EPL index the difference is not there for Spain, but this is a product of the
categorization. In Spain, for a worker with 9 months a tenure, an employer pays 50 % of each
monthly pay for each month of tenure in case of open-ended contract and 30 % of each monthly

pay for each month of tenure in case of temporary contract.
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the interrelation between these programs and the rest of labour policies beyond
including a categorical variable on the country group in their meta-regressions
(Orfao & Malo, 2023; Kluve et al., 2019; Levy Yeyati et al., 2019; Card et al.,
2018; Filges et al., 2018; Crépon & Van den Berg, 2016). Sometimes these country
or country-year indicators are included, but their estimates are not reported or
interpreted (Vooren et al., 2018; Escudero et al., 2018; Card et al., 2010). However,
regulations like EPL or CBP have been substantially changing over time
(Eichhorst & Marx, 2021; Visser, 2024; Visser, 2016). In light of this situation,

ALMP evaluation in Spain and Italy becomes essential.

The second reason is leveraging the importance of regions to fight the
unemployment problems suffered in some of them. Spain and Italy have a similar
number of regions, with seventeen® and twenty respectively. The differences
among regions within the countries of the EU-15 have grown since the Great
Recession in dimensions like the GDP per capita, except in Germany (Accetturo
et al., 2024). In Spain, such divergence is also present if we analyse other indicators
like the growth rate in function of the initial level of output (Auciello & Puente,
2023). The case of Ttaly is even more dramatic, with increasing inequalities from
2006 to 2016 in variables like the employment rates or the number of early school
leavers (OECD, 2019b). Nonetheless, citizens of each country think that
unemployment is one of three most important issues affecting the whole country.
This is thought by Italians and by Spaniards both in our period of study
(European Commission, 2017) and in the present (European Commission, 2024).
The reality is that Spain and Italy have faced large unemployment rates in

comparison with the rest of the EU (Eurostat, 2024c).

In this context of regional disparities and common concern about unemployment,
an ALMP system mainly managed by regional governments may be seen as an
opportunity of mutual learning across administrations. This is similar to the
framework promoted by the EU to create benchmarking processes across states
aimed at detecting good policies (European Parliament and Council, 2021).
Catalonia and Veneto do not have exactly the same economic structure than the

less developed regions but offer some innovative programs and infrastructures

% There are also two cities, Ceuta and Melilla, with self-government competences. However, they
do not have competences to manage ALMPs.
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more open to collaborate with researchers. This is an occasion to get some insights

on effective policies and try to transfer them to other regions.

The third reason is the low expenditure of Spain and Italy in ALMPs, which
requires a more efficient distribution of resources. Although all countries may
envisage the maximization of social welfare as their objective, the challenge is
more intricated when the resources are scarce and it is necessary a prioritization
of users. The low investment in these policies does not seem circumstantial, since
Bonoli (2013) has documented how the low expenditure in ALMPs is a long-term
feature of Southern European countries. On the one hand, one option might be
to demand increases in the budget for these policies. However, Busemeyer (2017)
reports how European citizens support more spending on ALMPs like adult
training but not at the cost of a decrease in PLMPs. If politicians are reluctant
to rise public revenues, public opinion on the funding of labour market polices as
a whole complicates an increase in the budget of ALMPs. On the other hand, if
we cannot arrive to a high social welfare result by summing more interventions
with small effects, we need to detect which are the programs with the largest
effects. This is the line pursued by PES like the Catalan, who has a strategic plan
to institutionalize policy evaluations as a standard stage in the policy cycle

(Ivalua, 2014). Our intention is to contribute to that effort.

2.2. International cotutelle

This doctoral thesis is related to two subdisciplines: social policy and labour
economics. On one side, the literature of social policy has deepened into the design
and implementation of labour market policies (Clegg & Durazzi, 2023; Nelson et
al., 2022)?". Probably due to an academic background more accustomed to dealing
with qualitative data (text), researchers in this field have paid more attention to
tool or target differences of ALMPs. Clasen et al. (2016) argued that the designs
of ALMPs require a more careful attention due to the high number of public
administrations and private providers usually involved in their development. On

the other side, the literature of labour economics has applied robust methods to

7T As recognized by Clasen (2013), the social policy literature has a remarkable overlap with the
comparative public policy literature. This tradition, more generally called policy sciences, has a
greater presence of political scientists. Howlett (2018) is an example of this policy sciences
tradition.
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estimate more credibly the effects of labour market policies (Card et al., 2018;
Cahuc et al., 2014). The better understanding of the properties of randomized
experiments has been accompanied with a rise in the publications that try to
emulate this research design with observational studies (Imbens & Xu, 2024;
Imbens & Rubin, 2015). We argue that joining both traditions is essential to
estimate the effect of well-defined interventions (Hernan, 2016). This connection
has justified the development of an international cotutelle agreement between the

Universitat Autonoma de Barcelona and the Universita degli Studi di Padova.

3. Objectives and hypotheses

3.1. Objectives

The doctoral thesis has two general objectives: (1) evaluate the effectiveness of
certain tools used in the design of ALMPs, and (2) evaluate the predictive
performance of jobseeker profiling models for the design of ALMPs. The first
general objective focuses on the means side of policy designs (the tools) and the
second one on the goals side (the target groups). These general objectives are

further articulated into distinct specific objectives for each chapter.

Chapter IT analyses an adult training program with four specific objectives: (1)
evaluate the employment effects of the cohort of the program, (2) evaluate the
employment effects of the intensity of classroom-based training, (3) evaluate the
employment effects of the specificity of adult training, and (4) evaluate the
employment effects of the intensity of work-based training. Cohort (timing),
intensity and specificity are three design features of adult training. Therefore, this

chapter contributes to the general objective 1.

Chapter III studies jobseeker profiling models with two specific objectives: (1)
develop a statistical profiling model for jobseekers using only administrative data,
and (2) evaluate a rule-based profiling model for jobseekers in comparison to a
statistical model. Both specific objectives clearly align with the general objective
2.

Chapter IV assesses a policy mix of job search services with two specific objectives:
(1) evaluate the employment effects of endowments with different intensities of
job search services, and (2) evaluate the uptake effects of endowments with

different intensities of job search services. The intensity is a tool feature both of
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job search assistance and of job search intermediation. The uptake deals with the
redemption of the amount of a voucher, which has to do with another tool feature.

Therefore, these two specific objectives are in line with general objective 1.

3.2. Hypotheses

Each research chapter analyses a different policy, so the hypotheses also vary by

chapter.

In Chapter II, we test the following null hypotheses on the effects of a program
called FOAP?:

e The average treatment effect on the treated on the outcome o after e
quarters of participating in FOAP is equal to zero.

o For o € {employment, stable employment} and e € {0,1,2,...,12}.

e The average treatment effect on the treated on the outcome o during the
first six quarters of participating in FOAP at the cohort g is equal to zero.

o For o € {employment, stable employment} and g € {8,9,10,...,15}.

e The average causal response on the outcome o of increasing from d to j

hours the planned duration of FOAP at the e-th quarter is equal to zero.
o For o € {employment, stable employment}, (d,j) €
{ 150,250 , 250,500 , 500,750 ,(750,920)} and e € {3,5}.

e The average causal response on the outcome o of increasing from d to j
the number of occupations targeted as occupational specificity of FOAP at
the e-th quarter is equal to zero.

o For o € {employment, stable employment}, d,j €
{1,2,24,46, 68 } and e € {3,5}.

e The average causal response on the outcome o of increasing from d to j
percentual points the proportion of internships of FOAP at the e-th quarter
is equal to zero.

o For o € {employment, stable employment}, d,j €
{ 0,10, 10,20 , 20,30 , 30,40 } and e € {3,5}.

In Chapter III, we do not test hypotheses using statistical procedures due to the

lack of statistical theory for some complex machine learning models or to the high

2 The target parameters are defined in each chapter.
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computational burden of bootstrapping (Athey & Imbens, 2019). In an informal

way, using the literature review, we depart from the following hypotheses:

e A statistical profiling model of jobseekers has more sensitivity predicting
long-term unemployment than a rule-based profiling model.

e A statistical profiling model of jobseekers needs to incorporate variables on
labour market histories in order to achieve a ROC-AUC in the interval of

[0.7, 0.8] to predict long-term unemployment.

In Chapter IV, we test the next null hypotheses on the effects of a program
abbreviated as AXL*:

o The average treatment effect on the outcome o during semester e of being
assigned to treatment group r instead of group w is equal to zero.
o For o€ {number of worked days}, e € {1,234} and r,w €
{BA, C,B}.
e The quantile 7 treatment effect on the outcome o during semester e of
being assigned to treatment group r instead of group w is equal to zero.
o For 7€{0.250.5,0.75}, o€ {number of worked days}, e¢€
{1,2,3,4} and r,w € { B,A, C,B }.
e The average treatment effect on the outcome o during the two years since
treatment started of being assigned to treatment group r instead of group
w is equal to zero.
o For o€ {type of contract of longest employment episode} and
rw €{ B,A, C,B }.
e The average treatment effect on the outcome o during the implementation
period of the voucher of being assigned to treatment group r instead of
group w is equal to zero.

o For o € {hours of job search assistance, hours of adult training}

and r,w €{ B,A, C,B }.

4. Methodology

In this section, we present the key methodological aspects used during the research
process. First, we are going to discuss three methodological decisions that are

present along all the dissertation: our causal inference framework for internal

2 This is estimated on a specific subpopulation. See the details in Chapter IV.
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validity, our causal inference framework for external validity, and our framework
of statistical inference. Second, we briefly describe the analytical strategies

developed in each chapter to answer our research questions.

4.1. Common to all chapters

Firstly, to guarantee the internal validity of effect estimates, we depart from the
potential-outcomes framework of causal inference. The theoretical literature on
causal inference may be currently grouped in two schools: the potential-outcomes
(PO) and the structural causal model (SCM) approaches. This division is
sometimes summarized with the seminal works of Rubin (1974) and Pearl (2009).
Both traditions are not completely separated, since recent works on econometrics
have included insights from the SCM school (Abadie & Cattaneo, 2018; Frolich &
Sperlich, 2019; Cunningham, 2021; Imbens, 2024). Each literature puts different
emphasis on certain topics, e.g. the PO school has paid much more attention to
the overlap assumption than the SCM researchers (Imbens, 2020), while the SCM
literature has invested more effort in thinking on the specific set of covariates
necessary for unconfoundedness to hold. Moreover, understanding is sometimes
complicated by using different words to talk about similar or almost equal
concepts (Pearl, 2009), e.g. PO researchers talk about overlap or common support,
while SCM authors call it positivity®. Hernan & Robins (2023) have indicated the
several common points of both approaches and have tried to join them, but the
adoption of their proposal is still low in the social sciences®. In this doctoral
thesis, to follow the current trend in social sciences, we use the potential outcomes

framework with the refreshed version of its notation that is present in works like

% A more nuanced terminological difference has to do with the concept of unconfoundedness. The
PO school considers that unconfoundedness is a property of certain assignment mechanisms
(Imbens & Rubin, 2015), whilst the SCM school argues that unconfoundedness is a property of
certain effect estimates (Pearl, 2009).

31 This literature is placed between the PO and the SCM approaches and has a great presence of
epidemiologists. These researchers have faced domain-specific problems like a proper definition of
variables whose effects wants to be measured, e.g. obesity. This drove them to state that there is
an assumption typically forgotten in causal inference that they have called the consistency
assumption (Herndn & Robins, 2023). This assumption may be split in two statements: (1) well-
defined interventions and (2) realizations of these interventions in our dataset. This pushes
researchers to describe the theoretical intervention in a detailed way and then to contrast if this
is the intervention they are analysing in their study. As we will see during the doctoral thesis,
this assumption is intimately linked to the design approach that runs through all our work.
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Frolich & Sperlich (2019). The unique difference is that this updated notation
sometimes includes causal graphs or arrows like D — Y to denote the effect of D
on Y.

Secondly, to interpret the results of other studies we also depart from a causal
inference framework adapted to the external validity problem. In this dissertation,
the references to the effects estimated in the literature for similar programs must
not be considered a mental experiment on the effect that we would have found if
we would have implemented such intervention in our population of interest. As
explained by Pearl & Bareinboim (2014), this exercise requires a more nuanced
estimation process specifying the assignment mechanisms in each case and if
interaction effects are assumed. If the assignment mechanisms or the interaction
assumptions of our intervention and a third intervention do not coincide, we need
post-hoc statistical adjustments. For instance, it is conventional to assume that
age is an effect modifier of the impact of ALMPs, and we know that in the
assignment mechanism of some programs age influences the treatment probability
(Katz et al., 2021). Thereby, to transport the results of a study like Katz et al.
(2021) to our context, we would need to adjust for age differences. An additional
difficulty is that it is complicated to know if the two interventions are identical,

since the design and the implementation are usually poorly described.

Thirdly, the statistical inference carried out in all analyses is with respect to a
superpopulation. Berry et al. (2014) describes that researchers may pursue
statistical inference from a population mode of inference or from a permutation
mode of inference. On one hand, experimental researchers classically relied on a
mode of inference that tries to account for the random allocation of treatments
across individuals, considering the specific individuals as something fixed*?. On
the other hand, observational studies have usually used sampling-based inference.
This mode of inference tries to estimate the uncertainty coming from the random
selection of individuals (samples) of a certain population, assuming that the
specific distribution of treatment is something fixed. Due to this focus on different
sources of uncertainty, in the permutation mode of inference the sample is the

whole population of interest.

32 By fix we mean that the uncertainty linked to its distribution is not considered in the inference

techniques.
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In our case, although we use the universe of all participants in a certain edition
of program, we may still understand this population as a sample of a
superpopulation. We are interested in inferring the results of our research to a
population broader than the universe of people treated in a certain call. For the
evaluation in Chapter II, the target population is the set of all persons willing to
participate in ALMPs in Catalonia (Spain). Equivalently, the target population
in Chapter IV is made up by those willing to participate in ALMPs in Veneto
(Italy). This superpopulation is more modest than a superpopulation of all
jobseekers in a certain region. Having a sample that resembles the target
population in certain features of its multivariate distribution is necessary to have
a consistent estimation. The problem is that, since the true values of the target
population are unknown, claiming that a sample resembles a population implicitly
involves assuming a certain mechanism on the missing individuals (Mohan &

Pearl, 2021).

We argue that considering the “potential participants” as the target population
of the inferences is a less restrictive assumption. The assumption is that the
decision to participate (W, =1) is affected by some variables related to the
potential outcomes (G,;) and some other variables unrelated to the potential
outcomes once accounted for the last (e;). Formally, the assumption is: €; I
{Y.(0),Y;(1)}|G,. Our sample does not include data on some jobseekers that
might participate but did not because €, is a vector of factors that occur by
chance. For example, €, might have a variable collecting if the individual saw a
poster on the PES, considering that those posters were placed randomly around
the city. Thereby, we conceptualize the inclusion of members of the mentioned

population in our sample as a missing at random process.

4.2. Specific to each chapter

Chapter II is aimed at estimating the effects of an adult training program called
«Formacién de Ofertas en Areas Prioritarias». To identify the causal estimands,
it uses a conditional difference-in-differences strategy. Since the assignment
mechanism of the program is not clear, we also employ a conditional lagged
dependent variable strategy to bracket the effect estimates. We include placebo

outcome analyses as plausibility checks on the identification assumptions. The
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additional results come from robustness analyses that varied another identification

assumption, the so-called parameter of anticipation.

Chapter III is dedicated to evaluating a rule-based profiling model for jobseekers
called «Q» and to developing a statistical alternative. The objective of these
models is prediction, so we estimate discrimination and calibration statistics with
four modelling strategies from less to more flexible: unpenalized logistic regression,
penalized logistic regression, a random forest model, and a gradient boosting
model. As additional findings, we incorporate the results from two stress tests: a

shifted performance evaluation and a stratified performance evaluation.

Chapter IV examines the effects of a job search services program called « Assegno
per il Lavoro». To identify the causal estimands, it employs a sharp regression
discontinuity strategy. We study the plausibility of the identification assumptions
with analyses of score manipulation, placebo outcomes, and covariate balance.
The robustness checks attend if variations in the bandwidth, the kernel, the
polynomial degree, or the population of interest generate large changes in the

conclusions of the research.
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Chapter II.

Employment effects of adult training in Catalonia:

heterogeneity by design®

1. Introduction

Although adult training is the oldest active labour market policy, we still do not
fully understand why its employment effects are so varied (Bonoli, 2013; Levy
Yeyati, 2019). Meta-analyses of evaluations report a standard deviation that
almost doubles the mean estimate (Card et al., 2018), and, if we differentiate by
time horizon, we find standard deviations that even multiply it by six (Vooren et
al., 2019)*. Previous research has discussed several candidate variables to explain
this variability (Kemper et al., 2022). They can be broadly grouped in factors
related to the characteristics of the intervention, the features of the participants,
and the evaluation decisions. Whereas the heterogeneity analysis focused on
features of the population of participants is more common (e.g. differences by sex
or level of studies), the remaining factors have received limited attention in impact

evaluations.

In this chapter, we evaluate an adult training program implemented in Catalonia
(Spain) by focusing on different sources of heterogeneous effects. On one side, we
analyse time dimensions, either the moment the outcome is observed or the
moment the treatment begins. On the other side, we analyse the tools of the
intervention by looking at the design features of the different components. Our
research questions study how estimates of employment effects vary according to
these factors, looking at both the probability of employment and the probability
of stable employment. The period of outcome measurement is a decision of the

evaluator, but we have evidence for other countries on its importance due to the

3 This chapter is based on a working paper titled “Heterogeneity by design? Heterogenous
treatment effects of adult training in Catalonia”, which is authored by me.

3 Using the dataset of estimates of Card et al. (2018) on employment effects of adult training,
the mean estimate is of 4.71 p.p. and the standard deviation is of 8.59 p.p. Vooren et al. (2019)
reports that 12 months after program start, the mean estimate is of -0.02 p.p. and the standard

deviation is 12.3 p.p.
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dynamic effects of adult training. The timing of a treatment (the cohort) might
be an effect modifier due to the high seasonality of labour markets in Southern
Europe, which could make training providers to schedule their treatments trying
to catch this premium. Lastly, we have analysed program tools to measure for
each version of the treatment its planned duration, its occupational specificity,
and its proportion of internships. When both elements are considered
simultaneously, the first tool can be interpreted as the intensity of classroom-
based learning, while the latter represents the intensity of work-based learning.
Design variability has been discussed at length in the literature® and there are
theoretical reasons to believe that different dosages of these components might

trigger different changes in the outcomes.

Methodologically, we adopt an agnostic position on the identification assumptions
regarding the model of untreated potential outcomes. Although we base our main
analysis on a conditional difference-in-differences strategy, we compare the results
obtained with those produced with a conditional lagged dependent variable
strategy. Ding & Li (2019) show that this combination allows us to bound the
effect estimate of an intervention with less stringent assumptions. From these
identification assumptions, we estimate models operationalizing treatment
participation as either a binary variable or three continuous variables collecting
the dosage of each component. This last configuration understands our program
as a complex treatment defined like a factorial design (Wu & Hamada, 2021) or
a compound treatment (Herndn & VanderWeele, 2011).

The main results of the three research questions were the following. Concerning
the dynamics of the effects, the estimates are monotonically increasing over time
but stabilize around 26 p.p. for the employment probability and 18 p.p. for the
stable employment probability after two years. The conditional lagged dependent

variable analyses maintain the statistically significant positive effect and smooth

% Back in 2006, the OECD Employment Outlook summarized the ALMP micro-evaluations
concluding that: “one of the clearest lessons is that the returns to different programmes vary
widely and that apparently similar programmes can yield very different outcomes, implying that
the details of programme design are key” (OECD, 2006, p. 72). After them, numerous researchers
have highlighted the great diversity of program designs labelled as adult training (Crépon & Van
den Berg, 2016; Levy Yeyati et al., 2019; Kemper et al., 2022). A very recent review still indicates
the same concern: “The plentiful variation in the design of ALMP programmes has not received
sufficient attention (..) A general takeaway from this literature is that we need to take such design
variations seriously” (Cronert, 2023, p. 347).
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the presence of dynamic effects, but estimate that at that moment the impact
would be of 5 p.p. and 3 p.p. respectively. Regarding the cohort effects, we do not
have conclusive evidence to assert clear differences in effects among cohorts.
Confidence intervals usually overlap for both outcomes, but we do find some
correlation between estimates of cohort parameters and economic growth. The
results with the alternative identification strategy also indicate small differences
between the point estimates of cohorts for both outcomes, which again calls into
question the importance of cohort effects. With respect to the impact of the
different tools, our results challenge previous studies on the effect of planned
duration on employment by finding a convex instead of a concave relationship at
least after one year and a half. Our interpretation is that previous research might
be confounding the effect of duration with the effect of the occupational specificity
or the proportion of internships. Although we detect positive effects of
participating in a highly specific treatment, the largest impacts are found for
increases in the proportion of internships, especially comparing courses with 0 %

to 10 % of internships.

The contributions of our research are both substantive and methodological.
Firstly, for the time analysis, we advance the literature by using less stringent
identification assumptions to evaluate the impact of adult training in Southern
Europe. As shown in Card et al. (2018) and Vooren et al. (2019), there is scarcity
of ALMP evaluations in these countries. Since they present configurations of
labour market policies that do not generally resemble countries more studied like
Germany, we argue that they deserve more attention. Moreover, in these setups
previous research had been only based on a conditional lagged dependent variable
strategy (Cueto et al., 2010; Clemente et al., 2014). Leveraging the new methods
of Callaway & Sant’Anna (2021) for staggered designs, we are also able to estimate
cohort effects properly. Secondly, for the tool analysis, our study is the first to
analyse the effect of three design components by controlling the simultaneous
implementation of these measures. Studying each component separately bypasses
that the presence of one component may be correlated with the presence of
another, e.g. longer treatments having greater proportion of internships. This one-
at-a-time analysis inevitably aliases (confounds) the effect of one component with
the effect of the other. Moreover, following previous results, we have also relaxed
the linearity assumption on the dose-response function by specifying quadratic

terms.
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The following section frames our research in the literature of adult training and
describes the design of our program. Section 3 presents the data and the methods
used to analyse them. Section 4 reports our findings by source of heterogeneity
and offers some robustness analyses to assess if our results change according to
different assumptions. To finish, the last section includes the conclusions with

possible lines of future research.

2. Adult training

2.1. Literature review

The first question we address regards the effect of adult training programs on the
probability of finding employment. Looking at experimental data, Card et al.
(2018) reports that the median estimate is an average increase of 2 p.p. of the
employment probability. However, as we mentioned in the introduction, there is
a remarkable heterogeneity, since the range of estimates exceeds 20 p.p. at the
short and medium terms?*®. Using a much bigger sample of experiments, the meta-
analysis by Levy Yeyati et al. (2019) finds a median impact of 6.7 p.p., joint with
an important variability as well. In both reviews, almost all interventions started
in this century, but more than half of the sample comes from non-OECD countries.
The second question we study deals with the impact of adult training on the
probability of finding a stable employment, which has been much less studied®’.
Dengler (2019) found for Germany that adult training increased the probability
of stable employment by 2.3-4 p.p. in an interval of 33 months since treatment
started. Wood et al. (2024) reports an effect of around 5 p.p. after two years for

classroom-based training in Belgium.

Some articles suggest that the variability of effect estimates might be influenced
by the moment of measurement of the outcome (i.e. dynamics of effects) or the
starting date of the treatment (cohort effects). Regarding dynamics, meta-
analyses have found that employment effects of training tend to be higher at the

very long run (Vooren et al., 2019b), but the increases do not seem large in

3% Based on Card et al. (2018), we define the effect horizons in the following way: very short run
= [0, 6 months], short run = [7, 12 months], medium run = [13-24 months|, and long run = [25,
oo months). The original categorization in Card et al. (2018) collapses the two first categories.

37 Unlike the outcome of employment, to our knowledge, there are no systematic reviews on the
effect of ALMP on job quality outcomes related to the type of contract.
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absolute terms (see Kemper et al., 2022, who found non statistically significant
rises for youth). We will provide a more detailed analysis of these dynamics with

a quarter-based dataset.

Concerning the moment of implementation, the main finding of Card et al. (2018)
and Kluve (2010) was a higher effect of ALMP in recessions than in expansions.
Corrales-Herrero & Rodriguez-Prado (2018) confirms this for Spain assuming
selection on observables. However, Casanova et al. (2021) found using difference-
in-differences (DID) that the employment effect of similar training programs went
from 4 p.p. to 10 p.p. when going from 2011 to 2016, a period dominated by
economic growth. The business cycle has been the classical explanation for such
differences. Our detailed dataset allows us to focus on seasonality, which has been
rarely studied in the ALMP literature. Lechner & Wunsch (2009) is an exception,
getting results indicating a small and statistically non-significant relationship
between effect size and quarterly GDP growth. We will relax their selection on

observables assumption by using an alternative identification strategy.

Other authors have tried to understand the heterogeneity of results looking at the
tools included in the interventions. Our program is very similar to the so-called
sector-focused training programs reviewed in Katz et al. (2022). The designers of
these interventions only fund courses that target jobs predicted with high local
labour demand at the short and long term. They reported that in the medium
run this type of program caused around a 5 p.p. increase in the employment
probability. Besides the careful selection of target jobs, we have studied three

design features of the different tools included in the program.

The first design variable is treatment duration. The international literature
presents mixed evidence about this topic: Vooren et al. (2019b) finds that in
general there is no relationship with the employment probability, although Levy
Yeyati et al. (2019) reports a positive correlation and Kemper et al. (2022) also
estimates a positive association for younger people. In Spain, Cueto et al. (2010)
detected that the effect was an increasing function of the planned duration of
training. The results of Clemente et al. (2014) for the medium run qualified this
conclusion by finding, in general, minor changes between intermediate and long

courses®. While these findings use data on treatments during the expansion of the

% Note that Cueto et al. (2010) and Clemente et al. (2014) categorized in a different way the
planned duration of a course. See Appendix A for more details.
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business cycle, Blazquez et al. (2019) also found a nonmonotone shape of the
relationship for years of recession. There are two additional studies that
considered actual treatment duration as a continuous factor and used weeks as
scale. For USA, Flores et al. (2012) estimated that the effect of treatment hours
on the wage was increasing four years after treatment started. For South Korea,
Choe et al. (2014) only found a small effect of 1.72 p.p. when comparing very long
with very short courses. The rest of comparisons triggered not statistically
significant results for completers. Concerning the outcome of stable employment,
Crépon et al. (2012) estimated for France that longer training treatments
triggered longer employment episodes. This is consistent with Osikominu (2013),

who also found that higher duration caused higher employment stability.

The second design variable is the occupational specificity of each treatment.
Occupational specificity is understood as the degree of linkage between one
training credential and a set of occupations (DiPrete et al., 2017). When the
treatment is connected to a few occupations in the labour market, its linkage is
strong (highly specific); whereas when related to many occupations, its linkage is
weak (lowly specific). Since policymakers typically lack this information, we
distinguish between actual and perceived specificity®. A recent strand of labour
market research has focused on the effect of actual specificity on school-to-work
transitions (Hanushek et al., 2017). Bol et al. (2019) found with granular data
that the actual occupational specificity of training credentials was positively
associated with the employment probability in France, United States, and
Germany. Recent research supports the idea that these positive effects decrease
in the very long run (Rézer & Bol, 2019). DiPrete & Chae (2023) have extended
this research line to more countries in Europe and have also found that more
linkage is related to more employment probability. They report that this effect is
substantially lower for older women. Wood et al. (2024) also found that, in
contrast to low specific treatments, high specific training involved positive effects
after two years in our two outcomes of interest. Our aim is to expand this

literature by using a less strict identification strategy with data on perceived

39 Establishing a parallelism with the overeducation literature (Hartog, 2000), the linkage might
be measured both through experts’ analysis (trying to predict or describe a pattern) and through
realized matches. The first would be the perceived linkage, and the second the actual one. We use
a novel dataset that gathers the perceived specificity of each treatment as indicated in its
regulation, that is, as defined by experts.
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specificity and by analysing whether there are particularities for adult instead of

initial training.

The third design variable is the proportion of internships. Following Sanz de
Miguel et al. (2021), we use internships or traineeships to talk about work-based
training without a labour contract and we reserve apprenticeships for work-based
training with a labour contract*. This component has been studied in relation to
programs for young people, although impact evaluations are scarce (Lodovici et
al., 2013). The studies with the strongest identification strategies for this age
group found that they seem to impact positively the employment probability
(Margaryan et al., 2022; Baert et al., 2021). In Spain, only apprenticeships for
young workers have been evaluated. Specifically, Bentolila et al. (2023) found
positive effects in dual vocational education programs and Mato-Diaz & Escudero-
Castillo (2023) also estimated a positive effect in the frame of an ALMP
accompanied by employment subsidies. Wood et al. (2024) studied the impact of
internships and estimated that they were much more effective than
apprenticeships both on the employment probability and on the stable
employment probability.

2.2. Design of the program

«Formacién de Oferta en Areas Prioritarias» (hereinafter, FOAP) is a program
funded by the public employment office of Catalonia. It is the main adult training
program of Catalonia (Spain). In this chapter we focus on the calls executed from
November 2016 to October 2018 (SOC, 2016; 2017). The general objectives of the
program were two: improving the level of education and increasing the probability

of employment (Government of Catalonia, 2016a).

The main tool of the intervention was classroom training. In some cases, this
component was complemented with work-based training through internships. This

last element is mandatory for those treatments that grant a certificate recognized

40 The first tool might induce rises in employment probability due to: (a) increases in productivity
(from the output side) or (b) a better screening of the candidate for employment at the trainer
firm (Gonzdlez Veiga et al., 2008). The second tool might also explain rises in employment
probability with decreases in labour costs (input side of productivity), since they are usually
accompanied by subsidies (Cueto & Loépez, 2020).

' We might translate it to English as “supply-side training in priority areas”.
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in the whole state, the so-called professional certificate (certificado de
profesionalidad in Spanish). As we will see, the intensity (duration) of both
components varies by course. The distinctiveness of FOAP is that designers
carefully select the training content according to labour and product market
trends. This follows a similar logic to the sector-focused training programs in USA

(Katz et al., 2022).

The target population of our program are individuals who are unemployed. The
focus on this collective is ensured by partially limiting the participation of people
already employed up to the 30 % of the treatment group. Furthermore, the design
establishes that individuals with certain features should be prioritised. Some of
these characteristics are having a disability, a low educational level, or a very long

unemployment episode.

Concerning the implementers of the intervention, this program establishes public
funding but allows both private and public provision of the services. Private
organizations and local public administrations may apply for funding if they
accomplish certain technical requirements established for each course. The grant
is based on a score derived from the territorial priority of the specific course, past
implementations, the human resources of the organization, and the engagement

with the jobs related to the course.

It is also necessary to consider the rules governing FOAP. The different courses
may start and end at different dates of the year, being this a decision made by
the implementer. This is grounded in the countercyclical character of ALMP,
offering a quick response to labour market shocks against the rigid calendars of
the educational system. Although the number of total hours of a course is set up
by the central government, the calendarization of lessons is set by each provider.
Fixing the calendarization, if training implied a break of the job search (the lock-
in effect), different starting dates might provoke different employment
probabilities due to the seasonality of some occupations. Fixing the starting date,
it is also reasonable to think that courses with low weekly hours of training (so
longer total duration in months), might hardly stop the job search. This planned

duration in months or weeks is something that unfortunately we do not observe.
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3. Methods

3.1. Data

To answer our research questions, we have used a rich file of administrative data.
This dataset merges information from databases on the intermediation claims
(SICAS), on the features of the treatments (GIA), on the employment contracts
(CONTRAT@), on the Social Security affiliations (AFI), and on the planned
duration of treatments in terms of number of hours (Dades Obertes Catalunya,
2023). Except the last one, all of them are confidential and have been on loan
from the public employment service of Catalonia. An additional dataset has been
produced through scraping of the website of the public employment service of
Spain (SEPE). It links each treatment to its target occupations as established in
the regulation of each credential. A detailed description on all the variables
involved in our study is available at Appendix A, joint with a table collecting the
summary statistics of these covariates in our sample. Here we offer the main

characteristics of our variables.

We considered two outcome variables at different time horizons: having an
employment and having an open-ended contract. Having an employment (Y] €
{Yes, No}) collects if the individual worked the last day of quarter ¢ or if signed
an employment contract at any day of such quarter. Having an open-ended
contract (Y, € {Yes, No}) is usually considered a dimension of job quality (Munoz
de Bustillo et al., 2011) and records if the person had an open-ended contract at
the end of the quarter or if signed at least one of them during the quarter. This
outcome measures the planned stability of the employment, which is different
from measures of actual stability of the employment like in Dengler (2019).
Treatments occur between 2016Q4 and 2018Q4, but we have information on the

outcomes for the temporal window 2015Q1 — 2019Q4.

The treatment variable is defined in two ways. For the analyses of time-based
heterogeneity, it is simply a binary variable indicating the participation in a
FOAP course. For the analyses of tool-based heterogeneity, we distinguish three
treatment variables because we look at three dimensions of the intervention:
planned duration, occupational specificity, and proportion of internships. Firstly,
the planned duration of the treatment has been operationalized through the
number of hours declared in the regulation of each treatment. Secondly, the

concept of occupational specificity has been measured by counting the number of
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distinct occupations (classified with CNO-11 at 4 digits) linked to each treatment
in its regulation®. Thirdly, the proportion of internships is established in the
design of the programs. For those trainings related to a professional certificate,
we collected the planned duration of the internships. The trainings that do not
grant a professional certificate are a minority, but for these cases we had to take
the actual proportion of internships since they do not fix a minimum proportion
by design. Additionally, we also adjusted for a fourth component: training linked
to a closed occupation. Following the results of Bol & Weeden (2015) on
occupational closure, we also considered important to remove those credentials
targeted towards at least one occupation with regulated access. We identified
these credentials with the dataset offered by SOC (2023). We focus on the first
three factors because we think that they are the ones that have more policy

interest for a broader audience®.

Our data also include control variables. Since we deal with observational data, we
had to perform adjustments on differences in the distribution of confounding
variables between treatment groups. We have information on the
sociodemographic features of the individuals and on their labour market histories
(including the histories of unemployment benefits). We will go more into detail
when discussing the identification strategy and Appendix A offers exhaustive
information on them. Before regression adjustment, we also applied four
restrictions on our sample to delimit our population of interest: (1) to remove
those treatments that were started at previous editions of FOAP*, (2) to remove
those treatments that were begun while being employed, (3) to remove those
treatments that were started during an employment subsidy treatment, and (4)
to remove those treatments exclusively devoted to people with disability. These
restrictions make easier the identification of the counterfactual through a less

difficult specification of the causal model.

12 One strand of the literature has proxied specificity by measuring how concentrated are the
empirical distributions of occupations for each treatment, i.e. through realized matches. They
could estimate it because they dealt with a relatively short list of possible treatments (24 fields in
Bol et al., 2019; and DiPrete et al., 2017) or because they used very granular data (Forster and
Bol, 2018). In Spain, there are not detailed microdata on field of study joint with occupation.
Since the literature emphasizes differences between countries, we opted for an operationalization
based on the linked occupations defined by policy designers.

1 Closing occupations does not seem a reasonable intervention just to foster employment, so we
exclusively focus on the strata of treatments not targeted to closed occupations.

4 This is possible due to the modular design of the training certificates.
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3.2. Analysis

3.2.1. Target parameters

The first analysis focuses on time heterogeneity and uses the adaptation of the
potential-outcomes notation to the dynamic and staggered setup proposed by
Callaway and Sant’Anna (2021). Treatment is formulated as a binary variable
called D;, to register if individual ¢ was treated in time ¢. The potential outcome
of individual I =i in period T =t is denoted as Y;,(g) if she was first treated in
period G =g and as Y,,(0) if she was never treated in our temporal window.
Both the time and the group (cohort) variables are defined like indexes as T €
{1,....t;} and G €{0,...,95}, denoting with G =0 those individuals never
treated in our temporal window. Later we will need G;, = 1{G; = g}, which
simply indicates if individual ¢ belongs to cohort g. To reduce the notational

burden, we remove the individual subscript.

From this framework, we define two target parameters that address different
possible dimensions of heterogeneity in the effects: the elapsed duration since
treatment started (dynamics) and the cohort effects provoked by a staggered
design. Both estimands have as building blocks the average treatment effect on
the treated since time g at time t, ATT(g,t), proposed by Callaway and Sant’Anna
(2021). Briefly, this parameter is defined as:

ATT (g,t) = E[Y, g |G =g] - E[Y, 0 |G = ¢]

It works as an auxiliary parameter since it is not the focus of our research but
needs to be estimated. From them, we construct the average treatment effect on
the treated after e + 1 periods (6,) and the average treatment effect on the treated
in cohort g after e + 1 periods (6, ,)*. First, define G = supp(G)\{0} as the set of
possible G values excluding the never-treated group. Now, we can define them

formally as follows:

5 Note that this last parameter is slightly different from the one presented in Callaway and
Sant’Anna (2021) to check how ATT’s vary across groups. In the presence of effect dynamics, to
isolate the cohort effect we need to equate the number of periods introduced in the average for
each group. Remind that we talk about the effects after e + 1 periods because the first quarter
since treatment started is e = 0.
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The second analysis of FOAP defines it as an intervention with different
components. The key point is that the components of interest have infinite
possible levels, so we think them as continuous treatments. Therefore, we reserve
the treatment variable D,, € {1,0} to flag those individuals that participated in
any version of FOAP and define a component variable to gather the dose of
component k received by individual 7 at time %, so ﬁ,;tk =deRs.t.d >0. For
notational simplicity, we remove the unit and time subindexes. Note that this
creates an infinite set of potential outcomes Y(/DJk; = d). As we will motivate later,
we will fix the elapsed duration since treatment started and we will estimate these
quantities on the population of individuals ever treated in FOAP (D =1).
Inspired by Bia et al. (2014) and by Callaway et al. (2024), we are interested in
two target parameters: the average dose-response function of component k in
period e (ADRFCI“ ) and the average causal response of receiving d units instead

of [ units of component k in period e (AC’R("’) ). Formally, we define them as:

dj,e

ADRF® = E [Y(b’k, - d)e]

ACRY = [Y(ﬁk, = d)

Y(B=5)]

e e

The ADRF™® is simply the function of treated potential outcomes for different

versions of this treatment. The AC’R;];) is a contrast parameter, since it compares

two potential outcomes.

3.2.2. Identification

The target parameters contain counterfactual potential outcomes, so we need
identification assumptions to estimate them with observable data (Imbens &
Rubin, 2015). The credibility of the identification assumptions is usually judged
in relation to the properties of randomized experiments, as the latter have these
conditions due to their own design (Rubin, 2007). Let us review how we dealt

with these requirements in the two analyses of our study.
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The first identification assumption is the unconfoundedness of the assignment
mechanism. Qualitatively, we depart from a model of the treated potential
outcome in which the treatment variable is a function of observables and
unobservables. The particularity of this model is the specification of a concrete
set of confounding variables that are observed in our dataset (vectors S; and L,)
plus a set of confounding unobserved variables (U,;) that we think we can proxy.
S, collects a list of sociodemographic variables, L, a set of labour market
variables, and U, a list of latent variables collecting a linear combination of time-
invariant unit-specific covariates (U,) and unit-invariant time-specific covariates
(U,). A detailed explanation of these confounders is available at Appendix A. For
notational simplicity, we pool all the observed control variables in matrix X,.
Following Caetano and Callaway (2023), we condition on time-invariant covariates
and avoid time-varying variables that would impose stronger functional form
assumptions. We will test the sensitivity of the results with a lagged dependent

variable strategy by using the bracketing relationship found by Ding & Li (2019).

On the one hand, for the analysis of time-based heterogeneity, the unobservable
quantities are approximated through a conditional difference-in-differences
(CDID) based on not-yet-treated individuals (Callaway & Sant’Anna, 2021). The
DID part assumes that the amount of confounding bias between groups is stable
over time (Frohlich & Sperlich, 2019). The conditional version of this assumption
allows confounders to have a time-variant effect on the treatment or the outcome
variable (Zeldow & Hatfield, 2021)%. To foster clarity, we are going to split the
exposition on the unconfoundedness of the treatment assignment in one expression
for the sub-assumption on the base period (Assumption 1) and other expression

for the full assumption (Assumption 2a)*.

1 As shown in Zeldow & Hatfield (2021), adjusting for time-invariant covariates in a DID study
with only one regression equation only makes sense if we added interactions between such
covariates and the time indicators. In a staggered DID study a la Callaway & Sant’Anna (2021),
we are estimating many regression equations (one for each ATT(g,t)), so we are allowing the
“effect” of such covariate to vary at each group-time.

47 As is common in the literature, we also assume the stable unit treatment value (SUTVA).
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Assumption 1. There is a known 6 > 0 such that

IE[Y(g)t|Gg = 1,X] = [E[Y(O)t|Gg = 1,X] a.s. forallge Gand t € {1,...,tp} s. t.
t<g—2o.

For Assumption 1, it is key to interpret & either as the periods of treatment
endogeneity, being or not a confounder, or as a proper anticipation effect, whose
effect should be accounted when forming aggregated parameters. This assumption
is especially important when studying ALMPs, since their eligibility rules usually
require that treatment groups be in a bad labour market situation before
treatment, generating a pre-treatment difference in the outcome variable called
Ashenfelter’s dip (Heckman et al., 1999)%. In line with the literature, our starting
point will be to consider the Ashenfelter’s dip as an expression of endogeneity
with transitory differences (Malani & Reif, 2015). Thereby, we will assume that
the stable bias is best approximated with the last period without group differences
in the outcome (¢t —d—1)". We will assess how sensitive are our results by

assuming that pre-treatment differences are permanent instead of transitory.

% The Ashenfelter’s dip was first reported in Ashenfelter (1975). Thinking on endogeneity,
Ashenfelter (1978) originally framed the discussion in terms of transitory versus persistent
differences in the untreated potential outcome. Card & Sullivan (1988) clarified a bit more the
structural interpretation of such pre-treatment differences by talking about the lagged outcome
as a proxy (descendant) of an economic shock. Beyond ALMPs, the question on which variables
should be adjusted to remove confounding was clarified much later with the publication in the
year 2000 of Causality (Pearl, 2009). Thereby, the question is if the variable proxied (shock or
another unobserved factor) acted as a confounder (D, <Y, | =Y, ;) or not (D, <Y, ;). If the
effect of the shock was transitory, i.e. if there was no effect of the variable proxied by Y, ; on
Y,,,, there wouldn’t be confounding (D < Y,_;). If the effect of the shock was persistent, there
would be a backdoor path if it also affected treatment participation, i.e. there would be
confounding if Y, ; it is not adjusted (D < Y, _; — Y}). Thinking on the pre-treatment differences
as anticipation, we would need to flip the direction of the arrow: D — Y, ;. In any case, when the
analyst departs from a conditional two-way fixed effects model of the untreated potential outcome,
it is implicitly ruling out that confounding came from time-variant differences in the unobserved
confounder. Therefore, the question reduces to: which pre-treatment difference best proxy the
time-invariant unit differences in post-treatment periods?

19 Appendix B includes more detail on the selection of the anticipation parameter. Beyond the
stable bias approximation, DID regressions require much stronger assumptions to attain a
consistent estimation if we include lagged outcomes as control variables (Angrist & Pischke, 2009).
This is the usual reason advocated to reject its inclusion in the specification.
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Assumption 2a. For each ¢ € G and each t € {2,...,¢,} such that t > g — 9,

E[Y(0);—5-1|Gy = 1, X] — E[Y(0),5-.1i € Cy, X]
= E[V(0),|G, = 1, X]| — E[Y(0),]i € €, X]

Assumption 2a establishes bias stability (common trends) and delimits two
requirements to enter in the control group. First, being part of the not-yet-treated

, = Supp(G\{L, ..., g} is a set that collects

[0

cohorts. Thereby, having fixed g, N
those treated in G > g or in G = 0. Second, not having been already affected by
treatment at the period of interest, so being in €, = N\{t > G — §}. This last
set collects those that passed the first test, but having also removed those whose
period of beginning of effects was equal or lower to the period of interest. In a
nutshell, those that have the treatment switched on. Notice that for notation
simplicity, we joined all vectors of confounding variables in matrix X. Since FOAP
can actually take different forms, we can think D as a binarization of a
multidimensional variable, so Assumption 2a may be understood as the aggregate

parallel trends assumption formulated in Callaway et al. (2024).

On the other hand, for the analysis of tool-based heterogeneity, the program tools
are considered different continuous treatments®, so identification requires more
stringent assumptions. We maintain Assumption 1, but Assumption 2a needs to
be reviewed. Callaway et al. (2024) show that in the case of a DID strategy, we
need what they call strong parallel trends assumption. Our setup has two features
that deviates from its prototypical assumption. On one side, we also assume that
we need other observed confounders for identification, conforming the assumption
of strong parallel trends conditional-on-covariates. In the spirit of Yu & Ding
(2023), to isolate the effect of one component, we additionally need to adjust for
the levels of the other design features. We may think in a matrix K collecting the
values of the non-focal components (design features), but for notational simplicity
we pool all controls in X. On the other side, since we now distinguish a myriad
of potential treatments, we consider that identification is more credible if we
recognize that there are unobserved confounders for the effects of interest.

Following Bell et al. (1995), we argue that only considering the population of

% To be more precise, we could talk about a multi-valued discrete treatment, since we have some
treatment values with a remarkable probability mass. Following Callaway et al. (2024), the main
identification arguments are not affected by this subtle distinction.
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those who wished to participate in FOAP an important part of confounding bias
disappears®. Thereby, this second analysis will only consider treated individuals
with different doses of treatment. Taking into account all these aspects, now we

can formally define the unconfoundedness assumption as follows:

Assumption 2b. For each k and d € supp(fD/,JX) and t € {2,...,t;} such that ¢t >
g— 57
E[Y(0);51|X] — E[Y(0);—5-1|Dy, = d. X] = E[Y(d),| X] — E[Y(d),| D = d, X]

The plausibility of the unconfoundedness assumptions will be judged with placebo
outcome analyses, as in similar studies like Choe et al. (2014). In binary DID
strategies, the examination of pretreatment trends through the event-study
coefficients of lags may be understood as placebo tests (Eggers et al., 2024).
Thereby, we use lagged outcomes in the long past as placebo variables. In
continuous DID strategies, the number of coefficients of a regression of the placebo
outcome on the treatment variable may be greater than one if we specify a non-
linear or non-parametrical functional form. For this reason, we borrow from the
literature of matching with continuous treatments the use of the F' statistic as a
measure of association between continuous treatment variables and a certain
placebo variable (Fong et al., 2018). The idea is the same in both cases: if the
effect estimate were unconfounded, since we know that a treatment may not affect
an outcome that occurred many quarters before, we should not find an association
between treatment and the placebo. The contrary would be evidence of an
association between the treatment, unobservables and the outcome variable. If
such unobservables influenced the probability of treatment and the outcome, we

would have confounding.

The second identification assumption is related to overlap or common support.
After conditioning on the covariates that make unconfounded the treatment
assignment, this assumption asserts that there is enough randomness to find
individuals both treated and untreated to estimate counterfactuals. The non-zero

probability is a mathematical condition to allow the estimation of conditional

51 This strategy has also been pursued in other evaluations of adult training programs like Cueto
et al. (2010).
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probabilities, whereas the non-one probability imposes the existence of chance to
find this comparable but not-treated observation. We can attain it through the
interpolation or the extrapolation of the data (King & Zeng, 2007). In social
sciences, interpolation is usually preferred as shown by the conventional search of
the common support. The importance of avoiding extrapolation has usually been
based on the high sensitivity of counterfactuals in regions of no overlap (King &
Zeng, 2007; Imbens & Xu, 2024). Assumption 3a accommodates this assumption

for the time analysis, whilst Assumption 3b do it for the tool analysis.

Assumption 3a. For each g€ G and te{2,..,tr}, Pr[G,=1]>0and
Prg,t|X] < 1 for all X = =z in the population of interest.

Assumption 3b. For each k € {1,2,3} and d € supp(D,), 0 < Pr [fD/,ﬁ, = d|X} <1

for all X = a« in the population of interest.

We will check the plausibility of the overlap condition by examining whether there
is common support for all the distribution of the propensity score in each
ATT (g,t) (Dehejia & Wahba, 1999). Following Stuart (2010), we will discard those
units outside the common support®®. For the tool-based analysis, as recognized by
observational studies with continuous treatments (Huber et al., 2020), completely
accomplishing Assumption 3b is a very difficult task. However, we have tried to
minimize the consequences of its absence by only considering the subset of

individuals that had common support in the binary treatment analysis.

3.2.3. Estimation and inference

For the time analysis, the difference-in-differences strategy is performed in two
steps. Firstly, each ATT(g,t) is estimated with the doubly robust estimator of
Sant’Anna & Zhao (2020). This estimator models both the treatment process and

the outcome process, but only requires the proper specification of at least one of

2 In this case, the population of interest reflected in the target parameters should be updated
with an extra condition: being part of the subset of the population with common support in all
time horizons. Note that the raw control group, with an assumption on the not-yet-treated
individuals, changes at each t. If we only dropped the observations without common support at a

certain t, we would generate an unbalanced panel.
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these confounding channels. The adjustment on the treatment process is done
through inverse probability weighting, estimating the propensity score with a logit
model. The outcome process is modelled directly through logistic regression with
the same set of covariates introduced in the propensity score equation. Secondly,
these group-time effects are aggregated to estimate the target parameters.
Inference is performed through the multiplier bootstrap method described in
Callaway & Sant’Anna (2021), which has the advantage of producing

simultaneous confidence intervals.

For the tool analysis, the use of continuous treatments requires some
particularities. To avoid complications related to the staggered implementation in
two-way fixed effects models (Callaway, 2023), we only considered those cohorts
in which there is not strong evidence of different cohort effects. In practice, this
means selecting those cohorts in which the assumption of treatment effect
homogeneity seems most plausible. This allows us to pool all the data in only one
regression for each e, without the requirement of estimating one equation for each
{g,t}. The first stage is the estimation of the potential outcomes (ADRF®*)).
Callaway et al. (2024) show the problems of mistakenly assuming a linear effect
of the treatment on the outcome. Motivated by their research and by previous
empirical results, we make a more flexible specification by using a quadratic
functional form. Like the proposal of Callaway et al. (2024), we estimate a model
in which the outcome is a first-difference (a trend) formed from the base period.
The second stage involves the estimation of the contrasts of interest. We use the
{marginaleffects} package to estimate the contrasts and to make inference (Arel-
Bundock et al., forthcoming). Standard errors and confidence intervals were

estimated analytically through the delta method.

In both cases, as is common in the applied microeconomics literature, we use
linear models as “the best linear approximation to a possibly nonlinear conditional
expectation function” (Caetano & Callaway, 2023). Wooldridge (2023) has
proposed generalized linear models that are robust to the treatment heterogeneity
problems of two-way fixed effect specifications. However, its current software

implementations have problems to accommodate categorical control variables.
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4. Results

This section presents the findings of our study with a focus on the heterogeneity
of effects driven by time dimensions and by design features of the tools. Firstly,
we leverage the long panel dataset and the staggered implementation of the
program to estimate the effects at different horizons and for different cohorts.

Secondly, we dig into the design of the program to estimate the effect of each tool.

4.1. Time-based heterogeneity

The first part of the results presents the effects in function of the elapsed duration
(0,). Figure 1 plots the estimates according to the number of quarters since the
start of the program (e). Red points denote pre-treatment periods, whereas green
ones are post-treatment periods. Concerning post-treatment impacts on the
employment probability (Y;), we detect a lock-in episode of negative and null
effects during the first six months. This is a period equivalent to the one reported
by Lechner & Wunsch (2009) for trainings in Germany. After this period, the first
plot shows that the employment effect is positive and remarkably increasing until
quarter five. From this period, the effect is still positive and exceeds the 25 p.p.,
but its growth slows down. Therefore, we have evidence of dynamic effects by
observing that the effect changes in function of the elapsed duration. A similar
pattern of decreasing returns was observed in Aragon (Spain) by Clemente et al.
(2014), although their estimates converged to approximately 13 p.p. during a

recession and to 10 p.p. before it.

These employment gains did not always take the form of open-ended contracts.
The second plot of Figure 1 shows the effects on the probability of having an
open-ended contract (Y5). This time the lock-in effect lasts only one quarter,
because during months 4 to 6 (quarter 1) we do observe a small but positive effect.
From quarter 2, the effect on the probability of open-ended contract keeps positive
and increasing. It moves from 10 p.p. to around 20 p.p. in quarter eleven.
Therefore, we see how for both outcomes most part of the dynamics of effects
occurs during the first year. This finding is again consistent with the stagnation
of effects on stable employment detected in Wood et al. (2024), with the estimates
of our effect sizes located between the impacts of their classroom-based and their

work-based programs.
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To complement the visual presentation of findings, Table 1 shows a closer
examination of point estimates and standard errors of 6, for certain time horizons.
In the very short run, after six months, we find that the program had a small
effect near to zero. It was null for the employment probability and positive for the
probability of having an open-ended contract. These results suggest us that during
the first half of the year, there might be individuals who suffered a lock-in effect
whilst others did find a new job. We will explore later the different duration of
the courses as an explanation of this phenomenon. In the short run, after one
year, we estimate an effect of 15.2 p.p. on the employment probability. The
increase is smaller for the open-ended contract outcome, since we find an impact
of 13.5 p.p. for participating in FOAP. The estimate after one year is close to

some of the best results for experiments in America (Levy Yeyati et al., 2019).

Looking at the medium and long run, the dynamics of the effects (the second
derivative) is less pronounced. This slowdown is clearer in the case of the open-
ended contract outcome. Concerning outcome Y], after two years (medium run),
participating in the program provoked an increase of 26 p.p. in the probability of
finding an employment. As we advanced, waiting one additional year rises this
effect with only 4 p.p. more. Regarding outcome Y,, after two years, having
participated in FOAP grows the probability of signing an open-ended contract in
18 p.p. One year later, the impact only increases by 3 p.p., but the results are
still very noteworthy since most of the new employments take the form of open-
ended contracts. All estimates are statistically significant at a = 0.01, something
that should not be surprising due to the large sample size. Moreover, notice that
our estimates of the employment effect at the medium and long run are larger
than the 75 % of the sample of non-experimental estimates collected in Card et

al. (2018).
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Figure 1 — Estimates of 6, of the participation in FOAP on employment (Y;) and

stable employment (Y5).
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(6 = 2). It is shown the point estimate and the confidence interval for o = 0.05.

In all plots, 6, and 6, , must be understood as estimates of the true values.

The isolation of the program effect from other confounders depends on the

identification assumptions. In our case, the unconfoundedness assumption is

satisfied if bias stability (parallel trends) actually holds. This condition is

unverifiable with observational data, but its credibility is usually judged with pre-

treatment trends”. Red points in Figure 1 report differences in Y, and Y, between

 However, this is neither a sufficient nor a necessary condition for post-treatment parallel trends.
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all treatment and control groups in periods before treatment implementation. We
took quarter e = —3 as the base period, i.e. the moment at which unit fixed effects
are estimated. The selection of such period basically considers that e = —3 is the
period just before the moment at which differences between group change more®.
To the right of e = —3, we confirm the presence of a pattern in adult training
programs: the Ashenfelter’s dip (Heckman et al., 1999). To be conservative with
our estimation, we interpret it as program endogeneity (Y, ; — D,) and assume
that such decrease would be transitory in case we could observe the counterfactual
outcome of participants after treatment. To the left of e = —3, the plots show the
difference between treated and control units in pre-treatment outcomes, which
can be understood as placebo outcomes (Eggers et al., 2024). We see that small
but statistically significant differences remain between treatment and control
groups. Nonetheless, we believe that the CDID assumptions are still plausible due
to two reasons. First, adjusting for the confounders mentioned removed a big part
of the differences between treated and control units and the remaining differences
are small compared with the effect estimates®™. Second, differences in pre-
treatment outcomes are quite constant, which might indicate that the remaining
confounders might not have a time-varying effect. If this is the case, we could
conduct some analyses assuming that the effect observed before the treatment
would replicate after treatment if we could observe the untreated potential

outcome.

5 The selection of the anticipation periods () is explained in more detail at Appendix B.
% Appendix D incorporates plots for the raw differences between treatment and control groups.
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Table 1 — Estimates of §, for conventional horizons on employment (Y;) and stable

employment (Y5).

Employment Open-ended

contract

0._, (very short term) -0.004 0.040%***
(0.004) (0.004)

0._, (short term) 0.175%%* 0.135%%*
(0.005) (0.004)

0._, (medium term) 0.259°%F* 0.179%**
(0.007) (0.006)

6._,, (long term) 0.301%% 0,208
(0.006) (0.009)

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. n; = 90,755. Each cell shows the point
estimate and the standard error in parenthesis. See Appendix C for the rest of

estimates.

This is very similar to the proposal of Rambachan & Roth (2023). We leverage
our long panel to estimate how deviations from the bias stability assumption
would affect the conclusions of our analysis. Since pre-treatment differences do
not seem to follow a clear trend, we find more reasonable to experiment with

56

relative magnitudes violations instead of smoothness restrictions®. Figure 2 shows
how our results might vary if the untreated potential outcome suffered from a
confounding bias of size M-times the greatest difference in pre-treatment
outcomes. To simplify the exposition, we only report the analyses for the effects
after one (e = 3) and two years (e = 7). On one side, the effect on the employment
probability would still be positive at the short and medium run even if the same
(confounding) difference observed in pre-treatment periods was present in the
post-treatment period. On the other side, under these same circumstances (M =

1), the effect on stable employment might lose its positive character. Nevertheless,

we should consider that we are talking about confidence intervals and that in this

% This last option is very similar to the unit-specific linear trends that some researchers
incorporate to address the non-zero pretreatment differences in the outcome (Dustmann et al.,
2022). For the same reason, we do not think this option is reasonable in our case.
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case the big majority of values whose null hypothesis of zero could be rejected are

positive values.

Figure 2 — Rambachan & Roth robust confidence intervals for relative magnitude

violations
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The second part of the results addresses the cohort effects (,,). Figure 3 shows

ge)
the estimates for each cohort and for each outcome. Regarding the impact on the
employment probability (Y;), the confidence intervals generally overlap and the
point estimates are relatively close. This makes us conclude that cohort effects do
not seem very important on the effect estimate of the intervention. Concerning
the effect on the probability of having an open-ended contract (Y;), the pattern

is similar to the one found for the other outcome with little movements. Removing
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the last group due to its large sampling noise, we find that the difference between
the biggest and the lowest 0 is 4.6 p.p. for ¥} and 5.1 p.p. for Y. Although this
amount seems small, we must remember that the median effect found by Katz et
al. (2022) for sector-focused trainings is 5 p.p. This reminds us that there might

be difficulties to estimate these cohort effects related to statistical power.

Figure 3 — Estimates of 0 . of the participation in FOAP on employment (Y;) and

gd

stable employment (Y5).
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Note: Anticipation parameter set to 2. It is shown the point estimate and the 95
% confidence interval. The estimates for cohort 16 were removed due to its small

sample size.

If we concentrate on the point estimates, we appreciate a pattern that does not
mimic the seasonality effects usually observed in Spanish labour markets (Conde-
Ruiz et al., 2019). Consider that g = 8 denotes quarter 2016T4 and g = 15 denotes
quarter 2018T3. Our hypothesis was that those entering the labour market in
certain periods might be favoured by the economic situation of this moment.
Nonetheless, the terms before the summer that usually concentrate higher levels
of new contracts (cohort 9 and 13) do not always show a larger ¢, than the
previous quarter. An alternative explanation might be that there are more things
changing at each cohort apart from the seasonality surplus. If we estimate the

Spearman correlation between 6 . and the adjusted accumulated growth rate, we

gd
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get a noteworthy value (p = 0.262)*". Our interpretation is that, although both
phenomena seem associated, the effect that might have one on the other does not

seem large. We will also explore design explanations in the next section.

Table 2 — Estimates of ¢, ._5 on employment (Y}) and stable employment (Y3).

Employment Open-ended

contract

0,—g 5 (2016T4) 0.091%** 0.059***
(0.008) (0.007)

0,9 =5 (2017T1) 0.109*** 0.073%**
(0.006) (0.005)

0 ,—10,0=5 (2017T2) 0.113%** 0.086***
(0.008) (0.007)

0)=11,0=5 (2017T3) 0.106*** 0.075%**
(0.019) (0.017)

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. n; = 90,755. Each cell shows the point
estimate and the standard error in parenthesis. The first column reports in
parenthesis the specific quarter that denotes each g. See Appendix C for estimates

with g > 11.

The estimates of these cohort parameters for the maximum number of elapsed
periods observed for all cohorts (e = 5) are presented in Table 2. The aggregate
effects both on employment and on the open-ended contract probability barely
change from one cohort to the next. This means that we do not have evidence on
remarkable scarring or premium effects attributable to the economic environment
of a certain cohort (season). As before, all the coefficients are statistically
significant at a = 0.01. Therefore, the conclusions we might extract from this
analysis are mainly two. On the one hand, if we want to compare two estimates
close in time and belonging to the same phase of the business cycle, the part of
the effect that might be associated with the cohort is usually small or

indistinguishable from sampling error. On the other hand, if the comparison is

5 We took the calendar and seasonality adjusted quarter GDP growth rate for Spain from INE
(2024).
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between different stages of the business cycle, the accumulated growth rates
differences would be larger, so differences in effect estimates might collect in a

remarkable share these cohort effects.

4.2. Tool-based heterogeneity

The second part of the analysis investigates on whether different components of
the programs generate different effects. To do that, remind that we have
exclusively selected those individuals that participated in FOAP and took
advantage of the variation in the dosages of each component. Like in the previous
analysis, we start with a visual presentation of the results and then present the

quantitative estimates of the contrast parameters.

Figure 4 shows the estimated ADRFCI“ about the potential outcome of each
component k on the employment probability (Y;). They can be thought as average
predictions of the treated potential outcome for different dosages of each
component fixing the value of the rest of design components. We have selected

two time horizons observed for all cohorts of interest.

The first and fourth plots regard the planned duration of the treatment, measured
in hours. The estimates indicate that, controlling for the rest of covariates, the
potential outcome is a decreasing function of the planned duration in almost all
its domain. It is true that its slopes seem to involve bigger changes one year after
treatment start (e =3) than one and a half year (e =5). One year after the
beginning of the treatment, our results suggest that the shortest treatments are
those that might have the biggest effects on employment. This might be result of
the smaller lock-in period of these treatments, since the findings for e = 5 qualify
the previous statement. After six quarters, the functional form resembles more to
a symmetric convex function. The longer treatments gain strength and we see
that the treated potential outcome with the highest dosage of duration equals the
one obtained after the minimum dosage of duration. This finding is a bit puzzling,
suggesting that there might be other design components confounding this result.
In any case, our results challenge a big part of the previous literature on the
duration of treatments that only focused in one component at each time. This
literature usually described this dose-response function as concave (Clemente et
al., 2014), although some authors did point up the limited importance of the
duration component (Choe et al., 2014).
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The second and fifth plots are related to the occupational specificity of each
treatment, measured through the number of occupations targeted by each
training. Our results indicate, for both horizons, that there is a convex
relationship between the degree of specificity and the employment probability. We
do find that those trainings that are highly specific (targeted at one occupation)
present extraordinary levels of employment probability. However, our results also
point up that, one year after the beginning of the treatment, the trainings that
were lowly specific (targeted at least at eight occupations) also had high levels of
employment probability. This situation is softened at e = 5. At this time horizon,
we estimate a function that gets closer to the direct relationship that is obtained
by other researchers of this phenomenon. Still, the convex function for one year
after starting the treatment is difficult to understand under the theoretical
frameworks discussed in Bol et al. (2019). At least from those trainings aimed at
1 until 6 occupations, we obtain a direct relationship that associates greater
specificity with higher employment probability. However, two elements should be
taken in consideration when comparing our results with the rest of the literature.
Firstly, this literature measures the occupational specificity in a different way, i.e.
as realized matches. Secondly, one of the modelling assumptions of DiPrete et al.
(2017) and DiPrete & Chaet (2023) is that the dose-response function is a linear

function, something that we smooth with a quadratic function.

The third and sixth plots illustrate the proportion of internships and its dose-
response function related to the employment probability. The key message of these
figures is that this is the component with the largest support of the function. In
other words, this means that it is the component whose variability is associated
with highest changes in levels of employment. This is especially clear if we look
at the potential outcome function one year after treatment started. The function
is clearly concave, showing the positive effect of internships until the proportion
locates around the 25 % of the total duration of the treatment. Still, note that a
treatment with the highest possible value in our sample (40 %) has greater
employment probability than a treatment which is exclusively classroom-based.
These results indicate that the proportion of internships, controlling for the other
two components, and in average, seems the design factor that might generate the
highest changes in employment. Our findings go in line with Wood et al. (2024)
by signalling a remarkable effect of including internships in a program, although

they do not look at the impact of different intensities of such component.
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Figure 4 — Estimates of ADRFCk for employment (Y;) at one year after treatment
started (e = 3) and one year and a half (e = 5).
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Although examining the potential outcomes gives a general view of the dose-
response functions, a more quantitative perspective offers more direct results.
Table 3 presents point estimates and hypothesis tests for certain contrasts of

interest, which are estimates of the target parameter AC’R((Z’;)«. The specific values

selected to form the contrasts are either taken from previous categorizations in
the case of the duration (Cueto et al., 2010; Clemente et al., 2014) or from jumps
resulted from dividing the dominion of the component in four parts. We are going
to focus on the longest horizon to reduce the differences in the lock-in period that

involves each dosage of planned duration.

Concerning the planned duration of the treatment, consistent with the previous
plots, the shortest and the longest interventions seem more successful than the
intermediate ones. In all cases, the differences between the contrasts analysed are
statistically significant at the usual levels. If we focus on the occupational
specificity of treatments at the longest horizon, we see that reducing the specificity
of the treatment in average decreases the employment probability, but only until
targeting 4 occupations. From this threshold, we do not find statistically
significant differences for the two contrasts presented. Lastly, notice that the
column on the proportion of internships offers the largest average causal response.
Changing the proportion of internships from 0 to 10 % increases in average the
probability of finding an employment in 11.6 p.p. at e = 3 and in 8.3 p.p. at
e = 5. However, notice that this component has not a monotonic effect, since for
both horizons going from 30 to 40 % of internships involves a statistically

significant reduction in the employment probability.
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Table 3 — Estimates of ACR;I;)S for employment (Y;) at one year after treatment

started (e = 3) and one year and a half (e = 5)

Planned duration  Specificity — Proportion of internships

e=3

Ay -0.034*** -0.027%** 0.116%**
(250-150; 2-1; 10-0) (0.008) (0.006) (0.016)
A, -0.053%** -0.027%* 0.059%**
(500-250; 4-2; 20-10) (0.010) (0.006) (0.007)
Ay -0.007 0.009 0.001
(750-500; 6-4; 30-20) (0.008) (0.007) (0.010)
A, 0.022%* 0.046%** -0.057%%*
(920-750; 8-6; 40-30) (0.012) (0.016) (0.020)
e=2>5

A -0.027%* -0.019%* 0.083%**
(250-150; 2-1; 10-0) (0.008) (0.006) (0.016)
A, -0.032%* -0.022%* 0.038%**
(500-250; 4-2; 20-10) (0.010) (0.006) (0.007)
Ay 0.017%* -0.001 -0.007
(750-500; 6-4; 30-20) (0.008) (0.007) (0.011)
Ay 0.040%** 0.020 -0.051%**
(920-750; 8-6; 40-30) (0.012) (0.016) (0.020)

Note: The value k of the target parameter is shown in the columns, value e names
each panel and the low (d) and high (j) doses of each comparison are shown in
parenthesis at the first column sequentially for each k. Each cell presents the point
estimate and the standard error in parenthesis, which are estimated analytically

with the HC3 correction. * p < 0.1, ** p < 0.05, *** p < 0.01.

To assess the credibility of our causal models, we have performed some placebo
tests for the three groups of coefficients of interest. Table 4 includes one row for
each placebo outcome. Remind that, if our identifying restrictions hold true, the
placebo outcome should not be associated with each group of coefficients because
it took place before such treatment was implemented. What we appreciate in all
cells is that the p-values of all hypothesis tests are over the usual significance level

of 10 %. This is good news, since it means that we cannot reject that the true
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relationship between each placebo outcome and the set of coefficients of each
design component was zero. This is the same type of analysis that has been
presented in the previous section by analysing the pre-treatment coefficients at

the event-study plot.

Table 4 — Placebo analyses using lagged outcomes of employment (Y;)

Planned duration  Specificity — Proportion of internships

Yie— 4 2.002 0.553 1.054
(0.135) (0.575) (0.349)
Yie—s 1.959 1.173 0.011
(0.141) (0.31) (0.989)
Yie— s 0.786 1.507 0.233
(0.456) (0.222) (0.792)
Yie——7 0.582 0.877 0.174
(0.559) (0.416) (0.84)

Note: Each cell reports the heteroskedasticity-robust F' statistic and the p-value
for the null hypothesis of coefficients of the focal component equal to zero in

parenthesis.

We can repeat the previous analysis but focusing us on the other outcome, the
probability of having an open-ended contract (Y;). Notice that Figure 5 has not
plots on the estimates of ADRFf for the specificity component. The reason is
that, as we will see later, we did not pass the placebo tests for this design
component. This subtracts credibility to the causal model of the effect 5k:2 —Y,
assumed in the main analysis, so we have opted for removing the results of their
estimates. In any case, we do have credible estimates for the effect of the duration

and the proportion of internships on the probability of stable employment.

In Figure 5, the two plots on the average dose-response function of the duration
component on the probability of stable employment (Y,) are not very promising.
The function is almost constant around the 10 p.p. of stable employment
probability, without remarkable changes after varying the planned duration of the

treatment. One year and a half since the beginning of the treatment (e = 5), the
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function slightly gets greater upward curvature, which would indicate better

results when this component has extreme values.

Figure 5 — Estimates of ADRF, " for stable employment (Y,) at one year after
e 2
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Note: Estimates based on the reduced sample formed by those groups without

strong evidence of cohort effects, i.e. removing group 15.

The other two plots of Figure 5 deal with the average potential outcome of stable
employment in function of the proportion of internships. The ADRF ek’ fore=3
has a similar functional form to that found for Y;: the more proportion of
internships, the greater is the potential outcome until a point around the 25 %.

However, the relationship turns almost linear when we observe the outcome two
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quarters later. Although there is more sampling noise for the values obtained with
extreme values of internships, it seems that at e = 5 there is an increasing average
dose-response function. Wood et al. (2024) did not study different effects for
different intensities, but they also found more probability of stable employment

for programs with more than 0 % of internships.

Table 5 — Estimates of AC’R(II?.), for stable employment (Y,) at one year after
dj,e
).

treatment started (¢ = 3) and one year and a half (e = 5
Planned duration Proportion of internships

e=3

Ay -0.014** 0.100%**
(250-150; 10-0) (0.007) (0.015)
A, -0.019* 0.056%**
(500-250; 20-10) (0.010) (0.007)
Ay 0.005 0.012
(750-500; 30-20) (0.007) (0.010)
Ay 0.017 -0.032*
(920-750; 40-30) (0.011) (0.019)
e=95

Ay -0.018** 0.032%*
(250-150; 10-0) (0.007) (0.015)
A, -0.023** 0.024%**
(500-250; 20-10) (0.010) (0.007)
Ay 0.010 0.016
(750-500; 30-20) (0.008) (0.010)
Ay 0.025%* 0.008
(920-750; 40-30) (0.011) (0.019)

Note: The value k of the target parameter is shown in the columns, value e names
each panel and the low (d) and high (j) doses of each comparison are shown in
parenthesis at the first column sequentially for each k. Each cell presents the point
estimate and the standard error in parenthesis, which are estimated analytically
with the HC3 correction. * p < 0.1, ** p < 0.05, *** p < 0.01.
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Since researchers and practitioners are usually interested in contrasts of potential
outcomes, Table 5 shows the point estimates of some differences and their
statistical significance. The specific contrasts take the same values of the
components that were used for the analysis of the employment probability. The
main messages are similar to those obtained from that analysis. For the planned
duration, we see that the average causal response of going from 150 to 250 hours
or from 250 to 500 hours involves a decrease in the probability of having an open-
ended contract. This means that shorter programs are generally preferable. For
the proportion of internships, we appreciate a remarkable benefit of moving from
a 0 to a 10 % internships program especially at the short run, i.e. at e = 3.
Unlike the employment outcome, if we concentrate on stable employment, there
are null effects of increasing the proportion of internships from the 20 % at the

usual significance level of 5 %.

Lastly, Table 6 reports the placebo analyses with pretreatment outcomes to add
or subtract credibility to an effect estimation. The two components analysed,
duration and internships, present hypothesis tests that do not allow to reject the
null hypothesis of zero association. This would add credibility to the causal
interpretation of our statistical models. As we anticipated before, three out of the
four placebo outcomes for the occupational specificity component are statistically
significant at usual levels. The conventional interpretation of this phenomenon is
that there might be a time-invariant unobserved variable influencing both
treatment dosage and the outcome of interest. Since this would involve

confounding, we have discarded that analysis.
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Table 6 — Placebo analyses using lagged outcomes of stable employment (Y5)

Planned duration Specificity Proportion of internships
Yoo 4 1.422 2.186 1.322
(0.241) (0.112) (0.267)
Yoe 5 1.702 3.002 0.415
(0.182) (0.05) (0.661)
Yo 1.181 3.573 0.638
(0.307) (0.028) (0.529)
Yoo 7 0.67 3.7 0.456
(0.512) (0.025) (0.634)

Note: Each cell reports the heteroskedasticity-robust F' statistic and the p-value
for the null hypothesis of coefficients of the focal component equal to zero in

parenthesis.

4.3. Robustness analyses

The credibility of the results presented in the previous sections rests on the
plausibility of the identifying restrictions. However, the fundamental problem of
causal inference involves identification uncertainty even in DID analyses
(Rambachan & Roth, 2023): having evidence of bias stability before treatment
does not imply that bias will stay stable after treatment, so we must rest on
assumptions. In this section, we estimate how robust are the results by varying
two aspects of the main analysis: the assumption on the Ashenfelter’s dip and the

identification strategy.

On the Ashenfelter’s dip, one assumption considers that the dip is transitory,
which means that the way to proxy the stable bias affecting Y 0 , is to account
for stable differences before the dip (in our case, 6 = 2). The other assumption
establishes that such dip is reflecting a scar that would be persistent, at least for
the t’s of interest. Thereby, we should control for the value of such dip by proxying
the stable bias using as base period the difference in the last pretreatment
outcome (then ¢ = 0). On the identification, we have experimented with two non-
nested causal models on the untreated potential outcome: the conditional
difference-in-differences model (CDID) and the conditional lagged dependent
variable model (CLDV). The DID model assumes that confounding bias occurs
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due to unit time-invariant differences supplemented by a temporal trend (stable
bias). Its conditional version recognizes the necessity of accounting for time-
varying effects of observed variables to completely remove confounding (Zeldow
& Hatfield, 2021). The LDV model asserts that confounding bias happens due to
unit time-variant differences (unstable bias). Its conditional version also
acknowledges the necessity of accounting for the effects of observed variables to
completely remove confounding. This sensitivity approach has been suggested in
methodological works like Angrist & Pischke (2009), O’Neill et al. (2016), or Ding
& 1i (2019).

We are going to start by evaluating how sensitive are the results that analysed
the effects in function of the period of observation (dynamics). Table 7 shows the
results after redoing the analyses related to 6,. Fixing the identification strategy
to the one used in the main analysis, the results shown for the CDID with § = 0
are too far from the 5 p.p., which is the median impact on employment found at
e = 7 in the experiments analysed by Katz et al. (2022). This reinforces our idea
of fixing ¢ at 2 instead of the standard value of 0. Importantly, the decision on §
must also be made with the other identification strategy. We should think which
assumption on this parameter makes more sense according to a certain model of
the untreated potential outcome. If we believe that confounding comes exclusively
from time-variant differences between units, we argue that it makes more sense
to include all the available pre-treatment lags. The CDID can only consider one
pretreatment outcome to estimate the unit fixed effect in a first-difference model,
but the CLDV may include the terms of the dip even if they actually do not have
an effect on the counterfactual untreated potential outcomes. Moreover, O’'Neill
et al. (2016) show that the problems of serial correlation decrease when the
number of lags included increases. Therefore, we focus for CLDV on the results
with § = 0.

Looking at the results from the CLDV identification strategy, Table 7 shows that
participating in FOAP in average rises in 7.8 p.p. the employment probability
after one year (e = 3). It is interesting that, after two years, 6,_. decreases to 4.5
p-p- when estimated using CLDV, whereas the CDID suggests that the effect goes
up. In any case, we think that the bounds established for both approaches are
quite informative for the first year of implementation. If the true effect was
positive, following Ding & Li (2019), we can assert that the true quantity would
be between 7.8 p.p. (the lower bound) and 17.5 p.p. (the upper bound). If a person
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was treated, the CLDV model estimates that in average her/his probability of
having an open-ended contract increased by 5.8 p.p. at the end of the first year.
The effect on this outcome also declines one year later under the CLDV
identification. In fact, in the Appendix C we include the complete list of estimates
for each e and show that the presence of dynamics in the effect estimates is quite
moderate. Considering the international literature, the effect sizes obtained with
the CLDV model are more in line with the experimental and the non-experimental

results (Levy Yeyati et al., 2019; Card et al., 2018).

Table 7 — Sensitivity analyses of ¢, by outcome, identification strategy and

anticipation parameter.

§=2 5=0
CDID CLDV CDID CLDV
Y, (employment)
0., 0.175%++ -0.006%* 0.382%** 0.078%**
(0.005) (0.003) (0.004) (0.003)
0._, 0.259%#* -0.009** 0.445%** 0.045%%*
(0.006) (0.004) (0.006) (0.004)
Y, (stable employment)
6., 0.135%%* 0.018%+* 0.244%%* 0.057%%+
(0.004) (0.003) (0.004) (0.003)
0., 0.179%** 0.009*** 0.276*** 0.032%**
(0.006) (0.004) (0.005) (0.004)

Note: Each cell shows the point estimate and the standard error in parentheses.
Inference statistics for CLDV were estimated through nonparametric bootstrap
with 500 replications. 6.,’s with CLDV have been calculated through the
aggregation of their building-block parameters ATT'(g,t) following the philosophy
proposed in Callaway & Sant’Anna (2021). See Appendix C for the rest of
estimates. * p < 0.1, ** p < 0.05, *** p < 0.01.

The next sensitivity analyses deal with the estimates of the parameter that
captures the cohort effects, i.e. 5. To save space we only include the results for

the CLDV models. In this case, we do observe the seasonal effects that we missed
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in the CDID analysis: those groups that started the treatment before the summer
(9 =19, g = 13) experimented a higher ¢ 5 than the cohort just before. This might
suggest not to select the same anticipation parameter for all ATT(g,t)’s, since
with a universal § some base periods might also collect differences attributable to
seasonality and not only unit time-invariant differences. In any case, if we
concentrate us on the findings with § = 0, we appreciate that point estimates are
closer. This is especially clear for the stable employment outcome, in which we
only detect a small difference for those periods before those affected by seasonality.

This closeness reinforces the idea on the low importance of cohorts.

Figure 6 — Estimates of 8 . using a CLDV identification by outcome and 4.
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Note: Confidence intervals were estimated through nonparametric bootstrap with

500 replications.
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To finish, we have also estimated how sensitive are the results of the design
components analysis when changing the anticipation parameter or the
identification strategy. Tables 8 and 9 illustrate that, in this case, the results are
practically identical even if we vary the value of . These estimates are also almost
equal to the ones obtained with CDID, which is good news. The less sensitivity
of this analysis to the identification or the anticipation parameter might come
from the exclusive use of treated individuals. This might suggest us that the
differences between individuals assigned to each dosage might be modest, since
the estimation of causal estimands does not seem to change in function of certain
statistical adjustments. Again, the findings with CLDV identification in Tables 8
and 9 highlight the positive employment effects of treatments with short duration,

very specific, and with intermediate proportion of internships.

Table 8 — Estimates of AC’R;’;’.)E using a CLDV identification for employment (Y;)

at one year after treatment started (e = 3) for § = 2.

Planned duration  Specificity — Proportion of internships

CLDV and 6 = 2

Ay -0.033%** -0.023%** 0.097%%*
(250-150; 2-1; 10-0) (0.006) (0.005) (0.013)
A, -0.052%* -0.024%* 0.042%**
(500-250; 4-2; 20-10) (0.008) (0.005) (0.006)
Ay -0.009 0.005 -0.013
(750-500; 6-4; 30-20) (0.006) (0.006) (0.009)
Ay 0.019%* 0.034%** -0.067***
(920-750; 8-6; 40-30) (0.009) (0.013) (0.017)
Passed the Yes Yes Yes

placebo test
Note: Since the CLDV strategy requires the inclusion of lagged outcomes in the
specification of the model, we only reserved Y, _. as placebo outcome. For the

sake of brevity, we only report the sensitivity analyses for the effects on Y,

ie=3"
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Table 9 — Estimates of ACR;I;)S using a CLDV identification for employment (Y;)

at one year after treatment started (e = 3) for § = 0.

Planned duration  Specificity — Proportion of internships

CLDV and 6 =0

A -0.033*** -0.022%** 0.097***
(250-150; 2-1; 10-0) (0.006) (0.005) (0.013)
A, -0.052%** -0.023*** 0.042%**
(500-250; 4-2; 20-10) (0.008) (0.005) (0.006)
Ay -0.008 0.006 -0.013
(750-500; 6-4; 30-20) (0.006) (0.005) (0.009)
Ay 0.020** 0.035%** -0.067***
(920-750; 8-6; 40-30) (0.009) (0.013) (0.017)
Passed the placebo Yes Yes Yes
test

Note: Since the CLDV strategy requires the inclusion of lagged outcomes in the
specification of the model, we only reserved Y, _, as placebo outcome. For the

sake of brevity, we only report the sensitivity analyses for the effects on Y, _5.

Regarding employment quality, Table 10 presents the estimates of the effects of
the three design components on the probability of open-ended contract but using
a CLDV strategy. As happened with the employment quantity outcome, the
results do not substantially change neither when altering the anticipation
parameter nor when using a different identification strategy. Like with the
employment outcome, our models for employment quality suggest focusing on
trainings that are short, very specific, and have intermediate proportions of
internships. These conclusions are shared both from a CDID and from a CLDV

strategy, which reinforces the internal validity of the results.
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Table 10 - Estimates of ACRY

employment (Y,) at one year after treatment started (e = 3) in function of 4.

CLDV and 6 = 2
Ay

(250-150; 2-1; 10-0)
A,

(500-250; 4-2; 20-10)
Ay

(750-500; 6-4; 30-20)
A,

(920-750; 8-6; 40-30)
Passed the
placebo test
CLDV and 6 =0
Ay

(250-150; 2-1; 10-0)
A,

(500-250; 4-2; 20-10)
Ay

(750-500; 6-4; 30-20)
A,

(920-750; 8-6; 40-30)
Passed the
placebo test

Note: Since the CLDV strategy requires the inclusion of lagged outcomes in the
specification of the model, we only reserved Y, _. as placebo outcome. For the

sake of brevity, we only report the sensitivity analyses for the effects on Y,

5. Conclusions

In this chapter, we have evaluated an adult training program that allows us to
estimate the effects of its interventions in function of time dimensions (the period

of observation or the cohort) and program design dimensions (the duration,

Planned duration

-0.015%**
(0.006)
-0.0217%%*
(0.008)
0.004
(0.006)
0.016*
(0.009)
Yes

-0.015%**
(0.006)
-0.0217%%*
(0.008)
0.004
(0.006)
0.017*
(0.009)
Yes

dj,e

-0.020%***
(0.005)
-0.019%**
(0.005)
0.008
(0.005)
0.035%**
(0.012)
Yes

-0.019%***
(0.005)
-0.018***
(0.005)
0.009*
(0.005)
0.036%**
(0.012)
Yes
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Specificity

using a CLDV identification for stable

Proportion of internships

0.075%**
(0.012)
0.035%**
(0.006)
-0.006
(0.008)
-0.046*+*
(0.016)
Yes

0.076***
(0.012)
0.035%**
(0.006)
-0.006
(0.008)
-0.04 774
(0.015)
Yes



occupational specificity, or internships proportion). We have focused on two
outcomes: the probability of employment and the probability of having an open-
ended contract. On the time dimensions, we have detected that the effects on
both outcomes are positive and increase over time, although with diminishing
returns. After one year, we estimate that the impact is of 17.5 — 7.8 p.p. on
employment and of 13.5 — 4.5 p.p. on stable employment if we consider both
identification strategies. There is less evidence on a remarkable cohort effect,
especially if we compare cohorts whose starting quarters are close. On the design
dimensions, our results indicate noteworthy nonlinear effects of the proportion of
internships on the employment probability. After six quarters, rising the value of
this variable may substantially increase almost linearly the stable employment
probability. The impact of the other two components, duration and specificity, are

remarkably lower.

We have supported and qualified previous research with our work. The literature
had also detected dynamic effects in continental Europe or with an alternative
identification strategy. We have confirmed that this pattern is also present in
Spain with diminishing returns after six quarters in both outcomes. Still, the lower
bound of the effect estimates is higher than most estimates found in the literature
(Vooren et al., 2019). The low importance of cohort effects that was estimated in
Germany by Lechner & Wunsch (2009) was also found in our case for our program.
However, the most innovative part of our research is the one that offers the most
challenging results. Unlike previous research who analysed them separately, we
tried to control for the specific effects of treatment duration, internships and
occupational specificity. We found that internships are the design component that
matters most, especially when jumping from zero to low proportions of
internships. When controlling for this component, the duration has a convex dose-
response function on employment with moderate effect sizes. However, in line with
previous results, we also detected the positive effects of very occupational specific
treatments. Notice that these design results are very robust to using a CLDV

instead of a CDID identification strategy.

Our study also suffers from some limitations. The first caveat is that all effect
estimates rest on the validity of the causal models. Although their assumptions
are untestable, we have enhanced the specification of causal models with placebo
tests and then restricting the analysis population to those treated in any version

of FOAP. However, we must recognize that the identification assumptions in
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observational studies, and especially if there are continuous treatments, are
strong. Continuous treatment designs involve the generation of an infinite number
of treatment groups, so the exchangeability and positivity assumptions turn more
complicated. Due to these difficulties and the particularities of a compound
treatment, we recommend policymakers to consider a factorial experimental
design with a small subset of participants (Wu & Hamada, 2021; Rubin, 2008).
The second warning is related to our measurements of employment. The available
datasets only allow to observe if the individual was working at the last day of the
quarter and new labour contracts signed at any date. We do not know the actual
duration of each labour relationship, so this must be considered when interpreting
our results thinking in certain precarious jobs. The third caveat regards the
transportability of our findings to other less developed regions of Spain. We have
concentrated us on a regional economy with lower natural rates of unemployment
than other regions like Andalusia or Extremadura (Cuéllar-Martin et al., 2019).
Directly generalizing our findings to these contexts means neglecting the effect
modifier abilities of supply-side factors like productive structure, which is an issue

that deserves a closer attention (Pearl & Bareinboim, 2014).

Future research might also explore alternative paths even if we continue with a
non-randomized treatment assignment. Maintaining the same research questions,
on one side, researchers might use a third causal model of untreated potential
outcomes: the interactive fixed effect model (Callaway & Karami, 2023; Xu, 2017).
This structural model allows the effect of the confounders to vary over time, but
comes at the cost of additional requirements, so analysts might evaluate its
plausibility in further works. On the other side, another line of research could
focus not on data analysis but on data collection. There is space for measuring
the actual occupational specificity of treatments a la DiPrete et al. (2017) instead
of the perceived specificity that we have exploited. More generally, we think that
it would be valuable to develop coding instructions to transform the text of design
documents into a more detailed and standardized classification of training
programs. This would involve more design components that the ones we have
considered here, as it has been proposed in Junquera (2024b) for employment
subsidy programs. Slightly varying the research questions, future evaluations
might explore different outcomes or different effect modifiers. Models might
incorporate theoretical mediators of employment like job search self-efficacy as

dependent variables (Liu et al., 2014), but also concentrate on features of the
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population of participants as effect modifiers. Researchers might employ random
forests to understand deviant groups of participants with high rates of post-
treatment employment and then interview them to search new covariates that
might explain such exceptional cases (Harding & Seefeldt, 2013). A completely
different research question would be a cost-benefit analysis, which would also be

quite interesting due to their low use in the ALMP literature of Southern Europe.

All these warnings and research gaps help us to understand that the impact
evaluation of adult training is an ongoing and incomplete task. Nonetheless, our
results indicate that the employment effects of these programs in Spain seem
positive and illuminate promising design components like internships and

occupational specificity.
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Appendix

Appendixz A. On the variables

In this section, we define how we measured each variable and indicate its level of

measurement in parentheses.

A.1. Outcome variables

Employment at quarter t (qualitative). We are measuring if the individual
worked at least one day during such quarter. An individual is coded as employed
(employee or self-employed) at quarter ¢ if (a) he was affiliated as employee or
self-employed to the Social Security during the last day of such quarter or (b) a

labour contract was registered at any day of such quarter.

Open-ended contract at quarter t (qualitative). This variable collects if the
individual had an open-ended contract at the last day of the quarter (measured
through the Social Security dataset) or if he/she signed an open-ended contract
at any day of the quarter (measured through the Contracts dataset).

A.2. Treatment variables

Duration of the treatment (quantitative). Taking the planned duration avoids
the self-selection problems related to considering actual duration of the treatment.
While the planned duration is not decided by the participant, the actual duration
it is. The literature has categorized this variable in different ways. Table A.2.1.
shows the different categorizations of Cueto et al. (2010) and Clemente et al.
(2014), two of the available evaluations of adult training in Spain. The program
design of FOAP establishes the number of hours that must last a certain
treatment, but not the specific calendarization that must follow. In other words,
it does not determine the number of hours per week or per day, only a maximum
(40 hours per week). Table A.2.2. approximates the number of weeks and quarters
that would entail a full-time treatment (40 hours per week) for an operative

categorization of hours.
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Table A.2.1. — Categorizations of the duration variable in other studies

Study Category Interval

Cueto et al. Short duration hours < 250

(2010) Intermediate duration 251 < hours < 500
Long duration hours > 500

Clemente et Short duration hours < 150

al. (2014) Intermediate duration 150 < hours < 300
Long duration hours > 300

Table A.2.2. — Frequency of treatments by planned duration in hours for FOAP

Category Hours Weeks for a FTT Quarters for a FTT
Short h < 250 3.75 <w <6.25 0.28 < ¢ <0.48
Intermediate 250 < h < 500 6.25 < w < 12.5 0.48 < ¢ <0.96
Long 500 < h <750 12,5 < w < 18.75 0.96 <g<1.44
Very long h > 750 18.75 <w <23 1.44 < ¢ < 1.77

Note: FTT: Full-Time Treatment (40 hours per week). min A = 150, max h =
920.

Occupational specificity (quantitative). Following the review by Blommaert et
al. (2020), we see that the literature on training has used a dichotomic vocational-
general variable to characterize educational systems. We think this phenomenon
as one variable (dimension) measured through two polar (extreme) values:
vocational (no general) versus general (no vocational). Digging into this approach,
we follow two changes to such operationalization inspired by DiPrete et al. (2017).
Firstly, to measure it continuously. Secondly, to apply it to credentials and not to
educational systems (sets of credentials). We make a distinction between actual
specificity and perceived specificity. While actual specificity operationalizations
focus on realized employment matches (Bol et al. (2019)), perceived specificity is
a property of the program design as long as it is defined through the number of
occupations targeted by the designers. Based on a sociological tradition interested
on the unintended consequences of actions (Linares Martinez, 2018), we think
that it is more useful to concentrate on the perceived occupational specificity of a
credential. To operationalize this variable in our study, we count the number of
CNO-11 occupations (at 4 digits) related to each credential. In our dataset, there
are 154 different credentials (in Spanish, especialidades formativas). With the
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automatic scraping, we got information on the linked occupations for 133
credentials. We could also collect information manually on 9 credentials by
exploring their regulation. We assign them the CNO occupation closes to the
literals found thanks to the assistance of AYUDACOD, a search tool developed
by INE. This makes a total of 142 credentials with information. The remaining
12 credentials with unknown match to occupations were all from the family of
languages. In terms of specificity, these credentials are highly general (lowly

specific). Thereby, we impute them the lowest value for this variable.

Internships (quantitative). According to their degree of regulation, there are two
types of treatments: those that grant a professional certificate (CP) and those
that do not (non-CP). For CP treatments, we took the planned duration of the
internships from Dades Obertes Catalunya (2023). In this case, considering the
planned and not the actual duration has also the benefit of avoiding confounding
bias (self-selection). Notice that the individual may extend the actual length of
the internships through the so-called prdcticas de perfeccionamiento (improvement
internships). However, we have only considered the compulsory duration of the
internships. For non-CP treatments, the planned duration of the internships may
vary from provider to provider®, and it is not available in our datasets. Therefore,
we considered the actual duration of internships. Unlike CP treatments,
improvement internships in non-CP treatments are not a decision made
exclusively by the participant. To carry out these internships, the provider must
ensure that they will be pursued by at least 60 % of the treatment participants.
This ameliorates the suspicions on confounding due to unobserved individual
covariates when internships are registered. Notice that to make this variable
unsensitive to the planned duration of a treatment, we focus on the proportion of

hours of internships.

5 Unless they were mandatory by regulation.

94



A.3. Confounding variables

Table A.3.1 — List of confounders or proxies of confounders.

. N. of Adjusted in  Adjusted in
Vector Variable ) . ) .
categories time analysis tool analysis
Sex 2 X X
Age 00 X X
Socio- National group 5 X X
demographic (S;) Level of 6 X X
education
Disability 2 X X
Local labour 14 X X*
market
Job search area 7 X X
Labour market i
(L)) Days with 366 X
' benefit in the
year before
treatment
Unit n X
component
Proxies of latent Time ‘ X X
confounders (U, ) component
Lagged 2 X
dependent
variables

Note: (*) Due to the high number of treatment groups in the design analysis, we
had to collapse some levels of the local labour market variable to avoid empty or

tiny sample sizes. The resulting variable has 14 levels.

Sex (qualitative). We considered two categories: woman and man.

Age (quantitative). This variable measures the age in years as of 1 January, 2017.
We introduce it with a quadratic functional form in all specifications to have more

flexible potential outcome models.

National group (qualitative). We substantially followed the experimental results
of Polavieja et al. (2023) to group individuals into national groups. Thereby, their
results indicate modest but statistically significant discrimination towards two

regions of ancestry in Spain: (1) Middle East and North Africa, and (2) Latin
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America and the Caribbean. They did not find a statistically difference for those
with ancestries from Asia versus Europe-USA. Although the study did not test
for differences between citizens and not citizens of the European Union, labour
regulation is remarkably stricter for the second group. Although possibly they are
not discriminated in the labour market, it seems plausible to assume that non-
Spaniards EU citizens had a lower probability of FOAP participation due to
language issues. Therefore, we finally formed five groups: (1) Spaniards [denoted
SPAIN], (2) European Union but not Spaniard, North America, and Oceania
[denoted EUNAO]; (3) Europe not EU, Eastern Asia, and South-Eastern Asia
[denoted EAST]; (4) Latin America and the Caribbean [denoted LAC]; and (5)
Northern Africa, Central Asia, Western Asia, and Sub-Saharan Africa [denoted
REST]. The classification of countries or areas into geographical regions follows
the M49 standard of the United Nations. Following a worst-case logic, the 48
individuals with non-available value have been imputed with value “Northern
Africa, Central Asia, Western Asia, and Sub-Saharan Africa”, the national group

with the worst prospect following Polavieja et al. (2023).

Level of education (qualitative, ordered). This variable measures the level of
education following ISCED 2011 but making two groups to avoid small sample

sizes: levels 0 and 1, and levels 7 and 8.

Disability (qualitative). It is a binary variable that collects if the individual has
a recognized degree of disability greater than 33 %, which is the threshold

established in Spain for entitlements of persons with disability.

Local labour market (qualitative). The current datasets do not offer
information on the municipality of residence of each individual updated for each
quarter. For the treatment group, we take the municipality of residence of the
participant from the GIA dataset. For the control group, we collect the
information from the DEMANDS dataset, which observes it at different dates.
We employ the classification of municipalities into local labour markets (LLM)
developed by Martinez-Bernabéu and Casado-Diaz (2022). Although we departed
from the 27 local labour markets detected with this method, we had to collapse
some categories to avoid small sample sizes. These collapses were made according
to geographical distance and similarity in terms of productive structure
(proportion of big sectors). Thereby, we ended up with 14 categories: LLM 08305
(Vilafranca del Penedes), LLM 08019 — Barcelona, LLM 08113 — Manresa, LLM
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08298 — Vic, LLM 43161 — Valls, LLM 43148 — Tarragona, LLM 17079 — Girona,
Rest of Barcelona (LLM 08102 — Aviny6 and LLM 08022 — Berga), Ebre (LLM
43155 — Tortosa and LLM 43093 — Méra d’Ebre), Coast of Girona (LLM 17117 —
Palafrugell, LLM 17160 — Sant Feliu de Guixols and LLM 17023 — Blanes), Interior
of Girona (LLM 17066 — Figueres, LLM 17147 — Ripoll and LLM 17114 — Olot),
Lleida and Mollerusa (LLM 25120 — Lleida and LLM 25137 — Mollerusa), Interior
of Lleida (LLM 25217 — Tarrega, LLM 25072 — Cervera, LLM 25234 — Tremp,
LLM 25207 — Solsona and LLM 25203 — La Seu d’Urgell), and Outside Catalonia
(LLM 22061 — Binéfar, LLM 44013 — Alcaniz, LLM 22112 — Fraga).

Job search area (qualitative). The available dataset allows us to distinguish
seven categories, with one of them without a specific geographic area, which makes
impossible to think this variable as ordinal. The categories are municipality,

county, province, region (Catalonia), Spain, bigger than Spain, and other areas.

Days with benefit in the year before treatment (quantitative). This
variable gathers the number of days in which the individual received at least one
of the benefits managed by the public employment service of Spain (SEPE). This
includes contributory benefits (like the unemployment insurance) and non-

contributory benefits (like the unemployment subsidy).

Unit component (quantitative). This variable is a proxy for unobserved
variables that could act as confounders, like ability or personality. These must be

variables whose value was time-invariant and whose effect was time-invariant.

Time component (quantitative). This variable is a proxy for unobserved
variables that could act as confounders, like the presence of a recession of the

business cycle.
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A.4. Summary statistics of our sample

Table A.4.1 — Summary statistics of treatments by confounders or proxies of

confounders (qualitative variables).

Sex

National group

Level of
education

Disability

Local labour
market

Job search area

Man

Woman

EAST

SPAIN
EUNAO

LAC

REST

ISCED 0 and 1
ISCED 2
ISCED 3
ISCED 5
ISCED 6
ISCED 7 and 8
No

Yes

Barcelona
Manresa

Vic

Vilafranca del Penedés

Girona

Tarragona

Valls

Coast of Girona
Ebre

Interior of Girona
Interior of Lleida
Lleida and Mollerusa
Outside Catalonia
Rest of Barcelona
Municipality
County

Province
Catalonia

Spain

Bigger than Spain

Other areas

98

15,246
21,791
459
31,750
1,171
2,128
1,529
976
15,951
10,116
4,866
2,183
2,945
33,774
3,263
24,140
1,024
716
1,140
1,204
3,071
556
1,003
1,602
214
407
1,377
32

461
493
22,207
7,060
572
276
314
6,115

Percentage
41.2
58.8
1.2
85.7
3.2
5.7
4.1
2.6
43.1
27.3
13.1
5.9
8.0
91.2
8.8
65.2
2.8
1.9
3.1
3.3
8.3
1.5
3.0
4.3
0.6
1.1
3.7
0.1
1.2
1.3
60.0
19.1
1.5
0.7
0.8
16.5



Note: Summary statistics for the analysis sample of treated units used in our
study, i.e. those that have common support and passed the requirements indicated

in Section 3.1. See the previous part for more information on the variables.

Table A.4.2. Summary statistics of treatments by confounders or proxies of

confounders (quantitative variables).

n Percentage Mean Min Q1 Med. Q3 Max
Age 384 14 29 39 48 72

Note: Analysis sample of treated units used in our study.

Table A.4.3 — Summary statistics of treatments by cohort.

n Percentage
8 (2016T4) 3,445 9.3
9 (2017T1) 10,156 274
10 (2017T2) 5,318 14.4
11 (2017T3) 876 24
12 (2017T4) 4,114 11.1
13 (2018T1) 8,105 21.9
14 (20187T2) 4,374 11.8
15 (2018T3) 649 1.8
Total 37,937 100

Note: Analysis sample of treated units used in our study.

Table A.4.4 — Summary statistics of treatments by duration, specificity, and

internships.
Mean Min Q1  Med. Q3 Max
Duration (hours) 568 150 390 590 800 920
Specificity (# linked occupations) 4.11 1 2 5 5 8

Internships (proportion of hours)  13.2 0 9.3 15 15 40

Note: Analysis sample of treated units used in our study.
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Appendix B. On the anticipation parameter

Following the rationale of Callaway (2021), we have plotted pre-treatment
outcome differences with varying base periods to select the anticipation value (9).
The base period is the time period at which the unit fixed effect is estimated, i.e.
it is the moment at which the permanent differences between units is estimated.
If there is no anticipation, researchers usually use the last period before treatment
as base. Event-study plots employ a universal base period to evaluate the
plausibility of the bias stability (parallel trends) assumption at pre-treatment
periods in a sort of placebo outcome analysis. For pre-treatment periods, the
varying base period configuration changes the base period at each period of
estimation of outcome differences to the previous period. This helps us to

examinate how stable are these differences across periods.

According to Figure B1, although we appreciate minor differences from one period
to the next in quarters —7 to —3, we see that the big changes happen at quarters
—2 and —1. This makes us think that ¢ should be fixed at 2. This is the
conventional approach to address the Ashenfelter’s dip in labour economics
(Malani & Reif, 2015). This pattern is repeated across cohorts (g)*, which induces
us to think that the Ashenfelter’s dip is not product of a random economic shock.
We interpret it as an interval of search (frictional) unemployment in which the
search is directed towards finding a proper training course as a substitute for job

search.

% These cohort-specific plots are available upon request.
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Figure B1 —~Estimates of ATT, of the participation in FOAP on Y], and Y, for e <

0 with varying base periods.
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Note: It is shown the point estimate and the 95 % confidence interval.
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Appendiz C. Additional tables and figures

C.1. Raw differences between treatment and control group

Figure C.1.1. Raw differences in Y, between treatment and control group for each

g and e.
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Group 13

Group 12
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Note: Pre-treatment outcomes in red, post-treatment outcomes in blue.
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Figure C.1.2. Raw differences in Y, between treatment and control groups for each

e.
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Note: This plot shows an aggregated parameter across G = g.
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C.2. Estimates of §, for both identification strategies

Table C.2.1 — Estimates of 6, on employment (Y;) and stable employment (Y5)
by identification strategy.

CDID CLDV
Employment Stable Employment Stable
employment employment

0. -0.166%** -0.089%** -0.137%** -0.098***
(0.004) (0.003) (0.002) (0.002)
0., -0.004 0.040%** -0.052%*** -0.003*
(0.004) (0.004) (0.003) (0.002)

0. 0.109%** 0.108%** 0.035%** 0.045%**
(0.005) (0.004) (0.003) (0.003)

0.4 0.175%** 0.135%** 0.078%** 0.057#**
(0.005) (0.004) (0.003) (0.003)

0.4 0.215%** 0.140%** 0.062%** 0.036%**
(0.006) (0.005) (0.004) (0.003)
0._ 0.245%%* 0.152%* 0.051*** 0.03%**
(0.007) (0.007) (0.004) (0.003)
0._g 0.256*** 0.164%** 0.052%** 0.03%**
(0.007) (0.007) (0.004) (0.004)

0._- 0.259%** 0.179%** 0.045%*** 0.0327%***
(0.006) (0.006) (0.004) (0.004)

0. g 0.277*** 0.1927%** 0.03%** 0.036***
(0.008) (0.007) (0.005) (0.004)

0._q 0.286%** 0.198%** 0.029%** 0.044***
(0.008) (0.009) (0.005) (0.005)

0._10 0.290%** 0.197%** 0.039%** 0.041%**
(0.008) (0.009) (0.005) (0.005)

0. 11 0.301*** 0.208*** 0.045%** 0.046%**
(0.009) (0.009) (0.006) (0.005)

0._15 0.342%** 0.234*** 0.035%** 0.046%**
(0.012) (0.012) (-0.137) (0.009)

Note: The column on CDID uses 6 = 2, while the column on CLDV uses ¢ = 0.

The rest of results with different § are available upon request.
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C.3.

Table C.3.1. — Estimates of 6, ._5 on Y; and Y, by 4.

6 =2 §=0
Employment Stable Employment Stable
employment employment

0,—g =5 (2016T4) -0.07*** -0.0447%* 0.01* -0.005*
(-0.005) (0.004) (0.005) (0.004)

09 5 (2017T1) -0.0217%%* -0.01°%*** 0.045%*** 0.023***
(0.003) (0.003) (0.003) (0.003)

0 ,—10,0=5 (2017T2) -0.061*** -0.0277%* 0.026%** 0.015%**
(0.005) (0.004) (0.005) (0.004)

0)=11,0=5 (2017T3) -0.087*** -0.04 7% 0.011* 0.018***
(0.012) (0.008) (0.011) (0.009)

012,05 (2017T4) -0.13%** -0.058%*#* -0.049%4* -0.013***
(0.005) (0.004) (0.005) (0.004)

0 ,—13,0=5(2018T1) -0.094%** -0.026*** -0.017%** 0.012%%*
(0.005) (0.004) (0.005) (0.004)

0 )—14,0-5(2018T2) -0.119%%* -0.042%%* -0.012%* 0.0117%%*
(0.006) (0.005) (0.006) (0.005)

0 ,—15,0=5(2018T3) -0.16%** -0.057H#* -0.005* 0.007*
(0.013) (0.01) (0.013) (-0.011)

Estimates of 6

for the CLDV identification strategy

Note: Own elaboration. * p < 0.1, ** p < 0.05, *** p < 0.01. Each cell shows the

point estimate and the standard error in parenthesis.
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C.4. Additional sensitivity analyses

Table C.4.1 — Additional estimates of AC’R“’) for Y, at e = 3 in function of the

identification strategy and the anticipation parameter

CDID and 6 =0

Ay

(250-150; 2-1; 10-0)
A,

(500-250; 4-2; 20-10)
Ay

(750-500; 6-4; 30-20)
Ay

(920-750; 8-6; 40-30)
Passed the placebo
test

-0.033%**
(0.007)
-0.051 %%
(0.009)
-0.008
(0.007)
0.019*
(0.011)
Yes
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dj,e 1

-0.021 %%
(0.006)
-0.020%**
(0.006)
0.008
(0.006)
0.036**
(0.014)
Yes

0.094***
(0.014)
0.038***
(0.007)
-0.018*
(0.010)
-0.074%%*
(0.018)
No



Chapter III.

Evaluating two types of profiling models for the

public employment service of Catalonia®

1. Introduction

Public employment services (PES) usually pursue the reduction of long-term
unemployment (LTU) as one of their objectives. From an individual perspective,
researchers have estimated that a prolonged unemployment episode affects
economic outcomes like the employment probability (Filomena, 2023) and health
outcomes like mental health (Picchio & Ubaldi, 2022). From a social perspective,
longer unemployment episodes entail greater costs in PLMPs and other welfare
benefits, not to mention the risks of social exclusion and vulnerability faced by
the long-term unemployed. Countries in Southern Europe like Spain or Italy
multiply by two the average of the EU for the annual long-term unemployment
rate (Eurostat, 2024c). The consequence has been that Spain ranked at the second
position in the European classification of expenditure in passive measures, with
the 1.52 % of its GDP in 2019. Simultaneously, these countries have a relatively
low spending in ALMPs like job search services (DG EMPL, 2024). This
combination of phenomena requires ensuring an efficient distribution of jobseekers

to interventions.

One way to improve the efficiency of the programs is to detect which persons have
a higher probability of LTU through profiling models. Once they are identified,
PES may provide them a faster, more intense or different intervention. Thereby,
prediction turns a key task for these agencies to decrease the duration of
unemployment. Machine learning models have been especially used for this goal
in different policy fields (Kleinberg et al., 2015), and some PES have already
started to use these modern approaches to improve their services (Kortner &
Bonoli, 2023). Researchers or practitioners have already analysed administrative

data in countries like Portugal (de Troya et al., 2018), France (Gallagher & Griffin,

% This chapter is based on the working paper titled “From rules to forests: rule-based versus
statistical models for jobseeker profiling”, which is coauthored with Christoph Kern (LMU).
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2023), Belgium (Desiere & Struyven, 2021), or New Zealand (Desiere et al., 2019)

to develop these modern statistical profiling systems.

Nonetheless, it is not obvious that statistical models must outperform caseworker
or rule-based systems, which are the types of jobseeker profiling already
implemented in some countries (Loxha & Morgandi, 2014). On one side, statistical
models are usually fed by variables easily collected by public administrations. On
the other side, caseworker and rule-based systems may use more difficult-to-
measure factors to predict LTU by leveraging the expertise of counsellors. The
problem is that PES rarely document at least publicly these procedures, which
makes difficult to compare the performance of each approach. As far as we know,
there have been only two studies contrasting the predictive performance of
different types of jobseeker profiling and both deal with two countries from

Continental Europe (van den Berg et al., 2024; Desiere & Struyven, 2021).

With this chapter we contribute to the literature in three directions. Firstly, we
contrast the performance of the current rule-based profiling model of Catalonia
versus our statistical models by using a new dataset formed by bringing together
many administrative sources. Secondly, we expand the set of metrics considered
to evaluate the predictive performance by considering both the discrimination
ability and the calibration of the models. The calibration approach emphasizes
the importance of giving accurate numeric estimates on the probability of the
event, since this informs the person on the uncertainty of the diagnostics. For
instance, a jobseeker classified in the high-risk group might reconsider her decision
to move to another region if she knew that her LTU probability is of 55 %. Thirdly,
we develop and validate the first statistical profiling models for Catalonia and the
first machine learning profiling models for Spain. We find that our statistical
models remarkably outperform the current rule-based system by attaining up to
a ROC-AUC of 0.735 as compared to the 0.593 found for the rule-based procedure.
We highlight the gains of the statistical models with additional discrimination
metrics, but the benefits of the machine learning approach are especially salient
regarding calibration. Still, we discuss the importance of evaluating the models
with regards to the specific profiling setup through techniques like stress tests or

model interpretation statistics.

The next section selectively reviews the literature on jobseeker profiling by

defining the main concepts and indicating the main references. We continue with
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a description of the data and the methods employed to develop and validate our
models. The following section presents the findings of the analysis by indicating
the performance metrics of the models. We pay special attention to the selection
of models that might seem equivalent according to these statistics. To end up,

some conclusions and avenues for further research are offered.

2. The Catalan profiling model in context

2.1. Jobseeker profiling

In relation to labour market policies, profiling models are employed to classify
jobseekers via classes (e.g., low or high probability of LTU) or scores (e.g., the
probability of LTU) (Kértner & Bonoli, 2023)%. These classifications are typically
used to describe more briefly the set of jobseekers, to distribute resources across
people, or as an intervention that updates the information of the individual on its
employment prospect (Loxha & Morgandi, 2014; Harmon et al., 2021)%. In short,
we may summarize these three uses as: data reduction, allocation, and active
diagnostics. Throughout this research, we focus on the allocation use because it
is the one closest to the task of creating target groups. In the allocation problem,
jobseekers often face a sequence of interventions in which they may participate at
different times%. Therefore, we can distinguish an intra-sequence of actions (for
the same individual, ordering interventions across time) and an inter-sequence of

actions (for the same intervention and time, an order of individuals).

Departing from Kuppler et al. (2022), we can frame the allocation problem in

PES as an example of data-driven decision making and talk about a two-step

1 The main point is to classify. Classes, groups, segments, subsets, categories, or clusters are
usually treated as synonyms and defined as elements of a finite ordered or unordered set. Scores
are elements of an infinite ordered set of numbers, like {z € R |0 <z < 1}.

2 The European Union (2016) in the General Data Protection Regulation defines profiling as “any
form of automated processing of personal data consisting of the use of personal data to evaluate
certain personal aspects relating to a natural person, in particular to analyse or predict aspects
concerning that natural person's performance at work, economic situation, health, personal
preferences, interests, reliability, behaviour, location or movements”. Although it circumscribes
profiling to automated processes, caseworkers may also profile without the use of computers.

8 Profiling may also be used to allocate job offers, which is called sometimes labour market
matching (Kortner & Bonoli, 2023; Loxha & Morgandi, 2014). We focus on the distribution of
jobseekers into interventions. In ALMP, some interventions like employment subsidies are very
similar to a job offer.
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procedure. The first stage is the decision step, in which the PES establishes
variables relevant for the allocation and a mathematical function to map the value
of the individual in these variables (the input) on the interventions of the agency
(the output). This function or allocation principle takes the value and allocate
resources, so it can be judged based on different distributive justice theories
(Kuppler et al., 2022). In most cases, this set of relevant variables reduces to
variable about the jobseeker in the future (not at the time of the allocation t), i.e.
the employment situation of the individual at time ¢+ e. Since we have to
approximate a value in the future, we need a predictive model. In other cases, the
decision-relevant variables deal with the situation of the worker at the decision
time, so we require a descriptive model. This descriptive model might use Boolean
expressions of manifest variables (e.g. man and older than 45 to group A) or
estimate the membership of an individual in a latent group (Ferndndez et al.,
2018). The second stage is then the profiling step. If it uses a predictive model,
which is by far the most common, its evaluation will compare the true and the
predicted value. If it employs a descriptive model, the objectives of the grouping
can vary, therefore the method of evaluation will also differ (Hennig, 2015). In
any case, we borrow from Kuppler et al. (2022) the concept of allocation system

to integrate in the same workflow the profiling model and the decision model.

Research on jobseeker profiling has mainly interested on the types of profiling
models and their predictive performance. Literature reviews on jobseeker profiling
can be found in Duell & de Moraes (2023), Desiere et al. (2019), or Barnes et al.
(2015). For this reason, here we concentrate on two research lines that have been
addressed in our work: the predictive performance of these models according to
how much human discretion they incorporate and the implementation of profiling

models in PES of our context.

Profiling models are usually classified into three types in function of how much
human discretion they incorporate: caseworker-based, rule-based, or statistical
profiling (Desiere et al., 2019; Rebollo-Sanz, 2018)%. In caseworker procedures,
each counsellor may have its own function to allocate individuals into groups,
enjoying a high level of autonomy and discretion. This means that each caseworker
might consider different variables as relevant, with the allowance to even vary this

set of relevant criteria among jobseekers. Moreover, the weight attached to each

6 The same differentiation of three types may be applied to decision models.
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of these covariates might also vary from counsellor to counsellor. On the contrary,
rule-based and statistical systems establish a unique function for all counsellors
and jobseekers. Whereas statistical models determine the importance of each
variable through data analysis, rule-based models establish the parameters of the
function through the human intuition of policymakers or through any non-
statistical technique (Rebollo-Sanz, 2018). Thereby, all types of jobseeker profiling
entail human discretion, but rule-based and statistical models limit it to the
decision step. In this chapter, we compare the performance of two examples of the

two standardized profiling types: the rule-based and the statistical procedures.

To evaluate the performance of a profiling model, researchers often employ
discrimination metrics%®. Rule-based models have been implemented at least in
Ireland, Poland, Norway, and United Kingdom (Desiere et al., 2019; Loxha &
Morgandi, 2014). We believe that they are even more prevalent, since many
ALMP in Europe incorporate eligibility criteria that may be recognized as part
of an implicit rule-based system (Cronert, 2022). The problem is that these models
have rarely been described in detail and their assessment is even scarcer. As far
as we know, Desiere & Struyven (2021) is the unique work analysing the
discrimination metrics of a rule-based model. They study a system implemented
in Belgium and find that it presents an accuracy of 0.58 for predicting employment
after six months, with greater false alarm rate for foreign people. However, they
discover that an alternative statistical model presents the same false alarm rate
but increases the accuracy of the predictions. Even so, it should be noted that
they study a very straightforward rule-based system. Other PES like the Catalan

have implemented more sophisticated versions of rule-based models®.

The use and evaluation of statistical profiling models is wider. According to
Desiere et al. (2019), they have been deployed in the PES of Austria, Belgium,
Denmark, Ireland, and Netherlands (Desiere et al., 2019). Their analyses indicate
that they attain an accuracy that goes from 0.61 to 0.85. Moreover, researchers
have lately developed new models for countries like Germany, with a ROC-AUC
of 0.75-0.77 (Bach et al., 2023; Kunaschk & Lang, 2022); Finland, achieving a
ROC-AUC of 0.8 (Viljanen & Pahikkala, 2020), and Slovakia, with an accuracy
equal to 0.918 (Gabrikova et al., 2023). Some studies have even compared the

% In biostatistics, discrimination is the ability to separate units that will and will not suffer the
event of interest (Austin & Steyerberg, 2012).
% Appendix A includes a figure depicting one of the rule-based models analysed in this chapter.
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performance of caseworker-based versus statistical models and have found that
the last ones have much more sensitivity (van den Berg et al, 2024; Arni &
Schiprowski, 2015). In the Appendix B, we offer a systematic review on the
performance metrics found in the literature and we show that the ROC-AUC are

always between 0.7 and 0.8.

In the context of Spain, there is a low implementation of profiling models and
statistical versions have only been developed by Felgueroso et al. (2018) and
Molina et al. (2023)%". Although both studies used generalized linear models, they
employed different predictors. Felgueroso et al. (2018) estimated models with
predictors widely used in labour market research and suggested that age was one
of the best predictors of LTU®. Casanova et al. (2021) reported the use of a
related profiling model in the implementation of a private-provided ALMP in
Catalonia. Molina et al. (2023) focused on three alternative sets of predictors
related to the personality, the personal networks, and the employment
expectancies of jobseekers. Consistent with the results of van den Berge et al.
(2024), this study found that expectancies were a great predictor of LTU. Our
chapter tries to integrate conventional and usually unobserved covariates by

introducing lagged outcomes (Caliendo et al., 2017).

7 The central PES (Servicio Piblico de Empleo Estatal, SEPE) has created an application called
Send@ more similar to a targeting system than to a profiling system according to the definitions
of Kortner & Bonoli (2023). In short, profiling models estimate a potential outcome after no
intervention (Pr[Y (0) = y|X]) and targeting models estimate a vector made up by one potential
outcome after each intervention d (r= Pr[Y(d;)=y|X],Pr[Y(d,) = y|X],...,Pr[Y(dg) =
y|X] ). Following Muiiiz (2021), a caseworker introduces the values that the jobseeker has in
certain covariates (X, = (age,, education,,, search_area;,languages,)) and then the
application estimates the potential outcome for each intervention fixing X = a. Then, Send@
outputs two vectors sorted from more to less estimated probability. First, a vector (list) on the
estimated probabilities in function of each intervention (r). Second, a vector on the estimated
probabilities in function of each target occupation o, e.g. Pr[Y (0,) = y| X = ]. This is where this
application moves further away from a classical targeting system. In our opinion, Send@ may
confuse their users on the interpretation of these quantities by understanding them as intervention
effects instead of mere predictions.

6 All their covariates were introduced in the models as categorical, so it is challenging to assess
which variable has greater prediction ability. The reasons are that not all covariates have the
same degrees of freedom and only “average marginal effects” (average risk differences) are
presented.
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2.2. The Catalan profiling model

The PES of Catalonia (called SOC) already uses an allocation system. The design
of the current profiling model states that their objectives are to increase the take-
up, the effectiveness, and the efficiency of the services (SOC, 2016). As we
introduced before, profiling models may be used to determine where to go (which
interventions, the intra-sequence) and to determine in which position of the queue
(when to be treated, the inter-sequence). Table 1 summarizes the main features
of the Catalan allocation system, with the profiling and the decision models

depicted with more detail in Appendix A.

On the profiling side, a rule-based procedure classifies individuals for the first
intervention by assigning them to a certain group through function Q-G and by
providing them a certain score through function Q-S. The rule-based procedure
is different in the first and the second action, but we concentrate on the model
for the first intervention since this profiling provides a label to the individual that
will be continuously attached to her record. In the next interventions, the profiling
may be done in a caseworker-based way, but her Q profiles will still be updated
to monitor the progress of the jobseeker. Caseworker profiling is not documented,
so it cannot be assessed. Thereby, (3 models are considered the main profiling
device (SOC, 2016).

On the decision side, the relevant criteria are (a) for the sequence of interventions,
a wvector of employment mediators like the target occupations or the level of
education, and (b) for the sequence of individuals, a scalar of the employment
probability. Once the profiling is done, another rule-based procedure indicates the
first and second interventions for each unemployment episode of each individual
who wishes to participate in ALMPs®. For these interventions, it locates the
jobseeker in certain actions of job search assistance. For the remaining
interventions (if necessary), the profiles of individuals created during this first
prediction step are offered to the caseworker to assist the decision on future

interventions (SOC, 2016).

9 Sometimes the rule-based model only determines the first intervention (see Appendix A).
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Table 1 — Scheme of the allocation system currently implemented by SOC for

intervention 1

Decision-relevant  Profiling function  Decision function

criteria
Intra-sequence of Mediators of Q-G D
interventions employment
Inter-sequence of ~ Pr [employment]  Q-S Caseworker-based

interventions
Note: The rows collect the dimension of the allocation system (intra or inter) and
the columns the steps of the system. For the second intervention, C substitutes
Q-G and D, substitutes D;. Functions Q-G, Q-S, Dy, D;, and C are formally
defined in the Appendix.

Q functions may be disentangled in inputs, processing, and outputs. The inputs
of these models are variables on labour markets from administrative sources and
other variables gathered via questionnaires to jobseekers. The administrative data
mainly collect information about the economic context at present, like the
unemployment rates by occupation and industry. The questionnaire data includes
information on skills, work experience, and additional credentials™. The processing
of the data is done by different functions, all of them with parameters set
according to rules (human choices) and not to statistical techniques. Q-G may be
understood as a step function or a set of Boolean expressions, which can be easier
represented through a decision tree. Q-S is just a linear and additive function with
parameters assigned to each qualitative variable. Appendix A includes the
mathematical expressions of both functions. The outputs are again two: G, €
{A1,A2,A3,A4,B1,B2,B3,C1,C2,D,71,72,7Z3,E,R6} for Q-G, which is
informally called the subgroup of an individual™, and S;,, € [0,139] for Q-S. G,
is then conceptualized as a latent variable or simply a combination of employment

mediators and S,

as the employment probability but in a different scale. Despite
that, we will argue that we may transform them easily to interpret both functions
is defined for

each individual 4, time ¢, and occupation o. On the other side, G;, is defined for

as predictive proxies of the probability of LTU. On one side, S

ito

™ Appendix D includes an exhaustive list of the variables included in @ models.

™ In Spanish, subcolectivo.
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each individual ¢+ and time ¢. However, to reduce the notational burden, we will

remove the subindexes when they are not strictly necessary to follow the thread.

When is this allocation system applied to jobseekers? The design document states
that S and G may be calculated at most once a month (SOC, 2016). Some reasons
that justify a new calculus of the profile are starting an intermediation claim™,
varying such claim, or finishing an ALMP. However, the implementation
evaluation of Everis (2017) on this profiling model reported that caseworkers
manually altered the group (G) in one out of five cases. A possible explanation is
that 45 % of these civil servants considered that the efficacy of this profiling was

low or moderate.

3. Methods

3.1. Data

We have used administrative microdata granted by the Catalan PES. Specifically,
we merged four datasets to develop our models: intermediation claims (SICAS),
employment contracts (Contrat@), participations in ALMPs (Galileu), and
participations in PLMPs funded by the central government. To build the final
dataset, different steps have been followed. Remind that the goal is a panel dataset
whose units of analysis (rows) are unemployment episodes with a variable
(column) gathering the duration of the episode and covariates (rest of columns)

measured at the starting day of such unemployment episode.

Firstly, the data provider got one simple random sample of 25,000 jobseekers for
each focal year (2017, 2018, 2019, and 2022). It was a sample from the population
of persons registered at least once as unemployed in the focal year. Secondly, for
the people in the sample, the data provider extracted the variables requested for
each sampled jobseeker for the time window of interest, i.e. [2015, 2023]. The data
provider gave us the raw files and we continued with the data wrangling. Thirdly,
we constructed a dataset of labour market episodes and a dataset of public policy
episodes. We define an episode as the participation of individual 7 in a certain
event during a closed interval of time that begins at day ¢ and finishes at day ¢’ >
t. The events of interest for the first episodes are participations in the labour

market, while those of interest for the second episodes are participations in

™ In Spanish, demanda de empleo.
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ALMPs or PLMPs. Our definition of labour market episodes makes them time

intervals that may not overlap over time, whereas policy episodes can do it.

Let us review in more detail each type of episode. On one side, there are three
subtypes of labour market episodes: employment, unemployment, and inactivity.
A new labour contract determines the starting of a new employment episode.
Certain types of intermediation claim initiate a new unemployment episode,
whereas others start an inactivity episode. The justification is that each
intermediation claim includes the reason of the registration, suspension, or
removal of the intermediation from the internal system of the PES™. For instance,
changes in the intermediation claim motivated by temporary working inability,
family care, or prison entry are considered as inactivity reasons. Therefore, a new
unemployment or inactivity episode is registered by the presence or sequence of
intermediation claims coded with such reason. On the other side, public policy
episodes are differentiated in four subtypes: job search interventions, adult

training, employment subsidy, or receiving a benefit.

Table 2 — Sample sizes and events of interest by year in which the episode started.

Year Unemployment  LTU episodes Individuals  Individuals with at

episodes least one LTU ep.
2017 44,852 9,757 (21.8 %) 31,524 9,757 (30.95 %)
2018 46,548 9,468 (20.3 %) 32,639 9,468 (29.01 %)
2019 47,648 11,618 (24.4 %) 33,656 11,618 (34.52 %)
2020 57,473 18,825 (32.8 %) 37,096 18,825 (50.75 %)
2021 32,985 7,612 (23.1 %) 23,355 7,612 (32.59 %)
2022 34,922 5,803 (16.6 %) 24,952 5,803 (23.26 %)
Total 292,725 63,083 (21.55 %) 85,398 54,781 (64.15 %)

The fourth step was filtering the dataset of labour market episodes to a dataset
of unemployment episodes. The remaining information was incorporated as new
columns, i.e. as new predictors. For the left-hand side of the regression equations,

we choose as outcome the event of long-term unemployment in line with most

™ Appendix C includes a table that relates each type of intermediation claim with the respective

code of unemployment or inactivity.
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studies of jobseeker profiling (Kértner & Bonoli, 2023). Respecting the definition
of Eurostat (2024b), we considered that there was LTU if the unemployment
lasted at least 365 days. Table 2 shows our sample sizes and the prevalence of
LTU for each year.

For the right-hand side, the predictors collected in our data may be grouped in
the sets presented in Table 3. The exhaustive list of predictors is presented in
Appendix D and is greatly influenced by Bach et al. (2023), who conducted a
similar study for Germany. There are time-invariant covariates (like sex or
nationality), but also time-variant variables whose values are calculated for each
episode. Inside this last group of time-variant covariates, we find those columns
that gather the histories of labour market and policy episodes. Appendix E offers

summary statistics on the socio-demographic features of our sample.

Table 3 — Groups of predictors

Group Number of  Predictors (examples)
predictors

Days since last employment, days since last
Employment 18 full-time employment, occupation of last

employment...

Total duration of unemployment episodes,
Unemployment 5 number of unemployment episodes, days since

last unemployment episode...

Total duration of inactivity episodes, number
Inactivity 3 of inactivity episodes, mean duration of

inactivity episodes.

Started the unemployment episode during a
PLMP 5 benefit interval, number of benefit episodes
completed, total duration of benefit episodes...
Total duration of job search assistance
episodes, total duration of adult training

ALMP 9 ) .
episodes, total duration of employment
subsidy participations...
Socio-
. 37 Sex, nationality, age, field of education...
demographics

Note: Appendix D shows the complete list of predictors.
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These data were used to develop our prediction models, but we also need data on
the output of the current profiling models to make the performance comparison.
We have data for all the calculations of Q-G and Q-S carried out during the
temporal window of interest. Q-S outputs one §;,, for each occupation of interest,
so the unit of analysis is different. To place both profiling models with the same
unit of analysis, we generated S, as the average of profiling scores output by Q-

S for all target occupations™.

3.2. Analysis

3.2.1. Model development

We have estimated four models to develop our jobseeker profiling, including both
classic regressions and tree-based machine learning algorithms: unpenalized
logistic regression, penalized logistic regression (Friedman et al., 2010), random
forest (Breiman, 2001b), and gradient boosting machine (Chen & Guestrin, 2016).
The review by Desiere et al. (2019) concludes that unpenalized logistic regression
is the most used technique in our field. We utilize this model as baseline and
smooth its problems by additionally estimating its penalized version with an
elastic net. The key point is that these conventional models maintain a linear and
additive functional form. The advantage is that it makes them easy to interpret,
but the disadvantage is that this strict specification is an assumption with a weak
justification. Machine learning algorithms allow greater flexibility through non-
linearities and interactions at the cost of a lower interpretability. Thereby, the

decision on which model to select is not obvious.

Due to our large sample size, we have employed the dataset partition strategy
that is common among machine learning practitioners (Kuhn and Johnson, 2019).
This involves dividing our dataset in the subsets of training, evaluation, and test.
The main reasons to use this technique are avoiding overfitting and assessing the
models in a realistic way (Kuhn and Johnson, 2019). The partition is done through
two splits. In the first split, we include the unemployment episodes started from
2017 to 2020 in a training plus evaluation subset and apart the unemployment
episodes of 2022 in the so-called test subset (Bach et al., 2023). In the second

split, we get a stratified random sample to form the training subset (80 % of

™ The system collects until three occupations of interest.
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observations) and the evaluation subset (the remaining 20% of observations). The
idea of this last sampling strategy is to ensure a sufficient prevalence of events in
each sample, so we use the outcome as the stratifying variable. The training subset
is employed both to select the tuning parameters (if there are) and to estimate
the regression coefficients. Specifically, tuning parameters are chosen by
optimizing the ROC-AUC via temporal cross-validation (Hyndman &
Athanasopoulos, 2018)™. The evaluation subset is used to pick the probability
threshold that will assign a unit prediction to a certain class (e.g., high risk of
LTU or low risk of LTU). Lastly, test set is used to evaluate the final models by

estimating the performance metrics on this dataset.

To compare the current rule-based model with our statistical models, we need to
reduce the test subset to a restrictive test subset. We will start by getting the
unemployment episodes that were profiled with any Q model in 2022 and then
predicting the class or score that they had taken according to our statistical
models. This dataset will require two additional filters to attain a fair and useful

comparison of profiling models. Let us see the two additional restrictions.

The first restriction allows a proper estimation of performance metrics for a
profiling model that has been already deployed in a PES. Performance statistics
compare the predicted untreated potential outcome with the factual untreated
potential outcome. The problem is that the interventions allocated with the
profiling may affect our outcome variable. This means that, if the jobseeker was
assigned to a program, we do not observe the untreated potential outcome, but
the treated potential outcome. For instance, imagine an extreme case of predictive
profiling with 100 % of sensitivity and certain ALMP with 100 p.p. of average
treatment effect on the treated assigned to those classified as high risk of LTU. If
we were to estimate the predictive performance of the profiling model, we would
suffer a “blessed curse”. A naive estimation of the sensitivity of the model with
the predicted versus the factual (treated) potential outcome would result in an
apparent 0 % of sensitivity, since all jobseekers predicted as unemployed after one
year were working thanks to the ALMP. To avoid this issue, we denote A,, the
number of ALMPs in which jobseeker i participated during unemployment episode
e. We just need to apply a restriction to the previous dataset: remove those

individuals with any participation in ALMPs during the interval of interest

™ Appendix F includes the grid of candidate values used for the tuning parameters.
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(test\{A,. > 0}). The second restriction limits the test subset to those
individuals that are targeted by the Catalan PES. The office does not currently
offer its services to jobseekers that do not know neither Catalan nor Spanish, so
it redirects them to another public administration. This filter will make the
comparison more useful as long as it focuses on the real users of the PES. In any
case, we also estimate performance statistics with the non-restricted test subset
that includes the individuals excluded in order to offer our findings to a broader

audience.

3.2.2. Model validation

For the evaluation of the models, we study two dimensions of predictive
performance: discrimination and calibration. Discrimination parameters measure
how well a model separates those jobseekers that will and will not experience the
event, i.e. LTU in our case. Depending on whether we fix a classification threshold,
we may estimate metrics of classification discrimination or ranking discrimination.
Calibration parameters concern on how well we approximate the observed
proportions of events with the estimated proportions. Since this dimension is
typically overlooked in model evaluations, Van Calster et al. (2019) name it the
“Achilles heel of predictive analytics” (p. 1). Nonetheless, calibration should be
carefully considered by PES, because the uncertainty of an event prediction might
make the jobseeker reconsider important decisions like moving or participating in
adult training”. In a sense, the two dimensions represent different ways of looking
at the same topic: as a dichotomous phenomenon (discrimination) or as a latent

continuous phenomenon (calibration).

The target parameters on discrimination are the following. On ranking
discrimination, we are interested in the area under the receiver operating
characteristic curve or c statistic (ROC-AUC) and in the area under the precision-
recall curve (PR-AUC). The ROC curve shows the value of sensitivity and false

alarm for each possible classification threshold, whereas the PR curve reports the

™ This would render a fair comparison between profiling models if the currently deployed model
did not act as an intervention, i.e. if providing the profile (diagnostic) to the jobseeker did not
change her behaviour. Future research might estimate the performance of the current models by
simulating the value that an episode would obtain and not by using truly profiled individuals.
This is not possible at the moment with the available datasets.

™ A related approach would be to declare equivocal zones (see Kuhn & Johnson, 2018).
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equivalent for precision and sensitivity™. The advantage of these statistics is that
they do not require taking sides on which classification threshold to set, which is
something that might involve different costs for the PES in function of the decision
model. The disadvantage is that they can only be estimated for profiling models

that return a value measured at ordinal level.

On classification discrimination, we want to estimate three metrics: accuracy,
precision, and sensitivity (James et al., 2021). Denoting with TP the number of
true positives, with TN the number of true negatives, with FP the number of

false positives, and with FN the number of false negatives, they are defined as:

) B TP + TN
CUrAY =TP TN + FP + FN
TP
Precision — TP
ectsion TP + FP
comaipinin TP
enstitivl y = TP + FN

Accuracy just looks at correct predictions, giving the same importance to events
(LTU) and to non-events (not LTU). Sensitivity concentrates on the proportion
of events that were correctly predicted, which seems closer to the interest of PES.
Nevertheless, an obsession with sensitivity might provoke to wrongly classify too

™. The prioritization of

many people as positive, which is what precision reflects
one metric over the other is intimately ligated to the decision model, so the PES
should make the definitive decision on it. If the PES considers that the cost of
not intervening in a jobseeker that will finally be LTU is larger than the cost of
doing it in a not-LTU, it should give more importance to sensitivity. The opposite
situation should pay more attention to the false alarm rate. For example, think
in a very expensive intervention: giving the treatment to a person that will not

be LTU might have a cost bigger than not providing it to a person that will be

LTU, so precision turns crucial.

To compare the value of these metrics on classification discrimination, we need to
select a threshold to transform scores into classes both for the rule-based and the

statistical models. Rule-based profiling (Q-G and Q-S) departs from a non-

™ Recall is a synonym of sensitivity. All the confusion matrix statistics will be defined in the next
paragraph.

™ Two additional metrics are also estimated and presented in the Appendix G: Kappa (a chance-
corrected accuracy) and the false alarm rate (FP/(FP + TN)).
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statistical selection of parameters, so the probability cutoff should not be an
exception. Through this threshold we transform both multi-valued variables to
dummies, with one value indicating the positive prediction of the event (or high
risk of LTU) and the other the negative prediction of the event (or low risk of
LTU). In the multi-class profiling (Q-G), the episodes assigned to the groups with
the most intense treatment are codified as predicted events (SOC, 2016)%. In the
score profiling (Q-S), we propose two scenarios. On one side, we classify as
predicted event those episodes whose score is inside the top 50 % of possible values
of the variable. Being this the standard practice with probability models, we
denote this transformation as Yg;,. On the other side, we code as predicted event
those episodes with a score in the top 25 % of possible values. This is a stricter
rule, which would fit with a scenario of more restricted budget. Formally, these

transformations are defined as follows®':

Yes S <0.25 139
Yszf) =
No S > 0.25 139

Yes 5§ <0.5(139)
Yoro =
No S > 0.5(139)

V. — {Yes G € {C1,C2,D}
7 INo G¢{C1,C2,D}

For the statistical profiling, we use four models that return an estimated
probability of LTU (Y). We need to convert this multi-valued variable to a binary
one, so we present two possible transformations that correspond to different
priorities that might have a PES (Loxha & Morgandi, 2014).

Classification policy A prioritizes to maximize the number of events detected.
This rationale aligns with an interpretation of probabilities as propensities,
thinking on binary events as the consequence of a latent variable model (Fox,
2015). This latent variable would have a cutoff that once is crossed, would
normally cause the event to occur. Thus, the probability threshold (C) would be
a parameter that can be estimated. Like a tuning parameter, we approximate it

through cross-validation in the evaluation subset, so it is denoted as C“*®. This

TP TN __
TP+FN ' TN+FP

procedure tries to maximize Youden’s J = 1, a function that

8 They are the unique groups that receive an individual intervention as first action. The list of
first and second interventions is available in Appendix A.
8 S and G are defined in Appendix A.
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balances the rate of accurate predictions of events (sensitivity) and the rate of

accurate predictions of non-events (specificity).

Classification policy B prioritizes the compliance with a restricted budget to fund
interventions. The idea is that, if the decision model is fixed to treat everyone
profiled as positive (high risk of LTU), it might be actually impossible to meet
this expense. The rationale is to set in advance the number of positives, since this
will imply the number of treated jobseekers. With this classification policy, we
code as event only those jobseekers whose estimated score is located at least at
the nineth decile of the predicted scores found in the evaluation subset ([I)f;m(">).
The underlying plan is to treat only those at the highest decile of risk, but in the
daily service we cannot wait to gather all the sample of candidates to then
estimate the nineth decile. With the function we have presented, we estimate the
point at which the cutoff of this nineth decile might be®>. In a sense, this
classification policy conflates the profiling and the decision stages, so it may be
understood as a provisional solution until the full specification of an updated

decision model.

Thereby, the two classification policies for the statistical profiling models are

defined as follows:

Yes Y > C(eq:a) Yes Y > D((;,,,a)
YA = { - ; Ygp = ('()Im).
No Y < (leva) No Y < [Dg‘ ,

The target parameters on calibration are two, from a less to a stricter
interpretation of this concept. Mean calibration is a metric that relates the
proportion of observed events to the proportion of expected events, denoting it
by O:E (Van Calster et al., 2019)%. Moderate calibration is a more fine-grained

statistic and refers to the integrated calibration index of Austin & Steyerberg

2 Bach et al. (2023) calculated the decile using the test subset. If we understand the test subset
as the data we would gather during the actual deployment of a profiling model, this profiling
occurs in a one-to-one service provision. This means that in real life we would need in advance an
estimation of the cutoff without the need to gather the whole test subset. This is our reason to
use a subset of the data collected before the moment of the test subset. Of course, this assumes
that the distribution of scores in the years of the evaluation subset barely changes regards the
distribution of scores in the test subset.

8 To talk about calibration, we adopt the classical interpretation of probability as relative

frequencies in the limit, so we speak on probabilities and proportions as synonyms.
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(2019). In short, this index is a weighted mean of absolute differences between the
diagonal line of perfect calibration and the calibration curve. This calibration
curve is a smooth representation of the scatterplot of the expected probability for
each unit in the sample through a restricted cubic spline of five knots. To estimate
these calibration metrics on the Q-S score (5;;), we need to transform it to a
probability measure. Moreover, we have to reverse it, since it originally collected

the probability of employment instead of unemployment. Thereby, we finally use

_ 139-8,,
Sit - 139 -

Once we have determined how we transform the multi-valued outputs of the
different models to a binary response (event vs. not event), we are almost ready
to compare the predictions. To have a fair comparison, we need to use the same
observations for each model. For comparisons between statistical models, this is
easily done using the same test subset. For comparisons between (deployed) rule-
based and our statistical models, we use the restrictive test subset but calculating
the values of the time-variant variables at the moment the Q profiling was

executed.

3.2.3. Model selection and interpretation

The selection of one model instead of another for deployment is not a trivial
decision once we know that different models may achieve almost the same
performance (Breiman, 2001a). The problem is that models with equivalent
performance may produce different unit predictions (classifications), something
that has been called model discrepancy (Marx et al., 2020) or model multiplicity
(Black et al., 2022). Thereby, the greater the discrepancies between models, the
larger the repercussions of adopting one model instead of the other. Following
Geirhos et al. (2020), we employ Cohen’s Kappa to estimate how prevalent is
model discrepancy in our context. We had previously used Cohen’s Kappa to
compare a true value with a predicted value from one model, but we can also use

it to estimate the chance-corrected coincidence between two models. Notice that
- ,Ue:rpm’h)/(l -

= e,,,/n represents the classical accuracy by relating

if we want to compare model m with model b, Kappa = (v,

m,b

U(ifl?[),n’b>' On one Slde? ’Uobsm’b

the number of equal responses (e,,, = > 1(Y,, =Y,)) to the total number of
=Pr[Y =Yes| Pr[V =Yes| +Pr[Y =

€TPy, 1 m

units (n). On the other side, v
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No] Pr [Y = No]( represents a binomial process in which the classification of
m )

each model is independent of the classification of the another.

To select which model to deploy, we may also consider how well reacts each of
them to different stress tests (D’Amour et al., 2022). Stress tests evaluate the
predictive performance of a model by introducing certain changes on the inputs
of the functions related to desired properties of a model. Firstly, we have a
technique called shifted performance evaluation that reviews the predictive
performance of each model when introducing a sample with a different
multivariate distribution of predictors to that of the training subset. This is what
we do when we evaluate the performance of the models in the restrictive test
subset, since this is a sample of those profiled with the deployed model. Secondly,
stratified performance evaluations study if the predictive performance is
equivalent in different strata of our population. It is a reduced version of some of
the algorithmic fairness metrics collected in Mitchell et al. (2021). Following the
documents of the Catalan PES (SOC, 2023), we focus on two strata: older

jobseekers (over 45 years old) and older female jobseekers.

Another dimension to consider when choosing a model is its interpretability,
although the understanding of what determines in general the predictions is per
se an interesting question. Social scientists usually use the odds ratio or the
average marginal effect (also known as average risk difference) to approximate the
importance of each variable in a generalized linear model with a non-identity link
function. In the machine learning literature (Molnar, 2022), researchers
differentiate interpretation statistics that may be applied only to some models
(model-specific) from others that are suitable for many types of modelling
techniques (model-agnostic). Odds ratios are a model-specific metric, and average
marginal effects use as building-block the average of unit predictions, which is
equivalent to the model-agnostic method called partial dependence plot in the

machine learning literature (Arel-Bundock et al., forthcoming).

Model-agnostic metrics are preferable if we want to compare results from different
modelling techniques, so odds ratios are not an option. We have opted for another
model-agnostic metric, the permutation-based variable importance (Fisher et al.,
2019), for two reasons. On the one hand, this statistic directly measures the
change in the ROC-AUC caused by the inclusion of each variable. Whereas

average marginal effects focus on how the outcome varies when changing the value
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of one predictor, we are actually interested in how the predictive performance is
altered. Thus, the average marginal effect only looks at the predicted value, whilst
the permutation-based metric also attends the true value. On the other hand, this
is the statistic that has been used in previous research like Bach et al. (2023),
which guarantees an easy comparison between findings. Specifically, we carried
out ten rounds of permutation using a random sample of 10,000 observations to

avoid an excessive computational burden.

4. Results

4.1. Performance comparison

In this section, we show the findings on the performance of the different models
to predict LTU. Firstly, we compare the discrimination and calibration of our
statistical models. Secondly, we use the restrictive test subset to contrast the
performance of the current rule-based models versus the statistical models we

have developed.

We start looking at the metrics that do not require to fix a unique probability
threshold, that is, ranking discrimination and calibration. Table 4 reports the area
under the ROC and the PR curves joint with the calibration statistics for the
unpenalized and penalized logistic regression (LR and PLR), the random forest
(RF), and the gradient boosting model (GB). Consistent with previous findings
for Germany (Bach et al., 2023), tree-based models rank better than linear models
with respect to ROC-AUC and PR-AUC, but the upgrades are not enormous. For
both statistics, the gradient boosting model achieves the highest value. The next
best model is the random forest, which makes sense thanks to the great flexibility
of machine learning techniques. In any case, it is good news that the four
statistical models are far from a ROC-AUC of 0.5, which is the expected value
that we would have just by chance. In relation with the international literature,
studies like Desiere & Struyven (2021) for Belgium and van den Berg et al. (2024)
for Germany attained a slightly lower ROC-AUC defining LTU as six months of
unemployment. Bach et al. (2023) used our definition of LTU for Germany and

got very similar results.
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Table 4 - Ranking performance of final models in the test subset (2022).

ROC-AUC PR-AUC O:F ICI
LR 0.742 0.398 0.497 0.170
PLR 0.745 0.396 0.503 0.166
RF 0.758 0.419 0.531 0.147
GB 0.763 0.433 0.603 0.110

Concerning calibration, Table 4 presents the estimates of the O:E and ICI
statistics for each model. Remind that the O:E relates the observed average
probability of LTU to the expected average probability of LTU as predicted by
each model. This means that for this metric the closer to 1, the better. The
gradient boosting model is the one that gets the most reliable predictions, since
it is the one who is nearest to 1. Notice that all the models overestimated the
average LTU probability, which might be a signal of overfitting. The ICI is a
stronger version of calibration, showing the distance between the observed and
the predicted values at the whole range of the function. As it is calculated as a
residual, it is good news to be close to 0. We see that the gradient boosting model
is again the function that attains the best performance at this metric. Specifically,
the average residual of this model is of 11 percentual points. As far as we know,
our research is the first in the jobseeker profiling literature to incorporate this

detailed calibration metric.

The next question is whether our statistical models do better than the current
rule-based procedures. After taking the restrictive test subset, Table 5 shows the
ranking performance of the rule-based Q-S model joint with the results for our
statistical profiling. Regarding discrimination, all statistical models attain higher
values of ROC-AUC and PR-AUC than the rule-based procedure. The random
forest is now the one who gets the best estimates, showing robustness to its
evaluation with a sample not coming from the same distribution of the training
subset. The Q-S model achieves a modest value both for the ROC-AUC and the
PR-AUC. In this case, employing the Q-S function, if we randomly took one
episode from a bag of actual events and another episode from a bag of actual non-
events, the probability that the actual event had a larger score is 59.3 %%. Such
discrimination ability is remarkably lower than the 73.5 % of ROC-AUC found

8 This is the interpretation of the ROC-AUC as the probability of concordance (the c statistic).
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for the random forest. This difference in performance is even bigger if we compare
the area under the precision-recall function for the Q-S and the random forest

models.

Table 5 - Ranking performance of final models in the restrictive test subset.

ROC-AUC PR-AUC O:E IC1
Q-S 0.593 0.430 0.609 0.223
LR 0.646 0.480 0.937 0.123
PLR 0.648 0.479 0.943 0.118
RF 0.735 0.603 0.908 0.037
GB 0.696 0.557 1.015 0.067

The advances are more remarkable when we compare the calibration of rule-based
and machine learning models. The last column of Table 5 collects the ICI
estimated for each model, showing that the random forest presents a tiny average
residual, i.e. it deviates in average only 3.7 p.p. Notice that this is a sixth part of
the ICI that presents the Q-S model, which appears poorly calibrated according
to this index. To have a better idea on the calibration across the whole range of
the function, Figure 1 plots each calibration curve. If we look at the mean
calibration indicator (O:E), the gradient boosting model notably improves the
value of the rule-based model by achieving almost exact coincidence (1.015).
Felgueroso et al. (2018) did estimate the mean calibration for their statistical
profiling model with Spanish data and attained almost the same result that we
got with our best model (O:E = 0.999).

Despite both machine learning models outperform the rule-based procedure, it is
noteworthy that the gradient boosting model had in general worse ranking metrics
than the random forest in the restrictive test subset. A possible reason is that this
dataset is too different from the training or the test subsets, i.e. that their
distributions are not similar. To check this hypothesis, we compared the first
moments of the predictors in the restrictive test and test subsets. We detected
that the largest differences were in the proportions of jobseekers whose last

employment was not temporary (11.4 p.p. more in the test), involved commuting

129



(9 p.p. extra), or required tertiary education (7.2 p.p. more)*. Thereby, we see
that this shifted performance evaluation effectively used as inputs some variables
with different distributions. In this case, the gradient boosting model is less robust
to changes in the distributions of the covariates. Considering this evidence,
according to ranking discrimination and calibration, the random forest seems the

“best” statistical profiling model.

Figure 1 — Calibration curves in the restrictive test subset for each model.
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We continue examining the metrics that need to establish a classification threshold
to code a case as a predicted event, the so-called classification performance
statistics. Table 6 reports our estimates of these metrics using the test subset.
According to policy A, the classification that employs an optimized cutoff, there
are small differences in terms of the three statistics for the LR, the PLR, and the
RF. On accuracy and precision, there are small upgrades with the random forest
respect to the logit models, finding the largest advances when using a gradient
boosting model. On sensitivity, a reasonable target of PES, the random forest
excels by attaining a value of 0.793. Note that compared with the unpenalized

logit model, the random forest achieves increases both in sensitivity and in

% Complete results on this comparison are available in Appendix G. The comparisons do not
include the dummies of missingness.
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precision, which is positive regarding the efficiency of services. In fact, our random
forest gets better results in sensitivity than the model developed by Felgueroso et
al. (2018) for Spain, who has a sensitivity equal to 0.682%. On the contrary, the
gradient boosting machine shows a decrease in sensitivity compared with the

random forest, which could be a signal of overfitting.

Table 6 — Classification performance in the test subset based on different policies.

Accuracy Precision Sensitivity

Policy A

LR 0.572 0.251 0.794
PLR 0.580 0.254 0.790
RF 0.595 0.263 0.793
GB 0.667 0.296 0.729
Policy B

LR 0.782 0.377 0.483
PLR 0.782 0.378 0.482
RF 0.830 0.481 0.323
GB 0.826 0.469 0.362

According to policy B, the classification that considers budget limitations, the
values of accuracy are in all cases larger than those of the previous policy. Due to
the remarkable reduction of the sensitivity of all models, we can safely conclude
that this accuracy increase comes from detecting a greater proportion of non-
events. This is a consequence of the initial restriction that policy B establishes on
the number of jobseekers that may be coded as predicted events. In cases of
restricted budgets, an alternative to these two policies could be to avoid the use
of classification thresholds based on binary variables and split the variable of LTU

probability in an ordered polytomous variable. Establishing five categories of risk

8 Felgueroso et al. (2018) used a slightly different process of model validation, since they selected
the classification threshold with the same data that they estimated sensitivity (the test subset).
In our case, we fix it in advance with the evaluation subset. This precludes a too optimistic
performance evaluation. The reasons are that: (1) if the test subset took a different year of
implementation, it might have a different multivariate distribution than the evaluation subset,
and (2) in real implementations, we need to establish the classification threshold in advance to
allocate a jobseeker, instead of waiting until we have collected all the data for the year.
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instead of two might help the PES to attend each segment of jobseekers only if

the present budget allows to treat the next level of risk.

The next step is to compare the classification performance metrics of these models
with those from the rule-based procedures currently in use. They are shown in
Table 7, including two classification rules for Q-S (the function that outputs a
score) and one for Q-G (the function that returns a class). In the first panel, we
appreciate that Q-S achieves a remarkable sensitivity when placing its cutoff at
the 50 % (Q-S50). If we dig a little deeper, we will see that the problem is that
this high sensitivity is attained through a very unprecise classification, as
confirmed by the substantial false alarm rate presented in Appendix G. When
locating the threshold at the top 25 % (Q-S25), the precision increases and the
sensitivity almost disappears. If we look at the rule-based model that outputs a
class (Q-G), we see a better level of accuracy and a small value of sensitivity. This

suggests that this model only performs relatively well to detect non-events.

The metrics of the statistical models generally outperform those of the rule-based
procedures, and between these statistical devices the patterns found with the
restrictive test are very similar to the ones encountered with the full test. In sum,
statistical models that optimized its classification threshold present larger
specificity (policy A), whereas those that prioritized budget limitations have
higher accuracy (policy B). If we assume that detecting LTU is the main objective
of PES, the random forest under policy A executes this task better than any other
statistical or rule-based model. The additional advantage is that this statistical
model is more precise with its classification. Therefore, it outperforms the
discrimination ability of the rule-based model Q-S50. If the PES aims to achieve
a more balanced approach between predicting events and non-events, the gradient
boosting model could offer nearly the same accuracy as Q-S25 while increasing its

sensitivity by more than sevenfold.
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Table 7 — Classification performance in the restrictive test subset based on

different policies.

Accuracy Precision Sensitivity

Q-S25 0.641 0.482 0.090
Q-S50 0.454 0.381 0.852
Q-G 0.605 0.395 0.204
Policy A

LR 0.562 0.432 0.729
PLR 0.567 0.436 0.735
RF 0.579 0.452 0.860
GB 0.613 0.472 0.730
Policy B

LR 0.653 0.517 0.404
PLR 0.653 0.516 0.406
RF 0.699 0.619 0.402
GB 0.679 0.578 0.367

Note: N of the restrictive test subset = 11,082.

The joint analysis of discrimination and calibration illustrates that the random
forest model under policy A improves the rule-based Q-S50 in all performance
statistics. We have paid special attention to this last rule-based model because it
is the one that excels in terms of sensitivity. However, any statistical model (under
policy A or B) does better than the qualitative rule-based profiling (Q-G) in the
classification metrics focused on the events. The random forest is particularly
outstanding due to its extraordinary calibration, while Q-S suffers from the
unreliability of its numerical predictions. This statistical model also achieves a
remarkable sensitivity (0.860) and upgrades regarding precision and accuracy,

which might promote a more efficient allocation of treatments.

4.2. Model similarity and interpretation

The previous results show that when we use the test subset the performance
metrics of the different statistical models are not extremely different in many

cases. This section measures the phenomenon of model similarity in a more formal
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way, looking both at the prevalence and the consequences of these resemblances.
Lastly, we also investigate if the most important predictors are the same for each

modelling technique.

Table 8 — Kappa coefficients between predictions of different models in the

restrictive test subset.

Q-S25 Q-S50 Q-G LR PLR RF GB
Q-525 1
Q-S50 0.036 1
Q-G 0.044  0.051 1
Policy A
LR 0.016 0.014 0.018 1
PLR 0.015 0.017 0.017 0.925 1
RF 0.018 0.031  0.025 0.576 0.587 1
GB 0.018 0.011  0.028 0.703 0.715 0.671 1
Policy B
LR 0.014 0.011  0.029 1
PLR 0.007  0.009  0.029 0.949 1
RF 0.031 0.025  0.037 0.587 0.586 1
GB 0.017  0.019 0.046 0.723 0.725 0.732 1

Table 8 estimates the degree of coincidence among models through the Kappa
coefficients. Considering that this statistic is located in the interval [0, 1], we see
that the agreement between rule-based and statistical models is very small. Our
explanation is that the rule-based functions mostly classify jobseekers randomly,
that is, by chance®”. This makes us conclude that the disagreement shown by these
Kappa do not mostly come from rule-based models collecting a different data
generating process. If we concentrate on the statistical models, we may extract
two main ideas. First, LR and PLR models show an almost total agreement in

their classifications, which makes sense if we see that PLR models incorporate

8 We show evidence of this statement in Appendix G, where we present for each profiling model
the Kappa coefficient that compares the predicted and the actual value. Q-S50 presents a chance-

corrected accuracy equal to 0.067.
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small penalization terms after cross-validation (see Appendix F). Second, the two
tree-based models have an intermediate degree of agreement, particularly under
policy A. This prompts us to examine the effect of selecting one model over the

other.

Through the following stress-tests we can appreciate how robust is each model to
a slightly different population and how much varies the performance when we
concentrate on some target groups. Firstly, the shifted performance evaluation
was implemented when we used the restrictive test subset to estimate
discrimination and calibration metrics. Remind that the restrictive test subset
includes a moderately different population because it is made up of those
individuals that wished to participate in ALMP or were profiled as a requirement
of a non-contributory benefit. Our conclusion for that analysis was that, if
detecting LTU is the priority of the PES, the random forest had better
discrimination ability and higher moderate calibration. Secondly, the stratified
performance evaluation on older and older female jobseekers is available in Table
9. The results show that the random forest attains higher sensitivity than the
gradient boosting model in both groups. Nonetheless, it is important to notice
that linear models (LR and PLR) register almost the same sensitivity, although
they do it with less precision and less accuracy. This should also be considered
joint to their easy interpretation when deciding which model to implement. As we
mentioned before, another decision dimension that must be clarified are the
prediction priorities of the PES, which is usually linked to the costs of each
treatment. If the prediction of non-events is more important due to the high cost
of LTU treatments, the gradient boosting model shows the best accuracy and the

lowest sensitivity, which indicates a high true negative rate.
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Table 9 — Classification performance in two strata of the test subset.

Accuracy Precision Sensitivity

Older jobseekers

LR 0.551 0.277 0.826
PLR 0.547 0.276 0.838
RF 0.587 0.295 0.825
GB 0.653 0.328 0.769
Female and older

LR 0.543 0.279 0.847
PLR 0.537 0.278 0.859
RF 0.603 0.309 0.837
GB 0.665 0.344 0.794

Note: N of older jobseekers = 20,793. N of older female jobseekers = 11,452. For

simplicity, we only include results for policy A.

To end up, the analysis of variable importance helps us to understand which are
the predictors whose presence might explain the superior performance of
statistical models®. For each statistical model, Figure 2 represents the ten most
important predictors. Remind that this is operationalized through the loss in the
ROC-AUC caused by permutating the values of such covariate. We see that the
four models coincide when flagging the two most relevant predictors of LTU: the
number of days since the last unemployment episode and the number of
unemployment episodes experienced in the past. Age is another predictor that
stands out in the four models. This is something consistent with the results of
Felgueroso et al. (2018) for Spain. Tree-based models point up two additional
remarkable predictors of LTU: the number of days since the last employment
episode and the average duration of unemployment episodes in the past. This is
not surprising, since previous studies like Bach et al. (2023) and McGuinness et
al. (2022) also detected that labour market histories are key to predict LTU in

Germany and Ireland.

8 We have also used other technique to interpret the variable importance called global surrogate
model. This method simply fits a decision tree to the unit predictions of the random forest trying
to assess which covariates collect most part of the variance of the predictions vector. It is available

in Appendix F.
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Figure 2 — Top-10 variable importance of final models.
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average across permutation rounds, so the boxplot represents the variability

among rounds.

5. Conclusion

In this chapter, we have compared the performance of rule-based and statistical

models for jobseeker profiling. Using as case of study the PES of Catalonia

(Spain), we have contrasted the predictions of its currently implemented rule-

based model with the predictions of different statistical models of LTU. We have

found that our statistical models remarkably improve the rule-based procedures
with respect to discrimination (ROC-AUC: 0.735 vs. 0.593) and with respect to

calibration (ICT: 0.037 vs. 0.223). Moreover, we have shown that machine learning
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models attain greater performance values than classic regression models,
particularly with respect to calibration. These models represent the first machine
learning algorithms developed and validated to predict LTU with Spanish
microdata. In comparison with the gradient boosting model, the random forest
handles better the covariate shifts and gets higher sensitivity for two
subpopulations targeted by the Catalan PES (older and older female jobseekers).
Furthermore, the statistical models have indicated two covariates that are not
currently used in the profiling function although they seem good predictors of
LTU: the number of days since the last unemployment episode and the number

of past unemployment episodes.

Our results are consistent with previous evidence of the jobseeker profiling
literature, but also proposes new points of view. Following former studies, we also
detect the relevance of labour market histories to predict LTU (Gabrikova et al.,
2023; McGuinness et al., 2022). Nevertheless, prior research had concluded that
machine learning models do not involve remarkable improvements in performance
over classic techniques like logit models (Bach et al., 2022; Desiere et al., 2019).
Our key result is that this statement only holds if we concentrate on the
discrimination dimension of performance. Discrimination is just one side of the
coin and if we focus on the other, i.e. calibration, our machine learning models
outperformed logistic regression. Although it is not often attended in the jobseeker
profiling literature, we have argued that calibration is relevant in PES applications

because it informs the jobseeker on the uncertainty of a binary prediction.

The research has certain drawbacks that should be taken into account, in some
cases because they open lines of future research. First, we do not have information
on employment episodes as detailed as Bach et al. (2023), mainly because our
datasets do not register the actual end dates of the contracts. As a following step,
researchers might try to get social security data to use the intervals of affiliations.
Second, our training data might not exactly represent the distribution of all
jobseekers in Catalonia. The reason is that we have utilized a sample of the
individuals registered in the Catalan PES, but such registration is not compulsory
in all cases in the Spanish context. Jobseekers without enough labour market
experience like young people are not forced to be in the PES system, so they
might be underrepresented. Third, when we optimized the classification threshold
of our statistical models, we did it under the assumption that the cost of a false

positive equals the cost of a false negative. This profiling option should be
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informed by the decision of the PES. Thereby, a promising line of future work is
the development of a decision model for all the available programs. Notice that
the separation between decision and prediction helps to address the problems of
discretion discussed in Gallager & Griffin (2023) on the selection of the
performance metric. Fourth, the next step in the model validation process should
be an exhaustive fairness assessment of the different models. In this research, we
have examined if the performance of the models was equivalent for two target
subpopulations. Nonetheless, future research might evaluate if error rates are

similar for other sensitive social groups.

Beyond all these shortcomings, this chapter has emphasized the benefits of
implementing a statistical instead of a rule-based profiling model in PES.
Moreover, we have also demonstrated the advantages of using machine learning
models in terms of discrimination and also calibration for a better design of

jobseeker allocation systems.
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Appendix

Appendix A. Current profiling and decision models of SOC

Figure A1 — Rule-based profiling model Q-G
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Table A2 — Rule-based profiling model Q-S
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x = level b A =
sector;,, x = emergent Ay =
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Variable (index L) Value AL
education,, x € {0, 1nr, missing value, 25Bnr} A =0
(L=T7) x € {1, 25B, 24nr, 35Bnr} Ay =2
x € {24,358, 44nr, 45nr, 55Bnr, 54nr} A, =4
x = {44, 45, 54, 55B, 55nr, 75Bnr} A =6
x € {6nr, Tnr, 8nr, 55, 758} A =8
x € {6, 74, 75, 8} A, =10
comptrain,, x > 80 Ay =10
(L =8) x < 80 Mg =0
driving;, x =Bl Ay =10
(L =9) z 4Bl Ay =0
closed,,, x = (Yes A (Has it vV Studying it)) Ag =05
(L =10) x € {Recommended A Has it V Studying it , A\, =4
No A (Has ISCED 2 Vv Studying ISCED 2)}
x € {Recommended A Doesn't have it, NoA A\, =2
Has not ISCED 2}
x € {Yes A (Doesn't have it V Unknown), Ap=0
(Recommended Vv No) A Unknown}
search,, x=0 11 =10
(L =11) =1 1=
T =2 1=
z=3 1=
languages,, Cat € {High, Middle} A Sp € {High, Middle} A;, =10
(L =12) Cat € {High, Middle} A Sp € {Basic, Null} 1o =

Cat € {Basic, Null} A Sp € {High, Middle}
Cat € {Basic, Null} A Sp € {Basic, Null}

—_
[\V]

> > > > > > > > > > > > >
[\
I

O = O = O O = O k= ot B O W ot =

digitalskills,, =0 13 =10
(L =13) =1 13 =

z €{2,3} 13 =
willingness,, x=0 14 =10
(L=14) z=>1 14 =
communication,, z = Yes 15 = 10
(L =15) z = No 5=
interpersonal,, x = Yes 16 = 10
(L =16) x = No Ajg =0

education,;, in ISCED-11 coding of educational attainment, with “nr” indicating
that the credential has not been recognized in Spain and “B” indicating that the

credential was obtained in the framework of labour market policies. “Cat” denotes
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the Catalan language and “Sp” the Spanish language. V is the Boolean operator
for OR, A is the Boolean operator for AND. Appendix D includes a description

of each variable.

Figure A3 — Decision model for decisions one and two

First decision (D) Second decision (D)
| || G3:jobsearch
Al techniques
G1: interventions
A2 menu
1: intervention - .
Gl:i rtﬁe\rﬁ tions [Age > 45 V Disability 11: foster training
Q || KA3, A4} A(Age>45v O |—{ = Yes V Months of
e} General training > 4) unemployment > 18 10 interventions
. - i i
G4: foster training months e
| | B || G2:info. on labour
market trends
— {C, D} — 12: set job of interest

Source: SOC (2016). The green line indicates the path if the value is TRUE, the
red line if the value is FALSE. The tree starts with the value of Q-G or C (the
so-called “pre-collective”) and then links the decision, i.e. the intervention
assigned. It also shows if such intervention is individual (I) or group-based (G)
and the main objective of the action. The second decision is only determined by
the rule-based profiling if individual was not assigned in Q-G to collectives C, D,

or Z. In those cases, the second decision is not regulated by the model.

The interventions to assign in these decisions may be classified according to three

variables (SOC, 2016):

1. Number of participants: one (individual) or more than one (group).

2. Main objective: training on job search techniques, foster adult training,
information provision on labour market trends, set job of interest, or
present the set of available interventions (the so-called “interventions
menu”).

3. Place of implementation: face-to-face or remote.
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The intensity of the intervention may be defined according to different criteria.
In this article, we have chosen to define individual actions as more intense than
group actions, so d € {I10,11,12} > d’ € {G1, G2, G3, G4}.

We have maintained the original abbreviations of the group interventions, but we
have changed the abbreviations of the individual interventions to avoid confusions.
10 is known as “Assessorament Politiques Actives d'Ocupacié” (originally
abbreviated as APAQO), I1 is known as “Assessorament Ocupacional” (originally

abbreviated as AO), and 12 is known as “Orientacic” (originally abbreviated as

0).
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Appendix B. Review on performance of jobseeker profiling models

Country

AT

BE

BE*

DK

FI*

DE*

DE*

DE*

1E

1E

NL

NZ

SK*

ES*

GB*

Model

ST

ST,
CwW

ST

ST

ST

ST

ST

ST

ST

ST

ST

ST,
RB

ST

ST

ST

Outcome ROC Sensit. Prec. Acc.
Labour market
. . [0.80,
integration
0.85]
probability
MTU 0.76 0.67
MTU 0.702 0.702
MTU >0.60
LTU 0.80
MTU 0.7 ~0.63
LTU 0.777 0.29 0.372 0.846
[0.726,
MTU 0.647
0.735]
[0.70,
LTE
0.86]
LTU 0.752 0.777
LTU 0.7
Lifetime income
support costs,
bp [0.63,
lifetime income
0.83]
support and
staff costs
Categories of
unemployment 0.7886 0.915 0.918
duration
LTE 0.682
LTU 0.795 0.319 0.333 0.889
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O:E

1.237

0.999

Source

Desiere et al.
(2019)

Desiere et al.
(2019)

Desiere &
Struyven
(2021)

Desiere et al.
(2019)
Viljanen &
Pahikkala
(2020)
Kunaschk &
Lang (2022)
Bach et al.
(2023)

Van den Berg
et al. (2024)

Desiere et al.
(2019)

McGuiness et
al. (2022)

Desiere et al.
(2019)

Desiere et al.
(2019)

Gabrikova et
al. (2023)

Felgueroso et
al. (2018)
Matty (2013)



Note: Sensit.: sensitivity, Prec.: Precision, Acc.: Accuracy. CW: Caseworker-based,
RB: Rule-based, ST: Statistical. MTU: medium-term unemployment (> 6
months), LTU: long-term unemployment (> 12 months), LTE: long-term
employment (exit to employment within 12 months). ROC refers to the area under
the ROC. This table only includes those models that were publicly validated with
at least one statistic of discrimination or calibration. Classification metrics are
only included if the author recommended or used at least one classification
threshold. Note the differences between exit to employment within 12 months (at
least once in the time interval) and exit to employment after 12 months (at the
measurement time of month 12). For the results of Gabrikova et al. (2013),
although their model uses four categories, here we present the metrics for the
category “more than 12 months”. (*) Rows with the asterisk indicate that,
according to the source, the model has not been yet deployed in public

employment services.

146



Appendix C. Classification of intermediation claims

Table C1 — Correspondence between causes of intermediation claims and type of

episode

Code
1

2

3

4

17
19

25

30

31

32
35
36
37
38
39
61
62
70
71
73
75
100
102
103
104
105
106
107
108

Description of the cause

Removal due to placement communicated with prior offer
Removal due to registration in the general Social Security system
Removal due to placement in the special self-employed regime
Removal due to placement communicated without prior offer
Removal due to the end of a collective dismissal file

Removal due to call of a seasonal permanent worker

Removal due to incomplete application

Suspension without intermediation due to temporary incapacity
Suspension without intermediation due to maternity/paternity,
adoption, or foster care

Suspension without intermediation due to pregnancy with risk
Removal due to end of availability

Removal due to total permanent disability

Removal due to absolute permanent disability (major disability)
Removal due to retirement

Removal due to reaching the minimum retirement age

Removal due to other causes

Provisional removal due to untraceable applicant

Removal due to failure to appear before the managing entity
Removal due to failure to renew the application

Removal due to rejecting a suitable job offer

Removal due to refusal to participate in ALMP

Voluntary removal

Removal due to benefit exportation

Removal due to death

Suspension due to military service or alternative civilian service
Removal due to equalization

Suspension without intermediation due to preventive detention

Removal due to job placement declaration

Suspension without intermediation due to deprivation of liberty for

fulfilling a sentence of applicants receiving benefits
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109 Removal due to deprivation of liberty for fulfilling a sentence I

110 Removal due to non-communication of the renewal of administrative I
authorization

114 Suspension without intermediation due to family obligations I

120 Suspension without intermediation due to leaving the country I

121 Suspension without intermediation due to attending training courses U

122 Suspension with limited intermediation due to collective dismissal file or U

short-time working arrangements of suspension or reduction of working

hours
125 Suspension due to cause 125 I
509 Removal due to accumulated benefit payment caused by return to the I
country of origin
530 Suspension due to temporary inability with intermediation 1
531 Suspension due to maternity/paternity, adoption, or foster care with 1
intermediation
614 Suspension due to family obligations with intermediation U
620 Suspension with intermediation due to leaving the country 1
621 Suspension with intermediation due to attending training courses U
625 Suspension due to assignment to social collaboration work® with E
intermediation
626 Suspension due to deferred coverage with intermediation E
627 Suspension due to deferred call with intermediation E
700 Registration due to enrolment U
701 Registration due to coverage of a vacancy (to be phased out) E
702 Registration due to collective dismissal file U
703 Registration due to correction of an erroneous removal U
704 Registration with recovery of a period in a removal situation U
706 Registration due to initial enrolment U
707 Registration due to reactivation of suspension U
708 Registration due to enrolment as employment intermediation U
709 Registration as a jobseeker for other ALMP U
710 Registration for ALMP prior to employment U
711 Registration due to benefit resumption-compatibility U

Note: E: part of an employment episode, U: part of an unemployment episode, I:
part of an inactivity episode. (*) Social collaboration works are work-related
activities, which includes both working and training, that may be required in

exchange for the receipt of a benefit (Cremades Chueca, 2014).
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Appendix D. List of predictors of Q, C and K

Table D1 — Predictors used in Q models.

Group
Job

General
employment

experience

Employment
experience in
the
occupation
General

training

Occupational
training

Job search

Language
skills

Digital skills
Transversal

skills

Predictor

Employability of the occupation of interest
Employability of the sector of interest
Months of experience in regular
employment

Months of experience in irregular
employment

Months of experience in regular
employment in the occupation of interest
Months of experience in irregular
employment in the occupation of interest
Level of education

Number of hours of complementary training
Driving license

Is the occupation closed (regulated) and
has the jobseeker the credential?

Number of deficiencies in the knowledge
and use of job search techniques

Knowledge of Catalan or Spanish

Number of deficiencies in ICT abilities
Deficiencies in the willingness to learn
Proper communication

Proper interpersonal relation

Label

occupation,,
sector,,

regexperience,,
rrexperience,,
Tregexrperience;,,,
trrexperience,,,
education,,
comptrain,,
driving,,
closed,,,,
search,
languages,,
digitalskills,,
willingness,,

communication,,

interpersonal,,

Source: Own elaboration based on screenshots of the Q software and SOC (2016).
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Table D2 — Predictors used in the C function.

Group Predictor
Used in formal Age
allocation He/she has a disability

Duration of the unemployment episode
Not used in formal Sex
allocation He/she receives a benefit
Geographical mobility
Availability to work
Availability to participate in ALMP
Economic dependence

Source: Own elaboration based on SOC (2016).
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Table D3 — Predictors used in our statistical models (K).

Group

PLMP

ALMP

Unemployment

Inactivity

Employment

Predictor

Started unemployment during a benefit interval

Number of benefit episodes (completed) in the past

Total duration of previous benefit episodes

Total duration of previous benefit episodes, scaled by age
Mean duration of previous benefit episodes

Total duration of employment subsidy participations

Number of JSA/JSM participations in the past

Number of training participations in the past

Total durations of JSA/JSM participations in the past

Total durations of JSA/JSM participations in the past, by age
Total durations of training participations in the past

Total durations of training participations in the past, by age
Mean duration of training participations in the past (in days)
Mean duration of JSAM participations in the past (in days)
Number of unemployment episodes in the past (inside the window)
Total duration of unemployment episodes in the past (until the
present episode, not included)

Total duration of unemployment episodes in the past (until the
present episode, not included), by age

Mean duration of unemployment episodes until the present (until
the present episode, not included)

Days since last unemployment episode

Total duration of inactivity episodes

Mean duration of inactivity episodes until the present

Number of inactivity episodes in the past

Days since first employment (in the window)

Days since (the beginning of) the last employment episode
Days since (the beginning of) the last full-time employment episode
Occupation of last job by major groups (63 categories)

Last job was part-time

Skill level required for last job (11 categories)

Last job was temporary

Industry of last job (22 categories)

Commuted for last job

Proportion of jobs with commuting in the past
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Number of employment episodes without any vocational training
held in the past

Number of occupations held in the past

Number of employment episodes in the past

Number of open-ended contracts in the past

Number of temporary contracts in the past

Maximum skill level required for past employment episodes (11
categories)

Maximum skill level required for past employment episodes (5
categories)

Minimum skill level required for past employment episodes (11
categories)

Sex

Age in years when the episode started

Maximum level of education

Has a disability

Socio-

demographics
Local labour market (28 categories)

National group (7 categories)
Has a credential with field of education = xy (33 binary variables)
Indicator of missingness on employment episodes in the past
Missing blocks Indicator of missingness on unemployment episodes in the past
Indicator of missingness on local labour market
Note: Qualitative variables that do not indicate the number of categories are
binaries, so there are until three possible categories (yes, no, or missing). For the

models that use regularization, this list is actually a list of candidate predictors.
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Appendixz E. Summary statistics

Table E1 — Summary statistics on sociodemographic qualitative variables.

N %
Sex
Woman 153,424 52.412
Man 139,301 47.588
Mazimum level of education
0 Less than primary 4,965 1.696
1 Primary 8,137 2.780
24 Lower secondary — General 147,550 50.406
25 Lower secondary — Vocational 41 0.014
34 Upper secondary — General 27,382 9.354
35 Upper secondary — Vocational 40,327 13.776
55 Short-cycle tertiary — Vocational 32,071 10.956
66 Bachelor’s 13,153 4.493
76 Master’s 18,538 6.333
86 Doctoral 561 0.192
Disability
No 273,733 93.512
Yes 18,992 6.488
National group
Asia 788 0.269
EU, Northern America, and Oceania 281,292 96.094
Europe not EU 451 0.154
Latin America and the Caribbean 2,088 0.713
Northern Africa 6,352 2.170
Sub-Saharan Africa 1,749 0.597
Missing ) 0.002

Note: The categories related to the local labour market, the field of study and the
level of study are not shown to simplify the exposition. The tables are available

upon request.

Table E2 — Summary statistics on sociodemographic quantitative variables.

Mean  Min Q1 Median Q3 Mazx
Age 46.183 16 40 46 52 64
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Appendix F. Tuning parameters

Table F1 — Tuning grids.

Model
Penalized
logistic
regression
(PLR)

Random forest
(RF)

Gradient
boosting
machine (GB)

Parameter

Amount of regularization
(penalty)

Proportion of Lasso penalty
(mixture)

Number of predictors
(mtry)

Minimal node size (min_ n)
Number of trees (trees)
Tree depth (tree_depth)
Number of predictors
(mtry)

Number of trees (trees)
Learning rate (learn_ rate)
Proportion of sampled

observations (sample_ size)

Candidate values

0.001, 0.01, 0.1, 1, 10, 100, 1000

0,1

sqrt(# predictors), log2(#

predictors)

1,5, 10

500, 750

3,57

sqrt(# predictors), log2(#
predictors)

250, 500, 750

0.01, 0.025, 0.05

0.6, 0.8

Note: In the parameter column, it is shown in parenthesis the name given in the
R library {parsnip} to that parameter. The selected value is written in bold in
the third column. The unpenalized logistic regression has no internal parameter

to tune.

Table F2 — Probability thresholds selected.

Model Policy Probability threshold
Unpenalized logistic regression A 0.2425
(LR) B 0.5479
Penalized logistic regression A 0.24
(PLR) B 0.5424

A 0.285
Random forest (RF)

B 0.5374

A 0.2675
Gradient boosting machine (GB)

B 0.5453
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Appendix G. Additional results

Table G1 — Kappa statistic of models in the restrictive test subset

Kappa

Q-S25 0.045
Q-S50 0.067
Q-G 0.035
Policy A

LR 0.172
PLR 0.182
RF 0.236
GB 0.248
Policy B

LR 0.205
PLR 0.205
RF 0.287
GB 0.238

Note: The Kappa statistic discounts the amount of accuracy generated just by
chance. Note that the chance-corrected accuracy of Q-S50 is low (kg50 = 0.067)
and represents less than one third of the chance-corrected accuracy we could get

with the random forest.

Table G2 — False alarm rates in the restricted test subset.

FAR
Q-S25 0.054
Q-S50 0.767
Q-G 0.173
Policy A
LR 0.531
PLR 0.526
RF 0.576
GB 0.452

Note: FAR = 1 — specificity.
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Table G3 — False alarm rates in two strata of the test subset.

FAR
Older jobseekers
LR 0.514
PLR 0.522
RF 0.469
GB 0.374
Female and older
LR 0.531
PLR 0.541
RF 0.454
GB 0.367

Note: FAR = 1 — specificity.

Figure G1 — Top-10 differences in standardized means (left) or proportions (right)

between the test subset and the restrictive test subset.

propcommuted skill_last_ee24

g 2
= Q
= (@]
p}

n_emp max_skill76

0.0 0.1 0.2 0.3 0.00 0.03 0.06 0.09
Abs. difference in standardized means Abs. difference in proportions

o

Source: Own elaboration. Denoting with p, a summary statistic for the dataset

g, it is shown the difference Therefore, blue bars denote a

— Hyestrictive:

positive difference, whereas red bars collect a negative difference.
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Appendixz H. Global surrogate model

As an additional tool to interpretate how our statistical models make predictions,
we have estimated a global surrogate model. The following regression tree model
tries to forecast the predictions of the random forest model using 80 % of the
training sample. The tuning parameters were fixed at the following values: the
cost-complexity parameter equalled 0.005, the tree depth was 30, and the minimal
node size was established at 2. The resulting model has a R7,.,; i, = 0.778 and a

RZ ., = 0.774, attaining a good approximation to the random forest with a

relatively low interaction depth.

As shown in Figure H1, the tree incorporates seven covariates: the number of days
since last unemployment episode (time_ lastu), the number of days since the
beginning of the last employment episode (time_lastE), the mean duration of
unemployment episodes until the present (meanund), the number of employment
episodes in the past (n_emp), the number of unemployment episodes in the past
(n_un), the age (age), and the indicator of missingness on unemployment episodes
in the past (MIndicatorUE). Note that all the predictors selected by the global
surrogate model were also highlighted as remarkably important by the

permutation-based variable importance statistic.

To interpret Figure H1, we must consider that each node shows the probability of
experience a long-term unemployment episode and below the percentage of the
sample that fits in each partition. Starting the partition from above, we see that
the combinations of value that predict LTU with probability equal to 0.72 is:
having the last unemployment episodes at least 764 days ago, having the last
employment episode at least 1,264 days ago, and being older than 55 years. This

profile is in line with the literature and fits with 3 % of our sample.
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Figure H1 — Graphical representation of the decision tree

0.31
100%

time_lastu < 764

0.48
31%

meanund < 159 IndicatorUE = No
0.2 0.42 0.61
42%, 21% 10%

time_lastE < 114 time_lastu < 425 time_lastE < 361 time_lastE < 1264
0.16 0.24 0.36 0.65
22% 20% 9% 8%
n_emp >=9.5 time_lastu <418 n_emp >=5.5 age <55

n_un>=1.5
0.14 0.2 0.21 0.27 0.35 0.31 0.4 0.47 0.48 0.62 0.72
15% 6% 14% 18% 9% 4% 6% 12% 2% 5% 3%
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Chapter IV.

Employment effects of job search interventions in

Veneto: assistance and intermediation®

1. Introduction

In the systematic reviews on the effects of ALMPs, job search programs are
typically considered effective in increasing the employment probability (Vooren et
al., 2019; Card et al., 2018). Looking deeper into the evaluations, it is difficult to
draw lessons for policy designs as there are substantial differences in the
characteristics of the intervention, the participants, or the evaluation methods.
The variations on the details of the intervention have already been emphasized
by many researchers asking for dissecting each program design during evaluations
(OECD, 2006; Cronert, 2023). On one side, there is research indicating that job
search assistance and job search intermediation have different effects because they
act through different mechanisms (Cheung et al., forthcoming). This calls on
researchers to clearly differentiate between the two channels. On the other side,
evaluations usually focus on one program, which precludes comparing
interventions with different intensities implemented on the same population.
However, the treatment intensity or amount spent on each participant is a crucial

factor to optimize in order to attain an efficient expenditure of the public budget.

In this chapter, we analyse the employment effects of two treatments with different
doses of job search interventions. The program was implemented in the region of
Veneto (Italy) assigning different endowments of (1) job search assistance through
vouchers and (2) job search intermediation through performance pays to
providers. The chapter tries to answer two questions. Firstly, what is the impact
of different treatment endowments on the number of worked days. Secondly, what
is the impact of these endowments on the quality of employment, which is proxied
through the type of labour contract. Since we know that treatment endowments

were assigned through a deterministic function, the method to answer credibly

8 This chapter is based on a working paper titled “More money, more effect? Employment effects
of job search programs in Veneto”, which is authored by me.
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our causal questions was the sharp regression discontinuity analysis. The
identification of the treatment effect requires stronger assumptions, but
estimating the effect of the treatment endowment is possible with weaker
assumptions. For public finances, the effect of the endowment is important
because it regards the amount of money reserved for a certain intervention during

a certain period, which obviously has an opportunity cost®.

The main findings of our study were the following. Regarding the duration of
employment, the impact on the average of worked days was 0 for all semesters in
the intermediate-low treatment comparison and of 10 days for the first year in the
high-intermediate treatment contrast. The effect on the median of worked days is
approximately one month for semester 3 in the intermediate-low comparison and
for semester 2 in the high-intermediate contrast. The downside is that all these
impacts disappear at the following semesters, which casts doubts on the value of
the intervention. Concerning employment quality, the unique effect was an
increase in the probability of having a short temporary contract as the longest
episode in the two years after program began. This impact was only detected for
the high-intermediate comparison. Thereby, the effects of increasing the
endowment after two years are practically null in both dimensions of employment.
After exploring plausible mechanisms, we found that participants in the focal
treatment only spent one hour more in assistance instead of the 5 or 14 extra
hours that allowed their endowment. This drives us to interpret the few effects
detected as generated by the changes in the performance pays of job search

intermediation.

This research makes two contributions to the literature. Firstly, to the best of our
knowledge, this is the first work analysing the effect of different intensities of job
search services in Europe. Although the large sample of experimental studies in
USA allows a meta-analysis to estimate the impact of the intensity of the
interventions, the number of evaluations of programs in Europe with a known
assignment mechanism is quite low (Card et al., 2018). Secondly, we advance the
literature on job search services implemented through vouchers. Unlike previous
studies for Ttaly (Linfante et al. 2019; Scarano, 2023) or Germany (Ayaita et al.,
2022; Winterhager et al., 2006), our study combines a credible identification

% This intention-to-treat approach is common in the literature of voucher effects (Doerr et al.,
2016; Huber et al., 2018). In sum, it amounts to think the structure as a randomized treatment

assignment with possible imperfect compliance.
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strategy with a large sample size that offers greater statistical power to make

comparisons between treatment groups.

The chapter goes on reviewing the literature related to our research and describing
the design of the program evaluated. Section 3 explains the data used for our
study and the methods applied to analyse them. The findings of this work are
shown in Section 4, including some analyses on the plausibility of the identification
strategy and the robustness of our results to modelling options. To end up, Section

5 offers some conclusions.

2. Job search services

2.1. Literature review

The literature on job search services is large and has the problem that usually
conflates under a miscellaneous concept the tools of job search assistance and
intermediation (Vooren et al., 2019; Card et al., 2018). According to our research
questions, our investigation speaks directly to two literatures: the effect of
different intensities of assistance and the effect of different intensities in
intermediation. By intensity we mean the public expenditure invested in each
intervention by participant, which may pursue more hours of intervention
(Escudero et al., 2019; Crépon & van den Berg, 2016) or simply more productivity
during the hours of such intervention (Martin, 2015)°". Due to the design of the

program, this chapter is also related to the literature on vouchers in ALMP.

The first research line is the employment effect of job search assistance in function
of their intensity. Liu et al. (2014) performed a meta-analysis of assistance
interventions and described a null relationship between intensity (duration) and
effect size after controlling for some population and evaluation features. Their
review has a great internal validity, since 32 out of 47 studies were randomized
experiments. The problem is that 69 % of these articles used a sample from USA
and only four of these studies came from an EU country (Netherlands, Finland,

or Hungary). Martinson et al. (2019) and Dyke et al. (2006) also arrived at the

9% This concept of intensity combines the meaning it has in the macro and micro literatures on
ALMP. It helps to accommodate program designs that condition the payment on the number of
hours of the service (the classic outsourcing contract) or on the performance of such service (our

case for intermediation).

161



similar conclusion of null effects with USA experiments. Many years before, Meyer
(1995) reviewed other six assistance experiments carried out in USA but
concluded that the intensity had a positive effect on employment. As we can see,
there is a lack of credible evidence comparing the employment effects of different

versions of the same program in terms of intensity for Europe.

The second research line is the employment effect of job search intermediation
according to different intensities. The evaluation of job search intermediation is
scarce, so the testing of different types of intermediation is even stranger. Bollens
& Cockx (2017) studied three formats of vacancy referral (human remote, human
face-to-face, and automatic) in Belgium, joint with sanctioning, and found
positive effects for the three of them. The rest of studies did not analyse different
versions of intermediation. Positive results also appeared in Germany and
Switzerland with any intermediation under sanctioning (van den Berg et al., 2019;
Zuchuat, 2023). With an experiment in Sweden, Engstrom et al. (2012) reported
that the thread of monitoring did increase the applications after intermediation,
but it did not increase the employment probability. On the contrary, Fougere et
al. (2009) detected with observational data that intermediation rose the
employment probability in a non-monitored country like France. Cheung et al.
(forthcoming) reports a positive intention-to-treat impact on the treated of a job
search program in Sweden, showing that intermediation instead of assistance

might be the explanatory mechanism.

We have not identified any analysis on the effects of different intermediation
intensities, but we can leverage the literature on performance-based payments. In
our program, the different intensities required for each treatment group are
recognized with different recompensations. This is also a way that PES use to
cope with the incomplete contracts problem widely studied in labour economics
(Cahuc et al., 2014). To study the effect of these clauses, we must first consider
that in Europe the proportion of performance-based pay varies significantly across
programs (Crépon, 2018)%. Our closest study is Zanella & Salomone (2024), who
studied performance-based payments for private-provided intermediation in the
region of Trento (Italy). Zanella & Salomone (2024) used experimental data and

found that the intervention decreased the unemployment probability for men in 5

92 Our program attaches 42-52 % of the total payment to the output. In United Kingdom, this
proportion has arrived until the 80 %, but in Belgium has been sometimes only the 20 % (Crépon,
2018).
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p.-p. compared with a non-treated group. With public-provided job search
intermediation, Burgess et al. (2017) found that it had a positive employment
effect in small offices, but not in large ones. Koning & Heinrich (2013) analysed
the application of performance-based pay in adult training programs and
estimated that it had a small positive effect on some groups (recipients of
unemployment insurance) and null on others (like people with disability)®. More
generally, Rehwald et al. (2017) looked at the impact of these performance pay in

other policy fields and found that the evidence was mixed.

Lastly, this evaluation is also related to the literature on the voucher provision of
ALMP. In our case, the voucher involves free selection of service provider and of
dose of assistance. We cannot test the effect of any of these two elements because
we do not have a comparison group with closed provider or closed dose. However,
it is useful to consider this literature to make hypotheses on the possible
mechanisms behind our effect estimates. For Germany, the estimates on the
employment effects of adult training with voucher versus no treatment were
negative or null until three or four years later (Huber et al., 2018; Doerr et al.,
2017). In Netherlands, Brenninkmeijer and Blonk (2012) analysed experimental
data and detected that treatments with closed dose had positive effects, but
treatments with open dose vouchers had outcomes equivalent to the untreated
condition. The results for USA are not more hopeful, since they present unclear

conclusions (Barnow, 2009).

Italy has already implemented other ALMP via vouchers. At the state level,
Linfante et al. (2019) evaluated a similar program called Assegno di Ricollocazione
and estimated that the intention-to-treat effect on employment was zero. At the
regional level, Colombo et al. (2015) and Scarano (2023) have also analysed
comparable programs in other territories of Northern Italy. They use an
identification based on selection on observables, so we try to advance the literature
by offering new results for Veneto and with greater credibility. Germany also used
vouchers to implement job search services. Using a conditional lagged dependent
variable strategy, Winterhager et al. (2006) evaluated their impact on the

employment probability in Western Germany and found positive effects. Ayaita

% Kluve et al. (2019) also studied its use in adult training and other ALMP for young people.
They reported that the use of these tools was associated to larger effect sizes.
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et al. (2022) also used a similar identification strategy to study the effect on

employment quality comparing private and public providers using vouchers.

2.2. Design of the program

«Assegno per il Lavoro» (AXL) was a program funded by the PES of Veneto for
the whole region that was implemented from July 2017 to May 2022. Its main
goal was decreasing unemployment. The original version of the program targeted
this objective at workers older than 35 years old that had at least one of the
criteria of social vulnerability defined in Government of Veneto (2017a). However,
nine months later, the target population was redefined as all unemployed workers

older than 30 years old.

The tools to achieve such outcome were job search assistance, job search
intermediation, adult training, and internships®. The key point was that the
intensity of these actions was different according to the treatment group in which
the individual was classified. Table 1 gathers the endowments of each treatment
group, disaggregating it by type of intervention. There are two main dimensions
of variation among groups. Firstly, the amount of time (hours) devoted to job
search assistance increases from group A to B, and from B to C. Specifically,
group C more than doubles the number of hours of assistance available in group
B. Secondly, the amount aimed at job search intermediation also changes by
group. Although the variations are not as abrupt as in assistance, note that from
group B to group C the endowment increases in a 50 % in this concept. To adapt
the chronogram to the different intensities, each treatment group has a different
deadline to spend the money. All treatment groups receive the same amount for

adult training.

9 Only individuals in group C may use the performance-based amount to fund their internships
stipend. We do not have data on the participation in internships, but we argue that its use must
have been low. The reason is that both the provider and the individual face a remarkable risk of
non-payment. If the provider grants the stipend to the jobseeker and then the firm does not offer
her an employment contract longer than 6 months (or the worker changes the job before the 6
months), the provider will have to face the payment of the stipend. Note that, unlike with
intermediation services, this payment involves a cost additional to the salary of caseworkers. If
the provider anticipates this situation and wants to postpone the pay of the stipend until the end
of the AXL participation, the jobseeker will have to carry out the internships activities without
getting any money. Internships in Veneto are regulated in Government of Veneto (2017c¢).

164



Table 1 — Endowments and duration of AXL according to the treatment group®

Group A Group B Group C

Total endowment 3,536 € 4,264 € 5,796 €

- Job search assistance 266 € (7 494 € (13 1,026 € (27
hours) hours) hours)

- Adult training 1,770 € 1,770 € 1,770 €

- Job search 1,500 € 2,000 €

intermediation* 3,000 €

- Internships™ 0 € 0 €

Maximum duration 3 months 5 months 6 months

(6 with susp.) (8 with susp.) (9 with susp.)
Source: Government of Veneto (2017a and 2018a). All are nominal quantities. (*)
These rows are performance-based payments. Thereby, it collects the mazimum
payment that a provider can get, in this case due to attaining an open-ended
contract. If the provider certifies the sign of a temporary contract with duration
greater than 12 months, this amount is multiplied by 0.8. If such contract has a

duration between the 6 and the 12 months, it is multiplied by 0.6.

The assignment of individuals into treatment groups was carried out with a
jobseeker profiling model. It was a statistical profiling model that used logistic
regression to predict the probability of very long-term employment, i.e. being
employed 24 months later. The model produced a score from the next regression

equation®:
S, =1/ [1 + exp (—(60 + Bysex; + Byage,; + By foreign, + Bystudies; + Bsdisab,
+ Bgterminationreason; + B.group; + ﬁgsector,,;)ﬂ

The value of the scoring variable is determined by sociodemographic factors (sex,

age, foreign nationality, level of studies, and having a disability) and by factors

% This is the scheme of endowments and durations for the reformed version of AXL, the one
passed in April 2019. The previous version included two small variations. First, group B had 2
extra months of maximum duration and group C had 3 additional months. Second, all groups had
554 € less for adult training.

% Government of Veneto (2017b) reports more information on the profiling model, including the

estimates of the regression parameters.
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on the last job (termination reason, major group of occupation, and sector of the
company). We reversed S, generating S, in order to make the scoring and the
treatment values follow the same direction (the larger, the more intense
treatment). After being profiled, the individual is allocated into a treatment group

following this decision function:

A 0<s<04
Group; = {B 0.41 <5 <0.60
C 0.61<s<1

Once the jobseeker is inside a treatment group, she will receive a voucher that
includes a proportion that will be paid after receiving the service and another
proportion that will be paid based on the results after such service. With the
voucher, the worker firstly chooses which private provider is going to provide her
the services. Secondly, the worker and the caseworker agree on how many sessions
of assistance to provide and on which adult training to undertake (if any). Note
that the intermediation and the internships (if any) are only paid if the jobseeker

signs a labour contract that lasted at least 6 months after receiving the service.

A typical warning on the unintended consequences of vouchers mixed with
performance-based payment is cream-skimming, that is, the provider’s behaviour
of not selecting those individuals with the lowest employment probability (Koning
& Heinrich, 2013). The design of the payment scheme of AXL may be understood
as a recognition of the higher risk of not getting the payment after accepting an
individual from group C by offering to providers a larger incentive to put effort
of them. This design might avoid the creaming problem. Although it is not the
focus of our study, this is confirmed if we analyse the local effect of being profiled
B instead of A or C instead of B on the probability of participating in each
provider. The results in Appendix A show that there is only evidence of cream-
skimming for one provider, which only represents 1.52 % of the whole sample of

participants.

3. Methods

3.1. Data

To answer our research questions, we have used administrative microdata

provided by the PES of Veneto ( Veneto Lavoro). The dataset collects the universe
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of individuals that wanted to participate in AXL at any moment of its

implementation period.

The outcome variables were three, although they were observed at different times.
To study the employment duration, we have used as outcome the number of days
worked as a salaried employee at the first, the second, the third, or the fourth
semester since the treatment began. To analyse the employment quality, we have
utilized as response a categorical variable measuring the type of labour contract
attached to the longest employment episode registered during the four semesters
since treatment started. Note that in the definition of employment quality
proposed by Munioz de Bustillo et al. (2011), one of the two dimensions is the
type of labour contract. This variable distinguishes between five types of contract:
open-ended, fixed-term longer than 12 months, fixed-term between 6 and 12
months, fixed-term between 0 and 5 months, and no employment®. This variable
gathers the expected (declared) duration of the contract, not the actual duration.
To explore possible mechanisms, we have collected a third set of outcomes
indicating the number of treatment doses taken by the participant. We know the
number of hours of assistance received by each jobseeker and also the number of

hours of adult training agreed by each participant®.

The scoring variable is the unique confounding factor by design, but we have
information on other variables as well. We received data on sociodemographic
covariates that will be used for the plausibility analyses and for heterogeneity
analyses acting as possible effect modifiers. A complete list of variables with more
detailed definitions is available in Appendix B and a table with summary statistics

of our sample is included in Appendix C.

3.2. Analysis

3.2.1. Target parameters
To accommodate several outcomes, Y,, denotes the dependent variable for
outcome o and individual ¢. However, we are going to eliminate subindex o to

reduce the notational burden. Starting from the potential-outcomes framework

9% The reason to categorize the contracts in this way is that performance-based payment is based
on these categories. Only the last two categories do not receive a payment.
% Due to availability reasons of the data provider, we do not have information on the actual

number of hours of adult training received.
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with binary treatments (Imbens & Rubin, 2015), the potential outcome after
participating in the active treatment is denoted as Y,(1) and the potential

outcome after participating in the control treatment is denoted as Y;(0).

There are two active treatments whose effect we want to estimate, so we will use
as their control treatments the group with prior intensity. To carry out each
treatment comparison independently, we split the sample in those who are either
in group B or group A (for the contrast D;;) and in those who are either in group
C or group B (for the contrast D,,;). Firstly, we define D,; as a binary variable
registering if individual i was treated in group B (the active treatment, taking
value 1) or in group A (the control treatment, taking value 0). Secondly, we define
D, as another binary variable collecting if individual ¢ was treated in group C
(the active treatment, taking value 1) or in group B (the control treatment, taking
value 0)%. Both are functions of Group,, which in turn is fully determined by the
running variable S,. Lastly, we recentre the running variable in each sample
locating the threshold at ¢ = 0 by generating 5, for the first sample and S, for
the second. Thereby, we have D, and S, for p € {1,2}. Without loss of generality,

we remove subindex p just for clarity of exposition.

We are interested in three target parameters: local average treatment effect of D,
on Y,, denoted as LATE; local average treatment effect of D, on the probability
of Y; = j, abbreviated as LATE; and local quantile treatment effect for a certain
quantile Q at percentile 7 of D; on Y;, denoted as LQTE(7). In an equivalent
way, we may think them as local effects of the (active) endowment or as intention-
to-treat effects of the (active) treatment. They are formally defined as follows for

each treatment comparison p:

LATE = E[Y;(1) |S,; = ¢] — E[Y;(0) |S,;, = ¢] for p € {1,2}

Di
LATE; = Pr[Y;(1) = j|S,;, = ¢] = Pr[Y;(0) = j|S,; = c] for p € {1,2}

LQTE(r) = Q[Y,(1) |S,, = | — @, [Y;(0)|S,; = ¢] for p € {1,2}

Pl Rl pi A Di

3.2.2. Identification

The target parameters mentioned in the past section include counterfactual

potential outcomes, so we need identification assumptions to estimate them with

9 We may equivalently think that we are estimating two treatment comparisons.
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the observed data. Following Rubin (2007; 2008), we argue that an identification
strategy is more credible the closer it aligns with the properties of a randomized
experiment'”. Due to the program design of AXL, the most credible identification
strategy is the sharp regression discontinuity. Let us present the identification
assumptions in relation to the assignment mechanism of a completely randomized

experiment.

The first identification assumption deals with the unconfoundedness of the
assignment mechanism. It states that once we condition on the scoring variable,
the assignment does not depend on any potential outcome. This is a weak
assumption in regression discontinuity designs, since they are based on detailed
knowledge of the functional form of the treatment assignment. Notice that this
assumption equals the property of randomized experiments that posits that the
assignment mechanism is fully known apart from unconfounded. This first
identification assumption may be formalized as follows (Abadie & Cattaneo, 2018;
Frolich & Sperlich, 2019):

1

Assumption 1. The assignment mechanism is D, = 1(5, > ¢), so li?} E[D,|S, =

s] — 11*11 E[D,|S;, = s] # 0.

Assumption 1 would be violated if the treatment was not only a function of the
score, but also a function of unobserved variables like the ability of the jobseeker
or her personal network. The literature has called this concern the score
manipulation problem to highlight that these unobservables might alter the score
(Frolich & Sperlich, 2019). On the one hand, we will analyse each ingredient of
the scoring variable to judge how feasible is to manipulate its value. On the other
hand, we will carry out the density tests proposed in Cattaneo et al. (2020). Like
pre-treatment trends in difference-in-differences analyses, passing this test is
neither sufficient nor necessary for Assumption 1 to hold. Still, it is usually used

by researchers to evaluate the credibility of the identification.

The second identification assumption faces the lack of overlap caused by a

deterministic assignment mechanism. On the contrary, an important property of

100 Or, equivalently, the less it deviates from it.
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a randomized experiment is a probabilistic assignment mechanism, which is
sometimes simply called overlap. Overlap (0 < Pr[D, = d|S; = s] < 1) is absent in
our case due to the program design, which assigns treatments deterministically.
For instance, we know that if individual ¢ has S; > ¢, then Pr[D, = 0|5, > ¢] = 0.
Cattaneo et al. (2019) presents two approaches to deal with this problem. The
first is the local randomization approach and requires having a natural experiment
in the sense of Titiunik (2021). Due to the lack of chance in our treatment
assignment mechanism, we argue that this approach does not fit with our setup.
The second is the continuity approach, which involves making a small
extrapolation around the threshold. The key idea is that extrapolations that are
very far from the observed data are more model-dependent (King & Zeng, 2006),
so this approach minimizes such risk by only focusing on the threshold of
treatment assignments. This is done by modelling the expectation of the treated
potential outcome function and the expectation of the untreated potential
outcome function as continuous functions. For our three target parameters, this

assumption may be written as follows (Frolich & Sperlich, 2019):

Assumption 2.

e For LATE: E[Y;(1)|S;] is continuous at S, =c and E[Y;(0)]|S;] is
continuous at S, = c.

e For LATE;: Pr[Y;(1) = j|S,] is continuous at S; = ¢ and Pr[Y;(0) = j[S,]
is continuous at §; = c.

o For LQTE(7): Fy;s(yle) is continuous and Fyys(ylc) is continuous.

Two plausibility analyses may enhance the credibility of this assumption. Firstly,
one threat to this condition is that other intervention used the same function to
assign treatments. In this case, E[Y;(0)|S;] might not be continuous and face a
jump just at the cutoff if there was an alternative treatment with non-null effect.
To assess the plausibility of Assumption 2, one side, we perform placebo outcome
tests just at the cutoff (Eggers et al., 2024). This exercise is also known as pseudo-
treatment analysis (Frolich & Sperlich, 2019), since it looks at outcome differences
in a period in which the individual had not yet participated in AXL. Evidence on

statistically significant differences would cast doubt on Assumption 2. If the
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intervention was assigned as designed, it would indicate the presence of an
alternative treatment in the past with the same assignment mechanism. Of course,
this does not involve that the same action will be present in our periods of interest.
Following Manski & Pepper (2018), we take deviations in the past as a guide to
estimate the size of the bias in the focal periods. We will also look at the
qualitative data (texts) of AXL to speculate on the possibility of alternative
programs using the same scoring function. Secondly, another threat to the
continuity of the untreated potential outcome functions might come from
differences between treatment groups in key covariates. According to Assumption
2, once we control for the score, these functions should not make jumps. Having
treatment groups balanced in variables that might influence the outcome

neutralizes the confounding problem, so covariate balance will be also assessed.

3.2.3. Estimation and inference

Following the convention in regression discontinuity analyses, we use visual and
numeric techniques to present the results of the estimates. Firstly, we employ
regression discontinuity plots following the binscatter procedures proposed by
Cattaneo et al. (2024). These figures join scatterplots of local means, proportions,
or medians with global regression curves for each side of the cutoff. Secondly, we
present quantitative estimates with more detailed estimation and inference

methods.

With respect to point estimation, we employ one estimator for each estimand. For
the LATE, we apply a non-parametric method: the local polynomial estimator
(Cattaneo & Titiunik, 2022). The bandwidth is common for both sides of the
threshold and will be selected with the minimization of the mean squared error
(Calonico et al., 2017). The degree of the polynomial estimator will be chosen
through the procedure of Pei et al. (2022), who focuses on the minimization of
the asymptotic mean squared error. We will try both linear and quadratic
specifications in the score, always with a triangular kernel for consistency with

the rest of analyses'”™. For the LQTFE(7), we use the local estimator described in

101 Moreover, the triangular kernel has the property of point estimation optimality and is

compatible with the technique of Pei et al. (2022). Both the triangular and the Epanechnikov
kernel are not uniform, i.e. give more weight to observations near the cutoff. The results are robust

to using a uniform kernel for almost all time horizons and are available upon request.
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Qu & Yoon (2019). The bandwidth selection follows the same idea as before, i.e.
minimizing the mean squared error. Three alternative procedures based on this
intuition are executed and, to avoid bias, we choose the one that offered the
smallest bandwidth'®. We follow Qu & Yoon (2019) and use a linear specification
with Epanechnikov kernel. To avoid ungrounded assumptions, quantile regressions
will not be overall interpreted using the rank invariance assumption (Dong &
Shen, 2018). Therefore, estimates of LQTE(7) do not provide evidence on who
are the individuals most affected by each treatment. However, they are
informative on changes in the distributions of the potential outcomes, which aids

in assessing the overall value of the program.

For the LATE;, we apply the maximum likelihood estimator proposed by Xu
(2017). Departing from a multinomial logit model, we place the level of “not
employment” as the reference category. The bandwidth takes again the mean
squared error as criterion, but with its necessary adaptation to the categorical
context. The procedure recommended by Xu (2017) chooses a bandwidth jointly
for all the non-reference categories of the outcome. We employ a linear degree for
the parameters of S, and a uniform kernel, since the findings of Xu (2017)

discourage a non-uniform kernel.

With respect to inference, the methodological literature has tried to remove the
bias that remains after selecting a bandwidth by minimizing the mean squared
error, since this is a mix of bias and variance (Cattaneo et al., 2019). Although
all are Wald tests, methodologists have developed different inference procedures
for each estimand. For the LATE, we apply a test of null effect using the robust-
bias corrected proposal of Calonico et al. (2014). For the LQTE(T), we employ
two hypothesis tests developed by Qu & Yoon (2019), which are robust bias-
corrected as well. Firstly, we want to investigate if all treatments had a null effect
on the selected quantiles. Therefore, the hypotheses are H,:LQTE(T)=
0 forall 7€ T, denoting with T the quantile range, and H;: LQTFE(7) #+
0 for some 7€ T. Secondly, we want to know whether the effect of the
intervention was the same at all quantiles of interest. Thereby, the hypotheses are
H,: LQTE(7) is constant over 7 &€ T, with H,: LQTE(T) #
LQTE(v) for some 7,0 € T. For the LATE;, we have a test of zero effect

12 We tried the bandwidth selector of Imbens & Kalyanaraman (2012) and the two selectors of
Qu & Yoon (2015), one that treated the cutoff as interior point and another that considered it a
boundary point.
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proposed by Xu (2017) that translates the robust bias correction of Calonico et
al. (2014) to the categorical context.

We will assess the robustness of our findings to changes in small modelling
decisions like the degree of the polynomial, perturbations of the bandwidth, or
different bandwidths for each side of the cutoff. Lastly, we will also carry out a
heterogeneity study in the form of subgroup analyses. This method simply
stratifies the sample according to the values of one variable that is believed to be
a possible effect modifier. Then, the same analytical strategy used in the main

analysis is applied on the subpopulation retained in each strata.

4. Results

In this section, we present the estimates on the employment effects of two
comparisons of treatments offered under the AXL program. Then, we report the
findings on the effects of treatment assignment on the actual number of treatment
hours received as a possible mechanism. Lastly, we offer some plausibility and

robustness checks to enhance the credibility on the internal validity of our results.

4.1. Employment effects

Let us start with the visual evidence about the local effects on the employment
duration. Figure 1 reports regression discontinuity plots including local means on
the number of worked days for both treatment comparisons (D; and D,) and the
first and second semesters as horizons (Y; and Y;). The plots for the next
semesters are provided in Appendix D. Remind that D, contrasts the groups with
intermediate and low endowments (B vs. A), while D, does the same for the high
and intermediate endowments (C vs. B). The main finding from these graphs is
the absence of a clear jump just at the cutoff, which would indicate a zero local
effect both for the first and the second rises in the treatment endowments.
Nonetheless, these figures need to be complemented with more quantitative

evaluations of the program.
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Figure 1 — RD plots with local means for employment duration variables

(semesters 1 and 2)
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Note: Regression discontinuity plots for semesters 3 and 4 can be found in

Appendix D. LSM: local sample mean.

The previous plots convey a clear message but may not be totally accurate due
to the use of global parametric curves at each side of the cutoff. To offer a more
flexible analysis, Table 2 shows local estimates of the LATE. The first part reports
the average effect of D, just at the threshold for the four semesters. The
coefficients are not statistically significant, which may be interpreted as null
effects. Beyond statistical inference, the point estimates range from -2 to 8 worked
days, which is a small amount considering the number of days in a semester. The
second part displays the average effect of D, at the cutoff. If we departed from
the hypothesis of a linear dose-response function between the endowments and
the worked days, the changes estimated in this case should be larger due to the
bigger difference of endowments of D,. The effect estimate is only statistically

significant at the usual a = 0.05 level in the second semester, attaining a modest
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effect size of 10 days for this period. The following semesters do not show a
statistically significant difference between groups at the threshold. Thereby, at
least for those at the cutoff, we do not have evidence supporting the idea of a

positive effect of the two endowments increases in almost any semester.

Table 2 — Estimates of employment duration effects for each treatment at the

mean (semesters 1 to 4)

Yy Y, Yy Y,
D, -1.745 4.837 8.075 4.587

(3.715) (4.174) (5.115) (4.738)
Bandwidth  0.063 0.062 0.045 0.053
N, 6564 6400 4719 5507
D, 6.835* 10.378%* 4.201 7.512

(4.387) (4.929) (4.806) (5.341)
Bandwidth  0.037 0.043 0.048 0.043
N, 4079 4741 5246 4640

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Each cell offers the point estimate of
the LATE and its standard error in parenthesis. N, is the effective sample size.

The polynomial degree is always 1.

The previous results show null (or negligible) effects of both endowment increases
at the mean, but the story might be different if we looked at the quantiles of the
distribution of worked days. Figure 2 attends this possibility by plotting local
medians on the worked days for treatment comparisons D; and D, during the
first and the second semesters. Appendix D includes the rest of plots. On one side,
the plots of the first active treatment (D;) do not reflect a clear jump in the
number of worked days at the threshold. On the other side, the plots of the second

active treatment (D,) do represent a different situation depending on the
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semester. In fact, the functions for semester two show a larger difference at the
cutoft. This invites us to carry out a closer examination with more fine-grained

techniques.

Figure 2 — RD plots with local medians for employment duration variables

(semesters 1 and 2)
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Note: RD plots for the number of worked days at the third and fourth semesters

are available in Appendix D. LSMed: local sample median.

The results in Table 3 illustrate a more detailed approach on the LQTE(T),
because they offer estimates on all the quartiles and because they employ non-
parametric regressions. In general, the results in the table are in line with the
findings for the two first semesters shown in the plots. The first panel of results
deal with the effects of the active treatment in D,, i.e. group B vs. group A.
Firstly, it is noteworthy that the point estimates are equal to zero for the first

quartile in all semesters. Note that, under the rank invariance assumption, this is
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an area of the distribution where the most vulnerable workers are located.
Secondly, the point estimate on the effect at the median shows an increase of
around one month of employment in semesters three and four. However, in terms
of statistical inference, we may only discard the hypothesis of null effect at any
quartile for semester three. For semester three, there is also evidence of
heterogeneous effects between quartiles. Thereby, we conclude that the active
treatment had a positive effect at the median of the distribution of worked days!'®.
The bad news is that it seems that this effect vanishes, since we do not have

statistically significant evidence on a non-zero impact at the next semester.

The second panel of results in Table 3 shows the effects of the active treatment
in D,, i.e. group C vs. group B. The first finding is a positive effect at the median
during the first year, attaining an extra month of employment at the median of
the distribution during the second semester. During these semesters, we can reject
the hypothesis of null effect in all quartiles on the number of worked days.
However, these impacts disappear at the following semesters. The second finding
is that the changes at the first and third quartiles are almost non-existent in any
semester. This make us think that the rejections of the homogeneity test during
the first and second semester are actually collecting an effect at the median.
Compared with the effects at the average, we find that D, in semester 2 had a
larger effect at the median than at the mean, which fits with a long tail of no

changes in the distribution at the left of the median'®.

103 At first sight, it might seem difficult to reconcile an effect at the median larger than at the
mean when (1) we cannot reject that the mean effect was zero and (2) the rest of quartiles have
non-negative point estimates. Following the convention in the econometrics literature, our point
estimators use a bandwidth that minimizes the sum of the squared bias and variance. This involves
that some bias might remain at the benefit of a higher precision. If we use a bias-corrected point
estimator, the point estimates of quartiles 1 and 3 are negative but not statistically significant.
This decrease in bias comes at the cost of a decrease in precision. We argue that this negative
effects at the other quartiles would explain this bigger effect at the median than at the mean.
These robustness analyses are available upon request.

104 Tf we perform an analysis with larger resolution, i.e. estimating effects at the deciles, we see
that D, had no effect at deciles 1, 2, 3 and 4. These analyses are available upon request. Anyway,
in discrete variables, it is possible than the true mean was lower than the true median while
having a long tail at the right-hand side (see Von Hippel, 2005).
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Table 3 — Estimates of employment duration effects for each treatment at the

median (semesters 1 to 4)

Y, Y, Y, Y,
D,

T=0.25 0 0 0 0
7=0.5 -4.85 10.54 27.638 25.486
7=0.75 2.862 1.015 0.077 1.089
Treatment non- o

significance test

Treatment ok

homogeneity test

D,

7=20.25 0 0 0 0
7=0.5 5.775 29.944 -6.434 0.023
7=0.75 2.998 2.407 0 0
Treatment non- otk ok

significance test

Treatment Rk Rk ) *

homogeneity test

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. The first three rows of each panel
report the point estimate of the LQTE(T).

So far, we have seen that AXL had not lasting effects on the employment duration.
However, it might be the case that it had on the employment quality. Although
this variable does not allow a disaggregation by semesters, Figure 3 shows
regression discontinuity plots on the probability of signing each type of labour

contract during the two years since treatment began. To be concise, we only
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include graphs for the two contracts with highest employment quality, i.e. the
open-ended (OEC) and the long fixed-term contracts (FTCm12). The rest of plots
are available in Appendix D. The plots for the OEC outcome in both treatment
comparisons presents a small discontinuity, which might indicate an effect of the
endowments. The plots for the FTCm12 do not barely show any jump, so it seems

there was no effect on the probability of having this contract as the longest one.

Figure 3 — RD plots with local proportions for employment quality variables
collecting if the longest contract was open-ended (OEC) or temporary for more
than 12 months (FTCm12)
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Note: RD plots for the probability of signing a fixed-term contract of [6, 12]
months and the probability of signing a fixed-term contract of [0, 5] months are

in Appendix D.

In order to have a closer examination of the effects on employment quality, we

estimate the differences between groups non-parametrically and present the
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results in Table 4. This table includes estimates not only for the contracts with
more stability, but also for temporary contracts of intermediate (from 6 to 12
months, denoted as FTC612) and short duration (from 0 to 5 months, denoted as
FTCO05). For both treatment comparisons, the point estimates are in general not
statistically significant at the usual level of a = 0.05. The unique exceptions
appear in the effects of the treatment endowment C versus B (D,), for which we
have evidence on a 4.5 p.p. increase in the probability of signing a short temporary
contract (FTCO5) as the longest contract. The increase in these short contracts
has been accompanied by a decrease of 3.1. p.p. in the probability of obtaining a
permanent contract (OEC). This is consistent with the results of the quantiles,
where we saw an increment of around one month for D, at the median only for
the second semester. Still, it is an intriguing result, since short temporary
contracts are not sufficient to receive the performance-based payment of
intermediation. A possible reason is that caseworkers expected that this short
contract might work as a stepping-stone for a longer labour contract that could
justify the intermediation payment. There is also other coefficient of modest size
but statistically significant if we accepted a significance level of a = 0.1. Focusing
us on the most stable contract, the effect on the probability of signing an open-

ended contract seems positive for D,, whereas it appears negative for D,.

Table 4 — Estimates of employment quality effects for each treatment and contract

Y() EC YFTC’ml 2 YFTC’G 12 YFTC’()S
D, 0.016* 0.000 0.018 -0.017
(-0.004, (-0.009, (-0.011, (-0.059,
0.059) 0.006) 0.044) 0.013)
D, -0.031%* 0.001 -0.003 0.045%**
(-0.063, - (-0.004, (-0.034, (0.019,
0.004) 0.008) 0.019) 0.092)

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Each cell shows the point estimate of
the LAT'E; and the 95 % confidence interval in parentheses.
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4.2. Mechanisms

We have seen that the effects of AXL on the employment duration and the
employment stability were overall null or almost null for the two treatment
comparisons. The following question is to discern why the program did not achieve
its objective. To put it differently, we want to know which mechanisms of the
policy toolbox did not work as expected. The program design allows us to credibly
identify one important mechanism: the treatment uptake or compliance. We
maintain that it is reasonable to assume that policymakers provided a higher
endowment to those with less employment probability to foster a more intense
intervention. Thereby, a partial expenditure of the endowment may be understood

as a failure of compliance.

The regression discontinuity plots of Figure 4 show the local means of hours
received in assistance (Ygg) and in adult training (Y,) for the two treatment
comparisons. Regarding the first contrast (D;), we see that there is a jump just
at the threshold in the hours of assistance. On the contrary, we do not find
evidence of a discontinuity in the case of hours of adult training. Regarding the
second contrast (D), the hours invested in assistance seem to vary slightly just
at the cutoff'®. Again, the situation of the adult training for D, looks invariant
to the total endowment assigned to each group. In sum, despite the different
assignments of each treatment group, the results on the uptake at the cutoff
indicate that jobseekers have not substantially varied their uptake in function of
their endowment. It seems reasonable to claim that this low compliance influenced

the null effects estimated in the last section'®.

195 The scales of the vertical axis in the plots about Y4 are different for D, and for D,. This has
been intentional to indicate the differences in the maximum number of hours allowed by the
largest endowment of each comparison.

106 We can identify the effect of the assignment on the uptake with weak assumptions (those of
the sharp regression discontinuity shown in Section 3.2). However, we require much stronger
identification assumptions to identify the effect of the treatment received on the different
outcomes. The reason is that it is remarkably difficult to propose a credible model for the
assignment mechanism that would explain why people took different treatment doses.
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Figure 4 — RD plots for the effect on treatment intensity
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Source: Own elaboration. LSM: local sample mean.

To have a more flexible estimation of the effects of the assignment on the uptake,
Table 5 shows the estimates using local regressions for each comparison and each
outcome. In general, the findings are in line with the visual evidence. Regarding
assistance, there is an average difference of one hour of uptake between active and
control treatments both in D, and in D,. The coefficient is statistically significant
at @ = 0.01 in both comparisons. The size of the differences in assistance uptake
is striking, since it is remarkably small if we take into account that the potential
difference between treatment groups is of 6 hours (for D;) and 14 hours (for D,).
Concerning adult training, there is an average difference in uptake of zero hours
for both comparisons, since the coefficients are not statistically significant. All
groups received the same amount for this action, so this result is less unexpected.
In conclusion, taking into account the tiny differences in treatment uptake of
assistance and adult training, the findings of Section 4.1 might be interpreted as

the impact of different doses of intermediation.
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Table 5 — Estimates of effects for each treatment assignment at the mean of hours

of treatments receipt

YHS YHT
D, 1.252%+% -0.216

(0.211) (1.331)
Bandwidth 0.045 0.088
Ny, 4685 9233
D, 1.110%%* 2.209

(0.256) (1.724)
Bandwidth 0.074 0.055
Ny, 7973 6011

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. The cell shows the point estimate of
the LATFE and the standard error in parentheses. N, is the effective sample size.

The polynomial degree is always 1.

4.83. Plausibility and robustness

In this section, we are going to run analyses to get some clues on how plausible
our identification assumptions are and to check how robust are our main findings
to variations in the modelling options. The plausibility checks are the study of
score manipulation, placebo outcome analyses, and covariate balance analyses.
The robustness analyses deal with changes in the bandwidth, the kernel, the

polynomial degree, or the population of interest.

The first plausibility check looks for differences at the cutoff in the probability
density of the score. Being this a continuous variable, if the assignment mechanism
actually implemented was the one posit in the first identification assumption, we
should find equal densities close to the threshold. Figure 5 presents estimations
of the density function with 95 % confidence intervals. We can see how the

confidence intervals overlap in both cases, because we cannot reject the hypothesis
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of continuity of fi(c) at the usual significance level for both cutoffs. The
conventional interpretation is to take this as good news, since it supports the idea
of an assignment mechanism governed by the running variable. Additionally, we
also reviewed qualitative data on this scoring variable, i.e. documents of the
program design. Our conclusion was that most ingredients of the score are either
impossible (e.g. variable “age”) or highly costly (e.g. variable “level of studies”)

to manipulate.

Figure 5 — Histograms and estimated densities for D, and D,
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Note: The left plot signals the cutoff for D,, whereas the right plot signals the
cut-off for D,.

The second plausibility analysis uses placebo outcomes to get some insights on
the possible simultaneous execution of another program with the same running
variable. Using the staggered implementation of AXL, we can take individuals
that had not yet participated at certain periods in which the program had already

started!'””. Then, we can estimate the “local effect” of being included in the

7 We are going to use just the semester prior to starting the treatment (Y_;) to avoid using
samples with different number of observations for each pre-treatment period. For instance, if we
would like to estimate the pseudo-treatment effect at two semesters prior to starting the treatment
(Y_,), we would need to discard those individuals treated in semester 1 and in semester 2. The
reason is that we established the requirement that these pseudo-treatment effects should be
estimated when the program had already begun. If the program started in ¢t = 0, getting those
treated in ¢ = 2 would involve observe their outcome in ¢ = —1, when the program was not active
yet. Using different sample sizes has the problem of departing from tests with different statistical

power.
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treatment groups created by D; and D,. Detecting differences in these
comparisons would question the continuity of the untreated potential outcome

functions, which is key for the second identification assumption.

Table 6 — Estimates of employment duration effects for each pseudo-treatment

LATE, LQTE(0.5)y
D, -2.625 -13.144
(3.546)
P-value 0.569 TS: 0.7 > p > 0.6
TH: 0.6 > p> 0.5
D, -4.761 0
(3.524)
P-value 0.242 TS: 0.6 > p> 0.5

TH: 0.3 > p > 0.2

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Column 1 reports the point estimate
of the LATE, its standard error and the p-value for the hypothesis of null effect.
Column 2 presents the point estimate of the LQTFE(0.5) and the p-value of each
hypothesis (TS: treatment non-significance test, TH: treatment heterogeneity

test). The polynomial degree is always 1.

Table 6 shows the estimates of the effects of these pseudo-treatments on the
average and on the median of worked days in the semester previous to starting
AXL'%, On the LATEK17 the coefficients of both comparisons are not statistically
significant at the usual significance level, so this would indicate null differences.
On the LQTE 0.5 y , the point estimate of the difference is around thirteen days
for D,, but we cannot rule out that this difference is due to sampling noise. The
reason is that neither the hypothesis of treatment non-significance nor the

hypothesis of treatment homogeneity may be rejected at the common levels. In

108 We cannot carry out these placebo outcome analyses with the employment quality outcomes

because we do not have data on the employment episode with the longest expected duration before
the participation in AXL.
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conclusion, the null evidence on the presence of differences in the groups before
treatment participation supports the idea of the non-existence of alternative
treatments with non-null effects and the comparability of treatment groups at the
threshold.

The third plausibility analysis is the study of covariate balance, which checks how
comparable are pairs of groups in terms of observed variables that researchers
may consider potential confounders. Looking at the size of the differences in Table
7, there is only 1 among the 52 categories or variables analysed' in which there
was an imbalance greater than the 0.1 threshold recommended by Stuart et al.
(2013) and Austin (2009). For this imbalanced variable (“age” in D), we also
examined its unstandardized mean difference following Rosenbaum (2010).
Specifically, the average difference of age among the groups of D, is of only one
year or, equivalently, 0.13 standard deviations. Given the small standardized
difference and the practical impact of one year on the employment probability, we
argue that the confounding effect of this slight age difference is negligible for the

conclusions of our study.

The next step is to subject our models to robustness tests to see whether the
conclusions change when we vary different parameters. We are going to present
only the main results of these checks, with detailed tables available in Appendix
E for further reference. Let us see the results for each estimand. For the LATFE,
we altered two modelling options: the bandwidth selector and the polynomial
degree. We tried two alternative bandwidth selectors, both of them pursuing the
minimization of the mean squared error: the same procedure but with different
bandwidths at each side of the cutoff and the common bandwidth chose for the
main analysis but with a small perturbation factor that makes it smaller. The
polynomial form was either linear or quadratic. Once we apply these variations,
our estimates indicate that the results are very robust to different polynomial
degrees and almost equal in function to the bandwidth. There are some minor
differences that might be generated by the statistical power of the distinct

samples.

109 Fach treatment comparison analysed 26 categories/variables.

186



Table 7 — Covariate balance analysis for each treatment comparison

D, D,
Age -1.071 (0.1336)  -0.499 (-0.0703)
Sex (Woman) -0.061 -0.019
Foreign (Yes) -0.037 0.017
Disability (True) 0.013 -0.005
Level of educational attainment
Primary (Elementare) -0.001 0.001
Lower secondary (Media) 0.028 0.014
Upper secondary of 3 years (Qualifica)  -0.010 0.007
Upper secondary of 4 years (Diploma)  -0.051 -0.037
University or equivalent (Laurea) 0.046 0.004
Last occupation
Intellectual (2) -0.002 0.000
Technical (3) 0.010 -0.005
White collar low-skilled (4) -0.005 -0.002
White collar high-skilled (5) -0.034 0.002
Blue collar high-skilled (6) -0.008 0.035
Blue collar intermediate-skilled (7) 0.001 -0.003
Blue collar low-skilled (8) 0.000 -0.064
Other occupations or unemployed (1, 9) 0.025 0.044
Sector of last employment
Made in Italy -0.050 -0.011
Other industries 0.034 -0.010
Construction 0.004 -0.016
Retail and leisure -0.014 0.011
Wholesale and logistics 0.042 0.029
Advanced third sector -0.017 -0.011
Other services 0.006 -0.002
Personal services -0.008 0.007
Agriculture or unobserved 0.002 0.042

Note: The cell shows the estimated difference (of means or proportions) between
both groups for each comparison. The estimator used a polynomial degree one
and triangular kernel. The quantitative variable, “age”, also includes the
standardized mean difference in parentheses. The categorizations of level of
education, occupations, and sectors follow the statistical classifications of Italy

and Veneto.
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The other estimators present less established procedures to test the robustness,
because they are relatively newer'’. For the LQTE(T), we have also altered the
bandwidth according to the proposal of Qu & Yoon (2019), i.e. selecting the
second instead of the first most conservative bandwidth. In the two treatment
contrasts, the findings are qualitatively equivalent with slight differences in the
effect size. In any case, the conclusions we extract from these analyses are the
same. For the LATE;, we have varied the bandwidth selection procedure by
generating one binary variable for each category and choosing the bandwidth for
each dummy in an independent way. In this robustness check, the direction of the
effects is the same and the coefficients barely change with respect to the ones
presented in the main analysis. The point estimates for these alternative estimates
are included in the confidence intervals offered in the previous section, so the

conclusions are the same.

Lastly, due to the possibility of heterogeneous effects, we have conducted subgroup
analyses. We have focused on subpopulations or subgroups defined by one of these
four variables: sex, age, level of educational attainment, and implementation
during COVID-19. While some of these factors present a clear categorization (e.g.
sex or COVID-19), others involve less obvious categorizations. For the age
variable, we have separated the individuals older and younger than 50 years olds
due to the simultaneous existence of a policy in Italy that subsidises social security
contributions of workers above that age with long-term unemployment (Pacifico
et al., 2018). For the education variable, we have first split those with compulsory
and non-compulsory levels of education. Then, we have separated those with
upper secondary education and those with tertiary education due to their different

occupational specificity.

10 For instance, there has not been developed a procedure to decide which functional form to
choose if the results substantially differ in the style of Pei et al. (2022) but for the quantile setup.
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Table 8 — Subgroup analyses for D,
le Yv2 Y.ti Y;l Y()EC YFTC'm,12
Ser — -7.898 -3.234 8.415 5.077 -0.025 -0.004

Woman (4 700y (5.615)  (7.372)  (6.625)

Gop —  0.100 9.199 7.736 3.546 0.043%%%  0.003
Man (5.014)  (5.452)  (6.181)  (6.400)

6.889 15.278 13.715 -0.600 0.007 0.006
Age = 50

(7.128) (7.969) (8.656) (9.914)

~4.687 1.886 6.614 5.660 0.016 -0.002
Age < 50

(4.267) (5.516) (6.315) (5.900)
Fdue. —  -3:349 3.769 0.939 2571 0.047%%  -0.002
Tor2 (6.405) (5.279) (6.430) (7.028)
Fdue. — 3320 12.579%  24.879%%%  19.108**  0.005 0.001
3 (6.088) (7.407) (9.205) (8.733)
Fdue —  -10.195  -9.425 -0.790 -2.967 -0.012 -0.001

6.7 0r8 (8423)  (10.601)  (10.929)  (9.759)

Date < -4.643 0.971

COVID-19 (5897)  (7.642)

Date >  -1-704 1.915 2.072 -5.401 -0.056 0.003

COVID-19 (11.022)  (12.919)  (12.544)  (11.186)

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. The row indicates the subpopulation.
In the columns of quantitative outcomes, each cell includes the point estimate and
the standard error of a model with a linear term for the scoring variable and
triangular kernel. In the columns of qualitative outcomes, the cell only offers the
point estimate. Level of education measured through ISCED. The date that sets
the starting of the COVID-19 subpopulation is 01/01/2020. The subpopulation
not affected by COVID-19 is made up by those that started AXL before
01/01/2019. Results on the third and fourth semester are not shown since at these
periods COVID-19 was already active.
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Table 8 offers the results of the subgroup analyses for treatment comparison D,.
The general conclusions extracted from the pooled analysis also hold in most cases
here, since the estimates are mostly not statistically significant. There are three
exceptions that merit attention. Firstly, the subgroup of jobseekers with upper
secondary education presents an increase of around 20-25 worked days for the
third and four semesters when assigned to group B instead of group A. If we
examine this result more closely, we observe that the impact of the greater
endowment on the number of hours of assistance (V) or adult training (Y1)
follows the same pattern previously detected: in average, one extra hour of
assistance and same hours of training. Thereby, the larger effect might not be
explained by a longer treatment. A possible reason for this effect might be that
providers concentrate increments of efforts in those skill groups that know better

and already have any vocational education.

- the subgroup of workers with

Secondly, looking at the employment quality
compulsory education presents a 5 p.p. rise in the probability of signing an open-
ended contract as their longest employment episode. This contrasts with the null
effects found at the number of worked days. A possible explanation is that this
contracts did not last as expected due to disciplinary dismissals or low-quality
companies with economic problems. Thirdly, there is also a positive effect of 4
p.p. on Yz~ for the subpopulation of men. This might be explained by the larger
prevalence of people with level of education 1 or 2 in men (51 % for the whole

sample of D,) than in women (26.8 % for the same sample).

The results for the second comparison (D,) are even more consistent with the
findings of the pooled sample. As we see in Table 9, almost all coefficients are not
statistically significant at the usual o = 0.05 level. We do not detect differences
in the number of worked days when going from B to group C in the subgroup
analyses of sex, age, level of education, or COVID-19. Turning to the employment
quality variables, we find only one statistically significant coefficient. We estimate
that changing from group B to group C has an effect of 3.7 p.p. less of probability
of signing an OEC as the longest contract for jobseekers younger than 50. If we
review the results for the additional types of contracts presented in Appendix E,
we can appreciate that such decrease was compensated by an increase in the

probability of signing a short temporary contract during the longest employment.

11 The findings for the other two type of contracts (FTC612 and FTCO05) are in Appendix D.
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Table 9 — Subgroup analyses for D,
}/1 }/2 }/3 }/4 Y()E C YFT Cm12
7.280 8.356 2.805 -0.913 -0.031 0.001

Sex =

Woman (5 638) (6.649) (6.630) (6.457)

Ser — 2.122 6.941 0.033 3.655 -0.007 0.003
Man (4.776) (6.122) (5.468) (6.162)

-5.238 -0.664 -1.338 7.341 -0.028 0.006
Age = 50

(5.980) (6.165) (7.493) (9.486)

8.423* 8.553 3.902 2.106 -0.037%*  0.002
Age < 50

(5.084) (5.566) (5.552) (5.407)
Fdue. —  11.735%  9.432 2.941 -2.902 -0.023 -0.003
Tore (7.544) (7.130) (6.523) (6.863)
Fdue. — 3372 3.969 0.070 10.085 -0.030 0.006
5 (5.160) (6.308) (6.579) (7.339)
Fdue. — 0131 3.027 -6.416 3.541 -0.031 -0.005

6,7 0or8 (3117) (10.499)  (12.650)  (12.515)

Date < 8:108 8.357

COVID-19 (6.323)  (6.746)
Date > T.532 0.691 7754 12612 <0029 0.002

COVID-19 (10.832)  (11.099)  (10.900)  (13.423)

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. The row indicates the subpopulation.
In the columns of quantitative outcomes, each cell includes the point estimate and
the standard error of a model with a linear term for the scoring variable and
triangular kernel. In the columns of qualitative outcomes, the cell only offers the
point estimate. Level of education measured through ISCED. The date that sets
the starting of the COVID-19 subpopulation is 01/01/2020. The subpopulation
not affected by COVID-19 is made up by those that started AXL before
01/01/2019. Results on the third and fourth semester are not shown since at these
periods COVID-19 was already active.
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5. Conclusion

In this chapter, we have examined the employment effects of two treatment
endowments of an ALMP developed in the region of Veneto (Italy) from 2017
until 2022. The program assigned the jobseekers on the basis of an employability
score to three treatment groups sorted with different endowments of job search
assistance and intermediation: group A (7 hours of assistance plus 1,500 € for
intermediation), group B (13 hours of assistance plus 2,000 € for intermediation),

or group C (27 hours of assistance plus 3,000 € for intermediation).

Using a regression discontinuity analysis, we have estimated the local effect of
participating in a certain group (the active treatment) compared to the group
immediately preceding it in intensity (the control treatment). Regarding
employment duration, the effects on the average are null for both treatment
comparisons (B vs. A and C vs. B) one year after participation started. Some
effects appear during the first semesters, but later they disappear. The effects on
the median of the distribution of worked days have a similar pattern. There are
some impacts of around one month on certain semesters, but at the end of the
second year there is not evidence on these differences. The impacts on the first
and third quartiles of the distribution are always absent. Regarding employment
quality, we detect a statistically significant positive effect on the probability of
signing a short temporary contract as the longest contract in two years for the
second treatment comparison (C vs. B). For the same comparison, we also find a
decrease in the probability of having a permanent contract as the longest contract
in two years. The analysis on the mechanism of treatment uptake revealed that
there were minor differences in hours of assistance between groups. If vouchers
with distinct endowments were finally transformed in the same hours of job search
assistance, the unique channel to boost a differential effect would be higher efforts
in intermediation. Additionally, the plausibility and robustness checks overall
supported the analytical strategies. With the heterogeneity analyses, we may
highlight that the first treatment comparison did have a positive effect on the
number of worked days for the jobseekers with upper secondary level of education.
It seems that such increases in the efforts of job search intermediation were
concentrated on this type of workers, although we do not detect such behaviour

for the second treatment comparison (C vs. B).
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In relation to the literature, our study has tried to make progress on two lines.
On one side, we have been the first to offer an estimate of the effect of different
intensities of job search services inside the same program in Europe. Previous
research had compared the effect of different formats of assistance or
intermediation by comparing individual versus group meetings (Maibom et al.,
2017; Bollens & Cockx, 2017). Consistent with the literature for USA, we have
also found null effects of the intensity on the employment probability (Liu et al.,
2014). On the other side, we have credibly estimated effects under a voucher
implementation. In line with previous research for Italy, we have also reported a
low compliance with the endowments of vouchers (Zanella & Salomone, 2024;
Linfante et al., 2019). All our treatment groups allowed a partial expenditure of
the voucher (what we called open-dose), so we could not contrast their results
with a closed-dose voucher. Still, our null results on employment effects are also
similar to the ones found in Brenninkmeijer & Blonk (2012) for an open-dose
voucher of ALMP in Netherlands.

There are some insights obtained from our work that might be applied in the next
policy designs. Concerning assistance, we show that this open-dose version of
vouchers does not ensure that jobseekers with higher unemployment risk receive
a more intense treatment. Future versions of the program might consider closed-
dose vouchers in which the jobseeker may select the provider, but not the number
of hours of assistance. It would also be interesting to know the reasons of the
participants about why they did not continue the treatment. Regarding
intermediation, it is possible that the differences among the payments linked to
each treatment group were not sufficient to foster the efforts required to trigger
an effect. Since effort is unobserved for the PES, an alternative explanation might
be that providers prefer to devote their working hours to services like assistance
that are not performance-based. In the future, the Veneto PES might ask
providers for reporting information on the actions related to job search

intervention.

The research has some limitations that should be considered. In terms of
identification, regression discontinuity design offers credible identification
assumptions at the cost of an estimand that only deals with people at the cutoff
of the running variable. The main downside is that we need to assume

homogeneous effects in function of the score if we want to extrapolate the
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estimates to individuals far from the threshold!!?. Moreover, with these lenient
assumptions we have identified the effects of two treatment assignments. The
freedom to choose how much of the vouchers to spend resulted in endowments of
different amounts ultimately leading to similar doses of treatment received. On
the one hand, this lack of compliance with the available doses of assistance might
lead us to interpret the estimates as the impacts of different payment schemes of
job search intermediation. On the other hand, as was done in other studies on
vouchers, we could take the results as estimates of intention-to-treat effects. This
is our favourite option, since the partial expenditure of vouchers may be thought
as a negative effect of this program design. In terms of data, we must remind that
we worked with the available datasets provided by the PES of Veneto. Our
outcome variable on the number of worked days only collects information on
salaried employment, so there is not self-employment. This might induce us to
think that we are actually collecting a lower bound of the treatment effect, since

the program might also affect the probability of self-employment.

There are at least two open paths for further research. On the identification
problem, researchers might carry out impact evaluations using a control group
made up by individuals without any treatment. In this case, the identification
assumptions are usually stronger, but the panel structure of the data allows the
possibility to estimate models collecting unobservable but constant confounders.
On the data problem, future research might explore the acquisition of social
security datasets or more detailed data on the treatment. This fine-grained
definition of treatments has been promoted by causal inference researchers from
other disciplines like Herndn (2016). For instance, there are opportunities to
improve the description of actions labelled as intermediation to explore which

type of these actions did not generate the expected results.

The bottom line is that, despite the limitations, our evaluation shows that the
differences between endowments of job search assistance and intermediation did
not generate effects that lasted until the second year. In addition, we have
evidenced that larger assignments did not substantially change the number of
treatment doses. Therefore, our findings might help to rethink some aspects of

the voucher and the ALMP quasi-market.

112 We tried the strategy of Angrist & Rokkanen (2015), but the results did not support the
extrapolation of findings beyond the threshold conditional on our available covariates.
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Appendix

Appendix A. Cream-skimming analysis

Provider

GI GROUP

UMANA

ADECCO ITALIA

Manpower

ENAIP VENETO

RANDSTAD ITALIA

Synergie Italia

Staff

Fondazione ENAC Veneto

Infolingue

APINDUSTRIA SERVIZI

Eurointerim

Eduforma

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Each cell shows the point estimate of
the LATE; and the 95 % confidence interval in parentheses. To avoid small sample

sizes, we only included the set of providers that accounted for 75% of the sample

Dl

-0.013

(-0.029, 0.014)
0.006

(-0.014, 0.038)
0.006

(-0.016, 0.02)
0.001

(-0.013, 0.024)
-0.008

(-0.026, 0.002)
0.007

(-0.005, 0.028)
~0.017%%*
(-0.033, -0.007)
-0.001

(-0.009, 0.013)
0

(-0.01, 0.008)
0.006

(-0.004, 0.012)
0.001

(-0.014, 0.019)
0.004

(-0.007, 0.01)

D2

0.008

(-0.005, 0.029)
-0.013

(-0.043, 0.004)
0.011

(-0.009, 0.024)
-0.006

(-0.026, 0.007)
-0.016

(-0.03, 0.006)
-0.005

(-0.019, 0.003)
-0.01

(-0.02, 0.005)
-0.009

(-0.025, 0.003)
0.003

(-0.007, 0.009)
-0.004

(-0.013, 0.002)
-0.006

(-0.013, 0.004)

0.011%**
(0.004, 0.022)

(having previously sorted the providers from more to less users of AXL).
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Appendix B. On the variables
B.1. Outcome variables

Worked days as salaried employee at semester t (quantitative). This
variable gathers the number of worked days as salaried employment, not as self-
employment, in a certain semester. Specifically, we observe it as semesters +1,
+2, +3, and +4 since the beginning of the treatment. Notice that it only registers
the days actually worked or, in other words, the working days under active labour

relationships.

Type of labour contract of the longest employment (qualitative, ordered).
This variable collects the type of labour contract associated to the employment
episode with the longest expected duration during the time interval initiated from
the beginning of the treatment to 24 months later. Open-ended contracts have an
expected duration of oo days. This variable has five possible values: open-ended
contract, fixed-term contract with expected duration of more than 12 months,
fixed-term contract with expected duration of [6, 12] months, fixed-term contract
with expected duration of less than 6 months, no employment. Then, it is a
variable that gathers the expected duration of the contract regardless of the
specific Italian name of such contract. For instance, this means that the category
“open-ended contract” not only includes “contratto tempo indeterminato”, but

also the open-ended version of the “contratto domestico”.

B.2. Confounding variables

Scoring variable (quantitative). The score output by the statistical profiling
model used by the Veneto PES to allocate people into treatment groups. It is a
function of the following variables: sex, age, foreign nationality, level of studies,
having a disability, termination reason of the last job, major group of occupation

of the last job, and sector of the company of the last job.
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B.3. Additional variables

Age (quantitative). Number of years old at the date the individual got the
voucher of AXL.

Sex (qualitative, unordered). Sex of the participant, either man or woman.

Foreign (qualitative, unordered). It collects if the individual has the Italian

citizenship or not.

Disability (qualitative, unordered). It gathers if the participant has any type of
disability.

Level of educational attainment (qualitative, unordered). It includes the
[talian name of the credential assigned to the highest level of educational
attainment of the participant. We can then convert it to the ISCED-A

classification of levels of education.

Last occupation of last job (qualitative, unordered). It registers the occupation
that the individual had in its last labour contract before participating in AXL.
Originally, it was written using the Italian classification of occupations called
CP2011. We may then convert it to ISCO-08.

Industry of last job (qualitative, unordered). This variable collects the industry
of the last job using the ATECO 2007, the Italian classification of economic
activities. To simplify it, we have converted it to the second level of the

classification of economic activities used in Veneto Lavoro (the Veneto PES),

which may be found in https://www.venetolavoro.it /glossario-e-strumenti.
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C. Sample statistics
Table C1 — Summary statistics on pretreatment variables

Group Group Group All

A B C
Age 40 43.7 48.8 44
Sex (Woman) 43.1 50.9 59.7 50.9
Foreign (Yes) 17.7 20.6 29.1 22.3
Disability (Yes) 3 5.3 10.1 5.9
Level of educational attainment
Primary 2.5 3.4 7.2 4.3
Lower secondary 34.0 41.2 50.9 41.7
Upper secondary general 9.8 8.3 7.0 8.4
Upper secondary vocational 35.2 33.2 27 32
University or equivalent (arts included) 18.5 13.9 7.8 13.6
Last occupation
High skilled white collar (ISCO 1, 2 and 3) 11.9 8.9 5.4 8.9
Low skilled white collar (ISCO 4 and 5) 31.5 27.2 20 26.5
High skilled blue collar (ISCO 6 and 7) 12.5 12.2 11.8 12.2
Low skilled blue collar (ISCO 8 and 9) 32.4 29.8 25.1 29.2
Unemployed 11.6 21.9 37.8 23.2
Number of observations 11,492 10,782 10,171 32,445

Note: Each cell shows the column proportion (qualitative variables) or the mean
(quantitative variables). Since this table might be useful to transport our results
to other contexts (for external validity), we offer the level of studies according to
ISCED-A-11 and occupations according to ISCO-08.
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D. Additional figures for main results

Figure D1 — RD plots with local means for employment duration variables

(semesters 3 and 4)

Y3: worked days during months [+13, +18] Y,4: worked days during months [+19, +24]
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Figure D2 — RD plots with local medians for employment duration variables

(semesters 3 and 4)

Y3: worked days during months [+13, +18] Y,4: worked days during months [+19, +24]
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Figure D3 — RD plots with local proportions for employment quality variables
(FTC612 and FTCO5)
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E. Additional tables
Robustness checks for LATFE

Table El1. Estimates of LATE of D, on Y; with one common MSE-optimal
bandwidth and estimates with a slight change of this bandwidth.

(1) (2) (3) (4)
Treatment -1.745 -1.665 -1.750 -1.416
(3.715) (4.847) (4.051) (5.187)
AMSE 15.159 24.426
Bandwidth 0.063 0.08 0.053 0.07
N, 6564 8304 5548 7253
Kernel Triangular  Triangular Triangular  Triangular
Polynomial degree 1 2 1 2

*p < 0.1, ¥ p < 0.05, *** p < 0.01. Columns 1-2 use a MSE-optimal bandwidth.

Table E2. Estimates of LATE of D, on Y, with one common MSE-optimal
bandwidth and estimates with a slight change of this bandwidth.

(1) (2) (3) (4)
Treatment 4.837 4.336 4.579 5.235
(4.174) (4.864) (4.560) (5.127)
AMSE 17.633 24.021
Bandwidth 0.062 0.097 0.052 0.087
N, 6400 10128 5412 9167
Kernel Triangular Triangular Triangular Triangular
Polynomial degree 1 2 1 2

*p < 0.1, ¥ p < 0.05, ** p < 0.01. Columns 1-2 use a MSE-optimal bandwidth.

202



Table E3. Estimates of LATE of D, on Y, with one common MSE-optimal

bandwidth and estimates with a slight change of this bandwidth.

Treatment

AMSE
Bandwidth
N h

Kernel

Polynomial degree

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

8.075 9.995* 7.214 9.721
(5.115) (5.588) (5.776) (5.983)
28.227 32.183

0.045 0.081 0.035 0.071
4719 8393 3749 7324
Triangular Triangular Triangular Triangular
1 2 1 2

*p < 0.1, * p < 0.05, *** p < 0.01. Columns 1-2 use a MSE-optimal bandwidth.

Table E4. Estimates of LATE of D, on Y, with one common MSE-optimal

bandwidth and estimates with a slight change of this bandwidth.

Treatment

AMSE
Bandwidth
N h

Kernel

Polynomial

degree

(1)
4.587
(4.738)
22.252
0.053
5507

Triangular

(2)
4.224
(5.467)
30.091
0.085
8784

Triangular

(3)
2.718

(5.272)

0.043
4430

Triangular

(4)
3.479

(5.830)

0.075
7722

Triangular

*p < 0.1, ¥ p < 0.05, ¥** p < 0.01. Columns 1-2 use a MSE-optimal bandwidth.
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Table E5. Estimates of LATE of D, on Y; with one common MSE-optimal
bandwidth and estimates with a slight change of this bandwidth.

(1) (2) (3) (4)
Treatment 6.835 8.415* 4.502 7.794
(4.387) (5.090) (5.189) (5.642)
AMSE 21.476 26.500
Bandwidth 0.037 0.061 0.027 0.051
N, 4079 6614 3032 5566
Kernel Triangular Triangular Triangular Triangular
Polynomial degree 1 2 1 2

*p < 0.1, * p < 0.05, *** p < 0.01. Columns 1-2 use a MSE-optimal bandwidth.

Table E6. Estimates of LATE of D, on Y, with one common MSE-optimal
bandwidth and estimates with a slight change of this bandwidth.

(1) (2) (3) (4)
Treatment 10.378** 14.512%* 11.907 13.347
(4.929) (6.455) (5.665) (7.157)
AMSE 27.995 44.693
Bandwidth 0.043 0.056 0.033 0.046
N, 4741 6151 3635 5077
Kernel Triangular Triangular Triangular Triangular
Polynomial degree 1 2 1 2

*p < 0.1, ¥ p < 0.05, *** p < 0.01. Columns 1-2 use a MSE-optimal bandwidth.
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Table E7. Estimates of LATE of D, on Y, with one common MSE-optimal
bandwidth and estimates with a slight change of this bandwidth.

Treatment

AMSE
Bandwidth
Ny,

Kernel

Polynomial degree

(1)
4.201
(4.806)
25.522
0.048
5246

Triangular

1

(2)
11.135%
(7.114)
54.919
0.05
5499

Triangular

(3)
7.314

(5.472)

0.038
4116

Triangular

1

(4)
11.458

(8.038)

0.04
4452

Triangular

2

*p < 0.1, * p < 0.05, *** p < 0.01. Columns 1-2 use a MSE-optimal bandwidth.

Table E8. Estimates of LATE of D, on Y, with one common MSE-optimal
bandwidth and estimates with a slight change of this bandwidth.

Treatment

AMSE
Bandwidth
N h

Kernel

Polynomial degree

(1)

7.512
(5.341)
32.247
0.043

4640
Triangular

1

(2)
15.607**
(7.687)
66.321
0.047

5157
Triangular

2

(3)
11.531

(6.189)

0.033

3573

Triangular

1

(4)
15.707

(8.788)

0.037

4022

Triangular

2

*p < 0.1, ¥ p < 0.05, *** p < 0.01. Columns 1-2 use a MSE-optimal bandwidth.
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Table E9. Estimates of LATE of D, on Y; with one MSE-optimal bandwidth

selector for each side

Treatment

AMSE
Bandwidth
Ny,

Kernel

Polynomial degree

*p < 0.1, ** p < 0.05, *** p < 0.01.

(1)

-2.424
(3.604)
8.447 5.665
0.062 0.075
7082
Triangular

1

(2)

-2.036

(4.757)
10.274 13.151
0.101 0.07
8800
Triangular

2

Table E10. Estimates of LATE of D, on Y, with one MSE-optimal bandwidth

selector for each side

Treatment

AMSE
Bandwidth
N h

Kernel

Polynomial degree

*p < 0.1, % p < 0.05, *** p < 0.01.

(1)

4.775

(4.254)
8.641 11.466
0.071 0.051
6338
Triangular

1

206

(2)

4.407

(4.739)

10.951 12.422
0.114 0.093
10630
Triangular

2



Table E11. Estimates of LATE of D, on Y, with one MSE-optimal bandwidth

selector for each side

(1) (2)
Treatment 7.980 10.370%*

(4.496) (5.180)
AMSE 5.569 15.408 9.314 18.179
Bandwidth 0.106 0.041 0.134 0.074
N, 7531 10448
Kernel Triangular Triangular
Polynomial degree 1 2

*p < 0.1, ** p < 0.05, *** p < 0.01.

Table E12. Estimates of LATE of D, on Y, with one MSE-optimal bandwidth

selector for each side

(1) (2)
Treatment 5.515 3.797

(4.785) (5.662)
AMSE 9.642 15.088 17.132 17.261
Bandwidth 0.069 0.042 0.081 0.077
N, 5787 8282
Kernel Triangular Triangular
Polynomial degree 1 2

*p < 0.1, % p < 0.05, *** p < 0.01.
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Table E13. Estimates of LATE of D, on Y, with one MSE-optimal bandwidth

selector for each side

Treatment

AMSE
Bandwidth
Ny,

Kernel

Polynomial degree

(1)

6.300%
(3.929)
14.289 2.783
0.033 0.117
7881

Triangular

1

Note: * p < 0.1, ** p < 0.05, *** p < 0.01.

(2)

9.931**
(4.926)
18.794 6.578
0.054 0.1
8228
Triangular

2

Table E14. Estimates of LATE of D, on Y, with one MSE-optimal bandwidth

selector for each side

Treatment

AMSE
Bandwidth
N h

Kernel

Polynomial degree

(1)

6.003
(4.231)
14.282 5.236
0.045 0.1
7780
Triangular

1

Note: * p < 0.1, ** p < 0.05, *** p < 0.01.
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14.820**
(6.234)
29.176 12.226
0.051 0.086
7352
Triangular

2



Table E15. Estimates of LATE of D, on Y, with one MSE-optimal bandwidth

selector for each side

Treatment

AMSE
Bandwidth
Ny,

Kernel

Polynomial degree

*p < 0.1, ** p < 0.05, *** p < 0.01.

(1)
4.229
(4.542)
16.882 5.64
0.041 0.093
7175
Triangular

1

(2)
13.267%*
(6.738)
39.37 9.799
0.044 0.11
8109

Triangular

2

Table E16. Estimates of LATE of D, on Y, with one MSE-optimal bandwidth

selector for each side

Treatment

AMSE
Bandwidth
Nh,

Kernel

Polynomial degree

*p < 0.1, ** p<0.05 ** p < 0.01.

(1)
7.485

(4.982)

21.464 6.265

0.038 0.088

6753
Triangular

1
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(2)
16.483%*
(7.083)

44.966
10.431

0.042 0.112
8068

Triangular
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Table E17. Estimates of LATE of D, on Yy¢ with one common MSE-optimal

bandwidth and estimates with a slight change of this bandwidth.

Treatment

AMSE
Bandwidth
Ny,

Kernel

Polynomial degree

(1)
1.252%%*
(0.211)
0.050
0.045

4685
Triangular

1

(2)
1.141%%*
(0.240)
0.060
0.076

7870
Triangular

2

(3)
1.213%%

(0.239)

0.035
3741

Triangular

1

(4)
1,162

(0.258)

0.066
6803

Triangular

2

*p < 0.1, * p < 0.05, *** p < 0.01. Columns 1-2 use a MSE-optimal bandwidth.

Table E18. Estimates of LATE of D, on Yy, with one common MSE-optimal

bandwidth and estimates with a slight change of this bandwidth.

Treatment

AMSE
Bandwidth
N h

Kernel

Polynomial degree

(1)

-0.216
(1.331)
1.766
0.088

9233
Triangular

1

(2)

-1.078
(2.176)
4.794
0.067

6964
Triangular

2

(3)
-0.330

(1.413)

0.078
8173
Triangular

1

(4)
-1.489

(2.332)

0.057
9953
Triangular

2

*p < 0.1, ¥ p < 0.05, *** p < 0.01. Columns 1-2 use a MSE-optimal bandwidth.
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Table E19. Estimates of LATE of D, on Yy¢ with one common MSE-optimal
bandwidth and estimates with a slight change of this bandwidth.

Treatment

AMSE
Bandwidth
Ny,

Kernel

Polynomial degree

(1)
1.110%%*
(0.256)
0.065
0.074
7973

Triangular

1

(2)
1.162%%
(0.380)
0.146
0.074
8023

Triangular

2

(3)
1.098***

(0.275)

0.064
6918

Triangular

1

(4)
1.218%*

(0.412)

0.064
6948

Triangular

2

*p < 0.1, * p < 0.05, *** p < 0.01. Columns 1-2 use a MSE-optimal bandwidth.

Table E20. Estimates of LATE of D, on Yy, with one common MSE-optimal

bandwidth and estimates with a slight change of this bandwidth.

Treatment

AMSE
Bandwidth
N h

Kernel

Polynomial degree

(1)

2.209
(1.724)
2.912
0.055

6011
Triangular

1

(2)

1.974
(1.913)
3.670
0.097
10,432
Triangular

2

(3)
2.550%

(1.906)

0.045
4982
Triangular

1

(4)
2.154

(2.026)

0.087
9344
Triangular

2

*p < 0.1, ¥ p < 0.05, *** p < 0.01. Columns 1-2 use a MSE-optimal bandwidth.
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Robustness checks for LQTFE(T)

Table E21. Estimates of LQTE(7) with the second lowest bandwidth

Y, Y, Y, Y,
D,
7=0.25 0 0 0 0
7=0.5 -3.158 4.357 16.640 32.409
7=0.75 4.059 0 0.040 1.092
Treatment significance test ook
Treatment homogeneity test ook
Bandwidth 0.088 0.09 0.071 0.048
D,
T =10.25 0 0 0 0
T=20.5 3.875 27.777 -6.87 -3.327
T=0.75 -5.783 1.977 0 0
Treatment significance test ok ook
Treatment homogeneity test oK ook
Bandwidth 0.086 0.057 0.119 0.116
Bandwidth estimator 2m Jowest
Kernel Epanechnikov

*p <01, ** p<0.05 ** p < 0.01.
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Robustness checks for LATEJ»

Table E22 — Estimates of employment quality effects for each treatment and

contract using one different bandwidth for each category

Y()EC YFTC’le YFTC’612 YFTC()5
D,  0.021* -0.001 0.027 -0.029*
(-0.003,0.061)  (-0.01, 0.005)  (-0.007, 0.056)  (-0.079, 0.004)
D,  -0.029% 0.001 -0.006 0.045%*

(-0.073, 0) (-0.003, 0.008)  (-0.036, 0.012)  (0.012, 0.095)

*p < 0.1, ¥ p < 0.05 ** p < 0.01. Each cell shows the point estimate of the
LATE; and the 95 % confidence interval in parentheses.

Table E23 - Subgroup analyses for D,, rest of categories of the employment quality

outcome
Yercerz Yercos

Sex = Woman 0.042* -0.018
Sex = Man 0.002 -0.007
Age = 50 0.046*** -0.007
Age < 50 0.014 -0.026
Educ. = 1 or 2 0.009 -0.035
Educ. = 3 0.029 -0.019
Educ. = 6, 7, or 8  0.003 0.052
Date < Covid

Date > Covid 0.022 0.038

*p < 0.1, ¥ p < 0.05, *** p < 0.01. Each cell shows the point estimate of the
LATE,.
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Table E24 - Subgroup analyses for D,, rest of categories of the employment quality

outcome

Sex = Woman
Sex = Man

Age = 50

Age < 50

Educ. =1 or 2
Educ. = 3

Educ. =6, 7, or 8
Date < Covid

Date = Covid

YFTCGlQ
0.005
-0.025%*
-0.010
0.004
-0.015
-0.019

0.069*

-0.022

YFTCOS

0.029
0.041%*
0.076**
0.036**
0.042*
0.070***

-0.051

0.063

Note: * p < 0.1, ** p < 0.05, *** p < 0.01. Each cell shows the point estimate of

the LATE;.
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Chapter V.

Conclusions

This doctoral dissertation has tried to provide evidence to improve the design of
ALMPs relying on different methods and looking into different types of ALMPs.
On one side, we have evaluated the effectiveness of some features of the tools used
in ALMPs. Chapter II assessed the importance of the timing, the intensity, and
the specificity of adult training. There is not clear evidence of a cohort effect, but
there is a remarkable non-linear effect of the intensity of work-based training
(internships) on the employment probability. However, the intensity or the
occupational specificity of the whole treatment seem to be less important design
factors. Chapter IV estimated the effect of different endowments of job search
services, since this time the ALMPs were offered through vouchers and
performance-based payments. Comparing different versions of the treatment, we
detected that the assignment had no effect neither on the worked days nor on the
quality of employment after two years. A key point was that the vouchers on
assistance were not exhausted in average, resulting in small differences in
treatment uptakes regarding this tool. Moreover, the intermediation pays seemed
to be insufficient to generate employment effects. On the other side, we have also
evaluated in Chapter I1I the predictions of jobseeker profiling models to select the
target groups of the ALMPs. To compare the results of the current rule-based
profiling model used in Catalonia, we have developed an alternative statistical
model. We have found that the rule-based procedure has a poor predictive
performance both regarding to its discrimination ability and its calibration. On
the contrary, our statistical model achieves a state-of-the-art performance with
the current administrative data and attains an excellent calibration in its machine
learning version. This may foster the creation of jobseeker groups closer to their

actual situation in the future.

Each chapter contextualizes these results inside the academic literature, but we
would also like to discuss how these findings might fit in the public policy sphere.
On the effects dimension, combining all our results, the research supports a more

guided design of ALMPs. In the continuum on how much decisions we charge on
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the jobseeker or on the government, we argue that our evidence backs to tilt the
balance more in favour of the government. Firstly, the importance of the
internships inside adult training programs makes us think that governments
should facilitate this transition between education and work. Despite there are
independent programs of internships or employment subsidies, a policy mix that
integrates both classroom-based and work-based training might be more useful
due to different mechanisms. Again, informational asymmetries may prevent
jobseekers to use these independent programs if they need to select a trustable
employer both regarding the training and the employment probabilities inside her
staff. The necessity to combine both versions of training is also supported by the
concave form of the effect of internships on employment. This result supports the
dual spirit of the new Vocational Training Act passed in Spain in 2022, but
qualifies that it does not seem advisable to increase the proportion of internships
beyond the 25 % (Camas Roda, 2022). Independent programs without classroom-
based training may focus too much on a very specific education which may not
be transportable to other companies. Thereby, our evaluation upholds that this
combination between ALMPs was facilitated by the policy designers. Secondly,
the voucher system has not provoked a greater use of resources by those more in
need. Despite having the possibility, participants have not generally carried out a
full redemption of vouchers. The reasons might be the complexity of
understanding the quasi-market of ALMPs or the difficulties to appreciate an
effect of these interventions, which would support treatment attrition. This
attrition might be rational if the interventions are actually ineffective, which
should not be immediately rejected according to recent research (Cheung et al,
forthcoming). This invites PES to implement closed-dose interventions of job

search services that had been evaluated in advance through small pilots.

On the predictions dimension, our findings show that the implementation of
statistical profiling models to assist the allocation of treatments is a feasible task
with the current administrative sources. Other approaches based on the evaluation
of heterogeneous effects may be more fine-grained but require substantial changes
in the treatment assignment mechanisms to get credible estimates. Our research
has emphasized that allocation systems of individual into treatments are made up
of two types of models: the profiling and the decision model. Statistical methods
are useful for the first model, but organizational and philosophical questions that

go beyond data need to be answered for the second model. A big challenge for
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future policy work is to formalize in a detailed way this decision model and
integrate it with the current or the new statistical profiling. Despite the remaining
work, our current findings could inform the redesign of the allocation system of
ALMPs currently in place in Italy under the GOL program (Bebber, 2024). This
national program is similar to AXL, but combines statistical and rule-based
profiling with a small degree of discretionary leeway granted to the caseworker.
In light of our results, we suggest reviewing the rule-based procedure with other
methods for creating target groups like impact evaluations of heterogeneous
effects. Beyond the technological changes on the management of databases that
would require the deployment of a statistical model, policymakers should also
worry about the trust of caseworkers on the profiling model. If the profiling
procedure wants to be used as a diagnostic tool in the form of an intervention,
training sessions for caseworkers on the development of the models might be an

interesting mean to foster the reception of the procedure.

This work also suffers from some limitations that should be considered. For all
the dissertation, we have emphasized since the beginning the importance of doing
evaluations in each country to control for the possible interactions between all
labour market policies. However, these labour market policies may also change
over time within a country. For example, we must consider this when reading the
results of the FOAP evaluation. In the Spain of 2024, the employment protection
legislation has suffered certain changes since 2022 (Rojo Torrecillas, 2022). Due
to the increase of the restrictions to hire with temporary contracts, current
analyses on the employment quality might focus on a comparison of full vs. part-
time contracts. For each chapter of the thesis, the weaknesses of each research are
detailed in each chapter. Here we emphasize just to some important ideas. Firstly,
Chapter II departs from an unknown assignment mechanism of treatments.
Despite using more credible techniques like difference-in-differences, we must
acknowledge that there is a fundamental identification uncertainty with these
techniques that could be mostly solved with an experiment. Secondly, Chapter I11
proposes a complex machine learning algorithm to assist the creation of target
groups. If the PES wants to deploy such a model, we should consider that
caseworkers might reject it due to the fear of trusting a black-box device. Thirdly,
Chapter IV carries out a comparison of different treatments inside the same
program. We must remind that the null effects are for contrasts of different levels

of endowments. This does not mean that receiving the lowest endowment had no
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effect compared to receiving nothing, since this is a hypothesis that we have not

tested.

In each research chapter, we have also presented some lines of future research.
Now we simply highlight three open streams that deal with description,
prediction, and effect estimation. On description, we have explained in Chapter
IIT the necessity of developing coding instructions to offer a detailed and
standardized description of program designs and program implementations.
Similar proposals have been made by Cronert (2023) when discussing the
limitations of the current datasets of expenditures and participants in ALMPs
gathered by the EU. On prediction, we have expressed the necessity to think
alternative strategies to predict long-term unemployment in the young
population. We do not have long labour market histories for these individuals, so
we need to explore new collections of data to forecast their risks. On effect
estimation, there is still a long way to go in comparing experimental estimates
with observational estimates, as done in Lalonde (1986). Although this requires
the collaboration of PES, this exercise would give much more credibility to the

estimates carried out with observational data.

In conclusion, we have offered empirical evidence to improve the design of ALMPs
by evaluating the employment effects of certain tools and by facilitating the
selection of target groups through a statistical model that predicts long-term
unemployment. Although ALMPs are complex interventions that usually mix
different tools and present distinct goals, we believe that this more fine-grained
characterization of the design allows a faster improvement of their effectiveness

and their efficiency.
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